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Typed probabilistic decision models, which their first vendor calls System One models, return a probability
distribution over a caller-declared answer space and promise that it is calibrated. They form a contract
assembled from five research lines. The survey provides a genealogy, taxonomy, formal core, ecosystem
census, graded evidence ledger, benchmark summary, pattern catalog with failure atlas, and reporting standard.
The evidence supports three regularities. The contract travels, while robustness to option names belongs to
each checkpoint. Calibration belongs to the model and the task together. Escalation earns the saving when
confidence ranks errors and the price gap is wide.
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1 Introduction

A program that asks a model for a decision needs one of the options it declared and a number that
it can compare with a threshold. A generative model returns text instead, so the program must
parse the answer, validate it, and elicit a confidence that may not track correctness [140, 163]. A
typed probabilistic decision model returns a probability distribution over a caller-declared finite
answer space in one forward pass, and it promises that the distribution is calibrated (Definition 2.1).
The contract became a product on 15 September 2026, when TypeSafe released the hosted model
Jev under the pinned version jev-1.13.0 and called it a System One model [147, 153]. Open imple-
mentations on public backbones followed within days [8, 25, 116], so a program could obtain the
same contract from several models at once.

1.1 Motivation for a survey of the contract rather than the product

The object of this survey is the contract rather than any single product, and the dispute over the class
name in the week of the launch shows why. The vendor wrote System One model, commentators
and evaluators wrote decision model [58, 160], and authors probing one interface behavior wrote
typed decision model [16, 139]. This survey defines the class as a typed probabilistic decision model,
uses decision model as its working term, and keeps System One model for the vendor’s category
and the dual-process lineage. Section 2 gives the reasons for that choice, together with the scope,
search, evidence roles and boundaries of the review.

The thesis of this survey is that decision models are a new contract rather than a new kind of
intelligence. Five research streams converge on that contract, as Figure 1 shows, with milestones
dated from the works of Section 3, Sentence-BERT [125] and language-model cascades [32]. Label-
conditioned classification supplies the scoring head, reward models and judges the verdict role,
proper scoring rules the training target, the reject option the policy that acts on a probability, and
dual-process artificial intelligence the fast-solver role and the name. September 2026 added a stable
interface of three primitives, calibration stated as a product promise, a price billed per input token,
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Fig. 1. Five research lines on a compressed dated axis converge on the launch of jev-1.13.0 on 15 September
2026. The right strip shows the decision-model releases to 28 October 2026, open ones as diamonds dated
from their census cards and hosted ones as squares dated from their vendor pages, with the first cutoff dotted.

and an open ecosystem of replicas. The unit of evaluation is therefore the contract together with
the policy that consumes it.

The evidence gathered to the cutoff supports three regularities, stated in the form that the
synthesis of Section 7 can defend. The contract travels, and robustness to option names belongs to
each checkpoint, so it must be tested per model. Open heads reproduced the interface within days.
For open models used zero-shot, the median accuracy gap to the hosted model, open minus hosted,
was —0.7 points across 35 studies, while models trained on the target task led it. Under one harness,
an option-name swap changed most answers of the hosted model and Laya and few of the other
open families (Section 8). Calibration belongs to the model and the task together, so it is audited
per schema. The hosted model’s raw calibration error varied by a factor of 77 across studies under
different estimators, and from 0.063 to 0.538 across tasks within one study [47, 58, 122]. Escalation
earns the saving when confidence ranks errors and the price gap is wide. Across the 23 cascade
studies of Section 7.3, confidence-gated escalation kept a median 0.99 of a stronger model’s quality
at a median 0.56 of its fee, under cost definitions that differ by study [for example 58, 81, 162]. The
saving shrank as the price gap narrowed, and a cheap generative cascade matched it where routing
was already accurate [58, 162].
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1.2 Contributions and organization

The contributions of this survey follow the order of its sections, and each serves either a program
that consumes the contract or a study that evaluates it. Section 3 gives the dated genealogy that
Figure 1 summarizes, and it shows what each of the five streams supplied to the contract. A
taxonomy of decision heads, training objectives and interface contracts follows in Section 4, with
the head families in Figure 3. Section 5 states six propositions on isolation, resolution, confidence
and cascades that hold for any model honoring the contract, under the premises each one states. A
claim about one model can then be checked against what the contract alone implies. The census
of models, datasets and harnesses in Section 6 counts 101 original implementations in 67 recipe
families at the cutoff of 24 September 2026. Section 7 grades each of the 248 studies in an evidence
ledger for risk of bias, records its evidence role, and synthesizes the ledger into the three regularities
stated above.

The remaining contributions carry the synthesis into measurement and practice. Section 8
summarizes a same-harness measurement of the hosted model and several open decision models,
reported in the companion paper [121], with the same semantic request for every model and
conventional baselines beside them. Section 9 fuses a catalog of design patterns with an atlas
of failure modes, and Section 10 reviews applications by evidence grade. Section 11 proposes a
reporting standard, and Section 12 sets out an agenda of open problems with criteria that a future
study can pass or fail.

Readers can follow one of two paths through these sections, according to whether they build
with decision models or study them. Practitioners who build software on decision models can
read Section 4 for the interface, Section 9 for the patterns and failure modes, and Section 11 for
the checks that a deployment reports. Researchers in calibration and selective prediction can read
Section 5, Section 7 and Section 12, which carry the propositions, the graded evidence and the
open problems. Readers new to the area can begin with Section 3, which places each stream before
the product, and Section 13 draws the paths together. The electronic supplement holds the proofs,
search log, risk-of-bias ratings, full checklist, census, pattern entries and ledger by study, and the
main text points to each part where it is used.

2 Scope, method and terminology

This section fixes the object of the survey, how its evidence was gathered and graded, and the terms
used throughout. The class is stated formally in Definition 2.1, and the remaining paragraphs build
on it.

Definition 2.1 (Typed probabilistic decision model)

Given a state x collecting the evidence available to a request, and a question g declaring a finite
answer space Y, of size K with the criteria fixing each answer’s meaning, a typed probabilistic
decision model is a mapping

(x.q) +— (pC 1 x.q). c(B)). (- 1x.q) € Ay, (1)
returned in one forward pass without generating unconstrained text, where A(Y;) is the
simplex on Y, and c(p) is an optional confidence statistic from p, which Noul questions
omit. The contract promises that p is calibrated in a sense that Section 5 makes precise, and
the model honors question isolation when f(- | x, q) depends on x and q alone, so several
questions in one request return separate marginals rather than a joint distribution.
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The three documented question primitives, Choice, Score and Noul, instantiate this template,
and Section 4 describes each [144, 148, 152]. The confidence statistic on Choice and Score answers
is a separate returned quantity that we audit rather than assume meaningful [146]. Section 5 builds
this notation into propositions on isolation, resolution, confidence and cascades.

The survey includes a source that reports a measured quantity, a documented interface, or a
governing method for a model meeting Definition 2.1. It excludes tutorials with no measurement
and search-oriented directories, which the census lists without treating them as evidence. The
ledger admits evaluations of models released under the contract from the launch on, while older
members of the class, such as reward models and zero-shot classifiers, enter through the genealogy
of Section 3. Sources were the arXiv application programming interface, citation chasing from the
launch post and two early evaluations through OpenAlex and Semantic Scholar, Hugging Face
and GitHub search, and a curated list of web pages. A first sweep ran 23 arXiv queries to a cutoff
of 24 September 2026, and a second ran 24 queries, adding the names of models released later,
over submissions to 28 October 2026. Together they returned 271 candidates, included 243 against
Definition 2.1 and excluded 28. A further 3 included papers reported no measurement at extraction,
and with 8 grey-literature studies the ledger of Section 7 holds 248 studies. Section S2 lists every
query and outcome, including the first sweep’s 513 Hugging Face hits and 226 GitHub repositories.

This survey organizes every extracted claim by four evidence roles. Methodological research
supports general claims about learning, calibration, inference or evaluation. Product documen-
tation states the advertised interface and its disclosed constraints. Vendor evaluation reports a
measurement under a provider’s chosen tasks and comparisons. Application research evaluates
a model inside a pipeline and inherits its choices. These roles are not a trustworthiness ranking,
since a documented interface can be strong evidence only for itself. The ledger of Section 7 labels
each row with one of three estimands, namely agreement with another model, agreement with an
administrative field, or correctness against an adjudicated label. It also states the estimands behind
every summary that pools them.

A public companion repository at https://github.com/pozapas/system-one-models-survey holds
the census, the evidence ledger and the harness behind the measurements of Section 8, each row
carrying a source URL and an access date. Its census and ledger are versioned rather than edited
in place, so a correction after the cutoff becomes a new row that supersedes the old one. This
survey describes version v1.2.3, which adds the second sweep, its extraction, its grading and its
adjudicated second rating to version v1.1, the release of the first cutoff. Any later sweep is released
as a new minor version with its own recorded date. A public curated index, maintained alongside
this survey at https://github.com/pozapas/awesome-system-one-models, lists the papers, models,
datasets, harnesses and graded studies covered here and is updated after the cutoff.

Three names compete for the same object, System One model, decision model and typed decision
model, and Table 1 states how this survey uses each. We define the class as a typed probabilistic
decision model in Definition 2.1 and adopt decision model as the working term. System One model
is reserved for the vendor’s category and the dual-process lineage, whose history Section 3.5 traces.

Table 2 places this survey against the closest reviews. Shorinwa et al., Liu et al. and Geng et al.
survey uncertainty quantification, calibration and confidence elicitation for models that generate
text [44, 87, 133]. Strong et al. survey learning to defer, Varangot-Reille et al. with Moslem and
Kelleher survey routing and cascading, and Hendrickx et al. survey the reject option generally
[52, 104, 138, 155]. Each covers one genealogy stream of Section 3 rather than the interface, the
ecosystem or the evidence assembled here. Three reviews of the class itself appeared after the
launch. Tang and Zheng audit 28 papers posted in the first nine days and derive an evaluation
checklist [141]. Their reading of the readout, cost and escalation evidence agrees with ours, but 27
of those papers are also in our ledger, so the agreement is a shared reading of shared evidence rather
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Table 1. Terminology used in this survey. Bold marks the working term.

