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Figure 1: Top: a representative joint-encoding system one architecture and Jeva; N denotes the number of blocks in
each architecture. Bottom: schematic illustrations of four structural properties: (a) an explicit null outcome when
no candidate applies; (b) unchanged choices under candidate reordering; (c) support for variable-size candidate sets;
and (d) reuse of option representations across requests.

Abstract

System one models enable direct, low-latency decision-making. Yet recent practice of predicting an
answer from serialized text does not, by itself, respect the structure of a decision problem. We argue that
current designs underemphasize four important structural requirements. (i) null-aware: Models should
distinguish answer absence from uncertainty among candidates; (ii) permutation-invariant: Reordering
alternatives should not change the decision; (iii) option-scalable: Growing candidate sets should not
require redefining the output space; (iv) cacheable: Request-independent computation over recurring
alternatives should be reusable across requests. We introduce Jeva, a decision-native architecture that
addresses these requirements jointly. A shared encoder independently represents the request and each
option, while a compact decision stack refines only the request state against immutable option memory.
Symmetric aggregation yields permutation-equivariant probabilities; shared scoring accommodates variable-
size candidate sets. A separate coverage estimate distinguishes answer absence from candidate competition,
enabling explicit null outcomes. Request-independent option representations and layer projections support
reuse across newly assembled sets. These mechanisms unify Choice, Noul, and Score outputs. Across
evaluations, Jeva combines strong typed-decision performance with near-perfect null detection and no
decision flips under any tested permutations. It scales to thousands of candidates and substantially reduces
latency through cross-request reuse without changing decisions.
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Figure 2: Four structural properties of Jeva. (a) Null detection on BANKING77 (Casanueva et al., 2020) with 16
candidates. (b) Candidate-aligned probability changes under Choice permutations from Typed Decisions (LocalL-
LaMA, 2026), with flip rates and mean total variation (TV). (c) Accuracy–latency trade-offs as candidate counts
increase on our ToolRet-based diagnostic (Shi et al., 2025); solid and dashed lines denote native and recursive
selection, respectively. (d) Cache-Off and Cache-On (set-cache, hybrid-cache) latency on Typed Decisions (LocalL-
LaMA, 2026) and MLDR (Chen et al., 2024), with set-hit rates and effective reuse.

1 Introduction

Many language-model requests require a compact
decision: choose a tool, identify a document, test
a condition, or assign a score (Schick et al., 2023;
Qin et al., 2024; Saeidi et al., 2018; Zheng et al.,
2023). System one models address these requests
directly through typed outputs rather than gener-
ated rationales (Almeida, 2026). Such tasks im-
pose structural requirements on the decision pro-
cess. In candidate selection, reordering the alterna-
tives should preserve the decision, and varying the
candidate count should not require a new output
space. The model must also recognize when none
of the available alternatives applies. Meanwhile, a
tool registry, document collection, or label vocabu-
lary can persist across changing requests, creating
opportunities to reuse computation and reduce de-
cision latency. Together, these requirements call
for a decision-native architecture.

However, many open-source system one mod-
els jointly encode requests and candidates as text,
then read decisions from answer-token logits or a
task-specific prediction head (JevK5 authors, 2026;
InternLM, 2026; Lee, 2026). This design places
reusable candidate content inside request-specific
computation: changing the request or recombining
candidates requires processing their joint context
again. It also treats an unordered decision set as
an ordered sequence, allowing incidental candidate
positions to influence predictions. Implementations
based on a fixed inventory of answer symbols fur-
ther restrict candidate counts, while normalizing
scores over the supplied candidates does not estab-
lish whether any candidate is acceptable. These
limitations point to a common architectural issue:
semantic representation, candidate interaction, and

answer availability are coupled within the same
prediction process. A decision-native architecture
should separate these roles, preserving context-
sensitive judgment while making candidate reuse,
order symmetry, and variable-size choice explicit
properties of its computation.

We introduce Jeva, a decision-native architec-
ture that separates reusable semantic encoding from
set-dependent judgment. In Jeva, as shown in Fig-
ure 1, a shared language encoder independently
maps the request and each option into compact vec-
tors. A lightweight decision module then refines
only the request state by reading an immutable
option memory. This lets the state adapt to the
candidate set while keeping option representations
request-independent. Even a single decision block
can reverse the preference between two retained op-
tions when the surrounding set changes, capturing
interactions that independent candidate scoring can-
not express. Symmetric aggregation in the decision
mixer and shared candidate scoring in the readout
yield permutation-equivariant option probabilities
and accommodate variable-size candidate sets with-
out expanding the output parameters. A separate
coverage gate allocates probability between null
and the candidate set, distinguishing answer ab-
sence from uncertainty among alternatives; a con-
ditional distribution resolves competition within
the set. Finally, both option vectors and their layer-
specific projections can be cached across requests,
including newly assembled candidate sets, while
state refinement and decision readout remain spe-
cific to each request.

We substantiate these design principles through
theoretical analysis and empirical evaluation
against specialized system one models. Our analy-
sis establishes single-block set-dependent expres-
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sivity, permutation-equivariant probabilities, and
exact reuse of option-side computation, while dis-
tinguishing coverage estimation from candidate-
score normalization. With a Qwen3.5-4B back-
bone and one decision block, Jeva combines strong
typed-decision performance with nearly perfect
null detection and stable choices under all tested
candidate permutations. These benefits extend be-
yond small candidate sets: at 2,048 options, Jeva’s
native full-set scoring achieves higher accuracy and
a speedup of over 2× in median latency over the
recursive-selection baseline. Cross-request reuse
provides a complementary efficiency gain, deliv-
ering a median-latency speedup of over 20× for
newly assembled long-document candidate sets
without changing decisions. Together, these find-
ings (Figure 2) demonstrate how a decision-native
architecture unifies null awareness, permutation
invariance, option scalability, and cacheability.

2 Related Work

Direct and typed decision models. Open-source
system one models produce structured decisions
through several readout designs. SemIf and JevK5
extract option probabilities from answer-token log-
its without autoregressive decoding (Lee, 2026;
JevK5 authors, 2026), while Intern-Decision uses
decision markers to read distributions over permit-
ted answer symbols (InternLM, 2026). ReFlex ag-
gregates predictions across different option orders
to reduce sensitivity to candidate position (Ragha-
van, 2026). Beyond token-logit readouts, KEV
uses a pointer head over contextualized option po-
sitions (Palmer, 2026), and Laya combines a bidi-
rectional language encoder with a dedicated deci-
sion head (Convai Innovations, 2026). These meth-
ods derive decisions from request and candidate
token representations. Jeva separates independent
text encoding from compact, set-conditioned state
updates, making candidate computation reusable
while retaining interactions among alternatives.
Independent encoding and late interaction. Sep-
arating query and candidate encoding enables
reusable representations and efficient matching.
Dense Passage Retrieval encodes questions and
passages independently, allowing corpus represen-
tations to be precomputed (Karpukhin et al., 2020).
ColBERT retains token-level representations to sup-
port fine-grained late interaction (Khattab and Za-
haria, 2020). Contrastive Language Models extend
independent encoding and candidate caching to
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Figure 3: Fixed options, set-dependent decisions. Re-
placing C+ by C− changes the refined state and re-
verses the A–B margin. Hollow markers show the
independent-score tie. The state zoom uses equal scales;
values follow Proposition 1.

typed Choice, Noul, and Score decisions (Kwok
et al., 2026). Jeva refines the request state against
the full candidate set before scoring and cover-
age estimation, enabling set-dependent preferences
while keeping candidate vectors and layer projec-
tions reusable.

