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Abstract

INTRODUCTION: Heterogeneous black-box LLM cascades need routing signals that are reliable, calibratable, and
computable without hidden-state access.

OBJECTIVES: This study evaluates whether external verifier-support signals can complement proposer self-confidence in
low-payload cascade routing.

METHODS: CrossVerify is designed and tested on six datasets, three proposer-verifier pairs, and five random seeds under

both signal-analysis and fixed-fallback escalation settings.

RESULTS: Proposer confidence is the strongest average single-feature baseline, while verifier support is the strongest
external signal; their combination yields the best overall routing performance, with clear task dependence and a 28-byte
black-box-compatible interface.

CONCLUSION: CrossVerify offers a deployment-compatible signal design whose main value is complementing self-
confidence rather than replacing it.
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question insufficiently answered: when should a cheap first-
stage model be trusted, and when should the system spend
additional budget on stronger verification?

The default answer is to rely on self-confidence. This is
attractive because confidence-like signals are easy to
compute and widely available. Yet self-confidence alone is
often insufficient in heterogeneous black-box collaboration.
First, confidence scores from different model families are
rarely calibrated on the same numerical scale [6-8]. Second,
internal confidence does not directly indicate whether a
second model would support or challenge the current
decision. Third, when only output-space statistics are

1. Introduction

LLM systems have become increasingly embedded in larger
decision systems rather than deployed as isolated predictors.
In many realistic settings, especially those involving black-
box APIs or heterogeneous model families, the central
systems problem is no longer only how to improve standalone
accuracy, but how to coordinate multiple models under
resource constraints [1-3] . Existing LLM multi-agent and
cascade systems demonstrate that specialized roles such as
planning, reflection, debate, or coordination can improve task
performance [3-5]. However, they leave a basic decision
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available, standard alternatives such as hidden-state routing
or representation-level uncertainty analysis become
inaccessible or expensive [6,8,9]. These issues are especially
important for deployable expert systems, where routing
decisions must be reliable, auditable, and lightweight [9-11].
Recent work has extended this discussion to black-box
uncertainty quantification, multicalibration, confidence
elicitation, and  trustworthiness-oriented  confidence
supervision for LLM reliability [12-14].

This paper investigates a narrower and more practical
problem: how to design compact, black-box compatible
external verification signals for heterogenecous LLM
cascades. The significance of the second model lies not
merely in its own confidence, but rather stems from its
broader contextual contributions. What matters is whether the
second model supports the answer proposed by the first
model, and whether this support remains informative after the
confidence of the proposer has already been observed.
Specifically, the probability that a verifier assigns an answer
—Vron,8—4 to an applicant is a different quantity from the
verifier's confidence in his own answer Pq. s, and making
this distinction explicit is the main signal design step of this
paper. This motivates CrossVerify, an output space method
for studying cross-model validation signals under black-box
constraints. This paper does not claim that cross-validation
universally dominates confidence, nor does it claim that the
verifier -support scalars emerge out of nowhere. Instead, it
makes a more reasonable and useful argument:

Cross-validation provides a family of externally validated
signals that depend on the task, black-box compatibility, and
low payloads, with values that are complementary to
confidence, most evident in calibration signal combinations.

This contribution is important for two reasons.
Empirically, it provides a concrete answer to the signal design
problem in heterogeneous LLM collaborations and clarifies
whether the information supported by the verifier adds value
beyond the confidence of the proposer. Methodologically, it
relates LLM cascade design to calibration, selective
prediction, rejection option learning, and uncertainty-aware
deployment [6-8]. Thus, systems such as cross-validation
should be judged not by whether a certain scalar dominates
every benchmark, but by whether they provide compact,
transferable, and decision-relevant signaling interfaces under
deployment constraints.

The contributions of this paper are as follows.

1. Signal design. Verifier support for the proposer's
answer is studied and formalized as a black-box routing
signal that is distinct from the verifier's own self-confidence.
Empirical results show that this support signal is the strongest
external validation variable, that it joins proposer confidence
in the best-performing feature combination (A+B+agree+V),
and that grouped Shapley attribution confirms its near-equal
explanatory contribution to the self-confidence block.

2. Empirical framework. A structured multi-axis
evaluation is conducted, covering six datasets across two task
families (claim verification and multiple-choice reasoning),
three model pairs, and five random seeds. The study covers
single-feature evaluation, progressive ablation, and grouped
Shapley attribution. It also tests cross-pair and cross-task

transfer with leave-one-dataset-out analysis, multiseed
robustness across five seeds, and task-topology dependence.
3. Deployment analysis. Canonical ECDF alignment
supports cross-pair and cross-task transfer without
annotation, quantile-space threshold routing closely matches
the offline budget-constrained optimum in a fixed stronger-
fallback setting, and the output-space signal interface requires
only 28 bytes per routing decision, independent of model
hidden-state size, while remaining compatible with black-box
APIs. Any end-to-end system-cost advantage over one-pass
baselines is therefore conditional rather than universal.

2. Related work

2.1. LLM-based multi-agent and cascade
systems

Recent work has explored LLM-based multi-agent
collaboration, expert systems, and cascade architectures in
domains such as autonomous driving, negotiation,
knowledge-centric question answering, urban management,
and human-robot interaction [1,3,5]. These studies show that
LLMSs can support planning, reflection, communication, and
coordination. However, most of them emphasize system
architecture and task performance rather than the lower-level
problem of routing signal design under heterogeneous black-
box collaboration. This paper does not aim to propose another
complex agent protocol, but rather to isolate and directly
study the routing problem.

2.2. LLM cascade and routing

A rapidly growing body of work directly addresses the
problem of routing queries across multiple LLMs to balance
cost and accuracy. MixLLM [15] proposes dynamic routing
across heterogeneous LLM ensembles using query-level
features. Large Language Model Routing with Benchmark
Datasets [16] emphasizes benchmark-driven evaluation for
router development, while SATER [17] and confidence-
driven model selection [18] study when adaptive routing and
confidence can support cost-efficient delegation. Cost-aware
contrastive routing [19] and related efficiency-oriented
routing methods further develop this line under explicit
compute constraints. More recent work also explores test-
time confidence and uncertainty estimation, as well as
uncertainty-aware decision policies that can support routing
and fallback choices [20,21].

Recent work close to CrossVerify has increasingly focused
on confidence estimation, calibration, and self-verification
for reliable selective prediction. Factual Confidence of LLMs
[22] provides a systematic comparison of current factual-
confidence estimators, while CCPS [23] improves confidence
estimation by probing perturbed representation stability. At
the same time, self-verification and verifier-strength studies
[24,25] show both the promise and the limits of verifier-like
checks, and they highlight the importance of strong verifiers
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for improving reasoning reliability. Confidence-elicitation
and trustworthiness studies further show that selective
generation depends not only on raw confidence, but also on
whether models can express uncertainty in a calibrated and
decision-useful form [20,26]. CrossVerify is differentiated by
its explicit decomposition of verifier support for the proposer
answer versus verifier self-confidence, its black-box
compatibility, and its transfer-oriented evaluation design.

