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S1 Proofs of the propositions
This part of the electronic supplement gives the proofs of the three propositions of Section 5 whose
arguments take more than a few lines. The proofs of Propositions 5.1, 5.2 and 5.3 are short and
appear in the main text. All probabilities below are taken over the population on which the contract
is evaluated, and the same arguments hold in a finite sample when every probability is replaced by
the corresponding empirical share.

Proof of Proposition 5.4. The recall identity is the multiplication rule of conditional probabil-
ity applied to the events𝐺 and𝐻 given 𝑌 = 1, and it needs no assumption about how the two stages
depend on each other. The cost of one item is the random quantity 𝐶 = 𝑐1 + 1esc 𝑐2 + 1rev 𝑐R + 𝐿res,
since the screening stage always runs, and linearity of expectation gives the stated expected cost
without any independence among its terms.

Let 𝑝 be a calibrated probability, so that Pr(𝑌 = 1 | 𝑝) = 𝑝 . Flagging an item then has expected cost
(1 − 𝑝) 𝑐FP and passing it has expected cost 𝑝 𝑐FN, so flagging is optimal exactly when (1 − 𝑝) 𝑐FP ≤
𝑝 𝑐FN, which rearranges to 𝑝 ≥ 𝑡∗ [54].
A review that returns the correct label at cost 𝑐R adds a third action whose expected cost is

𝑐R for every 𝑝 . The optimal action minimizes the three expected costs, as in the reject option of
Chow [34], so review is optimal exactly when 𝑐R ≤ 𝑝 𝑐FN and 𝑐R ≤ (1 − 𝑝) 𝑐FP. The inequalities are
equivalent to 𝑝 ≥ 𝑐R/𝑐FN and 𝑝 ≤ 1 − 𝑐R/𝑐FP, which is the band (7). The band is non-empty exactly
when 𝑐R/𝑐FN ≤ 1 − 𝑐R/𝑐FP, and multiplying by 𝑐FP𝑐FN gives 𝑐R (𝑐FP + 𝑐FN) ≤ 𝑐FP𝑐FN, with positive
width exactly when the inequality is strict.
The lower edge satisfies 𝑐R/𝑐FN ≤ 𝑡∗ exactly when 𝑐R ≤ 𝑐FP𝑐FN/(𝑐FP + 𝑐FN), and the upper edge

satisfies 1−𝑐R/𝑐FP ≥ 𝑡∗ under the same condition, so a non-empty band always contains 𝑡∗. Outside
the band the rule reduces to the two-action rule, passing items below 𝑐R/𝑐FN and flagging items
above 1 − 𝑐R/𝑐FP. Under calibration the expected cost of the rule is E[min(𝑝 𝑐FN, (1 − 𝑝) 𝑐FP, 𝑐R)]
and the expected share of items sent to review is Pr(𝑐R/𝑐FN ≤ 𝑝 ≤ 1 − 𝑐R/𝑐FP), and both depend on
the distribution of 𝑝 alone.
The union bound is Boole’s inequality, which holds for events with any dependence. When the

failure events are independent with probabilities 𝑒 𝑗 , the probability of at least one failure equals
1 −∏

𝑗 (1 − 𝑒 𝑗 ), which never exceeds
∑
𝑗 𝑒 𝑗 . Either expression is an identity or a bound in terms of

the rates Pr(𝐷 𝑗 ) under the deployed workflow, so it becomes an estimate only when those rates
are measured on the inputs that each component receives inside that workflow. □
Authors’ Contact Information: Amir Rafe, Ph.D., Texas State University, San Marcos, USA, amir.rafe@txstate.edu; Subasish
Das, Ph.D., Texas State University, San Marcos, USA, subasish@txstate.edu.

https://orcid.org/0000-0002-4089-2088
https://orcid.org/0000-0002-1671-2753
https://orcid.org/0000-0002-4089-2088
mailto:amir.rafe@txstate.edu
https://orcid.org/0000-0002-1671-2753
https://orcid.org/0000-0002-1671-2753
mailto:subasish@txstate.edu


2 Rafe and Das

Proof of Proposition 5.5. Locality means that the logit of an option is a function ℓ (𝑛, 𝑟 ) of its
own name and rubric once the state and the question are fixed, and every pair in N × R is realized
by some assignment of names to rubrics. The decomposition (8) is the two-way decomposition
of the array ℓ , with 𝜇 its grand mean, 𝛼 (𝑟 ) the mean over names minus 𝜇, 𝛽 (𝑛) the mean over
rubrics minus 𝜇, and 𝛾 the remainder. If two such decompositions existed, their difference would
be a centered decomposition of the zero array, and averaging it over all cells, over names and over
rubrics shows in turn that every term of the difference is zero.
An assignment is a bijection 𝜎 from rubrics to names, and the returned distribution identifies

only log-odds, which remove 𝜇 and any constant shared by the options of one query. The log-odds
of rubric 𝑟 against rubric 𝑟 ′ equal ℓ (𝜎 (𝑟 ), 𝑟 ) − ℓ (𝜎 (𝑟 ′), 𝑟 ′). If 𝜎 gives name 𝑛 to 𝑟 and 𝑛′ to 𝑟 ′ and the
swap exchanges them, the change in these log-odds equals 2[𝛽 (𝑛) − 𝛽 (𝑛′)] + 𝛾 (𝑛, 𝑟 ) + 𝛾 (𝑛, 𝑟 ′) −
𝛾 (𝑛′, 𝑟 ) − 𝛾 (𝑛′, 𝑟 ′). For a binary question 𝛾 (𝑛, 𝑟 ) + 𝛾 (𝑛, 𝑟 ′) is the sum of 𝛾 over all rubrics for the
name 𝑛, which is zero, and the same holds for 𝑛′. For general 𝐾 , averaging the interaction contrast
over all ordered pairs of distinct rubrics gives a multiple of

∑
𝑟 𝛾 (𝑛, 𝑟 ) −

∑
𝑟 𝛾 (𝑛′, 𝑟 ), which is zero,

so the average change identifies 𝛽 (𝑛) − 𝛽 (𝑛′).
Let the names be random, exchangeable and independent of the rubrics. The log-odds of 𝑟

against 𝑟 ′ are ℓ (𝑁𝑟 , 𝑟 ) − ℓ (𝑁𝑟 ′ , 𝑟 ′), and because 𝑁𝑟 and 𝑁𝑟 ′ share one marginal distribution, their
expectation is E𝑁 [ℓ (𝑁, 𝑟 )] − E𝑁 [ℓ (𝑁, 𝑟 ′)], a function of the rubrics alone. Exchangeability also
gives the swapped pair (𝑁𝑟 ′ , 𝑁𝑟 ) the same joint distribution as (𝑁𝑟 , 𝑁𝑟 ′ ), so a swap has no effect on
the distribution of the output.
For name invariance, write 𝑓 (𝑛, 𝑟 ) = 𝛽 (𝑛) + 𝛾 (𝑛, 𝑟 ), so that under 𝜎 the logit of rubric 𝑟 is

𝜇 +𝛼 (𝑟 ) + 𝑓 (𝜎 (𝑟 ), 𝑟 ). Two logit vectors give the same softmax distribution exactly when they differ
by a constant, so invariance holds exactly when, for a fixed reference 𝜎0 and every 𝜎 , the difference
𝑓 (𝜎 (𝑟 ), 𝑟 ) − 𝑓 (𝜎0 (𝑟 ), 𝑟 ) is the same for every rubric 𝑟 . If 𝛽 ≡ 0 and 𝛾 ≡ 0 then 𝑓 ≡ 0 and invariance
holds. For the converse with 𝐾 > 2, set 𝐺 (𝑛, 𝑟 ) = 𝑓 (𝑛, 𝑟 ) − 𝑓 (𝜎0 (𝑟 ), 𝑟 ), which invariance makes
constant along every bijection. Any two cells (𝑛, 𝑟 ) and (𝑛′, 𝑟 ′) with 𝑛 ≠ 𝑛′ and 𝑟 ≠ 𝑟 ′ lie on a
common bijection, so𝐺 takes one value on them. Two cells in one row or one column share a value
with a third cell outside both their rows and both their columns, which exists because 𝐾 > 2, so 𝐺
is a constant 𝑏.

It follows that 𝑓 (𝑛, 𝑟 ) = 𝑓 (𝜎0 (𝑟 ), 𝑟 ) + 𝑏 depends on 𝑟 alone. Averaging 𝑓 over rubrics gives 𝛽 (𝑛),
because 𝛾 is centered over rubrics, so 𝛽 is constant and, being centered, equal to zero. Then 𝛾 (𝑛, 𝑟 )
depends on 𝑟 alone, and centering over names makes it zero. For a binary question the centering
leaves one free interaction value 𝑔, with 𝛾 = 𝑔 on the two cells of one assignment and 𝛾 = −𝑔 on
the two cells of the other. The log-odds under the two assignments are then Δ𝛼 + Δ𝛽 and Δ𝛼 − Δ𝛽 ,
in which 𝑔 cancels, so the outputs coincide exactly when Δ𝛽 = 0, and 𝑔 is unidentified and changes
no output. □

Proof of Proposition 5.6. The expected level is a linear map from the probability simplex on
the levels, whose dimension is 𝐿 − 1, to the interval [1, 𝐿]. For 𝐿 > 2 this map is many-to-one, so
there are distinct distributions 𝐴 and 𝐵 with𝑚(𝐴) =𝑚(𝐵), and the mean does not determine the
cumulative probabilities. Let a model issue 𝐴 for every item while the outcomes follow 𝐵. Then
E[𝑌 | 𝑚(𝑝)] = 𝑚(𝐵) = 𝑚(𝐴), so the expected level is calibrated, while 𝐴 ≠ 𝐵 implies that the
cumulative probabilities of 𝐴 and 𝐵 differ at some 𝑘 < 𝐿, where ordinal calibration fails. When
𝐿 = 2 the mean determines the distribution and the two notions coincide.

The worked example of Section 5 is the extreme case in which every cumulative probability fails.
Forecast 𝐴 places 0.8 on the middle level and 0.1 on each neighbor, forecast 𝐵 places 0.5 on each
extreme level, and both have expected level 3.0. The cumulative probability of 𝐵 equals 0.5 at every
𝑘 < 𝐿, while the cumulative probabilities of 𝐴 are 0, 0.1, 0.1 + 0.8 and 1, none of which equals 0.5.
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For strict propriety, let the outcome follow a distribution 𝑞 with cumulative probabilities 𝑄𝑘 . For
every threshold 𝑘 the expected squared difference satisfies E[(𝐹𝑘 − 1{𝑌 ≤ 𝑘})2] = (𝐹𝑘 −𝑄𝑘 )2 +
𝑄𝑘 (1 −𝑄𝑘 ), which is the Brier score of the threshold event {𝑌 ≤ 𝑘} [15]. The expected RPS is the
average of these terms over 𝑘 < 𝐿, so it is minimized exactly when 𝐹𝑘 =𝑄𝑘 for every 𝑘 , and because
the cumulative probabilities determine the distribution, the unique minimizer is 𝑝 = 𝑞 [55, 64].
A program that acts when the level exceeds 𝑘 consumes the probability 1 − 𝐹𝑘 of that event, and

by Proposition 5.4 its Bayes threshold is guaranteed optimal when Pr(𝑌 > 𝑘 | 𝐹𝑘 ) = 1 − 𝐹𝑘 , which
is ordinal calibration at 𝑘 . Neither calibration of the expected level, shown above to be insufficient,
nor top-label calibration, which concerns the modal level alone, implies this property. The vendor
numbers levels from zero, which shifts every expected level by one and leaves every statement
above unchanged. □

S2 Search strings, sweep log and screening counts
Table S1 lists every arXiv query of the sweep of Section 2 in run order with its hit count and retries.
A query that received no feed is marked as failed, not as zero hits, and is listed again as a rerun.
Sixteen identifiers from the seed list and early screening were force included and are listed in the
candidate file of the companion repository. Citation chasing from the launch post and two early
Jev evaluations found no citing works on OpenAlex or Semantic Scholar by the cutoff.

Screening against the definition of Section 2 included 243 of the 271 candidate arXiv records and
excluded 28 that matched a query term but did not concern a typed decision model. Grey literature
added 8 evaluations, for 248 studies in the ledger of Section 7. On the cutoff date, a rerun of eight
queries hit a rate limit and is logged as unresolved. A second rerun, labeled curl rerun, used a
different HTTP client the next day and answered all eight. It returned three new records dated by
the cutoff, two of which entered the ledger, and its hits are in the totals above.

The v1.2 sweep reran every query from 14 September 2026 to 28 October 2026, added queries for
models released after the first cutoff, paged through every result and returned 249 new records.
These were screened on title and abstract, extracted in batches of about ten under the extraction
brief of the companion repository and graded on full text under the anchors of Section S3. A script
confirmed that each excerpt appears verbatim in the saved full text and contains its value or, for a
table, that the caption does and the value appears in the paper. Every computed value quotes the
numbers it uses, each number entering the synthesis carries a selection line naming the ledger row,
column and reason, and each accuracy contrast carries a coded comparator class.

The ecosystem census searched Hugging Face and GitHub with terms such as system-one, deci-
sion model, typed decision, jev, laya, kev, nimble and decider, each query logged in the companion
repository. Hugging Face gave 513 unique entries created from 15 September 2026, and direct
lookups raised this to 522. Of these, 101 are original implementations with their own decision head,
259 are derivatives such as conversions, quantizations and fine-tunes, 54 are datasets and 108 are
exclusions, mostly name collisions or empty cards. GitHub gave 226 repositories, all 226 created on
or after the release date of the hosted model. They comprise 54 integrations, 48 local servers, 47
applications, 36 with open-model training code, 25 evaluation packages, 15 directories and 1 mirror.
A concurrent analysis reports many more GitHub projects because it collects every repository that
calls the hosted model [120], whereas this screen kept only those its search terms returned. The
v1.2 census added 2,645 Hugging Face entries and 15,788 GitHub repositories created by 28 October
2026, the GitHub total including older repositories that the first sweep missed by capping results
per query.
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Table S1. Every arXiv API query of the two literature sweeps, with its hit count and any retries. Queries
marked [v1.2] belong to the second sweep, over submissions from 14 September to 28 October 2026.

Query Hits Retries Outcome
all:Jev 16 0 OK
all:"System One model" 3 0 OK
all:"System One models" 3 0 OK
all:"decision model" AND all:typed 3 0 OK
all:"typed decision" 5 0 OK
all:Laya AND all:calibrat* – 4 No feed after retries, rerun below
all:Kev AND all:decision 1 0 OK
all:Nimble AND all:decision – 4 No feed after retries, rerun below
all:TypeSafe – 4 No feed after retries, rerun below
all:"decision models" AND all:calibration 2 0 OK
abs:"typed probabilistic" – 4 No feed after retries, rerun below
all:"decision model" AND all:Jev 6 0 OK
all:jev-1.13 – 4 No feed after retries, rerun below
all:RLCD – 4 No feed after retries, rerun below
all:"calibrated decisions" 1 0 OK
all:Laya AND all:calibrat* [curl rerun] 0 3 OK; 0 not previously screened
all:Nimble AND all:decision [curl rerun] 0 0 OK; 0 not previously screened
all:TypeSafe [curl rerun] 2 0 OK; 2 not previously screened
abs:"typed probabilistic" [curl rerun] 0 0 OK; 0 not previously screened
all:"jev-1.13" [curl rerun] 0 0 OK; 0 not previously screened
all:RLCD [curl rerun] 2 0 OK; 2 not previously screened
all:"System One" AND all:decision [curl rerun] 6 0 OK; 2 not previously screened
all:"decision models" AND all:LLM [curl rerun] 2 0 OK; 1 not previously screened
all:Jev [v1.2] 182 0 OK; 164 not previously screened [v1.2]
all:"System One model" [v1.2] 51 0 OK; 47 not previously screened [v1.2]
all:"System One models" [v1.2] 51 0 OK; 47 not previously screened [v1.2]
all:"decision model" AND all:typed [v1.2] 66 0 OK; 61 not previously screened [v1.2]
all:"typed decision" [v1.2] 58 0 OK; 53 not previously screened [v1.2]
all:Laya AND all:calibrat* [v1.2] 0 0 OK; 0 not previously screened [v1.2]
all:Kev AND all:decision [v1.2] 10 0 OK; 9 not previously screened [v1.2]
all:Nimble AND all:decision [v1.2] 4 0 OK; 4 not previously screened [v1.2]
all:TypeSafe [v1.2] 23 0 OK; 21 not previously screened [v1.2]
all:"decision models" AND all:calibration [v1.2] 61 0 OK; 58 not previously screened [v1.2]
abs:"typed probabilistic" [v1.2] 1 0 OK; 1 not previously screened [v1.2]
all:"decision model" AND all:Jev [v1.2] 89 0 OK; 82 not previously screened [v1.2]
all:"jev-1.13" [v1.2] 6 0 OK; 6 not previously screened [v1.2]
all:RLCD [v1.2] 9 0 OK; 7 not previously screened [v1.2]
all:"calibrated decisions" [v1.2] 18 0 OK; 15 not previously screened [v1.2]
all:"System One" AND all:decision [v1.2] 58 0 OK; 52 not previously screened [v1.2]
all:"decision models" AND all:LLM [v1.2] 58 0 OK; 54 not previously screened [v1.2]
all:"jev-1.14" [v1.2] 0 0 OK; 0 not previously screened [v1.2]
all:"Decision-1" AND all:Microsoft [v1.2] 0 0 OK; 0 not previously screened [v1.2]
all:Clef AND all:decision [v1.2] 5 0 OK; 5 not previously screened [v1.2]
all:"pplx-decider" [v1.2] 1 0 OK; 1 not previously screened [v1.2]
all:"Trio-Spark" [v1.2] 0 0 OK; 0 not previously screened [v1.2]
all:"System-1" AND all:"decision model" [v1.2] 12 0 OK; 12 not previously screened [v1.2]
all:"decision models" AND all:typed [v1.2] 66 0 OK; 61 not previously screened [v1.2]
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S3 Risk-of-bias ratings by study
The risk-of-bias instrument for the ledger of Section 7 adapts the domain logic of PROBAST
[250] and QUADAS-2 [249] to typed probabilistic decision models and adds the concerns raised
by QUADAS-AI [206] and STARD-AI [205]. Its five domains are reference-label independence,
sampling and reporting, version pinning and run dates, tuning-budget parity and test-set exposure,
each rated low, unclear or high with a one-line justification from the full text or the extraction note.

Both sweeps were rated a second time, independently of the first. For the first sweep, a computer
scientist outside the author team screened all 22 arXiv candidates and agreed on 21, with a kappa
of 0.78. The same rater checked 40 randomly sampled ledger values against their sources, 38 of
which matched, and rated the domains of a random sample of studies, agreeing on 30 of 40 ratings
with a weighted kappa of 0.57. An earlier round without written anchors reached a weighted kappa
of 0.46, after which we wrote the anchors in the protocol of the companion repository from the
reasons recorded with the first ratings. The other 19 first-sweep studies were later rated by 5 further
raters blind to the first rating, who also checked one extracted value per study against its source.
They agreed on 60 of 95 domain ratings, with a weighted kappa of 0.44, and on 18 of 19 values. For
the second sweep, 10 second raters blind to the first rating together screened all 249 candidates
and rated the five domains for all 215 graded studies. They also checked 294 extracted values, at
least one per study, and coded the decision head of 36 census originals. They agreed with the first
rating on 235 screening decisions, with a kappa of 0.70, on 793 of 1066 domain ratings, with a
weighted kappa of 0.63, on 293 values and on 33 head codes, with a kappa of 0.87. The weighted
kappa was highest for sampling and reporting, at 0.74, and test-set exposure, at 0.71. It was lowest
for reference-label independence, at 0.46, and tuning-budget parity, at 0.51, the two domains that
ask how a study built its labels and chose its settings.

We adjudicated every disagreement of both rounds against the full text, which in the first round
changed six ratings and one extracted value. In the second round we first wrote rules for the cases
the anchors left open, now stated in the protocol, and then decided the 273 disputed domain ratings
under them. Of these, 149 kept the first rating and 124 changed, moving the overall grade of 30
studies. Adjudication also added 6 studies that the first screening had excluded, which were then
extracted and graded like the rest. It changed 2 head codes, and applying the same rule to every
census original changed 1 more. The later first-sweep round was decided under the same rules plus
one for model names without a dated snapshot, and 22 of its 35 disputed ratings changed. The 6
studies added at adjudication were then rated by 3 further raters, who agreed on 23 of 30 domain
ratings, with a weighted kappa of 0.62, and on 6 of 6 values. Adjudication kept the first rating in all
7 disputed cells. Every graded study, 248 in all, therefore has an independent second rating, and the
counts in this section describe the adjudicated ratings.
The overall grade follows a fixed rule applied mechanically. A study is graded low when all

five domains are low, or when exactly one is unclear and none is high. It is graded high when
reference-label independence or test-set exposure is high, or when any two domains are high, and
some concerns otherwise. Under this rule, 3 of the 248 studies are graded low, 103 some concerns
and 142 high. Our own studies [179–181] are graded by the same rules as every other study.
The grades are most sensitive to how public benchmarks are rated on test-set exposure. High

is reserved for verbatim items with answer keys from openly distributed benchmarks released
before 2026, since the training data of the hosted model are undisclosed and the study ran no
contamination check. Reading every such rating as unclear grades 3 studies low, 184 some concerns
and 61 high. Among those moving from high to some concerns are Li [104] and Yu and Yao [272],
whose only high rating is on exposure, and Zhang et al. [276], whose other high rating is on
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tuning-budget parity. The choice thus regrades several of the most carefully designed measurement
studies but no vendor or practitioner source.

