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Abstract

Fine-tuned small language models (SLMs) are
attractive defaults for large-scale structured at-
tribute generation—producing values such as
materials, colors, or dimensions from product
descriptions—as they are inexpensive to serve.
However, a fine-tuned SLM is not reliable ev-
erywhere as its correctness varies sharply, so
deploying it still requires deciding, per output,
whether to keep the SLM’s value or escalate it
to a more capable fallback. The standard pol-
icy applies a single confidence threshold, but
one threshold cannot separate scores on reli-
able tasks from those on unreliable ones, so
it reduces coverage at no gain in quality. We
demonstrate that in a fixed deployment scope,
where the target tasks recur and validation data
is available, a lightweight scope-aware router
using only SLM-side features (token confi-
dence plus task-scope identity) selects risky
predictions far better. Our experiments show
that at a fixed precision target it accepts about
11 points more values than a global confidence
threshold (family-level calibration helps only
marginally). Ablation experiments confirm the
gain comes from task-scope reliability priors
rather than a better confidence transformation.
The router is an 8-feature gradient-boosted tree
that adds negligible inference cost, making a
strong fine-tuned SLM the low-cost tier of a
cascade that optimizes the quality–cost tradeoff
in real production settings.

1 Introduction

Modern large-scale product catalogs are populated
and maintained by language models that generate
structured attribute values—a material, a color, a
numeric dimension—from product descriptions, at
a scale of millions of product-attribute requests
(Nikolakopoulos et al., 2023; Zhang et al., 2025;
Satyadharma et al., 2025; Cheng et al., 2026). To
control cost, these systems are commonly built as
cost-tiered cascades (Chen et al., 2023), where a
small low-cost model handles easy traffic and only

the hardest cases escalate to a more capable, more
expensive model.

Two levers move the quality–cost frontier of
such a cascade. The first is fine-tuning the small
tier: this does much of the heavy lifting, raising
the small model’s accuracy enough to handle a
large share of traffic at the lowest cost. The second,
which this paper studies, is the escalation decision:
even a strong fine-tuned small model (hereafter
SLM) is more reliable on some tasks than others,
so the cascade must still decide, per output, whether
to keep its prediction or escalate to a more capable
model. We fine-tune the small tier and focus our
contribution on the routing layer that decides when
to defer to the more capable model.

The standard escalation rule applies a confidence
threshold: accept high-confidence outputs, escalate
low-confidence ones (El-Yaniv and Wiener, 2010;
Franc et al., 2023), commonly using the SLM’s
own token log-probability as the readily available
confidence signal. This confidence is useful but
incomplete, because it reflects only the output and
not the task it belongs to. We exploit a property of
the production setting: attribute value generation
runs over a fixed deployment scope in which the
target product-type–attribute tasks recur and are
known in advance, with validation data available
for them. A lightweight router can use this by com-
bining task identity with instance-level confidence.

We study this escalation layer on a fine-tuned
Qwen3-4B SLM with larger Qwen models as well
as a cross-family model as escalation targets, on
a large English product-attribute benchmark, and
make three contributions:

1. Scope-aware selection. A lightweight router
using the SLM’s confidence together with task-
scope features selects risky predictions bet-
ter than both global confidence and family-
calibrated confidence (isotonic calibration per at-
tribute family), at fixed operating points (Sec. 5).
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2. Mechanism. A feature ablation shows a learned
scorer using confidence alone recovers the raw
threshold, and the largest gain comes from
adding task-scope features, i.e. which recurring
task an output belongs to (Sec. 6).

3. Action decomposition. We find that the cas-
cade’s escalate action and a suppress alternative
reach different operating points: suppression
raises the precision of emitted values at no fall-
back cost but lowers recall, while escalation
preserves more recall and improves abstention
balance at fallback cost. Different fallbacks ex-
pose different recovery profiles (Sec. 7).

We treat the router as a component of a cascade,
in the established family of simple learned routers
(Ong et al., 2025; Ding et al., 2024), rather than
as a contribution in model design: our contribu-
tion is the empirical finding above, together with a
deployable recipe for using it.

2 Problem Setup

Structured attribute value generation. Each
input x consists of a product context (title, descrip-
tion, specifications) together with target-attribute
metadata, which may include a natural-language
definition, allowed values for closed-set categori-
cal attributes, and formatting or unit constraints for
numeric attributes. For example, given the product
title “Men’s Running Shoe – Black/White, Size 10”
and the target attribute color, the model should
produce Black/White; for the attribute material,
it should abstain, since the material is not stated.
The model produces an output y ∈ Y ∪ {abstain},
where Y is the valid value space for the target
attribute. Abstention is a valid task output: the
correct response when no schema-compliant value
can be produced, covering both inapplicable at-
tributes and values not inferable from the product
information. To avoid ambiguity we write VALUE
for non-abstention predictions and ABSTAIN for
abstention predictions, and call an output correct
when it agrees with the ground-truth label under
the evaluation protocol (Sec. 4). The task spans
five attribute families: boolean, closed-set categori-
cal, numeric with units, numeric without units, and
free text, which differ in schema constraints and
difficulty.