Set functions and latent attention. Deep Sets es-
tablishes shared transformations and symmetric ag-
gregation as a foundation for permutation-invariant
set modeling (Zaheer et al., 2017). Set Transformer
introduces attention-based interactions among set
elements (Lee et al., 2019), while Perceiver pro-
cesses large inputs through a compact latent rep-
resentation (Jaegle et al., 2021). Jeva refines a
request-conditioned state against immutable option
memory, combining set-dependent judgment with
reusable representations. Symmetric aggregation
and shared scoring yield permutation-equivariant
probabilities and support variable-size sets without
changing parameter shapes. At fixed width and
depth, refinement and readout scale linearly with
candidate count over prepared memory.

Null awareness and calibration. Answerability
and abstention address related but distinct ques-
tions. SQuAD 2.0 evaluates answerability (Ra-
jpurkar et al., 2018), while selective classification
permits abstention to control prediction risk (Geif-
man and El-Yaniv, 2017). Jeva defines null as the
absence of a valid candidate. Its coverage gate dis-
tinguishes the absence of a valid candidate from
uncertainty among alternatives. Post-training tem-
perature scaling provides complementary probabil-
ity calibration (Guo et al., 2017).
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3 Jeva: A Native Decision Architecture

Jeva independently encodes the request and each
option with a shared backbone (Figure 1). A com-
pact decision module refines only the request state
against immutable option memory, enabling reuse
while retaining set-dependent scoring.

3.1 Independent Encoding, Collective
Decisions

A request comprises state x, question ι, decision
type t, and candidates O = (o1, . . . , oK), with
K ≥ 2 in the typed interface. We format inputs
with two text templates: Tx(t, ι, x) combines the
decision type, question, and state, while To(t, oi)
contains only the decision type and candidate text.
Let Eθ be the language backbone followed by last-
nonpadding-token pooling. Bias-free projections
give

z0 = PxEθ(Tx(t, ι, x)),

ui = nrm(PoEθ(To(t, oi))) ,
(1)

where nrm is stabilized ℓ2 normalization and
z0, ui ∈ Rd. Templates identify each input’s type
and role; To contains no current question, state, can-
didate index, or other option. Each text is contextu-
alized by the backbone before pooling. The rows of
U = [u⊤1 ; . . . ;u

⊤
K ] stay fixed within a forward pass,

while the encoder and projections remain trainable.
Why refine the state? Let q denote the distribu-
tion over candidates conditional on an acceptable
candidate being present. For independent scores
g(x, ι, oi) normalized by softmax with temperature

(a) Prepare each option once

New o Encode + K/V Option bank

(o) = (uo, {K o
ℓ , V o

ℓ}ℓ)

(b) Three requests, overlapping sets
Request / set Option work Hits
x1, {A, B, C} Prepare A, B, C 0/3

x2, {B, C, D} Reuse B,C; new D 2/3

x3, {A, C, D} Reuse A, C, D 3/3

Always fresh: Encode xi Head ̂yi

Figure 5: Reuse across new requests and sets. With
a fixed model, type, and encoding policy, an initially
empty option bank gives 0/3, 2/3, and 3/3 hits without
eviction. Every whole-set lookup misses; state encoding
and decisions remain fresh.

τ > 0, its log odds satisfy

log
qi(O)

qj(O)
=

g(x, ι, oi)− g(x, ι, oj)

τ
. (2)

The shared denominator cancels in the ratio: adding
or removing other candidates can change proba-
bilities but cannot reverse the preference between
two retained options. Jeva instead conditions the
scoring state on the candidate set, enabling such
reversals through compact per-request computation
while keeping option representations reusable.

3.2 Candidate-Conditioned State Refinement

Each of L blocks reads U through H heads. For
head h, define qhℓ = nrm([WQ

ℓ zℓ]h), khℓi =
nrm([WK

ℓ ui]h), and vhℓi = [W V
ℓ ui]h. The

candidate-weighted message is

ahℓi =
exp((qhℓ )

⊤khℓi/τℓ)∑
j exp((q

h
ℓ )

⊤khℓj/τℓ)
,

mℓ = WO
ℓ ConcatHh=1

(∑
i

ahℓiv
h
ℓi

)
.

(3)

Padding is masked. For compatibility logits ci =
(qhℓ )

⊤khℓi, these weights uniquely maximize a⊤c+
τℓH(a) over the probability simplex, yielding an
entropy-regularized allocation of candidate evi-
dence for state refinement. A derivation is provided
in Appendix A.1. The state undergoes two residual
updates:

z̃ℓ = zℓ + αℓmℓ,

zℓ+1 = z̃ℓ + L−1/2Fℓ(RMSNorm(z̃ℓ)),
(4)
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Typed BANKING77 MASSIVE Mind2Web

Model Test K = 8 K = 16 K = 8 K = 16 Task Website Domain

Jev-1.13.0 74.10 86.14 82.50 84.63 81.61 66.26 59.97 62.47
JevK5 62.30 78.18 69.03 80.16 69.70 51.47 43.30 45.60
InternDecision-4B 78.70 80.78 75.03 81.20 75.79 48.02 41.17 43.61
InternDecision-2B 75.85 48.31 35.10 45.33 41.69 29.43 27.47 26.12
InternDecision-0.8B 69.35 29.74 22.63 28.58 24.61 25.33 22.53 21.48
Re·Flex-4B 58.85 78.77 74.38 76.63 71.39 52.08 45.05 47.64
SemiF-4B 62.75 69.97 67.18 69.70 67.38 48.60† 41.16† 43.67†

KEV-4B (BF16) 66.00 83.47 82.47 76.60 73.54 40.32 34.17 35.62
KEV-4B (FP32) 66.05 83.44 82.34 76.53 73.64 40.53 34.25 35.81
CLM-8B 43.05 26.95 18.15 33.36 23.23 21.73 21.16 19.79
Valen-Preview-2B 37.75 19.61 19.09 19.60 21.72 13.27 14.16 14.38
Laya-English 34.50 58.05 50.49 44.69 37.63 15.96 11.34 15.26
Qwen3.5-4B label LP 50.85 49.84 43.12 47.31 41.63 18.14 15.30 18.34
Qwen3.5-2B label LP 41.70 48.25 35.65 30.93 25.25 12.46 10.73 11.47

Jeva-4B 78.30 92.05 91.62 91.09 90.22 79.99 62.25 66.23

Table 1: First-argmax accuracy (%, higher is better), including null outcomes where applicable. Mind2Web
uses K = 16. †Supported-only accuracy; coverage is 99.2%, 99.8%, and 97.3% respectively; all other entries have
full coverage. Dark-to-light gold marks the top three distinct full-coverage scores per column.

where Fℓ is a bias-free SwiGLU network and
αℓ = τℓσ(γℓ)/

√
L. This coupling ensures 0 <

αℓ/τℓ < 1/
√
L. All temperatures are learned pos-

itive scalars. Only zℓ evolves; keys and values
depend solely on the unchanged options.

Proposition 1 (Set-dependent preference with one
block). There exist fixed Jeva parameters and two
candidate sets containing the same options A,B
such that, for the same request, a single block
uniquely selects A in one set and B in the other. No
independent scorer in Eq. (2) with set-independent
tie-breaking can realize both choices.