Table S2 gives the domain ratings and overall grade of every graded study, citing grey-literature
sources under their main-text keys, and Table S3 gives the justification recorded for each high
rating.

Table S2. Risk-of-bias ratings for every ledger study on D1 reference labels, D2 sampling and reporting, D3
version pinning, D4 tuning parity and D5 test-set exposure, each high, unclear or low.

Study D1 D2 D3 D4 D5 Overall
Ahmed [1] high
Amit [2] high
Antunes et al. [4] some concerns
Asseri and Asseri [5] high
Azizi et al. [6] some concerns
Azizi et al. [7] high
Bailo [8] high
Bellver-Soler et al. [11] high
Besanson [12] high
Brom [16] high
Bru et al. [17] some concerns
Buecheler et al. [18] some concerns
Bukhari et al. [19] some concerns
Cao et al. [21] high
Chen [22] some concerns
Chen [24] some concerns
Chen and Li [23] high
Chen et al. [27] high
Chen [25] some concerns
Chen et al. [26] high
Chen et al. [30] some concerns
Chen and Le [29] some concerns
Chen et al. [28] some concerns
Cheng et al. [31] high
Cheng et al. [32] high
Chouhan and Perry [33] high
Chung et al. [35] high
Cinà [36] high
Dai et al. [40] some concerns
Dai et al. [41] high
Deka [42] some concerns
Demir [43] some concerns
Deng et al. [44] some concerns
Denney and DiGiuseppe [45] high
Deußer et al. [46] some concerns
Ding et al. [47] some concerns
Ding [48] high
Dinzinger et al. [49] high
Dong et al. [50] high
Rosario and Atef [189] high
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Study D1 D2 D3 D4 D5 Overall
dos Santos Barbosa [51] high
Du et al. [52] high
Duan et al. [53] high
Fadli et al. [56] high
Feng et al. [57] high
Fernandes and Pereira [58] some concerns
Gan et al. [60] high
Gao et al. [61] high
Gershon et al. [62] some concerns
Geuter et al. [63] high
Guo et al. [66] high
Guo et al. [65] some concerns
Ha et al. [67] high
Han et al. [69] some concerns
Han et al. [68] high
He et al. [70] some concerns
Hu et al. [72] high
Hu et al. [73] some concerns
Huang et al. [76] some concerns
Huang et al. [75] high
Huang et al. [74] some concerns
Huo et al. [78] high
Ibrahim and Zaki [80] high
Ichikawa [81] some concerns
Imperatrice et al. [82] low
Iqbal et al. [83] some concerns
Jiang et al. [84] high
Joy [85] high
Jung [86] some concerns
Khatri et al. [87] high
Khezresmaeilzadeh et al. [88] some concerns
Konak [89] some concerns
Kourtis and Xilouris [91] high
Kwartler et al. [92] some concerns
Lai et al. [93] some concerns
Lai et al. [94] high
Lan et al. [96] some concerns
Lan et al. [95] high
Lee et al. [97] high
Lee and Park [98] some concerns
Li [111] high
Li et al. [106] some concerns
Li et al. [114] high
Li and Xie [108] some concerns
Li et al. [109] some concerns
Li et al. [101] some concerns
Li [105] high
Li and Wang [107] high
Li et al. [116] some concerns
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Study D1 D2 D3 D4 D5 Overall
Li and Chen [110] high
Li [104] high
Li and Wagle [117] some concerns
Li et al. [115] high
Li et al. [102] some concerns
Li et al. [118] some concerns
Li et al. [113] high
Li [103] high
Li et al. [100] high
Li et al. [112] high
Li et al. [99] high
Lin [119] high
Ling et al. [121] some concerns
Liu [127] high
Liu et al. [124] high
Liu et al. [128] high
Liu [129] high
Liu et al. [130] high
Liu et al. [126] high
Liu et al. [122] high
Liu et al. [125] high
Liu et al. [123] high
Loi [133] high
Lu and Wu [134] high
Lucca [135] some concerns
Lukassen et al. [136] high
Lukauskas and Šarkauskaitė [137] high
Luo et al. [138] some concerns
Lyu and Xia [139] high
Ma et al. [144] some concerns
Ma et al. [140] some concerns
Ma et al. [142] some concerns
Ma et al. [141] high
Ma et al. [143] some concerns
Madrid-García and Merino-Barbancho [146] some concerns
Mazzoni and Failla [148] high
Mei et al. [149] some concerns
Messoudi and Mansar [150] high
Min and Chen [153] high
Mohebifar and Bit [155] high
Mu et al. [156] high
Munot [158] high
Nandakishore [159] high
Nandakishore [160] high
Pan et al. [164] some concerns
Panchal [165] some concerns
Paramasivam and Rajkumar [166] some concerns
Paschalides et al. [167] high
Pei et al. [168] some concerns
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Pelaseyed and Zabihi [169] some concerns
Perifanis et al. [170] some concerns
Polignano et al. [173] some concerns
Porcedda [174] high
Qian et al. [175] high
Qin et al. [177] some concerns
Qin et al. [176] some concerns
Rafe and Das [179] some concerns
Rafe and Das [180] low
Rafe and Das [181] low
Rahimi et al. [182] high
Rajput et al. [183] high
Rao and Callison-Burch [184] high
Ren et al. [186] high
Rezvani et al. [187] high
Robitza [188] some concerns
Sadoun et al. [190] some concerns
Saeed et al. [191] high
Sakhawat and Raiyan [192] some concerns
Santillana [193] some concerns
Sautenkov et al. [194] high
Severo et al. [195] high
Shankaranarayana et al. [196] some concerns
Sharma and Lall [198] high
Sharma et al. [197] high
Sheng et al. [199] some concerns
Shi et al. [200] high
Song et al. [201] some concerns
Song et al. [202] high
Song et al. [203] high
Sonthalia et al. [204] some concerns
Stambler [207] high
Steiner et al. [208] some concerns
Su and Huang [209] some concerns
Sudjianto and Burakov [210] some concerns
Sun et al. [211] high
Sun et al. [212] some concerns
Tan et al. [213] high
Tang and Chen [214] high
Teke [215] high
Teke [216] high
Teng et al. [217] high
Terven et al. [218] some concerns
Tommasino and Rinaldi [220] some concerns
Minh et al. [154] high
Vats [231] some concerns
Wake and Wagle [233] some concerns
Wang and Zang [242] high
Wang et al. [236] high
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Wang et al. [241] some concerns
Wang et al. [246] some concerns
Wang et al. [238] high
Wang et al. [240] some concerns
Wang and Gao [243] some concerns
Wang et al. [237] high
Wang et al. [239] some concerns
Wang [234] high
Wang et al. [245] some concerns
Wang et al. [244] high
Wang et al. [235] some concerns
Weng et al. [247] high
Wu et al. [252] some concerns
Wu and Lim [253] high
Wu et al. [251] high
Wu and Lim [254] some concerns
Wu [255] high
Xie et al. [256] high
Xu and Mei [258] some concerns
Xu et al. [260] high
Xu et al. [257] high
Xu et al. [259] some concerns
Yadav [261] high
Yamamoto and Kuroki [262] high
Yan [263] high
Yan [264] high
Yang et al. [267] some concerns
Yang et al. [266] some concerns
Yang et al. [268] high
Yang et al. [265] some concerns
Ye et al. [269] high
Yilmaz et al. [270] some concerns
You et al. [271] high
Yu and Yao [272] high
Zhan et al. [273] some concerns
Zhang et al. [277] high
Zhang et al. [280] some concerns
Zhang and Yu [281] high
Zhang et al. [274] some concerns
Zhang et al. [278] some concerns
Zhang [279] high
Zhang et al. [276] high
Zhang et al. [275] high
Zhao et al. [282] some concerns
Zheng and Chen [283] high
Zhong et al. [285] high
Zhou et al. [286] some concerns
Zhou et al. [287] high
Zhu et al. [289] high
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Zhu et al. [288] high
Zhu et al. [290] high
Zhuang et al. [291] some concerns
Zhuang et al. [292] high
Hume, Archer [77] some concerns
Bespoke Labs [14] some concerns
Palmer, Jared [163] high
Convai Innovations [39] some concerns
LocalLLaMA [132] high
Balian, Rob [9] some concerns
TypeSafe AI [230] high
Rauch [185] high

Table S3. The deciding reason for every domain rated high in Table S2, with its location in the study. D1 to
D5 are the domains of Table S2.

Study Domain Reason
Ahmed [1] D3 Clef-Flash is identified only by name and Hugging Face path with no revision

hash or API version string, and no run dates are given for the zero-shot API
runs (Section 4.1; Table 1).

D4 The fine-tuned Clef-Flash checkpoint (epoch 4) was selected on test accuracy
because no validation set was held out, while the TF-IDF baselines were tuned
by cross-validation on training data only (Section 3.3).

D5 Symptom2Disease is a public Kaggle dataset predating 2026 with labels re-
leased and no contamination check is reported (Section 3.1).

Amit [2] D5 Open-Jev (2025) and the xLAM, Aegis 2.0, ToolACE, WildGuard and repo
prompt-injection sources are public pre-2026 datasets with no contamination
analysis (Sections IV, VI).

Antunes et al. [4] D3 ndm-base is described only by its training stages (mmBERT-base through
stages 0, 1 and 2a) with no release identifier, checkpoint link or run date (Sec-
tion 10).

Asseri and Asseri [5] D5 Every scored item is a verbatim VSM 2013 question, and the Hofstede reference
scores it is compared with were public long before 2026, with no contamina-
tion check (Sec. 3.2; Sec. 3.3).

Azizi et al. [7] D1 The headline suite GuardBench has ground truth computed from generating
attributes, a synthetic procedure; public screening labels are undescribed (Sec.
5).

D3 Open models (laya-td, laya-en, laya-ml, von, rlcd, Qwen2.5) are named without
checkpoint revisions, hashes or run dates (Sec. 2).

D4 The positive policy phrasing was chosen for the attack experiments after
the wording turned out to matter, so that gates work before attack, a setting
selected after seeing results (Sec. 5 GuardBench).

Bailo [8] D1 Labels come from doomLaya’s rule-based oracle, a synthetic procedure the
author says a reasonable player can disagree with (Sec. 3, 6).

D3 Evaluated open models are identified by name and size only; no revision hash
or run date, and only the llama.cpp and doomLaya commits are pinned (Sec. 3).

Bellver-Soler et al. [11] D3 ASOM has no version or checkpoint identifier (weights ’upon acceptance’) and
the audio LLM and CLAP comparators carry no revisions or run dates (Section
1 footnote; Section 4).
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D4 ASOM’s design choices were made by ablation on the same Dev-select parti-

tion that supplies the headline scores and is ’used for model selection’, while
the zero-shot audio LLMs receive no tuning (Section 4 Evaluation data; Section
5.4).

D5 MSP-Podcast, CREMA-D, EmoBox corpora, EmoNet-Voice and EARS are public
pre-2026 datasets used with their released labels, the headline partition doubles
as model selection data, and no contamination check of the frozen encoders or
audio LLMs is reported (Section 4).

Besanson [12] D1 Error rates and verdict exposure are scored against the truth label of each
seeded synthetic record, a value fixed by the generator before the document
text is produced, so the reference is a synthetic procedure (Sec 6 Documents
and labels; Sec 5). [G5]

Brom [16] D5 MASSIVE and the four extension datasets are public pre-2026 sets used with
their gold labels, no contamination check is reported for Jev, and only exact
duplicates were removed from the Laya fine-tuning set (Sections 5, 9, 14).

Buecheler et al. [18] D3 Jev is pinned (jev-1.13-20260917, 30 September), but the evaluated GPT-4o and
GPT-4o mini were queried through rolling aliases rather than dated snapshots
(Sec. 4.7; App.

Bukhari et al. [19] D4 The hand-written 97-case set was consulted repeatedly and the v3 and v4
recipes were developed after inspecting earlier results on it, so it is not an
independent final test, and the ’Paper’ comparison columns come from a
different training condition (Sections 5 and 10; Table 1 caption).

Cao et al. [21] D5 In-distribution tests are converted items from public pre-2026 datasets (Vita-
minC, LCQMC, PAWS-X, FRAMES, BrowseComp-Plus) and no contamination
check is reported for Jev or Qwen, only split isolation of the authors’ own
training data (Appendix; Section 7).

Chen and Li [23] D1 The reference is the exact posterior computed by a generator for synthetic
finite worlds, a synthetic procedure (Section 4.1; Section 5.1).

Chen et al. [27] D2 No sample size, split, sampling design, interval, seed or repeated run is re-
ported for any configuration, and the Conclusion’s 93.54% on VoxCeleb1-O
disagrees with 93.7595 in Table 3 and the abstract (Section 4; Table 3; Conclu-
sion).

D3 The evaluated checkpoint is described only as an MoE decoder, with no check-
point name, version, release date or run date, and the text does not say whether
SFT or RLCD weights were scored (Sections 2, 3, 4).

D5 All 18 evaluation sets are public pre-2026 benchmarks used with their released
labels, the model is jointly trained on heterogeneous audio datasets including
MELD and VoxCeleb, and neither the per-set split nor overlap with training is
stated or checked (Section 1; Section 4.1).

Chen [25] D3 Table 5 lists compared endpoints such as cloudflare/clef, liquid/d1 and
inception/mercury-decide with no version or snapshot, and no run dates
are given (Table 5; App.

Chen et al. [26] D3 The evaluated models are the officially released AID weights and the authors’
UCM LoRA checkpoint with no version identifier, hash or run date (Section
III-A; Section IV-C).

D5 UCM, AID and NWPU-RESISC45 are public benchmarks predating 2026 used
verbatim with labels and no contamination check is reported (Section IV-A).

Cheng et al. [31] D3 MetaEncoder, OpenJev-27B and the embedding baselines are named with a
repository link only, no revision and no run date (Sec. 4.3; refs).

D5 JevBench, ImaJev, MMLU, MMMU and the other suites are public pre-2026
with answer keys and no contamination check; MetaEncoder training data are
not described (Sec. 4.1).

Cheng et al. [32] D1 the benchmark labels are generated by a simulator, a synthetic procedure.
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D3 No Jev version string anywhere; Jev replies were recorded by NanoJev or

run by an unnamed third party; own model named only as 1.0 (note Decision
models).

D4 this-that-model-1.0 trained on all 15 families of the benchmark it is scored
on while every comparator is zero-shot; the authors call it a weak scientific
comparison (note Test-set exposure; fulltext 4.3).

Chouhan and Perry [33] D3 Jev is called through the unpinned gateway alias typesafe-ai/jev that ’does not
expose a pinned semantic version’, so only run dates (2026-09-25 to 27) and the
vendor card’s Jev 1.13.0 figure stand in for a version (Appendix L; Limitations).

D4 The five-seed large-model run was launched only if base-model test accuracy
cleared a margin, and live test accuracy was seen during training (Limitations,
Selection and testing).

Chung et al. [35] D5 The nine benchmarks are public releases from 2019 to 2026 used with their
keys, and the authors state training exposure cannot be excluded with no
contamination check (Limitations; Section 3.2).

Cinà [36] D3 Jev is only ’jev-latest, September 2026’ with no version string or run date, and
the Laya checkpoint is ’open 421M’ with no revision (Section 4 Arms; Section
5.4).

D4 The 0.2-point matching bound behind the headline ’matches’ claim was fixed
after seeing the test results, a setting selected after seeing results (Sec. 4 Statis-
tics; Sec. 5.4).

Dai et al. [40] D3 Jev has no version identifier and no run date in the paper (Section 4.1, Table 2).
Dai et al. [41] D1 Reference probabilities are exact analytic class probabilities from simulated

text worlds, a synthetic procedure (Section 3; Appendix B).
D3 Only Jev carries a dated snapshot (typesafe/jev-1.13-20260917), while compared

models Clef and Solar Decide are listed by bare product name with no release
token (App.

Denney and DiGiuseppe
[45]

D5 The recall tasks (V-Dem v14, CHES, CMP, TEV) and the tweet and GTD sets
are public and predate the models, the authors say agreement may partly
reflect recall, and no contamination check is run (Sections Party positions and
Democracy indicators; note Test-data exposure).

Ding et al. [47] D4 The headline DecisionBench and typed-decisions Jev figures are third-party
leaderboard values, and Bongard is a trained system with temperatures fitted
on external development sets while Jev is zero-shot (Table 8; Sec. 6, 7.1).

Ding [48] D5 MMLU (2020) is a verbatim public benchmark with released answer keys and
the authors state their checks ’cannot rule out paraphrases or pretraining
contamination’ (Section 6.1).

Dinzinger et al. [49] D5 TREC DL and BEIR are public benchmarks with qrels released before 2026,
MS MARCO exposure of the reranker fine-tunes is acknowledged, and no
contamination check of the Qwen backbones is made beyond a zero-shot
subset defined by fine-tuning data (Section 4; Section 7).

Dong et al. [50] D1 Cases and decisions are authored by the researchers (synthetic) and the
transfer-set labels come from blinded AI review, not human adjudication
(Sec. V-A).

D4 The question clean control and the corrected full-trace audit were specified
after defects were found on the same cases, so their settings were selected after
seeing results (Sec.

Rosario and Atef [189] D4 Every prompt, threshold, grid and cascade parameter was chosen on the same
495-claim development split that is scored, with outcomes visible (Sec. 5; Sec.
12).

D5 LLM-AggreFact is a public benchmark released before 2026 and the authors
state neither system can be assumed uncontaminated, with no contamination
check (Sections 5, 12).
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dos Santos Barbosa [51] D2 One run per arm against a single target, no intervals anywhere, and the paper

states this itself: the results are observations that motivate the architecture, not
statistically powered experimental evidence (IX-A).

D3 The case study requests jev-latest with no patch-level build string, snapshot
hash or run date recorded anywhere in the paper (Table V).

D4 The reported re-test uses salvage and classification fixes chosen after fail-
ures on the same target (Sections IX-C, IX-E and IX-H, Table VIII. The earlier
matched setup does not remove this C2 trigger).

Du et al. [52] D5 Sources are mostly public pre-2026 datasets (MedQA, MIMIC, VitalDB, CTG,
MEDEC) used with their answer keys and no contamination check is reported
(Section 3; Appendix B).

Duan et al. [53] D3 Jev is given no version identifier in the main runs (Table 9 shows blank set-
tings) and ’Jev 1.13’ appears only for Sections 5.4.1 and 5.4.2, with no run dates
for any model (Table 9; Appendix C.3).

D5 JEVal is resampled verbatim from 36 public datasets whose answer keys pre-
date 2026, and no contamination check on the evaluated models is reported
(Section 3.2; Appendix B).

Fadli et al. [56] D5 NusaX (public since 2022) and NusaTranslation are verbatim public test sets
with released labels; the authors state closed models may have seen them and
no check is possible (Sec. 4.10).

Feng et al. [57] D5 LaMP-2 and MIND are public pre-2026 datasets with released labels, and the
paper does not discuss pretraining exposure of the Qwen backbone (Appendix
A.3; Appendix A.4).

Gan et al. [60] D5 The suite is built from public pre-2026 datasets with released gold labels, the
authors cannot exclude backbone exposure, and only train-test leakage was
checked with no contamination check of the pretrained backbones (Limita-
tions; Appendix A).

Gao et al. [61] D5 All 40 datasets are public pre-2026 sources with released labels and the authors
state they ’did not audit item-level overlap’ (Appendix B.2; Limitations).

Geuter et al. [63] D1 The headline OpenDecisions labels come from LLM authoring agents kept
only if a panel of three open models agreed, plus code-computed items and
panel-answered real requests, with no human labelling (Section 3 Labels, Table
1).

D4 The authors’ training recipe was selected on OpenDecisions, the very set
that carries the headline ranking, and each public system gets the better of its
original or recalibrated output (Section 5 Setup, Section 4).

Guo et al. [66] D5 Who&When is a public 2025 benchmark used with its annotations,
Who&When Pro is public, and no contamination check is reported (Section
4.1).

Guo et al. [65] D4 The text uses the in-sample best generic readout and selects a shared question
on both evaluated states (Sections 3.4 and 4.2, Figure 4).

Ha et al. [67] D4 For the perturbation results, each model uses the label-description configu-
ration with the best mean macro-F1 on the original test data (Sec. 5.2; Table
4).

