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Abstract
We report the rank-1 system for NeuroMM-2026 Track-1, binary EEG spike detection scored
by AUPRC. The system combines domain-aware preprocessing, five time–frequency represen-
tations, ImageNet-pretrained vision backbones adapted from prior competition solutions, and
a regularized Nelder–Mead ensemble, reaching an inductive score of 0.9711. A conventional
pseudo-labelling warm-up improves this to 0.9778, after which our candidate-specialist self-
training procedure adds high-confidence released candidates at full weight and reaches 0.9846.
Because this final regime is transductive and in-sample by design, we evaluate it with a held-
out-fold replay, which suggests partial transfer while not excluding candidate-specific memo-
rization. The main lesson is that, on this saturated EEG benchmark, broad model diversity is
insufficient; the decisive lever is many confident pseudo-labelled candidates, full commitment,
and candidate-excluded real-label validation. Code: https://github.com/GG3BBE0/PushingPastSaturation-
NeuroMM-2026-Track1.
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Abstract
We report the rank-1 system for NeuroMM-2026 Track-1, binary

EEG spike detection scored by AUPRC. The system combines

domain-aware preprocessing, five time–frequency represen-

tations, ImageNet-pretrained vision backbones adapted from

prior competition solutions, and a regularized Nelder–Mead

ensemble, reaching an inductive score of 0.9711. A conventional

pseudo-labelling warm-up improves this to 0.9778, after which our

candidate-specialist self-training procedure adds high-confidence

released candidates at full weight and reaches 0.9846. Because this
final regime is transductive and in-sample by design, we evaluate

it with a held-out-fold replay, which suggests partial transfer while

not excluding candidate-specific memorization. The main lesson is

that, on this saturated EEG benchmark, broad model diversity is

insufficient; the decisive lever is many confident pseudo-labelled

candidates, full commitment, and candidate-excluded real-label vali-

dation. Code: https://github.com/GG3BBE0/PushingPastSaturation-

NeuroMM-2026-Track1.
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• Computing methodologies→ Neural networks; Supervised
learning by classification; • Applied computing→ Health in-
formatics.
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1 Introduction
Starting from a strong inductive baseline with an AUPRC of 0.9711,

a conventional pseudo-labelling warm-up improves performance to
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0.9778 (+0.0067), after which the gain saturates. We then introduce

a candidate-specialist refinement step, which provides the decisive

additional improvement of +0.0068, reaching the final AUPRC of

0.9846 and yielding a total transductive gain of+0.0135. This setting
follows the challenge-permitted protocol and is intentionally in-

sample with respect to the released candidate set by design (§3.5).

Held-out-fold simulations further suggest partial transfer to unseen

labelled folds, although they do not fully exclude the possibility of

candidate-specific adaptation (§3.6).

We emphasize that the individual model architectures are

adapted from prior work; therefore, this paper should be un-

derstood primarily as a rigorous winning-system report rather

than a purely architecture-centric contribution. Nevertheless, the

proposed system contributes a new integrated framework that

combines strong EEG representation models, pseudo-labelling, and

candidate-specialist refinement into an effective and reproducible

pipeline. Its value lies in system-level integration, careful empirical

validation, reproducibility, and practical lessons for automated

EEG interpretation under realistic challenge settings.

Contributions:
(1) A rank-1 reproducible EEG-spike detection system. We

develop an end-to-end system that combines domain-aware

EEG preprocessing, five complementary time–frequency rep-

resentations, adapted ImageNet-pretrained backbones, and a

regularized Nelder–Mead ensemble optimization strategy. The

resulting system achieves rank 1 on the official leaderboard.

(2) A candidate-specialist self-training analysis under induc-
tive saturation.We conduct a systematic study of self-training

in a saturated regime and show that, after a strong inductive

baseline has plateaued, using many high-confidence candidates

at full weight is more effective than sparse, down-weighted

pseudo-labelling. Held-out-fold replay experiments and abla-

tion studies further characterize the source of the gain, its ro-

bustness, and its limitations.

We are explicit about attribution and scope. Our stacked-

spectrogram CNN follows the channel-stacking scheme of a public

HMS solution [30], whereas our multi-view model is a simplified

re-implementation of another [25] (§3.3); both use ImageNet-

pretrained timm [37] backbones. Pseudo-labelling, self-training,

and transductive learning are established techniques [8, 16, 38].