Cascade architecture. We study a two-tier cas-
cade (Figure 1) consisting of a fine-tuned SLM
and a larger fallback model. For each VALUE

prediction the router decides whether to keep it
(emit y as-is) or escalate it to the fallback (emit the
fallback’s output); the fallback is invoked only on
escalated predictions. SLM ABSTAIN predictions
are passed through unchanged (Sec. 4 shows that
routing them is net-neutral), so the router operates
on VALUE predictions only. Escalation is the cas-
cade’s default action on a low-confidence VALUE;
in Sec. 7 we additionally study suppression, which
emits an abstention with no fallback call, as an
alternative action on the same selected predictions.

Deployment scope. We study a recurring produc-
tion setting in which the target set of product-type–
attribute tasks is known in advance and labeled
validation data is available. We use scope in a
concrete, operational sense: the recurring product-
type–attribute task a prediction belongs to—not a
measure of distribution shift or input novelty. At-
tribute value generation is an ongoing process over
a stable, slowly-changing set of attributes, so the
same tasks that appear at training time recur at serv-
ing time on new products. Accordingly, our train,
validation, and test splits cover the same task uni-
verse but disjoint product instances. The router’s
task-scope features are therefore task-scope relia-
bility priors: where confidence asks how sure the
model is about a particular output, task identity cap-
tures how reliable it has been on that kind of task.
We make no claim of cold-start generalization to
tasks unseen during fine-tuning.

Objective and metrics. The central problem is
to design a routing policy that improves output
quality while limiting the fraction of inputs sent
to the fallback. We report VALUE and ABSTAIN
precision, recall, and F1 as the primary metrics,
since the policy actions (suppress, escalate) affect
value emission and abstention behavior differently.
We define coverage as the fraction of VALUE pre-
dictions the router keeps (emits without escalation
or suppression). As the deployment-facing control
knob we expose a target VALUE precision: a selec-
tion operating point calibrated on validation data,
from which coverage and routing rate follow.

3 Method

Confidence score. We use the average token
log-probability of the SLM output, s(y) =
1
T

∑
t log p(yt | y<t, x), computed over all gener-

ated tokens. Higher s indicates greater confidence.
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Figure 1: Scope-aware cascade routing. ABSTAIN predictions bypass the router; the router keeps or escalates each
VALUE prediction.

Confidence baselines. The non-learned base-
lines rank VALUE predictions by a reliability score
and accept the top-coverage fraction. The global
baseline uses the average log-probability directly.
The family-calibrated baseline fits an isotonic map
from confidence to P (correct) per attribute family
on the calibration split. Because a monotone cali-
bration preserves within-family ranking, this base-
line changes the ranking only by making scores
comparable across families (Sec. 5).

Learned router. The router estimates
P (y correct | s(y), z) for a VALUE predic-
tion from SLM-side features only: raw confidence
(average, minimum, and cumulative token
log-probability) and task-identity features z:
product type, attribute, attribute family, and their
compositions (product-type×attribute, and that
×locale, where locale is the catalog’s marketplace).
We use a gradient-boosted tree (LightGBM) with
native handling of the high-cardinality categoricals;
hyperparameters and feature importances are in
App. C. Because it conditions on the SLM output
alone, the choice of fallback is a separate empirical
question, taken up in Sec. 7.

4 Experimental Setup

Data. All results are reported on a held-out En-
glish evaluation set of approximately 408K exam-
ples spanning 4,580 product-type–attribute pairs,
derived from a large e-commerce product catalog.
Ground-truth labels are human-annotated and au-
dited, including the abstention labels, which mark
cases where an annotator judged that no schema-
compliant value applies. The data spans five at-
tribute families (boolean, closed-set categorical,
numeric with units, numeric without units, free
text). To determine correctness we normalize out-

puts and labels and apply a three-stage matching
cascade: exact match, fuzzy (edit-distance) match,
and an LLM equivalence check on the non-exact
residual. We detail it in App. B. An abstention is
scored correct when the ground-truth label is also
an abstention.

Models. The SLM is Qwen3-4B fine-tuned for
attribute generation with LoRA (rank 64, 3 epochs,
∼11M training examples). Fallbacks are Qwen3-
235B-A22B, Qwen3-32B, and the cross-family
Nova Pro, all given the same text input as the
SLM. Standalone model performance is reported
in App. A.