D5 All 12 datasets are public corpora with released gold test labels, 11 of them
from before 2026 (ViANLI is cited to a 2026 journal article), and the paper
reports no contamination check (Section 3.1; Table 9).

Han et al. [68] D1 The reference is the logged next hop chosen by the production LLM agent fleet,
a model-generated label (Abstract; Sec. 5).

Hu et al. [72] D1 Of 862 reference labels, 586 are Jev’s own stable answers from ten repeated
runs, 41 are a three-LLM consensus and only 185 were human reviewed (Sec-
tion 3.1; Fig. 2b), so the target model largely labels itself.
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Huang et al. [75] D3 Mercury Decide, a hosted endpoint, is evaluated with no version identifier, Jev

carries only the minor version 1.13, and no run dates are given (Sec. 5.1; Table
2).

D5 Benchmarks are public pre-2026 sets with answer keys and no contamination
check, and the authors note that Torchcast 12B and Kev 9B were trained on
BANKING77, which contains Banking20 (Section 5.1, Appendix D).

Huo et al. [78] D1 Reference actions are sampled programmatically and every request is an LLM-
written description with no human validation, a synthetic procedure (Sec.
2.3).

D3 The comparator native JEV has no version, access date or API detail, and the
flagship LLMs carry no revisions or run dates (Sec. 3.2.1, Table 3).

Ibrahim and Zaki [80] D3 The Table 5 identifies the comparator as gemini-3.1-pro-preview without
resolving the preview tag further (Appendix A.5, Table 5).

D4 The paper selects the per-task best LLM on the same test items (Section 4.1).
D5 All 18 tasks are public benchmarks that predate the models; the authors state

contamination cannot be excluded (5, Discussion).
Jiang et al. [84] D1 Correctness is scored by a gpt-4o-mini LLM-as-a-judge against LoCoMo an-

swers (Table 1 caption).
D2 Item count not stated, single run, no seeds or intervals; the setup says two

benchmarks but only LoCoMo is reported (4.1; note n).
D3 No Jev version string and no dates anywhere (note Decision models; Appendix

B).
D5 LoCoMo is a public 2024 benchmark with released answers; exposure not

discussed (note Test-set exposure).
Joy [85] D5 TREC, CLINC150 and MASSIVE are verbatim public benchmarks released

before 2026 with training exposure ’unknown’ and no contamination check
(Section 8).

Khatri et al. [87] D3 Jev 1.13.0 and 1.14.0 are pinned and the census date is given, but the authors
state several evaluated identifiers are unversioned, e.g. d1 (Sec. 5; Sec. 7 Limita-
tions iii).

D5 Conflicts (2025) is a public benchmark with released labels, no contamina-
tion check is reported, and identical requests changed up to 9.4 percent of
predictions (Section 3; Section 7).

Kourtis and Xilouris [91] D1 All labels ’come from simulator rules’ in a synthetic 5G testbed corpus, a
synthetic procedure rather than annotation (Section V-B; Section IX item 5).

Lai et al. [94] D1 All items, rules and answers are synthetic, with a programmatic oracle return-
ing every label from executable arithmetic rules (Section 3; Appendix A).

Lan et al. [95] D3 Jev is queried as ’jev-latest’ with no resolved version and no run dates, only a
blog access date of 2026-10-01 (Section 3.2; references).

D5 All four benchmarks are public and mostly pre-2026 and used verbatim with
their labels, and the paper does not test contamination of the evaluated models
(Section 3.1).

Lee et al. [97] D5 MedQA, USMLE, DiagnosisArena and the NEJM vignettes are public pre-2026
items with released keys and the authors say pretraining overlap cannot be
excluded with no contamination check, while overlap of the MIMIC-IV Note
adaptation text with the MIMIC test patients is not discussed (Section 5).

Lee and Park [98] D4 The best of 28 pyKT baselines is chosen on test in every cell; it favours the
comparator, but it is still selection on test data (Table 1 note; Sec. 4.1).

Li [111] D5 CMMLU, C-Eval, TMMLU+, SeedBench, CROP and Ag-valuate are public pre-
2026 benchmarks used with answer keys; exact-overlap exclusion covers only
the authors’ training data and backbone pretraining exposure is unresolved
(Section 4.1; Appendix A).
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Li et al. [114] D5 VAST (2020) and ZS-CSD (2025) are public test sets with released labels and no

contamination check (Sec. 4.1).
Li and Xie [108] D4 PPLX and Jina were chosen after exploratory outcomes, the input-budget

settings and margin were set after seeing BRIGHT results while Jina ran at
default (a tuned Jina is only a control), and a higher-scoring Winnow-12B was
dropped without documented reason (Section III-B; Section IV-C; Section V).

Li et al. [109] D3 Commercial Jev has no version or run date, and its initialization source is ’Not
publicly confirmed’ (Table 3).

Li et al. [101] D4 the comparator interface was changed and chosen after seeing the first evalua-
tion results.

Li [105] D2 Counts do not reconcile, since points A to F sum to 3,620 (RAG relevance n =
1,920) against a stated 2,100-case suite, and no tally matches 7,283 base cases
(Abstract; Sec. 4; Table 1).

D5 All 18 sources are public pre-2026 and the author says near-perfect scores on
popular sets ’may partly reflect exposure’, with new controls on only three
decision points (Section 8).

Li and Wang [107] D5 BANKING77, MASSIVE and Mind2Web are public 2020-2023 benchmarks used
with their labels, the curriculum includes similar intent-selection data and no
contamination check is reported (Section 4; Appendix C.1).

Li et al. [116] D4 The text adds model families after earlier results were known and evaluates
them on the same 1,312 items (Section 3, What was frozen and when).

Li and Chen [110] D4 The headline 95.4% uses curated avoidance menus on the 500 CLINC150 test
items, built with the gold label offline, against a 4B model on the full menu (Sec.
5.3; Sec. 6).

D5 CLINC150, MMLU, ARC and the other sets are public benchmarks from 2018 to
2021 with released answers, and no contamination check is reported (Appendix
A; note Exposure).

Li [104] D5 public pre-2026 datasets where contamination could not be ruled out.
Li and Wagle [117] D4 Training mixtures were iterated using error analysis on public JevBench

samples, items later reported as test results, and the baselines are finished
systems with their own training (Section 3.5).

Li et al. [115] D1 Gold actions and probe answers are stored labels computed by program from
simulator state or databases (shortest plans checked by breadth-first search)
and matched against model choices (Sec. 3).

D3 OpenAI Decisions is evaluated as an unversioned public-beta endpoint with no
version identifier, even though Jev and the open-weight systems carry release
names or pinned revisions (Table 1; Sec. 4).

Li et al. [113] D4 The Prompt Guard 2 threshold is set at the 99th percentile of its scores on the
same clean cases used for reporting, a setting tuned on test data (App.

D5 Cases are verbatim public benchmark items (JailbreakBench 2024, InjecAgent
2024, a public phishing corpus) and the cookbook battery is used as published,
with no contamination check (Section 4.2).

Li [103] D4 The released Iris numbers use a checkpoint and an abstention margin chosen
on the cross-task test split, while the retrained OneJev baseline is reported at
its final checkpoint with a different LoRA rank (r=64 versus r=32) (Section 5.4;
Table 2; Appendix A).

D5 Test steps are verbatim public Multimodal-Mind2Web and MMEB-V2 items
with public gold labels from before 2026, no contamination check of the
Qwen3.5 backbone is made, and the cross-task split also served for selection
(Section 4; Section 5.4).
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Li et al. [100] D1 Correctness on the constructed access-policy, placement, contract-catalogue

and route tasks is the minimum-cost feasible selection or justified refresh or
escalation computed by complete feasibility and cost predicates, a program-
made reference compared with each model’s answer (Sec IX; Tables IX, XI, XII
captions). [G5]

D3 Jev appears only as the minor version Jev-1.13 on the authors’ own tasks with
no run date, and the MiniLM re-ranker compared on the contract task is a bare
name with no checkpoint, so one compared system has no version identifier
(Sec VII model-version paragraph; Table X; Table VII caption). [G2]

Li et al. [112] D3 No Jev version string or run date appears; only source access dates (30 Sep
2026) are given (Sec. 3.1; App. C).

D5 All 13 benchmarks are verbatim public pre-2026 sets with released answer keys
and no contamination check (Sec. 3.1, 3.2).

Li et al. [99] D1 Verifier labels come from GPT-5.4 annotation with unreported human veri-
fication, and the downstream score is a GPT-5.4 composite (Sec. 3.4, 4.1, 4.3,
7).

Lin [119] D1 The 324-item frozen holdout is ’synthetic, model-labelled’ with labels from the
same family of models as the training labels (Section VIII; Section V-A).

Liu [127] D1 Candidates are authored mutations of DROP and GSM8K answers whose
required verdict follows from a construction certificate, a synthetic procedure
with no human adjudication (Sec. 3; Eq. 1).

Liu et al. [124] D5 All three datasets are public pre-2026 logs (Goodreads, HetRec LastFM 2011,
Amazon Reviews 2023) with no contamination check, and the authors say cold
items may have appeared in LLM pretraining (Section 4.1; Appendix A.2).

Liu et al. [128] D3 Only Jev (1.13.0) and pplx (v1.1) carry versions, while d1, clef, GPT-6 Luna and
the gpt-6-sol reference have only unversioned aliases marked not reported, and
no run dates are given (Appendix B, Table 5).

D4 Cascade members, order and deferral rates are chosen on the same evaluated
items, and five-fold cross-fitting covers only the rates (Sec. 3.4; Limitations).

Liu [129] D5 R-Judge (2024) and AgentHarm (2025) are verbatim public benchmarks with
released labels, and the paper says they ’may overlap training data’ without a
contamination check (Section 8).

Liu et al. [130] D5 MMEB-V2 (VLM2Vec-V2, 2025) is a public benchmark used verbatim with
released relevance annotations and no contamination check, and ViDoRe V3
(2026) is public too, so the high rating rests on MMEB-V2 (Section 4, references
22 and 24).

Liu et al. [126] D5 All 13 sources and Dreaddit are public pre-2026 datasets used with their re-
leased labels, zero-shot Jev and the Qwen backbones may have seen them, and
no contamination check is reported (Section 3; Section 5.7).

Liu et al. [122] D1 Decision labels come from an LLM extracting rules and generating synthetic
patients, cross-verified by a different model family with two further families
for disputes, and grading labels are code-computed from sampled parameters,
with no clinician adjudication (Section 3.1; Section 6).

Liu et al. [125] D3 The Jev model identifier and version are not reported (only ’Jev AI (2026)
developer documentation’) and no run dates are given (Section 4.5; References).

D4 ’The gate configuration was selected on these layouts, making this a
development-set evaluation’, so the Jev condition was tuned on the same
layouts used for the comparison (Section 4.5; Section 5).

Liu et al. [123] D3 Decider-4B and Decider-2B are named with no version, revision or checkpoint
hash and no run dates (Section 5.1, Table 1).

D5 TSQA is a public 2025 benchmark whose test items and answers predate 2026,
with no contamination check (Section 5.1).

Loi [133] D3 The returned alias does not identify a verified served version (App).
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D4 Topics were chosen partly because earlier explorations made them promising,

16 repetitions were adopted after reviewing earlier results, and two ratings
were admitted retrospectively (Sec. 3; App.

Lu and Wu [134] D5 All five sources are public pre-2026 datasets used verbatim with labels, the
paper states pretraining overlap is unknown and no contamination test is run
(Section 4.1; Limitations).

Lucca [135] D2 The relationship column of Table 1 sums to 239 against the stated corpus of 231
emails (the type and urgency columns sum to 231), so the reported counts do
not reconcile (Table 1; Section 5).

Lukassen et al. [136] D1 Better and worse responses are fixed by construction, with GPT-4-Turbo
writing both fact-related responses and alignment pairs taken from preference
datasets, a synthetic procedure (Sec. 3.1 Data).

D3 The compared TDM Clef is returned only as the bare string cloudflare/clef with
no version or date, while timing is given only as early October 2026 (Sec. 3.2;
Table 6).

D5 All items are public CALM items (released 2025) from older public datasets,
and the authors state the models may have seen some of them, with no contam-
ination check (Limitations).

Lukauskas and
Šarkauskaitė [137]

D3 Most decision models resolve to dated versions, but Clef and Clef Flash resolve
only to cloudflare/clef and cloudflare/clef-flash with no version (Table 13; Sec.
4).

D5 The human survey data have been public since 2020 and the authors state they
did not test the decision models for memorisation; the C0 argument is indirect,
not a contamination check (Section 7 Memorisation).

Lyu and Xia [139] D5 Amazon Reviews 2023 leave-last-out splits, whose interactions predate 2026,
are used with the public held-out item as the answer; the authors note possible
familiarity but run no contamination check (Sec. 4.1; Sec. 6.2).

Ma et al. [140] D4 Larger pruning budgets were selected as the largest budget keeping 90% reten-
tion using scores on 128 questions per public set and all 188 LIBERO frames,
which are test data; only the six-block default was fixed in advance (Sec. 4.6,
App. B.2).

Ma et al. [141] D1 Wrong-value labels on CFB and FinTrace come from the authors’ rule-based
construction and FCRB labels from the BFCL checker program, with only a
100-item human audit (Sec. 3.2; Appendix A).

D5 FCRB and ComplexFuncBench are public 2025 benchmarks with released
labels and FinTrace is a public April 2026 resource; no contamination check is
reported for Jev (Section 3.2).

Ma et al. [143] D3 Jev is named only through ’Decision model documentation’ accessed 2026-
10-02 and no model version, API access or run date is reported (Section 1;
reference 33).

Mazzoni and Failla [148] D5 PluRule, OLID, HateXplain, HateModerate and ModerationBench are public
datasets with released labels from before 2026 and no contamination analysis is
reported (Section 3.1; note Exposure).

Mei et al. [149] D4 MC11 is the evaluation benchmark, and the one-epoch lower-rate recipe used
for every compared model was chosen from MC11 training-recipe diagnostics
(Sec. 5.4; Table 4).

Messoudi and Mansar
[150]

D3 Evaluated endpoints upstage/solar-decide and respan/span-01 carry no version
or snapshot, Jev is typesafe/jev-1.13 only, and the run window is approximate
(App.

D5 Five of six datasets are public pre-2026 benchmarks used with released labels
and the authors state they cannot rule out contamination for API models, with
no check run (Ethical Considerations; Table 1).
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Min and Chen [153] D5 Items are the verbatim AppWorld test-normal split and OfficeBench tasks,

both public since 2024 with evaluation checks, and no contamination check is
reported (Sec. 5.1).

Mohebifar and Bit [155] D1 References are synthetic, generated by GPT-6-Sol, and only 150 of 1,968 cases
were engineer-reviewed with no final adjudicated key (Section III; Section
III-A).

Mu et al. [156] D1 Labels come from the simulator’s event generator in stochastic EPANET runs,
and one hydraulic model generates both events and the digital twin (Sections
2.1, 4.4).

Munot [158] D5 MetaTool (2024), HotpotQA (2018) and LexGLUE ECtHR (2022) items are used
verbatim with public answer keys, and no contamination check is reported
(Section 2 Datasets; Limitations).

Nandakishore [159] D5 RewardBench, RewardBench 2, RM-Bench, JudgeBench and HaluEval are
public 2024 and 2025 releases with answer keys and no contamination check is
reported (Section 3; note Exposure).

Nandakishore [160] D1 Gold is the mean of three samples from a roughly 4B-class teacher endpoint
and ’every number in this paper measures teacher agreement on synthetic
cases’ (Section 3.2).

Pan et al. [164] D3 Jev and every other decision model are named without any version or revision
identifier and the only dates are documentation access dates of 13 October
2026, with no run dates (Table 1; Appendix B.3-B.4; references).

Paramasivam and Rajku-
mar [166]

D3 Hosted Jev is cited only by a documentation URL with no version string or
access date, and the RubriX checkpoint has no hash (Section 4.3; reference 25).

Paschalides et al. [167] D5 Dynamic, MHS, HateXplain and HateCheck are public 2019 to 2021 datasets
used on their test partitions, and the authors state prior training exposure
remains uncertain with no contamination check (Section 5.1).

Perifanis et al. [170] D3 Jev’s version string is not reported anywhere in the text, Laya’s version is not
stated, and run dates are not given (Section 4.12; References).

Polignano et al. [173] D4 All design choices were made on the same development users that are reported,
baselines are the authors’ own implementations, and the Jev comparison is
zero-shot versus Kev trained on in-domain records, with fresh-user confirma-
tion not yet scored (Section 6.3, Section 9.2).

Porcedda [174] D1 Reference probabilities are exact by construction from templated problems, a
synthetic procedure (Section 2.1).

D3 No Jev version identifier and no run date appear anywhere in the paper.
D4 The inverse uncertainty map is fitted on the same 365 items it is scored on,

with no held-out split, while SemIf gets no comparable adjustment and its
setup is not described (Sections 3.1, 4, 5).

Qian et al. [175] D5 GSM8K, MATH-500, AIME, AMC, GPQA-Diamond, SUM and UMWP are
public pre-2026 benchmarks with answer keys and no contamination check
(Section 4.1).

Qin et al. [176] D4 The model is trained on 12.3M QA drawn from SAT, RefSpatial and VST-P
sources that overlap the evaluation benchmarks while generalist baselines are
not, and the token cap differs between early (8,192) and later (32,768) runs (Sec.
4.1; Appendix D).

Rahimi et al. [182] D1 References are exhaustive-search optima and a utility from the authors’ own
simplified numerical simulator, a synthetic procedure on simulated channels
and intents (Section IV-B, IV-C).

D3 No Jev version, model ID or run date is given, the comparators are named
only ’GPT-Sol’ and ’Qwen’ without identifier, and only a blog access date of 23
September 2026 appears (Section IV-A; References).

Rajput et al. [183] D5 BANKING77, CLINC150 and AG News are public benchmarks predating 2026
used with their labels and no contamination check is reported (Section 3.2).
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Rao and Callison-Burch
[184]

D4 The 5-point parity margin behind the headline replacement claim is post
hoc, and cascade gains are also reported at oracle thresholds chosen on the
evaluated pairs (Sec. 3.4; Sec. 6; Table 3).

D5 All nine panels come from public benchmarks that predate 2026 and the au-
thors say a judge may have seen the items or labels, with no contamination
check (Limitations).

Ren et al. [186] D1 Every test prefix receives its scenario ground truth (Section 4 Data, Appendix
B. G5 gives high).

D4 The recipe was chosen from about ten variants scored on the test set (’selected
with test-set exposure’, Abstract; 4 Model selection) while the judge prompt
was untuned.

Rezvani et al. [187] D5 CyberSecEval Instruct (Meta, 2023) is a public pre-2026 benchmark with re-
leased CWE labels and no contamination check is reported (Section III-A1).

Robitza [188] D4 Input states were ’iteratively improved’ over five versions in the author’s own
tests, and the headline uses S4, while comparators were trained with leave-one-
source-out CV or are fixed standards (III-D, III-E).

Sadoun et al. [190] D3 No Jev version string is given and only a documentation access date (2026-09-
26) appears in the reference list (Appendix M; reference list).

Saeed et al. [191] D5 All data are public pre-2026 Hugging Face benchmarks (AG News, SST-2,
BoolQ, ARC, Banking77, CLINC150, MMLU) with no contamination check
(Section 4; Data and Code Availability).

Sautenkov et al. [194] D1 The reference is the known location of a synthetic incident composited into
satellite maps, a synthetic procedure, scored by a footprint-overlap rule (Sec-
tion 4 Scenarios and maps; Measures).

D4 The only decision system’s questions and thresholds were chosen on the
benchmark maps used for reporting with no held-out set, and collision and
oil-spill questions were refined after the first runs and the Gemini missions
repeated (Section 4 Protocol; Section 6).

Severo et al. [195] D2 The abstract and highlights report a 300-flow pilot with 5,400 decisions and
GPT-5.6 Luna (F1 0.859), but the body reports 2,000 flows, 6,000 decisions per
finite k and Gemini 3.6 Flash (F1 0.856), so the headline counts do not reconcile
(Abstract, Section 5.3, Table 2).

D5 NSL-KDD (2009) is a public benchmark with released labels and no contamina-
tion check is reported (Section 5.3).

Sharma and Lall [198] D1 Accuracy is graded CORRECT/WRONG by a gpt-4o-mini LLM judge, and the
human sensitivity grading covers only the 141 judge-discordant questions and
was done by the first author (Section 4 Stack; Section 5.4).

D5 LoCoMo (2024) and LongMemEval are verbatim public benchmarks with
released answers, and the ’held-out’ conversations were only unrun by earlier
systems, with answer-model exposure unaddressed (Section 4).

Sharma et al. [197] D1 Labels are computed by executing a stated rule over declared facts in program-
matic generators, a synthetic procedure (Sec. 3.2).

Sheng et al. [199] D3 Jev is ’accessed through its official API’ with no version identifier and no run
date, only a vendor-blog access date of 2026-09-26 (Section 5.1, reference list).