2.3. Confidence, calibration, and selective
prediction

Our methodological foundation is more closely tied to
calibration, uncertainty-aware deployment, selective
prediction, and reject-option learning [6-8]. This literature
confirms that confidence-sensitive decisions require
calibrated probabilities and that abandoning or upgrading
may be preferable to forcing predictions when the cost of
error is high [6,7,27]. Uncertainty research further highlights
the distinction between reducible and irreducible uncertainty
and the importance of deploy-aware risk control [8,28].
Related integration and cascade systems also use consensus
or consensus style heuristics in practice [18,27,29], but
usually as AD hoc scoring rules, voting signals, or expert
selection devices, rather than as explicitly separated black-
box support signals. We extend this literature from the single-
model setting to heterogeneous LLM cooperation. Instead of
asking how to calibrate one predictor, we ask how to combine
self-confidence with an external validation signal produced
by another model. Recent work has further broadened this
line toward black-box UQ under data uncertainty, multi-
calibration, confidence elicitation, and benchmark-driven
evaluation [20,30].

2.4. Black-box deployment and trusted expert
systems

The third line deals with black-box deployment,
explainability, and trust assurance for Al systems [9-11]. The
LMaaS setting complicates reproducibility, calibration, and
trust evaluation because internal representations are
unavailable [9]. At the same time, the decision-support
literature  increasingly = emphasizes  interpretability,
uncertainty awareness, and auditability as operational
requirements rather than optional add-ons [11,31].
CrossVerify is broadly consistent with this view: it uses only
output-space statistics, avoids hidden-state dependence, and
produces interpretable routing signals in the form of support,
agreement, and difference.

2.5. Positioning

Thus, the gap in the literature is clear. LLM routing and
cascading studies [17,18] substantially improve the cost-
accuracy trade-off, but they often rely on benchmark
supervision or routing objectives that do not directly isolate
verifier support for proposer answers. Meanwhile, recent
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work on confidence estimation and self-verification has
clarified how calibration, factual confidence, verifier
strength, and self-verification affect trustworthiness, while
uncertainty elicitation studies [20,26] have further shown that
decision quality depends on whether confidence estimates are
calibrated and actionable. The contribution of this paper is not
to introduce a protocol-like scalar from scratch, but rather to
isolate verifier support for proposer answers as a deployable
family of signals and evaluate its value added after calibration
and alignment [32]. Compared to neighboring confidence-
and verification-oriented approaches, the difference here is
three-fold: the object is heterogeneous black-box routing
rather than independent confidence scoring, the interface is
constrained-decoding logprob rather than hidden states or
learned embeddings, and the goal is budget-aware trust and
upgrade decisions rather than static confidence estimation.

3. Data, signal construction, and
experimental design

3.1. Problem formulation

The study considers a heterogeneous two-stage cooperative
environment. For an input query X, the lightweight proposer
A first produces an answer and a predictive distribution. The
verifier (B) generates its own distribution over the same
answer space from which the cross-validated features are
extracted. Two associative decision problems are studied.
First, in a signal evaluation setting, we ask whether these
features help estimate whether the proposer's answer is
trustworthy; Thus, Z, = 1[f,(X) =Y] is the proposer
correctness measure for the ground truth label Y from
Sections 4.1-4.5. Second, in the budget deployment setting,
we ask whether the sample should be accepted at L1 or
upgraded to a fixed stronger alternative model L2 under an
explicit cost limit. The routing rule
g(X) € (L1, L2} (1)
Whether or not is evaluated by the final cascade accuracy
on Y, but the escalation action is instantiated with a non-
oracle stronger model rather than a ground-truth substitution.
The goal is therefore not for the router alone to estimate Y,
but the escalation action is instantiated with a non-oracle
stronger model rather than a ground-truth substitution. The
goal is therefore not for the router itself to predict Y directly,
but to learn decision-relevant risk signals for trusting A and,
in the budgeted setting, for upgrading to a stronger fallback.

3.2. CrossVerify signal construction
CrossVerify constructs two signal families from the

proposer and verifier output distributions (Fig. 1).
The self-confidence family is

Sself = [pmax,Ar Entropy,, pmax,Bt EntrOPYB] 2

The cross-verification family is
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Sev = [agree, Vprob,B—As Disagreement] 3

where agree = 1[§, = §5] is a zero-cost binary indicator
derived from the two proposer outputs, V,rohp-a is the
verifier probability assigned to the proposer’s answer, and

Disagreement = |Ppaxa — Vprobsoa|  (4)

The central distinction is between Ppayxp and Vpropgoa-
The former reflects the verifier’s confidence in itself; the
latter reflects the verifier’s support for the proposer. This
distinction is the main signal-design idea of the paper.

This distinction has a formal interpretation. The cross-
verification family S, should carry routing value only if it is
conditionally non-redundant once self-confidence is observed,
ie, I(Za;Scy | Sse1nX) >0 Because Vproppoa 1S
constructed from the verifier’s distribution evaluated at the
proposer’s answer—rather than at the verifier’s own
argmax—it captures a different projection of the verifier’s
uncertainty and is therefore not algebraically subsumed by
Pmaxa Or Ppax . Section 5.1 provides an empirical proxy test
for this conditional non-redundancy claim.

The final routing feature vector is

Pmax,A' EntrOPYA: PmaX,B' EntrOPYB: (5)
agree, Vprons-a, Disagreement

which is obtained from only two forward passes and requires
no hidden-state access.

- A
Proposer A (small LM) Verifier B (large LM)
Forward pass — logits Forward pass — logits
AnS,, Praxar ENtropy, Ansg, Py ENtropyg

5 , 4

Y A4
(@ By
Cross-Verification (zero extra passes)
Vorobg—a = Probsg[Ans,]  « verifier support for proposer answer
Disagreement = Py o = Viropgal
agree = 1[Ans, = Ansg]  « zero-cost derived
\.

J

Key insight:
Prmax.8 # Vorob 84
(self-confidence # verifier support)

[ Praxa | Entropy, | Py g | Entropyg | agree | meb‘a_,,\ | Disagreement ]

28 bytes, black-box API compatible

Figure 1. CrossVerify framework and signal
construction

The CrossVerify pipeline extracts routing signals from two
forward passes without hidden-state access. The proposer A
(small LM, blue) generates a candidate answer together with
self-confidence features Ppax 4 and Entropy,. The verifier B

(large LM, green) independently produces its own answer and
confidence features Pp.xp and Entropyg . The cross-
verification module (orange) then extracts three external
signals — agree = 1[§o =98] , Vprobpoa -, and
Disagreement — from B’s probability distribution evaluated
at A’s answer, requiring zero additional forward passes. The
final 7-element feature vector (lower panel, grey) occupies
only 28 bytes and is fully compatible with black-box
commercial APIs. The key insight (highlighted in red) is that
Praxp (verifier self-confidence) and Vpropp-a (verifier
support for the proposer) are logically distinct quantities that
capture complementary aspects of cross-model uncertainty.

3.3. Datasets

CrossVerify is evaluated on six datasets: FEVER,
FEVEROUS, HoVer, GPQA, C-Eval, and MMLU-Pro.
These datasets cover both factual verification and multiple-
choice reasoning, and are intentionally heterogeneous in
answer-space structure and ambiguity.

For the later task-dependence analysis, FEVER,
FEVEROUS, and HoVer are grouped as claim-heavy tasks,
while GPQA, C-Eval, and MMLU-Pro are grouped as MC-
heavy tasks. The final sample counts are listed in Table 1.

Table 1. Dataset and Samples

Dataset Samples
FEVER 1000
FEVEROUS 1000
HoVer 1000
GPQA 546
C-Eval 1000
MMLU-Pro 1000

3.4. Model configuration

The main proposer-verifier pair is Qwen3.5-2B and Phi-4-
mini-instruct. A separate stronger model, Qwen3.5-27B-
MLX-4bit, is used only to instantiate budgeted escalation
outcomes in the fixed-fallback analyses; it is treated as a
stronger deployment option, not as an oracle. All inference is
performed through MLX-based model wrappers on Apple
Silicon. The proposer and verifier are queried with the same
task prompt and a fixed assistant prefix “” to reduce token-
level frequency bias.

