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Abstract

Multimodal large-language-model (LLM) evidence pipelines often attach rule-

derived outcomes to candidate remediation actions even though only the executed

action yields a factual production outcome. Treating those counterfactual rules

as ground truth can miscalibrate routing, while discarding them wastes structured

operational knowledge. We introduce EviRoute-DR, a disagreement-reliability routing

method that learns when rule priors fail and combines corrected-rule experts with

direct factual outcome experts through a reliability-conditioned meta-learner. The study

uses 2,100 production cases, seven candidate actions per case (14,700 case-action

records), and exactly one observed production outcome per case. Base models are

trained on 600 factual cases, combined on 200, and evaluated on 1,300 held-out

factual cases spanning main, temporal-labelled, hard, and workflow-shift cohorts. On

factual outcomes, EviRoute-DR achieves AUC 0.926 and Brier score 0.0910, compared

with 0.921/0.0971 for direct logistic regression and 0.924/0.0922 for a random-forest

baseline. The paired bootstrap Brier improvement over logistic regression is 0.0060

(95% CI 0.0021–0.0092). A separate production-derived counterfactual replay shows a

stronger cost-resolution frontier at moderate operating costs, reaching approximately

0.815 resolution near 12 cost units. Because the logged action is always the argmax of

the production score vector, we do not interpret those scores as stochastic propensities

and make no inverse-propensity, doubly robust causal, or production-effect claim. The

results support disagreement-aware reliability fusion as a practical methodology for

evidence routing under partial factual feedback.

Keywords: multimodal LLMs; evidence routing; counterfactual reliability; cost-sensitive

learning; probabilistic prediction; selective decision systems; production telemetry; reliabil-

ity
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1 Introduction

Evidence-producing LLM systems increasingly combine retrieval, optical character recog-

nition (OCR), generation, policy checks, and human review. Operational failures are not

homogeneous: evidence can be missing, retrieval channels can conflict, OCR confidence

can degrade, and corrective actions can have sharply different costs. A routing layer

must therefore decide not only whether a case is uncertain, but also which intervention is

justified.

Existing LLM routing work primarily studies selection among models or experts under

performance-cost trade-offs, often using preference labels, full-information supervision,

or bandit feedback [1, 2]. Offline policy evaluation provides principled tools when the

historical behavior policy and outcome support are known [3, 2, 4, 5]. These assumptions

are not automatically satisfied in evidence-remediation systems: production logs commonly

observe only one executed action, while the remaining actions are represented by rule-

derived counterfactual outcomes.

This paper studies that asymmetry directly. The central premise is that a rule-derived

action outcome can be useful without being treated as factual truth. EviRoute-DR learns

the error of the rule prior on executed production actions, converts that error model into a

corrected action-success probability, and then combines corrected-rule and direct factual

experts with reliability features. Here “DR” denotes disagreement-reliability; it does not

denote the classical doubly robust estimator.

The methodological contributions are:

1. a formal partial-feedback routing problem in which one factual action outcome coexists

with imperfect rule-derived counterfactual priors;

2. a disagreement correction qθ(x, a) that estimates where a rule prior is likely to be wrong,

and a closed-form corrected success probability;

3. a reliability-conditioned stacker that combines direct factual experts, rule-correction

experts, missingness, conflict, logged policy score, and action cost;

4. a partition-disjoint production evaluation separating factual held-out prediction from a

secondary production counterfactual replay; and

5. explicit abstention from causal OPE when the logs do not establish stochastic selection

from the score vector.

2 Related work

2.1 Routing and selective decision systems

RouteLLM learns preference-based routers to trade response quality against model cost

[1]. The unpublished preprint by Wei et al., Learning to Route LLMs from Bandit Feedback:
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One Policy, Many Trade-offs (2025; arXiv:2510.07429), emphasizes that deployment

exposes only the selected model outcome. It is identified here as a preprint rather than

included in the published-reference list. Selective prediction similarly studies systems that

abstain under uncertainty rather than force a low-confidence prediction [6]. EviRoute-DR

differs in target: the action is a remediation step in an evidence pipeline, and the central

supervision problem is disagreement between an imperfect operational prior and the single

factual executed-action outcome.

2.2 Calibration and uncertainty

Probability calibration is essential when predictions feed downstream decisions [7]. Deep

ensembles and related uncertainty methods capture predictive variability but do not by

themselves specify how to use a structured operational counterfactual prior [8]. EviRoute-

DR treats missingness and signal conflict as reliability variables in a meta-level combination

of factual and corrected-rule experts.