Term Role in this survey Usage elsewhere

Typed probabilistic decision Formal name of the class, given in Defini- Introduced here

model tion 2.1

Decision model Working term used through the remaining Ibrahim and Zaki [58], Willison,
sections Simon [160]

System One model Reserved for the vendor’s product category and Booch et al. [10], TypeSafe Al
the dual-process lineage [153]

Typed decision model Synonym in independent evaluations, not Cheng et al. [16], Sun et al. [139]
adopted here

Table 2. Relation to prior surveys. A filled dot marks each genealogy stream of Section 3 or survey layer that
areview treats as its object, and a half dot one it treats in part.

Survey and scope Genealogy stream Survey layer
Shorinwa et al. [133]; Liu et al. [87] Uncertainty and calibra- © o @ 0O 0 o) o o
tion of generative language models

Geng et al. [44] Confidence elicitation in language models O o e o o© o o o
Strong et al. [138] Learning to defer to an expert O o o e o o o o
Varangot-Reille et al. [155]; Moslem and Kelleher O O O e O o) o) o
[104] Routing and cascading among language models

Hendrickx et al. [52] The reject option in machine learning o o o e o o o o
CACM and npj Al syntheses [7, 40] Dual-process, fast-and- O o o o e o o o
slow architectures

Tang and Zheng [141] Early evidence audit of 28 decision- ® o o o o o o o
model papers with an evaluation checklist

Lietal [77] Semantic decision engines in network control O o o O o o o I
loops

Roitman [130] Practitioner guide to fast decision models in O e e o e Q Q o)
five families

This survey The typed, calibrated, non-generative decision e o o o o ° ° °
contract

than an independent replication. Li et al. systematize semantic decision engines in network control
loops and show that a decision meeting its time budget in isolation can miss it once requests queue
[77]. That result qualifies latency claims measured one request at a time. Roitman’s practitioner
guide sorts fast decision models into five families and treats calibration and cascades at length,
without a stated search or a graded ledger [130]. None of the three states the contract formally with
propositions, grades the risk of bias of its studies, or ties each number to a verbatim source, and
these are the layers this survey adds. A concurrent study that appeared after the sweep analyzes
public GitHub projects that call the hosted model and how they combine its primitives [85]. It
complements the census of Section 6 with a view of use rather than of implementations. The
2025 Communications of the ACM and npj Artificial Intelligence syntheses treat dual-process,
fast-and-slow architectures as a cognitive framing, and we draw on their history in Section 3.5
while keeping its object narrower [7, 40].

We set the inclusion rules, the risk-of-bias domains and the synthesis protocol before extraction.
We then ran the arXiv, Hugging Face and GitHub sweeps, extracted the census cards and ledger rows
with a verbatim excerpt attached to every extracted number, and checked each citation against its
registry record. For the first sweep, a second rater outside the author team independently repeated
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the screening and a random sample of the extraction and of the grading. A further 5 raters graded
the remaining studies and read one value from each. For the second sweep, 10 second raters who
never saw the first rating repeated the screening of every candidate, the grading of every study,
the extraction of at least one value per study and a sample of the head codes. The studies added at
adjudication were rated by 3 more, so every graded study has an independent second rating. We
adjudicated every disagreement against the full text, as Section S3 reports. We graded every study
of the second sweep against its full text rather than from the extraction note alone. Every extracted
excerpt was also checked programmatically against the saved full text and against its extracted
value.

3 Genealogy of the decision contract

The decision contract of Definition 2.1 is best read as a convergence of five older research streams,
not as an invention of September 2026. Label-conditioned classification supplies the scoring head,
and reward models and judges supply the verdict role. Proper scoring rules give the training
target, the reject option the policy that acts on the probability, and dual-process architectures the
fast-solver role and the name. Figure 1 places the five streams on a dated timeline with one lane
per stream.

3.1 Label-conditioned scoring heads

Classification over a fixed label set is the oldest ancestor of the contract. The contrast between
generative and discriminative classifiers predates neural encoders [107], and pretrained bidirectional
encoders made one forward pass the standard route to a class distribution [31]. A modern encoder
of this family and its multilingual counterpart are the backbones of the two Laya checkpoints
[24, 25, 157].

The decisive step moved the label from the output layer into the input. Entailment-based zero-
shot classification recast each candidate label as a hypothesis scored against the text [76, 165],
and generative models were prompted to score label descriptions [12]. Pattern-exploiting training
phrased classification as cloze completion over verbalized labels [132], and GLiINER and GLiClass
later encoded a text together with its label set [136, 168]. Once labels are read as text, their wording
becomes part of the input. Predictions shift with label names and prompt format [171], and multiple-
choice selection depends on option order and option symbols [128, 172]. Studies of language models
as classifiers weigh these effects against fine-tuned encoders [174], and one evaluation reports that
exchanging polar option names changed many more decisions than exchanging neutral names
[139].

Every open decision model in the census except the fixed-slot head of Section 4 reads its options
as text inside the context and scores them there. Laya scores each option at its own marker token
[25], Kev reads option logits through a pointer head on a LoRA-adapted Qwen backbone [116],
and Nimble and the decider family read answer-token logits [8, 97]. One open model describes
its backbone as ModernBERT combined with GLiClass [51]. Because the hosted model’s head is
undisclosed, the label-in-context mechanism is documented for the open models alone. A black-box
probing essay infers shared state encoding with isolated question branches and reports option-order
sensitivity [57]. The chief executive endorsed a description of Jev as a zero-shot classifier [48], yet
neither source identifies a head family.

Constrained decoding, structured output and function calling sit beside this stream rather than
upstream of it. Grammar and schema constraints make a generator emit a valid type [33, 159],
and tool-use training teaches it to emit calls in a declared format [131]. These methods get type
validity from a sampled sequence, and format restrictions can change accuracy [140], so they are
the natural comparator rather than a stream.
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3.2 Reward models, verifiers, judges and guardrail classifiers

Reward models are decision models that were built and deployed before the name existed. Learning
from human preferences trained a network to score one output against another [19, 137], and
instruction-following pipelines made such a scorer a standard component of language-model
training [110]. The scorer maps a state, here a prompt with a pair of candidate responses, to the
probability that one is preferred, which is the contract of a binary decision model. Benchmarks
now evaluate reward models as classifiers that separate preferred from rejected responses [73].

Verifiers carried the same idea from preference to correctness. A verifier trained to judge candidate
solutions to math word problems reranked samples drawn from a generator [21], and process
supervision scored each reasoning step rather than only the final answer [83]. Each step verdict is
a binary decision with a probability attached. Pairing a producer with a separate scorer is an early
form of the division of labor that decision-model cascades later adopt.

The LLM-as-a-judge literature made the verdict role explicit and exposed its biases. Strong
language models were studied as substitutes for human evaluators on open-ended questions [173],
and rubric-based scoring was formalized [89]. This line also documents position bias, self-preference,
length bias and a wider taxonomy of judging errors [35, 117, 164, 173]. These biases are the judging
counterparts of the option-order and label-name effects of Section 3.1, and they recur whenever a
model reads the candidates it must choose among.

Guardrail and moderation classifiers form the production branch of the stream. Moderation
classifiers screen undesired content at platform scale [98]. Llama Guard and ShieldGemma recast
safety screening as instruction-conditioned classification over a declared taxonomy of harms
[59, 169], which is a typed question in all but name. Recent evaluations of Jev as a judge connect
the stream to decision models directly. One uses Jev as a judge that accepts when confident and
escalates when unsure [81], and another evaluates Jev as a judge of clinical factuality in radiology
reports [56]. This stream gives decision models a deployment role and a catalog of the ways in
which presentation rather than content can sway a verdict model.

3.3 Proper scoring rules and calibrated training

Proper scoring rules supply both the training target of a decision model and the meaning of its
promise. Brier introduced the quadratic score [11], Epstein extended scoring to ranked categories
[38], Murphy partitioned the score into reliability, resolution and uncertainty [106], and the general
theory of strictly proper rules followed [45]. Only the true conditional distribution optimizes such
a rule in expectation, so training against one targets calibration in expectation, although finite data
and a serving temperature can still leave a trained model miscalibrated.

Machine learning adopted the target through post hoc calibration and its measurement. Platt
scaling, isotonic regression and Dirichlet maps turned classifier scores into probabilities [70, 120,
167]. Modern networks were found to be overconfident, and a single temperature became the default
repair [46], a finding later revisited across architectures [101] and for pretrained transformers
[30]. Calibration was also shown to degrade under dataset shift [111], and the binned expected
calibration error [113] became the common summary, and later work examined how to estimate it
[71].

Large language models brought confidence back as an explicit output. Models were shown to
report elicited confidence of varying quality [63, 163], and linguistic calibration trained stated
confidence against outcomes [5]. Calibration then entered the reward itself. RLCR augments a
binary correctness reward with a Brier score on the stated confidence [27]. The hallucination
argument makes a finite answer space attractive, since calibrated generators must hallucinate on
rare facts and grading that rewards guessing sustains the behavior [65, 66].
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Open decision models make the convergence concrete, since cross-entropy is the log score. Kev
and Nimble train with cross-entropy over the declared options [8, 116], and the decider card adds
policy-gradient training with a proper log score [97]. Laya names its recipe RLCD and rewards
the log and spherical scores plus the ranked probability score for ordinal questions, optimized by
REINFORCE with a group-mean baseline [25]. Its author presents a March 2025 arXiv paper as the
start of this work [93] and also wrote a paper of 23 September 2025 on confidence-aware routing
[92].

