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ABSTRACT

Active learning mitigates annotation costs in bioacoustic classifi-
cation; however, effective batch selection remains challenging for
multi-label audio data. Conventional uncertainty-based strategies
frequently sample redundant instances, whereas diversity-based ap-
proaches tend to overlook informative samples crucial for optimiz-
ing the current classifier. To address these limitations, we propose
Pareto-Balanced Multi-Funnel Selection (PB-MFS), a novel batch
active learning strategy that decouples candidate filtering from fi-
nal batch selection. Specifically, PB-MFS initially constructs a sur-
vivor set via multiple complementary acquisition funnels. Subse-
quently, it determines the optimal annotation batch by harmoniz-
ing uncertainty and diversity through a Pareto optimization objec-
tive. The proposed method integrates diversity-driven cold-start se-
lection, multi-funnel survivor voting, and an uncertainty-diversity
trade-off leveraging pretrained audio embeddings. Comprehensive
evaluations on the four BioDCASE 2026 Task 4 subsets (HSN,
POW, UHH, and ATBFL) demonstrate that PB-MFS achieves an
aggregated mean AULC of 0.510. Furthermore, it outperforms the
strongest baseline, CoreSet, by an absolute margin of 0.050, deliv-
ering a 10.9% relative performance gain.

Index Terms— active learning, bioacoustics, multi-label clas-
sification, uncertainty sampling, diversity sampling

1. INTRODUCTION

Bioacoustic monitoring has become a vital tool for large-scale stud-
ies of biodiversity, ecosystem dynamics, and species activities. Al-
though modern recorders enable massive audio collection with min-
imal human intervention, reliable annotation remains costly and
time-consuming [1, 2]. This bottleneck is especially pronounced in
multi-label bioacoustic classification, where one audio segment of-
ten contains multiple overlapping acoustic events. Thus, reducing
annotation effort while preserving model performance is essential
for practical bioacoustic learning systems.

Active learning addresses this issue by iteratively selecting
small batches of unlabeled instances for annotation and retraining
the model on the augmented labeled dataset [3]. The key chal-
lenge is to identify instances with maximum information utility un-
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der constrained annotation budgets. In batch active learning, this
difficulty increases because acquired samples must be individually
informative and collectively non-redundant.

For multi-label bioacoustic classification, a single acquisition
criterion is often insufficient. Uncertainty sampling tends to priori-
tize ambiguous but redundant instances [4], whereas diversity-based
selection broadly explores the embedding space but can overlook
informative samples crucial for refining the current classifier [5].
Therefore, prior batch active learning methods combine uncertainty
and diversity metrics to reduce redundancy [6]. Following this prin-
ciple, we aggregate multiple acquisition signals before applying a
final uncertainty-diversity selection rule.

We propose Pareto-Balanced Multi-Funnel Selection (PB-
MFS), a novel batch active learning strategy for multi-label bioa-
coustic classification. PB-MFS decouples candidate filtering from
final batch selection. It initializes the labeled dataset with a PCA-
based farthest-first cold-start mechanism, then constructs a compact
survivor set through multiple filtering funnels driven by comple-
mentary acquisition criteria. Finally, it selects the annotation batch
using a Pareto-balanced objective, prioritizing samples with both
high uncertainty and substantial diversity.

The primary contributions of this work are threefold. First, we
introduce a multi-funnel candidate filtering strategy that aggregates
complementary acquisition criteria to optimize bioacoustic active
learning. Second, we propose a Pareto-balanced batch selection
objective that explicitly harmonizes uncertainty and diversity dur-
ing final sample selection. Third, we systematically evaluate the
proposed strategy within the BaseAL active learning framework,
demonstrating consistent superiority over standard baselines under
stringent annotation budgets.