The confidence signal is informative for the fine-
tuned SLM. Fine-tuning also sharpens it: the
VALUE error-detection AUROC of average log-
probability rises from 0.63 for the base SLM to
0.77 for the fine-tuned SLM. We therefore study
the more demanding setting in which confidence
is already a useful error signal and ask whether
routing can improve beyond it.

Splits. Fine-tuning, router training, and evalua-
tion use three instance-disjoint pools over the same
product-type–attribute scope: an ∼11M-example
fine-tuning set and separate validation and test
pools (∼2.5–3M each); no product instance ap-
pears in more than one pool. The router is trained
on SLM VALUE predictions from a ∼400K sample
of the validation pool; cutoffs for all policies (router
and thresholds) are chosen on a 20% held-out cali-
bration split of that sample; the ∼408K test set used
for reporting is sampled from the test pool. Re-
ported confidence intervals are 1000-sample boot-
straps over the test set.

Why route VALUE only. SLM ABSTAINs are
high-precision and few; a diagnostic sweep found
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Figure 2: Selection quality on the fine-tuned SLM: preci-
sion of accepted VALUE predictions vs. coverage. The
learned router dominates global and family-calibrated
confidence at all plotted coverages (AUROCs in leg-
end).

Table 1: Coverage and achieved test VALUE precision
(router vs. global threshold) at matched dev-calibrated
targets.

Global threshold Learned router

Dev target Cov. Test P Cov. Test P

.88 82.7% 0.862 88.5% 0.863

.90 74.6% 0.882 83.0% 0.883

.92 64.6% 0.903 76.0% 0.903

.95 47.4% 0.933 63.2% 0.933

routing them net-neutral (∼2% of routed cases,
negligible effect on system metrics), so we keep
them and route VALUE predictions only.

5 Scope-Aware Selection Beats
Confidence Thresholding

We first ask a selection question, independent of
the action taken: which VALUE predictions should
not be trusted? A scorer ranks predictions by re-
liability and accepts the top-coverage fraction; a
better scorer attains higher precision at any cover-
age. We compare the three SLM-side scorers of
Sec. 3: global confidence, family-calibrated confi-
dence, and the learned router, all calibrated on the
same validation split.

Figure 2 gives the selection result. The learned
router dominates all confidence-based scorers
across the plotted coverage range, with error-
detection AUROC 0.832 [95% CI 0.831–0.834]
versus 0.770 [0.768–0.772] for global confidence
(bootstrap over the test set; Sec. 4). This is a pure
selection gain that identifies which predictions to

Table 2: Feature ablation on the fine-tuned SLM (test
error-detection AUROC). Log-prob stats are average,
minimum, and cumulative token log-probability; task
scope denotes product-type–attribute identity and at-
tribute family.

Scorer / features AUROC

Avg log-prob, threshold (no learning) 0.770
Learned: avg log-prob only 0.769
Learned: log-prob stats 0.797
Learned: log-prob stats + task scope 0.832

Linear (logistic): log-prob stats + scope 0.786

trust, before any action is chosen: at the .92 operat-
ing point the router and the global threshold reach
the same achieved test VALUE precision (0.903 vs.
0.903), yet the router accepts 11.4 pp more VALUE
predictions [95% CI 11.2–11.5], with roughly one-
third less deferral at the same quality. Table 1
shows this holds at every operating point: achieved
test precision matches within 0.1 pp throughout, so
the coverage advantage is not bought by emitting
lower-precision values—at equal test precision the
router simply accepts more. Crucially, calibrating
confidence within attribute families does not close
the gap: family-calibrated confidence reaches only
AUROC 0.78, barely above the global threshold’s
0.77. Why does task identity help? The next sec-
tion localizes the gain.

6 Why It Works: Task-Scope Reliability

Table 2 localizes the gain. A learned scorer given
only confidence recovers the raw-log-probability
threshold (0.769 vs. 0.770), and further log-
probability statistics help only slightly (0.797); the
largest gain comes when task-scope features are
added, raising AUROC to 0.832. The router’s ad-
vantage is thus not a better reading of confidence
but a reliability prior keyed to which recurring task
an output belongs to.

The mechanism is that SLM reliability varies
sharply and predictably by task: across product-
type×attribute pairs, VALUE correctness ranges
from ∼0.63 (10th pct) to ∼0.98 (90th pct), median
∼0.82. This variation is only partly captured by
confidence, as a model can be confidently wrong
on a chronically hard task, so a router that knows
the task can discount confidence where it is unre-
liable. The benefit concentrates on free text (the
majority of predictions) and closed-set categorical
attributes, where confidence is weakest at separat-
ing correct from incorrect, and is small on numeric
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and boolean attributes, where confidence already
works.