Shi et al. [200] D5 iNews (ACL 2025) test items are used verbatim with released ratings, and no
contamination check is reported for any evaluated model (Sec. 3; App.

Song et al. [202] D5 ReviewCritique (2024) and ReviewScore (2025) are public datasets used verba-
tim with released labels over papers that may be in model training data, and no
contamination check is reported (Section 3.2; Ethical Considerations).

Song et al. [203] D5 All four datasets are public pre-2026 benchmarks used verbatim with released
answer keys and no contamination check is reported, although the design
targets presentation sensitivity rather than absolute accuracy (Section 2.1).
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Stambler [207] D1 Gold solutions for the 128 puzzles and 47 transfer puzzles are produced by a

generator (synthetic), and the form labels were written by the author except 41
SpreadsheetBench-derived fills, not independently validated (Sections 4.1 and
7; Appendix A).

Steiner et al. [208] D4 The prompt F0 for each model and benchmark is the one with the highest
test-set F1 and is reused in the calibration, cascade, cost and published-results
comparisons (Sec. 4; Table 6).

Sun et al. [211] D5 BrowseComp-Plus and NeuCLIRBench are public benchmarks released in 2025
with answer keys and no contamination analysis (Section 4.1).

Sun et al. [212] D3 No version string for any of the three models in the text; checkpoints are
deferred to the harness and the hosted model was reached ’at one point in time’
(footnote 2; 7).

Tan et al. [213] D1 Attack success is scored by two model-based evaluators, the HarmBench classi-
fier and the fine-tuned StrongREJECT evaluator, with no human adjudication
of the outputs (Section 6.1; Appendix A.5).

Tang and Chen [214] D5 Test states are verbatim images and labels from public pre-2026 datasets such
as MedMNIST, only re-split by the authors, and no backbone contamination
check is reported (Sec. 4.1; Appendix A).

Teke [215] D1 Gold is mostly AI-made (ai_ensemble_unanimous 1,659 and ai_rubric_agreed
1,157 of 4,275 questions), with only 252 owner-blind, 181 court-record and a
few other human labels (Section 3.1, Table 2).

D4 The author’s own ufakzeka-karar had data shaped by reading test results in
guardrails, moderation and customer support, so a compared system was tuned
on test items (Sections 6, 7).

Teke [216] D1 Most HakemBench gold was settled by passes of AI models and only 260
questions carry human-decided gold, while the support development set and
human check are answered by one person, the author (Section 6; fulltext
Section 8).

D4 Run 3 was trained on data aimed at Run 1’s errors on the full test set and its
protocol was fixed after reading Run 2’s test results, while comparators are
zero-shot, and the author flags the numbers as ’shaped by reading the test
results’ (Sections 4 and 6).

Teng et al. [217] D5 Banking20 and Newsgroups test items come verbatim from public pre-2026
datasets (2020, 1995) with labels, and no contamination check is reported (Sec.
5.1).

Minh et al. [154] D5 Dataset B, BUSI and BUS-BRA are public pre-2026 image sets with released
labels, and the authors state the evaluation cannot determine training exposure
(Sec. 5.4).

Wang and Zang [242] D1 Scoring uses BBH and MuSR answer keys from templated or generated rea-
soning tasks (coded synthetic in the ledger; the paper does not describe prove-
nance) plus a human-designed object-placement workflow (Section 4; Appen-
dix H).

D4 The three best of six BBH tasks were chosen after inspecting broader results
including held-out results, the truth-chain program was refined by agreement
on ten development inputs, and the task-conditioned envelope is post hoc, so
the authors say estimates describe selected task families (Appendices C and H).

D5 BBH (2022 to 2023) and MuSR (2024) are public benchmarks with released
answers and no contamination check is run for the teacher or Qwen, and
development inputs were reused in admission checks (Appendix H).

Wang et al. [236] D2 Per-dataset sample counts, splits, window lengths and call counts are not
reported, no interval or repeat accompanies any score, and the exclusion of 14
archive datasets as ’datasets with available scores’ is unexplained (Section 4.1;
Table 1).



22 Rafe and Das

Study Domain Reason
D5 UCR, UEA, EasyTPP, ETT and stock series are public archives from before 2026

with released labels, and no contamination discussion is given (Section 4.1;
references).

Wang et al. [241] D3 CalOn, the evaluated model, is named without any version, release tag or
weights link (printed as CalOn in Table 4), and the InstructUIE baseline is the
bare name ZWK/InstructUIE, so compared systems carry no version identifier
(Table 4; Table 10). [G2]

Wang et al. [246] D3 Hosted Jev has no version identifier anywhere, only a reference accessed
2026-09-27 (Sec. 4.1; reference list).

Wang et al. [238] D1 Ground-truth decisions come from GPT-4o-generated application states built
so that truth differs from the attacker target, and the model-extraction refer-
ence is Jev’s own answers (Sections III-A3, IV-A3; Appendix C).

D3 No Jev version string, model ID or query date is given for the official API, only
’as of September 2026’ for a download count (Section IV-B; Section I).

Wang et al. [240] D3 JEV is named with no version string or access date in the text read (Sec. 4.2,
5.1).

Wang and Gao [243] D3 The JEV version identifier is not reported and the four generative judges are
named with no revision, temperature or run dates (Section 3.2; Section 4.2;
Appendix C).

Wang et al. [237] D3 Jev is cited only as ’TypeSafe AI, 2026’ with no version string, provider or
run date; the only date is a documentation access on 2026-10-12 (Section 5.1;
references).

D5 MATH, MBPP+, API-Bank and IDRBench I3 are public pre-2026 benchmarks
used verbatim with released tests and answers, and no contamination check is
reported (Section 5.1; Appendix C.3).

Wang [234] D4 Mnemon was developed on LoCoMo and LongMemEval-S and consolidation
was designed after seeing HaluMem and BEAM-100K results, while the 14 com-
pared systems enter as published numbers under a different grader (Sections
6.1, 7).

D5 All benchmarks are public pre-2026, ’none of the benchmarks is held out’, and
no contamination check is reported (Section 7).

Wang et al. [244] D5 GPQA-Diamond, SuperGPQA, MedQA, MedXpertQA and MMLU-Pro are
public pre-2026 benchmarks with released keys, and the authors state exposure
and label errors remain possible with no contamination check (Limitations).

Wang et al. [235] D3 The hosted TypeSafe Jev has no version reported, UniJev has no release identi-
fier, and selected revisions for released baselines are recorded only in a registry
outside the text (Table 2; Appendix A).

Weng et al. [247] D3 JevBench commit and Jev 1.13.0 are given, but the compared DeepSeek Flash,
a hosted endpoint, carries no version identifier and no run dates are reported
(Table 3; Sec. 6).

D4 The 35B was chosen when two builds’ public scores (79.3 versus 80.2) were
known, the 1B and drill arm were designed after seeing public-item failures,
and 15 of 52 comparators were selected by the authors (Section 9, Selection).

Wu et al. [252] D4 alpha = 0.5 and T = 10 are stated with no separate selection data, and alpha =
0.5 is the row of the Table III sweep that the text says identifies a ’sweet spot’,
a sweep run on the same 100 scored episodes per dataset that every ablation
reports, drawn from the evaluation benchmarks, while the replanning interval
of 25 steps is ’empirically’ chosen on unstated data and Table I does not say
whether the baselines were re-run (Sec IV-A; Sec IV-C; Sec IV-C.2, Table III; Sec
III-E; Sec IV-B). [C2]

Wu and Lim [253] D1 Safe and attacker-target actions are fixed in advance by the InjecAgent con-
struction and the model’s single selection is compared with them, a precom-
puted synthetic label (Sec. 3.1; Sec. 3.2).
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D5 The reconstruction keeps InjecAgent (2024) user goals, attacker goals and

attack text verbatim with known attacker-target tools, and no contamination
check is reported (Sec. 3.1).

Wu et al. [251] D1 Gold actions are generated offline by fixed policy rules in two synthetic
workflows and approved by the project owner, a synthetic procedure with
no blinded human review (Section 4.1).

D4 Coverage-matched probability thresholds were set from the evaluation clean
scores and the scope-aware repair was designed after seeing the original gate
fail on the same tasks, so the compared gates were selected after seeing results
(Section 4.3; Section 5.6; Appendix A).

Wu [255] D4 Baseline figures are copied from Wu et al. (2026) and Sun et al. (2026) and not
rerun, and MuSiQue ’was also used during method development’ (Table 1
caption; Sec. 5.2, 5.5).

D5 All questions come from public multi-hop datasets (MuSiQue, 2Wiki, Hot-
potQA) and a public 2026 enterprise benchmark, with no contamination check
(Sec. 4.1, 5.5).

Xie et al. [256] D5 Inputs are verbatim CLINC150, BANKING77 and TREC test texts with their
public pre-2026 labels, which fix the required outputs, and no contamination
check is reported (Sec. 3; Appendix A).

Xu et al. [260] D5 The seven datasets (MMLU-Pro, SuperGPQA, MuSR, ToMBench, LAR-ECHR,
SATA-Bench, BFCL V4) are public pre-2026 benchmarks used verbatim with
gold answers and no contamination check is reported (Section 4.1; Appendix
B.2).

Xu et al. [257] D4 All rules receive the same inputs and release guards, but the relaxed signed-
number baseline was added post hoc after inspecting verifier results and the
verifier predicate was written after inspecting retained labels, so the evaluation
is retrospective by the authors’ account (Section III-A).

D5 FinQA test and train splits are public 2021 releases with answer keys and the
authors place training contamination outside the evaluation’s scope (Section
VI).

Yadav [261] D3 The audited model is anonymized with no name, version or run date, and the
14 frontier models are named without versions or dates (Section 1 footnote;
Section 4.2; Limitations).

D4 HateBERT, Detoxify-unbiased, Perspective and the TF-IDF model were trained
on Civil Comments labels that include the evaluation set, which the paper flags
as contaminated (Sec. 3; Table 4).

D5 Civil Comments is a public 2019 corpus with released rater fractions, the
author states it may overlap training data, and the out-of-distribution set is not
a contamination check (Limitations; Section 4.7).

Yamamoto and Kuroki
[262]

D4 SummEval was used during method and probe development and is also the
main evaluation, so the design was selected after seeing results on it; budgets
are also unmatched (App.

D5 All benchmarks are public pre-2026 sets (SummEval 2021 to JudgeBench 2025)
with released labels, and the authors state contamination cannot be ruled out,
with no check (Limitations).

Yan [263] D3 Hosted Jev has no version or run date, and all baseline numbers are imported
from the Chinese-Jev paper rather than rerun (Sec. 4.5).

D5 CJ-Bench is built from public pre-2026 datasets, was evaluated in full for 14
checkpoints and six files, and the authors state no pretraining-contamination
check was run (Sec. 7).

Yan [264] D4 The aggregation rule and feature-subset size were selected after exploratory
comparisons, and the authors say results need confirmation on an independent
test partition (Sec. 4.3).
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D5 AG News (2015) and TREC (2002) are public benchmarks with answer keys and

no contamination check (Sec. 4.5).
Yang et al. [268] D1 Worlds and protected mechanisms are AI-generated and screened by three

LLM judges, with authored cost units, so the labels are synthetic (Sec. 4.1, 4.3;
Appendix B.4).

D3 Clef, Clef-flash and d1 are recorded only as clef, clef-flash and d1 with no
version, and no run dates are given for most systems (Table 9; App.

Ye et al. [269] D1 The headline reference is exact arithmetic on 64 author-generated expressions
(seed 20260923) checked by an exact-rational evaluator, a synthetic procedure,
with only three FRED index dates as external references (Section 4; Appendix
B).

Yilmaz et al. [270] D3 No version or date is given for Jev, whose numbers are quoted from Laya’s
report, and LAVOIR has only the moganai/lavoir weights with no revision or
run date (Table 3 caption; Section 6).

You et al. [271] D3 Jev is identified as jev-1.13.0 with access dates, but the compared DeepSeek
model is served as deepseek-flash with no version identifier (Sec. 3.2; App.

D5 HealthBench (2025) items are scored verbatim from the official open-source
evaluation file, and the authors state training exposure is unknown with no
contamination check (Sec. 3.5; Sec. 6).

Yu and Yao [272] D5 GQA, SNLI-VE, TextVQA and TallyQA are public 2019 benchmarks and the
backbone’s pretraining data are undisclosed (note Test-set exposure).

Zhang et al. [277] D5 Items are public pre-2026 benchmark records (BANKING77, 20 Newsgroups,
MASSIVE) plus public JevBench and BEV subsets, and the paper reports no
contamination analysis (Sec. 6, 7).

Zhang and Yu [281] D5 All eight datasets are verbatim public benchmarks released before 2026 with
answer keys and no contamination check, and HD has only 50 test items
(Section 4.1; Table 1).

Zhang et al. [274] D3 Hosted TypeSafe Jev has no version string or run date and CS1-4B has no revi-
sion, while the open comparators are named with reference implementations
and only a few model-card revisions such as JEV-27B (Methods 0.13, references
24 and 25).

Zhang et al. [278] D4 Components were chosen for JevCoder from component studies on samples
drawn from the same 200+200 tasks that the full workflow is then scored on,
so the system was selected after seeing results on its test tasks (Appendix D.4
Component selection for JevCoder).

Zhang [279] D3 No version string, run date or endpoint identifier is given for Jev, although the
VLM comparator has an OpenRouter ID (Section 2; Section 5.1).

D5 AndroidWorld is a public benchmark whose tasks and checkers predate 2026
and no contamination check is reported (Section 5.1).

Zhang et al. [276] D4 The text explicitly adds Sonnet, Haiku and Terra after inspection of earlier
results (Sections 3.1 and 3.2, Limitations).

D5 ContractNLI (2021) is public; ’an official held-out split does not establish
absence from model training data’ (Limitations).

Zhang et al. [275] D5 All three benchmarks are public and predate 2026 and are used verbatim with
their answer keys, with no contamination check reported (Section 2.2, Table 2;
note Task and data).

Zheng and Chen [283] D5 ProofWriter, LogiQA 2.0 and ARC-Challenge are public pre-2026 benchmarks
used verbatim with their answer keys, evaluation items come from official
training or test files, and no backbone contamination check is reported (Section
4.1; Appendix A).

Zhong et al. [285] D1 Reference answers are computed by programmatic generators with exact
ground truth, a synthetic procedure under the anchor, although free of annota-
tion noise (Sec. 3.1, 4.1).
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D3 No Jev version identifier or run date is given; the evaluated build is only im-

plied by a documentation reference accessed 2026-09-25 (Sec. 3.2; reference
list).

Zhou et al. [287] D5 MMLU, GSM8K, AQuA, MultiArith, SVAMP, HumanEval and WebSRC are
public benchmarks with released answers and no contamination check is
reported (Section 5.1; note Exposure).

Zhu et al. [289] D3 Jev is pinned as v1.13.0, but Table 3 lists Kev and Laya with no size, checkpoint
or version although both come in several sizes or checkpoints (Table 3; refs.
[17], [22]).

D4 Intern-Decision is fine-tuned on a 17,880-sample corpus that includes the AG
News, ToolACE, Typed Decision and WildJailbreak sources it is scored on, with
temperatures fitted only for it, while baselines are used as is (Table 1; Table 4
caption; Appendix B).

D5 Four of the seven suites are public pre-2026 datasets that are also training
sources, public Jevbench ’has informed development’, and the only overlap
check covers the pilot (Sec. 4.2, 5.1).

Zhu et al. [288] D1 The central DecisionGym benchmark is the authors’ simulated desk whose
answer key is derived from scripted plans at every reachable state, a simulator-
computed synthetic reference, and the public BFCL and When2Call labels are
not described (Section 3; Appendix D).

D3 Jev is given as typesafe/jev-1.13, but the compared OpenAI hosted Decisions
API is identified only as a service with no model or version (App.

Zhu et al. [290] D4 Ablations run on the same complete test sets decided the adopted design, the
MLP removal and the two-stage schedule, so settings were selected after seeing
test results (Sec. 3.4; Tables 7 and 8).

D5 Video-MME, LVBench, LongVideoBench, MLVU and the TimeLens-Bench
grounding sets are public benchmarks predating 2026 and the training data
come from the TimeLens lineage with no contamination analysis (Section 3.1;
Section 2.4).

Zhuang et al. [292] D3 Hosted Jev is listed only as Jev (hosted) with no version or date anywhere,
the StartLux checkpoints carry no hash, Perplexity Decider v1.1 and Clef
have access dates but no revisions, and vLLM is 0.31 in Table 5 but 0.19.1 in
Appendix D (Table 4, Table 5, Appendix D.3).

D4 The Decision Index public subset served as the development benchmark for
choosing Stage 2 recipes, attention variants and seed averages, so the authors
state its scores reflect model selection and are not independent test results
(Section 4.1).

Hume, Archer [77] D2 the 10,000-call headline does not reconcile with the itemized trial counts.
Palmer, Jared [163] D3 Jev is unpinned (’live Jev’ via /v1/systemone), with no version or date (note

Decision models; Notes).
D4 Kev is LoRA-trained plus a delta fine-tune on decision-v7 with a fitted tem-

perature, compared against zero-shot Jev on development partitions (note
Comparators).

LocalLLaMA [132] D1 Soft gold is the mean of three samples from a roughly 4B teacher at temper-
ature 0.7; the card says it ’does not measure correctness’ (How it was built;
Limitations).

Balian, Rob [9] D4 Rev is LoRA-trained on the train splits of the same five datasets against zero-
shot Jev; JevBench misses were read to design synthetic data (README; Limi-
tations).

TypeSafe AI [230] D1 Reference labels are the average of GPT-6 Astra and Claude Fable 5.1 answers
(’Assume the harness is correct’), a model consensus (page).

D2 No item counts, sample sizes or intervals for any point (note n).
D3 Jev version not printed and no dates (note Decision models).
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Study Domain Reason
Rauch [185] D2 No n, task definition or protocol; ’~5-18x’ is a range quoted at its ceiling (note

Cost and latency).
D3 No version string for Jev (note Decision model).

S4 Decision-model card template and full reporting checklist
Table S4 gives every field of the decision-model card of Section 11, with an example quoted from
the census card of Laya, an open decision model under an Apache license, as of its access date
[39]. A card filled this way lets a caller rebuild the decision contract record without the original
repository. The multilingual Laya checkpoint uses an mmBERT-base encoder rather than the
ModernBERT-large encoder of the English one and has a different parameter count, so a card names
one checkpoint and revision, not a family [38].

Table S4. The decision-model card template, with the content each field holds and an example drawn from
the Laya card.

Field Content Example
Name. The model’s given name. “Laya.”
Vendor or author. The organization or person

publishing the checkpoint.
“Convai Innovations.”

Release date. The date the checkpoint
was published.

“2026-09-18.”

Access date. The date the card was read
for this survey.

“2026-09-24.”

Availability and
license.

Open or hosted, and the
license terms.

“Open weights, Apache-2.0.”

Backbone. The pretrained encoder or
decoder and its width.

“ModernBERT-large, 395M, bidirectional, fully fine-tuned.”

Parameter count. The total parameter count,
as reported by the weights
file.

“421M total (safetensors.total 421,293,830).”

Decision head. The layers and readout
that turn the backbone’s
output into a distribution.

“2 transformer layers, an option-marker scorer, and an
act/escalate head, trained from scratch; every option scored
at its own [MASK] token, softmaxed over that question’s op-
tions.”

Training objective. The loss or reward the
checkpoint was trained
against.

“RLCD: policy reports a distribution, reward is a strictly proper
scoring rule (log + spherical, plus ranked probability score for
ordinal questions), REINFORCE with group-mean baseline
(GRPO-style).”

Training data. The corpora or generation
procedure behind training.

“Not itemized by source/size in the card beyond the RLCD
training description and the separate typed-decisions fine-
tuning split.”

Primitives. The declared answer-space
types the model accepts.

“choice, score, noul.”

State modality and
context length.

What kind of input the
state may be, and the token
budget.

“text, email, ticket, or JSON. 512 tokens (head_max_len = 192).”

Cardinality limit. Any disclosed cap on the
number of options, or
the observed degradation
without one.

“Not disclosed as a fixed cap; accuracy degrades sharply above
~20 options at default settings (Banking77, 77 options, scores
0.425).”
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Field Content Example
Latency with hard-
ware.

A timing value and the
hardware it was measured
on.

“39.5 ms p50 for 1 question on a Tesla T4 GPU (English check-
point).”

Price. The cost per call or per
token, or its absence for a
self-hosted model.

“$0 self-hosted (open weights).”

Confidence defini-
tion.

The formula behind any
confidence value the model
returns.

“Not disclosed as a formula in this card beyond the reported
probabilities themselves.”

Probability grid. The precision or rounding
of the returned probabili-
ties.

“Not disclosed.”

Calibration as
shipped, with
source.

A calibration value and the
evaluation that produced
it.

“Raw ECE 0.466; refitting one temperature per (question type,
option count) moves mean ECE to 0.081.”

Disclosed failure
modes.

Weaknesses the publisher
itself states.