Proof. Use one two-dimensional head, identity pro-
jections, and zero FFN output. Score each candi-
date by si = z⊤1 ui. Let z0 = (1, 0), A = (4, 3)/5,
B = (4,−3)/5, and C± = (3,±4)/5. Compare
sets (A,B,C+) and (A,B,C−). All vectors are
unit length. With τ = 3/20 and γ = − log 2,
the residual scale is α = 1/20; the third option
receives weight w = (1 + 2e4/3)−1. The score
differences are

sA(O±)− sB(O±) = ±24αw/25. (5)

The winning A or B also exceeds C±: its initial
advantage 1/5 can shrink by at most 2α < 1/5.
The winners are therefore unique, whereas an in-
dependent scorer cannot reverse their ordering by
Eq. (2).

Figure 3 shows this construction; Appendix B.1
embeds it in the deployed width and head count.

Thus reusable features do not imply independent
decisions. The mixer forms the message directly,
without storing a K ×K interaction matrix.

3.3 Competition, Coverage, and Typed
Outputs

Jeva computes final scores si = z⊤Lui
and conditional candidate probabilities q =
softmax(s/τdec). Neither the initial nor the final
state is unit-normalized, retaining magnitude infor-
mation for confidence estimation. A common score
shift leaves q unchanged: relative preference alone
cannot establish whether any candidate is accept-
able. To form a full distribution p over candidates
and null (⊥), Jeva separately estimates the prob-
ability ρ that at least one acceptable candidate is
present:

ρ = σ

(
maxi si − bcov

τcov

)
,

p⊥ = 1− ρ, pi = ρqi.

(6)

Here, bcov is a learned coverage threshold and
τcov > 0 is a learned temperature. Writing Y
for the decision outcome, this implements P (Y =
i) = P (Y ̸= ⊥)P (Y = i | Y ̸= ⊥). Closed-set
requests use q; open-set requests use p.
Proposition 2 (Coverage without a cardinality de-
nominator). At fixed final scores, adding options
below the existing maximum leaves ρ unchanged.
In contrast, a flat softmax with null score b0 and K
identical candidate scores s assigns

pflat⊥ = σ((b0 − s)/τ − logK) . (7)
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Noul ↓ Score ↓ Choice permutations

Model Brier MAE MAE RMSE Flip (%) ↓ All-order (%) ↑ Mean TV ↓

Jev-1.13.0 0.0342 0.1456 0.3744 0.4795 17.00 66.67 0.0858
JevK5 0.0987 0.2448 0.4370 0.5935 26.17 47.83 0.116
InternDecision-4B 0.0340 0.1431 0.2488 0.3208 22.67 64.50 0.106
InternDecision-2B 0.0440 0.1649 0.2641 0.3433 26.83 60.33 0.124
InternDecision-0.8B 0.0503 0.1835 0.3145 0.4013 45.00 45.33 0.135
Re·Flex-4B 0.1768 0.3464 0.4795 0.6490 26.50 54.67 0.116
SemiF-4B 0.0913 0.2439 0.4722 0.6134 32.33 50.33 0.165
KEV-4B (BF16) 0.0888 0.2282 0.3987 0.5669 17.50 55.50 0.0658
KEV-4B (FP32) 0.0887 0.2283 0.3989 0.5675 17.17 55.83 0.0657
Valen-Preview-2B 0.1509 0.3348 0.7786 0.9274 31.17 24.17 0.139
Laya-English 0.1514 0.3206 0.7083 0.8383 66.83 11.83 0.139
Qwen3.5-4B label LP 0.1623 0.3213 0.8095 1.0235 84.50 14.17 0.414
Qwen3.5-2B label LP 0.1411 0.3224 0.6221 0.7730 76.83 18.17 0.199

Jeva-4B 0.0184 0.0939 0.2315 0.3222 0.00 76.67 3.17e-08

Table 2: Typed fidelity and order stability. Flip measures any decision change; all-order accuracy requires
correctness under every tested order. Mean TV compares candidate-aligned probability distributions.

Proof. Adding scores below the existing maximum
leaves ρ unchanged. For flat softmax, dividing
numerator and denominator by eb0/τ gives pflat⊥ =
1/(1 +Ke(s−b0)/τ ), equivalent to Eq. (7).

Figure 4 illustrates these effects through con-
trolled changes to the final scores. Set refinement
may still change scores, and the joint argmax over
p need not remain fixed when candidates are added
(Appendix A.3).

The same computation supports CHOICE

through candidate selection, NOUL through the
positive Boolean candidate’s probability qi+ , and
SCORE through

∑
i qivi for numeric rubric values

vi. Rubric values and the positive designation de-
termine output interpretation, not extra encoder
inputs. Separate temperatures govern evidence ag-
gregation, competition, and coverage.

3.4 Symmetry, Reuse, and Scaling

An atomic option memory stores both its semantic
vector and projected views:

Mt(oi) =
(
ui, {khℓi, vhℓi}ℓ,h

)
. (8)

Requests gather these entries in their current candi-
date order. Our set cache stores assembled candi-
date tuples; the hybrid cache additionally reuses in-
dividual options across newly assembled sets. State
encoding and decision refinement still execute for
every request. Figure 5 illustrates this distinction.

Proposition 3 (Candidate symmetry and exact
reuse). With fixed weights and deterministic exact-
arithmetic evaluation, permuting candidates and

their metadata permutes candidate probabili-
ties but leaves zL, null probability, and typed
Noul/Score outputs unchanged. Replacing op-
tion computations by identical cached entries also
leaves all outputs unchanged.

Proof. Reordering keys and values only reindexes
the sum in Eq. (3). Induction through the state
updates therefore preserves zL; shared scoring per-
mutes its outputs. Cached entries are identical
because Eq. (8) contains no request or other can-
didate. Substitution preserves every subsequent
operation.

A unique winning option is invariant as a se-
mantic item. Ties and finite-precision effects are
discussed in Appendix B. No order-consistency
loss is required. At fixed width d and FFN width f ,
prepared-memory decision cost is O(L(d2 +Kd+
df)), linear in K. A bank of M options stores
O(M(L + 1)d) values. New options require en-
coding and projection, but neither additional output
parameters nor a joint token window. Each text
has its own encoder length budget; this does not re-
move individual-text length limits. The Ω(K) cost
of emitting a dense distribution already matches
the head’s order in candidate count.

3.5 Direct Supervised Learning

For normalized open-set targets (y⊥, y1, . . . , yK),
let cy =

∑
i yi and g = logit(ρ). We minimize

ℓ = BCEWithLogits(g, cy)−
∑
i

yi log qi. (9)
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This primary loss is joint cross-entropy on p: all-
null examples supervise availability without im-
posing a spurious candidate ranking. Closed sets
use candidate cross-entropy. Stage-dependent Noul
and Score auxiliaries, initialization, and optimiza-
tion details appear in Appendix B.

Jeva-4B uses Qwen3.5-4B with pooled width
2560, decision width d = 768, L = 1, H = 8,
and f = 3072. We train rank-64 LoRA (Hu et al.,
2022) with both projections and the decision head
(13.37M parameters), using separate AdamW pa-
rameter groups and global gradient clipping. The
curriculum spans typed decisions, intent selection,
verification, reading/reasoning, and large-candidate
retrieval; stage transitions retain the architecture
and preceding weights. LoRA is merged for serv-
ing, and memories are prepared for the resulting
fixed model.