2. RELATED WORK

Active learning reduces annotation cost by selecting informative
unlabeled samples under a limited budget. Settles [3] summa-
rizes the main paradigms, noting that pool-based active learning
suits large unlabeled collections. This setting is relevant to bioa-
coustic monitoring, where abundant passive recordings require ex-
pert effort for species identification, event verification, and multi-
label annotation. Prior active learning applications in long-duration
environmental audio [7] and wildlife passive acoustic monitoring
[8] demonstrate that sample selection is critical under limited bud-
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gets. Classical active learning strategies include uncertainty-based,
diversity-based, and representative selection. Uncertainty sampling,
originating from Lewis and Gale [4], includes least-confidence and
margin-based methods but remains unreliable during cold start. Di-
versity methods like CoreSet [5] and farthest-first traversal reduce
batch redundancy but may favor outliers. Representative methods
like TypiClust [9] combine clustering and typicality to select sam-
ples but may under-cover rare events. Hybrid active learning com-
bines multiple signals to address these limitations. BADGE [6]
jointly models uncertainty and diversity in gradient embeddings.
In bioacoustics, hybrid strategies prove useful as data often con-
tain sparse events, repeated soundscapes, long-tailed classes, and
complex noise. Rauch et al. [10] highlight domain transfer, anno-
tation scarcity, and environmental variation in avian bioacoustics,
while Zhang and Virtanen [11] combine committee disagreement
with farthest traversal for bioacoustic sound event detection. PB-
MFS follows this hybrid direction for multi-label bioacoustic clas-
sification. It combines PCA-based farthest-first cold start, multi-
funnel survivor voting for candidate filtering, and Pareto-balanced
uncertainty-diversity selection for final batch construction. This de-
sign targets cold-start instability, batch redundancy, and rare-event
under-coverage under limited annotation budgets.

3. METHODS

3.1. Problem Setup

Let Ut and Lt denote the unlabeled pool and the labeled dataset,
respectively, at active learning cycle t. During each cycle, the
sampling mechanism selects an annotation batch Bt ⊂ Ut of size
|Bt| = kt, where kt represents the annotation budget for the current
cycle. Upon selection, an oracle provides the ground-truth multi-
label annotations, denoted as yi = [yi1, . . . , yiC ]

⊤ ∈ {0, 1}C , for
each instance i ∈ Bt. The datasets are subsequently updated such
that Lt+1 = Lt ∪ Bt and Ut+1 = Ut \ Bt, followed by retraining
the classifier on the augmented labeled dataset Lt+1. Each audio
segment i is represented by a fixed embedding vector zi, which is
extracted from the provided audio representation. Once at least one
labeled batch becomes available, the classifier outputs multi-label
prediction probabilities pi = [pi1, . . . , piC ]

⊤ ∈ [0, 1]C , where C
denotes the total number of target classes. The objective is to select
instances that optimally improve the performance of the classifier
under a constrained annotation budget, while avoiding the inclusion
of redundant samples within a single batch.

3.2. Overview of PB-MFS

As illustrated in Figure 1, we propose PB-MFS, a batch active learn-
ing strategy tailored for multi-label bioacoustic classification. PB-
MFS applies distinct acquisition rules contingent upon the avail-
ability of labeled examples. During the initial cycle, when model
predictions are either unavailable or unreliable, the method em-
ploys a diversity-based cold-start mechanism. In subsequent cy-
cles, PB-MFS distills the expansive unlabeled pool into a compact
survivor set via multiple filtering funnels before executing the fi-
nal batch selection based on a Pareto-balanced uncertainty-diversity
rule. This design decouples coarse candidate screening from fine-
grained batch construction, thereby mitigating the reliance of the
acquisition process on any single scoring metric.

3.3. PB-MFS Acquisition Strategy

3.3.1. Diversity-Based Cold Start

As illustrated in the upper panel of Figure 1, the cold-start phase
constructs the initial batch via PCA-based farthest-first traversal.
In the first cycle, Lt is empty, so uncertainty-based metrics are
unavailable. PB-MFS initializes selection using a diversity-driven
strategy in a 256-dimensional PCA space. Naive farthest-first
traversal is sensitive to outliers, as the initial seed may lie at an
extreme point. To mitigate this, candidates are ranked by centroid
distance and an adaptive skip is applied to the high-distance tail.
The initial seed is chosen by the largest local distance gap within a
restricted window, and remaining samples are selected via farthest-
first traversal. This ensures coverage of the acoustic embedding
space before model-based acquisition.