2.3 Offline policy evaluation with imperfect counterfactuals

Under identification and overlap assumptions, classical doubly robust evaluation combines

a reward model with behavior-policy weighting and is consistent if either nuisance compo-

nent is correctly specified [3]. Counterfactual risk minimization learns from logged bandit

feedback under propensity assumptions [2]. CANDOR studies imperfect counterfactual

annotations inside doubly robust OPE [4], and Carranza and Athey study robust policy

learning under heterogeneous observational sources [5]. These methods motivate the

partial-feedback framing, but the present production log always records the maximum-score

action; consequently, we do not reinterpret its scores as randomized propensities.

3 Problem formulation

For case i, let xi denote pre-decision telemetry and let A be the seven-action set. The

supplied production export provides a rule prior ri(a) ∈ {0, 1} and action cost ci(a) for every

action. A separate replay annotation Ỹi(a) is distinct from that rule prior; it is an evaluation

endpoint, not a training label. Exactly one action Ai is executed, yielding factual resolution

outcome Yi(Ai) ∈ {0, 1}. For a ≠ Ai, the available outcome is a production-derived

counterfactual annotation and is not used as a factual training label.

The factual disagreement target is

Di = 1{Yi(Ai) ̸= ri(Ai)}. (1)

A disagreement expert estimates

qθ(xi, a) = P (Di = 1 | xi, a). (2)
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The rule-corrected success probability is then

p̂R
θ
(x, a) = r(x, a)[1− qθ(x, a)] + [1− r(x, a)]qθ(x, a). (3)

Equation 3 has an interpretable limiting behavior: when disagreement probability tends

to zero, the rule is trusted; when it tends to one, its label is reversed; at q = 0.5, the rule

contributes no directional information.

4 EviRoute-DR

4.1 Base experts

Two direct factual experts estimate P (Y = 1 | x, a) from executed-action rows: regularized

logistic regression and random forest. Three disagreement experts estimate qθ: pooled

logistic correction, regime-conditioned logistic correction, and random-forest correction.

The regime-conditioned model includes interactions between action, telemetry missingness,

and a training-defined high-conflict indicator.

4.2 Reliability-conditioned fusion

Let z(x, a) contain the direct factual probabilities, corrected-rule probabilities, raw rule prior,

missing-channel count, conflict score, logged production action score, and candidate action

cost. A regularized logistic meta-learner is fit only on the 200-case validation partition:

p̂ER(x, a) = σ
(
β0 + β⊤z(x, a)

)
. (4)

The separation between base-model training and meta-learning prevents the meta-learner

from fitting its own in-sample base predictions. All meta-learner inputs are standardized on

the 200 meta-training cases, with logistic inverse regularization C = 0.1. This partition is

not an independent calibration test. As shown in Fig. 1, the deployed score combines the

two expert branches and reliability inputs; it is not an upper-confidence bound.

4.3 Routing score

For a cost-aversion parameter λ ≥ 0, EviRoute-DR selects

πλ(x) = argmax
a∈A

[p̂ER(x, a)− λ c(x, a)/20] . (5)

We retain the archived grid Λ = {0} ∪ logspace(−4, 2, 160), the divisor 20, and all fitted

primary models. The divisor sets the scale of the cost-aversion parameter; it is not

a currency conversion. All 161 operating points are released, and the plotted upper

envelope is a descriptive, outcome-dependent replay summary, not a prospectively selected

deployment policy.
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Fig. 1 EviRoute-DR architecture: direct factual experts and rule-disagreement experts feed a

reliability-conditioned stacker and a cost-adjusted resolution score. Each training case contributes

one executed-action outcome. Non-executed replay outcomes are reserved for evaluation, while

the separate rule prior is an input

5 Production data and evaluation protocol

5.1 Data

The dataset contains 2,100 production cases and seven candidate actions per case, for

14,700 case-action rows. Exactly one action per case is marked as factually observed.

The action set comprises no action, retrieval retry, OCR retry, regeneration, policy review,

human review, and abstention. Pre-decision reliability variables include evidence-channel

missingness and signal conflict; the production decision log also provides a seven-action

score vector.

Using the latest production outcome file, the factual rule disagreement rate is 17.38%

(365/2,100) over executed actions. The score vectors sum to one within numerical toler-

ance, but the executed action is the score argmax in 100% of cases. This observation alone

does not identify the action-generation mechanism. Without documentation of stochastic

selection, we use the values only as production policy scores, not behavior propensities.

Inverse propensity scoring (IPS), self-normalized IPS (SNIPS), classical doubly robust

off-policy evaluation (OPE), and causal policy-value claims are outside the scope of this

paper. Reconstructing a deterministic rule would not create support for actions it never

selects.

