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Abstract

Automated auscultation advances the detection of respira-
tory diseases, especially in areas with limited resources where
traditional diagnostic methods are unavailable. On the other
hand, the scarcity of auscultation datasets limits the automa-
tion performance, prompting the needs for data augmenta-
tion methods. However, most of the existing methods ne-
glect the difference in acoustic sounds that requires person-
alized augmentation strategies. To address this, we propose a
Progressive-Adaptive Spectral Augmentation (PASA), which
is one of the first paradigms to adaptively select the best aug-
mentation strategy for each sample. The PASA innovatively
treats augmentation selection problem as a Markov Decision
Process (MDP), creating an alternating loop between the di-
agnostic model and the augmentation selection. The agent
selects the optimal augmentation operations and magnitudes
via a task-specific design, including state construction, ac-
tion sampling, Hybrid Batch-Sample (HBS) strategy execu-
tion, and reward guidance. The HBS strategy initially ap-
plies uniform augmentation across mini-batches while col-
lecting sample-specific performance statistics. When model
performance stabilizes, it transits to sample-level augmenta-
tion based on accumulated difficulty assessments. This two-
phase design balances computational complexity with per-
sonalization. Extensive experiments across three benchmark
datasets demonstrate that the PASA outperforms the state-
of-the-art methods, pioneering a transformative paradigm for
adaptive data augmentation in automated auscultation.

Code — https://github.com/wangying1586/PASA

Introduction
Conditions such as asthma and cardiovascular disease pro-
duce abnormal respiratory sounds, posing a threat to global
health and highlighting the importance of early detec-
tion (Al-Hasan et al. 2025). However, current detection
methods rely on physician expertise and expensive imaging,
which are often unavailable due to financial and infrastruc-
tural limitations (Bernardi et al. 2019). To address this, re-
searchers began exploring automated, computer-aided aus-
cultation (Osama et al. 2024). These automated methods
show promise for telemedicine, routine screening programs,
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Figure 1: Illustration of the differences among (a) generative
methods, (b) combination rule-based methods, (c) transfor-
mation predefined methods, and (d) our PASA.

and use in underserved areas. Automated auscultation has
the potential to transform the delivery of respiratory health-
care across various clinical settings (Heitmann et al. 2023).
The success of such automation relies on effective audio pre-
processing. Preprocessed spectral features are ideal for de-
tecting the frequency patterns that show various respiratory
conditions (Park et al. 2025).

However, training effective spectral-based models re-
quires large amounts of labeled datasets (Whang et al. 2023).
Unfortunately, such datasets remain scarce in the auscul-
tation domain (Zhao et al. 2024). This is because medical
data collection is expensive, and medical experts are needed
to validate the data, especially for rare respiratory condi-
tions (Ren et al. 2024). To address this, researchers have
turned to developing data augmentation methods, as illus-
trated in Figure 1. Specifically, in Figure 1 (a), some em-
ploy generative models (Kim et al. 2023) to synthesize ar-
tificial samples. In Figure 1 (b), others utilize prior knowl-
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Figure 2: Augmentation operation evolution in our pro-
posed PASA showing transition from uniform distributions
to sample-specific strategies.

edge to design rules for combining sound segments (Wang
and Wang 2022; Wang et al. 2024a,b). Both methods gener-
ate the pathological spectrograms to be added to the training
data. In most cases, in Figure 1 (c), methods are based on
applying fixed transformations with set probabilities during
training (Liu et al. 2022; Pessoa et al. 2023; Ngo et al. 2023a;
Hu et al. 2025). For example, during the training period, the
time masking (TM Aug.) (Park et al. 2019) pre-sets a time
amplitude of 0.2 to mask the spectral information. This pro-
cess is done randomly, with a 0.5 probability of enabling
or disabling. These static methods are applied equally to all
samples across training epochs, regardless of the character-
istics of each respiratory spectrogram. This makes them un-
able to find the most suitable augmentation strategy for each
sample and fully utilize the scarce training data.

