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ABSTRACT

Respiratory auscultation provides a low-cost means of assessing pulmonary func-
tion, yet transient crackles and sustained wheezes can be difficult to recognize
in noisy clinical recordings. Conventional deep learning classifiers often operate
as black boxes, offering limited insight into the temporal acoustic evidence sup-
porting their predictions. We present RespFocus, a weakly supervised framework
that uses multiple instance learning (MIL) to learn inspectable temporal evidence
from cycle-level labels and integrate it into classification. We also introduce Pe-
dResp2026, a multicenter pediatric respiratory sound cohort collected in routine
clinical environments with adjudicated cycle-level annotations. In classification
experiments, RespFocus achieves four-class Scores of 69.55% on public ICBHI
2017 and 72.91% on PedResp2026. Evidence diagnostics and matched temporal
interventions support the functional contribution of the learned evidence to model
predictions. Together, these findings highlight RespFocus’s potential as a tool for
automated respiratory sound diagnosis.
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Figure 1: Illustrative comparison of conventional cycle classification (left) and RespFocus (right)
with cycle intervals and temporal evidence. Amber/teal denote crackle/wheeze evidence. N/C/W/B
denote Normal/Crackles/Wheezes/Both.

1 INTRODUCTION

Respiratory auscultation provides a low-cost means of assessing respiratory sounds in routine care
(Rocha et al., 2019; Bardou et al., 2018; Gairola et al., 2021). Crackles typically appear as brief,
discontinuous transients, whereas wheezes exhibit a more sustained tonal structure (Pasterkamp
et al., 2016). Automated respiratory sound classification remains challenging because these sounds
differ in duration and can be obscured by speech, motion, and sensor-contact noise.

A respiratory cycle may contain crackles, wheezes, or both, and the two subtypes need not occur at
the same time. Recognizing co-occurrence therefore requires gathering evidence for each subtype
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across the cycle. Keeping this evidence linked to the recording would also allow a listener to revisit
the corresponding portions of the sound when reviewing a prediction.

Pretrained audio representations have improved respiratory sound classification (Bae et al., 2023;
He et al., 2024; Zhang et al., 2024), providing a starting point for learning such evidence. However,
the annotations used here specify cycle boundaries and sound categories without marking individual
events. Under this weak supervision, the model must learn which temporal responses are useful by
aggregating them into a prediction and comparing it with the cycle label.

Averaging across a cycle can dilute a brief crackle among less informative positions, while a single
maximum captures only one response from distributed wheeze activity. A common aggregation rule
therefore imposes the same temporal preference on acoustically different subtypes. This motivates
separate rules that preserve crackle peaks and combine multiple wheeze responses.

We present RespFocus, a weakly supervised framework that uses multiple instance learning (MIL)
(Dietterich et al., 1997; Ilse et al., 2018) to learn inspectable temporal evidence from cycle-level
labels and integrate it into classification. Each annotated cycle forms a bag of temporal instances.
Building on interpretable time-series MIL (Early et al., 2024), it combines OPERA-CT and Audio
Spectrogram Transformer (AST) representations (Zhang et al., 2024; Gong et al., 2021). A shared
abnormal-presence head guides local refinement in separate subtype branches. Crackle max pooling
preserves peak responses, while wheeze top-k pooling combines multiple high-scoring positions.
The two subtype decisions compose the four cycle categories and represent co-occurrence within
a cycle. Each prediction is accompanied by shared and subtype-specific evidence indexed to the
supplied interval (Figure 1).

To evaluate this approach alongside ICBHI 2017, we introduce PedResp2026, a new multicenter pe-
diatric respiratory sound dataset collected during routine care. It contains 493 recordings from 137
children at seven hospitals, with expert-adjudicated cycle labels. Patient-disjoint partitions support
evaluation on held-out children from the collection. The new cohort complements the public bench-
mark with recordings from pediatric care and provides a resource for learning temporal evidence
under weak supervision.