4 Experiments

We evaluate decision quality, structural prop-
erties, and efficiency using a common suite
and controlled permutation, batching, and cache
tests. The suite includes Typed Decisions (Lo-
calLLaMA, 2026) (2,000 test decisions), BANK-
ING77 (Casanueva et al., 2020) and MAS-
SIVE (FitzGerald et al., 2023) with 8 or 16 can-
didates, and three Mind2Web (Deng et al., 2023)
slices selecting from 16 supplied candidates. Base-
lines retain their documented interfaces and native
runtimes. For open-set evaluation, JevK5 and CLM
receive an explicit None candidate, while typed
baselines such as Jev, InternDecision, and KEV
answer an auxiliary Noul question about candidate
availability. For the latter, estimated availability
scales the conditional candidate probabilities, with

3212825651210242048

K

69.9%
58/83

Jeva All-size
accuracy

Correct Incorrect

3212825651210242048

JevK5

57.8%
48/83

1 20 40 60
Same queries, fi

83
xed order

3212825651210242048

CLM

8.4%
7/83

Figure 7: Correctness across nested candidate sets.
Columns show 83 fixed queries; rows indicate candidate
count K. Colored cells denote correct predictions. All-
size accuracy requires correctness at every tested size.

the remaining mass assigned to null. Accuracy
uses first-argmax predictions, including null where
applicable, on fully supported slices; unsupported
requests are reported separately. Local latency uses
synchronized H200 timing; within-model compar-
isons fix the checkpoint and query stream.

4.1 General and typed decision quality

Table 1 shows that Jeva leads seven of eight
slices in full-coverage accuracy, exceeding 90%
on BANKING77 and MASSIVE at both candi-
date counts. It achieves 79.99%, 62.25%, and
66.23% on Mind2Web cross-task, cross-website,
and cross-domain selection, respectively. On Typed
Decisions, Jeva reaches 78.30%, compared with
InternDecision-4B’s 78.70%.

Table 2 evaluates 600 Noul and 800 Score exam-
ples. Jeva achieves the lowest Noul Brier (0.0184)
and MAE (0.0939) against soft probability targets,
and the lowest Score MAE (0.2315). Its Score
RMSE is 0.3222, close to InternDecision-4B’s
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Figure 8: ToolRet across six disjoint candidate-count
cohorts. (a) Full-support tied-top accuracy. (b) Natural-
stream p50 latency; Jeva uses 256-row/131,072-token
batching, with legacy encoding dashed. (c) Valid cover-
age; 77% denotes 65/84 requests. Unsupported slices
are excluded from accuracy.

0.3208. Score errors compare predicted expecta-
tions with targets in the original rubric units.

We evaluate 600 Choice examples in the original,
reversed, and up to three seeded random orders,
aligning candidate identities. Jeva records zero
flips, mean TV of 3.17× 10−8, and identical orig-
inal and all-order accuracy of 76.67%, consistent
with Proposition 3. Jev-1.13.0, InternDecision-4B,
and JevK5 exhibit flip rates of 17.00%, 22.67%,
and 26.17%, with all-order accuracies of 66.67%,
64.50%, and 47.83%, respectively. All-order accu-
racy requires correctness under every tested order.

4.2 Null detection

On 3,080 matched BANKING77 requests with
16 candidates (588 answer-absent), Jeva achieves
98.66% null-detection AUROC, versus 93.61% for
KEV-BF16, 84.27% for InternDecision-4B, and
79.44% for JevK5. It detects 93.88% of absent
answers at 5.02% FPR (Figure 6(b)). Baselines
use auxiliary coverage Noul outputs or an explicit
None candidate. Near-5% FPR thresholds are
each model’s empirical 95th percentile of answer-
present scores; strictly higher scores predict null.

4.3 Candidate scaling and batching

Figure 8(a,c) reports accuracy and coverage on
500 ToolRet requests in distinct-query cohorts with

MLDR (50) Typed (2,000)
50

500
2.5k

p5
0 

(m
s)

9374 4774 47

(b) Shared-bank request latency
2097

0 50 100

Novel 0%
Novel 50%

Novel 100%
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Typed bank

(c) Candidate rows avoided (%)
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Requested candidate reuse (%)

(a) Novel sets: zero whole-set hits

.25
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Figure 9: Candidate reuse (32-row/16,384-token batch-
ing). (a) Paired speedups over Cache-Off: 50 novel-set
requests per reuse level, zero set hits, broken axis; boxes
show median/IQR with 1.5-IQR whiskers. (b) Shared-
bank p50 latency. (c) Encoded rows avoided. Priming
is timed separately; no answers are cached.

K ∈ {32, 128, 256, 512, 1024, 2048}. Positives
are retained (389 multi-positive requests), with
weak or unjudged added negatives. Any highest-
target-score candidate counts as correct.

Jeva covers all requests with 78.40% aggregate
accuracy, versus 64.00% for recursive JevK5, while
scoring each complete set in one decision-head
pass. Both InternDecision variants support only
65/84 requests at K = 32; larger cohorts exceed
their registered limits. Unsupported slices are ex-
cluded from accuracy comparisons.

Figure 8(b) shows the effect of length-aware
batching (256 rows/131,072 padded tokens), which
preserves cohort accuracies, candidate order, and
cache policy. Compared with chunk-2 encoding,
p50 latency falls from 31.730 to 7.519 s at K =
1024 and from 94.459 to 12.040 s at K = 2048
(7.85×). At K = 2048, Jeva achieves 69.88% ac-
curacy, versus JevK5’s 67.47% at 28 s. Encoder
batching retains full-set access in the decision head.

Robustness to candidate-set expansion. Figure 7
evaluates the same 83 queries as nested candidate
sets expand from 32 to 2,048 options. Jeva re-
mains correct at every size on 58 queries, versus
48 for JevK5 and 7 for CLM. Its all-size accuracy
is 69.88%, exceeding JevK5 by 12.05 pts.
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4.4 Reuse across states and candidate sets

Figure 9 compares Cache-Off, exact-set caching
(Set), and additional individual-option reuse (Hy-
brid), using fixed weights, cyclic mode ordering,
and cache resets. Only candidate computations are
cached, never previous answers.

For 50 matched MLDR queries at 0%, approxi-
mately 50%, and 100% option reuse, every novel-
set lookup misses the whole-set cache. Hybrid
achieves 1.95× and 27.98× speedups in p50 la-
tency at partial and full reuse, while Set remains
near 2.1 s. At full reuse, p50 falls from 2,102.0 to
75.1 ms; the median paired speedup is 27.86×.

For shared banks, Typed Decisions p50 falls
from 93.1 ms to 46.6 ms (Set) and 46.7 ms (Hy-
brid), avoiding 99.2% of candidate-row encod-
ings. Primed MLDR p50 falls from 2,097.3 ms
to 73.9/74.2 ms. Typed timings include cold starts;
MLDR priming is timed separately and excluded.
No decisions change across conditions; the maxi-
mum absolute probability difference is 0.00736.