The contribution lies in integrating these components into a

reproducible rank-1 system, identifying when candidate-specialist

self-training remains useful after inductive saturation, and
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providing an empirical study of its benefits and limitations in

EEG-spike detection.

2 Related Work
2.1 EEG spike detection and representations
Automated IED detection has been approached with raw-signal and

time–frequency CNNs [13], semi-supervised anomaly models [1],

and multimodal detectors that pair EEG with video [20]; in parallel,

large EEG foundation models are pretrained on unlabelled record-

ings (LaBraM [12], BIOT [39], REVE [5]) and recent work couples

EEG features to language models for seizure detection [19]. We

take the time–frequency-image route and, rather than committing

to a single basis, combine complementary ones—Morlet and band-

passed CWT, the Paul wavelet [32], superlets [24] and STFT—each

fed to ImageNet-pretrained backbones. The resulting ensemble is

purely inductive and, as §4.1 shows, it saturates; §2.2 positions the

transductive stage that breaks it.

2.2 Semi-supervised and transductive
self-training

Pseudo-labelling [16], Noisy Student [38] and learning by transduc-

tion [8] are the classical anchors, and modern deep semi-supervised

learning is broad [40]. Our candidate-specialist stage occupies a nar-

row position in that space. The unlabelled set is not auxiliary data:

it is the released candidate pool that is itself scored. A converged

ensemble teacher assigns hard labels to a large tail-selected subset,

and those candidates enter training at full weight. Each teacher

iteration is accepted only if cross-validation computed purely on

real labels improves, which is well defined because every pseudo-

labelled candidate is tagged fold=−1 and never enters a validation

fold (§3.5). The challenge test labels are hidden and the leaderboard

is closed, so re-running the ladder under each alternative design is

not possible. We therefore position this design against four recent

families analytically rather than empirically.

(1) Clustering-first and incremental self-training. Incremental self-

training [9] clusters the unlabelled pool first and measures certainty

by the Euclidean distance from a sample to its cluster centre, ad-

mitting confident samples early and decision-boundary samples

only once the model has stabilized. Clustering-based SSL [7] in-

stead ties cluster prototypes to class prototypes and learns assign-

ments and labels jointly under a single objective. We never cluster

in feature space: the inclusion criterion is the teacher posterior,

gated externally by real-label cross-validation. This avoids assum-

ing that EEG windows form clean clusters, an assumption strained

by the inter-subject and inter-montage variability of scalp EEG. A

posterior-based criterion also stays comparable across heteroge-

neous backbones whose feature spaces are not directly comparable.

What we give up is the curriculum those methods provide implicitly:

without easy-first ordering and a second look at boundary sam-

ples, a candidate the teacher misjudges is not re-examined within a

round.

(2) Disagreement-weighted and mutual training. DMT [6]

co-trains two differently initialized models and down-weights

the pseudo-label loss wherever they disagree. The related co-

teaching [10] exchanges small-loss samples between peers, though

as a noisy-label-robustness device rather than a semi-supervised

disagreement scheme. We do not modulate the loss at all. High-

confidence candidates are committed at weight 1.0, and the risk

is carried by an external gate, candidate-excluded real-label CV,

instead of an internal re-weighting term. §4.2(B) shows that at

saturation down-weighting caps the achievable gain whereas full

commitment raises every retrained specialist, and one external

gate is cheaper than co-training and coordinating several students.

What we forgo is a cross-model signal for errors the teacher makes

confidently and consistently: the gate can reject an entire round,

but not an individual mislabelled candidate.

(3) Layer-specific gating and pseudo-label routing. Layer-

Match [18] separates the effect of pseudo-labels across network

depth. Its Grad-ReLU component suppresses the pseudo-label

gradient at the linear classifier while the feature extractor still

receives it, and its Avg-Clustering component stabilizes the cluster

structure that extractor learns, so noisy pseudo-labels may shape

representations without moving the decision boundary. Our gating

acts at the sample level rather than the network level: a candidate is

either admitted at full weight or discarded, and once admitted the

ordinary loss reaches all trainable parameters. Sample-level gating

is architecture-agnostic, so one recipe transfers unchanged across

our pool of CNN and transformer backbones. Those backbones

share no common layer taxonomy, so a depth-wise rule could not

be defined consistently across them. The cost is coarser control:

label noise that survives the threshold reaches the classifier as well

as the features.