The gain also requires using these features non-
linearly: a logistic scorer over the same confidence-
plus-scope features reaches only 0.786 (Table 2),
short of the router’s 0.832—the router learns a
confidence×task interaction a linear model cannot.
The router’s advantage over confidence threshold-
ing also holds at nearby fine-tuning checkpoints
(App. D).

Robustness to catalog refresh. Does a router
calibrated once stay useful as the catalog is re-
freshed within the same scope? Applying the
same validation-selected operating points, with-
out recalibration, to a fresh catalog pull (159,491
slots, 3,210 product-type–attribute pairs, collected
later) preserves the quality–coverage dial under a
reference-free LLM judge: stricter points accept
fewer VALUE predictions at higher judged correct-
ness, monotonically (App. E); the .90 point, for
instance, accepts 74.5% at 75.3% judged correct-
ness. The learned ranking is thus not tied to the
original product instances.

Robustness across languages. While the main
study is on English, we find that training the identi-
cal router recipe on the English scope augmented
with four European languages (German, French,
Spanish, and Italian) reproduces the selection gain
in every language: error-detection AUROC of 0.81–
0.84 for the router versus 0.76–0.79 for raw con-
fidence, and a +10 to +12 pp coverage advantage
at matched test precision (App. F). Pooling the
additional languages leaves the English result un-
changed (router AUROC 0.832).

7 Suppress and Escalate Optimize
Different Operating Points

The router decides which risky VALUE predictions
to act on (Sec. 5); a separate, orthogonal choice
is what action to take on that selected set. We
compare two actions on the identical selected set:
escalate (defer the value to a fallback model, the
cascade’s default) or suppress (withhold the value
and emit an abstention, scored in the ABSTAIN
metrics, with no fallback call). Table 3 shows they
optimize different operating points.

Suppression is a precision-gating action. With-
holding the router-selected values raises emitted-
VALUE precision the most—to 0.903 at the P=.92
operating point—at no fallback cost, but it lowers

VALUE recall (those inputs emit no value) and, by
converting values to abstentions, trades abstention
precision for abstention recall.

Escalation is a recovery action. Sending the
selected values to a fallback recovers VALUE re-
call relative to suppression (it can return a value
rather than nothing), though recall stays below
the no-routing SLM (0.856 vs. 0.907 at P=.92),
since these are the hardest cases. Because the fall-
back is no oracle, escalation also does not raise
precision as aggressively as suppression. The
two same-family fallbacks expose different recov-
ery profiles: at P=.92 Qwen3-235B gives higher
VALUE precision (0.835 vs. 0.809) and abstention
recall (0.565 vs. 0.484), while the smaller Qwen3-
32B gives higher abstention precision (0.750 vs.
0.640); across targets the 235B holds VALUE pre-
cision roughly flat while the 32B’s declines. Fall-
back choice is thus a choice over recovery pro-
files, not determined by model size alone. To test
whether the ceiling is a same-family artifact, we
also escalate to a cross-family fallback (Nova Pro;
App. G, VALUE F1 0.839, ABSTAIN F1 0.586
at P=.92). Neither a different family nor greater
scale substantially raises the ceiling here, consis-
tent with these being intrinsically hard cases that
no same-information fallback recovers, pointing to
complementary evidence (e.g. product images or
retrieval) rather than a different model.

These actions sit at different points on the cost
axis. Suppression adds no inference cost. Escala-
tion cost scales with the escalated fraction: the 32B
and 235B fallbacks cost roughly 14× and 20× the
SLM per call (≈$12, $162, and $238 per million
inferences).1 At P=.92, escalation touches 24%
of VALUE predictions (≈22% of all traffic), so
the fallback premium applies to that fraction rather
than to total volume. A deployment can thus pick
the action and the fallback that match its precision,
recall, and budget priorities.

Deployment and integration. The router drops
into an existing cascade rather than changing it:
at serving time it is a single tree-ensemble evalua-
tion running in-process on CPU, negligible next to
SLM generation, with no GPU and no extra service
call. The features it needs are already at the deci-

1Estimated from Amazon Bedrock’s publicly listed prices
at 1000 input / 20 output tokens: the 4B SLM uses Custom
Model Import pricing (one model unit at 80 req/s); the fall-
backs use on-demand token pricing. These are operating-point
comparisons under common assumptions; realized cost varies
with region, throughput, token counts.
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Table 3: Suppress vs. escalate on the same router-selected predictions at P=.92 (test). Dev target is the validation-
calibrated precision target, not achieved test precision (VALUE P). Full grid: App. G.