As a sanity check for this fixed-fallback interpretation,
Table 2 reports ground-truth accuracy for the main proposer
A, the verifier B, and the stronger L2 model on the same
sampled items. The key property required for the deployment
analyses is that L2 be empirically stronger than the proposer,
not that it be perfect. This condition is satisfied on all six
datasets: L2 exceeds A by +0.063 on FEVER, +0.195 on
FEVEROUS, +0.095 on HoVer, +0.181 on GPQA, +0.313 on
C-Eval, and +0.314 on MMLU-Pro. The threshold-routing
results in Section 5.3 and the deployment-cost discussion in
Section 4.6 should therefore be read as evidence for routing
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with a fixed stronger fallback, not as evidence for oracle
escalation.

Table 2. Ground-truth accuracy of the main proposer-
verifier pair and the stronger fixed fallback

Dataset accuracy accuracy L2 accuracy L2 minus
FEVER 0.715 0.718 0.778 +0.063
FEVEROUS 0.430 0.549 0.625 +0.195
HoVer 0.497 0.489 0.592 +0.095
GPQA 0.326 0.297 0.507 +0.181
C-Eval 0.508 0.354 0.821 +0.313
MMLU-Pro 0.298 0.316 0.612 +0.314

3.5. Experimental pipeline

The study follows a two-stage design. In the first stage, the
proposer and verifier are profiled to extract CrossVerify
features together with proposer/verifier correctness indicators
against ground truth, producing the L1 tables. The stronger
L2 model is run under an identical sampling setup to establish
the fixed-fallback outcomes.

These outputs then feed into a signal-analysis pipeline.
Sections 4.1-4.5 analyze the extent to which the proposed
signals explain proposer correctness and evaluate how well
they transfer across different tasks and model pairs. For
budget-sensitive routing, the recorded L2 output is treated as
a concrete fixed standby upgrade setting rather than an oracle
controller. Section 4 reports the results in an order designed
to build understanding step by step: first the task-dependent
signal landscape (Section 4.1), followed by signal-
combination value and Shapley attribution (Section 4.2),
single-feature baselines (Section 4.3), cross-pair and cross-
task generalization (Section 4.4), multi-seed robustness
(Section 4.5), and system overhead (Section 4.6). Section 5
then provides a theoretically informed empirical test
consistent with these findings.

3.6. Calibration, alignment, and evaluation
metrics

An obvious challenge in this context is that different model
families produce confidence scores at completely
mismatched scales. A strong alignment strategy is therefore
required. A non-parametric method is adopted to avoid the
normality assumption. Each feature is mapped to a uniform
quantile scale via an empirical CDF. Merging across datasets
is then performed using a mixture of centroids weighted by
sample size, thereby establishing a common normative scale.
Although conceptually simple, this calibration effectively
places all features in a unified space.

All subsequent evaluations are performed in this
specification framework. For single-feature evaluation, a
simple one-dimensional calibrator is trained to map each
signal to a posterior probability. We report AUC and AP to
measure ranking quality, and BS, BSS and ECE to measure
calibration quality.
BSS is used as the main indicator. By comparing performance

to previous training, it essentially performs a fairer cross-task
evaluation. For budget routing, final path accuracy, average
path cost, L2 routing frequency, and budget gap with respect
to the offline threshold reference are tracked.

4. Empirical results

Evaluations include task-specific signal behavior (4.1), signal
combination with single-feature baselines (4.2,4.3), cross-
domain generalization (4.4), seed robustness (4.5), and
system overhead (4.6).

4.1. The task-dependent signal landscape

Before evaluating the signal combinations, the task panorama
is first described. This analysis establishes a comparison of
two series, Table 3:Claim-heavy and MC-heavy tasks. On the
more demanding task, Vjoppoa is the strongest cross-
validated signal, with an average blind source separation
(BSS) of around 0.0290, while cue-centric features remain
weak. In the MC-heavy task, the proposer's confidence is
dominant: P, reaches about 0.1048 and Entropyp
reaches about 0.0972, both of which are much higher than the
prover's support.

Figure 2 illustrates a clear task-dependent shift in routing-
signal behavior across datasets. In Figure 2(a), the zero-
centered red-white-blue (RdY1Bu) Brier Skill Score heat map
shows that signal utility varies substantially across task
families separated by the dashed boundary between claim-
heavy tasks (FEVER, FEVEROUS, and HoVer) and
multiple-choice-heavy tasks (GPQA, C-Eval, and MMLU-
Pro). Among these patterns, Vo1 5 1S especially strong on
MMLU-Pro, where it reaches a BSS of 0.199, while Py 5 A
and Entropy, dominate on C-Eval, with BSS values of
approximately 0.18 and 0.16, respectively. By contrast,
Disagreement remains close to zero across datasets,
suggesting limited standalone routing value. Figure 2(b)
further confirms this family-level transition by showing the
average BSS change from claim-heavy to multiple-choice-
heavy tasks: confidence-related indicators, especiallyPyax o
and Entropy,, exhibit a marked upward shift in the multiple-
choice setting, whereas the divergence-based indicator
remains near zero, indicating that confidence signals become
substantially more discriminative as the answer space grows.

Table 3. Task-family dependence of the main routing
signals (mean BSS)

Feature Claim-heavy MC-heavy MC minus Claim
Disagreement 0.0025 0.0037 0.0012
Entropy_A 0.0108 0.0972 0.0864
Entropy_B 0.0190 0.0387 0.0197

P max A 0.0117 0.1048 0.0931
P_max B 0.0126 0.0316 0.0190

V prob B on A 0.0290 0.0657 0.0367
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Figure 2. Task-dependent signal landscape. (a)
Signal-dataset heat map. (b) Claim-to-MC signal shift

4.2. Signal combination value

Research now moves from the task level to the value of signal
combinations. Averaging over all datasets, the best
configuration is A+B+agree+V with an average AUC of
0.6507, an average AP of 0.6319, and an average BSS of
0.0834. This exceeds A+B+agree, A+B, and A_only, directly
supporting the claim that the main value of cross-validation
lies in the combination of signals rather than any single
variable. Adding inconsistency on top of A+B+agree+V did
not improve the average AUC (Table 4).

Figure 3 decomposes the signal combination results into
contribution and gain attributes for each dataset. Figure 3 (a)
reveals three empirical patterns: (i) The consistency measure
yields the largest single-step AUC improvement (+0.0247 on
average between +B and +B+agree across datasets, Table 4),
confirming that binary answer consistency is a surprisingly
powerful routing heuristic, despite not requiring additional
probability computations; (ii) Further additions of V_prob,
B—A produce modest additional gains (+ 0.0028 on average),
mainly concentrated in MMLU-Pro(+0.014), and almost zero
(+ 0.001); (iii) Fold level variance (represented by jitter
points) shows little variation across configurations,
suggesting that the average improvement is systematic
instead of reflecting outlier folding. Figure 3 (b) provides a
structural explanation: in the claim-heavy task (FEVER,
FEVEROUS), agree dominates the gain decomposition,
reflecting the binary nature of the label space, where inter-
model agreements carry high information content; On
MMLU-Pro (10 options), V_prob, B—A contributes the
largest component (+0.014), consistent with the hypothesis

< EAI

that verifier support becomes more discriminative as the
answer space expands.