“Base checkpoint near chance zero-shot on typed-decisions
(0.362); Khmer collapses to 0.000 accuracy at 0.952 confi-
dence; noul can follow its label tokens instead of the state;
action.act_probability carries no usable signal (AUROC 0.30)...”

Evaluation protocol
published.

Whether a benchmark
script or methodology
accompanies the card.

“Yes; BENCHMARKS.md on GitHub and a typed-decisions in-
card table (400 cases, 2,000 decisions) with Jev figures marked
as third-party published, not measured by Laya’s authors.”

Source URLs. The card and repository
locations the entries above
were drawn from.

https://huggingface.co/convaiinnovations/laya/raw/
55cf4c4ebb4ebe31b2550e8bdf3bd21b99753851/README.md
and https://github.com/NandhaKishorM/laya.

Table S5 gives every item of the standard in its five groups and, where one applies, the ledger
field or the risk-of-bias domain of Wolff et al. [250] and Whiting et al. [249] that it operationalizes.
Ledger columns follow the schema of Section 7, which records for each extracted number the study,
model and version pin, reference-label type, comparator and tuning budget, calibration quantity
and cascade result.

Table S5. The full reporting checklist for decision-model evaluations.

Item What to report Explanation
What to pin
Model and revision Provider or checkpoint, resolved

revision and the date it was
confirmed.

A name can serve another checkpoint later, hence the
version_pin column and the version-pinning domain.

Serving tempera-
ture

Decoding temperature and any
other sampling parameter active
at evaluation.

A release-page value need not be the service default, so
unstated temperatures can put two predictors under one
name.

Schema and identi-
fiers

Literal question text, option
identifiers and the rubric of each,
as separate fields.

Proposition 5.5 splits an option’s logit into rubric and
name terms, and only separate fields allow the name-swap
test.

Probability grid Smallest positive returnable
value and share of returned
zeros.

Proposition 5.2 ties this pair to a floor on calibration error
for rare events, before model quality enters.

State encoding State serialization, token budget
and any truncation rule.

A tight per-option budget can cost accuracy for reasons
unrelated to decision quality.

What to sample
Continued on the next page

https://huggingface.co/convaiinnovations/laya/raw/55cf4c4ebb4ebe31b2550e8bdf3bd21b99753851/README.md
https://huggingface.co/convaiinnovations/laya/raw/55cf4c4ebb4ebe31b2550e8bdf3bd21b99753851/README.md
https://github.com/NandhaKishorM/laya
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Table S5, continued
Item What to report Explanation
Reference-label
provenance

Human adjudicated, single hu-
man rating, crowd rating, teacher
model, model consensus or syn-
thetic procedure.

Hence the reference_label_type column and the label-
independence domain, since a teacher or synthetic label is
not independent evidence for a model trained toward that
source.

Sample size and
exposure

Item count, grouping against
near-duplicate leakage and
whether the set predates the
cutoff.

Public pre-cutoff items may sit in training data, and an
ungrouped split can inflate agreement.

Calibration qantity per primitive
Choice calibration Classwise calibration or reliabil-

ity diagram beside any top-label
accuracy.

Top-label calibration can hold while classwise calibra-
tion fails on rarer classes, which a top-label value never
examines.

Score calibration Ranked probability score or
cumulative calibration at each
ordinal threshold, beside any
expected-level value.

Proposition 5.6 gives two forecasts with one expected level
that disagree on every cumulative probability.

Joint-question
calibration

Fréchet and Hoeffding interval or
a stated dependence model for a
conjunction of isolated answers,
not the product of marginals.

That product asserts an independence the contract never
supplied (Proposition 5.1).

Confidence statistic Confidence formula, the answer-
set size used and whether sizes
were compared.

Proposition 5.3 shows the accepted-answer error bound
grows with answer-set size.

Cascade and review results
Cascade recall Screening forwarding rate and

downstream detection rate,
as two values rather than one
accuracy.

Proposition 5.4 gives the final recall as their product. The
cascade_result field records both, so forwarded-only scores
are not read as whole-pipeline recall.

Review band and
cost

Routing threshold or band, as-
sumed costs of a false positive, a
false negative and a review, and
resulting review volume.

The band of Proposition 5.4 is non-empty only under a
stated cost relation.

Speed and cost
claims

Latency and cost with hardware,
batch size and concurrency,
each marked as vendor claim or
independent measurement.

A ratio shifts with workload, batch size and provider.

Handling version churn
Revision-change
protocol

A rule for a mid-study change
of served checkpoint or default
parameter, including which rows
are re-run.

Otherwise rows from before and after the change can be
pooled under one name.

Superseded values Both values when a revision
change causes disagreement,
each with its revision, date and
settlement.

This keeps the audit trail that one overwritten number
would remove.

S5 Full census of original implementations
Table S7 lists every entry that Section 6 counts as an original implementation, with its parameter
count, base model and decision head, and Table S6 condenses this list to the fifteen families with
an independent card. Table S8 breaks the derivative count down by parent checkpoint. Every value
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is read from the census files of the companion repository at release v1.2.2, which also record each
entry’s creation date and family at the cutoffs stated in Section 2.

Table S6. The ecosystem census, condensed to the notable families with an independent card (Section 6),
with every cell abbreviated from the family’s own card or repository.

Family Author First
release

Backbone
and size

Head Objective Primitives Temperature or
calibration as
shipped

Jev 1.13 [224] TypeSafe AI 15 Sep
2026

Undisclosed;
hosted only

Undisclosed;
a shared
prefix with
isolated per-
question
branches is
inferred [77]
(inference)

RLCD, an
unpublished
reinforcement-
learning
recipe [221]

Choice,
Noul,
Score

Confidence statis-
tic not docu-
mented as a
formula; a vendor
demo approxi-
mates (𝐾𝑝max −
1)/(𝐾 − 1) [223]

Laya (Eng-
lish, multilin-
gual) [38, 39]

Convai Innova-
tions

18–19
Sep
2026

ModernBERT-
large 395M
(English);
mmBERT-
base 307M
(multilingual)

Two-layer
option-
marker
scorer plus an
act/escalate
head, trained
from scratch

RLCD: a
proper scor-
ing rule (log,
spherical,
ranked prob-
ability score)
with a GRPO-
style policy
update

Choice,
Score,
Noul

No single shipped
default; one tem-
perature refit per
question type
and option count
moves raw ECE
0.466 to 0.081
(English)

Kev [161–163] Jared Palmer 18–19
Sep
2026

Qwen2.5,
Qwen3 and
Qwen3.5
backbones,
0.5B to 9B

LoRA adapter
(rank 16) plus
a pointer
head reading
option logits,
no free-text
generation

Cross-
entropy on
the option
distribution,
the decision-
v6/v7 family
recipe

Choice,
Noul,
Score

T = 2.35 (0.8B)
and T = 2.30 (9B),
each fitted on its
own checkpoint;
the other sizes
are not indepen-
dently re-verified

Bespoke-
Nimble-9B [13,
14]

Bespoke Labs 18 Sep
2026
(check-
point
original-
2676)

Qwen3.5-9B LoRA adapter
(rank 16)
scoring the
allowed an-
swer tokens
directly

Cross-
entropy
over allowed
answer-token
logits

Choice,
Score,
Noul

T = 2.179 as fitted;
ECE on a held-
out set moves
0.052 to 0.054 as
served (developer
README)

this-that-
model [59], a
fine-tune of
decider-2b

FLock.io 20–23
Sep
2026
(1.0 to
1.2)

decider-2b
backbone
(Qwen3.5-
style hybrid,
1.9B)

Inherits
decider-2b’s
letter-logit
readout; no
indepen-
dently trained
head is dis-
closed

Not disclosed
beyond the
decider-2b
lineage

Choice-
style typed
decisions

Not disclosed
for 1.0 to 1.1; 1.2
reports 0.985
accuracy and
0.009 Brier on a
frozen third-party
cohort

decider [147] Mapika 16–22
Sep
2026

Qwen3.5
backbones,
0.8B to 35B-
A3B

Letter-logit
readout from
the LM head,
divided by
a stored
temperature,
no separate
trained head

Supervised
cross-entropy
stages v1–v8;
PPO with a
proper log
score and a
KL constraint,
v8–v10 (2B
only)

Noul,
Choice,
Score

T = 1.30 (2b, v10);
the other sizes
report stored
temperatures
from 1.03 to 1.94



30 Rafe and Das

Family Author First
release

Backbone
and size

Head Objective Primitives Temperature or
calibration as
shipped

OpenThai-
SystemOne
[79]

iApp /
OpenThaiGPT

20 Sep
2026

Qwen3.5-0.8B,
continued-
pretrained on
Thai text

256-way
slot head
replacing
the LM head,
read at one
control token

Supervised
decision con-
version of
public classi-
fication and
QA data, plus
a Brier-loss
calibration
stage

Choice
(up to
255), Score,
Noul

Per-type learned
temperatures:
choice 1.055, noul
1.047, score 1.008

Von [248] wfzyx (inde-
pendent)

19 Sep
2026

ModernBERT-
large 395M

Option-
marker head
with an order-
invariant
attention
mask (v1.2)

Retrained
from the
v1.1 weights
under the
new attention
mask

Choice-
style deci-
sions; Noul
with a fit-
ted prior
correction

Input-conditioned
calibration map
rather than one
scalar tempera-
ture; ECE 0.045
to 0.109 across
difficulty tiers

Decision-1.0-
Sol-2B [131]

llm-semantic-
router

21 Sep
2026

Qwen3.5-2B Shared candi-
date head
reading
candidate
endpoints
and the final
query vector

Not itemized
by loss or
recipe in the
card

Choice (2
to 255),
Noul,
Score

Not disclosed;
the card reports
66.32% weighted
accuracy only

Open-Jev [20] Zefan Cai 20 Sep
2026

Qwen3.5-9B LoRA adapter
(rank 8) plus
a scalar
head ini-
tialized from
a Yes/No
readout

20,204 opti-
mizer steps
over one pass
of a frozen
release-v2
training split

Choice,
Noul,
Score

T = 1.897, fitted
on 512 calibration
rows; test-split
ECE 0.0077, out-
of-domain ECE
0.0374

open-jev-
deberta [90]

kotoba-lang 18 Sep
2026

DeBERTa-v3-
large

Three-layer
scoring head
over pooled
question and
option repre-
sentations

Cross-
entropy plus
Brier loss,
with gold-
preserving
question
augmentation

Choice
(up to
255), Score,
Noul

Post-hoc tem-
perature fitted
on a validation
split, value not
restated in the
card; in-domain
ECE 0.022

pngwn scorer
[172]

pngwn (inde-
pendent)

16 Sep
2026

Qwen3.5-4B LoRA (rank
16) plus a
new scalar
score head;
sequence-
classification
readout per
option

Not itemized
beyond the
scoring-head
and LoRA
description

Noul,
Choice,
Score

T = 1.75, fitted
on a validation
split; ECE 0.135 to
0.044 as served

Verdict [71] Heman10x-
NGU

17 Sep
2026

ModernBERT
plus GLiClass,
151M

Non-
autoregressive
typed-
question
scorer,
GitHub-only

RLCD with
a Brier-loss
term, per the
repository
description

Choice,
Score,
Noul

Not disclosed
as a scalar; the
repository re-
ports calibrated
confidence values
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Family Author First
release

Backbone
and size

Head Objective Primitives Temperature or
calibration as
shipped

SemIf [219] TheoLeeCJ 15 Sep
2026 (as
Open-
Jev)

MiniCPM5-2B,
Qwen3.5-4B,
Qwen3.8-27B

Reads option
probabilities
directly from
a frozen
backbone,
GitHub-only

No gener-
ation; per-
workload
temperature
calibration
added after
the rename

Choice,
Noul

Per-workload
temperature
calibration; value
not restated in
the repository
card

OpenDecision
[232]

deepanwadhwa 17 Sep
2026

ModernBERT-
large zero-
shot v2.0

Zero-shot
classification
head served
through
a FastAPI,
vendor-
compatible
endpoint

Not itemized;
a packaged
zero-shot
backend
rather than a
newly trained
recipe

Choice,
Noul,
Score,
Relation

Not disclosed;
the repository
documents the
API contract
rather than a
calibration fit

Jev 1.14 [222,
227]

TypeSafe AI 14 Oct
2026

Undisclosed;
hosted only,
same price
and context as
1.13

Undisclosed RLCD, as for
1.13 (vendor
wording
unchanged)

Choice,
Noul,
Score, Box

Confidence for-
mula now pub-
lished for each
primitive; Noul
returns no confi-
dence

Microsoft-
Decision-
1 [151, 152]

Microsoft 9 Oct
2026

Post-trained
Qwen3.5-
9B; hosted
in Foundry
and on Open-
Router

Undisclosed;
single-pass
scoring of ev-
ery supplied
option

Not disclosed Choice,
Noul,
Score

Calibration goal
stated; documen-
tation advises
reading Score as
an ordering, not a
calibrated rating

Trio-
Spark [145]

MachineFi 30 Sep
2026

Undisclosed;
hosted only

Undisclosed;
one pass re-
turns the
chosen option
and a prob-
ability for
each

Not disclosed Choice,
2 to 8
options

Vendor ECE
0.019 (10 bins)
on its own panel,
not claimed to
transfer

Clef [37] Cloudflare 30 Sep
2026

Qwen3.8-27B,
open weights
(Apache) and
hosted

Joint schema
head, a small
transformer
over the final
hidden states
scoring all
options of all
questions

Label-
smoothed
cross-entropy
with a Brier
loss term

Choice,
Score,
Noul

Not disclosed;
per-question
softmax with no
stated tempera-
ture

pplx-
decider [171]

Perplexity 1 Oct
2026

Qwen3.8-27B,
open weights
(Apache)

A [255, 5120]
decision
head over
the backbone,
full-attention
layers run
noncausally

Not disclosed;
training data
converted
into Choice
and Noul
decisions

Choice,
Noul

One saved calibra-
tion temperature,
value not stated
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Table S7. Every T1 original implementation in the census (Section 6), in order of creation, with its parameter
count, base model and decision-head type as in Figure 3. A dagger marks entries added by the second sweep,
a dash an unreported value, and u an undisclosed head. Creation dates and families are in the companion
repository.

Repository Parameters Base model Head
llm-semantic-router/Decision-1.0-Eos-0.8B – – b
llm-semantic-router/Decision-1.0-Kai-0.6B – – b
llm-semantic-router/Decision-1.0-Lex-0.6B – – b
Mapika/decider-2b 1.88B Qwen/Qwen3.5-2B-Base c
pngwn/system-one-qwen3.5-4b-scorer – Qwen/Qwen3.5-4B-Base d
pngwn/nanodiff-350m-typed-decisions-lam1 – Sebasdi/nanodiff-350m-base c
DavidHatley/system-one-mini 69.3M distilbert/distilbert-base-uncased a
Mapika/decider-2b-vision 2.21B Qwen/Qwen3.5-2B-Base c
mobarmg/jev-schema-scorer-deberta-v3-large 435M microsoft/deberta-v3-large d
bespokelabs/Bespoke-Nimble-9B – Qwen/Qwen3.5-9B c
SargeDev/jev-distill-corpus – – c
convaiinnovations/laya 421M – b
com-kotobalabs/open-jev-deberta-v3-large 434M microsoft/deberta-v3-large b
Mannedood/local-system-one-student 149M answerdotai/ModernBERT-base a
jaredpalmer/kev-0.5b – Qwen/Qwen2.5-0.5B b
larkooo/gemma-e2b-rlcd† – google/gemma-4-E2B-it c
jaredpalmer/kev-0.6b – Qwen/Qwen3-0.6B-Base b
convaiinnovations/laya-multilingual 322M – b
jaredpalmer/kev-4b – Qwen/Qwen3.5-4B-Base b
jaredpalmer/kev-8b – Qwen/Qwen3-8B-Base b
anthonym21/qwen3-0.6b-rlcd-decision† – Qwen/Qwen3-0.6B-Base c
dwidlee/systemone-lite-0.5b 494M Qwen/Qwen2.5-0.5B-Instruct c
Mapika/decider-0.8b 752M Qwen/Qwen3.5-0.8B-Base c
AndeyTait/JevForge-0.8B – Qwen/Qwen3.5-0.8B d
wfzyx/von-1.0 395M answerdotai/ModernBERT-large b
argos1111/modernbert-ja-310m-jev 315M sbintuitions/modernbert-ja-310m d
lafalce/system-one-model – answerdotai/ModernBERT-base b
lewislululu/jevon – – b
shreyanbr/system-one-zeroshot 70.8M MoritzLaurer/deberta-v3-xsmall-zeroshot-

v1.1-all-33
d

shreyanbr/system-one-distilled 70.8M MoritzLaurer/deberta-v3-xsmall-zeroshot-
v1.1-all-33

d

shreyanbr/system-one-gold 70.8M MoritzLaurer/deberta-v3-xsmall-zeroshot-
v1.1-all-33

d

vagmi/jev-lite – google/gemma-4-E4B-it c
Mapika/decider-35b-a3b 34.7B Qwen/Qwen3.5-35B-A3B-Base c
Nebulaw1/jev-qwen3.5-4b-legal-lora – Qwen/Qwen3.5-4B-Base c
Nebulaw1/jev-qwen3.5-0.8b-legal-lora – Qwen/Qwen3.5-0.8B-Base c
iapp/OpenThai-SystemOne 753M Qwen/Qwen3.5-0.8B-Base a
AstroHan/decision-head-qwen3.5-4b-rlcd-32k† – Qwen/Qwen3.5-4B c
altslate/certo-decision-model – – b
azharmo/build-jev-from-scratch – – a
ZefanCai/Open-Jev-2B – Qwen/Qwen3.5-2B c
ZefanCai/Open-Jev-9B – Qwen/Qwen3.5-9B c
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Repository Parameters Base model Head
akhilaaa3/Jev-Omni – google/gemma-4-12B-it a
jaredpalmer/kev-9b – Qwen/Qwen3.5-9B-Base b
jaredpalmer/kev-0.8b – Qwen/Qwen3.5-0.8B-Base b
samatv256/mini-Jev 263K Qwen/Qwen3-0.6B b
Praveenrajus/jevify-qwen3.5-4b – Qwen/Qwen3.5-4B b
Praveenrajus/jevify-qwen3.5-2b – Qwen/Qwen3.5-2B b
SargeDev/jev-gate-student-b – – c
SeanLiu/Jev-Vision – Qwen/Qwen3-VL-8B-Instruct b
llm-semantic-router/Decision-1.0-Nox-4B – Qwen/Qwen3.5-4B b
llm-semantic-router/Decision-1.0-Sol-2B – Qwen/Qwen3.5-2B b
Pdbz199/local-decision-model – answerdotai/ModernBERT-base b
aimeigaoshou/agent-jev 598M – b
abidlabs/jev-typed-decisions-causal-0.6b – Qwen/Qwen3-0.6B-Base c
mogita/jev-decider-qwen3-4b – Qwen/Qwen3-4B c
lostargon/Tiny-Jev 596M Qwen/Qwen3-0.6B b
marcmagn1/kev-08b-typed-v1 – – b
Praveenrajus/jevify-qwen3-vl-2b – Qwen/Qwen3-VL-2B-Instruct c
kaivoss/system-one-270m 268M unsloth/gemma-3-270m-it c
Praveenrajus/jevify-qwen3.5-4b-t2 – Qwen/Qwen3.5-4B b
Praveenrajus/jevify-qwen3-vl-2b-t2 – Qwen/Qwen3-VL-2B-Instruct c
top7777/jev-schema-scorer-deberta-v3-large 435M microsoft/deberta-v3-large d
llm-semantic-router/Decision-1.0-Lux-9B – Qwen/Qwen3.5-9B b
sshalimov04/open-jev-base – jhu-clsp/mmBERT-small d
jaswanthsanjay88/rev-decision-model 421M – b
olafura/gemma4-12b-system-one – google/gemma-4-12B-it-qat-w4a16-ct u
IJyad/jeb-typed-decisions 178M IJyad/jeb b
mghafiri/qwen3.5-0.8B-decision-model 752M Qwen/Qwen3.5-0.8B-Base c
shreyanbr/nev-lite-systemone – sentence-transformers/all-MiniLM-L6-v2 d
alibiserikbay/JevK5 4.21B Qwen/Qwen3.5-4B c
Mapika/decider-4b 4.21B Qwen/Qwen3.5-4B-Base c
ait-hf/certus-jev-like-v0007 – Qwen/Qwen2.5-1.5B-Instruct c
tasksource/modernbert-tasksource-jev 153M – b
tianxinwei/JevAny-27B-SFT – Qwen/Qwen3.8-27B b
tianxinwei/JevAny-27B-RLCR – Qwen/Qwen3.8-27B b
Praveenrajus/jevify-qwen3.5-4b-t2-lowlr – Qwen/Qwen3.5-4B b
FluidInference/kev-0-5b-coreml – – b
vigneshlabs/ballot-jev-0.5b – Qwen/Qwen2.5-0.5B b
ZefanCai/Open-Jev-27B-v1.1 – Qwen/Qwen3.8-27B c
asjson/jevson-4b-01 – Qwen/Qwen3-4B u
SUPER321/jevflash-doom-basic-0.6b – Qwen/Qwen3-0.6B-Base b
0xSojalSec/Jev-Omni – google/gemma-4-12B-it a
bespokelabs/Bespoke-Nimble-9B-v2† – Qwen/Qwen3.5-9B c
guanxuyu/visual-jev-4b-answer-sft – Qwen/Qwen3-VL-4B-Instruct c
DawoodKMasood/jev-gemma-3-270m – google/gemma-3-270m-it c
autotrust/JEV 7.94B Qwen/Qwen3.5-9B a
autotrust/JEV-9B† – Qwen/Qwen3.5-9B a
xuhaodev/Qwen3-1.7B-Jev – Qwen/Qwen3-1.7B c
soyrsoyr/jev-playground-rlcd – MoritzLaurer/deberta-v3-large-zeroshot-

v2.0
d
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TokenRhythm/NeoHorse-Jev-4B – TokenRhythm/NeoHorse-1-4B b
chaoliangUNSW/Jev-Style-Qwen3.5-2B-
Decision-v2