All that is known about how Jev was trained comes from the vendor’s own statements. The
launch post names Reinforcement Learning for Calibrated Decisions alongside a new architecture
and a parallel sampler [147], and the primer presents RLCD as post-training toward probabilities
that track correctness [143]. The chief executive described it as unpublished [75], so any reading of
Jev’s loss, reward, data or architecture, including the proper-score reading of an independent essay,
is inference [57].

3.4 The reject option and its descendants

The reject option supplies the policy that turns a returned probability into an action. Chow described
a recognizer that withholds a decision when its evidence is weak [18] and later derived the optimal
tradeoff between error and rejection [17]. A statistical theory of learning with rejection followed
[26], and selective classification turned the tradeoff into a risk-coverage curve with guarantees for
deep networks [36, 43]. The top softmax probability became the baseline detector of misclassified
and out-of-distribution inputs [53]. Cost-sensitive learning showed that the optimal threshold
follows from the misclassification costs rather than from a fixed confidence level [37], and a caller
applies the same rule to a decision model’s probability.

Learning to defer replaced a fixed rejection with a learned choice between the model and a
human expert. The model is trained jointly with a deferral rule that accounts for the expert’s
error [96], consistent surrogate losses give the rule statistical footing [105], and a recent survey
organizes the field [138]. Conformal prediction adds distribution-free guarantees on top of any
score. Prediction sets cover the true label at a chosen rate [2], risk-controlling sets and conformal
risk control bound other losses [3, 6], and prediction sets have been applied to multiple-choice
answers of language models [72].

Evaluating such a policy needs labels mainly where the policy is uncertain, which links deferral
to label-efficient testing. Active testing estimates the risk of a fixed model from a small, deliberately
chosen sample [69], and inverse-probability weighting keeps estimates unbiased when records
are sampled with unequal probabilities [54]. Together these tools make a human review budget a
quantity that can be estimated rather than guessed.

Cascades generalize deferral to a chain of models ordered by cost. The boosted detector cascade
rejected easy negatives with cheap early stages [156]. Among language models, cascades escalate
a query from a cheap model to a stronger one when a confidence signal falls below a threshold
[14, 62], and routers learn the assignment from preference data [108]. Surveys of routing and
cascading now organize this body of work [104, 155]. Decision models take from this stream a
policy that consumes the probability. The stream also raises the question that Section 7 examines,
which is when an escalation policy recovers a stronger model’s quality at a fraction of its cost.

3.5 Dual-process architectures and the System One name

The name System One comes from dual-process accounts of human reasoning and judgment.
Psychologists distinguished a fast, associative mode from a slow, rule-based one [39], and the labels
System 1 and System 2 entered the reasoning literature through work on individual differences
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Fig. 2. The decision contract and the policy that consumes it. A decision head maps a state and a typed
question to a distribution over the declared options, on which a policy acts, requests review or escalates.

[135]. Kahneman’s popular synthesis later carried the terms from the reasoning literature to a wide
audience [64].

Artificial intelligence research took up the framing as an architectural program well before
September 2026. Booch and colleagues proposed thinking fast and slow as a research agenda for
the field [10]. The SOFAI architecture built on it with fast solvers that answer from experience,
slow solvers that deliberate, and a metacognitive component that governs which solver acts [41].
Syntheses in Communications of the ACM and in npj Artificial Intelligence later reviewed fast,
slow and metacognitive thinking in machines [7, 40]. SwiftSage paired a fast small model with a
slower planner for interactive tasks [84], and psychological studies examined intuitive behavior in
large language models [49].

Before September 2026 the name therefore denoted a role inside a hybrid architecture rather than
a class of models. In these designs the fast solver answers cheaply, reports how far its answer can
be trusted, and hands off to a slower solver or a person under metacognitive control. The vendor’s
concept page takes the name from Kahneman’s book and adds that confidence lets software decide
when to act and when to escalate to a person or a reasoning model [153]. Laya’s act and escalate
head builds the same handoff into the model [25], and the cascades of Section 3.4 make the role
operational.

The older name imports a cognitive claim that the models do not support, since nothing in the
contract requires intuition, associative memory or a dual-process mind. Prior usage in artificial
intelligence also named one component of a hybrid system rather than a product [10, 41], so we
keep System One model for the vendor’s category and this lineage. Commentators adopted the term
decision model shortly after the launch [160]. Our formal class, the typed probabilistic decision
model of Definition 2.1, makes no claim about how the model reasons.

4 Anatomy of a decision model

A decision model earns its calibration promise only together with the artifacts that define the
question it was asked. Following the pipeline of Figure 2, we move from the versioned contract
through the output head and the training objective to the latency and cost profile. Section 5 then
states the properties that this anatomy makes possible.
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4.1 The contract and its primitives

The effective predictor a caller receives is a bundle of versioned artifacts, not the network weights
alone. Changing any one of them changes what is being evaluated, even when the billed model
name stays the same. The hosted contract names a pinned model version rather than a moving
alias. An alias that resolves to the newest release today can resolve to a different one tomorrow,
while jev-1.13.0 keeps returning the behavior a threshold was tuned against [148]. This happened
on 14 October 2026, when jev-latest moved from jev-1.13.0 to jev-1.14.0 and every unpinned caller
changed model without changing a line of code [150]. The contract also fixes the schema of declared
questions and answer spaces, the option texts or rubric levels naming each admissible answer, and
the serving-time temperature applied before probabilities reach the caller. For calibration, two
deployments that share a model version but differ in any of these artifacts are different predictors,
because the mapping from a state and a question to a distribution depends on all of them jointly.

Three primitives carry these artifacts into a request. Choice supplies option names mapped to
rubric descriptions, up to 255 options, and returns a probability per option plus the confidence
statistic discussed below [144, 148]. Score supplies ordered level descriptions and returns a prob-
ability per level along with a single score, the probability-weighted mean of the level numbers
[152]. Proposition 5.6 shows that this score cannot stand in for the cumulative probabilities that
a threshold needs. Noul asks only for the probability that a yes-or-no statement holds, with no
confidence value, since the vendor defines confidence only for the other two primitives [146].

None of the three primitives distinguishes an out-of-scope input from a plainly negative finding
or from a request that was never properly evaluated. The vendor advises adding an option such as
none of the above when a Choice list might not cover every case, which makes scope completeness
a schema-design choice rather than a guarantee [148]. A contract reporting one probability per
option also leaves the caller to decide whether its workflow needs top-label or classwise calibration,
the two calibration targets that Section 5 defines formally. Top-label calibration can hold for the
returned answer while classwise calibration fails on a rare class [46, 70].

4.2 Heads and objectives

Open implementations in the census realize the same contract with several recognizable families of
output head. A fixed-slot head projects the state to a predetermined number of output positions
and reads the answer from those logits, as OpenThai-SystemOne does with one slot reserved
for abstaining. For a comparable head, accuracy falls sharply on more options than it saw in
training [166]. In Kev-9B and Laya, a pointer or option-marker head reads the answer from a hidden
state tied to each option’s own marker token. A single-token label-logit head reuses rows of the
language-model head as option scores, softmaxed over the valid tokens only, as in decider-2b and
Bespoke-Nimble-9B. The pngwn System One scorer uses a pair-scoring head, which scores each
state-question-option triple as an inference model scores a premise against a hypothesis. A fifth
family constrains the decoding of a generative backbone onto grammar-valid output, and no census
model populates it. Label logits and option markers are the most common heads, in 171 and 135 of
the 379 originals, while the heads of Jev and the other hosted models are undisclosed. The vendor
notes only that high-cardinality Choice runs a two-stage process, scoring options independently
before an explicit choice blamed for occasional slowdown [147]. A probing essay’s reading of
shared-state encoding is an inference from latency, not an identified head [57].

The training objective shapes calibration once a head ships. Cross-entropy on fixed labels drives
decider-2b’s supervised stages and open-jev-deberta-v3-large’s combined cross-entropy and Brier
loss, which target label agreement rather than calibration and hence need a post hoc temperature fit.
A proper-scoring-rule reward instead optimizes the reported distribution itself, as in Laya’s RLCD
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Fig. 3. Decision-head types of the census of Section 6. Under each panel, a count gives the originals and
families of that type among all 379 originals, each coded from its own card or code. Chips name the families
with an independent card, and undisclosed hosted heads are assigned to no panel.

stage and in the decider family’s later stage, which adds a consistency term without further gold
labels. Distillation transfers a teacher’s soft label, and the jev-lite card trains against option-letter
probabilities from a larger teacher while reversing option order to cancel position bias. A fourth
path trains on contrastive pairs of synthetic decisions that change one fact so the correct answer
flips, as in Bespoke-Nimble-9B’s held-out pairs [9]. None ships a calibrated model by construction,
and the fitted temperature differs by family. Kev and the decider family ship a temperature above
their unscaled default, while Bespoke-Nimble-9B’s newest checkpoint serves at that default and
warns against reusing the older checkpoint’s fitted value.

4.3 Confidence, isolation and cost

Every question is evaluated against the same state independently of the others, a design the vendor
states directly [148]. Question isolation makes parallel evaluation practical, and Proposition 5.1
states what it withholds from a program that combines several answers. The contract is least precise
about how it computes the confidence statistic attached to Choice and Score answers. The vendor’s
confidence page declines to publish a production formula and defers it to an unreleased cookbook.
Only the page’s code gives the normalized-maximum expression that reproduces its demonstration,
and the code calls it an approximation for the three-option case [146]. A worked example on the
jaggedness page does not reproduce that expression exactly [149], which is why Proposition 5.3 is
stated for a class of statistics. Decider-2b states the same normalized-maximum expression as its
own definition and ships it as production confidence for Choice. Laya’s card adds an act-or-escalate
output trained alongside its option-marker scorer, and the card finds that its probability carries
almost no separating signal.