Due to the limitations of static augmentation, recent stud-
ies have started exploring reinforcement learning (RL)-
based adaptive augmentation. These RL-driven methods are
commonly used in computer vision to improve image data,
but less so for audio analysis (Sun et al. 2024). These meth-
ods operate at the batch or sample levels. However, both
methods face limitations when applied to auscultation tasks.
First, batch-level methods (Müller and Hutter 2021; Hou,
Zhang, and Zhou 2023) apply the same augmentations to
each mini-batch to achieve computational efficiency. How-
ever, homogeneity issues arise when the same augmenta-
tions are applied to diverse samples, yielding suboptimal
results. Second, sample-level methods (Yu et al. 2024; Li
et al. 2025) apply different augmentations for each sample
to improve personalization. However, they face several chal-
lenges. Cold-start problems occur due to inadequate initial
data, reward fluctuations cause unstable training, and per-
sample optimization incurs high computational costs. These
issues reflect an efficiency-personalization trade-off that pre-
vents the application of these methods to automatic auscul-
tation tasks. A hybrid method that balances both factors is
needed.

To address these issues, we propose a Progressive-

Adaptive Spectral Augmentation (PASA), which dynami-
cally learns optimal augmentation policies via RL feedback.
As shown in Figure 1 (d), unlike static methods, PASA cre-
ates an adaptive learning process where unsuitable augmen-
tations are gradually filtered out while effective ones are en-
couraged. For example, when an agent applies unsuitable
augmentation like TM Aug. (Park et al. 2019) to stridor sam-
ples at epoch 10, negative feedback guides the agent to avoid
such operations in future decisions like epoch 20. This iter-
ative learning gradually filters out harmful augmentations.
At the final epoch, it selects effective ones like spectral con-
trast (SC Aug.) with appropriate magnitude levels (L5). To
better show the adaptive evolution in different samples, as
shown in Figure 2. At epoch 10, an agent explores by try-
ing different augmentations and measuring the impact on
diagnostic performance. The results show that both samples
have a similar usage rate of 10-14%. Through training and
decision optimization, normal samples learn to prefer Low
Frequency Emphasis, Noise Injection, and Breathing Cycle
Stretch operations. These strategies make breathing more ro-
bust while keeping it natural. On the other hand, stridor sam-
ples show Spectral Contrast (37% usage) and Harmonic Per-
turbation (18% usage) at the final epoch. These operations
make pathological acoustic features louder.

To realize this adaptive learning capability, PASA imple-
ments a five-step workflow including state construction, ac-
tion sampling, Hybrid Batch-Sample (HBS) strategy execu-
tion, reward computation, and joint optimization. The core
innovation lies in our Hybrid Batch-Sample (HBS) strategy,
which serves as the execution component to intelligently
balance computational efficiency and personalization via a
two-phase design. Our main contributions are:

• We present one of the first adaptive augmentation
paradigm based on RL for automatic auscultation,
namely Progressive-Adaptive Spectral Augmentation
(PASA). It automatically selects the optimal augmenta-
tions for each sample using a five-step workflow design.

• We introduce a Hybrid Batch-Sample (HBS) strategy
as the augmentation executor of PASA, which starts
with batch-level uniform augmentation to collect sam-
ple statistics, then transitions to sample-level personal-
ized augmentation based on difficulty assessment, effec-
tively balancing efficiency and personalization via a two-
phase design.

• We achieve SOTA performance with improvements, in-
cluding a 2% W.acc increase on the CirCor DigiScope
and up to 12.6% improvement over recent SOTA on
SPRSound 2023 tasks. This shows the success of adap-
tive augmentation in situations where data are limited,
and its potential application to other medical AI areas.

