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Abstract

Public infant cry corpora are small, label-incompatible, and
almost always evaluated one corpus at a time. We ask what
this practice hides—and what fixes it. Across four cry cor-
pora screened by a multi-level leakage audit (byte-level and
embedding-level deduplication), we probe four frozen en-
coders and a handcrafted baseline under a unified five-class
need ontology and shared task formulations. The audit ex-
poses what single-corpus evaluation conceals: within-domain
macro-F1 swings by 0.52-0.77 for the same encoder, cross-
corpus transfer is negative on average (negative-transfer ratio
0.18-0.34, significant in 17 of 30 directed cells, BH-FDR),
and 349 content-identical clip groups carry conflicting labels
across corpora. The same audit, however, reveals a consis-
tent way forward. Transfer into the noisiest corpus is reliably
positive—at matched training size and after near-duplicate
removal—offering a practical recipe for small, noisy corpora.
Frozen probes saturate at modest label budgets, while stabi-
lized fine-tuning wins with full labels; domain-adaptive pre-
training helps mainly at the full-data end. Above all, ontology-
mapped joint training wins in all four encoder-by-target set-
tings, whereas naively merging unmapped labels costs up to
37 F1 points. We release the ontology, mapping code, and
audit pipeline, turning incompatible cry corpora into a usable
joint-training resource.

1 Introduction

Caregiving technology increasingly promises to tell parents
why an infant is crying — hungry, tired, in discomfort, or in
need of soothing. Behind that promise sits a small research
field built on a handful of public cry corpora, each collected
under different conditions, from different populations, with
different label conventions. As audio foundation models be-
come the default feature extractors for such tasks, a practical
question arises for anyone who trains on this data: how far
do these models transfer to infant signals?

Infant cry classification has progressed from MFCC-and-
SVM pipelines to deep architectures (Maghfira, Basaruddin,
and Krisnadhi 2020; Ozseven 2023; Zayed, Hasasneh, and
Tadj 2023), and reviews agree on the obstacle: not model
capacity, but data (Ji et al. 2021; Hashemi et al. 2026). Pub-
lic corpora contain hundreds of clips, not millions; labels
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are caregiver inferences from context rather than physiolog-
ical ground truth (Gustafson and Harris 1990; Wood and
Gustafson 2001); and each corpus defines its own label set,
so the data cannot even be pooled without semantic deci-
sions. Meanwhile, evaluation remains almost entirely within-
corpus, under protocols that differ from paper to paper.

What the field lacks is not another classifier but a mea-
surement of the assumptions its pipelines rest on. Does a
frozen foundation encoder represent cry equally well across
corpora? Does training on one corpus help on another, or
hurt? Do general audio MLLMs already solve the problem
zero-shot? Does domain-adaptive pretraining pay off at re-
alistic label budgets? And what happens if the corpora are
naively merged despite their incompatible labels?

The need for such an audit is easy to demonstrate. Re-
computing content hashes across the raw, pre-deduplication
versions of the four corpora we study, we find 349 groups
of acoustically identical clips that carry different labels in
different corpora — 292 of them (83.7%) disputes about
whether a cry means hungry. These are cross-distribution
metadata/label conflicts: some plausibly reflect independent
re-annotation of the same recording, others dataset repack-
aging, directory naming, or secondary rule mapping, and for
a substantial fraction the provenance cannot be verified from
the released files (Section 3.2); our released manifest keeps
only one copy of each group, so these conflicts are a label-
convention audit, not leakage. And when the same frozen
encoder is probed within each corpus, macro-F1 swings by
0.57-0.80 depending on which corpus supplies the labels.
Cross-corpus work that ignores these facts risks reporting
leakage as transfer and convention as semantics.

This paper performs the audit — a multi-corpus
foundation-encoder transfer audit with ontology and leakage
controls. We define a five-class need ontology over the four
corpora, with explicit mapping rules and a multi-level leak-
age audit (byte-level deduplication, embedding-level near-
duplicate screening, and a within-corpus train—test near-
duplicate audit); we measure a train xtest transfer matrix for
four audio foundation encoders and a handcrafted baseline
under a unified held-out-test protocol, summarized with a
negative-transfer ratio, cluster-bootstrap tests, and FDR con-
trol; we sweep label budgets under three adaptation arms;
and we measure what the ontology buys in joint training —
and what skipping it costs.
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Our findings are diagnostic rather than triumphalist: (i)
foundation encoders show a corpus-level domain gap of up
to 0.80 macro-F1, and on the hardest corpus a handcrafted
XGBoost baseline beats two of the four deep encoders and
matches a third, while a zero-shot general audio MLLM —
probed as a sixth, training-free “encoder” (Appendix A9) —
trails even the weakest in-domain probe; (ii) negative trans-
fer is the norm (NTR 0.19-0.35, up to 0.46 cry-only) and
asymmetric, with one instructive exception — transfer info
the noisiest, lowest-diagonal corpus is consistently positive
in effect size, including after near-duplicate removal, though
not individually significant; (iii) frozen probes saturate at
modest label budgets, DAPT significantly beats stabilized
fine-tuning at 5-10-shot (the 1-shot advantage is not robust
to optimization-seed variance), the 50-shot crossover to sta-
bilized fine-tuning is a non-significant trend (paired 95% CI
includes zero) that materializes only at the full-data budget,
the 1-shot arm differences lie within shot-sampling noise,
and naive full fine-tuning collapses; (iv) in the tested binary,
shared-label settings, ontology-mapped joint training is best
in all four encoder x target combinations, while merging un-
mapped labels costs up to 37 F1 points; and (v) a pre-specified
quality—transfer correlation is refuted as stated — clip-level
signal quality acts only as a proxy for domain identity. We
release the ontology, mapping code, deduplication manifests,
and audit pipeline.

Section 2 situates the audit; Section 3 formalizes it; Sec-
tion 4 reports the results; Section 5 concludes with limita-
tions.

2 Related Work

Infant cry analysis. Cry classification has moved from hand-
crafted features with SVMs to CNN-RNN and other deep
classifiers (Maghfira, Basaruddin, and Krisnadhi 2020; Oz-
seven 2023; Ashwini et al. 2021; Zayed, Hasasneh, and Tadj
2023; Cohen et al. 2020), with cry defection in domestic
audio as a parallel line (Lavner et al. 2016). Reviews con-
sistently name the same bottleneck: small, clinically skewed
corpora, labels inferred from context, and poor cross-device
generalization (Ji et al. 2021; Hashemi et al. 2026); corpora
are rarely combined (Sharma, Asthana, and Mittal 2015; La-
guna et al. 2023; Chittora and Patil 2017). We do not propose
a new classifier; we measure how far existing foundation en-
coders travel across the corpora the field already has.
Cross-corpus transfer and negative transfer. Cross-
corpus degradation is well documented in speech emotion
recognition (Schuller et al. 2010), and transfer matrices are
known to be asymmetric (Milner et al. 2019); negative trans-
fer is a general phenomenon of transfer learning (Pan and
Yang 2010; Zamir et al. 2018). Known from cross-corpus
SER: transfer degrades across corpora, matrices are asym-
metric, and corpus identity confounds evaluation (Braun-
schweiler et al. 2021). Cross-corpus infant-cry classifica-
tion, domain adaptation, and pretrained-audio transfer onto
infant vocalization all have prior art; we do not claim to be
first to study cross-domain infant cry or to use pretrained
audio representations. What this audit adds is the combi-
nation — a multi-corpus foundation-encoder transfer audit

with ontology and leakage controls: (i) a full train x test trans-
fer matrix on infant cry under a unified label space and
a unified held-out-test protocol with cluster-bootstrap sig-
nificance and FDR control; (ii) a signed exception analysis
— reverse transfer into the noisiest, lowest-diagonal corpus,
consistent in effect size and verified against near-duplicate
leakage; (iii) a quantified cost of label-ontology mismatch
(naive merge vs. mapped joint); and (iv) a multi-level leakage
audit — cross-domain and within-corpus — with removal-
robustness: methodological pieces that cross-corpus studies
typically assume rather than measure.

Audio foundation models and frozen evaluation. Self-
supervised speech encoders (Baevski et al. 2020; Chen et al.
2022) and AudioSet-pretrained models (Gong, Chung, and
Glass 2021; Wu et al. 2023; Gemmeke et al. 2017) are
now default feature extractors, typically benchmarked un-
der frozen probes (Yang et al. 2021; Pasad, Chou, and
Livescu 2021). General AudioSet models still cover non-
speech vocalizations poorly unless in-domain vocalization
data is added (Gong, Yu, and Glass 2022); speech SSL
degrades under domain shift and recovers with in-domain
continued pretraining (Hsu et al. 2021); infant-cry SSL has
been attempted at small scale (Gorin et al. 2023). General
audio—language MLLMs (Chu et al. 2023; Xu et al. 2025a,b)
add instruction following on top of audio understanding; we
evaluate such a model as a zero-shot baseline rather than as
a fine-tuning target. We keep all encoders frozen and off-the-
shelf, and ask the deployment question — which pretraining
source travels best to infant cry.

Multi-dataset label-space unification. In vision, multi-
dataset training forced explicit taxonomy unification (Lam-
bert et al. 2020; Wang et al. 2023; Shao et al. 2019; Wang
et al. 2019), and the data-engineering literature warns that
annotation decisions cascade silently into model failures (Ge-
bru et al. 2021; Sambasivan et al. 2021; Northcutt, Athalye,
and Mueller 2021; Fonseca et al. 2019; Song et al. 2023).
Our setting differs in kind: cry need labels are caregiver in-
ferences, not perceptual ground truth (Gustafson and Harris
1990; Wood and Gustafson 2001; Lingle et al. 2012), so con-
flicts are expected; we quantify them (349 content-identical
groups) and measure the cost of ignoring them.

Adaptation under label scarcity. Domain-adaptive pre-
training helps most when target labels are scarce (Gururan-
gan et al. 2020); full fine-tuning can distort pretrained fea-
tures out-of-distribution (Kumar et al. 2022; Wortsman et al.
2022). We test these predictions on infant cry with a pre-
specified label-budget sweep (dated internal analysis plan),
and report a case they anticipate but rarely document end-to-
end: the naive fine-tuning arm collapses with high variance
exactly where it should be strongest.

Infant monitoring beyond audio. Clinical monitoring
has matured around contactless vitals (McDuff 2023) and
multimodal pain assessment (Zamzmi et al. 2018); consumer
products frame sensing as caregiving support (Wang et al.
2017). These lines do not share label spaces with cry corpora;
we therefore scope this audit to the audio domains.



3 Method
3.1 Formulation

Corpora and label spaces. Let D = {D;,...,Dg} be
K infant-cry corpora. Corpus Dy, contains clips (z,y,g)
with waveform x, raw label y € L, and group identifier g
recovered from the available metadata (an infant, recording
session, device, or file group, depending on the corpus; per-
corpus semantics in Section 4.2). The raw label spaces Ly,
are mutually inconsistent: the same acoustic content may be
labeled hungry in one corpus and discomfort in another. We
therefore treat each corpus as a separate domain and never
merge labels without an explicit mapping.

Transfer matrix. Given a fixed encoder f (frozen) and a
fixed probe protocol, the transfer matrix 7' € REXK ig

T[i,j] = Fl(probe(f, Dfrain) evaluated on D; ) , (D

where F'1 is macro-F1. All entries are evaluated on the held-
out test split of the target domain D; (unified protocol):
off-diagonal models are trained on source-domain clips only
and never touch target-domain data, so this introduces no
leakage while keeping the NTR numerator and denominator
directly comparable.