Table 4. Mean performance of progressive signal
groups across datasets

Feature group Mean AUC  Mean AP Mean BSS
A+B+agreet+V 0.6507 0.6319 0.0834
A+B+agree 0.6479 0.6304 0.0814
A+B+agreet+V+D 0.6478 0.6285 0.0819
A+B 0.6232 0.6136 0.0673
A only 0.6139 0.5995 0.0601
B only 0.5928 0.5762 0.0298
a
0801 o Claim-heavy
| ® FEVER
0% ® MC-heavy ¥
070{ ® MMLUPro B == FEVER #0029 {+0.001
© 065 /
2 /
< 0,60+ & 2
b . ¥ & o fold-level AUC
Ho © MMLU{ === mean AUC
0501 % W MVLUAUC
045 ~— T T T T T
A_only A+B +agree +agree+V +agree +agreet+V
b
FEVER 0.001
FEVEROUS

MMLU-Pro gl

V contributes most on MMLU-Pro (+0.014),
negligible on FEVER (+0.001)

Figure 3. Signal combination value and grouped
Shapley attribution. (a) Progressive AUC gains across
signal combinations by dataset. (b) Grouped Shapley

contribution of self-confidence and cross-verification
features across datasets

Shapley attribution grouping

Grouped Shapley analysis asks how many explanatory values
should be assigned to the confidence, validated confidence,
and cross-validation groups when interactions and
collinearity are taken seriously. At the group level,
confidence and cross-validation emerged as two dominant
groups with mean absolute values of grouped Shapley values
of approximately 0.0587 and 0.0540, respectively. The
verifier has a much smaller confidence set of about 0.0233
(Table 5).

This result is important because it avoids the simple
reading of ranking individual features. Although cue
confidence is the strongest mean scalar feature, the grouped
attribution analysis shows that the cross-validated
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contribution has almost as much explanatory value as the full
confidence block.

Per-dataset nuances

The average advantage of A+B+agree+V is not consistent
across all six datasets. On GPQA, the simplest configuration
A_only, with applicant confidence and entropy, achieves an
AUC of 0.572, slightly better than the full combination of
0.565. In C-Eval, A+B (0.736) is slightly higher than
A+B+agree+V (0.734). These cases are consistent with the
task dependency paper established in Section 4.1: in the MC-
heavy setting with limited samples per dataset (GPQA, 546
items) or when questioner confidence already provides a
strong routing signal (C-Eval), additional cross-validated
features do not improve routing performance. The average
advantage of the full combination was mainly driven by
claim-heavy task-FEVER (0.666 vs. 0.619 a_ only) and
FEVEROUS (0.620 vs. 0.514) and MMLU-Pro (0.748 vs.
0.690). Cross-validation provides a lot of complementary
information. This pattern supports the central claim of the
paper: external validation remains task dependent and is most
evident in combinations of features rather than isolated
scalars.

Table 5. Mean grouped Shapley importance across
datasets

Feature group  Mean absolute Shapley Mean signed Shapley

Self-confidence 0.0587 0.0002
Cross-verification 0.0540 0.0021
Verifier-confidence 0.0233 -0.0012

4.3. Single-feature baselines

Once the task landscape was established, single-feature
performance was used as a baseline for cross-validated
complementarity. The strongest mean univariate baseline is
the proposer's own confidence. P4 o has the best weighted
average Brier skill score with a platt map of 0.0647, whereas
the logistic version achieves 0.0614 (Table 6). The best
external validation signal is V_{prob, B\ tarrow A}, whose
platt scaled version achieves a weighted average BSS of
0.0592. In contrast, disagreement as an independent feature is
weak, with a weighted average BSS of only 0.0036.

This ordering is important for the final narrative of the
paper. Cross-validation is not a substitute for the confidence
signal. In contrast, proposer confidence remains the strongest
mean scalar signal, while verifier support for proposer
answers provides the strongest external complement.

Table 6. Weighted cross-dataset summary of single-feature performance after posterior mapping

Feature Mapping Weighted mean AUC Weighted mean AP Weighted mean BSS Weighted mean ECE
Prhaxa Platt 0.6218 0.6144 0.0647 0.0837
Prhaxa Logistic 0.6218 0.6144 0.0614 0.0871

Vorob,B-a Platt 0.6227 0.6159 0.0592 0.0902

Entropy, Logistic 0.6159 0.6077 0.0567 0.0884

Vorob,B-a Logistic 0.6036 0.6006 0.0508 0.0949

Disagreement Logistic 0.5051 0.4969 0.0036 0.0899

Next, we study the union semantics of Vy,op -4 and. The
aim is not to argue that disagreement itself is strong, but to
determine whether disagreement helps the verifier to support
the common interpretation.

The heatmap analysis is consistent with this interpretation.
Some datasets exhibit interpretable regions in the joint plane,
where high verifier support and moderate disagreement are
associated with higher answer reliability than suggested by
any marginal viewpoint. Fever is the most obvious example,
while GPQA remains difficult in most joint Spaces. Thus,
disagreement is not a primary signal, but an interaction
sensitive word whose meaning depends on the support of the
verifier. Its 0.0036 independent BSS are too small to serve as
an independent routing feature, but it is retained in the full 7-
feature vector because its joint space structure with Vyrop 5-a
is highly informative within structured datasets such as
FEVER. Table 4 shows that adding disagreement to
A+B+agree+V does not reduce the average AUC, so there is
no measurable cost at the aggregate level.

2 EA

4.4. Generalization across pairs and across
tasks

We evaluate generalization along two orthogonal axes
(Figure 4). Cross-pair generalization tests whether a router
trained on one proposor-prover pair will transfer to the other
pair while keeping the task constant. Cross-task
generalization tests whether a router fitted on one task family
transfers to another task family while keeping pairings
constant.

Over-pair generalization. Here, the training pair is
Qwen3.5-2B x Phi-4-mini-instruct. The two pairs of tests
retained were Llama-3.2-1B-Instruct X Qwen3.5-2B and
gemma-3-1b-it x phi-4 mini-instruct. The transfer
performance is assessed using a pair of alignment strategies,
ECDF and z-score, and the z-score results are excluded when
the distribution overlap check fails.
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Table 7. Cross-pair generalization AUC (mean over
valid test pairs per dataset; ECDF vs z-score

alignment)

Dataset ECDF AUC  z-score AUC  (ECDF z-score)

FEVER 0.753 0.715 +0.038
MMLU-Pro 0.728 0.701 +0.027

GPQA 0.552 0.534 +0.017
FEVEROUS 0.527 0.487 +0.040

HoVer 0.540 —7 —

C-Eval 0.499 0.455 +0.044

t z-score excluded for HoVer: distribution overlap check
failed for both test pairs.

ECDF alignments strictly dominate the z-score on each
effectively compared dataset. The interval ranges from
+0.017 (GPQA) to +0.044 (C-Eval) (Table 7). However, the
absolute results must be read -carefully. Cross-pair
transmission achieves AUC above 0.72 on FEVER and
MMRU-Pro, indicating that the routing signal structure
across model families for these tasks is largely preserved. The
transfer is only slightly higher than random in HoVer,
FEVEROUS, and GPQA states. The results for C-Eval are
particularly worrying: while ECDF has the largest advantage
over z-score (+0.044), the absolute value of 0.499 for ECDF
AUC is essentially random (Table 8).