5.2 Recorded endpoint, cost, and annotation provenance

The factual endpoint is the binary resolution_success field from the latest production

_potential_outcomes.csv, restricted to rows marked potential_outcome_observed=1.

Each recorded observation end is exactly 24 hours after its decision timestamp. We retain

the final exported success flag, including the 31 executed cases whose recorded outcomes

were corrected by staff through routine operational review (recorded as reviewer overrides),

rather than reconstructing success from the rule prior. These corrections were made during
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ordinary business operations and were not elicited through research-specific recruitment,

surveys, questionnaires, or assigned experimental tasks. The retrospective analysis uses

recorded case outcomes rather than evaluating individual staff performance. The export

does not supply the internal success-adjudication predicate, exact time of resolution, or

an override-policy specification; accordingly, “resolution” denotes this recorded 24-hour

endpoint, not a separately validated measure of case closure or monetary recovery. ESM

2 specifies the source hierarchy and these boundaries.

The routing cost is the panel’s action_cost, which matches cost_v1.total_cost exactly

on all 14,700 case–action keys. In dimensionless utility units,

ci(a) = Li(a) +Ri(a) + Ti(a) +Wi(a) + Ui(a) + Ai(a), (6)

where the stored components represent failure loss, review effort, latency, incorrect routing,

unnecessary intervention, and abstention, respectively. The alternative action_cost

column in the outcome file is all zero and is not used. These components are already

weighted; we do not apply a second set of coefficients or interpret them as dollars. ESM 2

gives their ranges and action-specific terms. They are fixed throughout this analysis, but

the exports do not document when the operational weights were originally chosen.

The rule priors and non-executed replay labels have different roles. The former supply

operational structure to the predictors; the latter score frozen policies only in secondary re-

play. The available metadata identifies contextual annotation using diagnosis, missingness,

and conflict, but does not include its executable construction procedure or independent

validation. The analysis therefore tests performance against the supplied annotation re-

source, not counterfactual ground truth. An analytical annotation-error sensitivity in ESM 2

quantifies the dependence on that resource without altering any factual outcome.

5.3 Splits and leakage controls

The supplied DR development protocol defines 600 factual training cases, 200 validation

cases, and 1,300 held-out test cases. The test set contains a 200-case main test slice and

three additional labelled cohorts: temporal (550), hard (250), and workflow shift (300). No

adjudicated failure class, factual outcome, downstream loss, final-resolution field, or post-

decision result is exposed as a prediction-time feature. The primary factual test uses only

the single observed outcome for each test case. The cohort names are supplied labels, not

evidence of an independently verified forward-time split: the logged decision dates overlap

across partitions. The inputs are supplied as decision-time features; their availability is

an assumption not independently established by per-feature capture timestamps. This

distinction is important because the exported cost vectors are constant within diagnostic

class. The additional ablations, calibration checks, and annotation sensitivity are post-hoc

diagnostics on the same held-out cases, not a new untouched test.
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5.4 Baselines and metrics

We compare the raw rule prior, direct logistic regression, direct random forest, rule-

correction logistic regression, regime-conditioned correction, rule-correction random forest,

and full EviRoute-DR. Primary metrics are area under the receiver operating characteristic

curve (AUC), Brier score, and log loss. Brier score and log loss measure probabilistic

accuracy; neither isolates calibration. Separate diagnostics use 10 equal-width probabil-

ity bins, expected calibration error (ECE), and a logistic calibration intercept and slope,

without recalibrating the test predictions. Paired case bootstraps quantify differences

against the direct baselines. The secondary replay evaluates the full seven-action produc-

tion counterfactual ledger only after model fitting and is labelled separately from factual

evaluation.

6 Results

6.1 Factual held-out prediction

Table 1 reports the primary 1,300-case factual test. EviRoute-DR has the best point

estimate on all three metrics. The improvement over direct logistic regression is clearest in

probabilistic accuracy: Brier score improves by 0.0060 with a paired bootstrap 95% CI of

0.0021–0.0092, and log loss improves by 0.0171 (95% CI 0.0059–0.0273). Against the

random forest, EviRoute-DR improves the point estimates but the paired bootstrap intervals

include zero; we therefore report a modest point-estimate improvement, not established

superiority or equivalence.

Fig. 2 visualizes Brier scores for all primary methods; Table 1 also provides their AUC and

log loss.