Negative-transfer ratio. We summarize the matrix by the
negative-transfer ratio

1 5 Tli, j
7 2 Tlis ]

NTR > 0 means training on another corpus is on average
worse than training in-domain. Because each cell is produced
by the full probe pipeline, NTR is an end-to-end protocol
transfer deficit, not a pure measure of representation quality:
it mixes training-set size, class priors, in-domain difficulty,
label composition, and hyperparameter selection. We also
report the pairwise asymmetry A(¢, j) = |T[i, j] — T[4, 1]]-

Few-shot frontier. For a target domain j, an adaptation
arm a, and a label budget of n clips per class, let P,(n)
be the macro-F1 on D;C“, averaged over seeds. Sweeping
n € {1,5,10,50, full} gives the few-shot efficiency fron-
tier P,(n); the quantities of interest are which arm wins
at small and large n, and where the ranking crosses. Sam-
pling protocol: we use a multi-episode confirmatory proto-
col — an independent stratified shot subset is drawn per
episode (20 episodes for the deterministic arms A/C, 10 for
the GPU fine-tuning arm Bs), each across three optimization
seeds (42/43/44; arms A/C are exactly deterministic in the
optimization seed, so their episode variance is pure shot-
sampling variance, while Bs optimization variance is mod-
eled); we report episode means = std and paired-episode con-
fidence intervals for arm differences, seed-averaged within
each episode as the conservative headline. The single fixed-
subset 3-seed sweep is retained (Table 4) for continuity with
the full-budget runs. Two caveats accompany this protocol:
the 1-shot arm ordering is sensitive to how optimization-
seed pairs are counted (Section 4.3), and Arm C’s DAPT
stage sees a fixed pool of unlabeled target-domain (and other)
waveforms that the label-budget axis does not count, so the
arms’ fotal data budgets are asymmetric by design (fixed
target-unlabeled exposure; Section 4.3).

(@)

Need ontology. An ontology is a pair O = (C, {¢x}) of
M need classes C and per-corpus maps ¢y, : L, — CU{L},
where | marks raw labels excluded from analysis. Cross-
corpus training is only ever performed in the mapped space.
A label conflict is a set of clips with identical audio con-
tent (shal-matched) that receives different mapped labels in
different corpora; we report these as cross-distribution meta-
data/label conflicts — they mix independent re-annotation,
repackaging, and rule-mapping provenance (Section 3.2) —
and they measure how much of the apparent label diversity
is convention rather than acoustics.

Claims. The audit is organized around six falsifiable
claims: C1 foundation encoders show a large corpus-level
domain gap on infant cry; C2 cross-corpus transfer is neg-
ative on average (NTR > 0) and asymmetric; C3 domain-
adaptive pretraining dominates naive fine-tuning in the low-
label regime, and the ranking reverses with abundant labels;
C4 ontology-mapped joint training beats single-corpus train-
ing and naive label merging on a shared-label evaluation; C5
signal quality correlates with transferability; C6 raw cross-
corpus label conflicts are common, so an explicit ontology is
a prerequisite, not a convenience.

3.2 The Need Ontology

Classes. We define five classes covering the label inven-
tory of all four corpora: hunger, pain-discomfort, sleepi-
ness, need-soothing, and neutral (non-cry vocalizations and
noise), following the developmental literature, which holds
that cry acoustics encode graded distress rather than discrete
causes, and that need labels are caregiver inferences from
context (Gustafson and Harris 1990; Wood and Gustafson
2001; Lingle et al. 2012). Operationally, the prediction target
throughout this paper is therefore the caregiver-annotated
behavioral need — an annotation convention, not a phys-
iological ground truth; our transfer measurements quantify
how far these conventions travel.

Mapping rules. All mappings are deterministic and re-
leased as code. They are author-set rules: no independent
double annotation, disagreement-rate measurement, or blind
review was performed, and no mapping-sensitivity analysis
(leave-one-mapping-out, alternative mappings, or a label-
name-normalization intermediate baseline) was run; this
bounds how strongly C4 results can be attributed to the ontol-
ogy (Limitations). The main decisions are: cold_hot— pain-
discomfort, following the original corpus curation; burp-
ing—need-soothing, read as a request for a caregiving action;
unknownl/dk— L ; laugh/noise—neutral. Because burping is
the least obvious decision, we flag every analysis that depends
on it and treat results involving need-soothing as restricted
subsets.

Coverage and conflicts. Figure 1(a) shows the result-
ing coverage, sparse by construction of the source cor-
pora: hunger is absent from BCSD-U after deduplication,
sleepiness exists only in DAC and DI-A, and neutral ex-
ists only in BCSD-U; empty cells are carried through ev-
ery downstream analysis rather than silently dropped. Fig-
ure 1(b) shows the conflict audit: computed on the raw,
pre-deduplication corpus collection, 349 groups of content-
identical audio carry different raw labels across corpus distri-



butions, and 292 of them (83.7%) are hungry vs. non-hungry
disputes (C6) — silently contradictory training signal under
naive merging. We deliberately call these cross-distribution
metadata/label conflicts: some plausibly come from indepen-
dent re-annotation of shared source recordings, others from
repackaging, directory naming, or secondary rule mapping,
and the per-source split cannot be verified from the released
files (Appendix A2), so the count is an upper bound on inde-
pendent re-annotation, not a measurement of 349 caregiver
labeling events. Within the released manifest, every conflict
group survives only as its DAC copy (Section 4.1), so the
conflicts measure convention, not train/test leakage.

3.3 Encoders and Adaptation Protocols

Frozen encoders. We audit four publicly released audio en-
coders that span the two dominant pretraining paradigms:
wav2vec 2.0 base (Baevski et al. 2020) and WavLM base+
(Chen et al. 2022) (self-supervised speech), and CLAP (Wu
et al. 2023) and AST (Gong, Chung, and Glass 2021)
(AudioSet-pretrained (Gemmeke et al. 2017)). AST enters
as the pre-specified fallback for a fifth planned encoder,
voc2vec, whose checkpoint download returned HTTP 401
(gated repository). As non-deep references we compute a
252-dimensional handcrafted set (MFCCs, prosody, spectral
statistics) with logistic regression or XGBoost (Chen and
Guestrin 2016). All deep encoders are used strictly off-the-
shelf; no infant-cry model is trained by us, by design. Exact
checkpoints, layers, pooling, and probe hyperparameters are
given in the encoder card (Table A14, Appendix A10).

Arm A: frozen probe. Embeddings are mean-pooled over
time and fed to a balanced logistic-regression probe; the reg-
ularization constant is selected on the source-domain valida-
tion split. This is the pre-specified primary protocol for all
transfer measurements, following frozen-evaluation practice
in SUPERB (Yang et al. 2021). An external code audit of this
revision cycle found that our original selection loop enumer-
ated the C grid without passing C' to the estimator, so every
reported run had silently used the default C=1; we fixed
the shared trainer, added unit tests verifying that grid can-
didates actually change the fitted estimator, and re-ran every
probe-dependent result from the cached embeddings. With
the corrected selector, non-default values are genuinely cho-
sen in several settings (e.g., C'=10 for mapped joint training
and the handcrafted DAC probe; C'=0.01 for many transfer
cells); all numbers in this paper are from the corrected runs.

Arm B: full fine-tuning. All encoder weights are updated
on target-domain labels (Ir 10~4, bf16, at most 5 epochs, early
stopping on validation); pre-specified in the dated internal
analysis plan as the fine-tuning reference.

Arm C: domain-adaptive pretraining + probe. The en-
coder is first continued on pooled unlabeled cry audio with
the masked-prediction objective (DAPT; Gururangan et al.
2020) for one epoch, then probed as in Arm A. The unlabeled
pool combines the train split only of the four corpora (1,037
clips) with 3,500 clips of CryCeleb (Budaghyan et al. 2024),
a 26k-clip infant-cry corpus released for research use (4,537
clips in total, 283 steps). Target validation/test waveforms are
excluded from DAPT (inductive protocol; Appendix AS).

Arm Bs: stabilized fine-tuning (post-hoc diagnostic).

After Arm B exhibited run collapse (Section 4.3), we added
a clearly-marked post-hoc arm that freezes the convolutional
feature encoder and fine-tunes the transformer stack at Ir
10~5. All conclusions about the high-label regime are drawn
from Bs, and Arm B numbers are reported as an honest failure
record rather than as evidence.

Zero-shot MLLM probe (post-hoc). As a post-hoc con-
trol with the same status as Arm Bs, we additionally query a
general audio—language MLLM (Xu et al. 2025b) zero-shot
on the B1 test splits. Because its data and inference condi-
tions are deliberately asymmetric with the frozen-probe arms
(zero-shot vs. in-domain supervision; subsampled test sets;
API versioning outside our control), all MLLM results and
protocol details are reported in Appendix A9 only; no claim
depends on them.

3.4 Implementation Details

Preprocessing and splits. All audio is resampled to 16 kHz
mono, cut or padded to 7s, and peak-normalized (process-
ing failures: zero). The deduplicated manifest contains 1,496
clips, split group-stratified (by g) into train/validation/test
= 1037/227/232; groups never cross splits.

Multi-level leakage audit. Pairs of files are matched on
a dual key (content shal, filename); 1,247 duplicates are re-
moved before any split (781 from BCSD, 466 from Deepln-
fant). This is essential: BCSD’s hungry set is byte-identical
to DAC’s, and DeepInfant V1 is a repackaging of DAC;
without deduplication every cross-corpus number would be
inflated by leakage. Byte-level hashing, however, cannot
catch re-encoded or trimmed copies, whose hashes differ.
We therefore complement it with an embedding-level near-
duplicate audit (CLAP cosine nearest neighbors across all
domain pairs, second-encoder confirmation), reported with
its findings and removal-robustness in Section 4.3 and Ap-
pendix A3. In the released manifest, cross-domain byte-
identical duplicates are zero.

Statistics. All runs use 3 seeds (scikit-learn (Pedregosa
et al. 2011)); we report mean=+std. For the deterministic
arms (frozen features + logistic regression) seed-to-seed std
is =~ 0 by construction; we mark such rows “deterministic”.
Directed transfer cells are tested against the diagonal with
a paired cluster bootstrap over group_id (10,000 resam-
ples; the resampling unit is the recovered-metadata group,
not the clip — per-corpus group semantics and their limits
are audited in Section 4.2), with Benjamini—-Hochberg FDR
control at ¢ = 0.05 across the 30 cells.

Hardware and budget. All experiments run on a sin-
gle RTX 3090. The DAPT budget is deliberately light (one
epoch, 283 steps, 96s); Arm C scores are therefore a lower
bound, and the DAPT dose-response is left to future work.

Ethics and licensing. This work targets non-medical care-
giving support: the ontology describes behavioral need cate-
gories, not clinical states. CryCeleb (Budaghyan et al. 2024)
is used as unlabeled DAPT audio under the license terms
as stated by its distributors (CC BY-NC-ND 4.0, research
use only); we redistribute no CryCeleb audio and release no
derivative model weights trained on it.
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hunger - discomfort|hungry - 87
cold_hot|hungry - 86
. belly_pain|hungry - 61
need-soothing = 27 8 40 burping|hungry - s
cold_hot|discomfort - 14
neutral 4 131 belly_pain|discomfort 13

burping|tired 4701 8

pain-discomfort 4 49 43 %) burping|discomfort -

cold_hot]|tired 71 6

. discomfort|tired 41 4

sleepiness 24 4 other -6

T T T T T T T T
BCSD-U CC DAC DI-A 0 20 40 60 80 100
conflicting audio groups (shal-identical)
Figure 1: (a) Ontology coverage. Sample counts of the five need-ontology classes across the four corpora; hatched “—” cells

are empty (e.g., hunger in BCSD-U; neutral exists only in BCSD-U). (b) Cross-corpus label conflicts. The 349 content-
identical audio groups with different raw labels across corpus distributions, grouped by label pair; 292 (83.7%) involve a hungry
disagreement. Provenance is mixed (re-annotation / repackaging / rule mapping; Section 3.2), so these are cross-distribution
metadata/label conflicts, not verified independent re-annotations.

Table 1: Corpus audit after deduplication and ontology
mapping (provenance in Table Al). #Cl.: ontology classes
present; Maj.: macro-F1 of a majority-vote classifier (imbal-
ance reference for Table 2); SNR: clip-level median (caveat
in Section 4.4).