(4) EEG-specific semi-supervised and test-time adaptation. Semi-

supervised learning for EEG has been reviewed primarily for emo-

tion recognition [29], with representative methods such as multi-

modal semi-supervised affect recognition [3], while self-supervised

EEG pretraining is surveyed separately [36]. For clinical IED analy-

sis, prior semi-supervised methods use autoencoder-based anomaly

modelling [1] or temporal-autoencoder clustering of intracranial

EEG from few gold labels [26]. A related deployment-time direction

is test-time adaptation: T-TIME adapts an ensemble to streaming

unlabelled target-subject EEG by information maximization [17],

TENT provides the general entropy-minimization framework [34],

andNeuroTTT extends test-time training to EEG foundationmodels

in a recent preprint [35]. Transductive protocols remain rare in EEG,

where the unlabelled pool is normally treated as an annotation-cost

problem rather than as scored data. Those lines use unlabelled EEG

to cut annotation cost or to adapt to unseen subjects. We instead

retain complete real-label supervision and specialize offline to a

fixed released pool that is itself the scored set. Direct access to the

released candidates lets the specialists adapt to the target input

distribution, which reduces the source–target mismatch that often

limits transfer in EEG. In exchange we inherit none of the EEG-

specific consistency, augmentation or subject-adaptation priors

those lines develop, and we take on a stronger candidate-specific

adaptation risk.

Scope of the transductive setting. The final gain is by construc-

tion tied to a fixed released candidate set: a transductive learner

improves predictions on the very samples it trains on, so a leader-

board number alone cannot separate genuine generalization from

candidate-specific adaptation. We therefore rely on the held-out-

fold replay of §4.3, which we read conservatively: it repeats the

procedure on labelled folds the teacher never saw and is positive
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on 4/5 folds, which is suggestive of partial transfer but does not

exclude memorization of the particular candidates. Families (1)–(3)

are normally evaluated under inductive protocols, although they

too could consume the released pool as unlabelled training data.

The distinction is not whether the pool may be used, but whether

training is explicitly specialized to improve predictions on that

same fixed evaluation pool. We regard this as a property of the

evaluation protocol rather than a defect of the procedure.

3 Method
The system is an inductive pipeline (§3.2–§3.4) that saturates, fol-

lowed by a transductive self-training step (§3.5) that breaks satura-

tion, plus a generalization check (§3.6). Figure 1 gives the overview.

3.1 Problem and notation
We have 𝑁=25,426 labelled windows from the NeuroMM-2026

Track-1 corpus [21, 31] under a 5-fold patient-disjoint split, with
overall positive rate 9.9% (per-fold 5.8%–13.0%), and𝑈=20,000 unla-

belled candidates that constitute the scored set. We write AUPRCcv

for pooled 5-fold out-of-fold AUPRC on real labels, and denote by

fold=−1 a sample that is always in training and never in validation.

3.2 Preprocessing and representations
Given the class imbalance, a recurring obstacle in clinical EEG

classification [4], we use focal loss [22] as a standard choice for

hard-example emphasis. Each 4-second window (2000 samples at

500Hz) is reduced from 29 to 26 channels by scaling EEG and

physiological channels to comparable ranges and forming three

bipolar derivations (ECG and two EMGs), which is a standard mon-

tage choice. A band-passed branch additionally applies a 4th-order

Butterworth band-pass (0.5–70Hz, zero-phase), a 50Hz notch, an

EEG-only common-average reference, and a per-channel robust nor-

malization (𝑥−median)/(IQR+𝜖). On the unfiltered montage signal

we compute raw EEG, Morlet CWT, Paul-wavelet CWT [32], the

superlet [24] (geometric mean of |CWT| over Morlet cycle counts

3–7, a batched-FFT GPU kernel), and an STFT; the band-passed

branch yields band-passed EEG and BP-CWT (the CWT of that

band-passed signal). This gives two time-domain inputs (26×2000)
and five complementary time–frequency representations (wavelet

maps 26×64×256, STFT 26×65×59). Adapting the channel-stacking

scheme of a public HMS solution [30], a multi-channel spectro-

gram 𝑥 ∈ R𝐶×𝐹×𝑇
(channels × frequency × time) is stacked along

frequency into a single-channel image, bilinearly resized to 𝑆 × 𝑆
(𝑆 ∈ {256, 384}), and fed to an ImageNet-pretrained backbone; we

write rep@𝑆 throughout for a representation rep at input resolution
𝑆×𝑆 .