1.88B Qwen/Qwen3.5-2B-Base c

JohnP1/kev-gemma4-e2b – google/gemma-4-E2B b
DKNTZMN/gan8-vs-jev – – a
wwydmanski/bielik-minitron-jev-v0.1 – speakleash/Bielik-Minitron-7B-v3.0-

Instruct
b

lostargon/Tiny-Jev-1.7B 1.72B Qwen/Qwen3-1.7B b
wwydmanski/bielik-minitron-jev-v0.2 – speakleash/Bielik-Minitron-7B-v3.0-

Instruct
b

alibiserikbay/JevK5-2B 1.88B Qwen/Qwen3.5-2B c
SargeDev/Jev_Qwen3.8-27B 26.9B huihui-ai/Huihui-Qwen3.8-27B-abliterated u
guoan1/jev-qwen35-08b – Qwen/Qwen3.5-0.8B-Base c
Fr0zencr4nE/jev-spatial – allenai/Molmo2-ER a
jaredpalmer/kev-27b† – Qwen/Qwen3.8-27B b
shgao/rsi-jev-v1.0-qwen3.5-0.8b† – Qwen/Qwen3.5-0.8B-Base b
Rydward98/Jev-Omni – google/gemma-4-12B-it a
wwydmanski/bielik-minitron-jev-v0.3 – speakleash/Bielik-Minitron-7B-v3.0-

Instruct
b

VTXAI/VTX-JEV-1 7.13M – b
divyanshx11/JEVision – Qwen/Qwen3.5-0.8B-Base b
joyfox/Qwen3.5-0.8B-JEV – Qwen/Qwen3.5-0.8B b
Quazim0t0/Byrne-Jev-79M – – b
chaoliangUNSW/Jev-Style-0.8B-Decision-v3† – Qwen/Qwen3.5-0.8B c
Rckflr/kev-gemma-270m-experimental† – google/gemma-3-270m b
flymy-ai/decision-4b-v1.1† – Qwen/Qwen3.5-4B c
flymy-ai/decision-4b-v1.2† – Qwen/Qwen3.5-4B c
Praveenrajus/jevify-qwen3.5-4b-readout-coh† – Qwen/Qwen3.5-4B c
Praveenrajus/jevify-qwen3.5-4b-readout† – Qwen/Qwen3.5-4B c
Praveenrajus/jevify-qwen3.5-4b-base-readout-
coh†

– Qwen/Qwen3.5-4B-Base c

Praveenrajus/jevify-gemma-4-e4b-it-readout-
coh†

– google/gemma-4-E4B-it c

Praveenrajus/jevify-qwen3.5-2b-readout† – Qwen/Qwen3.5-2B c
Praveenrajus/jevify-qwen3.5-2b-readout-coh† – Qwen/Qwen3.5-2B c
Praveenrajus/jevify-qwen3.5-2b-base-readout† – Qwen/Qwen3.5-2B-Base c
Praveenrajus/jevify-qwen3.5-4b-base-readout† – Qwen/Qwen3.5-4B-Base c
Praveenrajus/jevify-qwen3.5-9b-readout† – Qwen/Qwen3.5-9B c
Praveenrajus/jevify-gemma-4-e4b-it-readout† – google/gemma-4-E4B-it c
Praveenrajus/jevify-qwen3.5-2b-base-readout-
coh†

– Qwen/Qwen3.5-2B-Base c

sunziqin/millennium-jev-0.5b† – Qwen/Qwen2.5-0.5B-Instruct b
alibiserikbay/JevK5-9B† – Qwen/Qwen3.5-9B c
Praveenrajus/jevify-gemma-4-e4b-readout† – google/gemma-4-E4B c
sdmlai/nano-jev† – microsoft/MiniLM-L12-H384-uncased d
skundu42/kev† – jhu-clsp/ettin-encoder-400m d
Praveenrajus/jevify-qwen3.5-9b-readout-coh† – Qwen/Qwen3.5-9B c
sunziqin/millennium-jev-1.5b† – Qwen/Qwen2.5-1.5B-Instruct b
Praveenrajus/Llama-3.1-Tulu-3-8B-DPO-jevify-
readout†

– allenai/Llama-3.1-Tulu-3-8B-DPO c
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Praveenrajus/Llama-3.1-Tulu-3-8B-DPO-jevify-
readout-coh†

– allenai/Llama-3.1-Tulu-3-8B-DPO c

Praveenrajus/Llama-3.1-Tulu-3-8B-SFT-jevify-
readout†

– allenai/Llama-3.1-Tulu-3-8B-SFT c

HIT-TMG/JevEmbed-KaLM-Embedding-V2.5† – KaLM-Embedding/KaLM-embedding-
multilingual-mini-instruct-v2.5

d

Praveenrajus/Llama-3.1-Tulu-3-8B-SFT-jevify-
readout-coh†

– allenai/Llama-3.1-Tulu-3-8B-SFT c

Praveenrajus/jevify-smollm3-3b-sft-readout† – HuggingFaceTB/SmolLM3-3B-checkpoints c
Praveenrajus/jevify-smollm3-3b-sft-readout-
coh†

– HuggingFaceTB/SmolLM3-3B-checkpoints c

Praveenrajus/jevify-smollm3-3b-apo-readout† – HuggingFaceTB/SmolLM3-3B-checkpoints c
Praveenrajus/jevify-smollm3-3b-apo-readout-
coh†

– HuggingFaceTB/SmolLM3-3B-checkpoints c

ryandcunha/mmbu-jev-qwen3-0.6b-closed† – Qwen/Qwen3-0.6B b
nouton/jev-ru-4b-lora-v2† – Qwen/Qwen3.5-4B c
NAME0x0/Jevlet† – BAAI/bge-small-en-v1.5 b
sidman007/jev-vlm-4b-lite-gguf† – Qwen/Qwen3.5-4B-Base c
HIT-TMG/JevEmbed-Qwen3-Embedding-0.6B† – Qwen/Qwen3-Embedding-0.6B d
shgao/rsi-jev-v2.0-qwen3.5-2b† – Qwen/Qwen3.5-2B-Base b
per2021/kev-2b-qwen3.5† – Qwen/Qwen3.5-2B-Base b
aravind1706/decider-ettin† – jhu-clsp/ettin-encoder-68m b
jaluus/jevpertus-v1.5-8B† – swiss-ai/Apertus-v1.5-8B b
jaluus/jevpertus-8B-Instruct-2509† – swiss-ai/Apertus-8B-Instruct-2509 b
hiteshluke/zyot-decider-12b-adapter† – – u
chaoliangUNSW/Jev-Style-2B-Decision-v3† – Qwen/Qwen3.5-2B c
dr3x1/jevsec† – XHToken/Spark-X2.5-4B u
shgao/rsi-jev-v2.1-qwen3.5-2b† – Qwen/Qwen3.5-2B-Base b
Quazim0t0/On-Fly-Jev† – – b
abhishek085/jev-control-core† – Qwen/Qwen3.5-0.8B-Base c
abhishek085/jev-control-es† – answerdotai/ModernBERT-base b
ytbai/MiniCPM5-2B-Jev† – openbmb/MiniCPM5-2B a
rongxinzy/LightJev-0.6B-typed-decisions† – Qwen/Qwen3-0.6B b
tasksource/tasksource-decider-nano† – cross-encoder/ettin-reranker-150m-v1 b
sainath/tiny-jev-support-v03-supervised† – Qwen/Qwen3-1.7B d
avbiswas/bev-decider-0.4B† – Qwen/Qwen3-0.6B b
shgao/rsi-jev-v3.0-qwen3.5-2b† – Qwen/Qwen3.5-2B-Base b
BricksDisplay/jevling-0.8b-v0.1† – Qwen/Qwen3.5-0.8B c
BricksDisplay/jevling-e2b-v0.1† – google/gemma-4-E2B-it c
MSGEncrypted/ocf-typed-decisions-mbert-base† – answerdotai/ModernBERT-base b
flymy-ai/decision-4b-v1.4† – Qwen/Qwen3.5-4B c
vincentzhou/jev-student-4b-yizao† – Qwen/Qwen3.5-4B-Base c
hotchpotch/bekko-system-one-v0-17m† – cross-encoder/ettin-reranker-17m-v1 b
mohdyaser/jev-multimodal† – mlx-community/gemma-4-e4b-it-4bit c
startlux-models/StartLux-Decision-v1-0.8B† – – c
startlux-models/StartLux-Decision-v1-2B† – – c
startlux-models/StartLux-Decision-v1-4B† – – c
startlux-models/StartLux-Decision-v1-27B† – – c
startlux-models/StartLux-Decision-v1-9B† – – c
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autotrust/JEV-Gemma4-26B-A4B† – google/gemma-4-26B-A4B-it a
Mapika/decider-12b† – google/gemma-4-12B-it c
Mapika/decider-chat-gemma4-31b† – google/gemma-4-31B-it c
Mapika/decider-chat-qwen3.6-27b† – Qwen/Qwen3.6-27B c
flymy-ai/decision-4b-v1.5† – Qwen/Qwen3.5-4B c
CVLTAI/s1-jev-cvltist† – Qwen/Qwen3.5-4B c
seongyeon1/dlm-jev-tickets-lora† – mlx-community/diffusiongemma-26B-A4B-

it-4bit
c

bespokelabs/Bespoke-Nimble-9B-v3† – Qwen/Qwen3.5-9B c
autotrust/JEV-27B-VL† – Qwen/Qwen3.8-27B a
jevhome/jevhome-E† – ibm-granite/granite-embedding-small-

english-r2
d

jevhome/jevhome-B† – answerdotai/ModernBERT-base b
jevhome/jevhome-L† – answerdotai/ModernBERT-Large-Instruct b
jevhome/jevhome-ettin-1b† – jhu-clsp/ettin-encoder-1b b
Maincode/Matilda-Jev-v1† – Qwen/Qwen3.8-27B a
TerryGao9/zh-decision-mmbert-v1b† – jhu-clsp/mmBERT-base b
BricksDisplay/jevling-0.8b-v1† – Qwen/Qwen3.5-0.8B c
StrandsAgents/strands-decider-2B-hobson-v19† – Qwen/Qwen3.5-2B-Base b
Cloudflare/clef† – Qwen/Qwen3.8-27B b
Cloudflare/clef-flash† – Qwen/Qwen3.5-9B b
shgao/rsi-jev-v4.0-vl-qwen3.5-2b† – Qwen/Qwen3.5-2B-Base b
startlux-models/StartLux-Decision-v1-35B-A3B† – – c
sennaLLMLearner/qwen3-4b-system-one-lora† – Qwen/Qwen3-4B-Instruct-2507 c
muhammadnoman76/jev-urdu† – jhu-clsp/mmBERT-base b
hiteshluke/zyot-decider-v3-verbalizer-4b† – unsloth/gemma-3-4b-it c
perplexity-ai/pplx-decider-v1-27b† – Qwen/Qwen3.8-27B a
xuhaodev/Qwen3.5-4B-Jev† – Qwen/Qwen3.5-4B c
smha1012/jev-27b† – Qwen/Qwen3.8-27B a
Praveenrajus/jevify-qwen-agentworld-35b-a3b-
readout-coh†

– Qwen/Qwen-AgentWorld-35B-A3B c

carrtesy/EXAONE-4.0-1.2B-JEV† – LGAI-EXAONE/EXAONE-4.0-1.2B c
torchcast-ai/torchcast-decision-12b† – google/gemma-4-12B-it c
nickprock/archai-jev-qwen-1.5b† – Qwen/Qwen2.5-1.5B-Instruct c
projectj/Flight-Autopilot-Decision-Model-
Maverick1.0†

– Qwen/Qwen3-0.6B c

Kestrelyn/kestrel-decider-230m† – LiquidAI/LFM2.5-230M-Base b
shgao/rsi-jev-v5.0-vl-3b† – Qwen/Qwen3.5-4B-Base b
nickprock/archai-jev-zagreus-0.4b-ita† – mii-llm/zagreus-0.4B-ita c
systemonedev/kenning-large-v0.4† – MoritzLaurer/deberta-v3-large-zeroshot-

v2.0-c
d

BricksDisplay/jevling-e2b-v1† – google/gemma-4-E2B-it c
AmirBraham/jevstral-8b† – mistralai/Ministral-3-8B-Base-2512 b
weihongliang/jevtrainer-qwen35-0.8b-2026-10-
02†

– Qwen/Qwen3.5-0.8B c

knowlet/Gemma-4-12B-Unified-System-One† – google/gemma-4-12B-it c
decision-tune/decisiontune-1.0† – answerdotai/ModernBERT-large b
ParallaxOpen/Vela-Decision-170M† – – b
yuanphd/jevmark† – Qwen/Qwen3-0.6B-Base c
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theshekslaw/clinical-jev-qwen3.5-2b-
mtsamples†

– Qwen/Qwen3.5-2B-Base c

chendren/cx-decider-applied-v1† – Qwen/Qwen3.5-2B-Base b
weihongliang/jevtrainer-qwen35-2b-2026-10-05† – Qwen/Qwen3.5-2B c
perplexity-ai/pplx-decider-v1.1-27b† – Qwen/Qwen3.8-27B a
gabrielfior/decider-q2b-1.1b† – Qwen/Qwen3.5-2B-Base b
ZhangPY/kev-snake-vision-grpo† – Qwen/Qwen3.5-4B-Base b
AlephFunk/jev-qwen† – Qwen/Qwen3.5-4B-Base c
StrandsAgents/strands-decider-2B-hobson-v21† – Qwen/Qwen3.5-2B-Base b
cribl-ai/cribl-decision-1.0† – Qwen/Qwen3.5-4B-Base c
sgaseretto/diffcider-typed-decisions† – dllm-hub/Qwen3-0.6B-diffusion-mdlm-v0.1 c
shunmoridev/llm-jp-4.1-33b-systemone-
experimental†

– llm-jp/llm-jp-4.1-33b-thinking c

shgao/rsi-jev-v6.0-vl-4b† – Qwen/Qwen3.5-4B-Base b
systemonedev/kenning-large-v0.5† – MoritzLaurer/deberta-v3-large-zeroshot-

v2.0-c
d

thinkingdbx/DECISIONx-1.5B† – Qwen/Qwen2.5-1.5B-Instruct b
odunola/lfm2.5_jev_style† – LiquidAI/LFM2.5-350M b
systemonedev/kenning-xl-v0.6† – Qwen/Qwen3-1.7B c
shgao/rsi-jev-v6.1-vl-4b† – Qwen/Qwen3.5-4B-Base b
LMDHQ-0420/vision-jev† – Qwen/Qwen3.5-0.8B b
UlkuTuncerKucuktas/vistalab-system-one-12b† – – c
UlkuTuncerKucuktas/vistalab-system-one-e4b† – google/gemma-4-E4B-it c
Mapika/decider-31b† – google/gemma-4-31B-it c
j-raghavan/s1-gemma4-26b-decision† – google/gemma-4-26B-A4B-it c
chenz53/Jev-alpha-26B-A4B† – google/gemma-4-26B-A4B-it c
ksonny4/modernbert-jev-v2† – – d
shgao/rsi-jev-v6.1-vl-27b† – Qwen/Qwen3.8-27B b
systemonedev/kenning-large-v0.6† – tasksource/ModernBERT-large-nli d
weihongliang/jevtrainer-qwen35-2b-agent-2026-
10-08†

– Qwen/Qwen3.5-2B c

HanWangTJU/haidass1.5-143m-jev† – DALabCommunity/Haidass1.5-143M b
Maincode/Matilda-Jev-v1.5† – Qwen/Qwen3.8-27B a
Cloudflare/clef-omni† – Qwen/Qwen3-Omni-30B-A3B-Instruct b
StrandsAgents/strands-decider-E2B-gemma4-v1-
2610†

– google/gemma-4-E2B-it b

StrandsAgents/strands-decider-12B-gemma4-v1-
2610†

– google/gemma-4-12B-it b

StrandsAgents/strands-decider-E4B-gemma4-v1-
2610†

– google/gemma-4-E4B-it b

StrandsAgents/strands-decider-26B-A4B-
gemma4-v1-2610†

– google/gemma-4-26B-A4B-it b

cribl-ai/cribl-decision-1.0-0.8B† – Qwen/Qwen3.5-0.8B c
StrandsAgents/strands-decider-2B-qwen3.5-v1-
2610†

– Qwen/Qwen3.5-2B-Base b

lxls/typed-decider-150m-v1† – jhu-clsp/ettin-encoder-150m b
bespokelabs/Bespoke-Nimble-27B-v3† – – u
SargeDev/Solar-JEV-Gemma-embed-2† – google/embeddinggemma-2 a
leinenterprises/jev-vision-27b† – Qwen/Qwen3.8-27B c
AstitwaAgarwal/multimodal-jev† – Qwen/Qwen3-VL-2B-Instruct b
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startlux-models/StartLux-Decision-v1.1-0.8B-
Instant†

– – c

startlux-models/StartLux-Decision-v1.1-2B-
Instant†

– – c

startlux-models/StartLux-Decision-v1.1-4B-
Instant†

– – c

startlux-models/StartLux-Decision-v1.1-4B-
AutoThink†

– – c

startlux-models/StartLux-Decision-v1.1-9B-
Instant†

– – c

startlux-models/StartLux-Decision-v1.1-9B-
AutoThink†

– – c

startlux-models/StartLux-Decision-v1.1-27B-
AutoThink†

– – c

wozniakos10/Qwen3.5-4B-typed-decisions† – unsloth/Qwen3.5-4B b
autotrust/JEV-35B† – Qwen/Qwen3.5-35B-A3B a
startlux-models/StartLux-Decision-v1.1-27B-
Instant†

– – c

Jahirrrr/Klyra-Decision-16M† – – d
flymy-ai/decision-4b-v1.6† – Qwen/Qwen3.5-4B c
J33-AI/j33-jev† – google/embeddinggemma-2 b
Nikunjgoyal07/jev-qwen-decider† – Qwen/Qwen3-0.6B b
Nikunjgoyal07/jev-deberta-decider† – microsoft/deberta-v3-base b
Ruivalim/exu-qwen3.5-2b-typed-decisions† – Qwen/Qwen3.5-2B d
workmagicio/workmagic-jev-decision† – Qwen/Qwen3-4B c
Louiskq/jev-class-9b-sft† – Qwen/Qwen3.5-9B-Base c
thealper2/qwen3.5-0.8b-open-jev-decision† – unsloth/Qwen3.5-0.8B b
TurkishCodeMan/KUTUP-1-Decision-2B† – Qwen/Qwen3.5-2B-Base b
joebumodels/JevFinetune† – Qwen/Qwen3.5-4B b
faizaltkl/qdec-lay-decision-model† – unsloth/Qwen3.5-4B b
Skyl4r-Ai/Skylar-980M-Cobol-Decider† – Skyl4r-Ai/Skylar-980M-Cobol-Base b
mrm8488/embeddinggemma-2-ft-typed-
decision†

– google/embeddinggemma-2 d

Steerix-org/robo-jev-2b-lora† – Qwen/Qwen3.5-2B c
haohan84/v-jev† – Qwen/Qwen3.5-4B c
ejbejaranos/JEV-HRI-Qwen3-VL-2B† – Qwen/Qwen3-VL-2B-Instruct c
ejbejaranos/JEV-HRI-Qwen3-VL-4B† – Qwen/Qwen3-VL-4B-Instruct c
ejbejaranos/JEV-HRI-Qwen3-VL-8B† – Qwen/Qwen3-VL-8B-Instruct c
rony/gemma3-270m-typed-decisions† – google/gemma-3-270m-it c
myeongcheol/decision-lfm2.5-1.2b† – LiquidAI/LFM2.5-1.2B-Instruct c
siriusyiyi/my_jev-hr9† – Qwen/Qwen3-0.6B-Base c
ejbejaranos/JEV-HRI-SmolVLM2-256M† – HuggingFaceTB/SmolVLM2-256M-Video-