Corpus  Clips #Cl. Maj. Rate SNR (dB) License
BCSD-U 207 3 0.258 44.1k 1029  unspecified
CcC 786 2 0.388 8k 37.2  unspecified
DAC 457 4 0228 8k 323 ODbL-1.0
DI-A 46 3 0310 441k 359  Apache-2.0

4 Experiments
4.1 Setup and In-Domain Audit

Corpora. After deduplication, four independent cry corpora
remain (Table 1): the donateacry corpus (Veres 2017) (DAC;
crowdsourced, 8 kHz), the deduplicated DeeplInfant incre-
ment (Skytells Al Research 2022) (DI-A), the Baby-Crying-
Sound-Dataset with DAC-identical files removed (Baby
Crying Sound Dataset contributors 2025) (BCSD-U), and
CryClass with augmentation groups kept together (CryClass
contributors 2021) (CC). DI-A falls to 46 clips after dedu-
plication and ontology mapping, below our pre-specified 80-
clip threshold; the main transfer matrix is 3 x 3 and DI-A
enters only the small-corpus case study (Appendix A6). The
349 cross-distribution metadata/label-conflict groups of Sec-
tion 3.2 are computed on the raw, pre-deduplication corpus
collection; within the released manifest, cross-domain byte-
identical duplicates are zero, and every conflict group sur-
vives only as its DAC copy (341 shal +8 filename groups,
346 clips). Signal quality differs sharply across domains
(Section 4.4).

Pipeline sanity. A handcrafted-feature logistic-regression
sanity run on DAC reaches macro-F1 0.192, and a 64-clip
overfit check reaches train accuracy 1.0 — the pipeline can
memorize small data and has no label leak.

In-domain results (C1). Table 2 and Figure 2 show
within-domain probe performance. The same encoder varies
by 0.57-0.80 macro-F1 depending on the corpus: WavLM,

Table 2: In-domain macro-F1 of frozen encoders with linear
probes (UAR in parentheses), mean over 3 seeds. Logistic-
regression rows are near-deterministic: std < 0.005 except
CLAP on DAC (0.0401), residual nondeterminism from
feature extraction; XGBoost std is +0.0058/ + 0.0213 on
CC/DAC. Best deep encoder per column in bold. BCSD-U
is near-ceiling (niest = 30). A zero-shot MLLM baseline
probed under deliberately asymmetric conditions is reported
in Appendix A9 only.

Encoder BCSD-U CC DAC

WavLM 1.000 (1.000) 0.740 (0.747) 0.205 (0.255)
wav2vec2 0.883 (0.871) 0.736 (0.738) 0.318 (0.418)
CLAP 1.000 (1.000) 0.829 (0.824) 0.219 (0.300)
AST 1.000 (1.000) 0.798 (0.802) 0.273 (0.357)
handcrafted+LR  0.961 (0.944) 0.816 (0.820) 0.192 (0.258)

handcrafted+XGB 0.961 (0.944)

0.824 (0.816)

0.271 (0.347)

for instance, drops from 1.000 on BCSD-U to 0.205 on DAC.
AudioSet-pretrained encoders (CLAP, AST) dominate on the
cleaner corpora — an internal comparison, since prior evi-
dence shows only that generic audio models underperform
on non-speech vocalizations unless in-domain vocalization
data is added (Gong, Yu, and Glass 2022); wav2vec? is the
only deep encoder that clearly wins on the noisy 8 kHz DAC
corpus, where the handcrafted XGBoost baseline (0.271)
beats WavLM (0.205) and CLAP (0.219) and essentially
ties AST (0.273): on the hardest domain, generic features
compete with foundation encoders. C1 is supported, with
two qualifications: BCSD-U is near a measurement ceiling
(ntest = 30; even a perfect cell has a Clopper—Pearson lower
bound of only 0.884 single-seed / 0.960 pooled, and WavLM
now sits at pooled accuracy 0.967, CP95 lower bound 0.906;
Table A16), and our comparison is internal — we do not
re-run published per-corpus systems.

Zero-shot MLLM baseline. A post-hoc zero-shot control
with a general audio—language MLLM, run under deliber-
ately asymmetric conditions, is reported in Appendix A9; no
claim in this paper depends on it.
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Figure 2: Within-domain performance varies by > 0.5
macro-F1 across corpora. Macro-F1 (mean =+ std, 3 seeds)
of frozen-encoder linear probes trained and tested within
each domain. The handcrafted XGBoost baseline (rightmost
group) beats WavLM and CLAP on DAC and ties AST (0.271
vs. 0.273), with only wav2vec2 clearly ahead (0.318).

4.2 Within-Corpus Train-Test Leakage Audit

The cross-domain audit above cannot see leakage inside
one corpus, which is the path that inflates the diagonal
— the NTR denominator. We therefore audited each cor-
pus’s train/validation/test splits with exact hashing, a percep-
tual fingerprint (64-bit log-mel simhash), embedding near-
est neighbors (wav2vec2 cosine), and waveform time-shift
cross-correlation on the candidate pairs (details and per-
method tables in Appendix A12).

What group_id actually is. The group semantics dif-
fer per corpus and are weaker than “infant” or “session”: in
DAC, groups are the uuid filename prefix (uploader/device
ID; same device, different epoch = different recording); in
BCSD-U, the group is the clip ID itself (207 clips / 207
groups); in CC, groups merge only explicit Uncom_Rev__
re-export pairs (median group size 1). Group splits them-
selves are clean (no group crosses splits), but group-aware
throughout this paper means exactly “aware of the groups
recoverable from current metadata” — it cannot intercept
same-recording or same-infant pairs that span groups, and
we found such pairs in every corpus.

Findings. No cross-split exact-hash hits exist, yet
waveform-level matching does: CC has 42 fingerprint hit
pairs across train—test, of which 13 are waveform-identical
re-exports (offset 0, xcorr ~ 1.000, different shal — ex-
act hashing cannot see them); BCSD-U has 5 time-shifted
slice pairs (£1-2s offsets) from the same long record-
ing (laugh_1.m4a) spanning train and test; DAC has 8
fingerprint-only candidate pairs (single-method evidence,
lower confidence). Removing the 65 suspicious test clips
(8/13/44 for DAC/BCSD-U/CC) and recomputing the full
matrix under the unified protocol moves the diagonal by
A € [-0.072,40.015] — the largest drop is AST on DAC
(0.521 — 0.449, an 8-clip removal on a small test set), and
three wav2vec2 cells move slightly up — so the diagonal is
not systematically inflated. Cleaned NTR stays significantly
positive for all five encoders (0.198-0.337 vs. 0.194-0.345
before cleaning; Table A17). We report the CC re-export
pairs honestly as a construction flaw of the source distri-
bution that byte-level auditing misses; the released manifest

ships the exclusion list.

4.3 Transfer Matrix and Few-Shot Frontier

Transfer matrix (C2). Figure 3 shows the binary pain-vs-
rest transfer matrices under the unified protocol of Sec-
tion 3.1 (every cell evaluated on the target domain’s held-
out test split), and Table 3 summarizes them. NTR is posi-
tive for every encoder: 0.194-0.345 on the full binary set-
ting, rising to 0.239-0.461 on the cry-only subset that re-
moves non-cry clips (Figure Al): the transfer gap is not
an artifact of non-cry material. Of the 30 directed off-
diagonal cells (5 encoders x 6 pairs), 19 are raw-significant
and 18 show significant negative transfer after Benjamini—
Hochberg FDR control at ¢ = 0.05 (paired cluster boot-
strap over group__id, 10,000 resamples, recomputed on the
corrected-C' predictions; wav2vec2 DAC—BCSD-U is non-
significant, p = 0.128, and wav2vec2 DAC—CC is marginal
after FDR, adjusted p = 0.056). On the cry-only subset,
21 cells are raw-significant and 19 survive FDR. Transfer is
asymmetric by up to 0.196 F1 for the same corpus pair in
opposite directions. C2 is supported. Relative to our origi-
nal (superseded) protocol, the unified protocol lowers NTR
for three of five encoders (by 0.046-0.075) and raises it
slightly for AST and handcrafted (+0.020/40.009). All sig-
nificance statements are group-level cluster bootstrap; clip-
level resampling understates variance (per-cell flips in Ap-
pendix AS).

A systematic exception: reverse transfer into DAC. Ev-
ery reversed cell (off-diagonal above diagonal) involves DAC
as the target, and the non-significant cells also cluster there.
Training on the larger CC corpus (n = 541 binary train-
ing clips) and testing on DAC beats DAC in-domain training
for all five encoders in effect size, by 0.020 (handcrafted)
to 0.268 (WavLM) macro-F1 — but under the corrected
trainer none of the five reverse cells is individually signif-
icant (cluster-bootstrap BH-adjusted p ~ 1.0 throughout),
so we report the exception as a consistent effect-size pat-
tern, not a per-cell significant result. We read this as a data-
mass effect, not a contradiction of C2: DAC’s within-domain
diagonal is unusually low (Table 2), so a larger, more di-
verse training corpus acts as a regularizer that outweighs
the domain shift. A size-matched control (CC subsampled to
DAC’s n = 315) still beats the DAC diagonal for all three re-
computed encoders (mean margin +0.10/4-0.20/4-0.18 for
wav2vec2/CLAP/AST; all 9 runs per encoder positive; the
margin CI over the 3 subsample draws includes zero for
wav2vec2 and CLAP — Table A9), so size alone does not
explain the exception, though the control is low-powered.

Multi-level leakage audit. Byte-level deduplication can-
not catch re-encoded or trimmed copies, so we au-
dited embedding-level near-duplicates (CLAP cosine nearest
neighbors, 7 = 0.98, all six domain pairs). BCSD-U<+DAC
is clean (max 0.94); DAC+CC, however, contains 157 pairs
above 0.98 (159 pairs and 312 clips in total, label agree-
ment 99.4%), and the 15 pairs above 0.99 are 1:1 matches
confirmed in a second encoder — re-encoded DAC copies in-
side CC that byte hashing cannot see (provenance evidence
in Appendix A3). Removing all 312 involved clips leaves
NTR positive for all three recomputed encoders (wav2vec2
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Figure 3: Cross-corpus transfer matrices (binary pain-vs-rest, unified held-out-test protocol). Train x test macro-F1 for
five encoders; diagonal cells (bold frame) exceed off-diagonal cells except in the DAC column (reverse transfer). *: significant
negative transfer (cluster bootstrap over group_id, BH-FDR ¢ < 0.05). Panel titles give NTR (0.19-0.35).

Table 3: Negative-transfer ratio per encoder under the unified
held-out-test protocol (binary setting and cry-only subset)
and the largest pairwise asymmetry A(i,j) = |T[i, 5] —
T[j,7]|. The handcrafted row uses the logistic-regression
probe (as in the transfer runs), not the XGBoost variant of
Table 2.

Encoder NTR (binary) NTR (cry-only) Max asymmetry
WavLM 0.194 0.256 0.134 (CC+~DAC)
wav2vec2 0.200 0.338 0.196 (CC+DAC)
CLAP 0.330 0.408 0.152 (CC+DAC)
AST 0.345 0.461 0.093 (DAC+BCSD-U)
handcrafted 0.271 0.239 0.127 (BCSD-U+DAC)

0.148, CLAP 0.300, AST 0.284), and the CC—DAC excep-
tion strengthens in effect size (0.778-0.821 vs. clean DAC
diagonal 0.442-0.448), so reverse transfer is not a leakage ar-
tifact. Excluding instead the 346 conflict-involved DAC clips
leaves NTR at 0.34-0.41 (DAC test n 16: low power;
Appendix A3 only).

Few-shot frontier (C3). Table 4 and Figure A2 show the
label-budget sweep on the CC target domain with wav2vec2.
The pre-specified fine-tuning arm B failed as a measurement
instrument: at the full-data budget its per-seed macro-F1 is
0.7025/0.2727/0.3849 (mean 0.453, std 0.223, far above the
pre-specified std gate). This instability matches the predicted
feature distortion of full fine-tuning under distribution shift
(Kumar et al. 2022); we therefore do not use Arm B for
the verdict and fall back to the stabilized arm Bs, a clearly
marked post-hoc protocol fix.