Related Work

Related work includes data augmentation methods devel-
oped for automated auscultation and adaptive augmentation
methods from computer vision domains.
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Data augmentation methods
Data augmentation methods address the scarcity of data in
automatic auscultation (Osama et al. 2024). Early genera-
tive models (Kim et al. 2023) create artificial spectrograms,
but they generate pathological features in an uncontrollable
manner. To address this limitation, rule-based combination
methods (Wang and Wang 2022; Wang et al. 2024a,b) arose
to provide better control by mixing audio segments, yet they
remain constrained by the availability of original datasets.
Therefore, most of methods (Liu et al. 2022; Pessoa et al.
2023; Ngo et al. 2023a; Hu et al. 2025) use spectral trans-
formations for online data synthesis with fixed augmenta-
tion transformations. However, these static transformations
fail to capture the distinct acoustic characteristics of normal
versus abnormal respiratory sounds. Unlike these methods,
PASA uses a RL process to select specific augmentations for
each sample based on its unique acoustic properties.

Adaptive augmentation methods
Adaptive augmentation methods have been developed to
overcome the limitations of static augmentation (Fawzi et al.
2016). Early work (Müller and Hutter 2021) used ran-
dom selection from predefined ranges, which sacrifices true
adaptability for computational simplicity. To achieve true
adaptability, two main categories of methods have emerged.
Batch-level methods (Hou, Zhang, and Zhou 2023) apply
uniform strategies across mini-batches for computational ef-
ficiency. They assume samples within batches have similar
augmentation needs. This assumption fails for acoustic data
where normal and pathological sounds have different spec-
tral characteristics. Sample-level methods (Yu et al. 2024; Li
et al. 2025) provide personalized augmentation based on in-
dividual sample characteristics. While theoretically sound,
per-sample optimization creates unmanageable complexity,
leading to unstable training and high costs. Current methods
are too rigid to allow dynamic granularity selection. They ei-
ther favor personalization over efficiency or efficiency over
personalization. Therefore, our HBS strategy dynamically
adjusts adaptation granularity based on training progress
and sample characteristics. It switches between batch-level
and sample-level strategies through feedback, balancing ef-
ficiency with personalization.

Methodology
Preliminary
Adaptive augmentation methods employ RL to formulate
augmentation selection as a MDP (Sutton and Barto 1998).
The MDP consists of states S, actions A, transition proba-
bilities P , rewards R, and discount factor γ ∈ (0, 1]. During
each training step t, the agent receives state st, applies pol-
icy π(at|st) to select action at, and obtains reward rt and
next state st+1. The objective is to optimize policy π∗ that
maximizes cumulative reward Rt =

∑T
k=0 γ

krt+k, where
k denotes the time step index, T is the total number of time
steps, and rt+k represents the reward at future step t+ k. In
this work, we implement this MDP using Soft Actor-Critic
(SAC) (Haarnoja et al. 2018) with actor network πϕ for pol-
icy learning and twin critics Qψ1 , Qψ2 for value estimation.

Algorithm 1: The main workflow of PASA
Input: Training mini-batch B = {(xj , yj)}Bj=1, validation
set Dval
Parameter: Diagnostic model fθ, SAC networks including
actor network πϕ and twin critic networks Qψ1

, Qψ2

Output: Updated diagnostic model parameters and SAC
networks

1: for each training epoch do
2: for each mini-batch B do
3: Extract features and construct state st
4: Sample augmentation action at ∼ πϕ(st)
5: Execute HBS strategy to augment batch B̃
6: Evaluate on validation set Dval and compute rt
7: Update state st+1 and jointly optimize networks
8: end for
9: end for

10: return Updated parameters θ, {ϕ, ψ1, ψ2}

Overview
Based on the MDP formulation, we present our Progressive-
Adaptive Spectral Augmentation (PASA) paradigm. As
shown in Figure 3, PASA first preprocesses respiratory audio
to generate log-mel spectrograms, then performs a split of
training and validation sets, and adopts balanced mini-batch
sampling. PASA implements a five-step workflow where
each mini-batch serves as a discrete MDP time step, achiev-
ing dynamic adaptation during training.

Under this MDP framework, each training iteration fol-
lows a standard RL loop: st → at → rt → st+1. As
shown in Algorithm 1, this loop is implemented via five
steps. Firstly, state construction extracts semantic features
and class distributions to form the MDP state st. Secondly,
action sampling uses the SAC network to select augmenta-
tion policies as the MDP action at. Thirdly, Hybrid Batch-
Sample (HBS) execution strategy performs selected aug-
mentations with dynamic phase transitions. Fourthly, re-
ward calculation evaluates performance improvement to
generate the reward signal rt. Finally, joint optimization
updates both diagnostic model and SAC networks using ex-
perience tuples (st, at, rt, st+1).