Table 8. Per-test-pair cross-pair transfer AUC (ECDF

alignment)
Dataset Test pair AUC
FEVER Llama-3.2-1B x Qwen3.5-2B 0.755
FEVER gemma-3-1b x Phi-4-mini 0.750
MMLU-Pro gemma-3-1b x Phi-4-mini 0.730
MMLU-Pro Llama-3.2-1B x Qwen3.5-2B 0.726
GPQA Llama-3.2-1B x Qwen3.5-2B 0.551
GPQA gemma-3-1b x Phi-4-mini 0.552
FEVEROUS gemma-3-1b x Phi-4-mini 0.609
FEVEROUS Llama-3.2-1B x Qwen3.5-2B 0.445
HoVer gemma-3-1b x Phi-4-mini 0.557
HoVer Llama-3.2-1B x Qwen3.5-2B 0.523
C-Eval gemma-3-1b x Phi-4-mini 0.518
C-Eval Llama-3.2-1B x Qwen3.5-2B 0.480

Cross-task generalization. We pool Claim-heavy tasks
(FEVER, FEVEROUS, HoVer) as one domain and MC-
heavy tasks (GPQA, C-Eval, MMLU-Pro) as the other,
training on one domain and testing on the other. z-score
alignment fails the KL divergence gate in both directions,
confirming that cross-task feature distributions are
incompatible without nonparametric re-scaling. Under ECDF
alignment, the Claim—MC direction reaches AUC 0.643 (AP
0.580) and the MC—Claim direction reaches AUC 0.610 (AP
0.675) (Table 9). Both are meaningfully above random.

Table 9. Cross-task generalization (ECDF alignment;
z-score excluded due to KL gate failure)

Direction Train tasks Test tasks AUC AP
. FEVER +
Claim — GPQA + C-Eval +
MC FEVIL}IE(E{\glrJS + MMLU-Pro 0.643  0.580

Direction Train tasks Test tasks AUC AP
FEVER +
MC — GPQA + C-Eval +
Claim MMLU-Pro FEV}IIE(l)?\zIrJS + 0.610 0.675

The asymmetry between the two directions is of reference
value. From the AUC metric, the transfer ability from Claim
to MC is slightly stronger (0.643 vs 0.610), which is
consistent with the research results: in tasks dominated by
MC, the confidence signals proposed by the authors hold a
dominant position and are relatively stable across different
task types. While the transfer accuracy from MC to Claim is
higher (0.675 vs 0.580), indicating that the Claim direction
has higher accuracy at high confidence thresholds. Overall,
neither direction has degenerated into random performance,
supporting the use of globally trained routers when task labels
cannot be obtained during deployment; this also confirms that
when the task identity is known, task-based calibration is still
better.

Leave-one-dataset-out cross-task generalization. To
complement the rough two-group division, we adopt the
single dataset exclusion (LOO) method for assessment: each
time, one dataset is alternately used as the test set, while the
remaining five datasets are used for training the router, and
the test is conducted on this test set. This method decomposes
cross-task transfer into the independent contributions of each
dataset, avoiding confusion caused by intra-group differences.

Table 10. Three-way generalization comparison

In-dist LOO Cross-pair A (cross-

Dataset AUC  cross-task A (LOO) ECDF pair)
MMLU-Pro 0.748 0.717 —-0.031 0.728 —0.020
C-Eval 0.734 0.616 -0.118 0.499 —0.235
FEVER 0.666 0.664 —0.002 0.753 +0.087
FEVEROUS 0.620 0.591 -0.029 0.527 —0.093
HoVer 0.570 0.558 —-0.012 0.540 —0.030
GPQA 0.565 0.577  +0.012 0.552 —0.014

The LOO comparison shows the separation between the
two migration axes. For the FEVER task, both axes exhibited
stability: the cross-task gap was negligible (—0.002), and
cross-aligned migration was actually higher than the upper
limit of the same linear distribution by +0.087, indicating that
in the fact verification task, the logarithmic probability signal
centered on the proposer was largely unaffected by the model
identity. MMLU-Pro also showed similar stable migration on
both axes (differences of —0.031 and —0.020 respectively),
clearly classified as the transferable MC category (Table 10).
GPQA presented a different pattern: LOO only slightly
exceeded the internal distribution range (+0.012), indicating
that training on five different datasets provided a more robust
signal basis compared to fitting with only a single dataset for
this low-sample benchmark.

C-Eval is a notable exception. The performance of LOO
on cross-task tasks has declined (—0.118), indicating that the
behavior of the multilingual MC signal is sufficiently
different from the other five datasets, even across different
task categories, and can still produce detectable distribution
shifts. Cross-aligned transfer completely failed (—0.235,
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ECDF AUC = 0.499), confirming that the failure of C-Eval is
due to architecture-driven rather than task-driven factors: the
Chinese-centered word segmentation method generated a
log-probability distribution, while the ECDF quantile
mapping cannot be aligned between different model families.
Overall, these results indicate that in the CrossVerify signal
interface, the migration barriers between task families are
smaller compared to the obstacles caused by mismatch in
architecture and label space.

Figure 4 presents a single-view comparison of the three
evaluation modes through parallel coordinates. The
visualization results indicate that the generalization behaviors
among the different datasets are not consistent. FEVER (dark
blue) and MMLU-Pro (light red) are located on the high
stability trajectory - their curves remain above AUCUCUC =
0.72 on all three axes, indicating that the routing signal
structure of these tasks has strong robustness to changes in
the task family and model alignment replacement. However,
C-Eval (medium red) shows significant differences between
the two transfer dimensions: the LOO cross-task degradation
degree is relatively small (-0.118, from 0.734 to 0.616), but
cross-alignment transfer is severely catastrophic (-0.235,
reaching the level of 0.499). This difference provides
empirical evidence for identifying architectural features -
spatial mismatch (rather than task domain differences) as the
main obstacle to signal transmission: in C-Eval, the Chinese-
centered word segmentation generation produced a log-
probability distribution, whose quantile structure cannot be
aligned between different model families only through ECDF
mapping. FEVEROUS also shows a significant inter-data set
decline (-0.093), but still above the accidental level, which is
consistent with its intermediate position between the fully
transferable mode (FEVER) and the non-transferable mode
(C-Eval).

Deployment Description: No annotated routes. One of
the practical advantages of CrossVerify that deserves special
emphasis is that its routing signal vector is entirely
generated from the restricted decoding probability
distribution during inference, without relying on the
correctness labels of specific routes. Routing methods that
rely on learning preference supervision or labels based on
benchmark data face annotation bottleneck issues during
deployment [15, 16]; in contrast, the output space interface
of CrossVerify completely circumvents this limitation while
retaining the aforementioned cross-alignment and cross-task
transferability.

0.80 -
0.753
0750748 ) FEVER
0.734 0.717 MMLU-Pro
0.728
0.70
0.666 0.664

0.65
(&)
=] 0.620 0.616
< 0.591
0.60 A ' HoVe
os70)  OS5TI4 kb
0,565 0.5 GPQA
0.55 0.558 » 0.552
: 0.540
~ | FEVEROUS
1 4 0.527
05 0.499 C-Eval

0.45

In-distribution LOO Cross-task ~ Cross-pair ECDF

FEVER generalizes best; C-Eval collapses on cross-pair transfer
(token-space mismatch).

Figure 4. Cross-pair and cross-task generalization

4.5. Multiseed robustness

After conducting tests using multiple random seeds on
CEVAL, FEVER, and GPQA, the most stable mode was the
proposer-centric mode. On CEVAL, Pp,,x o and Entropya
both performed strongly and were highly stable, with average
BSS values of approximately 0.1125 and 0.1094 respectively.
On GPQA, the proposer-centric feature once again dominated.
The most important robustness conclusion is that, regardless
of the different seeds, the degree of inconsistency remains
weak.

