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Abstract

Is a compact LLM verifier cost-effective for
closed-label emotion classification when a su-
pervised encoder is already available? We for-
mulate inference-time escalation as cost-aware
selective routing: an encoder predicts first, and
only uncertain examples (via confidence, dis-
agreement, or novelty gates) may be forwarded
to a verifier. We run a Pareto search over thresh-
olds and seven verifier slots, including zero-
shot Qwen3.5-4B, LoRA-tuned Qwen, voting,
self-consistency, MultiAgentESC-style routing,
heterogeneous voting, and a second encoder.
Across three-seed RoBERTa experiments, De-
BERTa robustness checks, and an additional
Russian XLM-R diagnostic, no compact-LLM
verifier improves the high-quality low-cost fron-
tier. The mechanism is a selection effect: en-
coder gating forwards a conditional slice on
which compact LLMs perform no better than
the encoder itself, or substantially worse, eras-
ing any standalone LLM advantage. Encoder-
only gating, split-conformal acceptance, and a
small RoBERTa ensemble are strictly prefer-
able alternatives.

1 Introduction

LLM-based multi-agent systems increasingly use
compact language models as verifiers to correct
supervised models, trading inference cost for qual-
ity (Chen et al., 2024a; Yuan et al., 2025; Zhang
et al., 2025a), yet agentic workflows can incur sub-
stantial overhead relative to strong single-agent
baselines (Xu et al., 2026). This raises a ba-
sic question: when a supervised encoder is al-
ready available, does a compact LLM actually
improve the cost-quality frontier? We study it
in closed-label emotion classification (Demochk-
ina and Savchenko, 2021; Lapokin and Savchenko,
2026; Mozikov et al., 2024a; Zhang et al., 2025b),
where the label space is small and the encoder
can be trained directly on task data. By compact,

we mean inference-time verifiers in the 3-4B pa-
rameter range, motivated by their intended role
as low-overhead correction models. The answer
is not obvious: compact LLMs can exploit label
descriptions and general linguistic knowledge with-
out supervised training, while a supervised encoder
has a strong inductive advantage on a fixed label
set. We hypothesize that the uncertainty gate itself
changes this comparison. An encoder forwards pre-
cisely the examples on which it is uncertain, but
encoder uncertainty need not coincide with LLM-
correctability. Thus, an LLM that is useful as a full-
coverage classifier may provide little or no benefit
on the conditional slice selected for verification.

We formalize verification as cost-aware selective
routing: the encoder predicts first, and only uncer-
tain examples may be abstained from or forwarded
to an optional verifier, with NSGA-II searching
over confidence functions, thresholds, and seven
verifier configurations. So that the answer cannot
hinge on one trigger, every verifier is re-evaluated
under six alternative escalation gates and an er-
ror oracle. Our experiments reveal a consistent
selection effect. Across three encoder seeds, two
encoder families, two LLM families, and multiple
verifier designs, no compact LLM improves the
high-quality, low-cost frontier: on the forwarded
slice, the best compact verifier ties the encoder and
the rest are substantially worse. That slice is en-
riched for ambiguous, minority-class, and novel
examples, where encoder and verifier errors track
human annotation agreement. Scaling the verifier
from 4B to 397B parameters does not close the
gap, indicating that the limitation is conditional
task alignment rather than simply model capacity.

This paper makes three contributions1. First,
we formulate compact-LLM verification as a cost-
aware selective-routing problem, explicitly placing

1Code, cached verifier predictions and frozen splits
are available at https://github.com/tikhomirovd/
selective-emotion-classification.
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abstention and LLM escalation in competition. Sec-
ond, we establish a robust negative result across
encoder seeds, model families, verifier designs, and
routing gates: compact LLM verifiers do not im-
prove the high-quality, low-cost frontier when an
in-domain supervised encoder is available. Third,
we identify the mechanism behind this result: un-
certainty gating selects a conditional slice charac-
terized by ambiguity and novelty on which same-
taxonomy LLM verifiers provide little information.

The rest of the paper is organized as follows.
The proposed framework is presented in Section 2.
Main experimental results are discussed in Sec-
tion 3. Our mathematical notation is summarized
in Appendix A. Related works are discussed in
Appendix B. Appendix C contains details of ex-
perimental settings, while additional experimental
results are presented in Appendix D.

2 Methodology

We formulate inference-time verification as a cost-
aware selective-routing problem. Given a fine-
tuned encoder, each input is either accepted using
the encoder prediction, abstained on, or forwarded
to a verifier. We search over confidence rules,
thresholds, and verifier choices to test whether com-
pact LLM verification improves the Pareto frontier.

Routing procedure. Let fθ produce logits ℓ ∈
RK over a closed Ekman-style (K = 7) emotional
label set (Ekman, 1972). We obtain temperature-
scaled probabilities p = softmax(ℓ/T ), where
temperature T is fitted on the validation set. This
calibration is used to separate uncertainty estima-
tion from the arbitrary scale of the raw softmax
outputs (Guo et al., 2017). Calibration diagnos-
tics before and after scaling are detailed in Ap-
pendix C.6.

Next, we define the encoder prediction as

ŷ = argmax
y

py, (1)

and compute a confidence score γ = ϕ(p) ∈ [0, 1]
using one of three standard functions: the prob-
ability margin (p(1) − p(2)), the maximum prob-
ability (p(1)), or the entropy-based confidence
(1 − H(p)/ logK). We include all three in the
search rather than selecting one a priori; the margin
score is selected most often and is analyzed further
in Appendix D.11.

For a confidence-specific threshold θc ∈
[0.30, 0.99], examples from the accepted set Ac =
{x : γ(x) > θc} are accepted and assigned the

Encoder
fθ(x)

Confidence
γ = ϕ(p)

γ > θc?

Accepted set Ac

return ŷ

Forwarded set Rc

verifier g or abstain ⊥

yes

no

Conformal alternative: accept ŷ iff S(x) = {y : py ≥ 1 − q̂} is a singleton;
otherwise abstain

Figure 1: Selective routing with an optional compact
LLM verifier. The encoder first produces a prediction
and confidence score. Examples above the threshold
form the accepted set Ac and use the encoder prediction;
the remaining examples form the forwarded set Rc and
are either abstained on or passed to one verifier. The
gray lane shows the split-conformal alternative to the
heuristic confidence gate.

encoder prediction ŷ. This is the standard selective-
prediction routing mechanism (Chow, 1970; El-
Yaniv and Wiener, 2010).

Examples with γ ≤ θc form the forwarded set
Rc. They are either abstained on or passed to one
of the candidate verifiers gc, with gc = ∅ corre-
sponding to abstention without verification.

Figure 1 summarizes the resulting routing pro-
cess. It consists of three decisions. First, the
encoder produces a calibrated confidence score.
Second, examples whose confidence exceeds the
configuration-specific threshold are accepted di-
rectly. Third, the remaining examples are either
abstained on or forwarded to a verifier.

Verifier space. We consider seven verifier
configurations, chosen to test complementary hy-
potheses about whether a second prediction can
improve the uncertain examples: 1) Zero-shot
Qwen3.5-4B, testing generic compact-LLM capa-
bility; 2) LoRA-tuned Qwen, testing whether task
supervision improves verification; 3) k = 3 vot-
ing, testing whether multiple LLM predictions im-
prove reliability; 4) k = 5 self-consistency, test-
ing whether sampling variance is a limiting fac-
tor; 5) Heterogeneous-role voting, testing whether
complementary roles provide useful diversity; 6)
MultiAgentESC-style routing, testing whether ex-
plicit multi-agent structure adds value; and 7) A
second encoder, providing a non-LLM control for
whether a second opinion helps independently of
LLM capabilities. Two further verifiers enter in
Appendix D.7 as robustness checks rather than as
search candidates: another LLM (Gemma3-4B)
and a size ladder over one generation of Qwen.

Each verifier may also abstain rather than re-
turn a label. We additionally include gc = ∅ as
an eighth, zero-cost option, corresponding to ab-
stention without verification. This asks whether an
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additional verifier improves the uncertain examples
relative to abstaining.

Cost-quality optimization. Each configuration
c = (ϕ, θc, g, T ) specifies a confidence function,
acceptance threshold, verifier slot, and temperature
setting (T ). We optimize the three-objective vector

F(c) = (F1,acc(c),Cov5%(c),− cost(c)) , (2)

where F1,acc is macro-F1 on the accepted set Ac,
cost(c) is the cost of configuration (see next para-
graph), and Cov5% is the fraction of examples ac-
cepted while satisfying a 5% empirical error con-
straint on the accepted set. We set Cov5% = 0
when this constraint is violated.

The coverage constraint prevents a degenerate
router from achieving high accepted-set F1 by ac-
cepting examples without maintaining a sufficiently
low error rate. It therefore focuses the search on
configurations that are both accurate and useful at
their claimed coverage.

NSGA-II is used to enumerate the Pareto-
optimal configurations rather than selecting a single
threshold manually, allowing us to compare escala-
tion against abstention under the same cost-quality
objective. Thus, the search exposes the full cost-
quality frontier.

Cost model. For the search, we use a normalized
cost model (cost(c) in Eq. 2) in which one encoder
call costs 1.0, confidence computation costs 0.1,
and one compact-LLM call costs 10.0, with each
cost weighted by its empirical call rate.

This proxy deliberately underprices LLM in-
ference relative to the measured deployment cost.
On the machine used for our experiments, one
compact-LLM call costs 70-102× an encoder for-
ward, while a multi-call committee costs 735-
1232× (Table 5 in Appendix D.1). Consequently,
the proxy is favorable to LLM verifiers: if they fail
to reach the Pareto frontier under the 10× proxy,
increasing their cost to the measured ratios cannot
make them more competitive.

Importantly, our rejected-slice analysis is inde-
pendent of this cost model, directly comparing ver-
ifier and encoder accuracy on the same forwarded
set Rc to separate the selection effect from the
inference-cost argument. Remaining hyperparame-
ters are in Appendix C.

Split-conformal alternative. The threshold-
based gate provides an empirical accepted-error
constraint, but this guarantee need not transfer from
validation to test data. We therefore evaluate split-
conformal prediction as a principled alternative to

the heuristic confidence threshold (Angelopoulos
and Bates, 2023).