The state is encoded once, and every question is scored against that shared encoding rather than
a separate copy. This is why the vendor describes adding questions as barely changing response
time, and why independent probing found server time rising much more slowly than the number
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Table 3. Notation of the formal core, with the result that defines each symbol.

Symbol Meaning Defined in

x,q, Y9, K State, question, declared answer space and its size Def. 2.1

P Prmas Fr Returned distribution, top probability, and cumulative probability up to level k Def. 2.1, Prop. 5.6
S, p, Wy Smallest positive reportable probability, base rate, and share of zero reports Prop. 5.2

CK, T Confidence statistic for K answers and a threshold on it Prop. 5.3

C1, €2, Lyes Mean costs of the two stages and residual loss of automated decisions Prop. 5.4

CFP, CFN, CR Costs of a false positive, a false negative and a human review Prop. 5.4

a, p.y Rubric term, name term and interaction term of an option logit Prop. 5.5

of questions asked [57, 148]. An open reimplementation sharing a visual backbone measured the
mechanism directly. Reusing a cached prefix with batching lowered its per-question latency by
8.9 times over serial execution without reuse and reached 176 questions per second [166]. Jev is
billed per input token, with output tokens unmetered because the contract returns no generated
text, so one more question costs a few input tokens rather than another full request [148]. Total
deployment cost over N cases extends the per-item cost of Proposition 5.4. It adds a schema’s
setup cost Cyetyp, the inference cost ciyfer per case, and the escalation and review costs of the Negc
escalated and Ny deferred cases. It also adds the residual loss of automated decisions and the cost
of monitoring and revising the schema,

Crotal = Csetup + Ncinfer + Nesc€2 + NRCR + NE[Lyes] + Crnonitor + Crevision- (2

A low price per input token bounds only the second term of this expression, so a deployment that
defers more cases to review can cost more overall than one with a higher per-token price and a
better-matched schema.

5 A formal core for decision contracts

The propositions of this section apply to any model that honors the contract of Definition 2.1, with
state x, question ¢q and answer space Y, of size K, under the premises each one states. Typical
premises are calibration or a local head, and none depends on the training objective. Most of them
specialize classical results on calibration, selection and cost-sensitive decisions to the contract,
while the option-name result is specific to it. The model returns a distribution  on Y, with top
probability Py« attained by the answer 7, and a confidence statistic is any function of p that a
program thresholds. Top-label calibration, which Guo et al. call confidence calibration, requires
Pr(Y =9 | pmax = v) = v [46], and classwise calibration requires Pr(Y =y | p(y) = v) = v for every
answer y [70]. Question isolation means that the distribution for q; depends on x and g; alone.

Longer proofs are in Section S1 of the electronic supplement, Table 3 collects the symbols,
and Section 8 summarizes benchmark measurements for Proposition 5.3, Proposition 5.4 and
Proposition 5.5 [121].

PROPOSITION 5.1 (ISOLATION AND THE FRECHET AND HOEFFDING BOUNDS). Under question isola-
tion, the returned probabilities ay, . . ., aj of binary events Ay, ..., A; about one state are marginals,
and when each equals Pr(A; | x) every joint distribution with these marginals is consistent with them.
The conjunction is therefore identified only up to the interval

max(O, 2521 aj—(J- 1)) < Pr(ﬂg=1 Aj | x) < min; aj, (3)

both ends of which are attained, and a policy that multiplies the marginals asserts an independence
that the contract does not supply.
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Proor. The upper bound holds because the conjunction lies in each A;, and the lower bound is
Boole’s inequality applied to the complements. Nested events attain the upper bound, and events
whose complements are disjoint, or cover the sample space when their probabilities sum to at least
one, attain the lower bound [1]. m

Under Proposition 5.1, with marginals 0.8 and 0.7, the conjunction can take any value from 0.5
to 0.7, while the product 0.56 holds only under independence. With 5 questions that each return
0.9, the product is 0.59, yet any value from 0.5 to 0.9 is consistent. A program can instead ask one
Choice over the joint outcomes, whose size grows exponentially with the number of questions, or
state a dependence model.

PROPOSITION 5.2 (RESOLUTION FLOOR). Let a model report the probability p of a fixed event with
base rate p on a set of values whose smallest positive element is §, and let wy = Pr(p = 0). Every
mass-weighted absolute calibration error computed over a partition of the reported values, such as the
binned ECE, then satisfies

ECE(p) > [E[p] - p| = max(0,5(1 — wo) — p). (4)

Calibration therefore requires wy > 1 — p /8, so a model whose reportable values exclude zero cannot
be calibrated for an event with p < é.

Proor. The left inequality is the triangle inequality, since the weighted mean of the differences
between mean report and observed rate over the bins is E[p] — p. The right one holds because
every positive report is at least 8, so E[f] > §(1 — wy), and calibration sets the error to zero, which
gives p > 8(1 — wy) and hence the bound on wy. O

Proposition 5.2 generalizes a bound that Rafe and Das [122] derived for the hosted model.
Here resolution means the spacing of reportable values, not the resolution term of the Murphy
decomposition [106]. The vendor’s API schema states no precision for its probabilities [144], while
Rafe and Das [122] measured a two-decimal grid on which exact zero was never returned. With
d = 0.01 and a base rate of 0.002, calibration requires at least 0.8 of the reports to equal zero. A
model that places 0.5 of its reports there has a calibration error of at least 0.003, and one that never
returns zero has at least 0.008, whatever its ranking quality, because its mean report overstates
the prevalence of the event. For open models that return floating-point probabilities the floor is

negligible.

PROPOSITION 5.3 (CONFIDENCE ACROSS ANSWER-SET SIZES). Consider the class of confidence
statistics cx (p) = gx (Pmax) With gk strictly increasing, which contains the normalized maximum
ﬁmax - 1/K
7 ©)

1-1/K
A threshold T on cx is the threshold tx (1) = gi' (1) on the top probability, which equals T + (1 - 1) /K
for the normalized maximum. Under top-label calibration within each answer-set size the error rate

among accepted answers is at most 1 — tx(t), which equals (1 — 7)(1 — 1/K) for the normalized
maximum and increases with K.

cx(p) =

Proor. The equivalence of thresholds holds because gk is strictly increasing. Top-label calibra-
tion makes the error rate of accepted answers the mean of 1 — py,ax Over answers with pmay > tx(7),
which is at most 1 — tx (7). O

Proposition 5.3 shows that one confidence threshold applied to questions of different sizes admits
different risks whenever gx depends on K, as it does for the normalized maximum. At 7 = 0.5 the
normalized maximum accepts a top probability of 0.75 with 2 options, 0.55 with 10 and 0.502 with
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255, so the error bound on accepted answers is 0.25 with 2 options and 0.45 with 10. We state the
proposition for a class because the vendor reserves the production definition of its confidence value,
although a margin or entropy statistic would fall outside it, as Section 4 describes [146]. Every gate
should state which quantity it thresholds, and a program that mixes answer-set sizes should set
one threshold per question or threshold the top probability itself.

PROPOSITION 5.4 (CASCADES, BUDGETS AND THE THREE-ACTION RULE). Let a screening stage
forward a positive item with event G and a later stage detect it with event H. Final recall satisfies

Pr(GH|Y=1)=Pr(G|Y=1)Pr(H|G,Y =1), (6)

and with mean stage costs c; and c, the expected cost per item is c; + Pr(esc) ¢z + Pr(rev) cg + E[Lyes],
adding screening, escalation, human review and the residual loss of automated decisions. For a calibrated
probability p of a positive, flagging is optimal when p > t* = cpp/(cpp + cpn). If a review returns the
correct label at cost cg, review is optimal exactly on the band

cr/cen £ p < 1—cgr/crp, (7)
which is non-empty when cg < cppcpn/(cpp + cpn), has positive width when this inequality is strict,

and always contains t*. For failure events Dy, ..., Dy, of a workflow, Pr(J; D;) < X1; Pr(D;) holds
under any dependence.

A screen that forwards 0.95 of positives and a reader that detects 0.9 of them yield a recall of
0.855, and an evaluation run only on forwarded items reports the second factor alone. With cpp =1
and cpy = 4 the Bayes threshold is 0.2 [37]. A review cost of 0.5 opens the review band of Chow’s
rule from 0.125 to 0.5 [17], and the band exists for any review cost up to 0.8. The review budget
is the probability mass in this band, and the budget of Rafe and Das [122] is a variant in which a
target precision among flagged records sets the upper edge. The union bound is accounting and not
an estimate, because each rate it adds must be measured on the inputs that its component receives
inside the workflow.

PROPOSITION 5.5 (OPTION NAMES). Let the options of a question pair names from a set N with
rubrics from a set R, both of size K. For a local head, whose logit for an option depends only on the
state, the question and that option’s name n and rubric r, the logit decomposes uniquely as

t(nr) = p+a(r) +p(n) +y(nr), ®)
with a rubric term a centered over rubrics, a name term [§ centered over names, and an interaction y
centered over the names for each rubric and over the rubrics for each name. Exchanging the names
of two rubrics changes their log-odds by 2[(n) — p(n’)] plus an interaction contrast that vanishes
for a binary question and averages to zero over rubric pairs, so swaps with fixed rubrics, averaged
over rubric pairs when K > 2, identify the name term. Random names that are exchangeable and
independent of the rubrics give expected log-odds that depend on the rubrics alone, so the name term
becomes constant across options in expectation. The head is name-invariant when its distribution over
rubrics is the same under every assignment of names. For K > 2 this holds if and only if f = 0 and
Y = 0, and for a binary question if and only if f = 0, with y then unidentified and without effect.