3.3 Diverse model pool
We instantiate the adapted stacked-spectrogram CNN across five

representations, two resolutions, and several timm backbones

(e.g., MaxViT [33] and ConvNeXt [23]); our contribution here is

the breadth of the instantiation. Inspired by a multi-view EEG

model [25], our re-implementation uses a learnable temporal con-

volution: a one-second kernel filters along the time axis, replacing

hand-crafted band-pass filtering with a learned filter bank (LFB).

Its output is treated as a time–frequency map and reordered into

two complementary views, channel-major and frequency-major,

each fed to its own backbone. Relative to the source, we use

only a single LFB rather than its multi-scale stack, and drop its

spectrogram and recurrent branches—a simplification suited to

the smaller NeuroMM data. Following common deep-supervision

practice, these models carry auxiliary heads; our specific choice

is to apply the focal loss only to the main head while keeping

binary cross-entropy (BCE) on the auxiliary heads, so the focal

gain remains attributable to the main head. Finally, a few legacy

time-domain EEG CNNs (an EEGNet-style compact CNN [15] and

a MobileNet-based model [11]) from early experiments are kept in

the pool for diversity; they carry negligible final weight (Table 1).

Representation analysis. On the only same-backbone comparison

level (384 px), Paul is the single strongest representation (0.858),

with superlet second (0.849) and CWT third (0.841); their 95% boot-

strap intervals overlap heavily, so no single representation dominates.
The superlet member earns the largest ensemble weight only after

heavy augmentation and at 384 px (§4.2), not because the represen-

tation is intrinsically superior.

3.4 Regularized Nelder–Mead ensemble
We combine member out-of-fold logits by maximizing AUPRC over

non-negative simplex weights with Nelder–Mead [27]. Because

AUPRC is non-smooth in the weights, gradient and SLSQP [14]

solvers collapse to a near-uniform (simple-average) solution. There-

fore, a derivative-free search is required. Three regularizers stabilize

the high-dimensional weight estimate: (i) Two-dimensional trim-
ming: a member is dropped only if it is both individually weak

(single-model AUPRCcv < 0.68) and assigned near-zero weight

(< 0.005)—either criterion alone is unreliable, since a weak member

can still earn weight through useful decorrelation and a strong one

can be redundant with the rest. (ii) Bagging [2]: we average the

weights over bootstrap resamples of the validation set, damping the

variance of any single non-convex optimum (reruns then differ only

marginally; the spread is quantified in §4). (iii) Capping per-member

weight at 0.20 (a conservative choice; sweeping it barely moves

the in-sample AUPRCcv). The resulting ensemble of 43 members

(reruns vary 43–45) reaches an in-sample AUPRCcv of 0.9269 and

a leaderboard 0.9711. These weights are fit on the same AUPRCcv,

so 0.9269 is optimistic—yet it still sits below the leaderboard; the

more conservative nested-CV estimate, with weights fit on disjoint

folds, is reported in §4.2. Adding further same-family architectures

inflates in-sample AUPRCcv without improving the leaderboard—a

symptom of saturation—which motivates a different lever.

3.5 Candidate-specialist transductive
self-training

Rather than adding correlated architectures, we exploit the 20k

unlabelled candidates as in-distribution training data. This is per-

mitted by the challenge and uses no hidden labels; the strongest
available ensemble teacher assigns a pseudo-label to each confident
candidate—a high-probability tail above a threshold hi becomes a

pseudo-positive, a low-probability tail below lo a pseudo-negative,

and the uncertain middle is discarded so that only labels the teacher

is sure about enter training.
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Figure 1: System data-flow. An inductive pipeline—preprocessing, five time–frequency representations, a diversemodel pool (two
representative members shown), and a regularized Nelder–Mead ensemble—is broken past saturation by candidate-specialist
transductive self-training, whose teacher iteration is gated by candidate-excluded cross-validation. Backbones are shown as
boxes, not internal architectures: the spectrogram members use off-the-shelf timm backbones [30, 37], while the multi-view
model is our simplified re-implementation of a public design [25].