5 Conclusion

We introduce Jeva, a native architecture specifi-
cally designed for system one decision makings.
Jeva models decisions as an evolving state reading
reusable option memory, connecting permutation
symmetry, variable candidate counts, explicit null
probability, and caching. The trained Jeva-4B com-
bines broad decision capability with strong null
detection, stable predictions under reordering, and
savings from hybrid cache. Large-set results show
the practical value of candidate-indexed readout.
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Matthew Henderson, and Ivan Vulić. 2020. Efficient
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A Derivations and Structural Properties

A.1 Entropy-Regularized Candidate Reading
For compatibility vector c and probability simplex
∆K , the attention weights solve

ahℓ = arg max
a∈∆K

{
a⊤c+ τℓH(a)

}
,

H(a) = −
∑
i

ai log ai.
(10)

This entropy-regularized selection balances com-
patibility against the spread of evidence. Learned
value and output matrices determine how that evi-
dence changes the state.

Why this aggregation rule? Its variational char-
acterization is exact. Let Z =

∑
i exp(ci/τℓ) and

a∗i = exp(ci/τℓ)/Z. For every a ∈ ∆K , using
0 log 0 = 0,

a⊤c+ τℓH(a) = τℓ logZ − τℓDKL(a∥a∗). (11)

Since DKL(a∥a∗) ≥ 0, the objective is at most
τℓ logZ, attained uniquely at a = a∗. This proves
Eq. (10). The weights are therefore the unique
entropy-regularized allocation of attention over
candidate evidence. They are intermediate read
weights, not the final decision probabilities: the
state may gather evidence from several options be-
fore committing to one.

Block parameterization. Here Fℓ(r) =
Wℓ,down[SiLU(Wℓ,gater) ⊙ Wℓ,upr] is a bias-free
SwiGLU network with hidden width f . We
initialize the four decision projection matrices
to identity and the SwiGLU output matrix to
zero. Subsequent optimization learns both
branches. Each temperature is parameterized as
τ = 10−4 + softplus(η) with its own trainable
scalar η. The coupling gives 0 < αℓ/τℓ < 1/

√
L,

scaling the mixing coefficient with both selection
temperature and decision depth.

Separate temperatures for separate questions.
τℓ controls evidence aggregation within a block,
τdec controls the final competition, and τcov con-
trols the slope of the answer-availability gate.
For fixed logits c and a(τ) = softmax(c/τ),
dH(a(τ))/dτ = Vari∼a(τ)(ci)/τ

3 ≥ 0 (Ap-
pendix B.2). Decoupling the parameters therefore
lets training tune evidence mixing without forcing
an identical readout temperature. The numerical
temperatures need not be directly comparable: per-
head cosine similarities and final state–option dot
products have different scales.

A.2 Geometry and Single-Block Expressivity
Geometry of the selection correction. The can-
didate interaction can be seen directly in score
space. Let Sh insert a head vector into the con-
catenation, let W V,h

ℓ be the corresponding value-
projection rows, and define

Gh
ℓ,ij = u⊤i W

O
ℓ ShW

V,h
ℓ uj . (12)

Before the channel-refinement branch, the score of
candidate i changes by

u⊤i z̃ℓ − u⊤i zℓ = αℓ

∑
h,j

ahℓjG
h
ℓ,ij . (13)

The distinction from independent scoring already
appears with one block.

We give the construction for Proposition 1.

Proof. In decision representation space, use a
two-dimensional, single-head block with identity
Q/K/V/O projections and zero FFN output. Let

z0 = (1, 0), A = (4, 3)/5,

B = (4,−3)/5, C± = (3,±4)/5,

O± = (A,B,C±).

(14)

All vectors are unit length, so query/key normaliza-
tion leaves them unchanged. Choose τset = 3/20
and γ = − log 2, giving α = 1/20. The weight of
C± is t = (1 + 2e4/3)−1. The two refined states
are z± = (1 + α(4− t)/5, ±4αt/5), hence

sA(O±)− sB(O±) = ±24αt

25
. (15)

The winning A or B also exceeds C±: its initial
score advantage is 1/5, and a correction of norm
at most α can reduce a pairwise margin by at most
2α < 1/5. Thus both winners are unique. An inde-
pendent scorer cannot reverse this relative ordering
by Eq. (2); equal scores with a fixed tie-breaking
rule also select the same one of A,B in both sets.
To embed the construction into H heads of width at
least two, place one copy of each two-dimensional
vector in every head, zero-pad the remaining coor-
dinates, and scale each copy by H−1/2. Per-head
query/key normalization recovers the original at-
tention weights, while the summed headwise dot
products reproduce the original scores.

Thus, evidence selected from one candidate can
affect another candidate’s score through learned
geometry, without updating either candidate. For
a single head with identity value/output maps, this
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reduces to the Gram correction αℓUU⊤aℓ. The
deployed multi-head model learns a more general
interaction. It computes the weighted message first,
never materializing a K ×K matrix.

The identity in Eq. (13) explains how fixed candi-
date vectors still support relational decisions. Can-
didate j contributes to candidate i through Gh

ℓ,ij ,
weighted by its relevance to the current state. The
matrix is an algebraic description of the interaction,
not a stored tensor.

The proposition identifies a representational ca-
pability, not a guarantee that every set change
should reverse a preference. It shows why one
decision block is already functionally distinct from
an independent similarity readout. Its state update
can reflect relations within the current set while
retaining cacheable candidate features. Figure 3
visualizes the construction. Conversely, low total
attention on added alternatives gives an explicit
bound on their influence; Appendix B.3 derives
this bound for the actual matrix-valued mixer.

A.3 Coverage and Candidate Count
The following expands Proposition 2. Fix the final
candidate scores. Adding scores no larger than the
existing maximum leaves ρ in Eq. (6) unchanged.
By contrast, a flat softmax with a fixed null score
b0 and K equal candidate scores s gives

pflat⊥ =
1

1 +K exp((s− b0)/τ)

= σ

(
b0 − s

τ
− logK

)
.

(16)

Proof. The maximum, and thus the argument of the
coverage sigmoid, is unchanged under the stated
addition. For flat softmax, summing the K identi-
cal candidate exponentials and dividing by the null
exponential gives Eq. (16).

Proposition 2 removes a compulsory logK con-
tribution to the coverage decision. Set refinement
can still change the scores, and competition still re-
distributes probability across options. In particular,
a joint argmax over null and individual candidates
is distinct from thresholding coverage. The fac-
torization assigns these effects to explicit compo-
nents that can be trained and examined separately.
Figure 4 illustrates the two components with fixed-
score examples.

A.4 Detailed Reuse and Symmetry Proofs
Exact reuse. The following expands the reuse
part of Proposition 3.

Proof. Equation (8) contains no state, question, or
other candidate. A stored entry is thus the same
value as a recomputed entry. Gathering entries
in the requested order supplies identical inputs to
every block. Induction through Eq. (4) yields iden-
tical states, followed by identical competition, cov-
erage, and typed readouts.

The result concerns reuse of computation, not
reuse of an answer. Figure 5 illustrates reuse across
new requests whose candidate sets overlap without
repeating. Even with every option cached, the re-
quest is encoded and the full decision module is
evaluated. Both semantic vectors and layer-specific
key/value projections can be reused: learned matrix
views do not break cacheability when they depend
only on an unchanged option.

With FFN width f , preparing layer views costs
O(LKd2), while a request with prepared memo-
ries costs O(L(d2 + Kd + df)) for the decision
module, in addition to state encoding. For f = 4d,
this is O(L(d2+Kd)). A bank of M entries stores
O(M(L+ 1)d) numbers. Total computation is the
sum of text encoding and decision costs: encoding
the request and any uncached options, preparing
missing views, and applying the linear-in-K candi-
date interaction. Reuse removes the corresponding
option-side terms. Producing a dense distribution
over all K candidates itself requires Ω(K) output
writes. At fixed width and depth, the prepared-
memory head therefore has optimal order of growth
in K for this output interface. This is a computa-
tion bound, not an accuracy extrapolation claim.
Independent encoding also assigns a separate token
budget to each text, rather than requiring the entire
option list to fit one concatenated context window.