4.6. System overhead

In the FEVER benchmark test using the main model, the
logprob-based process takes an average of approximately
381.7 milliseconds per sample, while the direct hidden state
extraction requires about 327.1 milliseconds. Therefore, in
terms of the original request delay, the logprob process is
slightly slower; this is expected because the hidden state
measurement only generates dense embeddings without
marking selection for the probability distribution.

Compared with the single-pass method that solely relies on
confidence levels, CrossVerify needs to call a fixed validator
once for each sample. Therefore, its end-to-end system cost
is not necessarily lower than the baseline scheme that solely
relies on confidence levels. If the expected cost of the
confidence-based cascade method is C.onf = Ca + PeonfCrLzs
and the expected cost of CrossVerify is C., =cp + cg +
PevCrz, then CrossVerify has a cost advantage only when
cg < (Pconf — Pev)Crz . Therefore, the claim in this paper
should be understood as a statement about the low-load
external validation at the interface level, rather than a general
claim about the total cost of all single-pass baselines.

To illustrate the break-even condition specifically, three
deployment modes are considered, each adopting the API
pricing in mid-2026. Mode 1 (Homogeneous Small Model):
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The proposer and the verifier both use low-cost models (e.g.,
GPT-40-mini, $0.15 per million input tokens), and employ a
stronger fallback mechanism (GPT-40, $2.50 per million
input tokens). For a typical 500-token query, cy, = cg =
$0.000075 , ¢, = $0.00125 . To achieve break-even,
Pconf — Pev > 0.06 is required. If CrossVerify reduces the
fallback rate by at least 6 percentage points compared to the
cascading mechanism based solely on confidence levels, it
can be achieved.

Mode 2 (Heterogeneous Model): The small proposer
(GPT-40-mini) is paired with the large verifier (GPT-4o,
$2.50 per million input tokens). At this point,cg = $0.00125.
The break-even requirement iS Peons — Pev > 1.0, but it
cannot be met - the verification cost exceeds any potential
savings from reducing the fallback usage.

Mode 3 (API with Token-logprob Access): If the verifier
exposes only the logprob values of the first 5 tokens through
restricted decoding prompts (as most commercial APIs do),
the cost of the verification call is the same as the standard
generation call. At this point, the analysis result depends on
the model level and reduces to Mode 1 or Mode 2. This cost
analysis shows that when the cost of the verifier is equal to
that of the proposer, the deployment advantage of
CrossVerify is most significant; the value of the interface lies
in its black-box compatibility and the 28-byte payload, rather
than unconditional cost reduction.

The decisive difference lies in the deployment load. The
logprob-based router requires only 7 scalar values per sample
( l:)max,A , Entropy, , l:’maX,B , Entropyg , Vprob,B—>A >
Disagreement, agree), each occupying 4 bytes, so each
routing decision requires only 28 bytes. This value is a fixed
constant and is not affected by the dimension of the hidden
state of the model: it does not increase with the model size
and does not require embedding transmission.

The more fundamental limitation is that hidden state
routing requires white-box access to the internal
representations of the two models, which is not available in
black-box commercial APIs. The logprob-based design can
be applied to any model that exposes token-level probabilities
through restricted decoding prompts. As a reference, the top-
level embedding of the main pair (2,048 + 3,072 floating-
point 32-dimensional vectors) requires a total of 20,480 bytes
on each sample. However, in a deployment with restricted
access, when only the output space probability can be
accessed, this benchmark scheme is not applicable (Table 11).
Therefore, CrossVerify's contribution in this aspect lies in its
fixed 28-byte memory footprint, independence from model
size, and complete compatibility with black-box APIs [9, 13].

Table 11. System-level comparison of logprob routing
and hidden-state routing (FEVER, main model pair)

s Mean Payload /
Router type Description latency (ms)sample (bytes)
Logprob-— - - lar features (float32) 381.74 28
based
Last-layer embeddings, both
Hidden-state models (2,048 + 3,072 dims, 327.10 20,480

p32)

2 EA
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Note: The hidden state baseline requires white-box access to
the model internals and is only for reference; under the
constraints of black-box deployment, it is not an effective
comparison benchmark.

5. Consistency of experience and decision
analysis

Sections 4.1 to 4.6 elaborate on the main empirical claims of
this paper: CrossVerify provides a set of compact and black-
box-compatible external validation signals, whose value
depends on the specific task and can serve as a supplement to
confidence. The role of this section is relatively limited; it
does not provide theorem-level guarantees nor attempts to
replace empirical research with an abstract proof stack.
Instead, it explores whether the observed empirical behavior
conforms to a series of theoretical expectations: the non-
redundancy of cross-verification conditions, the stability of
classical alignment on continuous feature subspaces, and
threshold routing as a budget-sensitive decision principle.
Each subsection directly corresponds to an empirical result:
Section 5.1 explains the complementary gain shown in
Section 4.2 (Tables 4-5); Section 5.2 argues that the ECDF
alignment method supports the viewpoint in Section 4.4
(Tables 7-8); Section 5.3 verifies the threshold routing
strategy applicable to fixed fallback deployment scenarios.
5.4 Section links the task-dependent gain to the task fuzzy
pattern established in Section 4.1 (Table 3).

5.1. Information gain proxy

Section 4.2 shows that adding V,opp-a to the A+B
configuration can increase the average AUC from 0.6232 to
0.6507 (Table 4), and the grouped Shapley analysis also
confirms that the explanatory power of cross-verification is
almost equivalent to that of the complete confidence block
(Table 5). Now we explore whether this complementarity is
based on a formal non-redundancy argument for the
correctness of the proposer. We start from the following non-
redundancy condition proposition:

I(Zp; Sev | Sserr X) > 0 (6)

This proposition should be understood as the additional
information provided by cross-verification under a fixed
confidence level. Since directly estimating this conditional
mutual information from a small heterogeneous dataset
requires a more complex density estimation process, we adopt
a restricted empirical proxy strategy. Appropriate scoring
rules and information functions act on probability measures,
while AUC is a ranking-based statistic and thus cannot be
regarded as an affine proxy of information gain.

The resulting evidence has informational value, but is
deliberately controlled at a moderate level (Table 12). The
relationship between the overall degree of difference among
different datasets and the downstream performance
improvement is not consistent. FEVER achieved the highest
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average Jensen-Shannon proxy index across six datasets, but ~ when the support of the validator features was added, its
the absolute performance improvement obtained after adding  group Shapley contribution was the largest and the positive
cross-verification was smaller. In contrast, the average degree ~ improvement effect was the strongest.

of difference for MMLU-Pro was only at a medium level, but

Table 12. Dataset-level summary for information-gain proxies and cross-verification gains

Dataset JS proxy mean CV help rate CV net gain rate BSS mean AUC mean Cross-verification Shapley
CEVAL 0.0396 0.1020 -0.1540 -0.0021 -0.0019 0.0273
FEVER 0.0706 0.0680 0.0030 0.0014 0.0006 0.0415
FEVEROUS 0.0353 0.1910 0.1190 -0.0003 -0.0010 0.0902
GPQA 0.0352 0.1465 -0.0293 0.0001 0.0041 0.0210
HOVER 0.0801 0.0100 -0.0080 0.0000 0.0020 0.0181
MMLU-Pro 0.0447 0.1430 0.0180 0.0129 0.0132 0.1258