On a calibration set, we compute the noncon-
formity scores si = 1 − pyi and let q̂ be the
⌈(n+1)(1−α)⌉-th smallest calibration score. For
a new example x, the conformal prediction set is

S(x) = {y : py ≥ 1− q̂}. (3)

We accept the encoder prediction only when
S(x) is a singleton; otherwise, the example is ab-
stained on. This provides a distribution-free alter-
native to threshold-based selective prediction and
tests whether our conclusions depend on the partic-
ular choice of confidence threshold.

The methodology separates three questions:
which examples should be accepted, whether an ad-
ditional verifier improves the remaining examples,
and whether that improvement justifies its inference
cost. Section 3 uses this framework to determine
whether compact LLM verification improves the
practical Pareto frontier.

3 Experiments

We use three datasets collapsed to Ekman-7 labels:
GoEmotions (GE) (Demszky et al., 2020), Empa-
theticDialogues (ED) (Rashkin et al., 2019), and
Russian CEDR (Sboev et al., 2021). Datasets, la-
bel mappings, encoder backbones (RoBERTa-base,
XLM-R-base, DeBERTa-v3-base), the LLM base-
lines and the non-LLM k=3 RoBERTa ensemble,
and the evaluation metrics are specified in Ap-
pendix C.

Main Results. Table 1 gives the central com-
parison. On GoEmotions, the encoder-first router
reaches 0.828±0.003 accepted-set macro-F1 at
22.6±0.4% coverage with no LLM calls, while the
validation-selected 5% empirical-risk gate lets ≈
8.7% accepted error through on test, motivating the
conformal alternative. Every full-coverage LLM
system underperforms the encoder there while
costing 70-1232× more per example (per-system
numbers: Appendix D.2), and a k=3 RoBERTa
ensemble at 3× cost reaches F1 = 0.659 on
its unanimous-accept subset (87.5% coverage): a
stronger low-cost non-LLM alternative than any
k ≥ 3 LLM committee we tried.

ED is the boundary of the claim rather than an in-
stance of it: its encoder is the GoEmotions-trained
RoBERTa applied zero-shot, scores 0.493±0.004,
and is beaten standalone by 7-shot Qwen (0.558).
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Table 1: Main quality-cost comparison. Block 1: full-coverage systems, which label every example and anchor
each component’s standalone quality. Block 2: selective routers, which may abstain or escalate; each row is one
configuration of the search space of Section 2 (full front: Fig. 3 in Appendix D.2). Block 3: the split-conformal rule
we recommend instead of escalation. Enc./LLM: model calls per example. Rel.lat.: measured wall-clock per example
relative to one encoder forward (Table 5 in Appendix D.1). F1,full/F1,sel: macro-F1 over all/accepted examples. Bold
marks the best value in each quality column, per dataset; Coverage and the cost columns are not marked, because
for them more is not better: coverage trades against F1,sel and is read together with it. F1,full is left as “–” wherever
the row’s full-coverage stream is the Block 1 encoder itself: abstention never overrides an encoder prediction,
so those rows would repeat one number four times. Cells are mean±std over seeds {42, 43, 44} unless marked
† (deterministic single-seed LLM baseline); ‡ is the sole LLM-slot Pareto endpoint (seed 43), a maximum-cost
endpoint. The Qwen ED result uses a 7-shot prompt. CEDR conformal rows and all three miscoverage levels are in
Appendix D.10, Table 18.

Calls / latency GoEmotions EmpatheticDialogues

System Enc. LLM Rel.lat. F1,full F1,sel Coverage F1,full F1,sel Coverage

Block 1: full-coverage systems (no abstention)
RoBERTa FT 1 0 1× 0.623±0.005 – – 0.493±0.004 – –
Qwen3.5-4B (single)† 0 1 102× 0.429 – – 0.558 – –

multi-call LLM committees† 0 3-5 735-1232× 0.341-0.442 – – – – –
LoRA Qwen3.5-4B† 0 1 70× 0.608 – – 0.534 – –

Block 2: selective routers (may abstain or escalate)
Encoder-first selective router 1 0 1× – 0.828±0.003 0.226±0.004 – – 0.000±0.000

DeBERTa-v3-base (GE only) 1 0 1.5× 0.614±0.005 0.760±0.012 0.239±0.007 – – –
k=3 RoBERTa unanimous subset 3 0 3× – 0.659 0.875 – – –
Sole LLM-slot Pareto endpoint‡ 1 2.09 ≈ 516× 0.470 0.824 0.221 – – –

Block 3: split-conformal abstention sweep (3 seeds, marginal)
Conformal (α=0.05) 1 0 1× – 0.807±0.022 0.242±0.042 – 0.132±0.006 0.010±0.003
Conformal (α=0.10) 1 0 1× – 0.817±0.005 0.366±0.023 – 0.256±0.017 0.071±0.009
Conformal (α=0.20) 1 0 1× – 0.705±0.012 0.655±0.019 – 0.525±0.010 0.251±0.001

Abstention accordingly has nothing to accept – cov-
erage is 0 under the 5% budget on all three seeds,
and conformal needs α = 0.20 for 25.1±0.1%
acceptance at F1,acc = 0.525±0.010 – whereas
escalation does pay, making ED the counterex-
ample to our main setting (Table 2). The CEDR
and DeBERTa-v3-base rows reproduce the pattern
across languages and encoder families (Fig. 2).

Why Compact LLM Verifiers Fail? All seven
verifier slots entered the NSGA-II search on equal
footing, including LoRA-fine-tuned Qwen (stan-
dalone F1 = 0.608). Across all seeds only encoder-
only and second-encoder configurations populate
the high-quality low-cost region of the front; the
single surviving LLM-slot point is a degenerate
k=3 voting configuration at ≈ 516× measured la-
tency and full-test F1 = 0.470, a maximum-cost
endpoint rather than a frontier improvement. Thus,
no compact-LLM verifier improves the high-
quality low-cost Pareto frontier, and a cost-ratio
sweep over {2, 5, 10, 20, 50}× agrees, admitting
an LLM configuration only at an unrealistic 2×
(front and sweep: Appendix D.2).

The selection effect. Uncertainty gating for-
wards a conditional slice (the encoder’s low-
confidence region) on which compact LLMs are no
better than, or much worse than, the encoder. This

is a distributional mismatch, not a general LLM
failure: the examples the encoder is unsure about
are not those where an LLM adds information. In
Table 7, LoRA-Qwen is indistinguishable from the
encoder there (∆ = −0.002 ± 0.002, Stouffer-
combined p = 0.68) while still costing an extra
call, and every other verifier is significantly worse
(∆ ∈ [−0.27,−0.16], p < 0.001), even though
LoRA-Qwen scores 0.608 on the full split, close to
encoder parity. On the forwarded slice, this com-
parison is independent of cost: no compact LLM
would help even at zero cost. A second family,
Gemma3-4B, behaves identically (Appendix D.7),
so the conclusion is not Qwen-specific.

What are the forwarded examples? Join-
ing GE to its multi-rater annotations shows the
forwarded slice is more ambiguous (mean anno-
tator plurality 0.713 vs. 0.882, Mann-Whitney
p < 10−169), more minority-heavy (40.1% vs.
16.4% non-joy/neutral) and more novel in embed-
ding space (kNN distance 0.535 vs. 0.347, p ≈ 0).
Binned by annotator agreement (Table 2a; figure
form in Appendix D.5), encoder and verifier ac-
curacy rise and fall together: the same variable
governs both, which is why a same-taxonomy veri-
fier has little to recover, and with 70% of the slice
at plurality ≤ 0.75 the dominant failure source is
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Table 2: The mechanism, and how far it reaches. (a) The
forwarded slice on GoEmotions, binned by the fraction
of annotators who agreed on the gold label. Encoder
and verifier accuracy rise and fall together with human
agreement, so what the gate forwards is not a knowl-
edge gap a same-taxonomy verifier could close; all is
the paper’s operating budget, i.e. the top block of Ta-
ble 7. (b) The identical gated comparison on all four
tasks, with the 4B verifier and, indented, the largest rung
of the ladder. Enc. F1/LLM F1: standalone macro-F1 on
the same evaluation set. ∆: verifier minus encoder accu-
racy on the slice the gate forwards. Hybrid: end-to-end
macro-F1 when the forwarded examples are answered
by the verifier, to be read against Enc. F1 in the same
row block. Every ∆ has Stouffer-combined exact Mc-
Nemar p < 10−3 except those marked †, which the
paired test cannot separate from zero. All four tasks
use the same zero-shot protocol so that they are one ex-
periment rather than four, which is why the ED verifier
scores 0.564 here rather than the 0.558 of the 7-shot
baseline in Table 1. Budgets of 10, 40 and 80%, the
remaining verifiers, and the full ladder behind each gate
are in Appendix D.8.

(a) GoEmotions: the forwarded slice, by annotator plurality agreement
Accuracy on the slice ≤ 0.50 0.50-0.75 0.75-1.00 1.00 all

Share of the slice 14.3% 55.7% 5.3% 24.8% 100%
Encoder 0.400 0.549 0.727 0.746 0.586
Qwen3.5-4B LoRA 0.419 0.560 0.677 0.713 0.584
Qwen3.5-4B zero-shot 0.362 0.391 0.473 0.449 0.406

(b) All four tasks, one protocol, two forwarding budgets
budget 20% budget 60%

Task (encoder) Enc. F1 LLM F1 ∆ Hybrid ∆ Hybrid

GoEmotions (in-domain) 0.618 0.429 −0.088 0.600 −0.167 0.501
Qwen3.7-Max – 0.392 −0.138 0.566 −0.211 0.460

AG News (in-domain) 0.936 0.812 −0.277 0.879 −0.179 0.824
Qwen3.7-Max – 0.885 −0.138 0.908 −0.079 0.888

CEDR, ru (in-domain) 0.841 0.749 −0.073† 0.846 −0.147 0.795
Qwen3.7-Max – 0.828 +0.003† 0.860 −0.047 0.848

EmpatheticDial. (transferred) 0.493 0.564 +0.142 0.528 +0.086 0.565
Qwen3.7-Max – 0.650 +0.252 0.559 +0.184 0.636

irreducible label ambiguity rather than a knowl-
edge gap a compact LLM could close. Accordingly
LoRA-Qwen’s corrections are almost entirely a
neutral bias cancelled by corruptions of joy, anger,
and surprise (Table 11, Appendix D.6).