RespFocus improves classification on both datasets. Progressive ablations examine how perfor-
mance changes as the architecture is assembled, with a controlled comparison isolating the pooling
design. Matched feature-space suppression and retention test whether high-ranked evidence con-
tributes to predictions. These experiments evaluate the classification outcome, the design choices
behind it, and the role of the selected evidence. Our contributions are:

1. A weakly supervised framework that uses MIL to learn inspectable temporal evidence from
cycle-level labels and integrate it into respiratory sound classification.

2. A morphology-aware aggregation and decoding design that uses crackle max pooling and
wheeze top-k pooling to reflect their temporal differences, then composes the two subtype
decisions into four cycle categories.

3. PedResp2026, a new multicenter pediatric respiratory sound dataset with 493 recordings
from 137 children at seven hospitals, expert-adjudicated cycle labels, and patient-disjoint
evaluation partitions.

4. Evaluation on ICBHI 2017 and PedResp2026, with four-class Scores of 69.55% and
72.91%, respectively. Architectural ablations and matched feature-space interventions on
ICBHI 2017 connect the classification gains to the proposed design and the evidence used
for prediction.

2 RELATED WORK

Weakly supervised temporal learning. MIL learns from bag labels without instance annotations
(Dietterich et al., 1997). Respiratory cycle annotations follow this structure, with an acoustic label
for each cycle and latent locations for the supporting sounds. Attention-based MIL learns instance
aggregation (Ilse et al., 2018). MILLET extends this approach to time-series classification and local
explanations (Early et al., 2024). Both make aggregation an explicit link between local responses and
a sequence-level decision. Weakly supervised action localization separates foreground activity from
background (Paul et al., 2018; Nguyen et al., 2019; Ren et al., 2023), while sound event detection
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Figure 2: Illustrative RespFocus overview. (a) Dual-stream fusion and guidance from shared abnor-
mal evidence. (b) Subtype MIL pooling and compositional decoding. (c) Shared abnormal, crackle,
and wheeze evidence. (d) Optional text summaries with temporal references.

addresses event duration and acoustic background (Dinkel et al., 2021; Xin et al., 2023). RespFocus
uses cycle labels to learn evidence within supplied intervals. Its subtype-specific pooling encodes
the different temporal preferences of crackles and wheezes, and its compositional decoder preserves
their co-occurrence within a bag.

Respiratory sound representations and explanations. Convolutional and transformer models sup-
port respiratory sound classification (Bardou et al., 2018; Gairola et al., 2021; Bae et al., 2023;
He et al., 2024). Supervised audio pretraining, masked modeling, and acoustic tokenization pro-
vide transferable features (Kong et al., 2020; Gong et al., 2022; Huang et al., 2022; Chen et al.,
2023). OPERA specializes pretraining to respiratory audio (Zhang et al., 2024). RespFocus builds
on OPERA-CT and AST representations by guiding, refining, and pooling their temporal features
for the two sound subtypes.

Prototype and example-based approaches make predictions interpretable through reference exam-
ples (Ren et al., 2022; Chang et al., 2022). RespFocus exposes temporal evidence within the input
cycle and tests its contribution through interventions on the model’s representations. The shared
evidence describes abnormal support, and the subtype scores expose the responses pooled into the
cycle-level logits. This makes the evidence accessible along the same path that produces the predic-
tion.

3 METHODOLOGY

Given a recording x and annotated cycle intervals {Ic}Nc=1, RespFocus returns {(Ic, ŷc, Sc)}Nc=1:
the supplied intervals, predicted categories, and indexed temporal evidence. Each interval defines
an instance bag, with predicted category ŷc ∈ {Normal,Crackles,Wheezes,Both}. Both denotes
crackles and wheezes within the same cycle, whether or not their events overlap.

The model fuses OPERA-aligned temporal features with AST context, uses shared abnormal evi-
dence to guide subtype refinement, and pools the subtype logits within each cycle (Figure 2). The
shared head modulates temporal features according to abnormal support. The subtype branches re-
fine these features into crackle and wheeze responses, which cycle pooling converts into the final
decision. The optional text interface verbalizes the acoustic outputs.