Progressive-Adaptive Spectral Augmentation
PASA begins with data preprocessing. Raw respiratory
audios undergo resampling, denoising, normalization, and
length standardization. The processed audios are then con-
verted into log-mel spectrogram representations. The spec-
trogram dataset then is divided into training and validation
sets using an 8:2 ratio. During training, PASA operates on
mini-batches of log-mel spectrograms B = {(xj , yj)}Bj=1.
Here, xj ∈ R1×H×W represents spectrograms and yj ∈
{0, 1, ..., C − 1} denotes class labels. C is the number of
classes. A balanced sampler processes the training set to
generate class-balanced mini-batches. These mini-batches
are used for the subsequent five-step workflow.

Feature extraction and state construction. For each
mini-batch B = {(xj)}Bj=1 at time step t, PASA first ex-
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Figure 3: PASA paradigm with five-step workflow begin with the preprocessed datasets. Then, (1) feature extraction and state
construction, (2) action sampling via SAC network, (3) HBS execution strategy, (4) performance evaluation and reward com-
putation, and (5) joint optimization of augmentation policies and diagnostic models.

tracts semantic features fbatch from the diagnostic model fθ
via a global average pooling GAP:

fbatch =
1

B

B∑
j=1

GAP(f (L−1)
θ (xj)) ∈ Rd (1)

where L is the total number of network layers, and d is the
extracted feature dimension.

The extracted features fbatch are then combined with label
category distribution dclass to construct the MDP state st:

st = [forig, faug,dclass] ∈ R2d+C (2)
where forig and faug are the semantic features extracted
from the diagnostic model for the original and augmented
versions of the current batch, respectively. At the first step
t = 0, faug = forig since no augmentation has been ap-
plied. For later steps, faug is the features of the current batch
after the selected augmentation strategy has been applied.

Action sampling via SAC network. After state construc-
tion, PASA uses nine spectral operations (Abayomi-Alli
et al. 2022) (Time Mask, Frequency Mask, Noise Injec-
tion, Harmonic Perturbation, Breath Cycle Stretch, Low
Frequency Emphasis, Spectral Contrast, No Augmentation,
Randomized Quantization (Wu et al. 2023)) with five mag-
nitude levels, creating 45 policies. In SAC, the actor net-
work πϕ takes the state st as input and outputs probabil-
ities of augmentation operations pop ∈ R9 and magni-
tudes pmag ∈ R5. Categorical sampling then selects actions
(opidx,magidx) from these probability distributions.

Hybrid batch-sample execution strategy. After ac-
tion sampling, HBS executes the selected actions
(opidx,magidx) on mini-batch B to output the aug-
mented batch B̃. As shown in Figure 3, HBS corresponds to
the blue-highlighted part that bridges action sampling and
performance evaluation in the PASA workflow.

HBS uses a two-phase design, where the phase switching
is controlled by monitoring the performance at the epoch
level. As shown in Algorithm 2, in Phase 1, HBS uses uni-
form augmentation across batches and updates sample statis-
tics. In Phase 2, HBS applies Gaussian noise to prevent over-
fitting. Then it classifies sample difficulty for each sample
in each batch and then samples personalized augmentation
actions. Finally, it uses sample-level augmentation to each
sample.

HBS monitors training progress to decide when to switch
phases. After each epoch, HBS evaluates the performance
of diagnostic model on the validation set. Phase transition
occurs when validation performance shows no improvement
for P consecutive epochs:

Phase 2←
P∑
k=1

1[BA
(t−k)
val ≤ BAbesthist + δ] ≥ P (3)

where t is the current epoch, P denotes patience epochs,
BA

(t−k)
val represents the validation balanced accuracy at

epoch (t−k), i.e., k epochs before the current epoch,BAbesthist
is historical best validation performance, δ is the improve-
ment threshold, and 1[·] is the indicator function.