Note: The CV assistance rate and CV net increase rate are sampling frequency statistics (i.e., which samples are helpful or
harmful to the individual predictions of the cross-verification). ABSS and AAUC are weighted summary values based on the
magnitude of squared error. When the improvement of beneficial samples is less than the loss of damaged samples, the
positive net increase rate frequency is compatible with the close-to-zero ABSS - this is a typical situation where the base
predictor has been adequately calibrated.
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Figure 5. Information gain and task topology. (a) Information gain versus cross-validation contribution. (b) Net
gain from adding verifier support

Figure 5 explores the empirical relationship between the  is not monotonically related to the JS difference proxy
differences between the proposer and the verifier, the task  variable: the average JS difference of HoVer is the largest
structure, and the value of cross-verification routing. Figure  (0.080), but its Shapley contribution is the smallest (0.018);
5 (a) shows that the Shapley contribution of cross-verification =~ while FEVEROUS has a smaller difference (0.035), but its
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Shapley contribution is the second highest (0.090). This non-
monotonicity directly indicates that the value of cross-
verification is determined by complementarity rather than the
degree of original inconsistency. The bubble areca
(proportional to the number of options) provides a topological
explanation: MMLU-Pro (10 options, the largest bubble, with
a Shapley value of 0.126) shows that as the answer space
increases, the value of cross-verification also increases,
which is consistent with the theoretical view - a larger option
space provides more support opportunities for the verifier to
handle the proposer's ambiguity. Figure 5 (b) presents the
waterfall decomposition of the net AAUC: MMLU-Pro
dominates the cumulative gain (+0.0132), while FEVEROUS
and C-Eval contribute slightly negative changes (—0.0010 and
—0.0019, respectively). The cumulative average AAUC
(+0.0028) is positive but small, which is consistent with the
paper's view: Vo 5,4 is @ complementary signal, whose
value is obtained by combination rather than appearing as an
isolated additive term.

5.2. Stability of canonical alignment

Section 4.4 demonstrated that ECDF alignment enables
cross-pair and cross-task transfer with meaningful AUC on
FEVER (0.753) and MMLU-Pro (0.728), while C-Eval
collapses to 0.499 (Tables 7-8). The research now verifies
whether the canonical alignment map preserves the routing-
relevant rank structure that such transfer requires. The
empirical alignment map preserves the ranking structure
needed by routing and transfer. Spearman rank correlations
remain high for all variables, reaching 0.9826 for
Disagreement, 0.8643 for V,;op,5-4, and 0.8392 for Pyayx -
Even the weakest case, Py o, remains at 0.7155. The top-10%
and top-20% overlap rates show the same pattern: although
the alignment map does not preserve absolute distances, it
preserves the high-value regions that matter most for
threshold routing (Table 13). We additionally report the one-
dimensional Wasserstein distance between raw and aligned
values as a transport-based distortion measure.

Table 13. Pooled alignment stability on the continuous feature subspace

Feature Spearman Kendall Top-10% overlap Top-20% overlap Bin consistency W, (raw,aligned)
Praxa 0.7155 0.5717 0.7856 0.7782 0.2409 0.8065
Entropy, 0.5772 0.4544 0.2378 0.4743 0.2908 1.0991
Praxp 0.8392 0.6601 0.6523 0.7412 0.3354 0.7738
Entropypg 0.7446 0.5702 0.2396 0.5239 0.3018 0.8290
Vorob,B-a 0.8643 0.6938 0.6523 0.7493 0.3210 0.6374
Disagreement 0.9826 0.8892 0.8541 0.9179 0.6230 0.6379

5.3. Threshold routing on a smoothed risk
surface

Section 4.4 showed cross-pair AUC up to 0.753 on FEVER
(Table 7), establishing that quantile-space routing signals are
transferable between model families on factual verification
tasks. We now ask whether quantile-space threshold routing
also recovers the offline budget-constrained optimum in a
concrete fixed-fallback deployment setting. Using the real
FEVER proposer outputs and the empirical correctness labels
of the stronger non-oracle L2 model, we compare an offline
brute-force threshold search, a threshold restricted to the
canonical quantile space, and a dual-guided adaptive

threshold update defined on a kernel-smoothed objective. The
quantile-space threshold nearly matches the offline optimum.
The brute-force strategy reaches an accuracy of 0.761 at an
average cost of 2.488, while the quantile-space strategy
reaches 0.760 at a lower average cost of 2.468. The accuracy
gap is only 0.001 (Table 14). This is sufficient to justify the
threshold policy as a stable engineering approximation under
the fixed-fallback instantiation studied here.

The dual-guided adaptive update should be interpreted
more cautiously. In the present implementation, it converges
toward a high-cost regime and overshoots the target budget.
This does not invalidate the threshold-routing theory itself. It
shows that the current online update rule remains a
preliminary realization of the theoretical policy class, not yet
a deployment-grade controller.

Table 14. Threshold-routing summary under the budget constraint.

Method Best threshold  Accuracy  Average cost  Route-to-L2 rate  Accuracy gap to brute-force  Cost gap to brute-force
Offline brute-force 0.5239 0.761 2.488 0.372 0.000 0.000
Quantile space 0.5264 0.760 2.468 0.367 -0.001 -0.020
Dual guided 0.1463 0.778 4.984 0.996 0.017 2.496
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Figure 6. Threshold routing and deployment cost (a) Pareto frontier of accuracy versus cost (b) Break-even
condition

Figure 6 translates the threshold-routing results from Table
14 into visual form. Figure 6(a) demonstrates that the
quantile-space policy (red marker with highlight ring) lies
almost exactly on the Pareto frontier: it achieves accuracy
comparable to the offline brute-force optimum (0.760 vs.
0.761) while operating within the budget constraint of 2.5.
The dual-guided adaptive point (orange, far right) illustrates
the cost of unconstrained dual-ascent optimization: it
achieves the highest accuracy (0.778) by routing nearly all
samples to the stronger fallback, at nearly double the budget.
Figure 6(b) translates the theoretical break-even condition
(c B < (p_conf — p cv) ¢ L2) into three representative
deployment patterns for commercial API pricing. This visual
structure clearly shows that CrossVerify's cost advantage is
conditional rather than universal: the strategy works only
when the inference costs of the verifier and proposer are equal
(Mode 1, Ap > 0.06). When the verifier is an order of
magnitude more expensive than the proposer, break-even
cannot be achieved (Mode 2, Ap > 1.0).

5.4. Gamma agents and task dependencies

Section 4.1 shows that in intensive task declarations,

value in Table 3 is 0.0657, establishing a clear task family
dependency. Next, we explore whether this variation can be
correlated to measurable task characteristics: ambiguity,
complementarity, and the topology of the answer space.
Finally, we consider a constant dependent on the task

vy = g(ambiguity,complementarity,topology),

a constant that appears in the weak lower-bound
interpretation of cross-verification gains. The goal here is not
to estimate y as a formal parameter, because the number of
datasets is too small for that purpose. Instead, an exploratory
dataset-level proxy metric is constructed by combining the
empirical option count, empirical label entropy, Shapley
complementarity between groups, and the measured gain
obtained by cross-verification in the routing feature set. This
descriptive pattern is reasonable. MMLU-Pro shows the
highest gamma-style surrogate values and is also the dataset
with the strongest cross-verification in terms of grouped
Shapley importance and ablation gain. FEVEROUS exhibits
a large Shapley contribution, but the gain in the current
routing proxy is close to =zero, indicating that
complementarity alone is not sufficient unless it can be
translated into actual routing-level improvements. See Table
15 for details.