Candidate symmetry. We expand the symmetry
part of Proposition 3.

Proof. Let π be a permutation of {1, . . . ,K}, with
candidates and their metadata reordered together,
so u′i = uπ(i). Independent encoding leaves
z′0 = z0 and permutes the option rows. If z′ℓ = zℓ,
the queries agree, keys and values permute, and
the softmax denominator is unchanged. Therefore
a′hℓi = ahℓ,π(i), and reindexing gives∑

i

a′hℓiv
′h
ℓi =

∑
j

ahℓjv
h
ℓj . (17)

Both residual branches receive the same state and
message, so z′ℓ+1 = zℓ+1. Induction yields z′L =
zL. Final dot products and their softmax permute,
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whereas their maximum and coverage do not. Score
values move with their candidates, so reindexing
preserves the weighted expectation. Noul continues
to read the same positive candidate’s probability.
A unique maximizing candidate retains its identity.

This structural symmetry requires no permuta-
tion augmentation or consistency loss. It concerns
reorderings of the same alternatives; candidate mul-
tiplicity and set composition remain meaningful in-
puts. Numerical tolerances and the tied-maximum
case are described in Appendix B.

A.5 Joint Cross-Entropy Identity
The open-set loss in Eq. (9) is joint cross-entropy.
Indeed,

− y⊥ log p⊥ −
∑
i

yi log pi

= −y⊥ log(1− ρ)− cy log ρ

−
∑
i

yi log qi

= BCEWithLogits(g, cy)

−
∑
i

yi log qi,

(18)

using y⊥ + cy = 1 and ρ = σ(g). Under this pri-
mary joint log loss, all-null examples supervise cov-
erage without assigning a relative-ranking target;
answer-present examples supervise both coverage
and competition. The corresponding population
log-loss decomposition is given in Appendix B.4.

B Method Proofs and Implementation
Details

B.1 The Single-Block Construction in Higher
Dimensions

Proposition 1 is an existence statement in deci-
sion representation space. To embed its two-
dimensional vectors in H heads of width dh ≥ 2,
define

J(v) = H−1/2ConcatHh=1(v1, v2, 0, . . . , 0).

Then J(v)⊤J(w) = v⊤w. For unit v, each
nonzero head slice has norm H−1/2; normaliz-
ing queries and keys cancels this scale. Every
head therefore uses the two-dimensional atten-
tion weights. Values retain the H−1/2 factor, and
identity output projection gives z1 = J(z±) af-
ter mixing. Its readout scores are exactly those

of the original construction. This embeds it in
d = 768,H = 8. Setting Wdown = 0 gives zero
FFN output independently of RMSNorm, complet-
ing the construction within the deployed architec-
ture.

For completeness, if an independent scorer ties
A and B, a fixed tie-breaking rule orders them
identically in both sets. Equal scores therefore can-
not resolve the contradiction in the proof. A com-
mon coverage factor also cancels from pA/pB , so
adding a coverage gate to an otherwise independent
scorer does not remove this restriction.

B.2 Temperature and the Sensitivity of
Candidate Aggregation

Entropy at fixed compatibility. For fixed finite
logits ci, write ai(τ) = eci/τ/Z(τ) and µ(τ) =∑

i ai(τ)ci. Differentiating gives

dai
dτ

=
ai(µ− ci)

τ2
,

dµ

dτ
= −

Vara(τ)(c)

τ2
.

Since H(a) = logZ − µ/τ and d logZ/dτ =
−µ/τ2, the two mean terms cancel, yielding

dH(a(τ))

dτ
=

Vara(τ)(c)

τ3
≥ 0. (19)

For fixed logits, attention entropy is therefore non-
decreasing in temperature.

Why the matrix model involves cross-covariance.
Fix one head’s candidate keys and values, and treat
its normalized query q as the input to µv(q) =∑

i ai(q)vi. Put k̄ =
∑

i aiki. The softmax deriva-
tive gives ∇qai = ai(ki − k̄)/τ , hence

Dqµv =
1

τ

[∑
i

aivik
⊤
i − µvk̄

⊤

]

=
Cova(v, k)

τ
.

(20)

If ∥ki∥ ≤ 1 and ∥vi∥ ≤ Rv, this derivative has op-
erator norm at most Rv/τ . Indeed, for unit vectors
r, w, Cauchy–Schwarz bounds |Cov(r⊤v, w⊤k)|
by the square root of the two variances, which are
at most R2

v and 1.
The learned matrix model uses different keys and

values, so this cross-covariance need not be sym-
metric or positive semidefinite. To differentiate a
complete block with respect to z, one must also ap-
ply the query projection and normalization deriva-
tives, the output projection, and the RMSNorm–
SwiGLU residual. The coupling α/τ < 1/

√
L

bounds the scalar prefactor of the cross-covariance
contribution within this derivative composition.
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B.3 A Quantitative Bound for Added
Candidates

Set dependence is useful when alternatives supply
relevant evidence. For weakly attended additions,
its magnitude can be bounded. Fix one head’s
incoming query and the original keys/values. Add
r candidates whose compatibility logits are at most
cmax− δ, where cmax is the original maximum and
δ ≥ 0. Let β be their total attention mass after
insertion. Then

β ≤ re−δ/τ

1 + re−δ/τ
,

∥µnew − µold∥ ≤ 2Rvβ

(21)

provided every old and new value has norm at most
Rv.

Proof. Let Z =
∑

old e
ci/τ and R =

∑
new eci/τ .

Since Z ≥ ecmax/τ and R ≤ re(cmax−δ)/τ , β =
R/(Z + R) obeys the first bound. The original
weights are all rescaled by 1 − β. Writing µadd

for the normalized mean over new values gives the
exact identity µnew = (1− β)µold + βµadd. Both
means lie in a radius-Rv ball, which proves the
second bound.

For the actual multi-head message, let the corre-
sponding masses and value-norm bounds be βh, Rh.
Concatenation and the output matrix give

∥∆m∥ ≤ 2∥WO∥2

(∑
h

R2
hβ

2
h

)1/2

. (22)

In the single-block model, the initial state is inde-
pendent of the set, so its incoming query is indeed
fixed across this comparison. If F ◦ RMSNorm
has Lipschitz constant B on the segment between
the two post-mixer states, then

∥∆z1∥ ≤ (1 +B)α∥∆m∥,

|∆ log(qi/qj)| ≤
2∥∆z1∥
τdec

for any two unchanged options. The first inequal-
ity follows by the triangle inequality through the
residual FFN, and the second uses ∥ui − uj∥ ≤ 2.
The bound depends on the additions’ total attention
mass and the local FFN sensitivity. Extending it
across multiple blocks additionally requires bounds
on changes in the incoming state.

B.4 Joint Log Loss and the Meaning of Null

Let the true conditional output distribution be p⋆ =
(1 − ρ⋆, ρ⋆q⋆) and the model distribution be p =
(1− ρ, ρq). Expanding the KL divergence gives

DKL(p
⋆∥p)

= (1− ρ⋆) log
1− ρ⋆

1− ρ
+ ρ⋆ log

ρ⋆

ρ

+ ρ⋆
∑
i

q⋆i log
q⋆i
qi

= DKL(Ber(ρ
⋆)∥Ber(ρ))

+ ρ⋆DKL(q
⋆∥q).