3.1 DUAL-STREAM TEMPORAL ENCODING

OPERA-CT encodes a 64-bin log-mel spectrogram, while AST encodes a normalized 128-bin fil-
terbank (Zhang et al., 2024; Gong et al., 2021). Writing the frontends as M64 and F128, we obtain

XO = M64(x), HO = fO(X
O) ∈ RT×768,

XA = F128(x), HA = fA(X
A) ∈ RTA×768.

(1)
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Here, T is the length of the OPERA-aligned temporal sequence, and TA is the number of AST
tokens.

Temporal-spectral cross-attention (TSCA) projects both outputs to db = 1024 and queries AST
features with the OPERA-aligned sequence (Vaswani et al., 2017),

ZO = HOWO, ZA = HAWA,

ẐO = LN
(
ZO +MHA(Q = ZO,K = ZA, V = ZA)

)
.

(2)

A residual gate and output projection produce the shared temporal features,

gO = σ
(
ϕO(Ẑ

O)
)
,

Z̄O = ẐO ⊙ (0.1 + 0.9gO),

H = MLPout(Z̄
O) = [h1, . . . , hT ] ∈ RT×D.

(3)

Here, D = 512. Each supplied interval Ic maps to a nonempty token set Ic ⊆ {1, . . . , T} using
the nearest OPERA-token center times. Features are computed before cycle grouping. AST retains
at most the first 512 input frames, so its context covers the initial segment of longer recordings.
OPERA supplies the temporal indexing.

3.2 SHARED ABNORMAL-PRESENCE EVIDENCE AND SUBTYPE REFINEMENT

For each fused token ht, a shared head combines local evidence and an auxiliary abnormal cue into
a logit st. Its score modulates the feature through residual guidance,

at = σ(st/τa), h̃t = ht ⊙
(
1 + α sg(at)

)
. (4)

Here, τa > 0 is the sigmoid temperature, α is the guidance strength, and sg stops gradients through
the multiplier, broadcast across channels. The direct feature path remains trainable, and the shared
head receives a separate abnormal-presence objective (Section 3.4).

Inspired by convolutional local modeling (Gulati et al., 2020; Peng et al., 2022), we refine the guided
sequence H̃ = [h̃1, . . . , h̃T ] with separate subtype blocks, using a shorter kernel for crackles and a
broader kernel for wheezes. Each block is followed by a linear subtype head,

HC = FC(H̃; k = 3), uC
t = w⊤

Ch
C
t + bC ,

HW = FW (H̃; k = 15), uW
t = w⊤

WhW
t + bW .

(5)

Kernel sizes are in tokens and express relative temporal preferences. The subtype scores eC(t) =
σ(uC

t ) and eW (t) = σ(uW
t ) form the indexed evidence collection

Sc =
{(

at, eC(t), eW (t)
)}

t∈Ic
. (6)

Shared evidence at guides refinement, while eC(t) and eW (t) expose the subtype responses whose
logits are pooled for classification. All three scores retain correspondence with the recording.

3.3 MORPHOLOGY-AWARE MIL AND COMPOSITIONAL DECODING

Crackle pooling selects the largest logit, while wheeze pooling averages multiple high-scoring posi-
tions:

ℓCc = max
t∈Ic

uC
t , Kc = max(1, ⌈ρW |Ic|⌉) , ρW = 0.35,

ℓWc =
1

Kc

∑
t∈TopKKc

(Ic;uW )

uW
t .

(7)

TopKKc
selects the Kc largest wheeze logits, whose positions can be noncontiguous. The count

Kc differs from the convolutional kernel size k. Building on MIL aggregation (Ilse et al., 2018;
Early et al., 2024), we use asymmetric pooling to preserve peak crackle responses while combining
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distributed wheeze evidence. Both operations produce cycle-level logits from the same temporal
evidence exposed for inspection.