Judged on Arms A, C, and Bs under the inductive DAPT
protocol (target validation/test waveforms excluded; Ap-
pendix A8), the low-label picture is saturation plus a low-
budget DAPT advantage over fine-tuning, and the crossover
is weaker than pre-specified: no arm separates at 1-shot (B
0.527, A 0.517,C 0.515), and frozen probes match or exceed
C at every budget up to 50-shot (episode-averaged A > C).
On paired episodes (shared shot draws, averaged over opti-
mization seeds 42/43/44), C significantly beats Bs at 5- and
10-shot (Bs—C: —0.143 [—0.184,—0.103] at 5-shot; —0.125
[—0.172,—0.079] at 10-shot), the 1-shot DAPT advantage
is not robust to optimization-seed variance (—0.052; CI
[—0.124, +0.020] includes zero), and at 50-shot Bs exceeds C
only as a trend (+0.022; paired 95% CI [—0.009, +0.053] in-

cludes zero — no significant difference), so the previously re-
ported crossover does not hold up statistically; stabilized fine-
tuning clearly wins only at the full-data budget (0.822).! Two
asymmetries qualify all arm comparisons: Arm C’s DAPT
stage consumes a fixed pool of 4,537 unlabeled waveforms
including target-domain (CC) train audio — a fixed target-
unlabeled exposure that the label-budget axis does not count,
so the arms’ total data budgets are intentionally unequal;
and the episode protocol, originally single-seed, now covers
three optimization seeds (42/43/44), with residual seed sen-
sitivity at 1-shot reported above rather than modeled away.
Episode-level std (0.03-0.11) dwarfs optimization variance
— the 1-shot arm differences of single-subset runs are within
sampling noise (paired A—C CI [—0.020, +0.109]). C3 is
therefore partially supported: the full-budget ranking holds
and DAPT helps at low budgets, but frozen probes saturate at
low-to-moderate budgets, the 1-shot DAPT advantage does
not survive the inductive, episode-averaged, multi-seed pro-
tocol, the 50-shot crossover is a non-significant trend, the
high-label verdict rests on the post-hoc Bs arm, and the one-
epoch DAPT budget is a lower bound (dose-response left to
future work).

4.4 Ontology Joint Training and Quality Analysis

Mapped joint training (C4). Table 5 and Figure 4 compare
four training conditions on the two-class hunger/pain evalu-
ation aligned with the transfer matrix. Mapped joint training
is best in all four encoderxtarget combinations. The naive
merge condition — pooling raw labels without the ontology
(construction in Appendix AS5) — quantifies the cost of label-
space mismatch: it falls below the best cross-domain transfer
on DAC-test (0.639 vs. 0.786 for wav2vec2; 0.435 vs. 0.749
for CLAP) and loses 0.039-0.371 F1 to mapped joint train-
ing. We scope the claim accordingly: in the tested binary,
shared-label settings (two encoders, two target domains),
explicit ontology mapping beats naive merging — we do not
claim the five-class ontology is validated in full. Two further
caveats: the mappings are author-set rules without indepen-

'Treating episodexseed runs as 30 paired observations in-
stead of seed-averaging excludes zero at 1-shot (Bs—C CI
[—0.097, —0.006]) and at 50-shot ([+0.003, +0.041]); we report
the seed-averaged pairing as the conservative headline. Probe arms
A/C are exactly deterministic in the optimization seed (scores iden-
tical across 42/43/44), so their episode variance is pure shot-
sampling noise.



Table 4: Few-shot sweep on the CC target domain (wav2vec2,
macro-F1, mean=+std, 3 seeds, single fixed shot subset
per budget). A: frozen probe; B: full fine-tuning (pre-
specified, collapsed); C: DAPT+probe (inductive proto-
col: target validation/test waveforms excluded from DAPT);
Bs: stabilized fine-tuning (post-hoc). Best per row in
bold. Std< 0.001 entries are deterministic given the
fixed shot subset; episode-averaged variants in Table A12.
Arm C values are from the authoritative inductive run
(B3_fewshot_agg_inductive.csv;Cfull= 0.705);
the superseded transductive run gave C full = 0.761
(B3_fewshot_agg.csv) and is retained only for prove-
nance in Table A10.

n-shot A (probe) B (full FT) C (DAPT) Bs (stab. FT)

1 0.517+.031 0.5274+.096 0.515+.061 0.413+.202
5 0.514+.192 0.577+.091 0.528+.076 0.436+.152
10 0.679+.014 0.688+.017 0.655+.053 0.615+.054
50 0.676+.035 0.594+.183 0.637+.011  0.684+.032
full 0.736+.000 0.4534+.223 0.705+.000 0.8224+.022

Table 5: Joint training under the ontology (macro-F1; Lo-
gReg arm, deterministic, std< 0.001). All rows use the same
unified held-out-test protocol: single-domain and best cross-
domain are taken from the two-class transfer runs on the
target test split; naive merge pools raw labels; mapped joint
pools labels through O. Best per column in bold.

wav2vec2 CLAP
Condition DAC CC DAC CC

Single-domain 0.571 0.736 0.508 0.829
Best cross-domain 0.786 0.590 0.749 0.597
Naive merge 0.639 0.761 0.435 0.840
Mapped joint 0.706 0.800 0.806 0.911

dent double annotation, disagreement rates, or blind review;
and we did not run intermediate baselines (label-name nor-
malization without the full ontology) or mapping-sensitivity
analyses (leave-one-mapping-out, alternative mappings), so
the margin attributable to the ontology per se versus to any
sensible normalization is unknown (Limitations). A small-
corpus case study on the 46-clip DI-A is positive but un-
derpowered (n = 2 pain clips) and co-occurs with degra-
dation on a small DAC soothe/pain subset (n = 12; e.g.,
1.000 — 0.429); we report it as a directional case study only
(Appendix A6); we do not claim small corpora gain most.
Task-definition check. The binary pain-vs-rest matrix
pools different “rest” classes per domain, so part of the
measured gap could reflect task-definition differences rather
than acoustics. For DAC<«+>CC, which share hunger/pain, the
common-label matrix (Table A8) gives mean absolute gap
0.176 vs. 0.182 binary: task definition accounts for at most
~3% of the gap, and the sign pattern — including CC—DAC
reverse transfer — is unchanged. The DAC<BCSD-U
common-label matrix is underpowered (niest = 11-12;
mean |gap| 0.565 vs. 0.245 binary; appendix only).
Quality—transfer correlation (C5). Figure A3 pools the
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Figure 4: Ontology-mapped joint training beats single-
domain, best cross-domain, and naive merging. Macro-
F1 on the DAC test set (a) and CC test set (b). Merging
raw, unmapped label spaces degrades DAC-test performance
below the best cross-domain transfer, directly evidencing the
cost of label-ontology mismatch.

point-biserial correlation between clip-level SNR and cross-
domain correctness over the six directed domain pairs per
encoder. The mean correlation is significantly negative for
all encoders (—0.04 to —0.10; Fisher combined p < 0.01;
21/30 pairs negative) — the opposite of the quality hypothe-
sis. Two validity problems disqualify the pre-specified read-
ing: the SNR estimator is not comparable across sampling
rates (BCSD-U’s 102.9dB is a saturation artifact on clean
44.1 kHz audio, not a physical SNR), and SNR 1is almost per-
fectly confounded with domain identity — the high-“SNR”
domain is simply the hardest transfer target (incoming cross-
domain F1 0.496 vs. 0.531/0.524). Within-domain correla-
tions are at most weak (Table A15: none significant on DAC;
two of five positive and significant on CC). C5 is refuted as
stated: the pooled correlation is a domain-identity artifact
— corpus identity, not clip-level signal quality, dominates
cross-corpus measurements (Braunschweiler et al. 2021).

5 Conclusion

We audited how far off-the-shelf audio foundation models
transfer to infant cry across four public corpora, under a uni-
fied five-class need ontology with a multi-level leakage au-
dit. The answers are measurable and mostly uncomfortable:
within-domain performance swings by 0.57—0.80 macro-F1
across corpora, and a zero-shot general audio MLLM trails
even the weakest in-domain linear probe (Cl; Appendix-
only control); negative transfer is the norm (NTR 0.19-0.35;
0.24-0.46 cry-only), asymmetric, and significant in 18 of
30 directed cells after FDR control (cluster bootstrap over
recovered-metadata groups), with one systematic exception
— reverse transfer into the noisy, low-diagonal DAC cor-
pus, consistent in effect size though not individually signif-
icant — that survives near-duplicate removal (C2); frozen
probes saturate at modest label budgets, DAPT significantly
beats stabilized fine-tuning at 5-10-shot (the 1-shot advan-
tage is not robust to optimization-seed variance), the 50-shot
crossover is a non-significant trend (seed-averaged paired
CI [—0.009, +0.053]) that materializes only at the full-data
budget, the 1-shot arm differences are within episode-level
sampling noise, and naive full fine-tuning collapses out-
right (C3, partially supported); in the tested binary, shared-
label settings, ontology-mapped joint training is best in ev-
ery encoder x target setting, while merging unmapped labels
can be worse than training cross-domain without merging



(C4); a pre-specified quality—transfer correlation is refuted
as stated, the pooled effect being a domain-identity arti-
fact (C5); and 349 content-identical clip groups in the raw
corpora carry conflicting metadata labels across distribu-
tions, 292 of them (83.7%) disputes over hungry (C6). Task-
definition differences explain at most ~3% of the DAC<++CC
gap (common-label re-computation). Removal robustness is
scoped to what we actually recomputed: the core C2 NTR
sign and the CC—DAC exception survive removal of the 157
near-duplicate pairs for the recomputed encoders (wav2vec2,
CLAP, AST); C1, C3, C4, and C5 were not re-run under re-
moval. A within-corpus train—test audit further found cross-
group leakage the group split cannot intercept (13 waveform-
identical CC re-export pairs, 5 shifted-slice BCSD-U pairs,
8 fingerprint-only DAC pairs); after removing the 65 sus-
picious test clips the diagonal moves by at most —0.072
and cleaned NTR stays significantly positive for all encoders
(0.198-0.337).

Limitations. Several cells are weakly powered: DI-A has
n = 2 pain-discomfort clips, so the small-corpus case study
is directional; BCSD-U sits near a measurement ceiling
(ntest = 30, pooled CP95 lower bound 0.906—0.960), inflat-
ing absolute gaps and NTR; the conflict-excluded DAC test
split (n = 16) and the DAC++BCSD-U common-label ma-
trix are underpowered; the one-epoch DAPT budget makes
Arm C a lower bound and leaves dose-response open; deter-
ministic probe rows report std~ 0 that reflects protocol de-
terminism, not robustness; the zero-shot MLLM comparison
(Appendix A9) is deliberately asymmetric (60-clip subsam-
ples on CC/DAC; API versioning outside our control, snap-
shot 2026-07-21); and need labels are caregiver-annotated
conventions, not physiological ground truth. The ontology
mappings are author-set rules: no independent double anno-
tation, no label-name-normalization intermediate baseline,
and no leave-one-mapping-out sensitivity analysis were run,
so the C4 margin cannot be attributed to the ontology beyond
“explicit mapping beats naive merge in the tested binary set-
tings”. The few-shot episode protocol now covers three opti-
mization seeds (42/43/44) — probe arms are exactly deter-
ministic in the seed and the 1-shot arm ordering is pairing-
sensitive — and Arm C comparisons involve an intentionally
asymmetric, fixed target-unlabeled data budget. group_id
semantics are per-corpus metadata proxies (device prefix,
clip ID, or re-export pairs), not infant identity: the within-
corpus audit (Section 4.2) found cross-group leakage the
group split cannot intercept, and residual same-infant leak-
age beyond what four matching methods recover cannot be
excluded. The 349-conflict audit mixes provenance types —
independent re-annotation, repackaging, and rule-mapping
conflicts cannot be fully separated — so we report them as
cross-distribution metadata/label conflicts, not as 349 inde-
pendent caregiver re-annotations. Removal robustness covers
the recomputed encoders’ C2/NTR and CC—DAC cells only.
Two corpora (BCSD-U, CC) redistribute without an explicit
license and their original distribution channels could not be
fully verified; they are used for evaluation only, no audio is
redistributed, and anonymous-release reproducibility is lay-
ered (Appendix A13).