1216



Algorithm 2: The workflow of HBS
Input: Batch B, actions (opidx,magidx), phase p, confi-
dence tracker C, global sample ID i
Parameter: SAC actor πϕ, temperature parameter α
Output: Augmented batch B̃

1: if p == 1 then
2: Apply uniform augmentation to batches using Eq. (4)
3: Update confidence statistics in C using Eq. (5)
4: else
5: Apply Gaussian noise to states and global ID i
6: for each sample j in batch do
7: Classify sample difficulty using Eq. (6)
8: Sample augmentation action using Eq. (7)
9: Apply sample-level augmentation x̃j

10: end for
11: end if
12: return Augmented batch B̃

First, the default is to execute the first phase of augmen-
tation. HBS applies uniform augmentation AugOp to the
current mini-batch B = {(xj)}Bj=1 using selected actions
(opidx,magidx) from the SAC actor network:
x̃j = AugOp(xj , opidx,magidx), ∀j ∈ {1, 2, ..., B}

(4)
Meanwhile, HBS tracks individual sample performance

using a global sample ID i that uniquely identifies each sam-
ple across all training batches. For each sample, HBS main-
tains statistics Ci:

Ci = {ci, gi, ai} (5)
where ci is prediction confidence, gi is the confidence gap
between top-1 and top-2 predictions, and ai is accuracy rate.
These are updated using exponential moving averages with
momentum β: cnewi = β · coldi + (1 − β) · ccurrenti . Statis-
tics are computed only from correct predictions to ensure
reliable difficulty assessment.

Once performance saturation is detected via Eq.(3), HBS
transitions to Phase 2 for personalized augmentation. Phase
2 assigns different augmentation strategies based on the aug-
mentation difficulty of each sample.

To achieve this personalization, HBS first classifies each
sample i into difficulty-aware sets diffi using the accumu-
lated statistics from Eq.(5):

diffi =


DS if ci > τ1 ∧ gi > τ2 ∧ ai > τ3
AS if ci > τ4 ∧ gi > τ5 ∧ ai ∈ [τ6, τ7]

IS otherwise
(6)

where Discriminative Set (DS) holds well-augmented sam-
ples, Ambiguous Set (AS) holds moderately augmented
samples, and Indiscriminate Set (IS) holds difficult samples.
The thresholds τ1 to τ7 are confidence, gap, and accuracy
thresholds. During classification, HBS adds Gaussian noise
N (0, 0.052) to MDP states in Eq.(2) and perturbs global
sample IDs i to prevent overfitting to fixed sample patterns.

Based on the difficulty classification diffi, HBS applies
different augmentation strategies to each sample. The aug-
mentation action for the j-th sample in the current batch,

with global ID ij , is determined by its difficulty level diffij :

(opj ,magj) =


πϕ(st|α = αDS) if diffij = DS
πϕ(st|α = αAS) if diffij = AS
(NoAug, 0) if diffij = IS

(7)

where α is the temperature parameter controlling explo-
ration intensity. αDS and αAS represent different temper-
ature values for DS and AS sets respectively. The action
(NoAug, 0) indicates no augmentation is applied with zero
magnitude level for samples in IS set.

Finally, HBS applies the selected augmentations to each
sample according to their individual actions (opj ,magj) to
generate the augmented spectrograms x̃j . The augmented
batch B̃ = {x̃j}Bj=1 is then returned. Throughout this pro-
cess, the confidence tracker C is continuously updated to
maintain sample statistics for future difficulty assessment.

Performance evaluation and reward computation.
Based on the augmented batch B̃, we evaluate the efficacy
of the augmentation strategies. PASA compares the training
benefits of using original versus augmented batch. The
reward rt measures the improvement from augmentation:

rt = BA(yval, ŷval,aug)− BA(yval, ŷval,orig) (8)

where yval represents ground truth labels on the validation
set, ŷval,aug and ŷval,orig are predictions from the diagnos-
tic model fθ trained separately on augmented batch B̃ and
original batch B for one step each and then tested on the
validation set. BA is balanced accuracy defined as:

BA(y, ŷ) =
1

C

C∑
c=1

TPc
TPc + FNc

(9)

where C is the number of classes, TPc is true positives for
class c, and FNc is false negatives for class c.