The pooled logits yield two subtype probabilities, which are thresholded independently using
validation-selected thresholds,

pqc = σ(ℓqc), b̂qc = 1[pqc > θq], q ∈ {C,W}. (8)

The ordered pair of crackle and wheeze decisions determines the category,

ŷc =


Normal, (b̂Cc , b̂

W
c ) = (0, 0),

Crackles, (b̂Cc , b̂
W
c ) = (1, 0),

Wheezes, (b̂Cc , b̂
W
c ) = (0, 1),

Both, (b̂Cc , b̂
W
c ) = (1, 1).

(9)

The decoder assigns Both when both subtype decisions are positive. Shared abnormal evidence
guides feature refinement upstream of this decision.

3.4 TRAINING OBJECTIVE

Let yCc , y
W
c ∈ {0, 1} encode the presence of each subtype, and let yAc = 1[yCc ∨ yWc ] denote ab-

normal presence. The primary objective applies asymmetric loss (ASL) to the MIL-pooled subtype
logits (Ridnik et al., 2021),

Lpair =
1

N

N∑
c=1

ASL
(
(ℓCc , ℓ

W
c ), (yCc , y

W
c )

)
. (10)

The auxiliary objective trains the shared head to recognize abnormal support across both subtypes.
It averages the shared evidence logits within each cycle and applies a binary abnormal-presence loss,

s̄c =
1

|Ic|
∑
t∈Ic

st,

Labn =
1

N

N∑
c=1

BCEWithLogits(s̄c, y
A
c ).

(11)

The acoustic model is optimized with

L = Lpair + ωabnLabn, ωabn = 1. (12)

Both labels activate both subtype targets, while Normal labels set both to zero. Each subtype branch
can therefore learn from cycles containing its subtype alone or together with the other subtype. The
losses supervise temporal responses through cycle aggregation, allowing evidence learning without
event-level annotations.

For evidence analysis and presentation, we separately summarize the shared scores as

rc =
1

|Ic|
∑
t∈Ic

at. (13)

Thus, analysis uses the mean probability rc, whereas training uses the mean logit s̄c.
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4 EXPERIMENTAL SETUP

4.1 DATASETS

We evaluate respiratory sound classification on ICBHI 2017 (Rocha et al., 2019) and PedResp2026.
Our fixed ICBHI partition uses 777/90/53 recordings and 5,815/657/426 cycles for training, valida-
tion, and testing. Test recordings follow the OPERA held-out list.

PedResp2026 is a newly collected pediatric cohort comprising 493 recordings from 137 children
at seven hospitals, with nine device identifiers. Children aged 0.1–13 years were recorded in rou-
tine clinical rooms using an eight-site thoracic protocol. Two physicians annotated cycles, with
adjudication by an additional physician from an eight-physician panel. The patient-disjoint train-
ing, validation, and test sets contain 109/14/14 children, 394/49/50 recordings, and 899/119/117
respiratory cycles, respectively.

4.2 BASELINES AND IMPLEMENTATION

We compare with respiratory sound classifiers using convolutional, transformer, contrastive,
masked-audio, and adaptation-based approaches (Moummad & Farrugia, 2023; Bae et al., 2023;
Kim et al., 2023; 2024b;a; Niizumi et al., 2024; He et al., 2024; Dong et al., 2025a;b). We also
consider general MIL baselines for time-series classification (Early et al., 2024; Chen et al., 2024),
anomaly detection (Jang & Kwon, 2025), and instance aggregation (Tang et al., 2024), alongside
an interpretable mixture-of-experts model (Xie et al., 2026), for adaptation to respiratory sound
classification.

OPERA-CT uses 16-kHz audio, 64 mel bins, a 2,048-sample FFT/window, and a 512-sample hop.
AST uses a normalized 128-bin Kaldi filterbank, a 10-ms frame shift, and 512 input frames. We
train with AdamW and cosine learning-rate decay over five independent seeds. Checkpoints and
subtype thresholds are selected on validation data and fixed for testing. The wheeze pooling ratio is
ρW = 0.35, and the crackle and wheeze kernels are 3 and 15 tokens.