Outlook. The transfer gap, label conflicts, and reverse-

transfer exception point the same way: fewer cry classifiers,
more shared infrastructure — pooled unlabeled cry audio,
explicit ontologies, leakage screening, unified evaluation. We
release the mapping rules, manifests, and code.

References

Ashwini, K.; Vincent, P. M. D. R.; Srinivasan, K.; and Chang,
C.-Y. 2021. Deep Learning Assisted Neonatal Cry Classi-
fication via Support Vector Machine Models. Frontiers in
Public Health, 9: 670352.

Baby Crying Sound Dataset contributors. 2025. Baby
Crying Sound Dataset. https://www.kaggle.com/datasets/
mennaahmed23/baby-crying-sounds-dataset. License un-
specified.

Baevski, A.; Zhou, Y.; Mohamed, A.; and Auli, M. 2020.
wav2vec 2.0: A Framework for Self-Supervised Learning of
Speech Representations. In Advances in Neural Information
Processing Systems (NeurIPS).

Braunschweiler, N.; Doddipatla, R.; Keizer, S.; and Stoy-
ancheyv, S. 2021. A Study on Cross-Corpus Speech Emotion
Recognition and Data Augmentation. In IEEE Automatic
Speech Recognition and Understanding Workshop (ASRU ).
Budaghyan, D.; Onu, C. C.; Gorin, A.; Subakan, C.; and
Precup, D. 2024. CryCeleb: A Speaker Verification Dataset
Based on Infant Cry Sounds. In IEEE International Confer-
ence on Acoustics, Speech and Signal Processing (ICASSP),
11966-11970.

Chen, S.; Wang, C.; Chen, Z.; Wu, Y.; Liu, S.; Chen,
Z.; Li, J.; Kanda, N.; Yoshioka, T.; Xiao, X.; et al. 2022.
WavLM: Large-Scale Self-Supervised Pre-Training for Full
Stack Speech Processing. IEEE Journal of Selected Topics
in Signal Processing, 16(6): 1505-1518.

Chen, T.; and Guestrin, C. 2016. XGBoost: A Scalable Tree
Boosting System. In ACM SIGKDD International Confer-
ence on Knowledge Discovery and Data Mining (KDD).
Chittora, A.; and Patil, H. A. 2017. Data Collection of Infant
Cries for Research and Analysis. Journal of Voice, 31(2):
252.e15-252.e26.

Chu, Y.; Xu, J.; Zhou, X.; Yang, Q.; Zhang, S.; Yan, Z.;
Zhou, C.; and Zhou, J. 2023. Qwen-Audio: Advancing Uni-
versal Audio Understanding via Unified Large-Scale Audio-
Language Models. arXiv preprint arXiv:2311.07919.
Cohen, R.; Ruinskiy, D.; Zickfeld, J.; IJzerman, H.; and
Lavner, Y. 2020. Baby Cry Detection: Deep Learning and
Classical Approaches. In Development and Analysis of Deep
Learning Architectures, volume 886 of Studies in Computa-
tional Intelligence, 171-196. Springer.

CryClass contributors. 2021. CryClass infant cry dataset.
https://github.com/ThomasAbdAlKarim/CryClass.
Fonseca, E.; Plakal, M.; Ellis, D. P. W.; Font, F.; Favory, X.;
and Serra, X. 2019. Learning Sound Event Classifiers from
Web Audio with Noisy Labels. In IEEE International Confer-
ence on Acoustics, Speech and Signal Processing (ICASSP).
Gebru, T.; Morgenstern, J.; Vecchione, B.; Vaughan, J. W.;
Wallach, H.; Daumé III, H.; and Crawford, K. 2021.
Datasheets for Datasets. Communications of the ACM,
64(12): 86-92.



Gemmeke, J. E.; Ellis, D. P. W.; Freedman, D.; Jansen, A.;
Lawrence, W.; Moore, R. C.; Plakal, M.; and Ritter, M. 2017.
Audio Set: An Ontology and Human-Labeled Dataset for Au-
dio Events. In IEEFE International Conference on Acoustics,
Speech and Signal Processing (ICASSP).

Gong, Y.; Chung, Y.-A.; and Glass, J. 2021. AST: Audio
Spectrogram Transformer. In Interspeech.

Gong, Y.; Yu, J.; and Glass, J. 2022. Vocalsound: A Dataset
for Improving Human Vocal Sounds Recognition. In /EEE
International Conference on Acoustics, Speech and Signal
Processing (ICASSP).

Gorin, A.; Subakan, C.; Abdoli, S.; Wang, J.; Latremouille,
S.; and Onu, C. C. 2023. Self-Supervised Learning for Infant
Cry Analysis. In IEEE International Conference on Acous-
tics, Speech, and Signal Processing Workshops (ICASSPW),
1-5.

Gururangan, S.; Marasovié, A.; Swayamdipta, S.; Lo, K.;
Beltagy, I.; Downey, D.; and Smith, N. A. 2020. Don’t Stop
Pretraining: Adapt Language Models to Domains and Tasks.
In Proceedings of the 58th Annual Meeting of the Association
for Computational Linguistics (ACL).

Gustafson, G. E.; and Harris, K. L. 1990. Women’s Re-
sponses to Young Infants’ Cries. Developmental Psychology,
26(1): 144-152.

Hashemi, S. M. H.; Kolivand, H.; Khan, W.; and Saba, T.
2026. Infant Cry Analysis: A Survey of Datasets, Features,
and Machine Learning Techniques. IEEE Transactions on
Affective Computing, 17(1): 21-40.

Hsu, W.-N.; Sriram, A.; Baevski, A.; Likhomanenko, T.; Xu,
Q.; Pratap, V.; Kahn, J.; Lee, A.; Collobert, R.; Synnaeve, G.;
and Auli, M. 2021. Robust wav2vec 2.0: Analyzing Domain
Shift in Self-Supervised Pre-Training. In Interspeech.

Ji, C.; Mudiyanselage, T. B.; Gao, Y.; and Pan, Y. 2021. A
Review of Infant Cry Analysis and Classification. EURASIP

Journal on Audio, Speech, and Music Processing, 2021(1):
8.

Kumar, A.; Raghunathan, A.; Jones, R.; Ma, T.; and Liang,
P. 2022. Fine-Tuning Can Distort Pretrained Features and
Underperform Out-of-Distribution. In International Confer-
ence on Learning Representations (ICLR).

Laguna, A.; Pusil, S.; Bazén, A Zegarra-Valdivia, J.; et al.
2023. Multi-Modal Analysis of Infant Cry Types Character-
ization: Acoustics, Body Language and Brain Signals. Com-
puters in Biology and Medicine, 167: 107626.

Lambert, J.; Liu, Z.; Sener, O.; Hays, J.; and Koltun, V. 2020.
MSeg: A Composite Dataset for Multi-Domain Semantic
Segmentation. In IEEE Conference on Computer Vision and
Pattern Recognition (CVPR).

Lavner, Y.; Cohen, R.; Ruinskiy, D.; and IJzerman, H. 2016.
Baby Cry Detection in Domestic Environment Using Deep
Learning. In IEEE International Conference on the Science
of Electrical Engineering (ICSEE).

Lingle, S.; Wyman, M. T.; Kotrba, R.; Teichroeb, L. J.; and
Romanow, C. A. 2012. What Makes a Cry a Cry? A Review
of Infant Distress Vocalizations. Current Zoology, 58(5):
698-726.

Maghfira, T. N.; Basaruddin, T.; and Krisnadhi, A. A. 2020.
Infant Cry Classification Using CNN-RNN. Journal of
Physics: Conference Series, 1528(1): 012019.

McDuff, D. 2023. Camera Measurement of Physiological
Vital Signs. ACM Computing Surveys, 55(9): 1-40.

Milner, R.; Jalal, M. A.; Ng, R. W. M.; and Hain, T. 2019.
A Cross-Corpus Study on Speech Emotion Recognition.
In IEEE Automatic Speech Recognition and Understanding
Workshop (ASRU).

Northcutt, C. G.; Athalye, A.; and Mueller, J. 2021. Perva-
sive Label Errors in Test Sets Destabilize Machine Learning
Benchmarks. In NeurIPS Datasets and Benchmarks Track.

Ozseven, T. 2023. Infant Cry Classification by Using
Different Deep Neural Network Models and Hand-Crafted
Features. Biomedical Signal Processing and Control, 83:
104648.

Pan, S.J.; and Yang, Q. 2010. A Survey on Transfer Learning.
IEEE Transactions on Knowledge and Data Engineering,
22(10): 1345-1359.

Pasad, A.; Chou, J.-C.; and Livescu, K. 2021. Layer-Wise
Analysis of a Self-Supervised Speech Representation Model.
In IEEE Automatic Speech Recognition and Understanding
Workshop (ASRU).

Pedregosa, F.; Varoquaux, G.; Gramfort, A.; Michel, V.;
Thirion, B.; Grisel, O.; Blondel, M.; Prettenhofer, P.; Weiss,
R.; Dubourg, V.; et al. 2011. Scikit-learn: Machine Learn-
ing in Python. Journal of Machine Learning Research, 12:
2825-2830.

Sambasivan, N.; Kapania, S.; Highfill, H.; Akrong, D.; Par-
itosh, P.; and Aroyo, L. M. 2021. “Everyone Wants to Do
the Model Work, Not the Data Work™: Data Cascades in
High-Stakes Al. In CHI Conference on Human Factors in
Computing Systems.

Schuller, B.; Vlasenko, B.; Eyben, F.; Wollmer, M.;
Stuhlsatz, A.; Wendemuth, A.; and Rigoll, G. 2010. Cross-
Corpus Acoustic Emotion Recognition: Variances and Strate-
gies. IEEE Transactions on Affective Computing, 1(2): 119—
131.

Shao, S.; Li, Z.; Zhang, T.; Peng, C.; Yu, G.; Zhang, X.; Li, J.;
and Sun, J. 2019. Objects365: A Large-Scale, High-Quality
Dataset for Object Detection. In IEEE/CVF International
Conference on Computer Vision (ICCV).

Sharma, S.; Asthana, S.; and Mittal, V. K. 2015. A Database
of Infant Cry Sounds to Study the Likely Cause of Cry. In
Proceedings of the 12th International Conference on Natural
Language Processing (ICON), 112-117.

Skytells AI Research. 2022. Deeplnfant V2 infant cry
dataset.  https://github.com/skytells-research/DeeplInfant.
Apache-2.0.

Song, H.; Kim, M.; Park, D.; Shin, Y.; and Lee, J.-G. 2023.
Learning from Noisy Labels with Deep Neural Networks: A
Survey. IEEE Transactions on Neural Networks and Learning
Systems, 34(11): 8135-8153.

Veres, G. 2017. donateacry-corpus. https://github.com/
gveres/donateacry-corpus. ODbL-1.0.



Wang, J.; O’Kane, A. A.; Newhouse, N.; Sethu-Jones, G. R.;
and de Barbaro, K. 2017. Quantified Baby: Parenting and
the Use of a Baby Wearable in the Wild. Proceedings of the
ACM on Human-Computer Interaction, 1(CSCW): 1-19.

Wang, X.; Cai, Z.; Gao, D.; and Vasconcelos, N. 2019. To-
wards Universal Object Detection by Domain Attention. In
IEEE Conference on Computer Vision and Pattern Recogni-
tion (CVPR).