(23)

The excess expected primary joint log loss decom-
poses into coverage error and conditional competi-
tion error, with the latter weighted by ρ⋆. If ρ⋆ = 0,
the competition term vanishes and q⋆ can be chosen
arbitrarily.

Coverage and the joint maximum-probability de-
cision also have distinct semantics. With g =
logit(ρ) and qmax = maxi qi, null wins strictly
when

1− ρ > ρqmax ⇐⇒ g < − log qmax. (24)

Under uniform competition, null wins when g <
logK, so the joint decision depends on both cover-
age and candidate count.

B.5 Symmetry, Cache Identity, and
Numerical Evaluation

With tied maxima, the set of maximizing seman-
tic candidates is invariant. An implementation re-
turning the first maximizing index need not select
the same tied member after permutation; identity-
based tie-breaking resolves that case. The proofs
assume exact arithmetic: floating-point reductions
and batching changes can perturb nearly tied scores.
Dropout is disabled during inference. A permuta-
tion moves complete text, masks, and output meta-
data; it does not rename labels within the text or
rewrite the question. Cache identity requires un-
changed encoder and projection weights, tokenizer,
templates, length policy, and numeric configura-
tion. Repeated options are gathered repeatedly,
preserving multiplicity. Different layers may use
different K/V matrices because their outputs still
depend only on the same typed option. Invalidat-
ing memories after parameter updates is necessary;
old training activations are not reusable under the
cache-equivalence proposition.
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B.6 Detailed Computational Cost

For each uncached layer, the leading multiply–
accumulate count is

2Kd2 + 2d2 + 2Kd+ 3df.

These terms respectively represent option key/value
projections, query and output projections, attention
and aggregation, and SwiGLU. Prepared memories
remove 2Kd2 from the per-request count; the final
readout additionally costs Kd. Normalization, soft-
max, and memory gathering contribute linear work.
No K2 interaction tensor is constructed. Each
atomic entry stores d + 2Ld scalar values, with
keys evaluated in FP32. Separate assembled-set
entries may add storage beyond this atomic-bank
count.

B.7 Encoding and Numerical Configuration

The state template is Decision type: {t} fol-
lowed by Question: {question} and State:
with the state on the next line. Each independent
option uses Option for {t}: {option}. Inputs
do not use a chat template. Right padding and the
last nonpadding hidden state implement pooling.
Length limits are explicit configuration values: the
supplied collator can truncate, while full-text eval-
uations must check lengths before calling it.

The inspected Jeva-4B checkpoint has one ma-
trix block, eight heads of width 96, decision width
768, and SwiGLU width 3072. Its two 2560-to-768
projections and decision core contain 13,370,117
parameters together. Neither initial-state nor final-
state normalization is enabled; the FFN uses RM-
SNorm with ϵ = 10−6. Decision dropout is zero.
LoRA uses rank 64, scaling parameter 128, and
training dropout 0.05, targeting the configured at-
tention, gated linear-attention, and feed-forward
maps. Inference loads the backbone, trained
adapter, and custom head together.

Query/key normalization, compatibility scores,
candidate softmax, and coverage are computed
in FP32, alongside a BF16 backbone. Tempera-
tures are learned through softplus parameteriza-
tion and initialized to τset = 0.15 and τdec =
τcov = 0.10. The mixing ratio is initialized to
α/τset = 0.60/

√
L.

B.8 Type-Specific Losses and Optimization

For Score, let ȳi = yi/max(
∑

j yj , 10
−8) be

the renormalized candidate target, Qj , Yj the cu-
mulative masses sorted by numeric value, and

R = max(vmax− vmin, 10
−8). The auxiliary com-

ponents are(∑
i(qi − ȳi)vi

R

)2

,
1

K − 1

K−1∑
j=1

(Qj − Yj)
2.

They apply to valid numeric rubrics with K ≥ 2.
An all-null target gives ȳ = 0; enabled auxiliary
terms are still evaluated in the current implemen-
tation. For Noul, with p = qi+ and y = ȳi+ ,
the components are (p − y)2 and, for hard labels,
[m−(2y−1) log(p/(1−p))]+. The latter clamps p
to [10−6, 1−10−6] in FP32 only for computing the
margin; it does not clamp the reported probability.
Soft labels omit the margin.

The trainer clips the accumulated global gradient
norm before synchronized optimizer updates, with
configured threshold 1.0 in the supplied recipes,
and rejects nonfinite losses or gradient norms. Non-
reentrant gradient checkpointing can reduce acti-
vation memory during LoRA training. In fully
frozen-encoder mode the backbone instead stays in
evaluation mode and runs without gradients; pro-
jections and the decision core remain trainable.

C Detailed Experimental Protocols

C.1 Training curriculum

Jeva follows a staged curriculum with a unified
CHOICE, NOUL, and SCORE interface. Training
begins with basic typed decisions, intent recogni-
tion, and action selection (∼80k examples), then
expands to preference comparison, semantic judg-
ments, and general reasoning (∼500k). A coun-
terfactual and verification stage combines ∼250k
additional examples with earlier-data replay, fol-
lowed by evidence-grounded and open-set deci-
sions (∼60k). Reading and logical reasoning
(∼20k) precede a balanced mixture of difficult ex-
amples and replay (∼60k). Within this mixture,
∼15k examples blend original targets with teacher
probabilities at a 7:3 ratio, accepting teacher guid-
ance only when its top prediction matches the orig-
inal target under two independently shuffled can-
didate orders; 30k replay examples equally mix
original targets and preceding-model probabilities.
Targeted capability refinement (∼10k) follows, be-
fore training extends to long texts and large candi-
date pools (∼80k). A feedback-driven capability-
retention phase (∼2k) precedes and can recur dur-
ing the final scoring-focused stage with mixed-task
replay (∼70k). Supervision combines hard labels,
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soft probabilities, explicit null outcomes, and nu-
merical rubric targets. Reported counts are per-
stage training-set sizes and include replay where
applicable.

C.2 General evaluation and typed targets

The general suite contains Typed Decisions, Bank-
ing77 and MASSIVE at candidate counts K ∈
{8, 16}, and three Mind2Web K = 16 slices:
cross-task, cross-website, and cross-domain. Typed
Decisions includes 600 Choice, 600 Noul, and 800
Score examples. Banking77 and MASSIVE in-
clude both answer-present and answer-withheld
requests. Mind2Web evaluates selection from a
supplied candidate pool.

General accuracy uses first-argmax correctness,
including null for open-set requests, and is reported
for fully supported slices. Unsupported requests
are documented separately in the coverage results.
Noul Brier measures squared error against the soft
positive-candidate target. Score MAE and RMSE
compare numerical expectations in the rubric’s
original units. Figure 6(a) displays Noul Brier
against Score RMSE, showing Jeva’s joint prob-
ability and numerical prediction fidelity within the
same typed interface.

C.3 Null operating points and candidate
permutations

The null comparison uses 3,080 matched Bank-
ing77 K = 16 requests: 2,492 answer-present and
588 answer-absent cases. Jeva uses its coverage
head; the other interfaces use auxiliary coverage
Noul outputs or an explicit None candidate.