Vorob,—a BSS in Mc-intensive tasks is 0.0290, while the
Table 15. Exploratory gamma-proxy summary by dataset
Dataset Empirical options  Label entropy Task family  Cross-verification Shapley BSS mean  AUC mean  Gamma proxy
FEVER 2 0.6377 Claim-heavy 0.0415 0.0014 0.0006 0.000057
FEVEROUS 2 0.6746 Claim-heavy 0.0902 -0.0003 -0.0010 0.000000
HOVER 2 0.6927 Claim-heavy 0.0181 0.0000 0.0020 0.000001
GPQA 4 1.3840 MC-heavy 0.0210 0.0001 0.0041 0.000003
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CEVAL 4
MMLU-Pro 10

1.3855
2.2946

MC-heavy
MC-heavy

0.0273
0.1258

-0.0021
0.0129

-0.0019
0.0132

0.000000
0.001617

5.5. Integrated interpretation

In summary, the theory-based tests support a coherent but
bounded interpretation of the main empirical studies. The
information gain analysis supports the idea that cross-
verification is not redundant once the confidence is fixed,
but does not prove the general divergence gain law.
Alignment experiments show that the canonical map
preserves the ordering structure required for routing in
continuous subspaces. Threshold experiments show that
quantile space threshold routing can almost recover the
best offline budget routing policy on real data with fixed
fallback Settings. Gamma-style analysis supports a weaker
view that task ambiguity and model complementarity help
explain when cross-verification becomes more useful.

This is the intended role of this section. It does not
replace the primary evidence of earlier empirical chapters,
nor does it require formal guarantees. It explains why the
observed complementarity, transferability, and threshold
routing behaviors are operationally consistent and
theoretically sound.

Based on this, a practical routing scheme can be derived.
When the task family is known at deployment time, the
analysis in Sections 4.1 (Table 3) and 5.4 (Table 15)
supports heuristics in two cases: For demanding tasks
(binary label space), Vpropp-a and binary protocol
features have a disproportionate predictive weight,
reflecting the verifier support advantage documented in
Table 3; For MC-heavy tasks (large option Spaces), Pyaxa
is the most stable dominant signal, and V,ropp-a is @
secondary supplementary contribution. This ordering is
consistent with the topological regression coefficients from
Section 5.4, where Vp1q, g4 indicates the largest positive
response to option count (+0.028 per unit). When task
identity is not available at deployment time, the full seven
feature combinations serve as a reliable fallback: Table 10
shows that LOO has an AUC of 0.558 to 0.717 across the
six benchmarks. Learned topology-aware signal selection
that automatically recognizes such structures -without task
family labels -remains a direction for future work.

6. Conclusion

This paper studies a practical system problem that fuses
LLM collaboration, confidence estimation, and budget-
aware reasoning: how to design routing signals for
heterogeneous black-box cascades when hidden state
access is not available or desired. Instead of assuming that
the second model's own confidence is sufficient, we study
cross-verification as a framework for signal design, which
explicitly measures the strength of the verifier's support for
the proposer's answer. This yields a series of output derived
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signals that can be computed with minimum interface
requirements and integrated into a calibrated routing policy.

The empirical results support a clear and internally
consistent interpretation. First, proposer confidence
remains the strongest average univariate baseline. Second,
the most valuable external verification signal is not the
verifier's confidence, but the verifier's support for the
proposer's answer, which is V_{prob, B\rightarrow A}.
Third, the utility of cross-verification is in feature
combinations, not isolated scalars. Ablation and grouped
Shapley analyses show that cross-verification is
structurally important, even if it is not the primary
univariate. Fourth, the usefulness of these signals is
strongly task dependent: proposition tasks benefit more
from verifier support signals, while proposer confidence
remains dominant in multiple-choice tasks. Fifth, Table 1
shows that the budget routing setup is instantiated with an
empirically stronger fallback model instead of an oracle,
which is the correct interpretation of the escalation analysis
in this paper. Finally, our system-level analysis shows that
the main deployment advantages of cross-verification are
black-box compatibility and very low overhead. Any end-
to-end cost gain over the single-pass baseline depends on
the verifier cost being offset by the reduced alternate usage.

Empirical consistency tests further shed light on these
findings. Cross-verification is conditionally nonredundant
over confidence, canonical alignment preserves the
sequential structure associated with routing on continuous
feature subspaces, and quantile space threshold routing is a
principled approximation of the budget-constrained
cascading decision problem when upgraded by a fixed
stronger fallback instantiation. At the same time, this
section also places important restrictions on the claims that
can be made. This paper does not show that cross-
verification is generally dominant, that disagreement itself
is a strong independent routing feature, or that the analysis
achieves theorem-level guarantees. Rather, it shows that
externally verified supporting signals under the fixed
fallback mechanism studied here provide a theoretically
plausible and empirically useful complement to confidence
under heterogeneous black-box collaboration.

Taken together, these results suggest a revised view of
cascading design for LLM systems. The key challenge is
not to search for a single universally strongest scalar
routing statistic. It is to build a small, calibrated, and
transitive signaling interface that can draw on
complementary information across heterogeneous models
without breaking deployment constraints. Cross-validation
provides a concrete signal design perspective for future
black-box expert systems, especially when deployments
include specified stronger fallbacks rather than oracle
upgrades.

7. Limitations and future work
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This evaluation examines three proposer-verifier pairs out
of the four model backbones, with the master pair used for
the main result and the reserved pair used as a transfer
check. In budget routing analysis, escalation is instantiated
with a fixed stronger alternative model instead of oracle or
model-agnotic utility objectives. This setting is appropriate
for two-phase deployments with specified stronger fallback
alternatives, but it also means that the results should be
interpreted as fixed fallback path discovery rather than
generalized upgrade theory. The task dependency of the
prover support signal, one of the core findings, further
limits the portability of any fixed heuristic. Near-term
practical implications of both cases are discussed in
Section 5.5, but learned topology-aware signal selection
remains an unsolved direction, as later systems may need

to estimate appropriate signal weights using query statistics.

Subsequent work could extend the composition to multiple
alternative models, closed-source commercial apis, and a
wider range of tokenizers.

The system-level advantage of cross-validation is
conditional rather than universal. Since each query still
calls the proposer and the verifier, the cost of cross-
validation is not automatically lower than the cost of
single-pass confidence concatenation; Any end-to-end
savings will only occur if the additional cost to the verifier
is offset by a lower use of strong alternatives. A low-load,
black-box compatible verification interface and a break-
even deployment framework are built, but all relevant cost
mechanisms are not explicitly benchmarked. Further work
should evaluate this trade-off under different
verifier/fallback scheme cost ratios and deployment

Settings, and directly compare to single-pass trust cascades.

Information gain and gamma analysis use empirical
proxies rather than direct estimates; The results should be
viewed as consistency checks rather than formal proofs,
which is the appropriate scope for signal design
contributions. The dual-bootstrapped adaptive threshold
strategy in Section 5.3 is a proof-of-concept of a budget
dual-architecture rather than a production-ready controller,
whereas the evaluation framework remains completely
offline. Future work should develop richer nonparametric
CMI estimators, clearer norm-aligned finite-sample
transmission bounds, more stable online optimization of
adaptive routes, and more extensive deployment studies
under realistic computational constraints, confidence
induction, and benchmark changes [17,20,26].
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