Dev target Policy acted-on % VALUE P VALUE R VALUE F1 ABSTAIN P ABSTAIN R ABSTAIN F1

— FT SLM (no routing) 0.0 0.807 0.907 0.854 0.875 0.369 0.519

.92
Suppress 24.0 0.903 0.771 0.832 0.435 0.732 0.546
Escalate→235B 24.0 0.835 0.856 0.845 0.640 0.565 0.600
Escalate→32B 24.0 0.809 0.871 0.839 0.750 0.484 0.588

sion point—confidence statistics from the SLM’s
generation output, and task identity from request
metadata—so integration adds one predicate to the
cascade’s escalation trigger. The threshold is the
deployment knob: the quality–cost point can be
moved without retraining either model, though it
should be re-selected on fresh validation data as
the catalog drifts.

8 Related Work

Routing and cascading for LLMs. Multi-model
inference balances quality and cost by assigning in-
puts to models of different capacity: routing makes
a pre-generation model choice from query-level
signals (Shnitzer et al., 2023; Ong et al., 2025;
Ding et al., 2024), while cascading decides post-
generation whether to accept an output or invoke
another model (Chen et al., 2023; Shankar et al.,
2026; Nie et al., 2024; Mansoori et al., 2026), with
recent work combining both (Dekoninck et al.,
2025). We operate within the cascading paradigm,
but study structured generation where the output
may be a schema value or an abstention, and ask
which features of the first-stage output best predict
when to defer.

Confidence signals and calibration. Token-
level log probabilities and derived confidence
scores are a common, readily available signal
for post-generation cascade decisions, including
confidence-thresholded model and task cascades
(Shankar et al., 2026); learned quality estimators
may instead use logit-derived features such as
perplexity and logit quantiles (Dekoninck et al.,
2025). Calibration studies show that aggregate con-
fidence is often miscalibrated (Guo et al., 2017;
Nixon et al., 2019) and that sequence likelihood
is misaligned with semantic correctness (Kumar
and Sarawagi, 2019; Jiang et al., 2021), motivating
many alternatives to average log-probability—self-
evaluation, contextualized likelihood, sampling-
based consistency, and ensembles, among others
(Malinin and Gales, 2021; Kadavath et al., 2022;
Manakul et al., 2023; Vashurin et al., 2025). Our

finding is related to subgroup calibration and mul-
ticalibration (Hébert-Johnson et al., 2018; Detom-
maso et al., 2024), which argue that reliability
should be calibrated over meaningful subpopula-
tions rather than only globally; our setting dif-
fers in using such task-scope structure for the
post-generation keep/escalate decision in an LLM
cascade, and we find (Sec. 5) that calibrating
confidence within attribute families helps only
marginally—the gain comes from using task iden-
tity as a feature rather than from recalibrating confi-
dence within subgroups. Thus, rather than propos-
ing a new confidence score, we show that within a
fixed deployment scope the task scope of a predic-
tion supplies deferral signal that confidence alone
does not, and that a learned router can exploit the
two jointly.

Selective prediction and learning-to-defer.
Confidence-based accept/defer decisions are
formalized in selective prediction and reject-option
learning (El-Yaniv and Wiener, 2010; Franc et al.,
2023) and in learning-to-defer (Madras et al., 2018;
Mozannar et al., 2023); abstention has separately
been studied as an LLM reliability mechanism
(Wen et al., 2025; Kirichenko et al., 2025). Our
setting differs in two ways: abstention is itself
a task output, so the policy must distinguish a
genuine abstention from a confidence-based sup-
pression; and the deferral decision is single-shot
and supervised by an observed correctness label,
which we model with a simple discriminative
router rather than a sequential or decision-theoretic
controller (Sikeridis et al., 2024; Aggarwal et al.,
2024).

9 Conclusion

We show a practical recipe for fine-tuned-SLM cas-
cades: fine-tune, calibrate a scope-aware router on
validation data, then choose the action and fallback
that fit the precision, recall, and cost target.

We demonstrate that a lightweight scope-aware
router selects risky VALUE predictions better than
confidence thresholding, with the gain coming
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from task-scope reliability priors rather than a bet-
ter confidence transform. We further show that sup-
pressing versus escalating the selected set, and the
choice of fallback, expose distinct operating points
a deployment can pick to optimize the quality–cost
tradeoff.