Proposition 5.5 separates the identifier that a program uses for an option from the rubric that
defines it. Take a binary question with rubric contrast Aa = 1.0 toward the positive rubric and name
contrast A = 1.5 toward the name yes. The aligned naming gives log-odds 2.5 and probability
0.92 on the positive rubric, while the swapped naming gives log-odds —0.5 and probability 0.38, so
the decision follows the name. Half the difference of the two log-odds recovers Af, half their sum
recovers Aa. Random strings without an average name effect give expected log-odds 1.0, which
correspond to a probability of 0.73. Sun et al. [139] applied this design to the hosted model and
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to open-weight models and reported that exchanging polar names changed many more decisions
than exchanging neutral names, while random character strings restored the neutral regime. The
design rule is to use neutral identifiers, place the meaning in the rubric, and test every deployed
schema with the swap.

PROPOSITION 5.6 (ORDINAL OUTPUTS). Let a Score question have ordered levels 1, ..., L with L > 2,
probabilities py, cumulative probabilities Fj. = 2 i<k Pj and expected level m(p) = ¥ k pi. The
expected level does not determine the cumulative probabilities, and a forecast can satisfy E[Y |
m(p)] = m(p) while its cumulative probabilities are miscalibrated. The ranked probability score

L-1

RPS(.y) = - (Fe - 1y <))’ ©)
k=1

is strictly proper, and ordinal calibration, defined as Pr(Y < k | Fx =0) = v for every k < L and every
v, makes a Bayes threshold on the level optimal for every cost ratio.

Proposition 5.6 warns against consuming the expected level of a Score, the probability-weighted
mean that Section 4 describes. On 5 levels, a forecast with 0.8 on the middle level and 0.1 on each
neighbor and a forecast with 0.5 on each extreme share the expected level 3.0, yet they give 0.1 and
0.5 to a level of at least 4. The squared error of the expected level cannot separate them. The RPS of
Epstein [38], where lower is better, gives 0.005 and 0.25 for outcome level 3 and 0.455 and 0.25 for
level 5. Applications should consume the cumulative probabilities that their thresholds need and
evaluate Score outputs with the RPS or with Brier scores on threshold events [11, 45].

6 The ecosystem census

The ecosystem census enumerates every publicly recorded artifact that instantiates the decision
contract of Definition 2.1 or that operates one, screened by the method of Section 2. At the first
cutoff it separated 101 original implementations, grouped into 67 recipe families distinguishable by
author, backbone and training recipe, from 259 derivatives that reused a T1 checkpoint without an
independent recipe of their own. Most derivatives are format conversions for a different runtime,
at 142 of the total, while smaller groups merge checkpoints, quantize them, or fine tune them for
a new domain or language, at 4, 9, 9 and 10 entries respectively. The remaining 85 derivatives fit
none of these groups. A further 54 repositories are datasets built to train or evaluate a decision
model. Section S5 of the supplement lists every original implementation individually. The second
sweep found 2,645 further Hugging Face entries created by 28 October 2026. We read by hand every
card that a pattern rule had tiered as an original implementation, confirmed 278 originals in 149
recipe families, some of them new checkpoints of families above, and moved 42 to derivatives or
out of scope. GitHub search found 15,788 further repositories that pass the relevance screen.
Table S6 in the electronic supplement condenses the census to the twenty families with an
independent card or vendor page, five of them released after the first cutoff. It records each family’s
backbone, decision head, training objective, typed primitives and serving temperature or calibration
as shipped, verified against its own card or repository. The serving temperature that each family
fits before returning a probability differs widely across families, as the final column of Table S6
records. Most open implementations attach a low-rank adapter or a compact classification head
to a public backbone rather than train a new base model from scratch. Kev, Bespoke-Nimble and
the pngwn scorer each add a small trained component to a public Qwen checkpoint this way
[8, 115, 116], while Laya and its multilingual sibling instead train an encoder classification head on
a public ModernBERT or mmBERT backbone [24, 25]. The recorded release dates in Table S7 span
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2026-09-16 to 2026-09-24, consistent with a shared reaction to one launched interface rather than
independent convergence on it.

The census datasets include benchmarks built against exactly this contract. LocalLLaMA’s
typed-decisions collection is the most prominent one [90]. Its own card reports a teacher self-
agreement ceiling of 0.735, against which every model’s accuracy on it should be read. Luni’s
laya-jev-benchmark is a third-party comparison set assembled after the launch [91]. Two tooling
patterns recur among the harness repositories the census records separately from the models.
Palmer’s kev bundles a local server that reimplements the hosted vendor’s request and response
shape, so an existing client software development kit can point at an open checkpoint instead of the
hosted service [114]. A separate community harness instead points that same client at the hosted
Jev itself, through an early decisions endpoint OpenRouter added after the launch [109]. Among
the screened repositories, the census counts 48 local servers and 25 evaluation packages.

The hosted side of the class widened after the launch, and five providers served or released a
typed decision model by the cutoff. TypeSafe released jev-1.14.0 on 14 October 2026 at an unchanged
price and context, moved both public aliases to it, and added Box, a fourth question type that returns
a single bounding box in an image [145, 150]. Microsoft-Decision-1 is a post-trained Qwen3.5-
9B served through Microsoft Foundry and OpenRouter with the same three primitives, and its
documentation asks callers to read Score outputs as an ordering rather than as calibrated ratings
[99, 100]. MachineFi’s Trio-Spark serves Choice questions over at most 8 options and reports an
expected calibration error of 0.019 on its own panel and adds that the value need not hold in
another application [95]. Cloudflare’s Clef and Perplexity’s pplx-decider ship open weights under
the Apache license, and Clef is also hosted [20, 118].

7 Evidence synthesis

The evidence ledger holds 248 graded studies, which form 247 independent clusters because two
share an author group and a testbed [78, 79]. Each study was graded on the five risk-of-bias domains
of Section S3, and 3 reached low overall, two of them the present authors’ own, 103 some concerns
and 142 high. High ratings number 45 for reference-label independence, 10 for sampling and
reporting, 65 for version pinning and run dates, 55 for tuning-budget parity and 93 for test-set
exposure. Exposure is therefore the most frequent threat. The largest group of evaluations scores
public benchmarks that predate the models without a contamination check, and reading those
ratings as unclear would leave 61 studies graded high.

Each study enters a summary as one value, the median of its rows, and each summary reports
the median over clusters with a percentile bootstrap interval when at least three clusters share
the estimand. Three regularities organize the synthesis. The contract travels, and robustness to
option names belongs to each checkpoint, so it must be tested per model. Calibration is conditional,
because it belongs to the model and the task together and is audited per schema. Escalation earns
the saving, because a confidence that ranks errors lets a gated policy send only uncertain cases to
the stronger model, and its value depends on the price gap and on routing accuracy.

7.1 The contract travels

Open label-conditioned heads on public backbones reproduced the typed contract within days of
the hosted release, as Section 6 records. Where an open model and the hosted model were scored on
the same items, the median gap across 63 clusters, best open minus hosted, was 1.3 points, with a
bootstrap interval from —0.7 to 3.2. The best open model was ahead in 37 clusters and not ahead in
26. An exploratory split by how the open model was built, which we coded after the first synthesis
of this version and recoded without the computed contrasts (Cohen’s kappa 0.86), separates two
effects. For open decision models used zero-shot, the median gap, open minus hosted, was —0.7
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points over 35 clusters, with an interval from —4.0 to 2.2. For open models trained or selected on
the target task it was 3.9 points over 29 clusters, with an interval from 0.9 to 6.1.

Every task-trained contrast comes from a study rated unclear or high for tuning parity, usually
because its authors built the model they report, so this ledger cannot separate training on the task
from self-report. The 9 parity-controlled clusters all compare zero-shot models, with a median gap
of —0.4 points [for example 28]. Matched contrasts of a typed readout with answer fine-tuning
of the same backbone on the same data attribute no more than a few points to the typed head
itself [86, 126, 166]. The contract therefore transfers to open models, and an accuracy lead over the
hosted model appears only for models trained on the task, all reported by their own builders.

Robustness to the presentation of options varies by model. Under an option-name polarity swap,
an open marker head that led the hosted model with aligned names moved to a gap of —34.9 AUROC
points [139]. One seeded shuffle of option order changed 4.7, 7.6 and 9.1 percent of the answers of
three decision models on the same items, while a head trained for order invariance changed none
[142]. Section 8 finds under one harness that option-name sensitivity varies by checkpoint, even
within one recipe family of Section 6.

Over every coded reading of each comparator class, the median gap to frontier language models,
hosted minus comparator, was —3.7 points over 29 clusters, with an interval from —7.8 to —1.6.
Against smaller or open language models the median was —1.0 over 31 clusters, and against models
trained on the task it was —7.9 over 25. The hosted model was cheaper by a median factor of 37
over 43 clusters and faster by 5.3 over 42.

Table S11 in the supplement sets each vendor launch claim beside its independent status, with
the vendor’s own qualifiers. A claim is supported when every independent record agrees with it,
and supported in direction when all or all but one record agree on its direction but not on its stated
magnitude or scope. It is not supported as stated when the records point both ways on the property
itself, and definitional when it holds by construction of the output type. Developer self-reports are
shown but do not count as independent.

7.2 Calibration is conditional

The hosted model’s raw calibration error varied by a factor of 77 across 47 clusters (Figure 4a). It
ranged from 0.007 in a study of prevalence shift [60] to 0.541 on an attack-detection cohort where
most inputs were attacks [74]. The present authors’ document-coding study used an exact estimator
on the probability grid and still rejected calibration, with a Spiegelhalter statistic of —5.3 and a
frontier arm better calibrated at 0.0027 [122]. Binning does not explain the spread. Alternative
binnings in the parity-controlled study moved the error 88 times less than the between-study
spread. Under one fixed scheme of ten equal-width bins, the error still ranged from 0.027 to 0.541
over 15 clusters. The estimand contributes, because a median over tasks exceeded the pooled error
on the same decisions by 0.121 in one study [47]. Within the parity-controlled study, where the
estimator is fixed, the error still ranged from 0.063 to 0.538 across tasks [58].