Candidate-order tests use 600 Choice examples,
their original order, its reversal, and up to three
seeded random permutations. Outputs are aligned
by candidate identity before comparison. Flip
rate counts an example whenever any tested order
changes its decision; all-order accuracy requires
correctness under every tested order. Mean TV is
total-variation distance between aligned distribu-
tions. Figure 6(c) connects each model’s original
and all-order accuracy.

C.4 Large-set support and bounded option
encoding

ToolRet contains 500 requests across
six distinct-query cohorts, K ∈
{32, 128, 256, 512, 1024, 2048}, with 83–84
queries per cohort. Supplied positives are retained;

389 requests are multi-positive. Additional can-
didates include weak or unjudged negatives, and
accuracy accepts a top-scoring target candidate.

Jeva completes all 500 requests and obtains
78.40% aggregate accuracy, including 86.90% at
K = 32 and 69.88% at K = 2048. JevK5 covers
the complete sweep through recursive selection and
obtains 64.00% aggregate accuracy. Jeva directly
scores the full candidate set in a single decision-
head pass. The support map in Figure 8(c) reports
every measured model–slice combination. Both
evaluated InternDecision variants support 65 of
84 requests at K = 32 (77.38%); their remaining
slices exceed the registered interface limits. The
plotted support label 77 rounds this percentage. Ac-
curacy is plotted only for full-support slices.

Request latency is measured on one NVIDIA
H200 with device synchronization, excluding
model loading. Each model uses its respective
runtime; within-model batching and cache compar-
isons fix the checkpoint and query stream.

C.5 Cache conditions, timing, and numerical
agreement

The cache ablation distinguishes an exact-set cache
from a hybrid cache that also reuses individual can-
didate representations. Each episode runs under
Off, Set, and Hybrid conditions, with cyclic mode
ordering and cache reset between conditions. The
completed experiment uses chunk-32/16,384-token
batching and contains 171 episodes and 2,188 mea-
sured request identities. It includes different states
sharing an ordered candidate bank and novel candi-
date sets with 0%, 50%, or 100% requested option
reuse. Novel-set priming uses a different ques-
tion and candidate set, ensuring zero exact-set hits
for the measured request. Priming is timed sepa-
rately and excluded from reported request latencies.
Figure 9(a) shows paired per-request speedup dis-
tributions for 46 novel-set requests at each reuse
level.

C.6 Input Templates and Typed Examples
Encoder inputs. Jeva separately formats the re-
quest and each candidate. The request template
Tx(t, ι, x) is:

Decision type: {decision_type}
Question: {question}
State:
{state}

The candidate template To(t, oi) is:

Option for {decision_type}: {option}
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Here, decision_type is choice, noul, or score.
Each formatted text is independently processed by
the shared encoder. Candidate inputs contain nei-
ther the current request nor other candidates, and
the template adds no candidate-position identifier.
Consequently, changing the question, state, or can-
didate order does not change an otherwise identical
candidate input.

Choice. Consider the state I was charged twice.,
the question Which team should handle this?, and
candidates Billing, Technical support, and Delivery.
The request input is:

Decision type: choice
Question: Which team should handle this?
State:
I was charged twice.

The three candidate inputs are shown below; each
line is encoded separately:

Option for choice: Billing
Option for choice: Technical support
Option for choice: Delivery

A closed-set request selects from q. With
allow_null=true, selection instead uses
(p⊥, p1, p2, p3), where p⊥ = 1 − ρ and pi = ρqi.
Jeva obtains null probability from its coverage
gate; no additional None candidate is encoded.

Noul. For the same state, let the question be Was
the customer charged twice? and set t = noul.
The default Boolean candidates are:

Option for noul: false
Option for noul: true

The interface uses zero-based positive_index=1,
so the returned Noul value is q2 in the paper’s one-
based notation. It represents the probability of the
affirmative candidate, not the probability that the
candidate set lacks an answer. The question is
included in the request input, while the Boolean
candidate representations remain reusable across
questions of the same type.

Score. For the question How severe is the prob-
lem?, set t = score and provide the rubric:

Option for score: Low
Option for score: Medium
Option for score: High

With numerical values (v1, v2, v3) = (0, 1, 2), the
output is the expectation

∑
i qivi = q2 + 2q3. The

values specify the output scale; they are not ap-
pended as an additional encoder field. Likewise,
positive_index and allow_null control output
interpretation without entering the text templates.
Each typed question produces its own request rep-
resentation and candidate distribution.

C.7 Evaluation Adapters and Cache
Examples

Auxiliary coverage queries. For open-set eval-
uation, Jev, InternDecision, KEV, Re·Flex, Laya,
and Valen receive an auxiliary Noul question along-
side candidate selection. It uses the same state and
the following instruction template:

{question}

Determine whether at least one of the
following candidates correctly applies
to the state:

- {option_1}

- {option_2}

. . .

- {option_K}

The affirmative and negative criteria are:

true: At least one supplied candidate
applies.

false: None of the supplied candidates
applies.

SemiF receives the same coverage instruction as a
separate two-option categorical question through
its native scoring interface. These adapters intro-
duce no new trained prediction head.

Let ĉ be the resulting affirmative probability and
q̂i the conditional candidate probability. The evalu-
ated open-set distribution is

p̂⊥ = 1− ĉ, p̂i = ĉ q̂i.

Thus candidate selection and answer availability
contribute separately to the final prediction.

Explicit null candidates. JevK5 and CLM in-
stead receive an additional candidate appended af-
ter the original options. JevK5 uses the literal text
None; CLM uses:

None of the above. None of the listed
options applies to this request.

The appended candidate’s probability is interpreted
as null probability. Original candidate texts and
their relative order are preserved. For evalua-
tion, all open-set distributions are arranged as
(p̂⊥, p̂1, . . . , p̂K) and scored by first-argmax, in-
cluding null. This classification rule is separate
from the threshold sweep used to measure null-
detection AUROC.
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Reuse across new states and sets. Consider two
Choice requests using the following candidate iden-
tities:

O(1) = (A,B,C),

O(2) = (C,A,D),

where A, B, C, and D denote Billing, Technical
support, Delivery, and Account security. These
letters identify candidates in the example and are
not inserted into their encoder inputs. The first state
may report a duplicate charge, while the second
reports an undelivered package.

Assume an initially empty cache, fixed model
parameters, and sufficient capacity to retain the
entries. The first request prepares memory for A,
B, and C. The second request misses the exact-set
cache because its ordered candidate tuple is new.
Hybrid caching nevertheless retrieves the semantic
vectors and layer-specific key/value projections of
C and A, computes only the missing entry for D,
and assembles memory in the new order. Exact-set
caching alone recomputes the candidate memory
on this miss.

A later request with an already cached candidate
tuple can reuse its assembled memory even when
its state or question changes. In every case, Jeva
still encodes the current request, refines its state,
and computes new output probabilities. In doc-
ument retrieval, different queries reuse the same
long passages; in tool selection, requests draw from
a shared registry of detailed tool descriptions; in as-
sessment, different responses are evaluated against
the same rubric. Caching option-side computation
avoids repeatedly encoding this persistent content
while preserving request-specific decisions.

Cache identity. Within a fixed model instance,
individual-option keys use the formatted token se-
quences, and exact-set keys use their ordered tu-
ples. Decision type is therefore part of the candi-
date’s cache identity through To. Changes to model
weights or encoder settings require cache invalida-
tion. Proposition 3 establishes exact-arithmetic
equivalence when cached entries equal their recom-
puted counterparts.
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