The fold=−1 real-label gate. Every pseudo-labelled candidate is

tagged fold=−1, meaning it is always in the training partition and

never in any of the five validation folds. Consequently the cross-

validation that decides whether to accept a self-training round is

computed entirely on real-labelled held-out folds that contain no

pseudo-labels. This makes the gate a conservative real-label check

against self-amplification: if pseudo-label error amplification also

damages transferable decision structure, it is expected to appear

as a drop on the real-labelled folds rather than as a spurious gain.

Accepting a round only when this real-label CV rises beyond the

noise floor therefore lets us train candidates at full weight while

providing a round-level check; it cannot, however, detect candidate-

specific errors that leave the real-label CV unchanged.

An initial pseudo-labelling phase (a few thousand down-

weighted candidates) reaches 0.9778 (+0.0067) and saturates.

Our candidate-specialist procedure (Algorithm 1, two teacher

iterations) then takes this to 0.9818 and 0.9846 (+0.0068 in total,

the second contribution to the +0.0135 transductive gain). Four

design choices matter: (i) quantity—a permissive threshold yields

11,336 candidates (4,336 positive, 7,000 negative), several times the

pseudo phase; (ii) full commitment—candidate weight 1.0, reversing
the pseudo phase’s down-weighting (0.4–0.5); (iii) the fold=−1
real-label gate; and (iv) teacher iteration (the second teacher is the

first specialist ensemble). The single-model real-label AUPRCcv of

every one of the five retrained specialists rises—+0.036 to +0.080
(Table 3)—yet we note that the final 0.9818→0.9846 leaderboard

step is an ensemble/teacher-iteration effect, not a further rise in

those single-model AUPRCcv values: the stronger second teacher

selects cleaner pseudo-labels and the recalibrated specialists

Algorithm 1: Candidate-specialist transductive self-

training (run for 2 rounds).

Input: labelled D, unlabelled candidates𝑈 , thresholds (hi, lo)
𝐸0 ← NM-Ensemble(model pool) ;
for 𝑡 = 0, 1 do

𝑃𝑡 ← {(𝑝, 𝐸𝑡 (𝑝 ) ) : 𝑝 ∈ 𝑈 , 𝐸𝑡 (𝑝 ) ≥hi or 𝐸𝑡 (𝑝 ) ≤ lo};
D𝑡 ← D ∪ {(𝑝, 𝑦̂, fold=−1, 𝑤=1) : (𝑝, 𝑦̂) ∈ 𝑃𝑡 };
retrain specialists on D𝑡 with focal loss;

𝐸𝑡+1 ←
NM-Ensemble(model pool with specialists swapped in) ;

accept iff real-label AUPRCcv rises beyond the noise floor;

recombine slightly better under Nelder–Mead. We flag this final

rung as the least mechanistically resolved step of the ladder.

3.6 Held-out-fold generalization check
Because the leaderboard gain is in-sample, we run a cross-

validation-style check (not a new method). For each fold 𝑘 , a

teacher trained only on the other four folds pseudo-labels fold 𝑘 ;

we inject those pseudo-labels at fold=−1, retrain a specialist, and

evaluate on fold 𝑘’s true labels (Figure 2). This faithfully replays

the transductive procedure on labelled held-out data, with fold 𝑘

playing the role of the candidate set. Limitation: it is a train-fold
proxy and cannot directly rule out memorization of the specific

released candidates.
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teacher trained on folds ≠ 𝑘

pseudo-label fold-𝑘 windows (≥hi/≤lo)

inject at fold=−1, retrain specialist

evaluate on fold-𝑘 true labels

Δ = specialist − canonical

Figure 2: Held-out-fold generalization check: the transduc-
tive procedure replayed on labelled held-out data, with fold-𝑘
in the role of the candidate set. Repeated for each 𝑘 ; positive
Δ on unseen true labels is suggestive of partial transfer of
the self-training mechanism.

Table 1: Model-pool composition. The NM wt. column (per-
family ensemble weight, summing to 1) splits into the self-
training specialist share and the inductive-pool other; the
five specialists carry 0.649. multi-view and legacy are time-
domain. Weights derived in §3.4.

Family Members NM wt. specialist other

multi-view 14 0.252 0.159 0.093

superlet 3 0.251 0.200 0.051

BP-CWT 4 0.176 0.143 0.033

Paul 5 0.154 0.091 0.063

CWT 13 0.145 0.056 0.089

legacy 2 0.013 — 0.013

STFT 2 0.009 — 0.009

Total 43 1.000 0.649 0.351

4 Experiments
Setup. 5-fold patient-disjoint CV; AUPRC. Inductive models were

trained on RTX 3090 GPUs and the final specialists on an HPC

cluster with H100 GPUs; the released system rebuilds on CPU.