Instruct
c

ejbejaranos/JEV-HRI-LFM2-VL-450M† – LiquidAI/LFM2-VL-450M c
workmagicio/workmagic-jev-churn-distill-
qwen3-8b-v1†

– Qwen/Qwen3-8B c

Singularity-Compute/super-decider† – google/diffusiongemma-26B-A4B-it c
johannhartmann/gemma-4-E4B-it-unsloth-bnb-
4bit_qlora_typed-decisions-de†

– google/gemma-4-E4B-it b

itsdevice/xlm-roberta-systemone† – FacebookAI/xlm-roberta-base b
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rony/ministral3-3b-reasoning-typed-decisions† – mistralai/Ministral-3-3B-Reasoning-2512 c
berkay123001/turnike-jev-4b† – Qwen/Qwen3.5-4B c
berkay123001/turnike-jev-0.8b† – Qwen/Qwen3.5-0.8B c
berkay123001/turnike-jev-9b† – Qwen/Qwen3.5-9B c
zhangjiaxin2012/SRF-Jev-Qwen3.5-4B-Historical-
8876†

– Qwen/Qwen3.5-4B c

xmutly/OmniMed-Jev-4B† – google/medgemma-1.5-4b-it b
Danny-Dasilva/embeddinggemma-2-multimodal-
typed-decision†

– google/embeddinggemma-2 b

assix-research/jev-system1-gemma4-26b-decide† – google/gemma-4-26B-A4B-it b
Maincode/Matilda-Decision-v1† – Qwen/Qwen3.8-27B a
perplexity-ai/pplx-decider-v1.2† – Qwen/Qwen3.8-27B a
j-llm/jevlite† – answerdotai/ModernBERT-base b
decisionmodels/s1-llm-auto-router† – jhu-clsp/mmBERT-small a
Nefelim584/jev-lite-stage-a† – answerdotai/ModernBERT-large b
SlayerLab/Slayer-149M-Decision-v1† – – c
perplexity-ai/pplx-decider-flash-v1.2† – Qwen/Qwen3.5-4B a
JevAgentHarness/AgentDecision-4B† – Qwen/Qwen3-4B c
JevAgentHarness/AgentDecision-4B-v1† – Qwen/Qwen3-4B c
Rology/rad-decider† – Qwen/Qwen3.5-0.8B c
MachineFi/Trio-Spark† – – u
gyanbhambhani/oss-jev-qwen05-decision-10k† – Qwen/Qwen2.5-0.5B-Instruct c
gyanbhambhani/oss-jev-qwen05-decision-noul-
bin†

– Qwen/Qwen2.5-0.5B-Instruct c

shibing624/train-jev-4b-lora† – Qwen/Qwen3.5-4B a
shibing624/train-jev-27b-lora† – Qwen/Qwen3.8-27B a
wiiiktor/bielik-minitron-jev-pl† – speakleash/Bielik-Minitron-7B-v3.0-

Instruct
b

modelfaces/granite-4.1-30b-decision† – ibm-granite/granite-4.1-30b-base b
Elfsong/jev-flan-t5-large-20261017-public-v2† – google/flan-t5-large b
SnowGemma/Qwen3.5-0.8B-Typed-Decisions† – Qwen/Qwen3.5-0.8B b
sp1d5r/video-jev† – Qwen/Qwen3-Omni-30B-A3B-Instruct b
Elythros/elythros-decider-0.6b† – Qwen/Qwen3-0.6B b
bespokelabs/Nimble-v4-max† – Qwen/Qwen3.8-27B c
cribl-ai/cribl-decision-1.0-9B† – Qwen/Qwen3.5-9B c
ronith128/969M-Decisions-CPU† – LiquidAI/LFM2.5-1.2B-Instruct c
cribl-ai/cribl-decision-1.0-27B† – Qwen/Qwen3.5-27B c
scairesearch/kieve-jev† – – d
bizhmans/krasivo-jev-no-bench-bf16† – Qwen/Qwen3.5-2B-Base b
zhangjiaxin2012/SRF-Jev-Gemma4-12B-LoRA† – google/gemma-4-12B-it c
zhangjiaxin2012/SRF-Jev-Gemma4-26B-A4B-
LoRA†

– google/gemma-4-26B-A4B-it c

zhangjiaxin2012/SRF-Jev-Gemma4-31B-LoRA† – google/gemma-4-31B-it c
bizhmans/krasivo-jev-bf16† – Qwen/Qwen3.5-2B-Base b
scairesearch/kieve-jev-100m† – – d
NeelContractor/jev-decider-0.4B† – Qwen/Qwen3-0.6B b
Mapika/decider-12b-vision† – google/gemma-4-12B-it c
MaziyarPanahi/Qwen3.5-4B-Jev-Judge† – Qwen/Qwen3.5-4B b
HallD/Yev-Decision-1† – Qwen/Qwen3.5-4B-Base b
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Repository Parameters Base model Head
Futurix-AI/FxAI-decision-model† – – a
SargeDev/Solar-JEV-27B† – huihui-ai/Huihui-Qwen3.8-27B-abliterated a
Elythros/elythros-decider-1.7b† – Qwen/Qwen3-1.7B b
scairesearch/kieve-jev-large† – – d
scairesearch/kieve-jev-v0.7† – – d
tensorninja2/decision-1† – Qwen/Qwen3.8-27B b
turion-ai/turion-jev-31b† – google/gemma-4-31B-it c
IntelligenceLab/Jev-Vision-0.8B† – Qwen/Qwen3.5-0.8B c
IntelligenceLab/Jev-Vision-2B† – Qwen/Qwen3.5-2B c
forward-metric/sysone-typed-decisions-0.4B† – jhu-clsp/ettin-encoder-400m b
jmrenouard/microllm-rlcd2-decision-head† – – d
0xBrandon/Decision-WAF-V1-0.8B† – Qwen/Qwen3.5-0.8B-Base c
Jahirrrr/Klyra-Decision-2B-V1† – openbmb/MiniCPM5-2B-Midtrain d
Elfsong/jev-ettin-150m-v16† – cross-encoder/ettin-reranker-150m-v1 b
zhangjiaxin2012/SRF-Jev-Gemma4-12B-Stage1-
SFT1024-Think4K-v2†

– google/gemma-4-12B-it c

zhangjiaxin2012/SRF-Jev-Gemma4-31B-Stage2-
Causal-LoRA1024-Think4K-v2†

– google/gemma-4-31B-it c

zhangjiaxin2012/SRF-Jev-Gemma4-31B-Stage1-
SFT1024-Think4K-v2†

– google/gemma-4-31B-it c

zhangjiaxin2012/SRF-Jev-Gemma4-12B-Stage2-
Causal-LoRA4096-Think4K-v2†

– google/gemma-4-12B-it c

zhangjiaxin2012/SRF-Jev-Gemma4-12B-Stage3-
Legacy-Reasoning-SFT128-Think4K-v2†

– google/gemma-4-12B-it c

zhangjiaxin2012/SRF-Jev-Gemma4-12B-Stage3-
Legacy-LoRA-RL16-Train4K-Think4K-v2†

– google/gemma-4-12B-it c

zhangjiaxin2012/SRF-Jev-Gemma4-31B-Stage3-
Reasoning-SFT128-Think4K-v2†

– google/gemma-4-31B-it c

zhangjiaxin2012/SRF-Jev-Gemma4-31B-Stage3-
Reasoning-SFT1024-Think4K-v2†

– google/gemma-4-31B-it c

sparrow-decider/sparrow-nano-general† – minishlab/potion-base-8M d
sparrow-decider/sparrow-nano-robot† – minishlab/potion-base-8M d
sparrow-decider/sparrow-tiny-general† – jhu-clsp/ettin-encoder-32m b
sparrow-decider/sparrow-small-general† – jhu-clsp/ettin-encoder-68m b
zhangjiaxin2012/SRF-Jev-Gemma4-26B-A4B-
Stage2-Causal-LoRA1024-Think4K-v2†

– google/gemma-4-26B-A4B-it c

zhangjiaxin2012/SRF-Jev-Gemma4-12B-Stage3-
Full-RLCD2-16-Train4K-Think4K-v2†

– google/gemma-4-12B-it c

zhangjiaxin2012/SRF-Jev-Gemma4-26B-A4B-
Stage3-Reasoning-SFT128-Think4K-v2†

– google/gemma-4-26B-A4B-it c

zhangjiaxin2012/SRF-Jev-Gemma4-26B-A4B-
Stage3-Reasoning-SFT1024-Think4K-v2†

– google/gemma-4-26B-A4B-it c

0xBrandon/Decision-WAF-V1.1-0.8B† – Qwen/Qwen3.5-0.8B-Base c
0xBrandon/Decision-WAF-V1-0.1B† – AxiomicLabs/GPT-X3-150M c
scairesearch/kieve-jev-moe-300m† – – d
scairesearch/kieve-jev-fractal-300m† – – d
scairesearch/kieve-jev-curriculum-300m† – – d
q-project/N-Q-26M-JEV† – q-project/N-Q-26M-Chat b
Maincode/Matilda-Decision-v1-Edge† – Qwen/Qwen3.5-0.8B a
chaoliangUNSW/Jev-Style-2B-Decision-v4† – Qwen/Qwen3.5-2B c
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Table S8. T2 derivatives by parent T1 or T2 checkpoint (Section 6), for every parent with at least five recorded
derivatives. The last row counts the other parents and their derivatives; the full list is in the companion
repository.

Parent Derivatives Parent Derivatives
convaiinnovations/laya 386 perplexity-ai/pplx-decider-flash-v1.2 10
convaiinnovations/laya-multilingual 113 StrandsAgents/strands-decider-2B-

hobson-v21
8

Cloudflare/clef-flash 78 autotrust/JEV-27B 8
Cloudflare/clef 62 chaoliangUNSW/Jev-Style-0.8B-Decision-

v3
7

jaredpalmer/kev-4b 48 jaredpalmer/kev-0.6b 7
jaredpalmer/kev-0.8b 35 akhilaaa3/Jev-Omni 6
convaiinnovations/laya-typed-decisions 31 autotrust/JEV-35B 6
Mapika/decider-2b 28 jaredpalmer/kev-27b 6
Mapika/decider-4b 19 pashwinkrish22/laya-email-resume-

classifier-v3
6

Terom/laya 17 perplexity-ai/pplx-decider-v1.2 6
jaredpalmer/kev-9b 17 suryatmodulus/clef 6
Cloudflare/clef-omni 16 Mapika/decider-2b-vision 5
Mapika/decider-0.8b 16 StrandsAgents/strands-decider-2B-

hobson-v19
5

iapp/OpenThai-SystemOne 16 StrandsAgents/strands-decider-E4B-
gemma4-v1-2610

5

autotrust/JEV-27B-VL 15 TokenRhythm/NeoHorse-Jev-4B 5
perplexity-ai/pplx-decider-v1.1-27b 12 jaredpalmer/kev-0.5b 5
alibiserikbay/JevK5 10 pashwinkrish22/laya-email-resume-

classifier
5

autotrust/JEV-9B 10 startlux-models/StartLux-Decision-v1-
0.8B

5

Other parents (219), each with fewer derivatives 330

Repository Parameters Base model Head
Sagicc/nanoGentzen-Jev-v3† – – d

S6 Pattern catalog entries
Each entry expands a row of Table 5 in Section 9. That table already states the quantity each pattern
consumes, the status of its guarantee and the failure modes of Table 6 it mitigates, so the entries
give only structure and evidence.
The gate makes one call and acts automatically only when the returned probability clears a

threshold declared in code. Rafe and Das [179] names conformal risk control, which gives a finite-
sample guarantee on exchangeable data [3, 10], as the stronger alternative to its own held-out
estimate. In Ibrahim and Zaki [80] the median task at a fixed confidence threshold covered 0.376
of items at an accuracy of 0.815, and Li et al. [116] accept judgments only above a confidence
threshold.
Screen-then-read runs an inexpensive schema over every record and the full schema only over

forwarded records. By the recall identity of Proposition 5.4, final recall is the product of themeasured
rates at which the screen forwards positives and the reader detects them, so an evaluation on
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forwarded records alone reports only the second. Rafe and Das [179] ran a lean presence schema
over a random frame of narratives and the full schema over the forwarded records.
Candidate-then-select has a retriever, rule or other model propose a short list for the decision

model to choose from, which keeps the answer space small because Proposition 5.3 shows that one
threshold admits more risk as that space grows. The list ideally includes a none-of-the-above option,
which the vendor recommends when a list may not cover every input [225], and final accuracy is
bounded by the recall of the list. The decider-2b card reports lower accuracy with full than with
sampled label sets [147], and REFLEX lost −6.7 accuracy points as options grew [254].
Speculative fan-out asks many questions about one state in one call, some possibly unneeded,

and lets code pick the answers, relying on the shared state encoding of Section 4. The vendor
claims cost and speed benefits [228], but Proposition 5.1 identifies a conjunction only up to an
interval, so multiplying the answers asserts an independence that the contract does not supply.
An independent comparison found hosted latency flat in question count [9], and a visual decision
model ran faster by a factor of 8.9 with shared-prefix batching [272].

The confidence-gated cascade answers with the decision model when its top probability clears a
threshold and escalates the rest to a frontier model, to retain most frontier quality at a fraction
of its fee. In 23 studies escalation kept 0.67 to 1.2 of frontier quality at 0.18 to 0.92 of its fee under
differing cost definitions [80, 116, 254]. The saving shrank as the price gap narrowed, and with
already accurate routing a cheap generative cascade matched the decision-model cascade at 0.72 of
its cost [254].

Judge-and-escalate applies the same logic to judging another system’s output, such as a pairwise
preference or the factual support of a statement [284], and escalates unconfident judgments to a
stronger judge or a person. Li et al. [116] found 47.7 percent accuracy at low confidence against
95.8 percent at high confidence, so confidence ordered the errors, and they recommend escalation
on difficult correctness and on style-adversarial pairs. Huang et al. [76] judged radiology-report
factuality with one support question per statement.
Composite scoring asks each dimension of an assessment as its own question and combines

the answers by a fixed rule in code. The vendor credits it with cost, reliability and speed benefits
[228] and advises against bundling judgments into one question [226]. The combined score is
calibrated only if the rule is fitted, Proposition 5.1 limits reading the rule as a joint probability, and
Proposition 5.6 warns against feeding it expected levels. Robitza [188] compared a fitted linear rule
over decomposed outputs with trained baselines on the same features.
Hierarchical fallback replaces one Choice over many answers with a chain asking a coarse

category and then an item, falling back to the category when the fine stage is unsure. By the
stage-product accounting of Proposition 5.4, a chain can be no more accurate than its coarse stage
when a correct item implies a correct category. REFLEX measured accuracy loss with a growing
option count [254], and the companion benchmark compares one Choice over all CLINC-150 intents
with a domain-then-intent chain [178].

Paraphrase self-consistency asks one decision in several equivalent forms that vary wording,
option order or option names, and flags for review any disagreement, read from the spread of the
distributions alongside their average. Exchangeable random names implement the option-name
neutralization of Proposition 5.5, giving expected log-odds that depend on the rubrics alone, and
swaps with fixed rubrics identify the name term. Opaque random names flipped 2.02 answers per
hundred on the hosted model, in the neutral regime [212]. A held-out paraphrase flipped 5.2 percent
of JevLite decisions and an option-order swap 2.6 percent [186], and Zhang et al. [276] compared
output orders across models.

Deterministic pre-parsing computes in code whatever code computes exactly, such as counts, date
differences and unit conversions, and passes the result to the model inside the state. This follows
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the vendor’s remedies of keeping arithmetic in code, extracting and comparing date components
in code, and reducing hops of indirection [226]. The Kev-9B card reports deadline accuracy of
0.80 (raw) / 0.90 (with date_facts preprocessor) against 0.93 for the hosted model [163], and the
preprocessor that supplies date facts to the state accounts for the difference.
Marginal-to-joint reconciliation serves programs that need a statement about several answers

together, which question isolation does not supply. It asks one Choice over the joint outcomes,
reports an interval for the conjunction, or enforces logical identities across related answers in code,
in line with the vendor’s advice to put each decision one way [226]. The bounds of Proposition 5.1
are attained, so the interval is the most that the marginals support. In the vendor’s worked example
a Noul and a Choice about one fact disagree [226], and Cheng et al. [32] report parity judgments
consistent with related band judgments in 0.513 of cases.
The review budget sends to human review the records whose calibrated positive probability

falls in the band where review costs less than the expected loss of automation. The budget is the
probability mass inside the band of Equation (7). Rafe and Das [179] use a precision-targeted deferral
variant, not a cascade result, in which a target precision among flagged records sets the upper
edge, with a pooled held-out budget of 0.8 percent of flagged records. Their in-domain recalibration
moved pooled calibration error from 0.0231 to 0.0069.

The versioned contract pins the model version, schema, option names and rubrics, and serving
temperature, which jointly define the predictor (Section 4), and repeats the calibration audit when
any of them changes. The hosted service separates pinned versions from moving aliases [225],
and pinning makes a change detectable but not preventable [179]. In the motivating census case,
Bespoke-Nimble-9B moved from a checkpoint at a fitted temperature with fewer choices per field
to a revision at its default temperature with more choices and a warning against reusing the earlier
fit [13, 14]. The repository’s endpoints disagree on the earlier tag, and the companion benchmark
loads the current revision while the ledger rows on Nimble concern the earlier one, so the two
describe different predictors. Kev-0.8B also changed serving temperature between checkpoints
under an unchanged name [162].

S7 The evidence ledger by study
Table S9 lists the evidence ledger of Section 7 one study at a time, including the grey-literature
sources under their bibliography keys, so that a reader can check a study before reusing its numbers.
Its Models column counts the distinct values of the ledger’s model field and can undercount
comparators recorded in a separate field. Its 𝑛 is the most frequent numeric sample size across a
study’s rows, or else the largest leading number among its descriptive entries, with two values
corrected by hand against each study’s stated primary sample. Table S10 regroups a subset of
the studies by the seven application areas of Section 10. Most studies fall in one of these areas,
and the rest are one classification-robustness study, one reverse-engineering probe of the hosted
service, one community-built benchmark and four open decision models each compared against
Jev, several of them cited in Section 6. Of the 248 studies, 3 received an overall grade of low risk
of bias. Reference labels often mix human adjudication, an automated judge and a computed task
outcome rather than one uniform gold standard.

Table S9. Every study in the evidence ledger, by task family, its overall risk-of-bias grade, its reference-label
type and the number of ledger rows it contributes, with Models and 𝑛 counted as Section S7 describes.