Limitations

We study the routing decision in isolation and of-
fline: we report selection quality, operating-point
trade-offs, and relative serving cost, but end-to-end
serving throughput and a live or A/B deployment
are out of scope. The study is likewise scoped to a
single task (attribute-value generation) and a single
SLM family (Qwen), though we demonstrate mul-
tiple fallback models including an out-of-family
one. We also do not benchmark a single mid-sized
distilled model as an end-to-end alternative to the
cascade; such a model would fit naturally as the
cheap tier, with the same deferral question apply-
ing on top, and comparing the two is left to fu-
ture work. The headline analysis is on English/US-
marketplace data; however, App. F shows the selec-
tion result extends to four additional European lan-
guages (German, French, Spanish, Italian). By de-
sign the router exploits within-scope task reliability
and we make no claim that it generalizes to product-
type–attribute pairs unseen during fine-tuning, i.e.
the cold-start case. A new deployment scope re-
quires rerunning the fine-tune/calibrate/deploy pro-
cedure on data for that scope. Finally, cost ratios
depend on token-size and serving assumptions but
remain valid operating-point comparisons.
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Table 4: Standalone models on the test set (VALUE and
ABSTAIN precision/recall).

Model VALUE P VALUE R ABSTAIN P ABSTAIN R

Base SLM 0.688 0.749 0.511 0.299
Fine-tuned SLM 0.807 0.907 0.875 0.369
Qwen3-32B 0.710 0.751 0.515 0.377
Qwen3-235B 0.753 0.677 0.389 0.573
Nova Pro 0.708 0.754 0.504 0.351

A Standalone Model Performance

Table 4 reports the standalone test-set performance
of the SLM and fallbacks. Fine-tuning lifts VALUE
precision and recall well above the base SLM; the
fallbacks, applied alone, do not dominate the fine-
tuned SLM—the 235B trades higher abstention
recall for lower VALUE recall, while the 32B and
the cross-family Nova Pro land below the SLM on
VALUE—so they are complementary on the routed
hard subset (Sec. 7), not standalone replacements.

B Gold-Set Evaluation Protocol

All primary results are scored against human-
annotated, audited labels. A prediction is judged
correct through a three-stage matching cascade ap-
plied identically to every model and policy:

1. Exact match. The prediction and the gold
value set are lowercased and compared; a pre-
diction found in the gold set is correct.

2. Fuzzy (edit-distance) match. After remov-
ing stopwords and punctuation, we compute
a token-sorted edit-distance similarity (rapid-
fuzz token_sort_ratio, on a 0–100 scale)
between the prediction and the gold value.
A prediction that is not an exact match but
scores above 90 is credited as correct, absorb-
ing word-order, spacing, and minor spelling
differences.

3. LLM synonym fallback. Predictions that
are not exact matches are sent to a frontier
instruction-tuned LLM, prompted to decide
whether the prediction is the same as or se-
mantically equivalent to the gold value.

Stages 1–2 are deterministic and resolve 72% of
the fine-tuned SLM’s VALUE predictions; the re-
maining 28% (105,973 of 378,115; non-exact, non-
abstention predictions) are adjudicated by the LLM.
Because stages 1–2 are deterministic and the same
judge prompt is applied identically to every model
and policy, any judge error is shared across systems

and largely cancels in the relative comparisons that
carry our claims; it bears on absolute accuracy, not
on the router-vs-baseline gap.

Caveats of the scoring protocol. The fuzzy-
match threshold is a heuristic and can occasion-
ally credit a near-miss that changes meaning, or
pass a borderline case to the LLM. The LLM syn-
onym fallback has its own error. Labels are single-
reference, so a prediction that is correct but phrased
differently from the recorded gold value may be
undercredited if the fallback does not recognize
it. We do not separately quantify the LLM judge’s
agreement with human annotators on the residual it
scores. We apply the protocol uniformly across sys-
tems, so relative comparisons are less sensitive to
scorer choice than absolute accuracy, though scorer
errors remain a limitation.

C Router Configuration

The router is a LightGBM gradient-
boosted tree: 400 trees, num_leaves = 31,
min_data_in_leaf = 500, learning rate 0.05,
feature_fraction = bagging_fraction = 0.8,
ℓ2 regularization 1.0. It takes eight features: three
raw confidence statistics (average, minimum,
and cumulative token log-probability) and five
task-identity categoricals—product type, attribute,
attribute family, product-type×attribute, and
product-type×attribute×locale—handled natively
by LightGBM’s categorical splits (no one-hot
encoding); unseen categories at test time are routed
by LightGBM’s default branch. The router is fit on
the SLM’s validation-set VALUE predictions with
label ⊮[correct]; accept thresholds are chosen on a
20% calibration split to meet each target VALUE
precision (Sec. 3).