Neither the trigger nor the verifier’s size res-
cues it. Re-scoring every verifier under six al-
ternative gates, disagreement, a learned router,
representation-space novelty (Lakshminarayanan
et al., 2017; Lee et al., 2018; Sun et al., 2022),
leaves the effect intact, and so does an oracle for-
warding exactly the encoder’s errors, which upper-
bounds any routing rule (+0.003, p = 0.38; Ap-
pendices D.3, D.4). Nor is 3-4B the constraint:
from 9B and 27B dense through 122B-A10B
and 397B-A17B mixture-of-experts (Qwen Team,
2026a) to Qwen3.7-Max (Qwen Team, 2026b), the
slice deficit stays flat at ∆ ∈ [−0.221,−0.181]
while end-to-end quality falls as the verifier

grows (0.600 → 0.566 at a 20% budget, against
0.618±0.004 encoder-only). Parity still belongs to
the 4B model with task supervision, and the flat lad-
der is specific to this dataset’s labelling convention,
not a ceiling on the models (Appendix D.7).

Where does escalation pay, then? To test
whether the mechanism generalizes, we ran the
identical gated comparison (same gate, matched
budgets, same paired tests) on all four tasks (Ta-
ble 2b; full grid in Appendix D.8). What sepa-
rates them is neither affect nor language, but how
far the encoder outruns the verifier standalone,
which is set by whether it saw the task’s own la-
bels. Where that margin is wide – GoEmotions
(0.618 vs. 0.429) and the non-affective AG News
(0.936 vs. 0.812) (Zhang et al., 2015) – escalation
loses at every budget and every scale. Where it
is narrow (Russian CEDR, encoder 0.841 against
Qwen3.7-Max’s 0.828), the two are indistinguish-
able at small budgets, and escalation turns into
a loss only as the budget grows. And where it
runs the other way (EmpatheticDialogues, whose
encoder is transferred zero-shot and is beaten stan-
dalone), escalation wins outright, by more the
larger the verifier (0.493 → 0.636 at a 60% bud-
get). ED is the positive control: the measurement
that finds no benefit on three tasks finds a large one
on the fourth, precisely where our precondition of
an in-domain encoder fails.

4 Conclusion

Given an in-domain encoder, encoder-first routers
and non-LLM alternatives own the high-quality
low-cost frontier – across six gates, an oracle, two
LLM families, a ≈100× scale range, two encoder
families, and three tasks in two languages. The
mechanism is a selection effect grounded in an-
notation ambiguity: gates forward examples hu-
mans themselves disagree on, encoder and veri-
fier fail there together, and neither scale nor task
supervision changes that. The precondition is
sharp: on EmpatheticDialogues, whose encoder
is transferred, the same measurement finds escala-
tion clearly worth its cost. What decides it is not
domain, language, or verifier size, but whether the
encoder saw the task’s own labels. Given one, com-
pare the verifier on the forwarded slice rather than
the full test set, sweep the budget before buying
LLM inference, and on a tie prefer conformal ab-
stention or a small ensemble; without one, evaluate
the LLM as a full-coverage classifier first.
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Limitations

Four boundaries bound what we tested. First, we
fine-tuned a verifier only at 4B: a supervised veri-
fier above that is untested, and since LoRA at 4B
is the one configuration reaching encoder parity,
it is the direction the ladder most clearly leaves
open. Second, the gated comparison covers all
four tasks (Appendix D.8) but the characteriza-
tion of the forwarded slice does not: GoEmotions
is the only one released with per-annotator votes,
so elsewhere we can show that encoder and veri-
fier fail on the same examples, but not that human
annotators disagreed about them. Third, serving
precision varies along the ladder – the 4B rungs
are locally quantized, the API rungs served at
bf16/fp8 – and Qwen3.8-Max could not be evalu-
ated at all, its endpoint refusing to disable reason-
ing (Appendix D.7). Fourth, latency is measured on
one Apple-Silicon/Ollama setup; the non-affective
replication uses one dataset and one verifier family,
and CEDR uses two seeds over a single XLM-R
checkpoint. We make no claim about training-time
LLM use, larger encoders, or multimodal bench-
marks such as MELD and IEMOCAP (Poria et al.,
2019; Busso et al., 2008); our labels are categorical,
and carrying the protocol to dimensional ones (Rus-
sell, 1980; Mohammad, 2018) through conformal
regression (Romano et al., 2019) is future work, as
are SelectiveNet-style trained abstention and con-
formal prediction over LLM posteriors.
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A Notation

Table 3 collects all symbols introduced in Section 2
and their meanings.

Table 3: Notation.

Symbol Meaning

x, y input text and its gold label
fθ fine-tuned encoder; ℓ = fθ(x) logits
K number of closed labels (7 for Ekman)
T temperature fit on validation data
p softmax(ℓ/T ), calibrated posterior
ŷ argmaxy py , the encoder label
ϕ confidence function (margin, max prob., entropy)
γ ϕ(p) ∈ [0, 1], the gate score
θc acceptance threshold of configuration c
g verifier slot (∅ if unused)
⊥ abstention
α target conformal miscoverage
q̂ conformal quantile of calibration scores
S(x) conformal prediction set
budget fraction of examples forwarded by a gate

B Related Work

Our work connects three lines of research, and we
state our position with respect to each.

Multi-agent systems and agent search. AutoA-
gents, EvoAgent, and MaAS search over LLM-
agent roles and topologies (Chen et al., 2024a;
Yuan et al., 2025; Zhang et al., 2025a), and recent
analyses question whether such graphs justify their
overhead (Xu et al., 2026). Emotion-oriented MAS
systems (Mozikov et al., 2024b; Savchenko and
Savchenko, 2024) such as BertMAS and MultiA-
gentESC motivate our multi-call baselines (Baban
et al., 2025; Xu et al., 2025); a scoping run of Au-
toAgents and EvoAgent on our tasks places them
outside the low-overhead regime (Appendix D.13).
These works add agents to improve quality; we take
the complementary decision-theoretic view (given
an existing supervised encoder, when is adding a
compact LLM agent Pareto-justified?) and give
the first controlled negative answer for closed-label
emotion.

Selective prediction, deferral, and confor-
mal inference. Rejection has been studied since
Chow (1970), through selective classifiers (El-
Yaniv and Wiener, 2010; Geifman and El-Yaniv,
2017), calibration (Guo et al., 2017), learning to
defer (Madras et al., 2018; Mozannar and Sontag,
2020), model cascades (Varshney and Baral, 2022),
and conformal prediction (Vovk et al., 2005; An-
gelopoulos and Bates, 2023; Romano et al., 2020).
We do not extend this theory but import it, placing

abstention in direct competition with LLM escala-
tion inside one cost-aware search: when abstention
dominates, do not escalate. LLM routing work
such as FrugalGPT, RouteLLM, and DAAO stud-
ies cost-aware selection among generative LLMs
that all see the same input distribution (Chen et al.,
2024b; Ong et al., 2025; Su et al., 2026); we route
from a supervised discriminative encoder, so the
forwarded set is an uncertainty-conditioned sub-
sample rather than a random query, and on it the
compact LLM’s advantage disappears – a selection
effect not, to our knowledge, documented in that
literature. Prior work on GoEmotions (Demszky
et al., 2020) and EmpatheticDialogues (Rashkin
et al., 2019) relies on supervised encoders (Liu
et al., 2019; He et al., 2023); we fix a base-size
encoder to isolate the routing question.

C Experimental Setup

C.1 Datasets and Metrics

We use three datasets collapsed to Ekman-7 la-
bels: 1) GoEmotions (GE) (Demszky et al.,
2020): 28 original labels (27 emotions plus neu-
tral) → 6 Ekman emotions + neutral (K = 7);
train/val/test: 43,410/5,426/5,427; 2) Empathetic-
Dialogues (ED) (Rashkin et al., 2019): 2,542 test
utterances; 32 situation labels → 6 Ekman emo-
tions + neutral. The encoder is the GE-trained
RoBERTa applied zero-shot (transfer setting); and
3) Russian CEDR (Sboev et al., 2021): 4,037 train,
used to fine-tune an XLM-R-base encoder; mapped
to 5 of 7 Ekman labels (no disgust, no separate
neutral), so we treat it as a non-English diagnostic
rather than a directly comparable main benchmark.

Calibration sets are stratified subsamples (n =
500/400/400): GE and ED use validation splits;
CEDR partitions its test split into disjoint calibra-
tion and evaluation subsets because no validation
split is available. Calibration examples are never
included in reported evaluation metrics.

Macro-F1 on full test split and on accepted sub-
set, acceptance rate (coverage), per-sample model
calls, and relative latency (encoder forward = 1×).

C.2 Label Mappings

For GoEmotions (Demszky et al., 2020), we apply
the official Ekman grouping released by the dataset
authors (Demszky et al., 2020) without modifica-
tion: anger← anger, annoyance, disapproval; dis-
gust← disgust; fear← fear, nervousness; joy←
joy, amusement, approval, excitement, gratitude,
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love, optimism, relief, pride, admiration, desire,
caring; sadness ← sadness, disappointment, em-
barrassment, grief, remorse; surprise← surprise,
realization, confusion, curiosity; neutral← neutral.

For EmpatheticDialogues (Rashkin et al.,
2019), the 32 situation labels are mapped by a
fixed dictionary released with our code, follow-
ing the lexical correspondence of the original label
names: anger← angry, furious, annoyed; disgust
← disgusted; fear← afraid, terrified, anxious, ap-
prehensive; joy ← joyful, excited, proud, grate-
ful, hopeful, trusting, content, anticipating, confi-
dent, caring, faithful; sadness← sad, devastated,
guilty, ashamed, lonely, jealous, embarrassed, dis-
appointed; surprise← surprised, impressed; neu-
tral← sentimental, nostalgic, prepared. The map-
ping is fixed before any experiment and is identical
for the encoder and every LLM baseline, so it can-
not favour either system.

CEDR (Sboev et al., 2021) is already annotated
in an Ekman subset (joy, sadness, surprise, fear,
anger) and is used unchanged; it has no disgust and
no separate neutral class, which is why we treat it
as a diagnostic rather than a directly comparable
benchmark. AG News uses its four original topic
labels (world, sports, business, sci/tech) with no
mapping.