Afterwards, PASA updates the MDP state to st+1 using
features extracted from both the original batch B and aug-
mented batch B̃ according to Eq.(2). This forms the com-
plete experience tuple (st,at, rt, st+1) which is stored in the
replay buffer for SAC training.

Network optimization. Finally, with the experience tuple
stored, PASA jointly optimizes the diagnostic model and
SAC networks with different update frequencies. The di-
agnostic model fθ is updated using the augmented batch
B̃ with cross-entropy loss (Mao, Mohri, and Zhong 2023).
SAC networks are updated periodically using standard actor-
critic loss functions (Haarnoja et al. 2018).

Experiments
Datasets and metrics
We conduct experiments on three respiratory sound
datasets including CirCor DigiScope (Oliveira et al. 2022),
SPRSound 2022 (Zhang et al. 2022b), and SPRSound
2023 (Zhang et al. 2023). CirCor DigiScope focuses on
murmur detection. SPRSound 2022 and 2023 include event-
level tasks (T1-1, T1-2) and recording-level tasks (T2-1, T2-
2). We use W.acc, UAR (Niizumi et al. 2024a), and Score
(%) (Zhang et al. 2022b) as evaluation metrics.
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Implementation details
All experiments are conducted using PyTorch on RTX 8000
GPUs with random seed 42. We use ImageNet-pretrained
EfficientNet-B4 (Tan and Le 2019) as the diagnostic model,
and use AdamW optimizer with a learning rate of 1e-4, a
batch size of 32 and an early stopping patience of 20. The
SAC network uses a learning rate of 3e-4, a discount fac-
tor of 0.99, a target update of 0.005 and a replay buffer
size of 5,000. HBS strategy uses confidence threshold τ1 =
0.8, τ4 = 0.5, gap threshold τ2 = 0.5, τ5 = 0.1, accuracy
threshold τ3 = 0.7, [τ6 = 0.3, τ7 = 0.7], and improve-
ment threshold σ = 0.001. Temperature parameters are set
to αDS = 1.0 and αAS = 0.3. All results are averages over
five-fold cross-validation. Other details are in Appendix A.

Comparison with state-of-the-art methods
Quantitative results. PASA outperforms SOTA methods
on Circor DigiScope dataset for murmur detection, as shown
in Table 1. PASA surpasses the results of Niizumi et al. (Ni-
izumi et al. 2024b) with 0.83 W.acc and 0.71 UAR by
achieving 0.85 W.acc and 0.73 UAR.

Method W.accUAR
Panah et al. (Panah, Hines, and McKeever 2023) 0.80 0.70
McDonald et al. (McDonald, Gales, and Agarwal 2022) 0.80 0.68
Niizumi et al. (Niizumi et al. 2024b) 0.83 0.71
PASA 0.85 0.73

Table 1: Quantitative comparison of PASA and other SOTA
methods on the Circor DigiScope test dataset.

PASA achieves SOTA results on the SPRSound 2022
dataset for Tasks 1-1 and 2-2. It reaches 90.60% and 64.29%,
which is better than Hu et al. (Hu et al. 2025)’s 89.46%
and 62.93%. For Tasks 1-2 and 2-1, PASA gets competi-
tive results of 70.39% and 75.71%. These are slightly lower
than Hu et al.’s results because multi-class complexity needs
diverse data for sample-level personalization. Importantly,
PASA achieves these results through pure augmentation
improvements without architectural modifications, and still
performs well on different tasks. On SPRSound 2023, PASA
gets the best results for all four tasks, reaching 84.56%,
70.21%, 78.79%, and 66.07%, with improvements up to
5.28%. Such results show PASA’s ability to identify ideal
augmentation strategies for various acoustic characteristics.