Wang, Z.; Li, Y.; Chen, X.; Lim, S.-N.; Torralba, A.; Zhao,
H.; and Wang, S. 2023. Detecting Everything in the Open
World: Towards Universal Object Detection. In IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR).

Wood, R. M.; and Gustafson, G. E. 2001. Infant Crying
and Adults’ Anticipated Caregiving Responses: Acoustic and
Contextual Influences. Child Development, 72(5): 1287—
1300.

Wortsman, M.; Ilharco, G.; Kim, J. W.; Li, M.; Kornblith, S.;
Roelofs, R.; Gontijo-Lopes, R.; Hajishirzi, H.; Farhadi, A.;
Namkoong, H.; and Schmidt, L. 2022. Robust Fine-Tuning of
Zero-Shot Models. In IEEE Conference on Computer Vision
and Pattern Recognition (CVPR).

Wu, Y.; Chen, K.; Zhang, T.; Hui, Y.; Berg-Kirkpatrick, T.;
and Dubnov, S. 2023. Large-Scale Contrastive Language-
Audio Pretraining with Feature Fusion and Keyword-to-
Caption Augmentation. In IEEE International Conference
on Acoustics, Speech and Signal Processing (ICASSP).

Xu, J.; Guo, Z.; He, J.; Hu, H.; He, T.; Bai, S.; Chen, K.;
Wang, J.; Fan, Y.; Dang, K.; et al. 2025a. Qwen2.5-Omni
Technical Report. arXiv preprint arXiv:2503.20215.

Xu, J.; Guo, Z.; Hu, H.; Chu, Y.; Wang, X.; He, J.; Wang, Y.;
Shi, X.; He, T.; Zhu, X_; et al. 2025b. Qwen3-Omni Technical
Report. arXiv preprint arXiv:2509.17765.

Yang, S.-w.; Chi, P.-H.; Chuang, Y.-S.; Lai, C.-1. J.; Lakhotia,
K.; Lin, Y. Y.; Liu, A. T.; Shi, J.; Chang, X.; Lin, G.-T.; et al.
2021. SUPERB: Speech Processing Universal PERformance
Benchmark. In Interspeech.

Zamir, A. R.; Sax, A.; Shen, W.; Guibas, L. J.; Malik, J.; and
Savarese, S. 2018. Taskonomy: Disentangling Task Transfer
Learning. In IEEE Conference on Computer Vision and
Fattern Recognition (CVPR).

Zamzmi, G.; Pai, C.-Y.; Goldgof, D.; Kasturi, R.; Ash-
meade, T.; and Sun, Y. 2018. A Review of Automated Pain
Assessment in Infants: Features, Classification Tasks, and

Databases. [EEE Reviews in Biomedical Engineering, 11:
77-96.

Zayed, Y.; Hasasneh, A.; and Tadj, C. 2023. Infant Cry
Signal Diagnostic System Using Deep Learning and Fused
Features. Diagnostics, 13(12): 2107.



Al Corpus Inventory and Licenses

Table 1 (main text) summarizes the audited corpora; Ta-
ble Al extends it with provenance. Dedup removes 1,247
clips before splitting (BCSD 781, DeepInfant 466). BCSD’s
hungry subset is byte-identical to DAC’s and is removed
from BCSD-U; Deeplnfant V1 is a repackaging of DAC, so
only the V2 increment survives as DI-A. Two corpora redis-
tribute without an explicit license file (BCSD-U, CC), and
their original distribution channels could not be fully veri-
fied; we therefore use them for evaluation only and release no
audio. CryCeleb (Budaghyan et al. 2024) is used exclusively
as unlabeled DAPT audio under the license terms as stated
by its distributors (CC BY-NC-ND 4.0, research use only);
we release no CryCeleb audio, no derivative clips, and no
derivative model weights trained on it.

Table A1: Full corpus audit. “Mapped” is the clip count after
deduplication and ontology mapping (excluding L labels).

Corpus  Scanned Removed Mapped Rate License
BCSD-U 988 781 207  44.1k unspecified
CC 786 0 786 8k  unspecified
DAC 457 0 457 8k  ODbL-1.0
DI-A 597 466 46 441k Apache-2.0
Total — 1247 1496 — —

The group-stratified split is train/validation/test =
1037,/227/232 clips; groups (recovered-metadata groups —
per-corpus semantics audited in Appendix A12) never cross
splits.

A2 Ontology Mapping and Conflict Audit
Table A2 gives the full raw-label-to-ontology mapping; Ta-
ble A3 lists the largest conflict groups.

Table A2: Full ontology mapping. L: excluded. *: file re-
moved if byte-identical to a DAC file.

Ontology  DAC DI-A BCSD-U CC
hunger hungry hungry* hungry* Hungry
pain-disc.  belly_pain belly_pain belly pain Pain
discomfort discomfort discomfort Uncomf.
cold_hot cold_hot
sleepiness  tired tired — —
need-sooth. burping burping burping —
lonely
scared
neutral — — laugh —
noise
1 — unknown «—— —

A recomputation of conflicts from the raw corpora yields
349 groups (an earlier reference table shipped with the cor-
pora lists 342); we report the recomputed number throughout.
We classify these as cross-distribution metadata/label con-
flicts, not as 349 independent caregiver re-annotations: by
provenance, part plausibly reflect independent re-annotation

Table A3: Top cross-corpus label-conflict pairs among
the 349 shal-identical groups (computed on the raw, pre-
deduplication corpus collection).

Label pair Groups Files
discomfort | hungry 87 348
cold_hot | hungry 86 344
belly_pain | hungry 61 244
burping | hungry 57 228
cold_hot | discomfort 14 56

belly_pain | discomfort 13 49

of shared source recordings, part dataset repackaging or
directory-naming conventions (the BCSD hungry set is byte-
identical to DAC’s), and part secondary rule mapping; for
a substantial fraction the provenance cannot be determined
from the released files, so we do not report a per-source
breakdown and treat the count as an upper bound on gen-
uinely independent re-annotation. Within the released (post-
dedup) manifest, all 341 shal keys and 8 filename keys of
these groups are present exactly once, with the retained copy
on the DAC side (346 clips: 234 train, 50 val, 62 test); cross-
domain byte-identical duplicates in the manifest are zero.

A3 Leakage Audit Details

Embedding-level near-duplicate audit. We computed
CLAP embeddings for all 1,496 manifest clips and, for each
ordered pair of domains, the cross-domain cosine similarity
of every clip pair. Table A4 summarizes the maxima and
exceedance counts; Table AS reports the removal-robustness
of the transfer matrix. The 15 DAC«+CC pairs above co-
sine 0.99 are 1:1, label-consistent matches, independently
confirmed in wav2vec2 space (cosine > 0.926); the CC-
side files carry orig_sr=8000 (phone-recording prove-
nance like DAC) while differing in shal — i.e., transcoded
or trimmed DAC copies inside CC.

Table A4: Cross-domain embedding near-duplicate audit
(CLAP cosine). 7 = 0.98 defines suspicious pairs.

Domain pair max cos > 0.95 >0.98 > 0.99

DAC |BCSD-U 0942 0 0 0
DAC | CC 0994 1592 157 15
DAC | DI-A 0987 54 2 0
BCSD-U|CC 0962 9 0 0
BCSD-U|DI-A 0913 0 0 0
CC | DI-A 0969 30 0 0

Conflict-exclusion sensitivity. Excluding all 346 DAC
clips involved in the pre-dedup conflict audit (DAC splits
shrink 315/64/78 — 81/14/16) leaves NTR positive and
numerically larger (Table A6). Because the residual DAC test
split has only n = 16 clips, this variant is underpowered; we
report it as a sensitivity analysis only.



Table AS: Transfer-matrix robustness after removing all 312
clips involved in suspicious near-duplicate pairs (unified
protocol; all cells after exclusion). The CC—DAC reverse-
transfer exception strengthens in effect size after removal, so
it is not a leakage artifact; part of the strengthening reflects
the DAC diagonal dropping as its training set shrinks. The
recomputation covers three of the five encoders (wav2vec2,
CLAP, AST); WavLM and the handcrafted baseline were
omitted under the compute budget of the audit window. Ro-
bustness claims in the main text are scoped accordingly: only
the C2 NTR sign and the CC—DAC exception are claimed
to survive removal, for these recomputed encoders.

Encoder NTR (full) NTR (excl.) CC—DAC DAC diag

wav2vec2  0.200 0.148 0.803 0.442
CLAP 0.330 0.300 0.778 0.448
AST 0.345 0.284 0.821 0.442

Table A6: NTR before/after excluding the 346 conflict-
involved DAC clips (unified protocol; DAC test n = 16
after exclusion — low power). DAC diag: true DAC diagonal
macro-F1; note that for CLAP and AST the diagonal drops
after exclusion, while for wav2vec?2 it rises.

Encoder NTR (full) NTR (excl.) DAC diag (full—+excl.)

wav2vec2  0.200 0.413 0.571 — 0.816
CLAP 0.330 0.340 0.508 — 0.429
AST 0.345 0.347 0.521 — 0.467

A4 Multi-Class and Common-Label
Matrices

Two-class matrices restricted to hunger/pain (CC<+>DAC)
reproduce the binary pattern of Figure 3; Table A7 summa-
rizes the gap comparison and Table A8 gives the full per-
encoder cells. A need-soothing/pain matrix (DAC+>BCSD-
U) includes cells with nes; = 11-12 clips; its mean |gap]| is
0.565 (vs. 0.245 binary), but at this sample size the numbers
are not interpretable, so we use them only qualitatively and
mark them underpowered. Full per-cell numbers are released
with the code.

Table A7: Task-definition check: mean |gap| (diag — off-
diag, absolute) over the two directed DAC<+CC cells, binary
pain-vs-rest vs. common-label hunger/pain protocol.

Encoder binary common-label
WavLM 0.221 0.242
wav2vec?2 0.180 0.175
CLAP 0.236 0.239
AST 0.132 0.078
handcrafted 0.140 0.147
mean 0.182 0.176

Table A8: Common-label vs. binary transfer cells for
DAC+CC (macro-F1, unified protocol; deterministic, std<
0.001). Binary: pain-vs-rest. Common-label: restricted to
hunger/pain in both domains. The gap pattern is preserved;
the CC—DAC reverse-transfer exception holds under both
protocols.

binary common-label
Cell WavLM wav2vec2 WavLM wav2vec2

DAC diag  0.422 0.571 0.417 0.580
CC diag 0.730 0.736 0.730 0.736
DAC—CC 0.561 0.590 0.549 0.608
CC—DAC 0.695 0.786 0.720 0.801

binary common-label
CLAP AST CLAP AST

DAC diag  0.508 0.521 0.503 0.595
CC diag 0.829 0.798 0.829 0.798
DAC—CC 0.597 0.637 0.615 0.668
CC—DAC 0.749 0.623 0.767 0.621

handcrafted
DAC diag  0.435 — 0.431 —
CC diag 0.816 — 0.816 —
DAC—CC 0.555 — 0.542 —
CC—DAC 0455 — 0.452 —

AS Naive Merge Construction

The naive-merge baseline of Table 5 is constructed in three
steps, using no ontology information during training:

1. POOL: concatenate the train splits of all source domains
that share the target label pair (DAC+CC, clips whose
ontology label is in {hunger, pain-discomfort}; n =
288 + 541 = 829), keeping each clip’s original raw la-
bel as a domain-qualified class (y = domain::raw_label,
e.g. DAC: :hungry vs. CC: : Hungry; 6 distinct raw
classes).

2. TRAIN: fit the same StandardScaler+LogReg (Ibfgs,
class-weight balanced) probe on the pooled raw-labeled
training set, selecting C' € {0.01,0.1,1,10} on the
pooled raw-labeled validation split (DAC val + CC val)
by macro-F1 over the raw classes.

3. SCORE: predict on each target domain’s test split, map
every predicted raw class back to its ontology label via the
released raw—ontology table, and report macro-F1/UAR
against the ontology labels. Ontology information is used
only during scoring, never during training.