C.3 Models and Baselines
We use the following Encoders: RoBERTa-
base (Liu et al., 2019) fine-tuned on GE (3 epochs,
batch 32, lr 2 × 10−5, seeds 42,43,44); XLM-R-
base (Conneau et al., 2020) on CEDR; DeBERTa-
v3-base (He et al., 2023) as a robustness check.
The LLM backbone is Qwen3.5-4B (Qwen Team,
2026a) (Ollama, greedy decoding, temperature
0), with zero-shot Gemma3-4B (Gemma Team,
2025) as a second family (Appendix D.7). Un-
less noted otherwise, LLM baselines are determin-
istic (greedy), so variability across seeds comes
only from the encoder; this isolates the routing
question from sampling noise. We have sev-
eral baselines: single Qwen (zero-shot on GE;
7-shot (Brown et al., 2020) on ED - asymme-
try favours LLM on ED, making our conclu-
sion conservative), homogeneous voting k=3, self-
consistency k=5 (Wang et al., 2023), hetero-
geneous voting (Lexical/Contextual/Logic roles,
k=3) inspired by BertMAS (Baban et al., 2025),
MultiAgentESC-style pipeline (Xu et al., 2025),
and LoRA-fine-tuned (Hu et al., 2022) Qwen (rank
16, α = 32, trained on GE).
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Figure 2: Risk-coverage curve on GoEmotions test
(seed 44, margin confidence). The test-side 5%-risk
operating point accepts ≈ 22.7% of examples, close
to the validation-selected coverage (22.6% in Table 1).
DeBERTa-v3-base curve nearly coincides.

In addition, we consider a non-LLM cost base-
line: a k=3 RoBERTa ensemble across seeds,
with unanimous agreement used as a selective-
acceptance rule.

C.4 Search Hyperparameters

NSGA-II runs for 15 generations with a population
of 20 (300 configuration evaluations per seed) over
the configuration space of Section 2 (confidence
function, threshold θc ∈ [0.30, 0.99], verifier slot,
temperature switch), evaluating each configuration
on the validation split and reporting test metrics
for the selected configurations. Verifier outputs are
cached per example, so the search prices a verifier
slot without re-running inference.

C.5 LoRA Fine-Tuning Details

LoRA on Qwen3.5-4B was fitted on GoEmotions
with rank r = 16, α = 32, dropout 0.05, target
modules {q_proj, v_proj}, learning rate 2×10−4,
3 epochs, batch size 4, gradient accumulation 8
(effective batch 32). Training used TRL’s SFT-
Trainer on the GoEmotions train split, seed 42,
so LoRA is a deterministic single-seed baseline;
multi-seed uncertainty in Table 7 comes from the
encoder seeds and their rejected slices. The result-
ing model reaches near-parity with RoBERTa in-
domain (F1 = 0.608 vs. 0.623±0.005) but drops
to 0.534 on EmpatheticDialogues, −0.024 below
the 7-shot Qwen baseline. Per-class breakdown
shows the neutral class dropping from F1 = 0.66
on GE to 0.20 on ED, indicating that LoRA en-
codes a domain-specific decision boundary for
“neutral vs. emotional” that does not transfer.
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C.6 Encoder Calibration Diagnostics
Table 4 reports calibration of the RoBERTa en-
coder on GE (in-domain) and ED (zero-shot trans-
fer). The fitted temperature is stable across seeds:
T̂ = 1.30±0.02 on GE and T̂ = 2.00±0.03 on
ED (mean±std, seeds {42, 43, 44}). In-domain
ECE (Naeini et al., 2015) is low (0.020, seed 42);
under domain shift ECE more than triples (0.140,
seed 42), indicating overconfidence. This explains
why the conformal wrapper on ED requires larger
α to achieve non-trivial acceptance. For CEDR, the
in-domain XLM-R encoder calibrates to T̂ = 1.24
(seed 42), similar to the GE case.

Table 4: Encoder calibration on the calibration split
before applying temperature scaling; T̂ is then used for
inference-time probabilities. T̂ reports mean±std over
3 seeds for GE and ED; ECE and Brier are seed-42
only (refreshing them across seeds requires re-running
per-seed calibration with logits export).

Dataset Encoder ECE Brier T̂ Accuracy

GE RoBERTa (in-domain) 0.020 0.430 1.30±0.02 0.687
ED RoBERTa (zero-shot) 0.140 0.620 2.00±0.03 0.552

D Additional Results

Everything below supports a claim made in Sec-
tion 3: the cost measurements behind the frontier,
the full grids the main tables summarize, the analy-
ses that identify the mechanism, and the controls
that test how far it reaches. Each subsection names
the script and artifact that regenerate it in our source
code.

D.1 Measured Deployment Latency
Table 5 reports wall-clock latency measured on the
machine that produced every result in this paper
(Apple Silicon; encoders on MPS, LLMs served
by Ollama), averaged over the full GoEmotions
test split. The 10× proxy used inside the search
understates the measured gap by one to two orders
of magnitude, so the search was biased in favour
of LLM verifiers and the negative result holds a
fortiori. We do not have energy instrumentation;
on fixed hardware, wall-clock and call counts are
monotone proxies for it. Latency is reported for se-
quential execution, which is how the router would
run a single request; the parenthesized wall-clock
column reflects the concurrency used to produce
the cached predictions.

The table lists only verifiers we ran locally. The
size-ladder rungs of Appendix D.7 are served by a

third-party API, so their wall-clock is dominated
by the network and by another tenant’s batching
and is not comparable to these measurements; for
them we report the call count, which is. Their
deployment cost is nonetheless strictly worse than
anything in the table: none of them runs on the hard-
ware assumed throughout this paper, since 122B-
A10B and 397B-A17B do not fit and Qwen3.7-Max
has no public weights at all. That strengthens the
cost argument rather than weakening it.

Table 5: Measured per-example latency on GoEmotions
for every verifier that runs on the hardware assumed
in this paper. Ratio is relative to one RoBERTa-base
forward at batch size 1 (0.0072 s; 0.0051 s at batch size
32).

System LLM calls s/example Ratio

RoBERTa-base (encoder) 0 0.0072 1×
LoRA Qwen3.5-4B 1 0.503 70×
Zero-shot Qwen3.5-4B 1 0.740 102×
Zero-shot Gemma3-4B 1 1.533 212×
Heterogeneous voting k=3 3 5.315 735×
Voting k=3 3 5.339 738×
MultiAgentESC 3 7.117 984×
Self-consistency k=5 5 8.911 1232×

D.2 The Verifier-Slot Pareto Front

Fig. 3 shows the front the search of Section 2 re-
turns on GoEmotions, aggregated over the three
encoder seeds and colored by which verifier occu-
pies each Pareto point’s slot. Only encoder-only
and second-encoder configurations reach the high-
quality low-cost region. The one surviving LLM-
slot point is a degenerate k=3 voting configuration
at ≈ 22× normalized search cost and F1 = 0.470,
which NSGA-II keeps as the maximum-cost end-
point of the front rather than as a cost-quality im-
provement.

How much cheaper would an LLM call have
to be? The search prices an LLM call at 10×
an encoder forward. Re-running it at ratios
{2, 5, 10, 20, 50}× gives LLM-slot shares of the
front of {0.133, 0, 0, 0, 0}: only at an unrealisti-
cally optimistic 2× does any LLM configuration
enter the front at all, and even there under 14% of
Pareto configurations use one. The measured ratio
is 70-1232× (Appendix D.1), so the search as run
was already generous to the verifier.

The multi-call committees, individually.
Block 1 of Table 1 collapses the four multi-call
LLM systems into one row, because their point is
collective: every one of them costs three to five
LLM calls per example and none reaches the en-

24105



5 10 15 20
Average cost per sample (encoder-forward units)

0.475

0.500

0.525

0.550

0.575

0.600

0.625
M

ac
ro

-F
1 

(G
oE

m
ot

io
ns

 te
st

)

Pareto-rejected across all seeds: ensemble of encoders, Qwen3.5-4B zero-shot, Qwen3.5-4B LoRA,
self-cons. k = 5, MultiAgentESC, hetero vote k = 3

Pareto front: LLM verifiers do not survive selection
Pareto-selected slot
second encoder
no verifier (encoder-only)
vote k = 3

Figure 3: Pareto front of the NSGA-II verifier-
slot search on GoEmotions, aggregated over seeds
{42, 43, 44}, colored by the verifier slot of each Pareto
point. Only encoder-only and second-encoder configu-
rations populate the high-quality low-cost region. The
single k=3 voting point at ≈ 22× normalized search
cost / F1 = 0.47 is the maximum-cost extreme that
NSGA-II retains as a Pareto endpoint; LoRA-Qwen,
zero-shot Qwen, self-consistency, MultiAgentESC, and
heterogeneous voting do not enter the high-quality low-
cost region of the front.

coder. Table 6 separates them.

Table 6: Full-coverage macro-F1 of the multi-call LLM
committees on GoEmotions, the four systems summa-
rized as one row in Block 1 of Table 1. LLM: calls
per example; Rel.lat.: measured wall-clock relative to
one encoder forward (Appendix D.1). All are deter-
ministic single-seed baselines, and all fall below the
0.623±0.005 of the encoder they were meant to im-
prove on.

System LLM Rel.lat. F1

Heterog. voting k=3 3 735× 0.442
Voting k=3 3 738× 0.416
Self-cons. k=5 5 1232× 0.415
MultiAgentESC 3 984× 0.341

Conformal as a search objective. A sceptical
reading of the front is that the heuristic gate, not
the verifier, drives the rejection. As a methodolog-
ical cross-check we re-ran the search with split-
conformal singleton acceptance (α = 0.10) as the
acceptance rule, integrated directly into the fitness
evaluation. The front stays qualitatively identical to
Fig. 3: no LLM verifier improves the high-quality
low-cost region under a principled abstention rule
either.

D.3 Verifier and Gate Analysis on
GoEmotions

Table 7 is the full version of the comparison that
was summarized in Section 3: every verifier on
the slice the confidence gate forwards, every rung
of the size ladder under the same protocol, and
the best verifier under every alternative gate at a
matched budget.

Does the escalation trigger matter? Every re-
sult in the main text uses a confidence gate, so that
those results might describe that trigger rather than
inference-time verification as such. We therefore re-
scored all seven cached verifiers under the six gates
listed in Table 7, which span ensemble and cross-
architecture disagreement, learned routing (test
AUC 0.76), and representation-space novelty (Lak-
shminarayanan et al., 2017; Lee et al., 2018; Sun
et al., 2022), plus an oracle forwarding exactly the
encoder’s errors, which upper-bounds any routing
rule. Gates are compared at matched budgets over
3 seeds with the paired tests of Table 7; definitions
and the full grid are in Appendix D.4.