By gain importance, the dominant features are
average log-probability and product-type×attribute
(co-dominant: 338K and 327K), followed by mini-
mum log-probability (110K), product type (89K),
product-type×attribute×locale (86K), attribute
(78K), cumulative log-probability (54K), and at-
tribute family (11K). That product-type×attribute
rivals confidence—while attribute family alone con-
tributes little—is consistent with the ablation (Ta-
ble 2): the signal is the specific recurring task, not
its coarse family.

D Checkpoint Robustness

The headline results are reported at our main 3E
checkpoint, which we treat as a representative point
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in this saturated region rather than a loss-optimal
one. Table 5 repeats the analysis at nearby fine-
tuning checkpoints, each router trained on its own
checkpoint’s validation predictions and evaluated
on its own test set with the identical recipe. Two
things hold across checkpoints. First, standalone
fine-tuned quality is essentially saturated: VALUE
and ABSTAIN precision/recall barely move from
2E to 4E, so the checkpoint choice is not a sen-
sitive quality lever. Second, the router improves
error-detection AUROC over raw confidence by a
consistent margin (router AUROC drifts slightly—
0.833/0.832/0.828 at 2E/3E/4E—while its cover-
age advantage at the .92 target holds at ∼10–12
points), so the routing benefit is stable rather than
specific to 3E.

E Fresh-Catalog Robustness Check

To test that the calibrated operating points remain
useful as the catalog is refreshed, we draw a fresh
catalog pull from the same product-type–attribute
scope, collected later, comprising 159,491 evalu-
able slots across 3,210 product-type–attribute pairs.
We apply the router and the validation-selected
operating points unchanged—no recalibration, no
re-fitting—and route VALUE predictions exactly
as in the main experiments.

Unlike the primary evaluation (App. B), which
scores against human-annotated labels, this pull has
no gold labels. We therefore score each accepted
VALUE prediction with a reference-free judge—
the same frontier LLM as in App. B, but given the
product context, the target-attribute definition, and
the predicted VALUE instead of a gold label. It
marks a value correct if the context states it, an
equivalent of it, or reasonably implies it (e.g. from
product type or material), and incorrect if the value
contradicts the context or makes an unsupported
specific claim. Judged correctness is the fraction of
accepted VALUE predictions the judge marks cor-
rect. This is a label-free automated proxy—distinct
from, and weaker than, the gold-anchored proto-
col used for our main results—so we use it only
to check that the operating points preserve the ex-
pected quality–coverage ordering on newly sam-
pled items, not to report absolute accuracy.

Table 6 reports the result for the FT (3E) router
across four dev-calibrated operating points. The
pattern is monotone and matches the labeled-test
behavior: tightening the target lowers coverage and
raises judged correctness. Coverage at a given tar-

get differs from the labeled test set (e.g. 74.5% vs.
83.0% at .90) because the fresh pull has a differ-
ent score distribution, so the same dev-calibrated
threshold accepts a different fraction; the point
here is the preserved monotonic ordering, not the
absolute coverage. The calibrated dial therefore
transfers to fresh catalog data without re-tuning.

F Robustness Across Languages

The headline study is on English. To test whether
scope-aware selection is specific to that language,
we train the identical router recipe (same fea-
tures, hyperparameters, and calibration procedure)
on the English scope augmented with four Euro-
pean languages—German, French, Spanish, and
Italian—pooled into one router. Each language cor-
responds to one regional marketplace (US/English,
Germany/German, France/French, Spain/Spanish,
Italy/Italian); the router sees this only through
the locale component of its task-identity features
(Sec. 3), not as an explicit language input. Train,
validation, and test pools are instance-disjoint, as
in the main study: the pooled router is trained
on ∼1.0M validation-set VALUE predictions (En-
glish plus the four languages) with a 20% cali-
bration split for threshold selection, and evaluated
on held-out per-language test sets ranging from
roughly 100K to nearly 400K VALUE predictions
each. Per language we report error-detection AU-
ROC and, with each language calibrated to its own
dev .92 VALUE-precision target, the coverage and
achieved test VALUE-precision of the router ver-
sus the raw-confidence threshold (Table 7). Non-
English labels are scored by the same three-stage
matching protocol (App. B); the LLM judge’s ac-
curacy may vary across languages, but since the
router-vs-confidence comparison within each lan-
guage uses the same labels for both scorers, any
such variation cancels in the within-language gap
we report.