4.3 EVALUATION METRICS

Classification. We use the ICBHI challenge metric definitions (Rocha et al., 2019) on the study par-
titions above. Let Mij count cycles with reference class i and predicted class j, where N,C,W,B
denote Normal, Crackles, Wheezes, and Both. Specificity (Sp) measures correct normal classifi-
cation. Sensitivity (Se) measures correct abnormal-subtype classification, penalizing both missed
abnormalities and subtype confusions:

Sp =
MNN∑
j MNj

,

Se =
MCC +MWW +MBB∑

i∈{C,W,B}
∑

j Mij
,

Score = 1
2 (Sp + Se).

(14)

We report Sp, Se, and Score as percentages, alongside macro-AUROC and macro-F1.

Temporal evidence. We evaluate two properties of the shared evidence. Abnormal-presence AU-
ROC uses rc to rank cycles labeled Normal versus Abnormal. CycleHitRate measures the fraction
of abnormal cycles containing at least one token above a validation-selected evidence threshold,

CycleHitRate =
1

|Cabn|
∑

c∈Cabn

1

[
max
t∈Ic

at ≥ τhit

]
. (15)

Here, Cabn contains abnormal cycles. We test functional relevance by suppressing or retaining se-
lected tokens under matched feature-space budgets, including random, low-evidence, and energy-
matched controls.
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Figure 3: Five-run results by metric (rows) and method (columns) for ICBHI 2017 (solid black
lines, filled circles) and PedResp2026 (colored dashed lines, open diamonds). Right summaries
show mean ± sample SD. Run indices do not imply paired initialization across methods.

5 RESULTS

5.1 CLASSIFICATION PERFORMANCE

RespFocus achieves the highest mean four-class Score among the compared methods on both
datasets (Table 1). Scores of 69.55% on ICBHI and 72.91% on PedResp2026 exceed the strongest
baselines, MVST (66.56%) and Patch-Mix CL (68.41%), by 2.99 and 4.50 percentage points. Resp-
Focus also achieves the highest sensitivity, improving by 4.92 and 16.06 points over these baselines.
On PedResp2026, sensitivity rises from 52.12% to 68.18%, showing stronger abnormal-subtype
recognition.

Table 1: Four-class classification (%). Sc denotes Score. RespFocus reports five-run means.
Bold/underlined values mark best/second-best results.
Method Backbone Venue ICBHI 2017 PedResp2026

Sc Se Sp Sc Se Sp

CE (Moummad & Farrugia, 2023) CNN6 WASPAA’23 55.19 40.32 70.07 50.00 20.00 80.00
SCL (Moummad & Farrugia, 2023) CNN6 WASPAA’23 57.57 39.21 75.93 61.92 46.97 76.86
AFT on Mixed (Kim et al., 2023) AST NeurIPS W’23 61.80 42.86 80.73 65.31 47.88 82.75
Fine-tuning (Bae et al., 2023) AST INTERSPEECH’23 59.52 41.90 77.13 57.08 27.88 86.27
Patch-Mix CL (Bae et al., 2023) AST INTERSPEECH’23 62.34 43.02 81.67 68.41 52.12 84.71
Audio-CLAP (Kim et al., 2024b) CLAP INTERSPEECH’24 62.73 44.60 80.87 65.24 49.70 80.78
BTS (Kim et al., 2024b) CLAP INTERSPEECH’24 63.56 45.71 81.40 64.83 48.48 81.18
DAT (Kim et al., 2024a) AST ICASSP’24 59.84 42.54 77.13 64.13 43.94 84.31
SG-SCL (Kim et al., 2024a) AST ICASSP’24 61.68 43.49 79.87 64.73 51.82 77.65
M2D-X (Niizumi et al., 2024) M2D ViT TASLP’24 63.31 45.08 81.53 62.50 46.97 78.04
MVST (He et al., 2024) AST ICASSP’24 66.56 51.11 82.00 54.44 28.48 80.39
Low-rank (Dong et al., 2025a) LoRA ICASSP’25 60.68 36.03 85.33 56.76 16.67 96.86
Single-view (Dong et al., 2025b) AST BSPC’25 66.03 49.52 82.53 51.75 38.79 64.71