A6 DI-A Small-Corpus Case Study

On the 46-clip DI-A corpus (need-soothing/pain-
discomfort), adding mapped DI-A data to DAC training
raises DI-A performance from 0.143 to 0.894 (wav2vec2)
and from 0.417 to 0.681 (CLAP). Two qualifications apply,
and we therefore present this as a directional case study rather
than a claim: DI-A contains only n = 2 pain-discomfort
clips, so these numbers are underpowered; and performance
on a small DAC soothe/pain subset (n = 12) degrades under
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Figure Al: NTR is positive for all encoders and grows
on the cry-only subset. NTR under the unified held-out-test
protocol on the full binary setting (blue) and on the cry-only
subset (pink). Cry-only NTR rises to 0.24-0.46, showing the
transfer gap is not an artifact of non-cry material.

the same joint training (e.g., 1.000 — 0.455 for wav2vec2,
0.400 — 0.333 for CLAP), so the benefit is not uniform
across evaluation slices. The two DAC-test protocols of Ta-
ble 5 (n = 74, hunger/pain) and this case study (n = 12,
soothelpain) are different evaluation slices and should not be
conflated.

A7 Few-Shot Details

Arm B collapse record. Full fine-tuning at the CC full-
data budget gives per-seed macro-F1 0.7025/0.2727/0.3849
(mean 0.453, std 0.223); one seed fails already at 50-shot
(0.385). On the DAC target the full-budget scores are A
0.580, B 0.456 (collapsed), C 0.520 (inductive); no Bs arm
was run for DAC.

DAPT log. One epoch of masked-prediction continuation
on the pooled unlabeled cry audio (inductive pool: train splits
1,037 clips 4+ CryCeleb 3,500 clips = 4,537; Appendix AS8):
283 steps, 96 s wall time on one RTX 3090, final MLM loss ~
1164 (the loss magnitude reflects the raw-scale objective, not
divergence). The budget is intentionally light; Arm C should
be read as a lower bound, and the DAPT dose-response
(whether a heavier budget widens or closes the low-label
margin) is future work.

Size-matched CC subsample (reverse-transfer robust-
ness). To test whether the CC—DAC exception is merely a
data-mass effect, we subsampled CC training clips to the
size of DAC’s binary training set (n = 315) and re-ran
the transfer (9 runs per encoder: 3 subsamples x 3 seeds,
seeds deterministic). Table A9 shows that size-matched CC
training still beats DAC in-domain training in 9/9 runs
for all three recomputed encoders (paired margin mean
+0.099/4-0.200/+0.181 for wav2vec2/CLAP/AST), so the
exception is not explained by training-set size alone; the de-
pendency structure is 3 subsample draws X deterministic
seeds, so the subsample-level CIs (Table A9) are the honest
uncertainty statement and include zero for two of the three
encoders.

Table A9: CC—DAC with CC subsampled to DAC’s training
size (n = 315). Margin: subsampled CC—DAC minus DAC
in-domain (mean over 3 subsample draws; seeds are deter-
ministic). All 9/9 runs per encoder beat the DAC diagonal
(paired margin > 0 in every run); across only 3 subsample
draws the 95% CI of the margin includes zero for wav2vec2
and CLAP ([—0.12,40.32] / [-0.01, +0.41]) but not AST
([+0.05,40.31])), so the control is directionally consistent
but low-powered.

Encoder DAC in-domain full CC—DAC sub-315 CC—DAC margin

wav2vec2 0.571 0.786 0.670 £0.076  +0.099
CLAP 0.508 0.749 0.708 £0.074  +0.200
AST 0.521 0.623 0.702+£0.044  +0.181

A8 Protocol Hardening: Inductive DAPT,
Cluster Bootstrap, Episode Variance

This section documents three protocol fixes applied after an
external audit of our pre-specified analysis plan, and their
effect on the reported numbers.

Inductive DAPT re-run. Our first Arm C run continued
pretraining on the pooled unlabeled portions of all splits
of the four corpora plus CryCeleb — transductive, in that
target validation/test waveforms (unlabeled) entered DAPT.
We re-ran DAPT with those waveforms excluded (train split
1,037 clips + the identical 3,500 CryCeleb clips, same seed
and ordering; 4,537 clips, one epoch, 283 steps, 96s) and
re-ran the full Arm C sweep with the inductive checkpoint.
Table A10 compares the two protocols on the CC target.
Under the inductive protocol Arm C no longer leads at 1-shot;
the Bs—C crossover region (10-50 shot) and the full-budget
ranking Bs > C > A are unchanged. All Arm C numbers in
the main text use the inductive checkpoint; the transductive
values are retained here for provenance only.

Table A10: Arm C on the CC target, transductive vs. inductive
DAPT (macro-F1, mean over 3 seeds, corrected C' selector).
The transductive column is superseded and shown only for
provenance. The 1-shot lead disappears under the inductive
protocol; note that at the full budget the inductive Arm C
(0.705) no longer exceeds Arm A (0.736).

n-shot transductive (old) inductive (new) A

1 0.536 0.515 —0.021
5 0.526 0.528 +0.002
10 0.618 0.655 +0.037
50 0.653 0.637 —0.016
full 0.761 0.705 —0.056

Cluster bootstrap. Our first significance tests resam-
pled clips; because the 1,496 clips form only 1,160
groups (infant/session/augmentation clusters of up to 15
clips), clip-level resampling understates variance. We re-
ran every directed-cell test as a cluster bootstrap over
group_id (10,000 resamples, same seed, BH-FDR at
q = 0.05 within each 30-cell setting). The counts
below are all recomputed on the corrected-C' predic-
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Figure A2: Few-shot adaptation curves on the CC target
domain. Macro-F1 (mean =+ std, 3 seeds) vs. target labels
per class (log axis; “full” = 541 training clips). Arm C
uses the inductive DAPT checkpoint (Appendix A8); no arm
separates at 1-shot, and B collapses with high variance at 50-
shot/full. The stabilized fine-tuning arm (Bs) crosses A and
C between 10-shot and 50-shot (shaded region) and reaches
the best full-data score (0.822).

tions (run_rl_cluster.pyoverRl_unified_eval
and post-fix B2_predictions.csv): the binary set-

shot draw per episode: 20 episodes for Arms A/C, 10 for
Arm Bs (GPU budget), each across three optimization seeds
(42/43/44). Arms A/C are exactly deterministic in the op-
timization seed (scores identical across 42/43/44), so their
episode variance is pure shot-sampling noise; Arm Bs varies
with the seed, and its optimization variance is now mod-
eled. Table A12 shows that episode-level std (0.03-0.11)
dwarfs the 3-seed optimization std of Table 4; on episode
means A > C at every budget n < 50, and the small 1-
shot arm differences of single-subset runs are inside sam-
pling noise. Seed-averaged paired-episode tests (shared shot
draws, episodes 0-9 for Bs contrasts) show C significantly
above Bs at 5- and 10-shot (95% CIs [—0.184, —0.103] and
[—0.172, —0.079] exclude zero), the 1-shot advantage is not
robust to optimization-seed variance (CI [—0.124, +0.020)),
and the 50-shot Bs-over-C difference of 40.022 has CI
[—0.009, +0.053] — a trend, not a significant crossover.
Under the looser episodexseed pairing (30 pairs), the 1-
shot and 50-shot CIs exclude zero ([—0.097,—0.006] and
[+0.003, +0.041]); we headline the seed-averaged pairing.

Table A12: Episode-averaged few-shot sweep on the CC tar-
get (macro-F1, mean=std over episodes; 20 episodes for A/C,
10 for Bs, independent stratified shot draws, three optimiza-
tion seeds 42/43/44; A/C are deterministic in the seed, so
their statistics are unchanged from the single-seed run). “full”
for Bs is the 3-seed mean of deterministic-budget runs; A/C
“full” are seed-independent.

ting stands at 19/30 raw-significant and 18/30 after FDR Arm - n=1 n=>5 n=10 n=>50 full

(wav2vec2 DAC—BCSD-U moved out of significance, p = A 05114112 0.591£.080 0.668+.053 0.707+.048  0.736
0.128; wav2vec2 DAC—CC is raw-significant at p = 0.036 C  0.4674.065 0.576+.057 0.617+.063 0.658+.027  0.705

but marginal after FDR, adjusted p = 0.056); the cry-
only setting contracted from 22/30 raw-significant under
clip-level bootstrap to 21/30 under cluster bootstrap, of
which 19/30 survive FDR. Exactly one cell flipped from
raw-significant to non-significant between the clip-level and
cluster resampling schemes (Table A11); no cell flipped in
the reverse direction, and per-cell effect sizes moved by at
most 0.03 (binary 0.026, cry-only 0.021). Under the cor-
rected trainer the CC—DAC reverse-transfer exception re-
mains positive in effect size for all five encoders but is not
individually significant (BH-adjusted p ~ 1.0).

Table All: Corrected-C provenance: the single cell that
flipped from raw-significant (p < 0.05) under clip-level
bootstrap to non-significant under cluster bootstrap (no re-
verse flips; binary setting: zero flips). Counts quoted in the
main text are from the same corrected-C rerun (18/30 binary
and 19/30 cry-only after BH-FDR).

Setting  Cell p (clip) p (cluster)
cry-only CLAP BCSD-U—DAC 0.004  0.092

Episode-level shot variance. The main-text sweep draws
one shot subset per budget, shared across arms and seeds, so
low-budget std reflects fitting stochasticity on a fixed subset
only. We re-ran the CC sweep with an independent stratified

Bs 0.4014.096 0.443£.078 0.493+£.105 0.688+.038 0.7924-.028

A9 Zero-Shot MLLM Details

Protocol. The zero-shot MLLM baseline of Section 4.1
uses qwen3—-omni-flash served through the Alibaba
DashScope compatible-mode endpoint (snapshot date
2026-07-21), queried once per clip with the raw waveform
sent as base64 input_audio (wav) at temperature 0, with
exponential backoff on 429/5xx and a 1s rate limit. The
prompt states the five-class need ontology with explicit class
definitions and requires the model to answer with exactly
one class label; the same ontology classes and macro-
F1/UAR/accuracy metrics as B1 are used. Sampling: the CC
(120 — 60) and DAC (78 — 60) test splits are stratified sub-
samples by ontology label (seed 42); BCSD-U (n = 30) and
DI-A (n = 4) are evaluated in full. Model selection record
(reported  as-run): gqwen—audio-turbo-latest
returned HTTP 403 (quota exhausted),
gwen?2.5-omni returned HTTP 404 (no access), and
gwen—audio-turbo/gwen2-audio-instruct are
unsupported in compatible mode, so qwen3-omni-flash
was used.

Results. Table A13 reports per-domain scores. Instruction
following was stable: 154/154 responses parsed to a legal
class label (UNPARSED = 0, refusals = 0), so the bottle-



neck is acoustic—semantic representation, not compliance.
On DAC the UAR of 0.111 is below the chance-level UAR
of 0.333: zero-shot predictions collapse toward the majority
class, mirroring the low in-domain DAC scores of Table 2.
Cost and latency: 154 clips in total; e.g., BCSD-U 30 clips
= 6,930 prompt tokens / 94 completion tokens / 132.9s
(=~ 4.4 s per clip including the rate limit).

Table A13: Zero-shot gwen3-omni-flash per-domain
results (macro-F1 / UAR / accuracy). CC and DAC are strat-
ified 60-clip subsamples of the B1 test splits; DI-A (n = 4)
is directional only. Not comparable cell-for-cell with Table 2
(zero-shot vs. in-domain supervised probes; subsampled vs.
full test sets).

Domain n macro-F1 UAR acc. unparsed

BCSD-U 30 0290 0.277 0.267 0
CC 60 0217  0.197 0.250 0
DAC 60 0.155 0.111 0.267 0
DI-A 4 0.667  0.500 0.500 0

Limitations. A single MLLM, single prompt, and
zero-shot only were evaluated; 5-shot audio exemplars
and gwen-audio-turbo-latest were blocked by
quota at experiment time. API-model versioning is
outside our control; all raw responses are released
(raw_predictions. jsonl per domain) for error anal-
ysis.