The disagreement model itself is learnable: pooled disagreement prediction reaches AUC

0.823 and Brier 0.0986 on factual test rows, while the regime-conditioned variant reaches

AUC 0.814 and Brier 0.0979. This supports predictable rule-error structure conditional

on the supplied context; it does not establish intervention effectiveness for unexecuted

actions.

Across labelled held-out slices, EviRoute-DR has Brier scores of 0.0896 on hard cases,

0.0964 on the main test, 0.0815 on the temporal-labelled cohort, and 0.1061 on workflow

shift. It is strongest relative to both direct baselines on the workflow-shift Brier score and

remains competitive on the other slices; detailed values are provided in Supplementary

Information (ESM 2).

6.2 Calibration diagnostics

The 10-bin ECE is 0.0427 for EviRoute-DR, 0.0452 for direct logistic regression, and 0.0393

for random forest. Joint logistic calibration intercept/slope estimates are 0.240/1.213,
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Table 1: Factual held-out prediction on 1,300 executed production actions. Lower Brier score and

log loss are better.

Method AUC Brier Log loss

Rule prior 0.7875 0.1692 2.3380

Direct logistic 0.9213 0.0971 0.3301

Direct random forest 0.9235 0.0922 0.3185

Rule-correction logistic 0.9074 0.0986 0.3362

Regime-conditioned correction 0.9006 0.0979 0.3361

Rule-correction random forest 0.8968 0.1336 0.4239

EviRoute-DR 0.9262 0.0910 0.3131

0 0.03 0.06 0.09 0.12 0.15 0.18

Rule prior

Direct logistic

Direct random forest

Rule-correction logistic

Regime-conditioned correction

Rule-correction random forest

EviRoute-DR

Brier score (lower is better)

Fig. 2 Primary factual probability quality on 1,300 executed actions. Dots show Brier scores, for

which lower is better. The full model improves the point estimate over both direct baselines; paired

intervals support the logistic comparison but not superiority over random forest
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0.472/1.013, and −0.328/1.120, respectively (ideal: 0/1). These descriptive metrics do

not uniformly favor EviRoute-DR; the lower Brier score should therefore be described as

improved probabilistic accuracy, not uniformly best calibration. ESM 2 includes the exact

definitions, bin counts, and reliability diagram.

6.3 Production counterfactual replay

The separate replay uses the seven-action production counterfactual ledger as an evalua-

tion benchmark. These non-executed alternatives are not reclassified as factual outcomes

and are not used to train the primary models. Fig. 3 shows the upper envelope of the

archived cost-aversion sweep; Online Resource 1 retains all operating points, including

those omitted from that envelope.

At mean cost near 10 units, the interpolated EviRoute-DR replay frontier reaches approx-

imately 0.802 resolution, compared with approximately 0.783 for the rule-prior frontier.

Near 12 units, EviRoute-DR reaches approximately 0.815 versus 0.786 for the rule-prior

frontier. Fixed human review reaches 0.805 resolution at mean action cost 19.5, whereas

fixed abstention reaches 0.756 at mean cost 2.48. These results identify intermediate

operating points in the supplied replay, not proof of superior intervention decisions. Fixed

abstention is a particularly important comparator: its 0.756 replay success rate is the

supplied endpoint annotation, not a convention that abstention automatically resolves a

case. They are descriptive replay results, not causal estimates of deployment impact.

7 Ablations and interpretation

Table 2 isolates the inputs to the meta-learner rather than comparing only standalone

experts. Each reduced model is refit on the same 200 factual meta-training cases using

C = 0.1, then scored on the same 1,300 test cases. “Direct” denotes the logistic and

random-forest factual experts; “corrected” denotes the three disagreement-corrected

experts; “reliability” denotes missingness, conflict, production score, and cost. The “rule

branch” includes all three corrected experts and the raw rule prior. Base expert parameters

are held fixed. These are post-hoc component diagnostics, not additional independent

experiments.

The direct-only stack has Brier score 0.0963; adding reliability and then the raw rule gives

0.0957 and 0.0950. The full model reaches 0.09104, consistent with a contribution from

explicit disagreement correction beyond generic direct-expert stacking. However, the

rule branch plus reliability reaches 0.09101, marginally lower than the full model, while

the full model has the higher AUC and lower log loss. Thus the data do not show that

every component is necessary or that full fusion dominates every reduced model on every

metric. They support a narrower conclusion: correction and reliability supply most of the

probability-quality gain, while the direct branch improves the full model’s discrimination and

log-loss point estimates. No additional component-significance claim is made from these
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point estimates.

Table 2: Matched meta-learner ablations on the same 1,300 factual test cases. All rows use the

same base fits, meta-training cases, standardization, and logistic regularization.