Recalibration depends on the data used to fit the map (Figure 4b). Across 21 studies that report
both values, the recalibrated error ranged from 0.024 to 1.9 times the raw error, so one temperature
fit raised it [15]. In-domain fits ranged from 0.024 to 0.89 of the raw error over 9 records, and
transferred fits from 0.36 to 0.96 over 7. A temperature that reduced one open model’s error on one
evaluation set left it unchanged on that model’s holdout [9]. In one study, one shared temperature
moved the count of language models below the hosted model’s calibration error from 3 to 15 of 19
[58]. The native advantage over recalibrated language models is therefore fragile.

The ledger also documents regions where confidence and correctness part ways. On an empathy
task, the hosted model’s accuracy at high confidence was barely above the base rate [58]. An
open English model answered every item in one non-Latin script incorrectly at high confidence
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Fig. 4. Calibration error in the evidence ledger. (a) Distribution of the hosted model’s raw error over study
clusters, overall and under two fixed binning schemes, with the spread of one study over four binnings. (b)
Raw against recalibrated error for every estimate reporting both, by the data used to fit the map.

[25]. Confidence still orders errors in aggregate, with accuracy rising sharply from the low- to the
high-confidence band [81]. This spread recurs across primitives and studies, so a program should
audit each schema’s calibration on its own inputs rather than assume one global value.

7.3 Escalation earns the saving

Figure 5 plots retained quality against cost fraction and against the escalated share for every cascade
record that reports them. Across 23 studies, confidence-gated escalation to a stronger model kept
a median 0.99 of that model’s quality, ranging from 0.67 to 1.2, where a value above one means
the cascade beat the stronger model alone. It paid a median 0.56 of the stronger model’s fee over
15 studies and escalated a median 0.34 of decisions over 16. These studies define cost differently,
as a fallback fee, a task-cost fraction or a per-episode cost, and fix thresholds on pilot data, on a
selection split or without saying when. The confidence ranking carries part of the saving, since one
study’s gated escalation reached a risk-coverage area of 0.019 against 0.145 for random escalation
at matched coverage [162].

The saving shrank as the price gap to the partner model narrowed, and with a low-priced open
partner the cascade cost most of what the partner alone cost, and more than the partner alone
at a stricter threshold [58]. Where routing was already accurate, a cheap generative cascade that
escalated on its own judgment matched the decision-model cascade at 0.72 of its cost [162]. Two
designs stay outside these estimates. A hybrid sends a fixed sparse set of states to a flagship model
[80], and a review budget set by a precision target is a deferral budget for human review rather
than a cascade [122].

The literature at the cutoff leaves several questions open. Only 9 accuracy comparisons of an
open model with the hosted model hold tuning parity, and none of them involves a model trained
on the task. Cascade studies still use no common cost definition. Several studies of the second
sweep evaluate jev-1.14.0 [13, 28, 50], but none follows one deployment across the alias change
of Section 4. Section 8 adds, outside the ledger, a swap test of every decision model and cascades
under one cost definition that escalate to the hosted decision model rather than to a frontier model.
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Fig. 5. Confidence-gated cascades in the evidence ledger, each value a ratio to the strong model alone on the
same work as the study defines it. Retained quality against (a) cost and (b) the share of decisions escalated,
and (c) its distribution over studies. Dashed lines mark the medians over studies of cost, escalated share and
retained quality, and shaded bands of the same color their 95% bootstrap intervals.

Section 9 states the cost identity of these cascades, while their retained quality stays an empirical
question.

8 A same-harness measurement

The companion benchmark measures the hosted model and several open decision models under
one harness [121]. Its datasets are typed-decisions [90], CLINC-150, 4 computational social science
tasks, GoEmotions and Banking77. As the authors’ own measurements, these results are never
pooled with the ledger. Every model receives the same semantic request, with the same state,
question and option texts in the same order. Each open checkpoint runs at a pinned revision, and
the hosted model runs at jev-1.13.0 with 3 repeats. The rendering into tokens stays each model’s
own, and it matters. The this-that-model-1.0 adapter joins each option key to its description, and a
rerun with descriptions alone raised its CLINC-150 accuracy by 6.8 points, with an interval from
4.5 to 9.3. The open decision models returned identical answers on every retest. The companion
paper reports four open generative models from three developers as comparators.

Table 4 gives the headline results, with accuracy scored against the teacher-built labels of typed-
decisions. The hosted model scored 0.732, beside the teacher self-agreement reference of 0.735. The
nearest open decision model, Kev-9B, differed from it by —1.9 points, with a state-clustered interval
from —4.0 to 0.1 and a Holm-adjusted p-value of 0.37. The gap is therefore not distinguishable from
Zero.

Conventional baselines place these results by the labels available. Classifiers trained on the
CLINC-150 training split reached 0.940 and 0.948 with every intent offered, above every decision
model, while a zero-shot entailment model reached 0.507. On typed-decisions, soft-label regressions
on sentence embeddings trained with the teacher’s labels reached 0.702, while a fine-tuned DeBERTa-
v3-large reached 0.793, above the hosted model. Used without task labels in this harness, the hosted
model, Kev-9B and Nimble-9B therefore far exceeded zero-shot entailment on intents, while small
classifiers trained on the task’s own labels were more accurate still. The confidence of the hosted
model also leaves out-of-scope requests unguarded. At a held-out threshold for 5 percent in-scope
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Table 4. Headline same-harness results of the companion benchmark [121], on typed-decisions (D1) with
neutral identifiers except CLINC@150, the CLINC-150 accuracy with all intents offered. Bold marks the best
value in each column, the hosted model exposes no raw output, and decider-2b and this-that-model-1.0 were
trained on CLINC-150. Cost is per 1,000 decisions, with a request’s cost shared among its questions, and
latency is per request, with open models run one request at a time.

Model Accuracy Calibration (ECE) Robustness Cost
D1 raw T-scaled flips/100 CLINC@150 USD/1k ps5) ms

HosTED, JEV-1.13.0, API AT 0.042 USD PER MILLION TOKENS

Jev 1.13 0.732 - 0.032 50.5 0.913 0.0079 138
OPEN, PINNED REVISIONS, COLAB L4 AT 0.48 USD PER HOUR

Laya (EN) 0.366 0.232 0.068 91.3 refused 0.0016 60
Laya (ML) 0.349  0.279 0.044 86.8 0.005 0.0009 32
Kev-0.8B 0.451  0.161 0.070 14.3 0.685 0.0025 84
Kev-9B 0.712  0.092 0.047 6.5 0.850 0.0147 590
decider-2b 0.588 0.139 0.036 4.8 0.860 0.0109 426
this-that-model-1.0 0.597  0.196 0.040 4.3 0.863 0.0020 71
Nimble-9B 0.685 0.057 0.026 4.2 0.860 0.0532 2056

risk, it still accepted 0.310 of out-of-scope CLINC-150 requests, with an interval from 0.142 to 0.502,
at an in-scope coverage of 0.92. Kev-9B accepted 0.015 at a coverage of 0.61.

Figure 6 shows the option-name swap in panel (a) and the answer-set sweep in panel (b). Swapping
the no and yes keys against a fixed rubric changed 50.5 to 97.2 of every hundred hosted-model
answers, far above the 0.4 to 1.3 answers per hundred that changed across repeats with aligned
names. The two Laya checkpoints changed 71.4 to 98.8, while the Kev, Nimble, decider and this-that
checkpoints changed 0.2 to 14.3. Sensitivity to names therefore varies by checkpoint, even within
one recipe family, and each deployment must run the renaming test of Proposition 5.5.

Panel (b) varies the answer-set size of Proposition 5.3, and the hosted model’s calibration error
reached 0.032 at 150 options. Two further permutations of the distractors moved accuracy by at
most 0.013 for the hosted model and 0.035 for the open models, except Laya (EN) at 20 options with
0.058. Both Laya checkpoints held 0.830 or more at 20 options, fell to 0.065 and 0.020 at 50, and at
150 the English head refused the request, as the cardinality row of Table 6 records. A replay of the
English head’s own tokenizer traces both failures to its option budget. At 50 options the option
texts needed 302 tokens against a head budget of 192, so every option was cut to its key, and at 150
options 24 options fell beyond the input limit.

Calibration as shipped also depends on the model. Raw calibration error on typed-decisions
ranged from 0.057 for Nimble-9B to 0.279 for Laya (ML), and the hosted model, which exposes
no raw output, reached 0.033 as shipped. One temperature per primitive type, fitted on a disjoint
slice of the same dataset, placed Nimble-9B at 0.026, below the hosted model’s 0.032, which fits the
second regularity. Their intervals still overlap, from 0.020 to 0.058 and from 0.023 to 0.055.