The lower panel of Table 7 reports the paper’s op-
erating budget (67.9% forwarded). The forwarded
subsets genuinely differ – Jaccard overlap with the
confidence gate falls to 0.73 here and 0.20 at a
20% budget – yet the selection effect survives ev-
ery gate, and even a router forwarding precisely
the encoder’s mistakes extracts no significant gain
from the best compact LLM (+0.003, p = 0.38):
at this budget the binding constraint is the verifier’s
conditional accuracy, not the trigger.

Smaller budgets expose a second constraint: the
disagreement and learned gates do give LoRA-
Qwen a significant slice gain at a 20% budget
(+0.030 to +0.044), yet end-to-end macro-F1
stays within seed noise of encoder-only (0.616-
0.624 vs. 0.618±0.004) at ≈ 15× the latency,
while the oracle gate would reach 0.694. Esca-
lation headroom is therefore bounded by routing
quality at small budgets and by verifier quality at
large ones.

Cross-checks. Two further checks leave the con-
clusion unchanged: varying the confidence score
(Appendix D.11) and replacing the heuristic gate
with the conformal rule inside the search itself
(Appendix D.2); the paired rejected-slice tests be-
hind every ∆ and p in Table 7 are detailed in Ap-
pendix D.12.

Does verifier scale matter? Every verifier so
far is 3–4B, so the failure could be a capacity
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Table 7: Verifier and gate analysis on GE (3 seeds). ∆
is verifier minus encoder accuracy on the forwarded
slice, p is Stouffer-combined exact McNemar. Top:
verifiers behind the confidence gate (encoder accuracy
0.586±0.014); LoRA-Qwen ties, all others are worse.
Indented rows are the size ladder – the same zero-shot
protocol with only the verifier’s scale changed, from 4B
to a closed frontier model; the deficit is flat, and Ap-
pendix D.7 shows the same ladder rising on three other
tasks. Bottom: LoRA-Qwen under alternative gates at a
matched budget, J = Jaccard overlap of the forwarded
set with the confidence gate; the tie survives every gate,
including the oracle, and zero-shot Qwen stays worse
under all (∆ ≤ −0.155, Table 8 in Appendix D.4).

Verifiers behind the confidence gate
Verifier Acc. on slice ∆ vs. enc. p

Qwen3.5-4B LoRA 0.584±0.012 −0.002±0.002 0.68
Qwen3.5-4B zero-shot 0.406±0.004 −0.181±0.010 <10−3

Qwen3.5-9B 0.374±0.008 −0.212±0.006 <10−3

Qwen3.5-27B 0.394±0.006 −0.192±0.009 <10−3

Qwen3.5-122B-A10B 0.382±0.008 −0.204±0.006 <10−3

Qwen3.5-397B-A17B 0.374±0.008 −0.212±0.006 <10−3

Qwen3.7-Max 0.365±0.006 −0.221±0.008 <10−3

Voting k = 3 0.418±0.003 −0.168±0.011 <10−3

Self-cons. k = 5 0.413±0.004 −0.174±0.011 <10−3

Heterog. voting k = 3 0.422±0.005 −0.164±0.009 <10−3

MultiAgentESC 0.314±0.005 −0.272±0.009 <10−3

Gemma3-4B zero-shot 0.326±0.004 −0.261±0.010 <10−3

Escalation gates, best verifier (LoRA-Qwen)
Gate J vs. conf. ∆ vs. enc. p

Confidence (margin) 1.00 −0.002 0.64
Ensemble / cross-arch. disagr. 1.00 −0.002 0.62-0.65
Learned router 0.93 −0.004 0.49
kNN novelty 0.76 −0.005 0.35
Mahalanobis novelty 0.73 −0.002 0.69
Oracle (errors only) 0.93 +0.003 0.38

limit rather than a property of gating. We there-
fore ran a size ladder inside one model generation
under the identical protocol, varying only scale:
Qwen3.5 at 9B and 27B (dense) and 122B-A10B
and 397B-A17B (mixture-of-experts) (Qwen Team,
2026a), plus the closed frontier model Qwen3.7-
Max (Qwen Team, 2026b). The deficit does not
shrink. Over a ≈100× range in parameters the
slice gap stays flat at ∆ ∈ [−0.221,−0.181]
(p < 10−180 at every rung, Table 7), and end-
to-end hybrid macro-F1 decreases monotonically
with size (0.600→ 0.566 at a 20% budget, against
0.618±0.004 encoder-only). Parity still belongs to
the 4B model with task supervision – not a capa-
bility ceiling, since Appendix D.7 shows the same
ladder rising on three other tasks, so what scale fails
to supply here is something other than capacity.

D.4 Alternative Escalation Gates

Gate definitions. All gates score every test exam-
ple and forward the top-B fraction under a matched
budget B, so quality differences cannot come from
forwarding different numbers of examples. Confi-
dence uses the temperature-scaled margin of Sec-

tion 2. Ensemble disagreement counts argmax dis-
agreements across the three RoBERTa seeds, break-
ing ties by margin (Lakshminarayanan et al., 2017).
Cross-architecture disagreement does the same
between RoBERTa and DeBERTa-v3-base. The
learned router is a logistic regression on calibrated
confidence features fit on validation data to predict
encoder error (test AUC 0.763-0.765 across seeds).
kNN novelty is the mean L2 distance to the k=10
nearest training embeddings (Sun et al., 2022); Ma-
halanobis is the distance to the nearest class cen-
troid under a Ledoit-Wolf covariance estimated on
10k training examples (Lee et al., 2018). The ora-
cle forwards exactly the examples the encoder gets
wrong (filling the remaining budget with the lowest-
margin correct ones), and therefore upper-bounds
any escalation rule at that budget.

Results. Table 8 gives the full grid. Two regimes
are visible. At budgets at or above 60% the verifier
is the binding constraint: even the oracle gate yields
no significant gain for the strongest compact LLM.
At a 20% budget the gate becomes the binding con-
straint: the oracle would lift end-to-end macro-F1
to 0.694, but the best implementable gate reaches
0.624, statistically indistinguishable from encoder-
only (0.618±0.004) and from cheaper non-LLM
alternatives – a second encoder (0.623 at ≈ 1.3×
latency) and the k=3 encoder ensemble (0.622 at
3×) – while the LLM hybrid costs ≈ 15×. Zero-
shot Qwen is significantly worse than the encoder
under every gate at every budget.

Note on the encoder-only reference. The
gate and slice analyses in this appendix and
in Appendix D.5 are computed on the released
per-example outputs of the verifier-slot search
runs, whose encoder-only full-test macro-F1 is
0.618±0.004; Table 1 aggregates the primary
search runs and reports 0.623±0.005. The gap is
within seed noise, and every comparison we draw
is made within one set of runs, so no conclusion
depends on it.

D.5 Characterizing the Forwarded Slice
We joined the GoEmotions test split to the raw
multi-rater release by example id (join coverage
5427/5427), which gives, for every example, the
individual annotator votes behind the aggregated
gold label. Table 9 compares the forwarded and
accepted slices on annotation and representation
statistics, and Table 10 bins the forwarded slice
by annotator plurality (the figure form is Fig. 4).
The forwarded slice is not merely “harder”; it is
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Table 8: All escalation gates at matched forwarding
budgets (GE, 3 encoder seeds). J : Jaccard overlap of
the forwarded set with the confidence gate at the same
budget. ∆: verifier minus encoder accuracy on the for-
warded set; p is Stouffer-combined exact McNemar for
LoRA-Qwen. F1: end-to-end macro-F1 of the LoRA-
Qwen hybrid over the full test split; encoder-only is
0.618±0.004 on the same cached outputs. The last two
columns give ∆ for zero-shot Qwen and for a DeBERTa
second encoder.

LoRA Qwen Qwen ZS 2nd enc.

Gate J ∆ p F1 ∆ ∆

Forwarding budget 20%
Confidence (margin) 1.00 +0.034 0.002 0.620 −0.088 +0.021
Ensemble disagreement 0.75 +0.044 <10−3 0.621 −0.083 +0.020
Cross-arch. disagreement 0.60 +0.044 <10−3 0.624 −0.078 −0.014
Learned router 0.56 +0.030 0.010 0.616 −0.085 +0.022
kNN novelty 0.23 +0.010 0.30 0.616 −0.164 −0.004
Mahalanobis novelty 0.20 +0.017 0.06 0.619 −0.152 −0.009
Oracle 0.38 +0.344 <10−3 0.694 +0.327 +0.235

Forwarding budget 40%
Confidence (margin) 1.00 +0.012 0.12 0.615 −0.128 +0.002
Ensemble disagreement 0.98 +0.012 0.10 0.615 −0.128 +0.003
Cross-arch. disagreement 0.93 +0.012 0.11 0.618 −0.129 −0.007
Learned router 0.81 +0.011 0.15 0.614 −0.134 +0.004
kNN novelty 0.43 +0.005 0.52 0.619 −0.173 −0.006
Mahalanobis novelty 0.40 +0.008 0.21 0.618 −0.168 −0.001
Oracle 0.57 +0.127 <10−3 0.668 +0.103 +0.051

Forwarding budget 60%
Confidence (margin) 1.00 +0.002 0.80 0.611 −0.167 −0.003
Ensemble disagreement 1.00 +0.002 0.80 0.611 −0.167 −0.003
Cross-arch. disagreement 0.99 +0.002 0.74 0.612 −0.167 −0.005
Learned router 0.91 −0.000 0.97 0.610 −0.166 −0.003
kNN novelty 0.66 −0.003 0.63 0.611 −0.185 −0.005
Mahalanobis novelty 0.63 −0.003 0.55 0.610 −0.179 −0.004
Oracle 0.87 +0.017 0.002 0.621 −0.112 +0.000

Forwarding budget 67.9% (paper)
Confidence (margin) 1.00 −0.002 0.64 0.610 −0.181 −0.004
Ensemble disagreement 1.00 −0.002 0.65 0.610 −0.181 −0.004
Cross-arch. disagreement 1.00 −0.002 0.62 0.610 −0.181 −0.004
Learned router 0.93 −0.004 0.49 0.610 −0.182 −0.003
kNN novelty 0.76 −0.005 0.35 0.610 −0.192 −0.004
Mahalanobis novelty 0.73 −0.002 0.69 0.611 −0.189 −0.004
Oracle 0.93 +0.003 0.38 0.614 −0.155 −0.003

Forwarding budget 80%
Confidence (margin) 1.00 −0.005 0.28 0.608 −0.198 −0.004
Ensemble disagreement 1.00 −0.005 0.28 0.608 −0.198 −0.004
Cross-arch. disagreement 1.00 −0.005 0.28 0.608 −0.198 −0.004
Learned router 0.98 −0.005 0.27 0.608 −0.199 −0.003
kNN novelty 0.87 −0.004 0.34 0.610 −0.203 −0.003
Mahalanobis novelty 0.87 −0.004 0.34 0.609 −0.204 −0.003
Oracle 0.98 −0.004 0.31 0.608 −0.192 −0.004

systematically the region where the human anno-
tators themselves disagreed, and where the gold
label is supported by a thin plurality. This is why a
verifier that shares the taxonomy – whether a com-
pact LLM or a second encoder – cannot recover
it, and it predicts that the residual error is largely
irreducible without changing the label definition or
the annotation protocol (Plank, 2022; Uma et al.,
2021).