Qualitative results. Figure 4 shows the performance of
PASA on the SPRSound 2022 dataset using confusion ma-
trices and Receiver Operating Characteristic (ROC) curves.
PASA handles the hardest mixed condition (CAS & DAS)
well, getting 0.806 AUC with only 36 samples. It also per-
forms best in the Poor Quality category for 0.901 AUC. The
confusion matrix shows Normal sounds get 67.0% correct
classification with few random errors. Other qualitative re-
sults are in Appendix B. Most importantly, PASA works
better on rare classes that other methods often miss. This
demonstrates the superiority of PASA in real medical sce-
narios, particularly for rare conditions.

Method T1-1 T1-2 T2-1 T2-2
Zhang et al. (Zhang et al. 2022b) 75.22 61.57 56.71 37.84
Ma et al. (Ma et al. 2022) 84.91 74.73 70.13 52.85
Li et al. (Li et al. 2022) 88.86 82.03 71.79 53.31
Chen et al. (Chen et al. 2022a) 89.00 80.00 71.00 36.00
Chen et al. (Chen et al. 2022b) 89.26 79.70 71.51 -
Zhang et al. (Zhang et al. 2022a) - - 71.14 53.14
Babu et al. (Babu et al. 2022) - - - 51.76
Ngo et al. (Ngo et al. 2023b) 84.90 77.40 74.50 53.90
Wang et al. (Wang et al. 2024a), - 80.18 - -
Wang et al. (Wang et al. 2024b) - - - 56.99
Hu et al. (Hu et al. 2025) 89.46 84.03 76.35 62.93
PASA 90.60 70.39 75.71 64.29

Table 2: Quantitative comparison of our method with SOTA
methods on the SPRSound 2022 dataset across four tasks.

Method T1-1 T1-2 T2-1 T2-2
Babu et al. (Babu et al. 2022) 71.99 59.26 66.53 54.94
Ma et al. (Ma et al. 2022) 73.29 64.60 75.87 53.84
Chen et al. (Chen et al. 2022b) 74.82 59.87 69.86 41.09
Zhang et al. (Zhang et al. 2022a) 81.96 55.51 72.28 52.41
Li et al. (Li et al. 2022) 78.48 64.79 54.71 41.67
Pessoa et al. (Pessoa et al. 2023) 75.60 46.66 65.81 45.83
Ngo et al. (Ngo et al. 2023a) 80.97 66.66 74.43 60.79
Hu et al. (Hu et al. 2025) 76.93 63.18 66.15 51.21
PASA 84.56 70.21 78.79 66.07

Table 3: Quantitative comparison of our method with SOTA
methods on the SPRSound 2023 dataset across four tasks.

Figure 4: Confusion matrices and ROC curves on the
SPRSound 2022 dataset for Task 2-2.

Ablation study
Different components analysis. We test different com-
ponents of PASA on the SPRSound 2022 dataset across
four tasks, as shown in Table 4. The baseline (Base) is
EfficientNet-B4, with O(N) complexity. Base+FA (Fixed
Augmentation) uses fixed-size transformations. It selects the
most frequently used augmentation in PASA and sets its ap-
plication probability to 0.5. Compared with Base, Base+FA
keeps O(N) cost and improves performance by 0.5-2%.
Base+BO (Batch-Only) uses batch-level learning, with com-
plexity of O(N + B · SAC). It outperforms Base+FA by
1%, showing that RL is more effective than static augmen-
tation. Base+SO (Sample-Only) uses sample-level learning
and the cost is O(N +N ·SAC). It performs well but has a
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high computational cost. PASA uses HBS strategy with cost
O(N+α ·B ·SAC+(1−α) ·N ·SAC). Other experiments
with individual augmentation of operations and magnitudes
are in Appendix C and D. These results show that HBS
switches between batch and sample methods smartly and
performs better than other methods. PASA not only costs
less than Base+SO, but also provides better personalization
than Base+BO. This solves the efficiency-personalization
trade-off in adaptive augmentation.