The cascades of Proposition 5.4 price every decision from its own recorded API tokens at list
price or its GPU time on a Colab L4 at 0.48 USD per hour. Every threshold is chosen out of fold,
on the calibration slice for typed-decisions and by item-disjoint cross-fitting elsewhere, and the
intervals refit it in every bootstrap replicate. On typed-decisions, where Kev-9B and Nimble-9B
already cost more per decision than the hosted API (Table 4), escalating from them matched the
hosted model at 2.37 and 7.55 times its cost. On CLINC-150 neither exceeded the hosted model’s
accuracy, at 1.08 and 2.33 times its cost, with Kev-9B escalating 0.56 of its decisions. Of the smaller
first stages, decider-2b and this-that-model-1.0 saved cost there without a significant accuracy gain,
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Fig. 6. Option-name swap and answer-set size for the decision models of the companion benchmark [121],
whose generative comparators are reported there. Panel (a) gives flips per hundred decisions when the no and
yes keys are swapped, and panel (b) gives CLINC-150 accuracy as the options grow.

while Kev-0.8B and Laya (ML) cost more than the hosted model. The this-that-model-1.0 cascade
reached 0.927 at 0.43 of the hosted cost, a gain of 1.3 points with an interval from —0.7 to 2.8. The
decider-2b cascade gained 1.2 points, from —1.2 to 2.0, at 0.58 of the hosted cost. Both first stages
were trained on the CLINC-150 training split, so these results are in-distribution, and both cascades
match rather than exceed the hosted model. A 9B first stage thus cost more than the hosted model
alone on both datasets. The cheaper small first stages bought savings rather than accuracy, as the
price-gap and routing-accuracy clauses of the third regularity predict.

9 Patterns and a failure atlas

A pattern in this survey is a recurring way of composing decision-model calls with ordinary code,
and each pattern consumes a probability quantity whose meaning Section 5 fixes. The vendor
documents its own architectural patterns, namely speculative fan-out, confidence-gated routing,
composite scoring and intent routing, and it claims a cost, speed, reliability or safety benefit for
each [151]. A claimed benefit is not a guarantee, so the guarantee status in Table 5 comes from the
propositions or the ledger, and Section S6 of the electronic supplement gives every entry in full.

Several patterns rest on a proposition and inherit its assumptions. The gate and the review budget
follow Proposition 5.3 and Proposition 5.4, which bound the error among accepted answers and
place review where it is optimal. Both hold only under calibration, which belongs to the model and
the task together, so these guarantees are audited per schema. In Rafe and Das [122], the review
budget is a precision-targeted deferral budget, not a cascade result. Marginal-to-joint reconciliation
follows Proposition 5.1, so a program asks one Choice over the joint outcomes or carries the interval
instead of a product. Option-name neutralization follows Proposition 5.5, because exchangeable
random names remove the name term in expectation. Paraphrase self-consistency therefore has a
proof when it varies names and none when it varies wording.
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Table 5. Condensed pattern catalog, grouped by role. The guarantee is ® proved under the calibration its
proposition assumes, @ empirical or conformal, or © none, and rows name the failure modes of Table 6 it

mitigates.
Pattern Quantity consumed Guarantee Rows Evidence
THRESHOLD AND ROUTE
Gate Top, positive or cumulative ® Under calibration, Proposi- 10 Ibrahim and Zaki
probability against a thresh- tions 5.3 and 5.4; conformal [58]; Li et al. [81]
old in principle
Screen-then-read  Screen probability, then read- @ Recall identity proved, 5 Rafe and Das [122]
stage distributions Proposition 5.4; factors
empirical
Candidate-then-  Choice distribution over a @ Conformal if the list is a 9 Mapika [97]; Wu and
select short candidate list conformal set; otherwise Lim [162]
empirical
Hierarchical Chained Choice distributions @  Stage product proved, 9 TypeSafe Al [151];
fallback Proposition 5.4; accuracy Rafe and Das [121]
empirical
ESCALATE OR DEFER
Confidence-gated Top probability against an ® Cost identity proved, 2,6 Lietal [81]; Wu and
cascade escalation threshold Proposition 5.4; quality Lim [162]
empirical
Judge-and- Probability of the preferred o Empirical 2,6 Liet al. [81]; Huang
escalate answer et al. [56]
Review budget Calibrated probability in the =~ ® Under calibration, Proposi- 14 Rafe and Das [122]
review band tion 5.4
COMBINE ANSWERS
Speculative fan- ~ Marginals of many isolated 0 None beyond each mar- - TypeSafe Al [151];
out questions ginal, Proposition 5.1 Balian, Rob [4]
Composite scor-  Several marginals combined O None, Propositions 5.1 7 TypeSafe Al [151];
ing in code and 5.6 Robitza [129]
Marginal-to-joint Marginals of events about ® Proposition 5.1 7 TypeSafe Al [149]
reconciliation one state
Paraphrase self- Spread across wordings, ® For random names, Propo- 7,8 Sun et al. [139]; Ren
consistency orders and names sition 5.5; else empirical et al. [126]
HARDEN THE INPUT AND THE CONTRACT
Deterministic None for the parsed part o Exact for the parsed part; 2,3,4, Palmer, Jared [116];
pre-parsing else empirical 12 TypeSafe Al [149]
Versioned con- None; pins version, schema, O None; procedural 8, 14 Bespoke Labs [8];

tract

names, temperature

Palmer, Jared [115]

The remaining patterns carry empirical support or none. For the confidence-gated cascade and
judge-and-escalate, Proposition 5.4 supplies the cost identity, while the retained quality is measured
in 23 studies with different cost definitions [58, 81, 162]. The saving comes from escalation gated
by a confidence that ranks errors, and its size depends on the price gap and on routing accuracy.
Speculative fan-out and composite scoring have no guarantee beyond the calibration of each
marginal. Candidate-then-select and the gate admit a conformal guarantee in principle [2, 3], which
no ledger study applies to a decision model.

The versioned contract has no formal guarantee, and the census motivates it most directly.
Bespoke-Nimble-9B changed revision behind one repository name, from a checkpoint served at
a fitted temperature to one shipped at its default temperature with a larger answer space and
a warning not to reuse the earlier fit [8]. Kev-0.8B also moved its serving temperature between
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Table 6. Failure atlas of decision models. Each cell has three slots, filled when the vendor or developer
documents the failure mode (o V), a ledger study measures it (¢ L) or the authors’ companion benchmark,
which is not risk-of-bias graded, measures it (o B).

Failure mode Hosted Open decision models Generative
Jev Laya Kev Nimble this-that decider Gen.comp.
VENDOR JAGGEDNESS MODES

1 Negation and scoping [ X ° ° ° °
2 Counting and arithmetic [ X ° °

3 Dates (X} [ X

4 Indirection ° °

5 Distractor state ° ° °

6 Adversarial state o0 ° ° °
7 Cross-phrasing inconsistency (X} ° ° ° ° oo °
FURTHER FAILURE MODES

8 Option-name polarity oo ece oo ° ° ece °
9 Cardinality collapse o0 eoo o0 ° ° ece °
10 Ordinal numerics ° ° ° °

11 Language transfer ° o0 ° ° ° °
12 Physical magnitudes

13 Top-confidence inversion ° oo ° °

14 Shipped over-confidence oo eoo oo oo oo ° oo
EvALUATION

15 Teacher-consensus benchmark bias ° ° ° °

checkpoints under an unchanged name [115]. Pinning the model version, the schema, the option
names and the temperature, and re-auditing calibration after any change, makes such a change
detectable [122].

Table 6 crosses failure modes with the hosted model, the open families of the companion
benchmark (Kev pooled over its two checkpoints) and a generative column that pools the four open
generative comparators of that benchmark. A filled slot means a source documents or measures the
failure mode for that model. It does not give the direction, since several ledger rows are favorable,
such as the false-negation test of Huang et al. [56] and the order perturbation of Zhang et al. [170].
Rows on jaggedness follow the vendor’s own failure list [149], the final row is an evaluation failure,
and a script sets the benchmark codes from the companion results [121].

The evidence is uneven across failure modes and across models. For the hosted model, indirection
and distractor state rest on the vendor page alone, while counting, option order, option-name
polarity and cardinality collapse are measured independently. A polar-name swap flipped 32.50
answers per hundred [139], and accuracy changed by —6.7 points as the option count grew [162]. For
the open families, many measured cells come from the developer’s own card or paper, so a vendor
code and a ledger code in one cell can record one source. Examples include the Khmer result of Laya,
at 0.000 accuracy with 0.952 confidence [25], and the multi-step arithmetic of this-that-model at
0.560 accuracy [16]. In independent tests of option order from the second sweep, native Laya flipped
30.6 percent of decisions under one shuffle against 5.3 for the hosted model [55]. The generative
comparator has the fewest vendor and ledger codes, which reflects where studies looked. No model
has evidence on physical magnitudes in the ledger, the cards or the vendor pages.

Read together, the tables pair each failure with the patterns designed for it. For counting, dates and
indirection, the vendor’s remedies amount to deterministic pre-parsing, which the Kev card supports
for dates [116]. Hierarchical fallback or candidate-then-select addresses cardinality collapse, and
the decider card supports it with sampled label sets [97]. Neutral names and the swap test address
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option-name polarity, and in-domain recalibration under a versioned contract addresses shipped
over-confidence. Top-confidence inversion, and the confident errors of language transfer, defeat
every pattern that thresholds confidence, so for them the catalog offers only an audit of each schema
on the inputs it will receive.

10 Applications by evidence grade

Table S10 in the supplement lists every ledger study by application area, reference-label type and
risk-of-bias grade, and this section reads the areas by the strength of their references. Document
coding at population scale rests on human-adjudicated labels, with crash narratives scored against
trained coders [122] and contract clauses against expert annotations [170]. Annotation for science
turns a decision model into a labeling instrument for social-science coding [58], scientific literature
[29], video quality [129] and a population kernel [80], with references that range from human-
coded corpora to a computed metric. Judging grades another system’s output against a strong
language-model judge [81] or against radiologists’ consensus error counts [56].

The remaining areas rest mostly on labels that a benchmark, an automated judge or the system
itself supplies. They cover agent control and memory [34, 61, 154, 162], guardrails, routing and edge
orchestration [47, 78, 79, 124, 126], games and real-time control [16, 94], and vision [166]. Most of
these studies were rated high risk of bias, so their accuracy values rest on weaker references than
those of document coding and annotation.