The selection gain replicates in every language:
the router improves error-detection AUROC over
raw confidence by about 0.05–0.06 throughout,
and at matched test precision accepts 10–12 pp
more VALUE predictions than the confidence
threshold. On this pooled router the English row
reproduces the headline AUROC of 0.832 (Sec. 5);
its coverage figures differ from Table 1 by un-
der 1.5 pp because thresholds here are selected on
the pooled calibration split. Adding the other lan-
guages therefore leaves the English scope essen-
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Table 5: Checkpoint robustness (test set). Standalone fine-tuned VALUE/ABSTAIN precision and recall are
flat across checkpoints; the router’s error-detection AUROC and its coverage advantage over confidence at the
dev-calibrated .92 operating point are stable. 3E (our main checkpoint) is a representative point in this saturated
region, not a loss-optimal one.

VALUE ABSTAIN Error-det. AUROC Coverage @ dev .92

Checkpoint P R P R Confidence Router Confidence Router

2E 0.804 0.906 0.876 0.357 0.768 0.833 63.8% 75.8%
3E 0.807 0.907 0.875 0.369 0.770 0.832 64.6% 76.0%
4E 0.808 0.908 0.874 0.373 0.771 0.828 67.6% 77.6%

Dev op. point Coverage Judged corr.

.95 53.4% 78.9%

.92 66.5% 76.7%

.90 74.5% 75.3%

.88 81.5% 73.9%

Table 6: Fresh-catalog robustness (FT 3E router).
Validation-selected operating points applied without re-
calibration to a fresh catalog pull (159,491 slots, 3,210
product-type–attribute pairs; 117,867 VALUE predic-
tions), scored by a reference-free LLM judge. Coverage
= accepted VALUE / all VALUE; judged correctness =
judge-correct / accepted VALUE. The quality–coverage
ordering is preserved.

tially unchanged.

G Full Suppress/Escalate
Operating-Point Grid

Table 8 reports the complete suppress-vs-escalate
grid across all four dev-calibrated VALUE-
precision targets (0.88–0.95); the main text (Ta-
ble 3) shows the 0.92 operating point. All numbers
are on the test set, computed with the same scorer
applied to each policy’s constructed final prediction.
“Dev target” is the validation-calibrated selection
threshold, not achieved test precision.
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Table 7: Robustness across languages (test set). One router trained on English+4 European languages, evaluated per
language; each language is calibrated to the dev .92 VALUE-precision target. AUROC is VALUE error-detection. At
matched test precision the router accepts more VALUE predictions than the confidence threshold in every language.

Error-det. AUROC Coverage @ dev .92 Achieved test P

Language Confidence Router Confidence Router Confidence Router

English 0.770 0.832 65.9% 76.2% 0.900 0.903
German 0.764 0.810 58.1% 68.6% 0.900 0.897
French 0.773 0.828 55.4% 67.2% 0.908 0.906
Spanish 0.778 0.836 63.4% 74.7% 0.908 0.906
Italian 0.787 0.841 62.9% 74.7% 0.916 0.913

Table 8: Full operating-point grid: suppress vs. escalate at dev VALUE-precision targets 0.88–0.95 (test set).
Acted-on % is the fraction of VALUE predictions selected (suppressed or escalated). The same router selection is
applied throughout.

Dev tgt Policy acted-on % VALUE P VALUE R VALUE F1 ABSTAIN P ABSTAIN R ABSTAIN F1

— FT SLM (no routing) 0.0 0.807 0.907 0.854 0.875 0.369 0.519

.88

Suppress 11.5 0.863 0.859 0.861 0.571 0.586 0.578
Escalate→235B 11.5 0.830 0.888 0.858 0.735 0.494 0.591
Escalate→32B 11.5 0.815 0.894 0.853 0.812 0.444 0.574
Escalate→Nova Pro 11.5 0.815 0.894 0.853 0.812 0.444 0.574

.90

Suppress 17.0 0.883 0.823 0.852 0.499 0.656 0.567
Escalate→235B 17.0 0.834 0.875 0.854 0.687 0.529 0.598
Escalate→32B 17.0 0.813 0.885 0.847 0.783 0.463 0.582
Escalate→Nova Pro 17.0 0.813 0.885 0.848 0.785 0.462 0.581

.92

Suppress 24.0 0.903 0.771 0.832 0.435 0.732 0.546
Escalate→235B 24.0 0.835 0.856 0.845 0.640 0.565 0.600
Escalate→32B 24.0 0.809 0.871 0.839 0.750 0.484 0.588
Escalate→Nova Pro 24.0 0.809 0.872 0.839 0.754 0.480 0.586

.95

Suppress 36.9 0.933 0.662 0.774 0.356 0.840 0.500
Escalate→235B 36.9 0.832 0.821 0.826 0.578 0.612 0.595
Escalate→32B 36.9 0.799 0.847 0.822 0.704 0.509 0.591
Escalate→Nova Pro 36.9 0.799 0.848 0.822 0.708 0.504 0.589
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