D.6 Per-Class Analysis
Table 11 answers which emotions the gate keeps
and what the verifier does to them. Joy is the only
high-confidence class (38.7% forwarded, mean
confidence 0.756); every other class is forwarded
at 74-88%. On the forwarded slice, LoRA-Qwen’s
corrections are almost entirely a neutral bias (+315
net), which is cancelled by corruptions of joy,
anger, and surprise (−308 combined), leaving a

Table 9: Forwarded vs. accepted examples on GoE-
motions (mean over 3 encoder seeds). Significance is
Mann-Whitney over the pooled per-example values.

Property Forwarded Accepted p

Examples (n) 3685 1742 –
Annotator plurality agreement 0.713 0.882 <10−169

Full-agreement rate 24.8% 64.4% –
Raters supporting the gold label 0.706 0.878 –
Minority-class share 40.1% 16.4% –
Embedding novelty (kNN dist.) 0.535 0.347 ≈ 0
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Figure 4: Accuracy on the forwarded slice by annota-
tor plurality agreement (GE, mean±std over 3 encoder
seeds). Encoder and verifier accuracy are governed by
the same variable – how much the human annotators
agreed – which is why a verifier sharing the taxonomy
cannot recover the slice.

net of −8 examples – the aggregate statistical tie
of Table 7, now decomposed. Zero-shot Qwen
shows the same bias without the compensating ac-
curacy: 483 corrections against 1150 corruptions.
The dominant confusions on the forwarded slice
are neutral↔joy and neutral↔anger for both the
encoder and the verifiers, i.e. the two systems fail
on the same boundary.

D.7 Verifier Family and Scale
A second family. To check that the conclusion
is not an artifact of the Qwen family, we ran zero-
shot Gemma3-4B (Gemma Team, 2025) through
the identical protocol (Ollama, greedy decoding,
same prompt template, full GoEmotions test split,
no parse failures). Standalone macro-F1 is 0.353,
below zero-shot Qwen (0.429), and on the re-
jected slice it is far worse than the encoder (∆ =
−0.261±0.010 over 3 encoder seeds, Stouffer-
combined p ≈ 0). Its measured latency is 212×
an encoder forward (Table 5). The selection effect
therefore reproduces on a second, independently
trained compact-LLM family.

A size ladder. Family robustness leaves a sharper
question open: our largest verifier was 4B, so the
failure could be a capacity limit rather than a prop-
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Table 10: The forwarded slice binned by annotator plu-
rality agreement (GE, mean over 3 seeds). Encoder and
verifier accuracy move together with human agreement;
70% of the slice lies in the two lowest-agreement bins.

Plurality Share Encoder LoRA Qwen Qwen ZS

≤ 0.50 14.3% 0.400 0.419 0.362
0.50-0.75 55.7% 0.549 0.560 0.391
0.75-1.00 5.3% 0.727 0.677 0.473
1.00 24.8% 0.746 0.713 0.449

Table 11: Per-class behaviour on GoEmotions (mean
over 3 encoder seeds). Fwd.: fraction of the class for-
warded by the gate; Conf.: mean encoder confidence;
Enc.: encoder accuracy on the forwarded part of the
class; the last three columns count how LoRA-Qwen
changes the encoder’s answers there.

Class Fwd. Conf. Enc. n corr. corrupt. net

neutral 87.9% 0.485 0.577 1412 345 30 +315
sadness 74.5% 0.537 0.436 236 24 24 −0
fear 74.1% 0.550 0.622 67 4 11 −7
disgust 85.3% 0.496 0.394 72 2 9 −7
surprise 87.7% 0.490 0.618 502 21 96 −75
anger 85.4% 0.497 0.558 600 35 115 −79
joy 38.7% 0.756 0.662 795 32 186 −154

Total 67.9% – 0.586 3685 463 471 −8

erty of gating. We therefore fixed everything except
scale. The prompt, the verbalizer, greedy decod-
ing (T=0, 32 output tokens), the parser and the
full 5427-example test split are shared with the 4B
runs, and reasoning is disabled at every rung (no
rung billed a single reasoning token). The criterion
for a rung to win – a significant positive slice ∆
(Stouffer p < 0.05 over the three encoder seeds)
and an end-to-end hybrid macro-F1 above encoder-
only beyond seed noise – was fixed before any rung
ran, and every rung we ran is reported.

The ladder stays inside the Qwen3.5 genera-
tion that produced the paper’s 4B backbone, so
the 4B result lies on the same curve rather than
beside it: 9B and 27B dense, then 122B-A10B
and 397B-A17B mixture-of-experts (Qwen Team,
2026a), all open-weight, plus the closed frontier
model Qwen3.7-Max (Qwen Team, 2026b) as an
upper bound from what is available. Table 12 and
Fig. 5 report the result: no rung wins, and none
comes close. Across a ≈100× span of parameters
the slice deficit is flat, standalone macro-F1 varies
by less than 0.04, and hybrid macro-F1 falls as the
verifier grows – at a 20% budget from 0.600 (4B)
to 0.566 (Qwen3.7-Max), every value below the
0.618±0.004 of encoder-only.

Is this a capability ceiling? A flat ladder could
mean the models cannot do the task. To separate

Table 12: Verifier size ladder on GE, zero-shot, one
protocol, 3 encoder seeds. Act. is active parameters
(= total for dense models). ∆ is verifier minus encoder
accuracy on the forwarded slice (encoder 0.586±0.014);
every ∆ has Stouffer-combined exact McNemar p <
10−180. Hyb. is end-to-end hybrid macro-F1 on the
full split at a 20% budget and at the paper’s budget
(67.9%); encoder-only is 0.618±0.004. No rung meets
the pre-registered winning criterion, and hybrid quality
degrades monotonically with scale.

Verifier Tot./Act. F1 ∆ vs. enc. Hyb. 20% Hyb. paper

Qwen3.5-4B 4/4B 0.429 −0.181±0.010 0.600 0.479
Qwen3.5-9B 9/9B 0.396 −0.212±0.006 0.584 0.442
Qwen3.5-27B 27/27B 0.398 −0.192±0.009 0.582 0.452
Qwen3.5-122B-A10B 122/10B 0.399 −0.204±0.006 0.578 0.445
Qwen3.5-397B-A17B 397/17B 0.400 −0.212±0.006 0.571 0.444
Qwen3.7-Max undisclosed 0.392 −0.221±0.008 0.566 0.439

Encoder only – 0.618 – 0.618 0.618
Qwen3.5-4B LoRA 4/4B 0.608 −0.002±0.002 – 0.610
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Figure 5: Slice ∆ against verifier size, with 95% paired-
bootstrap intervals. The gap neither closes nor trends;
the dashed line is the supervised 4B verifier, the only
configuration that reaches encoder parity.

that from the labelling convention, we ran the same
ladder on the three other datasets in this study, hold-
ing prompt skeleton, decoding and parser fixed (Ta-
ble 13, Fig. 6). Scale lifts all three. The contrast
with CEDR is the sharpest: the verifiers reach 0.75-
0.83 macro-F1 there while the transferred XLM-R
encoder scores 0.577 on the same five classes, so
these models read emotion well – in Russian, on
a five-class Ekman subset – when the convention
is one they can infer. (CEDR gold covers five of
the seven Ekman classes, so all CEDR figures here
average over those five; the encoder’s seven-way
average, which charges it for two structurally ab-
sent classes, would be 0.412.) Only GE, whose
28 emotions are folded into 7 Ekman classes by a
fixed annotator convention, stays flat. Because the
ladder rungs on AG News, ED and CEDR are stan-
dalone runs, these rows speak to verifier capability,
not to gated escalation; the gated analysis remains
GE (Table 12) and AG News (Appendix D.9).
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Table 13: The same ladder, four tasks, standalone macro-
F1. Scale lifts every task whose labels carry no dataset-
specific grouping convention; GE is the exception, and
the only task where the ladder declines.

Task 4B 9B 27B 122B 397B Max ∆

AG News (topic) 0.812 0.796 0.855 0.852 0.880 0.885 +0.073
CEDR (ru emotion) 0.746 0.752 0.784 0.805 0.809 0.827 +0.081
ED (emotion) 0.564 0.587 0.626 0.612 0.629 0.650 +0.086

GoEmotions 0.429 0.396 0.398 0.399 0.400 0.392 −0.037
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Figure 6: Standalone macro-F1 against verifier size on
four tasks. GoEmotions is the only ladder that does not
rise, which locates the difficulty in its label convention
rather than in the models.

Why GoEmotions differs. Two measurements
identify the cause. First, on GE the verifiers agree
with each other far more than with the labels, and
that gap is by far the largest of the four tasks (Ta-
ble 14).

Table 14: Rung-to-rung agreement against rung-to-gold
agreement, four tasks. Model–model is the mean pair-
wise agreement among the ladder rungs; vs. gold is their
mean agreement with the label. A large gap means the
models are consistent with each other and inconsistent
with the annotation convention, which is what separates
GoEmotions from every other task here.

Task model–model vs. gold gap

GoEmotions 0.778 0.481 0.297
ED 0.860 0.653 0.207
AG News 0.929 0.850 0.079
CEDR 0.813 0.765 0.047

On GE the four largest rungs are unanimous on
67.7% of examples yet match the label only 56.0%
of the time there, against 91.9% unanimity at
90.4% accuracy on AG News. The verifiers are
consistent; they are calibrated to a different con-
vention. Their errors fall along the seams of the
official grouping: where the gold label is surprise,
Qwen3.7-Max answers neutral 43% of the time
(the mapping folds realization, confusion and cu-

riosity into surprise), and where it is anger it an-
swers disgust 21% of the time (the mapping folds
annoyance and disapproval into anger).