RespFocus Dual-stream This work 69.55 56.03 83.07 72.91 68.18 77.65

RespFocus also outperforms five adapted MIL and temporal baselines in mean Score, macro-
AUROC, and macro-F1 on both datasets. The strongest baselines by Score are AnchorMoE (Xie
et al., 2026) on ICBHI and RRT-MIL (Tang et al., 2024) on PedResp2026. RespFocus exceeds their
Scores by 11.91 and 19.85 percentage points, respectively. Compared with RRT-MIL, the strongest
macro-F1 baseline on both datasets, RespFocus raises macro-F1 from 0.371 to 0.625 on ICBHI
and from 0.372 to 0.744 on PedResp2026. These gains show that the advantage extends to perfor-
mance averaged equally across the four classes. Figure 3 shows the variation across five runs, with
RespFocus Score SDs of 4.92 points on ICBHI and 2.42 on PedResp2026. We next examine the
design choices within RespFocus through ablations, complementing these comparisons of complete
classification pipelines.
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Table 2: Progressive ICBHI 2017 four-class ablation (%, five-run mean ± SD).
Variant TSCA Evidence Binary pair Asym. pooling Sp (%) Se (%) Score (%)

Flat AST classifier × × × × 76.40± 6.35 43.17± 4.07 59.79± 4.47
Dual-stream global pooling ✓ × × × 79.40± 5.67 45.40± 3.48 62.40± 4.11
Evidence pathway + flat four-way ✓ ✓ × × 81.07± 5.91 48.25± 3.52 64.66± 4.28
Mean pooling ✓ ✓ ✓ × 82.67± 5.48 50.95± 3.14 66.81± 2.85
Full RespFocus ✓ ✓ ✓ ✓ 83.07± 8.50 56.03± 4.07 69.55± 4.92
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Figure 4: Illustrative waveform interventions with within-cycle min–max-normalized evidence
(left). Right panels show deletion Dq(b) = pq(x)−pq(xdelete,b) and retention Rq(b) = pq(xretain,b)
for subtype q ∈ {C,W} and cycle-duration fraction b.

5.2 ARCHITECTURAL ABLATIONS

Adding temporal encoding, evidence guidance, and subtype decisions progressively improves
ICBHI classification (Table 2). The mean ICBHI Score rises from 59.79% for a flat AST classifier to
62.40% with dual-stream TSCA, 64.66% with the evidence pathway, and 66.81% with binary-pair
decoding and mean pooling. The last comparison holds the remaining architecture and training pro-
tocol fixed: replacing mean pooling in both subtype branches with crackle max pooling and wheeze
top-k pooling raises Score to 69.55%, a 2.74-point gain. The pooling change raises sensitivity from
50.95% to 56.03%, while specificity changes from 82.67% to 83.07%. Most of the Score increase
therefore comes from correct abnormal-subtype predictions. Since this sensitivity metric rewards the
correct Crackles, Wheezes, or Both category, the result links the aggregation change to recognition
of the sounds present within abnormal cycles.

5.3 FUNCTIONAL ROLE OF TEMPORAL EVIDENCE

The shared evidence distinguishes abnormal cycles and contributes to feature refinement. Its cycle
summary rc achieves an AUROC of (83.51± 0.48)% for separating abnormal from normal cycles.
To test its role in refinement, we perturb the shared guidance scores at at a fixed checkpoint. Replac-
ing the scores with the recording mean removes temporal variation and reduces Score from 70.02%
to 65.78%. Removing guidance lowers Score to 62.63%. Within-cycle shuffling preserves each
cycle’s score distribution but changes its temporal assignment, yielding a Score of 68.28%. These
decreases show that the classifier uses the shared guidance, including its temporal arrangement.