11 An audit protocol and reporting standard

An evaluation of a decision model is reproducible only when the artifacts that generate its pre-
dictions are pinned as tightly as the schema that consumes them. We extend the reproducibility
record of the companion benchmark paper into a decision contract record, which lists what a
decision-model evaluation must fix before it runs and disclose once reported [121]. The record
holds the provider or checkpoint with its resolved revision and the date that revision was confirmed.
It holds the serving temperature and any decoding parameter in force, rather than a documented
default, and the literal schema sent to the model, including the option identifiers and the rubric
bound to each one. It also holds the smallest positive reportable probability and the share of reports
equal to zero, the state’s serialization and truncation rule, and the hardware or provider behind any
latency or cost value. Two rows of the evidence ledger trace their disagreement to exactly one of
these elements moving between access dates, so the record is built to make such a move visible.
A reporting checklist turns the record into statements a reviewer can check, following the model
that TRIPOD and TRIPOD+AI set for a prediction model and CONSORT-AI and SPIRIT-AI set for a
trial that embeds one [22, 23, 88, 127]. Broad benchmark suites standardize scenarios and prompts
across language models [82], whereas the record fixes the artifacts of one decision contract that a
deployment consumes. PROBAST and QUADAS-2, together with the QUADAS-ATI and STARD-AI
protocol for diagnostic models, supply the domains an evaluation should rate rather than assume
[103, 134, 158, 161]. PRISMA 2020 sets a precedent for stating how a body of evidence was searched
and screened [112]. The model card and the datasheet describe a component before deployment,
and the audit framework of Raji and colleagues audits one afterward [42, 102, 123]. The literature
on leakage and reproducibility motivates the version-pinning and exposure items below [68, 119].
The items answer patterns that recur across the studies surveyed rather than any single one. A
served checkpoint can change behind an unaltered name, a temperature one release documents can
differ from the value another ships, and a confidence value can be reported without its formula. A
label from a teacher model or a synthetic procedure can sit beside a label a person adjudicated, and
a speed or cost claim can appear without its hardware, concurrency, or workload. Table S5 in the
electronic supplement states, for each reporting item, the quantity to report and the proposition,
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failure mode or other source that motivates it. Section S4 of the electronic supplement explains
every item of the full checklist and gives the card template that the checklist complements.

Reporting in brief

Pin the model and its revision, the serving temperature, the schema with its option identifiers
and rubrics, the state encoding, and the access dates of every hosted service. Sample with the
provenance of the reference labels stated, together with the sample size and any exposure of
the test items in public data. Report the calibration quantity that fits each primitive with its
binning, and name the quantity that every gate thresholds. State a cascade result as retained
quality against a cost fraction under one cost definition, and state a review budget as a band of
probabilities. Treat a changed revision as a new predictor, and supersede earlier values instead
of overwriting them.

12 Open problems and a research agenda

The evidence synthesized in Section 7 leaves six problems open, and each can be settled by a study
whose design and passing condition are fixed before it runs. For each problem, Table 7 gives a study
design and an evidence-of-progress criterion that a future study can pass or fail, both built on the
propositions of Section 5 and the reporting standard of Section 11.

Table 7. A research agenda for decision models, with a study design and a pass-or-fail criterion for each open

problem. The line under each problem names the result it builds on.

Problem

Schema transfer of
calibration

Section 7.2

Joint uncertainty
under isolation
Proposition 5.1

Evidence-aware
abstention
Proposition 5.4

Contract versioning
Section 11

Multimodal state
Proposition 5.5

Benchmarks without

teacher-consensus
bias
Table 6, row 15

Study design

Fit a temperature or recalibration map on
some schema families and hold out whole
families. Compare the transferred fit with an
in-domain fit and with no fit.

Pose conjunction, implication and exclu-
sion events about one state. Compare a
dependence-aware output with the product
of marginals and with one Choice over the
joint outcomes.

Pair each state with a copy from which
adjudicated supporting evidence is removed.
Compare abstention on an evidence signal
with abstention on the top probability.
Re-run a frozen, version-pinned panel of
schemas, name swaps and calibration items
on consecutive releases of one model. A
same-version rerun is the control.

Present the same items with the state as text
and as an image. Repeat the option-name

swap and the calibration audit on both forms.

Label a stratified subset by human adjudica-
tion with measured agreement between an-
notators. Score the same models on teacher-
built and adjudicated labels.

Evidence-of-progress criterion

On every held-out family, the transferred
fit’s calibration error lies inside the bootstrap
interval of the in-domain fit, under a stated
binning and at matched accuracy.

Joint probabilities lie inside the Fréchet

and Hoeffding interval and score a lower
Brier score on held-out joint events than the
product of marginals. The number of calls
grows at most linearly with the number of
questions.

At matched coverage, the evidence signal
gives lower risk on the evidence-removed
states than the top probability does, without
lower accuracy on the complete states.

Flip rates and calibration change between
releases are reported with intervals, and
every change beyond the same-version rerun
noise coincides with a change in the stated
contract version.

The image-state calibration error and swap
flip rate lie inside the intervals of the text-
state run, including at option counts beyond
the training range.

Model rankings agree across the two label
sets within their intervals, and no model
trained on the teacher’s labels exceeds the
human agreement ceiling beyond its interval.
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Calibration that holds across schemas would turn the second regularity from an audit obligation
into a property of the model. In the records available, in-domain recalibration left 0.024 to 0.89
of the raw calibration error, while transferred fits left as much as 0.96 of it [24, 25, 58, 116, 122].
Whether a temperature fitted on one schema holds on another is therefore an open problem. Joint
uncertainty at low cost is a second opportunity. Proposition 5.1 shows that isolated answers identify
a conjunction only within an interval, while the exact remedy, one Choice over the joint outcomes,
grows exponentially with the number of questions. A dependence representation priced near the
marginal calls would let a program combine answers without assuming independence.

Abstention that responds to missing evidence differs from abstention on low confidence [67],
because a state can lack the fact a question needs while the model still reports a sharp distribution.
The review band of Proposition 5.4 routes on probability alone. In Visual Jev, an open vision-
language reimplementation, an answerability head detected missing evidence without improving
decisions or selective prediction in that evaluation [166]. Contract versioning is open as well, since
no study in the ledger tracks one deployment across versions of the hosted model, although a few
evaluate jev-1.14.0 and one scores both versions on the same items [13]. Open checkpoints also
move, since the main branch of Bespoke-Nimble-9B changed on 24 September 2026 to a checkpoint
served at its unscaled default temperature [8].

Multimodal state extends the contract to images, and the evidence for it so far comes from open
models alone. Visual Jev attaches a typed head to a vision-language backbone, and the full census
lists further vision variants of open decision models (Section S5 of the electronic supplement). No
study in the ledger runs an option-name swap in the sense of Proposition 5.5 or a cross-schema
calibration audit on image states. Benchmark construction without teacher-consensus bias is the
last problem. On the typed-decisions test split, a fresh teacher sample scored 0.735 against gold
built from the other teacher samples, and the hosted model scored 0.727 [90], so scores near that
ceiling are not separable. The Nimble holdout rests on synthetic labels [9], and neither reference
set was adjudicated by people.

13 Conclusion

This survey has argued that decision models are a new contract rather than a new kind of intelligence,
and has traced each element of that contract to one of five research streams. We defined the class
and organized the open implementations by head, objective and interface contract. We then stated
six propositions, each with its own premises, for any model honoring the contract, counted the
ecosystem at a dated cutoff, and graded every included study for risk of bias. The ledger, with
the option-name measurements of Section 8, supports three regularities. The contract travels, and
robustness to option names belongs to each checkpoint, so it must be tested per model. Calibration
belongs to the model and the task together, and is audited per schema. Escalation earns the saving
when confidence ranks errors and the price gap is wide. A companion benchmark measures several
decision models under one harness, and the pattern catalog, failure atlas, reporting standard and
agenda turn these findings into guidance for software and research.

Several features of the evidence at the cutoff limit how far these conclusions extend. The literature
spans the six weeks after the launch, and the census and the ledger describe the field at one cutoff.
Because the training and the head of the hosted model are undisclosed, every statement about
its architecture is inference. Within the ledger, the first regularity rests on 9 parity-controlled
comparisons for its accuracy gap, all of zero-shot models, and the lead of task-trained models comes
only from studies whose authors built those models. We added the split by comparator class after the
first synthesis of this version, although a blind recoding agreed closely with it. The third regularity
rests on 23 cascade studies with different cost definitions. The companion benchmark adds a swap
test of every decision model and cascades under one cost definition, but its typed-decisions labels
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come from a teacher model, so it addresses only part of this gap. Only 3 studies reached a low
overall risk of bias, and the grades depend strongly on how the exposure of public benchmarks is
rated (Section S3). Part of the evidence rests on reference labels from teacher models, synthetic
procedures or a vendor-chosen consensus of language models rather than human adjudication.
We also formulated the three regularities after extraction, as summaries of the graded rows. The
authors’ own studies are graded under the rules applied to every other ledger row, and removing
them leaves the zero-shot gap at —0.7 points and the frontier gap at —3.3 points. Versions also move
under unchanged names, and the companion benchmark measures a newer Bespoke-Nimble-9B
revision than the ledger rows describe.

Several of these bounds point to further studies, some made concrete in the agenda of Section 12.
Repeated sweeps against later cutoffs, released as new minor versions of the companion repository,
can test whether the regularities hold as the literature grows. Independent replication of the authors’
own measurements, which the versioned census, ledger and harness are built to support, would
remove the remaining dependence on their judgment. Further parity-controlled comparisons under
a shared cost definition would narrow the ranges behind the first and third regularities, and the
contract-versioning study of Table 7 would track hosted and open checkpoints across releases.
Benchmarks labeled by human adjudication on items that postdate the models would address the
exposure ratings and the teacher-consensus bias. Until the schema-transfer study settles whether
calibration can become a property of the model, each deployment should audit calibration on every
schema it uses.
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