A10 Encoder and Probe Card

Table Al14 lists the exact frozen-feature configura-
tions. All encoders are read out at the final layer
for comparability; layer-wise sensitivity is left to fu-
ture work. A fifth pre-specified encoder, voc2vec
(CognitiveReflection/voc2vec), could not be
downloaded (gated repository, HTTP 401 at experiment
time); per the pre-specified fallback plan it was replaced by
AST as the generic audio-event-pretrained control. The zero-
shot MLLM baseline (qwen3-omni-flash; Section 4.1,
Appendix A9) does not pass through this embedding-plus-
probe pipeline — it classifies raw audio directly — and is
therefore not listed in the encoder card.

Table Al14: Encoder card: checkpoints, readout, and di-
mensions. All audio resampled to 16 kHz mono, 7s, peak-
normalized (CLAP internally resampled to 48 kHz).

Encoder  Checkpoint Readout Dim

WavLM microsoft/wavim-base-plus masked-mean, last hidden state 768
wav2vec2 facebook/wav2vec2-base masked-mean, last hidden state 768
CLAP laion/clap-htsat-unfused audio embedding (get_audio_features) 512
AST MIT/ast-finetuned-audioset-10-10-0.4593 [CLS] token, last hidden state 768
handerafted librosa (MFCC, prosody, spectral) mean-std over time 252

Probe and adaptation hyperparameters. Linear probes:
StandardScaler + logistic regression, class-weight balanced,
C € {0.01,0.1,1, 10} selected on the source-domain valida-
tion split by macro-F1 (saga solver for the in-domain B1 runs;
Ibfgs for all transfer runs), max 5,000 iterations. After an ex-
ternal audit found the selection loop was not passing C'to the
estimator (all runs silently at C'=1), the shared trainer was

fixed, unit tests were added (grid candidates change the fit-
ted estimator; selection is non-degenerate across seeds), and
every probe-dependent result was re-run from cached embed-
dings; the values reported here are from the corrected runs,
in which non-default C' values are genuinely selected (e.g.,
C=10 for mapped joint training; C'=0.01 for many transfer
cells). XGBoost baseline: histogram-based gradient boost-
ing with balanced sample weights, default depth/learning
rate. Arm B (full fine-tuning): Ir 10—, bfl6, at most 5
epochs, early stopping on validation. Arm Bs (stabilized):
convolutional feature encoder frozen, transformer stack at Ir
1075. Arm C (DAPT): wav2vec2 masked-prediction contin-
uation on 4,537 unlabeled cry clips (corpus train splits 1,037
+ CryCeleb 3,500; inductive protocol, Appendix AS), one
epoch, 283 steps. Tuning budget was held identical across
encoders and arms; no per-encoder hyperparameter search
was performed.

A1l Quality-Transfer Details

Per-pair correlations. Of the 30 directed encoder x pair cor-
relations, 21 are negative. The nine positive pairs comprise all
five CC—DAC pairs (+0.05 to +0.10), all three handcrafted
CC/BCSD-U pairs, and AST CC—BCSD-U (4-0.042). The
strongest negative values occur with DAC as source (CLAP
DAC—BCSD-U r = —0.334; wav2vec2 DAC—BCSD-
U r = —0.286; WavLM DAC—BCSD-U r = —0.264;
all p < 1073). Per-encoder ranges span [—0.334, +0.050]
(CLAP). Domain-level descriptives (no test, n = 3 do-
mains): the highest-SNR domain is the hardest transfer tar-
get (BCSD-U 102.9 dB — mean incoming cross-domain F1
0.496; CC 37.2 — 0.531; DAC 32.3 — 0.524; CC and DAC
nearly tied).

Estimator validity. Our SNR estimator is not compara-
ble across sampling rates: on the clean 44.1 kHz BCSD-U
recordings it saturates (102.9 dB is a numerical artifact, not
a physical SNR), so pooled cross-domain correlations con-
flate estimator behavior, sampling rate, and domain identity.
Within-domain recomputation (Table A15), where the esti-
mator is at least self-consistent, shows at most weak corre-
lations: none significant on DAC; two of five positive and
significant on CC. Fisher’s combined-p over per-pair tests
is also anti-conservative here because per-clip correctness is
clustered by domain pair; we therefore report it only as a
descriptive summary.

Table Al15: Within-domain point-biserial correlation be-
tween clip-level SNR and prediction correctness (pooled over
seeds). No correction across the 10 tests; * p < 0.05 uncor-
rected.

Encoder DAC CC
WavLM —0.075 (p = .25) +0.111 (p = .036)"

wav2vec2  +0.041 (p = .53) —0.014 (p = .79)
CLAP +0.051 (p = .43) +0.127 (p = .016)*
AST —0.042 (p = 52) +0.077 (p = .14)

handcrafted +0.043 (p = .51) —0.032 (p = .55)

BCSD-U ceiling confidence bounds. The BCSD-U test
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Figure A3: Clip-level SNR negatively correlates with
cross-domain correctness — a confounded signal. Point-
biserial correlation r between estimated SNR and cross-
domain prediction correctness, pooled over the six ordered
domain pairs per encoder (whiskers: min—max across pairs;
stars: Fisher combined p). All encoders show a significant
negative mean correlation; however, the estimator saturates
on 44.1kHz audio (BCSD-U 102.9dB is an artifact) and
SNR is almost perfectly confounded with domain identity,
so this effect cannot be interpreted as a causal quality effect
(CS5 refuted as stated).

split has n = 30; after the corrected-C' rerun two encoders
tie at macro-F1 1.000 (CLAP, AST), and WavLM no longer
sits at a perfect score (pooled accuracy 0.967). Table A16
gives Clopper—Pearson 95% lower bounds on accuracy: even
a perfect 30/30 cell is consistent with true accuracy as low as
0.884 (single seed) / 0.960 (pooled over seeds), so BCSD-U
diagonal cells should be read as “near-ceiling, resolution-
limited” rather than as exact zeros of error.

Table A16: BCSD-U diagonal cells: accuracy and Clopper—
Pearson 95% lower bounds (single seed n = 30; pooled n =
90). The pooled macro-F1 is computed once on the pooled
90-clip prediction set (3 seeds combined); it therefore differs
slightly from the seed-averaged macro-F1 of Table 2 (mean of
per-seed values, e.g., wav2vec2 0.833 pooled vs. 0.883 seed-
averaged; handcrafted 0.944 vs. 0.961). Both conventions are
reported as computed.

Encoder pooled macro-F1 acc. (pooled) LB (pooled) LB (1 seed)
WavLM 0.944 87/90 0.906 0.828
wav2vec2 0.833 81/90 0.819 0.735
CLAP 1.000 90/90 0.960 0.884
AST 1.000 90/90 0.960 0.884
handcrafted 0.944 87/90 0.906 0.828

A12 Within-Corpus Train-Test
Near-Duplicate Audit

This section reports the per-corpus train—test leak-
age audit summarized in Section 4.2  (script

audit_within_corpus.py; all
results/audit_within_corpus/).

Group semantics. DAC: group_id is the uuid file-
name prefix (uploader/device ID; prefix match rate 100%)
— same device with different epoch timestamps counts as
different recordings, so recording identity is not captured.
BCSD-U: the group is the clip ID itself (207 clips / 207
groups). CC: the file stem with the Uncom_Rev_ wrap-
per removed; 83 size-2 groups, of which 78 are explicit
<X>.wav + Uncom_Rev_<X>.wav re-export pairs (me-
dian group size 1). No group crosses splits in any corpus,
but group # infant/recording identity, so cross-group same-
source pairs can and do span the train—test boundary.

Hits by method. Exact shal: O hits in all three corpora. Per-
ceptual fingerprint (64-bit log-mel simhash, hamming < 1,
threshold calibrated on the min-distance distribution): DAC
8, BCSD-U 12, CC 42 pairs — all cross-group. Embed-
ding nearest neighbor (wav2vec2 cosine, top-1 per test clip):
pairs above 0.995 are label-consistent (BCSD-U 2 pairs; CC
7 pairs; DAC 0). Time-shift matching (normalized wave-
form cross-correlation, threshold 0.80, computed on fin-
gerprint/embedding candidates): DAC 0; BCSD-U 5 pairs,
all time-shifted (+1-25s) slices of the same long recording
laugh_1.m4a spanning train/test; CC 13 pairs, all offset 0
with xcorr = 1.000 — waveform-identical re-exports whose
shal differs, invisible to exact hashing. We state this CC find-
ing explicitly as a residual leakage channel that the released
manifest’s byte-level audit cannot catch.

Removal and recomputation. The suspicious test clips
(union of all four methods: 8/13/44 for DAC/BCSD-U/CC,
65 total) were removed and the full 5-encoder matrix recom-
puted under the unified protocol on the cleaned test splits.
Table A17 reports the diagonal and NTR changes. The diago-
nal moves by A € [—0.072, +0.015] (largest drop AST/DAC
0.521 — 0.449 on an 8-clip removal; three wav2vec2 cells
move up), so the diagonal is not systematically inflated;
cleaned NTR remains significantly positive for all five en-
coders. Known limits: time-shift matching is computed only
on fingerprint/embedding candidates (full pairwise wave-
form cross-correlation is too expensive), the fingerprint is
a self-implemented simhash proxy rather than chromaprint,
and DAC’s 8 hits rest on a single method (lower confidence).

outputs  under

Table A17: Within-corpus audit: diagonal macro-F1 and
NTR before/after removing the 65 suspicious test clips (uni-
fied protocol, corrected C' selector). NTR stays positive for
every encoder; no diagonal drop exceeds 0.072.

Encoder DAC diag BCSD-U diag CC diag NTR orig NTR clean

WavLM 0.422 — 0.417 0.944 — 0.924 0.730 — 0.732  0.194 0.198
wav2vec2  0.571 — 0.577 0.833 — 0.837 0.736 — 0.751  0.200 0.200

CLAP 0.508 — 0.506 1.000 — 1.000 0.829 — 0.783  0.330 0.337
AST 0.521 — 0.449 1.000 — 1.000 0.798 — 0.769  0.345 0.323
handcrafted 0.435 — 0.431 0.944 — 0.924 0.816 — 0.763  0.271 0.207

A13 Reproducibility

We release: ontology mapping rules as executable code; the
deduplication manifest (all 1,247 removed pairs); group-
stratified split files; the audit pipeline (feature extraction,



probes, bootstrap, within-corpus near-duplicate audit); the
near-duplicate pair list, removal-robustness matrices, and the
65-clip within-corpus exclusion list; per-run estimator pa-
rameters (including the validation-selected C of every run)
and software versions for every number reported; and the
corrected-trainer unit tests. The released manifest retains the
312 clips involved in suspicious near-duplicate pairs (they
are label-consistent and their removal does not change any
conclusion); the pair list ships as an exclusion file so that the
removal-robustness variant of every table can be reproduced
exactly. Reproducibility is layered: the audit tables, conflict
lists, and manifests can be reverified without raw audio; fea-
ture extraction and retraining require obtaining the corpora.
Logistic-regression rows are deterministic given features and
splits, so their 3-seed std is ~ 0 by construction; variance
estimates are meaningful only for the XGBoost and fine-
tuning arms. Licensing, itemized: DAC (ODbL-1.0) and DI-
A (Apache-2.0) permit redistribution but we still release no
audio; BCSD-U and CC ship without explicit licenses and
their original distribution channels could not be fully veri-
fied, so both are used for evaluation only — for these we
release only shal manifests, split files, and label lists so that
lawful holders of the original files can verify byte-for-byte;
CryCeleb was used as unlabeled DAPT audio under the li-
cense terms as stated by its distributors (CC BY-NC-ND 4.0,
research use only), and we release no CryCeleb audio and
no derivative model weights trained on it (the DAPT check-
point is not distributed). The zero-shot MLLM raw responses
(raw_predictions. jsonl perdomain) are released for
error analysis.