Method T1-1 T1-2 T2-1 T2-2 Time Complexity
Base 89.42 66.18 73.99 62.57 N
Base+FA 90.05 68.80 73.81 62.80 N
Base+BO 90.39 68.70 74.11 63.62 N +B · S
Base+SO 90.58 69.35 74.47 63.65 N +N · S
PASA 90.60 70.39 75.71 64.29 N + αB · S + (1− α)N · S

Table 4: Ablation study on the effectiveness of the compo-
nents on SPRSound 2022 datasets.

Hyperparameter sensitivity analysis. We study param-
eters that control the HBS strategy behavior of PASA on
SPRSound 2022 dataset for Task 2-2. Table 5 shows the ef-
fects of gradually adding classification criteria from Eq.(6)
and their respective parameters. First, we test only confi-
dence thresholds τ1 and τ4 for difficulty classification, find-
ing best values (0.8, 0.5) with 63.85% score. Then we add
confidence gap thresholds τ2 and τ5, keeping the best confi-
dence values and testing gap combinations. The best gap set-
ting is (0.5, 0.1). Next, we add accuracy thresholds τ3 for DS
and range [τ6, τ7] for AS. The final best combination is 0.7
and [0.3, 0.7], giving 64.29% score. This experiment proves
that each of the factors in the difficulty classification criteria
makes results better. Moreover, we test temperature param-
eters from Eq.(7) to control the action space under different
difficulty-aware sets. The results show that αDS = 1.0 and
αAS = 0.3 are optimal for different sample difficulty levels.

Parameter Group Value T2-2

Confidence Only
τ1, τ4

(0.6, 0.3) 63.21
(0.7, 0.4) 63.57
(0.8, 0.5) 63.85
(0.9, 0.6) 63.42

+ Confidence Gap
τ2, τ5

(0.1, 0.05) 63.91
(0.3, 0.08) 63.98
(0.5, 0.1) 64.08

(0.7, 0.15) 63.94

+ Accuracy
τ3, [τ6, τ7]

0.5, [0.2, 0.5] 63.95
0.6, [0.25, 0.6] 64.11
0.7, [0.3, 0.7] 64.29
0.8, [0.35, 0.8] 64.15

Temperature
αDS , αAS

(0.8, 0.24) 64.01
(1.0, 0.3) 64.29

(1.2, 0.36) 64.15
(1.5, 0.45) 63.87

Table 5: Hyperparameter sensitivity analysis on SPRSound
2022 dataset for Task 2-2.

Learning dynamics analysis. Figure 5 shows the pro-
cess of PASA learning on the SPRSound 2022 dataset for
Task 2-2. (a) The key transition happens at epoch 28. PASA
uses sample-level augmentation to avoid overfitting. While
Base+BO and Base+SO methods show growing gaps be-
tween training and validation accuracy, PASA keeps stable
validation performance. (b) Sample difficulty changes over
time. At first, most samples are in IS because there isn’t
enough data for learning. As the model learns, DS samples
increase while AS samples stay stable. This allows different
augmentations for different samples. (c) Augmentation pref-
erences change during training. Early stages show balanced
preferences for all operations. Later stages prefer harmonic
perturbations and spectral contrast while avoiding harmful
operations. Other preferences of tasks are in Appendix E.
These results show PASA can find optimal strategies and
achieve effective learning via HBS.

Figure 5: Learning dynamics analysis on SPRSound 2022
dataset for Task 2-2. (a) Accuracy comparison among
Base+BO, Base+SO, and PASA on training and validation
sets, respectively. (b) Evolution of difficulty-aware sets. (c)
Augmentation operation usage across epoch groups.

Conclusions

We propose a PASA, the first RL-based adaptive augmenta-
tion for automated auscultation, achieving 12.6% improve-
ment over SOTA on SPRSound 2023. The HBS strategy bal-
ances efficiency and personalization with intelligent phase
transitions. Notably, our findings reveal that pathological
sounds require personalized augmentation strategies, which
challenge the use of uniform approaches in medical AI.
This paradigm shift is beneficial for data-scarce medical do-
mains, as adaptive learning maximizes limited resources.
Future work will extend PASA to multimodal applications
and other medical domains.
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