Matched feature-space interventions then assess the contribution of the selected representations.
Under equal token budgets, suppressing high-evidence tokens reduces mean ICBHI Score by 11.13
percentage points, compared with 4.81 for random tokens and 6.23 for energy-matched random to-
kens. Retaining only high-evidence tokens yields a Score of 65.12%, versus 55.17% for random
retention. The larger suppression effect and stronger retention performance jointly support the evi-
dence ranking as a way to identify features that contribute to classification.

Figure 4 illustrates complementary interventions on waveform windows ranked by subtype evidence.
On the left, normalized crackle evidence peaks near a brief transient, while wheeze evidence remains
elevated over a longer interval. The highlighted windows show where high-evidence and random
suppression modify the waveforms. On the right, deleting high-evidence windows causes larger
drops in subtype probability than random or energy-matched deletion at partial budgets. Retaining
high-evidence windows also yields higher subtype probabilities at small and intermediate budgets.
The curves converge at the full-cycle budget, when all strategies delete or retain the same samples.
These examples connect the temporal evidence profiles to the prediction changes caused by selecting
different portions of the waveform.
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Figure 5 illustrates two cycles from a wheeze-dominant case. RespFocus correctly predicts Cycle 2
as Both but also assigns Both to the Wheezes-only Cycle 1. The extra crackle prediction propagates
into the illustrative text panel.

6 DISCUSSION
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Crackle and wheeze
evidence in both cycles.
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Cycle 1, 2.07–5.65 s
Cycle 2, 6.82–9.93 s
Impression: Both

Figure 5: Two-cycle illustration of a wheeze-
dominant case.

RespFocus connects weakly supervised respira-
tory sound classification with inspection of the
temporal evidence used for each decision. The
classification results (Table 1) and pooling abla-
tion (Table 2) support using sound morphology
to guide how evidence is accumulated. This al-
lows brief crackle responses and longer wheeze
activity to contribute through different aggrega-
tion rules, while compositional decoding repre-
sents their co-occurrence within a cycle. The
matched interventions show that the evidence
ranking identifies representations on which pre-
dictions depend. Because these representations
retain their temporal indices, the predicted cat-
egory can be examined alongside the responses
that produced it. This gives a listener a con-
crete starting point for reviewing a prediction
and investigating an incorrectly assigned sub-
type. PedResp2026 provides a new multicenter
pediatric setting for studying this connection, with adjudicated recordings from routine care and
evaluation on held-out children. The optional text interface conditions generation on acoustic pre-
dictions, subtype probabilities, and cycle intervals. This conditioning provides an explicit reference
for generation and can reduce the risk of language model hallucinations. The extra crackle statement
in Figure 5 reflects an error inherited from the acoustic model.

Limitations. PedResp2026 remains limited in size, and future work will expand the cohort to
include more patients and a wider range of respiratory sounds. Expert event annotation is also labor-
intensive, particularly for brief crackles that require millisecond-scale temporal precision. Learning
from cycle-level labels reduces this annotation burden, although evaluating event localization still
requires fine-grained reference annotations. The current patient-disjoint split leaves generalization
to unseen hospitals and devices open. Future evaluations should test these acquisition-domain shifts
(Koh et al., 2021). Evaluation of the text interface should distinguish errors propagated from the
acoustic model from unsupported content introduced during text generation. It should also assess
how conditioning affects hallucination risk and whether the generated text helps listeners review
recordings.

7 CONCLUSION

We presented RespFocus, a weakly supervised framework that uses MIL to learn temporal evidence
from cycle-level labels and integrate it into respiratory sound classification. Shared abnormal evi-
dence guides separate crackle and wheeze branches, whose pooling rules preserve brief peaks and
combine distributed responses before compositional decoding determines the cycle category. Eval-
uation on ICBHI 2017 and PedResp2026, our new multicenter pediatric cohort, shows improved
classification, while matched interventions support the contribution of the learned evidence to pre-
dictions. These findings support learning temporal evidence as part of the classifier, connecting each
predicted sound category to the temporal responses used to produce it.
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