Single-model scores are pooled 5-fold AUPRCcv with bootstrap 95%

intervals; ensemble comparisons use paired multi-seed differences.

The final 0.9846 ensemble has 43 members after trimming; the five

candidate specialists (superlet@384, multi-view, and CWT/Paul/BP-

CWT@256) carry ≈65% of the weight, the superlet specialist alone

hitting the 0.20 cap, with the remaining weight spread across the

diverse model pool (Table 1 gives the composition by representa-

tion).

Ensemble stability and reseeding sensitivity. Re-deriving the
bagged Nelder–Mead weights under eight bagging seeds leaves the

pooled AUPRCcv near-identical (mean 0.9270, SD 0.0002) and the

leaderboard within 0.9842–0.9852 (mean 0.9847); the late ladder

steps clear this band, so the gains are not optimizer noise. Signif-

icance against the hidden test labels remains out of reach, so the

central claim leans on the multi-seed held-out-fold evidence (§4.3).

Table 2: Score ladder on the official test set; stages from 0.9778

are transductive.

Score Method Δ Regime

0.9247 15-arch baseline — inductive

0.9446 full pool (23 arch) +0.0199 inductive

0.9605 +STFT/Paul views (29) +0.0159 inductive

0.9663 +band-passed EEG (33) +0.0058 inductive

0.9711 regularized NM ensemble +0.0048 inductive (sat.)

0.9778 pseudo-labelling phase +0.0067 transductive

0.9818 candidate specialist (full wt.) +0.0040 transductive

0.9846 specialist + teacher iter. +0.0028 transd. (rank 1)

4.1 Main result
Table 2 traces the ladder from a 15-architecture baseline (0.9247)

through inductive saturation (0.9711) to 0.9846. The stages from

0.9778 are transductive—the specialists train on pseudo-labelled re-

leased candidates (∼57% of the scored set, challenge-permitted)—so

0.9846 carries an in-sample component, and out-of-sample general-

ization is assessed separately in §4.3.

4.2 Ablations
(A) Augmentation is representation-dependent. At a fixed

backbone, heavy SpecAugment [28] helps superlet@384 (+0.0167),
Paul@256 (+0.008) and CWT@256 (+0.0036) but hurts BP-

CWT@256 (−0.003, the input is already denoised). This, with the

384 px resolution, explains the superlet member’s large ensemble

weight—not representation superiority.

(B) Full commitment to many candidates, not a tuned thresh-
old. Candidate self-training and the earlier pseudo-labelling are

the same procedure with opposite hyper-parameters: the pseudo

phase treats pseudo-labels as noise (few candidates, down-weighted

0.4–0.5), spanning 2,695 at threshold 0.90 up to 3,438 at threshold

0.80/weight 0.5, and all stall at 0.978; the candidate specialist com-

mits fully (11,336 at threshold 0.60, weight 1.0). The two regimes

separate at two levels.
Single-model OOF (Table 3). Down-weighting yields incon-
sistent gains—round-1 {+0.014,−0.006,−0.003} and round-3

{−0.010,+0.042,+0.020} on CWT/Paul/BP-CWT, with some

members regressing whereas full weight raises every one of

the five retrained specialists uniformly, by +0.036 to +0.080
(CWT/Paul/BP-CWT/superlet and multi-view).

Ensemble (nested real-label CV). Swapping the full-weight specialists
into the ensemble raises its nested out-of-fold AUPRC by +0.0386
over the inductive baseline (all five seeds positive, +0.032 to +0.043;
+0.0131 over the pseudo-labelled system). This is computed on

held-out real folds that never contain candidates, so it is a gen-

uine out-of-fold gain, not in-sample fitting. Full-weight training is

made more defensible by the fold=−1 injection, which keeps the

validation folds free of pseudo-labels: confirmation bias that dam-

ages transferable decision structure is expected to appear as a CV

drop, although candidate-specific errors that leave the real-label

CV unchanged may remain undetected. Lesson: in this saturated

setting, committing fully to many candidates was more effective
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Table 3: Per-specialist single-model self-training gain (real-
label AUPRCcv, specialist − base, pooled 5-fold); all five
improve, the consistency being the evidence for the
quantity×commitment lesson.