Second, the macro-F1 decline along the GE lad-
der is not a broad degradation but one rare class.
Decomposing 0.429 (4B)→ 0.392 (Max) by class,
disgust contributes −0.030 of the −0.038 total
(79%): its per-class F1 falls 0.333 → 0.126 be-
cause the larger model predicts disgust on 11.0%
of examples where the true share is 1.5%. Overall
accuracy is flat (0.487→ 0.468) and the predicted
label distribution actually moves closer to gold (to-
tal variation 0.199 → 0.139); the larger models
simply draw an anger/disgust distinction the taxon-
omy collapses, and macro-averaging over a 1.5%
class punishes that disproportionately. Treating the
first gold label as the target is not the cause either:
scoring leniently against any of an example’s gold
Ekman labels raises every rung by the same +0.023
to +0.027.

Can the convention be prompted? If the gap
is a convention, telling the model the convention
should close it. We re-ran a frozen random 2000-
example subsample of the GE test split with the
grouping made explicit in the prompt – anger (also:
annoyance, disapproval), surprise (also: realiza-
tion, confusion, curiosity), and so on – against the
same subsample under the standard prompt. It
helps, more for larger models, and nowhere near
enough (Table 15).

Table 15: Spelling the GoEmotions grouping conven-
tion out in the prompt: standard prompt→ taxonomy-
explicit prompt, on a frozen 2000-example subsample
of the GE test split. Every rung improves and the largest
improves most, but none comes near the encoder’s 0.586
accuracy on the forwarded slice.

Verifier macro-F1 accuracy

Qwen3.5-4B 0.428 → 0.450 0.481 → 0.510
Qwen3.5-9B 0.380 → 0.396 0.476 → 0.500
Qwen3.5-397B-A17B 0.385 → 0.408 0.476 → 0.507
Qwen3.7-Max 0.367 → 0.406 0.450 → 0.502

The largest model gains the most (+0.039 macro-
F1, +0.052 accuracy), consistent with it having
drifted furthest along the anger/disgust seam, but
even with the convention spelled out it reaches
0.406 against the encoder’s 0.586 on the slice. A
grouping convention can be described in a prompt
only partially; the rest has to be learned from la-
belled data, which is exactly what the LoRA ver-
ifier does and why it is the one configuration that
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ties.

Caveats. Four belong with these numbers. First,
the 4B rungs and Gemma3-4B are local Ollama
runs at Q4_K_M, whereas the API rungs are served
at bf16/fp8; serving precision therefore varies
along the ladder, though the direction of that ef-
fect would favour the larger rungs. Second, 9B and
27B are dense while 122B-A10B and 397B-A17B
are sparse, so we report total and active parameters
separately; the dense and sparse rungs nonetheless
sit on the same flat line. Third, Qwen3.7-Max is
closed-weights with an undisclosed size, which is
why it is drawn detached from the scaling curve.
Fourth, we could not evaluate the newer Qwen3.8-
Max at all: its endpoint refuses the request with

“reasoning is mandatory for this endpoint and cannot
be disabled”. Forcing reasoning on would vary the
decoding regime together with scale and multiply
the per-call cost, which weighs against the cheap-
escalation premise rather than for it. Because mod-
els behind an API can change silently, the exact
model identifiers, the serving provider and the run
date are recorded alongside every cached predic-
tion

D.8 Escalation Beyond GoEmotions

The gated comparison of Appendix D.3 is run on
GoEmotions. This appendix runs the identical pro-
tocol on all four tasks in the study, so that the mech-
anism is tested rather than assumed to transfer.

Protocol. One script produces every row
(cross_dataset_gates.py). For each task and
each encoder seed, we temperature-scale the en-
coder on that task’s calibration split, rank the eval-
uation examples by margin, forward the lowest-
margin B fraction, and compare the encoder
against verifier accuracy on exactly those examples
with the paired tests of Appendix D.12, combining
seeds by Stouffer. The end-to-end hybrid answers
forwarded examples with the verifier and every-
thing else with the encoder, and is scored against
the encoder-only macro-F1 of the same evaluation
set. No new model calls were needed: the verifier
predictions were already cached for all four tasks,
and the encoder outputs that were missing (ED,
CEDR) were produced by re-running the frozen
checkpoints, each checked against its published
full-coverage macro-F1 before use.

What differs between the tasks. GoEmo-
tions uses the full 5427-example test split and
three RoBERTa seeds; AG News the frozen 2000-

example subsample and three seeds; ED the
full 2542-example test split with the same three
GoEmotions-trained encoders applied zero-shot;
CEDR the 748 evaluation examples that remain
after its 400-example calibration subsample, with
the XLM-R encoder and the two calibration seeds
used elsewhere in the paper. The verifier sets differ
only in what was ever cached for that task.

Result. Table 16 gives the grid. On the three
tasks with an in-domain encoder the verifier is
worse on the forwarded slice, and the hybrid is
below encoder-only, wherever the paired test has
power. On ED, where the encoder is transferred,
every zero-shot verifier is better on the forwarded
slice at every budget and the hybrid beats encoder-
only by a wide margin. The one verifier that does
not help on ED is the LoRA verifier – supervised,
but on GoEmotions’ labelling convention rather
than ED’s – which is the same asymmetry that
makes it the only verifier reaching parity on GoE-
motions.

Three details are worth stating explicitly. First,
AG News shows the effect more sharply than emo-
tion does: an LLM scoring 0.812 standalone falls
to 0.474 accuracy on the forwarded slice, and es-
calation costs 0.06 macro-F1 at a 20% budget,
still 0.03 with the frontier verifier in the slot – so
the selection effect is a property of encoder-first
routing, not of affect annotation. Second, CEDR
is the one task where the conclusion is budget-
dependent, and the reason is that its encoder and
its best verifier are nearly tied standalone (0.841
against 0.828): on 150 examples, a 20% budget for-
wards the paired test cannot separate them, and the
loss only becomes significant from a 40% budget
on. Its two seeds also share one encoder check-
point, so its spread understates encoder uncertainty.
Third, on ED the gain grows monotonically with
verifier scale, from ∆ = +0.142 at 4B to +0.252
at Qwen3.7-Max, mirroring the standalone cross-
task ladder of Appendix D.7: where the labelling
convention is one the models can infer, scale helps
behind the gate as well as in front of it.

D.9 A Non-Affective Closed-Label Task
Emotion is a favorable setting for the escala-
tion hypothesis, which makes a negative result
there informative; to separate mechanism from do-
main, we replicated the complete pipeline on AG
News (Zhang et al., 2015), a 4-class news-topic
dataset with no affective content, chosen because it
is a closed-label task on which supervised encoders
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Table 16: The gated comparison on all four tasks, one protocol. Rows indented under each task header are the
size ladder, run behind that task’s gate; the remaining rows are the verifier slots of the main search, which exist
only where they were ever cached. Standalone: the verifier’s own macro-F1 on that task’s evaluation set, to be
read against the encoder-only figure in the task header. ∆: verifier minus encoder accuracy on the forwarded slice,
aggregated over seeds; † marks the ones a Stouffer-combined exact McNemar cannot separate from zero at p < 0.05,
all others are significant. Hyb.: end-to-end macro-F1 of the escalating hybrid on the full evaluation set. CEDR is
scored over the five Ekman classes its gold actually contains, and its two seeds share one encoder checkpoint – they
differ only in which 400 examples calibrate it – so its spread understates encoder uncertainty and its 150-example
slice at a 20% budget is the least powered cell in the table.

budget 20% budget 40% budget 60% budget 80%

Verifier Standalone ∆ Hyb. ∆ Hyb. ∆ Hyb. ∆ Hyb.

GoEmotions – encoder-only 0.618, n = 5427, 3 seeds
Qwen3.5-4B zero-shot 0.429 −0.088 0.600 −0.128 0.557 −0.167 0.501 −0.198 0.450
Qwen3.5-9B 0.396 −0.128 0.584 −0.168 0.531 −0.200 0.467 −0.221 0.412
Qwen3.5-27B 0.398 −0.103 0.582 −0.141 0.532 −0.178 0.475 −0.209 0.421
Qwen3.5-122B-A10B 0.399 −0.121 0.578 −0.157 0.527 −0.192 0.467 −0.214 0.416
Qwen3.5-397B-A17B 0.400 −0.132 0.571 −0.165 0.521 −0.200 0.466 −0.221 0.417
Qwen3.7-Max 0.392 −0.138 0.566 −0.178 0.514 −0.211 0.460 −0.233 0.410

Qwen3.5-4B LoRA 0.608 +0.034 0.620 +0.011† 0.615 +0.002† 0.611 −0.005† 0.608
Voting k=3 0.416 −0.083 0.596 −0.122 0.553 −0.153 0.499 −0.189 0.440
Self-cons. k=5 0.415 −0.082 0.597 −0.126 0.552 −0.160 0.495 −0.192 0.438
Heterog. voting k=3 0.442 −0.081 0.599 −0.122 0.560 −0.153 0.507 −0.182 0.460
MultiAgentESC 0.341 −0.167 0.561 −0.216 0.497 −0.257 0.425 −0.284 0.363

AG News – encoder-only 0.936, n = 2000, 3 seeds
Qwen3.5-4B 0.812 −0.277 0.879 −0.237 0.836 −0.179 0.824 −0.145 0.816
Qwen3.5-9B 0.796 −0.326 0.868 −0.286 0.812 −0.208 0.801 −0.160 0.798
Qwen3.5-27B 0.855 −0.207 0.894 −0.172 0.865 −0.124 0.859 −0.097 0.856
Qwen3.5-122B-A10B 0.852 −0.229 0.889 −0.178 0.862 −0.129 0.856 −0.101 0.853
Qwen3.5-397B-A17B 0.880 −0.158 0.904 −0.120 0.887 −0.087 0.883 −0.069 0.880
Qwen3.7-Max 0.885 −0.138 0.908 −0.106 0.893 −0.079 0.888 −0.063 0.885

CEDR, ru – encoder-only 0.841, n = 748, 2 seeds
Qwen3.5-4B 0.749 −0.073† 0.846 −0.142 0.817 −0.147 0.795 −0.161 0.761
Qwen3.5-9B 0.749 −0.050† 0.843 −0.109 0.821 −0.117 0.800 −0.145 0.755
Qwen3.5-27B 0.776 −0.057† 0.848 −0.112 0.832 −0.116 0.814 −0.122 0.790
Qwen3.5-122B-A10B 0.806 −0.050† 0.849 −0.074 0.847 −0.080 0.835 −0.099 0.810
Qwen3.5-397B-A17B 0.811 +0.017† 0.859 −0.035† 0.849 −0.051 0.835 −0.063 0.819
Qwen3.7-Max 0.828 +0.003† 0.860 −0.047† 0.852 −0.047 0.848 −0.051 0.838