Meta-learner inputs AUC Brier Log loss

Direct-only stack 0.9240 0.0963 0.3344

Direct + reliability 0.9250 0.0957 0.3270

Direct + raw rule + reliability 0.9255 0.0950 0.3249

Direct + corrected experts 0.9175 0.0916 0.3200

Rule branch + reliability 0.9242 0.0910 0.3140

Full EviRoute-DR 0.9262 0.0910 0.3131

A separate sensitivity keeps the routing models fixed and perturbs only assumptions about

unexecuted replay annotations. At a common 12-unit expected cost, cost-bracket mixtures

of archived EviRoute-DR and rule-prior policies differ by 0.0322 in replay resolution. Under

uniform 10% binary-label error confined to unexecuted annotations, the expected gap is

0.0417. Under targeted error affecting at most 1% of the 7,800 unexecuted test annotations,

the worst-case gap can instead reach −0.0207. These are analytical perturbation scenarios,

not measured error rates, new observations, or confidence intervals. They show that the

replay gain is not robust to arbitrary concentrated annotation error; ESM 2 gives the

construction and full sensitivity table.

The factual comparison remains deliberately narrow. EviRoute-DR’s AUC difference versus

random forest is +0.0027, with a paired interval spanning zero. The empirically supported

advance is improved probabilistic accuracy relative to direct logistic learning, small but

inconclusive point-estimate gains versus random forest, structured disagreement prediction,

and a secondary annotation-dependent replay trade-off.

8 Discussion

EviRoute-DR addresses a common operational mismatch: a system may possess dense

action rules but sparse factual outcomes. Naively training on all rule labels confuses

procedural knowledge with observed truth; discarding them entirely ignores useful structure.

Disagreement-reliability learning treats the rule as a fallible prior whose trustworthiness

can be estimated from executed production outcomes.

The method is particularly relevant to multimodal evidence systems because missing

channels and conflicting signals are not generic nuisance variables; they affect whether a

remediation rule is trustworthy. The workflow-shift result is encouraging in this respect, but

independent replication on another deployment is still needed.

The production score log also illustrates why causal terminology must be disciplined.

Although the seven scores resemble probabilities, every logged action is their argmax

and the export does not establish randomized selection. Importance weighting requires
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the actual behavior probabilities and support for the target policy; nonzero model scores

alone do not provide that support. Relabelling a deterministic model score as a propensity

would create an invalid OPE analysis. We instead report factual prediction and a separate

counterfactual replay.

9 Limitations

First, this is a retrospective single-system study. The test cohorts broaden operating

conditions but do not constitute an external organizational replication. Second, only one

action outcome per case is factual; the complete seven-action replay ledger is a production-

derived counterfactual evaluation resource and cannot establish causal intervention effects.

Third, the logs do not establish valid stochastic propensities or target-policy overlap, so

standard IPS/DR policy values are not reported. Fourth, EviRoute-DR’s advantage over a

strong random forest is modest on factual prediction and not statistically decisive in the

paired bootstrap. Fifth, production costs are utility specifications; different organizations

may assign different action-cost trade-offs. Sixth, the internal resolution-adjudication rule,

feature-capture timing, and independent validation of counterfactual annotations are not

supplied; the sensitivity analysis cannot replace those records. Finally, access to raw

production records is restricted, so public reproducibility relies on released code, aggregate

outputs, and protocol descriptions rather than public case-level data.

10 Conclusion

EviRoute-DR reframes evidence remediation as learning under asymmetric feedback:

one factual action outcome, dense but imperfect rule priors, and reliability signals that

indicate when those priors may fail. On 1,300 held-out factual production cases, the

method improves probabilistic accuracy over direct logistic learning and achieves the best

primary-model point estimates, while a reduced rule-branch stack narrowly improves its

Brier score. A separate production counterfactual replay shows a stronger intermediate

cost-resolution frontier. The results support disagreement-aware reliability fusion as a

practical methodological advance while preserving a strict boundary between factual

prediction, counterfactual replay, and causal policy evaluation.

Supplementary materials

ESM 2: Supplementary Information. Endpoint and cost definitions, source hierarchy,

complete factual and slice results, component ablations, calibration diagnostics, and

counterfactual-annotation sensitivity.

Online Resource 1: Code and aggregate results. Executable analysis and figure
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sources, aggregate CSV tables, input hashes, and reproduction checks. No raw case-level

production records are included.

ESM 2: Supplementary operational clarification. Retrospective operational-record

provenance, routine staff corrections, and matching ethics, consent, and data-availability

statements. This companion adds no observations or statistical results.
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