Specialist self-training Δ

CWT@256 +0.0372
Paul@256 +0.0474
BP-CWT@256 +0.0361
superlet@384 +0.0587
multi-view

† +0.0800
†
time-domain; lower base, more headroom.

than conservative down-weighting at any threshold we tried, pro-

vided each round was audited with candidate-excluded CV. We read

+0.0386 for direction, not magnitude: it over-estimates the leader-

board +0.0135 roughly threefold (CV runs on noisier labels with

more headroom while the cleaner candidates are nearer ceiling), so

the evidence we rely on is the consistently positive sign across all

five seeds, and we use this CV as a directional accept/reject gate,

not a calibrated predictor of test improvement.

(C) Hard targets outperform soft targets at saturation. A soft-

target self-training variant, in the spirit of [38], gains only +0.0020
nested AUPRCcv (within the ±0.005–0.01 noise floor), losing the

quantity edge of hard pseudo-labels.

4.3 Generalization check
On the held-out-fold check (§3.6), per-fold Δ is positive on 4/5 folds
for both CWT (mean +0.0318) and multi-view (mean +0.0547). The
CWT mean is outlier-driven (fold 2, +0.125), so we foreground

the consistently positive sign—suggestive of partial transfer, not
decisive. A stronger teacher yields a larger gain (+0.0318 vs.+0.0022
for a weak single-model teacher). Fold 4 is the only non-positive

fold in both.

5 Discussion
Why architectural diversity stopped paying. The inductive

half of Table 2 improves in steps that shrink as the pool grows

(+0.0199, +0.0159, +0.0058, +0.0048), and §3.4 indicates why: the

ensemble weights are fitted on the same out-of-fold predictions

used to report the score, so in-sample AUPRCcv can keep rising

while the leaderboard does not. Past a certain pool size the quantity

that overfits is no longer any individual model but the weight vector,

so a candidate architecture has to be judged on an estimate whose

weights were fitted on disjoint folds; on the in-sample figure alone,

every addition looks like progress.

What the transductive step changed. Once diversity saturates,

the binding constraint is no longer capacity or decorrelation but the

amount of labelled data available in the distribution being scored.

Candidate self-training relaxes that particular constraint: it converts

a strong teacher into many more training examples drawn from

the scored pool, which is why a gain appears without any new

architecture. This also offers a reading of the asymmetry in §4.2(B).

Down-weighting keeps the effective number of training examples

close to the labelled set and so cannot relieve the constraint, whereas

full commitment can.

When the recipe applies. The procedure needs the scored set to

exist before training. That holds in a challenge and in retrospective

review of an archived corpus, but not in prospective monitoring

where recordings arrive continuously. In that regime the analogue

is not candidate specialization but the test-time adaptation line

of §2.2, which updates a deployed model on unlabelled data as it

arrives. The two are complementary: when a fixed pool is available

and a strong teacher exists, committing to that pool was worth

more than any further architectural diversity we found.

What the comparison amounts to. Seen against the four families

of §2.2, our design trades machinery for a single external check:

no feature-space clustering or admission curriculum, no co-trained

peers for a disagreement signal, and no depth-wise routing of the

pseudo-label gradient—only a sample-level accept/discard decision

whose risk is absorbed by a real-label gate. That trade is what

makes full commitment affordable and is equally where the method

is weakest: the gate can veto a round but never an individual misla-

belled candidate, so a confidently and consistently wrong teacher

goes unchallenged.

6 Conclusion
On this saturated benchmark, the effective lever is disciplined

transductive self-training—many confident candidates at full com-

mitment, gated by candidate-excluded CV. Quantity×commitment

paid off here because three conditions held at once—the teacher

was already strong, the unlabelled pool was in-distribution and re-

leased in full, and a candidate-excluded split existed to audit every

round. Where any of them fails—a weaker teacher, a shifted pool,

or no clean real-label holdout—the alternatives we forgo (down-

weighting, or a cross-model disagreement signal) become the safer

choice. Our evidence is correspondingly conservative: the held-out-

fold replay is positive on 4/5 folds and we read it as suggestive

of partial transfer, not as proof that the gain is free of candidate-

specific adaptation. We contribute a rank-1 reproducible system, a

transferable self-training lesson with its scope made explicit, and a

map of the saturation frontier. Future work: testing the lesson on

other datasets and recovering the per-candidate control a single

external gate gives up.
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