Study Task family Models 𝑛 Reference labels Rows RoB
Ahmed [1] classification 7 240 administrative field;

none
12 high

Amit [2] other 7 5,000 not reported 17 high
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Study Task family Models 𝑛 Reference labels Rows RoB
Antunes et al. [4] classification 1 9,092 human crowd; human

adjudicated; synthetic;
llm teacher; none

13 some concerns

Asseri and Asseri [5] other 1 36,000 none; human crowd 13 high
Azizi et al. [6] classification 11 833 human adjudicated;

synthetic
16 some concerns

Azizi et al. [7] safety 7 1,034 human single; synthetic 19 high
Bailo [8] agent control 6 600 synthetic 14 high
Bellver-Soler et al. [11] classification 1 3,113 human crowd; none 15 high
Besanson [12] extraction 1 700 synthetic 23 high
Brom [16] classification 3 1,000 human crowd; none;

task outcome
17 high

Bru et al. [17] other 4 9,621 human crowd; none 9 some concerns
Buecheler et al. [18] agent control 1 144 none 11 some concerns
Bukhari et al. [19] classification 4 231 administrative field;

synthetic; human
single; none; human
crowd; task outcome;
llm teacher

15 some concerns

Cao et al. [21] retrieval 5 100 administrative field;
task outcome

18 high

Chen [22] safety 8 607 human adjudicated;
none; administrative
field

12 some concerns

Chen [24] retrieval 7 276 human single 17 some concerns
Chen and Li [23] other 2 1,000 synthetic 17 high
Chen et al. [27] QA; classification 1 not

reported
not reported; human
crowd

14 high

Chen [25] agent control 5 268 administrative field;
human single; none

21 some concerns

Chen et al. [26] classification 8 8,000 human single 12 high
Chen et al. [30] safety 6 1,000 administrative field;

synthetic; none; human
adjudicated

21 some concerns

Chen and Le [29] memory 3 500 model consensus; hu-
man single

15 some concerns

Chen et al. [28] other 7 78,362 mixed; none; task out-
come

14 some concerns

Cheng et al. [31] other 1 72 not reported 9 high
Cheng et al. [32] judging 1 68 task outcome 12 high
Chouhan and Perry
[33]

classification; QA 5 4,689 llm teacher; human
single; human crowd;
none

17 high

Chung et al. [35] classification 5 11,117 human adjudicated;
synthetic

16 high

Cinà [36] other 2 978 task outcome; none 10 high
Dai et al. [40] classification 4 353 human crowd; adminis-

trative field; synthetic;
human single

10 some concerns

Dai et al. [41] other 3 36,000 synthetic 6 high
Deka [42] classification 16 2,000 human adjudicated;

none
20 some concerns



System One Decision Models: Electronic Supplement 45

Study Task family Models 𝑛 Reference labels Rows RoB
Demir [43] QA 6 5,314 other: court-stated

holding from the citing
opinion (CaseHOLD
gold); abstain condition
built programmatically

14 some concerns

Deng et al. [44] scientific workflow 7 100 human adjudicated 14 some concerns
Denney and
DiGiuseppe [45]

social-science anno-
tation; classification

1 37,709 human adjudicated;
human single; human
crowd; none

23 high

Deußer et al. [46] QA; classification;
extraction; safety;
judging; other;
multi-dataset zero-
shot evaluation

1 755 human single; human
crowd; administrative
field; none

26 some concerns

Ding et al. [47] classification; judg-
ing; other

2 350 not reported; human
crowd; human single;
llm teacher; synthetic;
none

17 some concerns

Ding [48] QA 7 14,042 human adjudicated 11 high
Dinzinger et al. [49] retrieval 12 not

reported
human single 17 high

Dong et al. [50] safety 1 12 synthetic 9 high
Rosario and Atef [189] judging 5 495 human adjudicated 18 high
dos Santos Barbosa
[51]

agent control 2 13 task outcome; none;
vendor label

14 high

Du et al. [52] classification 2 8,742 human adjudicated 17 high
Duan et al. [53] other 11 100 administrative field;

synthetic; task outcome;
llm teacher; human
crowd

20 high

Fadli et al. [56] classification 6 4,800 human single 21 high
Feng et al. [57] other 3 9,845 human single; task

outcome
13 high

Fernandes and Pereira
[58]

judging; retrieval 1 8,205 llm teacher; human
adjudicated; human
single

14 some concerns

Gan et al. [60] classification 9 10,027 human crowd; syn-
thetic; model consensus

17 high

Gao et al. [61] social-science anno-
tation; classification

5 180,000 human crowd 17 high

Gershon et al. [62] judging 1 118 other: physician panel
(median of five physi-
cians); other: physician
labels (2 to 5 of 186
physicians per row);
other: clinician ratings
(56 responses) and LLM
jury scores; llm teacher;
other: mixed (physician
panel, clinicians, LLM
graders); other: physi-
cian labels (UC2) and
GPT-5.4 (UC4)

16 some concerns
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Study Task family Models 𝑛 Reference labels Rows RoB
Geuter et al. [63] classification 4 2,352 model consensus; ad-

ministrative field; hu-
man adjudicated; none

16 high

Hume, Archer [77] QA; other; classifi-
cation

1 1,200 human adjudicated 8 some concerns

Bespoke Labs [14] classification 3 324 synthetic; human adju-
dicated; human crowd

10 some concerns

Palmer, Jared [163] classification; QA;
other

4 764 human adjudicated;
administrative field;
none

12 high

Convai Innovations
[39]

classification 6 2,000 llm teacher; human
adjudicated

10 some concerns

LocalLLaMA [132] classification 6 2,000 llm teacher 10 high
Balian, Rob [9] classification 6 975 human adjudicated;

task outcome
8 some concerns

TypeSafe AI [230] agent control 5 not
reported

model consensus 9 high

Rauch [185] safety 1 not
reported

none 1 high

Guo et al. [66] judging 1 1,228 human adjudicated;
synthetic

10 high

Guo et al. [65] safety 1 7,193 llm teacher; human
adjudicated; none

20 some concerns

Ha et al. [67] classification 4 893 human single 18 high
Han et al. [69] agent control 3 100 task outcome 6 some concerns
Han et al. [68] agent control 6 3,875 administrative field 13 high
He et al. [70] classification 1 322 other: source-derived

reference labels (Tri-
alGPT annotations;
MIMIC questions
model-generated and
human-reviewed); none

13 some concerns

Hu et al. [72] safety 7 5,586 model consensus; task
outcome

19 high

Hu et al. [73] safety; agent con-
trol

2 7,033 administrative field;
none; task outcome;
synthetic

13 some concerns

Huang et al. [76] judging 2 100 human adjudicated;
task outcome; none

13 some concerns

Huang et al. [75] classification; agent
control

11 316 human adjudicated;
none; task outcome

14 high

Huang et al. [74] safety 3 1,947 administrative field;
none

13 some concerns

Huo et al. [78] other 3 43,496 synthetic; not reported 13 high
Ibrahim and Zaki [80] social-science anno-

tation
27 7,977 human adjudicated 55 high

Ichikawa [81] other: multi-task
decision benchmark

5 600 other: benchmark labels
aggregated in S1MB
(mixed sources); none

10 some concerns

Imperatrice et al. [82] other 1 25,000 task outcome; none 17 low
Iqbal et al. [83] classification 7 970 human crowd 20 some concerns
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Study Task family Models 𝑛 Reference labels Rows RoB
Jiang et al. [84] memory 2 not

reported
llm teacher 10 high

Joy [85] classification 2 1,000 human crowd; human
adjudicated

21 high

Jung [86] classification 1 128 task outcome 16 some concerns
Khatri et al. [87] classification 5 406 other: expert annotator

labels (adjudication not
stated)

12 high

Khezresmaeilzadeh
et al. [88]

agent control 3 134 task outcome 15 some concerns

Konak [89] classification 2 890 administrative field 19 some concerns
Kourtis and Xilouris
[91]

agent control 5 3,645 synthetic; none 13 high

Kwartler et al. [92] classification 1 109 human single; none 10 some concerns
Lai et al. [93] other 2 384 synthetic; human single 15 some concerns
Lai et al. [94] other: executable

arithmetic rule
following

1 320 synthetic 8 high

Lan et al. [96] safety 4 1,332 human adjudicated 10 some concerns
Lan et al. [95] safety 1 47,611 synthetic; none 15 high
Lee et al. [97] QA 1 1,273 human adjudicated;

task outcome; none
16 high

Lee and Park [98] other 5 14,000 task outcome 14 some concerns
Li [111] classification 2 22,162 human adjudicated 11 high
Li et al. [106] other 3 3,360 none; human crowd 15 some concerns
Li et al. [114] classification 1 2,584 human single 11 high
Li and Xie [108] retrieval 13 443 other: benchmark rel-

evance judgments (in-
complete; 607 of 1,384
BRIGHT candidate sets
hold a judged positive)

16 some concerns

Li et al. [109] classification 5 1,120 human single 9 some concerns
Li et al. [101] agent control 2 63 task outcome; admin-

istrative field; human
adjudicated

12 some concerns

Li [105] agent control 4 2,100 human adjudicated;
task outcome; none; llm
teacher

19 high

Li and Wang [107] classification 2 3,080 llm teacher; human
adjudicated; none

13 high

Li et al. [116] judging 3 400 vendor label; none;
human adjudicated

27 some concerns

Li and Chen [110] classification 10 500 none; human crowd;
human single

15 high

Li [104] social-science an-
notation; classifica-
tion; other

8 9,070 human crowd 10 high

Li and Wagle [117] classification; QA 6 231 not reported; human
adjudicated

11 some concerns

Li et al. [115] agent control 7 65,228 task outcome; synthetic 21 high
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Li et al. [102] agent control 3 216 task outcome; llm

teacher; human ad-
judicated

12 some concerns

Li et al. [118] social-science anno-
tation

9 240,458 human single; none 10 some concerns

Li et al. [113] safety 1 200 human adjudicated;
none

14 high

Li [103] agent control; QA;
retrieval

12 6,396 human single; not
reported

17 high

Li et al. [100] agent control 1 120 synthetic 20 high
Li et al. [112] QA 1 1,172 human single 12 high
Li et al. [99] other 1 936 llm teacher; human

single
8 high

Lin [119] classification 4 324 synthetic 15 high
Ling et al. [120] ecosystem analysis

of public projects
1 not

reported
none 1 not graded

Ling et al. [121] agent control 1 348 task outcome 13 some concerns
Liu [127] judging 6 200 synthetic 13 high
Liu et al. [124] other: sequential

recommendation
2 1,280 task outcome 18 high

Liu et al. [128] safety 5 9,852 other: mixed bench-
mark annotations
(human span labels,
GPT-4o-injected er-
rors validated by two
annotators, constraint
checks); none

16 high

Liu [129] safety 7 236 administrative field 22 high
Liu et al. [130] retrieval 3 100 administrative field;

none
8 high

Liu et al. [126] social-science anno-
tation

5 14,412 other: mixed source-
dataset annotations
(gold and silver, hu-
man); none; other:
public dataset labels
(construction not de-
scribed)

12 high

Liu et al. [122] classification 2 4,625 model consensus; syn-
thetic; none

10 high

Liu et al. [125] agent control 1 5 task outcome 8 high
Liu et al. [123] classification 9 13,000 administrative field 10 high
Loi [133] judging 1 64 none 8 high
Lu and Wu [134] classification 4 166 administrative field 15 high
Lucca [135] classification 6 722 human single 16 some concerns
Lukassen et al. [136] judging 3 439 administrative field;

synthetic; none
15 high

Lukauskas and
Šarkauskaitė [137]

social-science anno-
tation

9 100 human crowd 20 high

Luo et al. [138] safety 1 2,273 none; llm teacher 7 some concerns
Lyu and Xia [139] retrieval; other 2 1,000 task outcome 14 high
Ma et al. [144] agent control 1 50 task outcome 8 some concerns
Ma et al. [140] other 10 1,504 human single; synthetic 11 some concerns
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Ma et al. [142] agent control 5 105 task outcome 10 some concerns
Ma et al. [141] judging 2 2,334 task outcome; synthetic 21 high
Ma et al. [143] other: constrained

spatial planning for
3D world genera-
tion

1 100 other: programmatic
hard-constraint check
(terrain, water, biome,
Macro role, adjacency)

2 some concerns

Madrid-García and
Merino-Barbancho
[146]

QA 1 1,373 human adjudicated 20 some concerns

Mazzoni and Failla
[148]

safety 2 3,689 administrative field;
human crowd

17 high

Mei et al. [149] QA 8 231 administrative field;
none

9 some concerns

Messoudi and Mansar
[150]

moderation; safety;
retrieval

3 1,050 administrative field;
none

19 high

Min and Chen [153] judging; agent
control

2 300 llm teacher; task out-
come; none

16 high

Mohebifar and Bit
[155]

other 8 1,932 synthetic; human adju-
dicated; task outcome;
human single

17 high

Mu et al. [156] classification 4 1,279 synthetic; task outcome 14 high
Munot [158] other: multi-correct-

choice probability
allocation

3 7,405 other: dataset gold
labels as released

16 high

Nandakishore [159] judging 2 not
reported

human crowd; task
outcome; none

17 high

Nandakishore [160] agent control 3 2,000 llm teacher; none; hu-
man single

15 high

Pan et al. [164] agent control 11 60 task outcome 14 some concerns
Panchal [165] QA; agent control 5 12,032 human adjudicated;

none; task outcome
13 some concerns

Paramasivam and
Rajkumar [166]

judging 2 235 llm teacher; human
crowd; none

11 some concerns

Paschalides et al. [167] safety 7 4,120 human crowd; synthetic 17 high
Pei et al. [168] agent control 6 1,011 task outcome 10 some concerns
Pelaseyed and Zabihi
[169]

other 4 96 none 11 some concerns

Perifanis et al. [170] other 5 11,481 task outcome 14 some concerns
Polignano et al. [173] other 13 2,000 task outcome 18 some concerns
Porcedda [174] other 1 365 synthetic 13 high
Qian et al. [175] agent control 1 1,168 administrative field 8 high
Qin et al. [177] other 4 800 human adjudicated 15 some concerns
Qin et al. [176] other 2 200 administrative field;

task outcome; none
6 some concerns

Rafe and Das [179] document coding 4 2,416 human adjudicated;
none; administrative
field

24 some concerns

Rafe and Das [180] extraction 1 590 human adjudicated;
none

7 low

Rafe and Das [181] social-science anno-
tation

3 79,510 human adjudicated; llm
teacher; none

13 low

Rahimi et al. [182] other 1 30 task outcome 6 high



50 Rafe and Das

Study Task family Models 𝑛 Reference labels Rows RoB
Rajput et al. [183] classification 2 299,463 human single 18 high
Rao and Callison-
Burch [184]

judging 7 5,003 human single; human
crowd; none

27 high

Ren et al. [186] safety 8 577 administrative field 14 high
Rezvani et al. [187] classification; safety 1 1,916 administrative field;

task outcome
14 high

Robitza [188] scientific workflow 2 1,936 none; human crowd 14 some concerns
Sadoun et al. [190] other; retrieval 2 12,280 task outcome; synthetic;

human single; none;
human adjudicated

14 some concerns

Saeed et al. [191] classification 15 500 administrative field 17 high
Sakhawat and Raiyan
[192]

classification 3 3,265 human adjudicated;
synthetic; none

13 some concerns

Santillana [193] classification 4 2,021 administrative field;
none

13 some concerns

Sautenkov et al. [194] agent control 1 255 synthetic 7 high
Severo et al. [195] classification 1 6,000 administrative field 14 high
Shankaranarayana
et al. [196]

other; QA; classifi-
cation; safety

1 1,680 task outcome; human
adjudicated; synthetic

24 some concerns

Sharma and Lall [198] memory 4 778 llm teacher; human
single; administrative
field

17 high

Sharma et al. [197] classification 3 500 synthetic 10 high
Sheng et al. [199] agent control 1 100 task outcome 10 some concerns
Shi et al. [200] judging 3 579 human single; none 13 high
Song et al. [201] classification 4 231 not reported; synthetic 14 some concerns
Song et al. [202] scientific workflow 11 6,466 human adjudicated;

human crowd; llm
teacher

16 high

Song et al. [203] QA 5 1,700 human adjudicated 18 high
Sonthalia et al. [204] classification 1 1,000 not reported 10 some concerns
Stambler [207] other 6 47 synthetic; administra-

tive field; human single
19 high

Steiner et al. [208] classification 7 30,225 other: benchmark gold
match labels (curated
by benchmark authors)

22 some concerns

Su and Huang [209] agent control 2 100 task outcome 10 some concerns
Sudjianto and Burakov
[210]

classification 7 10,000 administrative field 9 some concerns

Sun et al. [211] QA; retrieval 2 105 human adjudicated;
none

10 high

Sun et al. [212] classification 4 1,200 administrative field 22 some concerns
Tan et al. [213] safety 1 100 llm teacher 7 high
Tang and Chen [214] classification; ex-

traction
1 200 human single 14 high

Teke [215] classification 4 84 model consensus; hu-
man single

15 high

Teke [216] classification 3 4,275 model consensus; none;
human single

20 high

Teng et al. [217] classification 6 2,521 not reported 15 high
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Terven et al. [218] retrieval 6 40 llm teacher; other:

human-annotated
reference evidence
(QASPER); other:
human-annotated unan-
swerable (QASPER)

14 some concerns

Tommasino and Ri-
naldi [220]

classification 5 12,692 human single 16 some concerns

Minh et al. [154] classification 2 163 human single 12 high
Vats [231] agent control 1 72 task outcome; none 10 some concerns
Wake and Wagle [233] agent control 2 60 none; synthetic; task

outcome
16 some concerns

Wang and Zang [242] other 3 200 synthetic 11 high
Wang et al. [236] classification; other 1 86 administrative field;

task outcome
14 high

Wang et al. [241] extraction 2 1,953 not reported 25 some concerns
Wang et al. [246] classification 7 207,900 human crowd; none 16 some concerns
Wang et al. [238] safety 5 100 synthetic; administra-

tive field; llm teacher;
vendor label

15 high

Wang et al. [240] agent control 3 278 human single; none;
task outcome

7 some concerns

Wang and Gao [243] safety 1 5,219 administrative field 12 some concerns
Wang et al. [237] agent control 1 150 task outcome; not

reported; synthetic;
none

13 high

Wang et al. [239] classification 5 19,477 task outcome 9 some concerns
Wang [234] retrieval; memory 4 1,540 administrative field; llm

teacher; none
9 high

Wang et al. [245] other 3 194 administrative field; not
reported

10 some concerns

Wang et al. [244] QA 3 198 human adjudicated 13 high
Wang et al. [235] other 9 1,858 administrative field 16 some concerns
multimodalart [157] multi-benchmark

leaderboard; intent
classification

5 3,080 human assigned 7 not graded

Weng et al. [247] classification 8 111 not reported; llm
teacher; none

11 high

Wu et al. [252] agent control 8 100 task outcome 25 some concerns
Wu and Lim [253] safety 1 510 task outcome 13 high
Wu et al. [251] safety 1 60 synthetic 13 high
Wu and Lim [254] agent control 8 100 human adjudicated;

task outcome
14 some concerns

Wu [255] retrieval 2 1,000 administrative field;
synthetic; none

9 high

Xie et al. [256] classification; agent
control

7 500 synthetic 21 high

Xu and Mei [258] classification; other 3 100 administrative field 11 some concerns
Xu et al. [260] safety 3 2,657 task outcome; human

crowd
11 high
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Xu et al. [257] judging; QA 1 192 llm teacher; human

single; task outcome;
none

12 high

Xu et al. [259] safety 3 3,072 administrative field;
synthetic; human sin-
gle; none

12 some concerns

Yadav [261] safety 1 142,658 human crowd 14 high
Yamamoto and Kuroki
[262]

judging 4 188 human adjudicated;
human crowd; task
outcome; none

10 high

Yan [263] classification 4 4,300 administrative field;
none

12 high

Yan [264] classification 1 48 administrative field;
human single

7 high

Yang et al. [267] QA; agent control 1 134 human adjudicated;
task outcome

12 some concerns

Yang et al. [266] other 4 1,120 task outcome; adminis-
trative field

16 some concerns

Yang et al. [268] safety 7 1,440 synthetic 12 high
Yang et al. [265] other 3 738 synthetic; administra-

tive field
15 some concerns

Ye et al. [269] other 5 512 synthetic 15 high
Yilmaz et al. [270] classification 2 400 synthetic; administra-

tive field; human crowd;
task outcome; none

17 some concerns

You et al. [271] classification 1 135 administrative field;
human crowd

15 high

Yu and Yao [272] classification 8 7,532 human adjudicated 10 high
Zhan et al. [273] classification; agent

control
12 231 not reported; task out-

come
20 some concerns

Zhang et al. [277] classification; other 5 213 human crowd; human
single; none

14 high

Zhang et al. [280] other; extraction 1 14,262 human single 10 some concerns
Zhang and Yu [281] classification 4 2,210 human crowd 15 high
Zhang et al. [274] classification 2 963,408 administrative field; hu-

man single; none; task
outcome; llm teacher;
model consensus

15 some concerns

Zhang et al. [278] agent control 1 1,192 task outcome 22 some concerns
Zhang [279] agent control 1 not

reported
task outcome; none 5 high

Zhang et al. [276] classification 8 2,091 human adjudicated 22 high
Zhang et al. [275] classification; QA;

safety
6 5,059 administrative field;

human crowd; none
23 high

Zhao et al. [282] other: graph anom-
aly detection

3 10,224 other: benchmark
anomaly labels (injected
and real); none

7 some concerns

Zheng and Chen [283] QA 2 768 administrative field 13 high
Zhong et al. [285] other 1 128 synthetic 12 high
Zhou et al. [286] classification 8 3,669 human single; human

crowd; none
16 some concerns

Zhou et al. [287] agent control 1 21 task outcome; none 10 high
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Zhu et al. [289] classification 5 111 administrative field;

synthetic; none
14 high

Zhu et al. [288] agent control 4 500 synthetic; not reported;
task outcome; none

15 high

Zhu et al. [290] other; QA 2 591 human adjudicated 10 high
Zhuang et al. [291] other 8 32,233 synthetic; administra-

tive field
15 some concerns

Zhuang et al. [292] classification 6 7,800 human adjudicated;
synthetic; none

15 high

Table S10. The seven application areas of Section 10, the ledger studies that support each one, the kind of
reference label each study used and the risk-of-bias grades the area received.

Area Supporting studies Reference types Grade distribution
Document coding at popula-
tion scale

[179], [276] human adjudicated; none;
administrative field

high (1), some con-
cerns (1)

Annotation for science [80], [44], [188], [104] human adjudicated; none;
human crowd

high (2), some con-
cerns (2)

Judging and evaluation [116], [76] vendor label; none; human
adjudicated; task outcome

some concerns (2)

Agent control and memory [254], [84], [230], [51] human adjudicated; task
outcome; llm teacher;
model consensus; none;
vendor label

high (3), some con-
cerns (1)

Guardrails, routing and edge
orchestration

[101], [102], [186], [65], [185] task outcome; administra-
tive field; human adjudi-
cated; llm teacher; none

high (2), some con-
cerns (3)

Games and real-time control [142], [32] task outcome high (1), some con-
cerns (1)

Vision and multimodal [272] human adjudicated high (1)

Table S11 sets each launch claim of the vendor, with its own qualifiers, beside its status in the
independent records of the ledger under the status rules of Section 7.1.
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