EmpatheticDial. – encoder-only 0.493, n = 2542, 3 seeds
Qwen3.5-4B 0.564 +0.142 0.528 +0.116 0.556 +0.086 0.565 +0.061 0.563
Qwen3.5-9B 0.588 +0.183 0.536 +0.150 0.564 +0.124 0.581 +0.096 0.584
Qwen3.5-27B 0.626 +0.214 0.554 +0.182 0.597 +0.147 0.618 +0.113 0.625
Qwen3.5-122B-A10B 0.612 +0.201 0.549 +0.167 0.585 +0.137 0.605 +0.104 0.611
Qwen3.5-397B-A17B 0.629 +0.228 0.555 +0.193 0.596 +0.159 0.619 +0.125 0.628
Qwen3.7-Max 0.650 +0.252 0.559 +0.222 0.609 +0.184 0.636 +0.146 0.646

Qwen3.5-4B zero-shot 0.575 +0.133 0.534 +0.114 0.571 +0.080 0.579 +0.051 0.575
Qwen3.5-4B LoRA 0.534 +0.022† 0.516 −0.003† 0.527 −0.005† 0.532 −0.004† 0.533
Voting k=3 0.563 +0.144 0.533 +0.116 0.559 +0.082 0.561 +0.059 0.563
Self-cons. k=5 0.561 +0.150 0.534 +0.118 0.559 +0.084 0.561 +0.061 0.560
Heterog. voting k=3 0.550 +0.089 0.522 +0.071 0.546 +0.046 0.552 +0.028 0.549
MultiAgentESC 0.577 +0.171 0.533 +0.156 0.566 +0.127 0.576 +0.093 0.573
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are very strong – the hardest possible case for our
claim, since it leaves an LLM verifier a large error
budget to recover. RoBERTa-base was fine-tuned
with the paper’s recipe on a stratified 20k train sub-
sample (2 epochs, batch 32, lr 2 × 10−5, seeds
42/43/44), temperature-scaled on a held-out 2k val-
idation subsample, and zero-shot Qwen3.5-4B was
run on a frozen stratified 2k test subsample (greedy
decoding, no parse failures). Splits are frozen once
and shared by all seeds, so only fine-tuning random-
ness varies and the LLM predictions are identical
across seeds.

Table 17 sweeps the margin gate. Standalone,
both systems are competent (encoder 0.936±0.003,
LLM 0.812 macro-F1), and the gap between them
is smaller than the gap between their per-slice ac-
curacies at every budget: escalation replaces en-
coder answers that are right 50-88% of the time
with LLM answers that are right 44-68% of the
time. End-to-end macro-F1 therefore falls mono-
tonically with the escalation budget, from 0.936
with no escalation to 0.829 at a 50% budget. The
effect is significant for budgets of 10% and above;
at a 5% budget only 100 examples are forwarded,
and the comparison is underpowered. The pattern
is sharper here than on emotion – an LLM scor-
ing 0.81 standalone falls to 0.44-0.68 accuracy on
uncertainty-conditioned slices – so the selection
effect is a property of encoder-first routing, not of
affect.

Table 17: Margin-gate budget sweep on AG News
(mean±std over 3 encoder seeds; n = 2000 test exam-
ples). Enc. and LLM are accuracies on the forwarded
slice, ∆ their difference, p the largest per-seed exact
McNemar p-value, and F1 the end-to-end macro-F1
of the escalating hybrid. Encoder-only macro-F1 is
0.936±0.003.

Budget nfwd Enc. LLM ∆ p F1

5% 100 0.500 0.437 −0.063±0.047 1.00 0.933±0.003
10% 200 0.622 0.473 −0.148±0.024 0.01 0.921±0.005
20% 400 0.751 0.474 −0.277±0.019 <10−3 0.879±0.003
30% 600 0.818 0.545 −0.273±0.004 <10−3 0.850±0.003
50% 1000 0.880 0.676 −0.204±0.002 <10−3 0.829±0.002

D.10 Full Split-Conformal Results

Table 18 reports marginal split-conformal at three
target miscoverage levels α ∈ {0.05, 0.10, 0.20}
across GE, ED, and CEDR. GE and ED rows are
mean±std over seeds {42, 43, 44}; CEDR rows are
mean±std over seeds {42, 43} (the seed-44 XLM-
R checkpoint is left for future work). At larger
α the threshold can yield empty sets, treated as

Table 18: Full split-conformal sweep. Cov.: empiri-
cal prediction-set coverage; Acc.: singleton-set rate;
F1,acc: macro-F1 on accepted examples. GE/ED: 3
seeds; CEDR: 2 seeds.

Dataset α cov. acc. F1,acc

GE 0.05 0.947±0.011 0.242±0.042 0.807±0.022
GE 0.10 0.905±0.008 0.366±0.023 0.817±0.005
GE 0.20 0.813±0.009 0.655±0.019 0.705±0.012
ED 0.05 0.967±0.003 0.010±0.003 0.132±0.006
ED 0.10 0.916±0.003 0.071±0.009 0.256±0.017
ED 0.20 0.823±0.001 0.251±0.001 0.525±0.010
CEDR 0.05 0.960±0.002 0.662±0.015 0.660±0.007
CEDR 0.10 0.902±0.024 0.894±0.047 0.619±0.020
CEDR 0.20 0.794±0.010 0.883±0.007 0.618±0.006

abstentions; singleton acceptance is therefore not
guaranteed to be monotone in α (explaining the
slight CEDR drop from α = 0.10 to α = 0.20).

D.11 Confidence-Score Ablation

Within the encoder-first selective router, we com-
pare three confidence scores – margin, maximum
probability, and an entropy-derived confidence –
on GoEmotions at the best-found threshold (θ ≈
0.86), together with the two threshold extremes
(Table 19). Full-test macro-F1 and cost are identi-
cal across all of them by construction: the router
only abstains, so no choice of score changes the
encoder’s own predictions, and every variant issues
the same one encoder call per example. What the
score changes is which examples are accepted, and
there margin separates correct from incorrect en-
coder predictions best. We therefore use margin
throughout.

Table 19: Confidence-score and threshold ablation on
GoEmotions (seed 42). Full-test macro-F1 is 0.623, and
cost is one encoder call for every row (abstention never
overrides the encoder), so only the accepted set moves.
Cov@5%: coverage at the 5% accepted-error budget;
Fwd.: fraction of examples the gate forwards.

Variant F1,sel Cov@5% Fwd.

Margin (default) 0.826 0.223 66.7%
Maximum probability 0.815 0.216 57.6%
Entropy-derived 0.667 0.217 73.5%

Low threshold θ=0.30 0.689 0.223 20.8%
High threshold θ=0.99 0.248 0.223 91.0%

D.12 Rejected-Slice Statistical Testing

For each encoder seed, we form the seed-specific
rejected slice under the validation-selected mar-
gin threshold and compare paired correctness in-
dicators between the encoder and each verifier
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using exact McNemar’s test. We convert each
exact p-value to a signed z-score using the sign
of the verifier-minus-encoder accuracy difference,
then combine the seed-level scores with Stouffer’s
method. Table 20 gives the per-seed inputs behind
every combined p we report, so the aggregation
can be checked rather than taken on trust. Since
all non-LoRA verifier comparisons remain signifi-
cant at p < 10−3, the rejected-slice conclusion is
unchanged under Bonferroni correction.

Table 20: Per-seed exact McNemar on the rejected slice
(GoEmotions), for the verifier slots of the main search;
the ladder rungs and Gemma3-4B are tested identically,
and their per-seed rows are released with the ladder
artifact. n: size of that seed’s slice; b/c: discordant pairs
where only the encoder / only the verifier is correct;
concordant pairs carry no information and drop out. ∆
is verifier minus encoder accuracy. LoRA-Qwen is the
one verifier whose per-seed tests all fail to reject, which
is what the combined p = 0.68 of Table 7 aggregates.

Verifier Seed n ∆ b c p

Qwen3.5-4B LoRA 42 3657 −0.002 490 482 0.82
43 3461 +0.000 443 444 1.00
44 3936 −0.004 479 463 0.63

combined (Stouffer) 0.68

Qwen3.5-4B zero-shot 42 3657 −0.177 1135 488 <10−3

43 3461 −0.173 1068 470 <10−3

44 3936 −0.192 1247 490 <10−3

Voting k=3 42 3657 −0.165 1108 506 <10−3

43 3461 −0.160 1035 483 <10−3

44 3936 −0.180 1215 505 <10−3

Self-cons. k=5 42 3657 −0.169 1102 483 <10−3

43 3461 −0.166 1036 462 <10−3

44 3936 −0.186 1221 489 <10−3

Heterog. voting k=3 42 3657 −0.161 1073 483 <10−3

43 3461 −0.158 1007 462 <10−3

44 3936 −0.175 1182 495 <10−3

MultiAgentESC 42 3657 −0.270 1353 366 <10−3

43 3461 −0.264 1282 369 <10−3

44 3936 −0.282 1496 385 <10−3

D.13 Preliminary AutoMAS Observations
(Scoping Only)

We adapted AutoAgents (Chen et al., 2024a) and
EvoAgent (Yuan et al., 2025) to Qwen3.5-4B over
subsets of GoEmotions and ED. Each example in-
vokes a multi-step reasoning workflow with long-
generation prompts, not short classification calls.
End-to-end wall-clock latency is ≈ 46 s (AutoA-
gents, ≈ 5 calls) and ≈ 138 s (EvoAgent, ≈ 9
calls) per example. On available subsets they un-
derperform simpler baselines: AutoAgents reaches
F1 = 0.376 on GE (n = 1450) and 0.527 on ED;
EvoAgent reaches 0.239 and 0.409 respectively
(n = 450). We list these as scoping evidence,
not primary baselines, because their call budget
and latency place them outside the low-overhead

regime targeted by the encoder-first selective router.
These numbers are not used in the main Pareto-
front claims; they only motivate excluding full Au-
toMAS workflows from the low-overhead verifier
search.
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per. The original text of this paper was spell- and
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results, and conclusions are the authors’ own.
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