3.3.2. Multi-Funnel Candidate Filtering

As illustrated in the middle panel of Figure 1, the multi-stage fil-
tering process refines the unlabeled pool into a compact set of sur-
viving instances. Following the cold-start phase, PB-MFS incor-
porates a candidate refinement procedure to avoid the execution
of the final greedy selector across the entire pool of unlabeled in-
stances. Initially, the method constructs an approximate candidate
pool Pt ⊆ Ut, which comprises all available instances. Subse-
quently, multiple filtering funnels are applied to Pt. Each funnel
constitutes an ordered sequence of acquisition criteria. This order-
ing is critical, as each criterion exclusively evaluates the instances
that survive the preceding filter. PB-MFS employs five distinct fam-
ilies of criteria. To ensure the reproducibility of the initial filtering
process, the scores corresponding to these criteria are formally de-
fined as follows:

qCF(i) = min
j∈Lt

∥zi − zj∥22,

qMM(i) = 1− 1

0.5C

C∑
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Here, nc =

∑
j∈Lt

yjc denotes the number of labeled examples as-

sociated with class c, and ȳ
(K)
ic represents the average label value for

class c computed from the K nearest labeled neighbors of candidate
i. Specifically, the CF criterion favors candidates located far from
existing labeled examples; the MM criterion prioritizes instances
with highly uncertain predictions; the LCB criterion focuses on un-
derrepresented classes; the NC criterion selects candidates whose
predictions diverge from those of the local labeled neighborhoods;
and the LCI criterion targets candidates that exhibit a label cardi-
nality different from that of the current labeled dataset. For com-
posite criteria, such as the combination of NC and LCI, PB-MFS
normalizes each constituent score to the range [0, 1] and computes
the average of these normalized values.
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Figure 1: Overview of the proposed Pareto-Balanced Multi-Funnel Selection (PB-MFS) framework. The system consists of three core
modules: (a) Cold Start (t = 1), which initializes the active learning cycle by extracting a diverse initial batch; (b) Multi-stage Filtering
(t ≥ 2), which employs a cascade of specialized filters to progressively prune the unlabeled pool into a high-quality survivor set; and (c)
Pareto-Balanced Selection, which constructs the final query batch by systematically unifying multi-label uncertainty and diversity ranks.

Within each funnel, PB-MFS retains the top-ranking candidates
evaluated under the current criterion and discards the remainder.
Given a current survivor set of size N , the subsequent set retains
max(4kt, round(αN)) candidates, where α denotes the funnel re-
tention ratio. This lower bound prevents early criteria from aggres-
sively over-pruning the candidate pool. The current implementation
instantiates four distinct funnels derived from a base criterion se-
quence. In the reported configuration, the base sequence is defined
as {NC → CF → MM → LCB}. The four funnel variants modify
this base structure by replacing NC with NC+LCI in two configu-
rations, and replacing LCB with LCI in the remaining two, thereby
generating complementary perspectives on neighborhood disagree-
ment and label-cardinality behavior. After applying all funnels, the
resulting survivor lists are aggregated via a voting mechanism. Let
S(f)
t denote the survivor list associated with funnel f ; the vote count

for candidate i is computed as:

vi =
∑
f

1{i ∈ S(f)
t }.

Candidates that survive a greater number of funnels receive higher
priority, and the instances accumulating the highest vote counts con-
stitute the final survivor set St. The size of this survivor set is con-
strained to at least max(4kt, 100) candidates, provided that suffi-
cient examples remain available.

3.3.3. Pareto-Balanced Batch Selection

As illustrated in the lower panel of Figure 1, the final annotation
batch is selected from St by jointly optimizing a Pareto-balanced

uncertainty–diversity objective[12]. For each candidate i, the multi-
label uncertainty score is formulated as[13]:

ui =
1

C

C∑
c=1

4pic(1− pic),

which reaches its maximum when the prediction probabilities ap-
proach 0.5. Prior to ranking, PB-MFS applies an uncertainty floor
ϵ and an exponent parameter γ, yielding the transformed score
ũi = max(ϵ, ui)

γ . The floor prevents negligible uncertainty values
from distorting the ranking, while the exponent regulates the inten-
sity of the uncertainty weighting. These transformed scores are then
converted into normalized ranks ru(i) ∈ [0, 1]. To evaluate diver-
sity, the embeddings of the candidates in St are projected into a 64-
dimensional PCA space and subsequently normalized. The selec-
tion process operates in a greedy manner, initializing the batch with
the candidate that attains the highest uncertainty rank. At each iter-
ation, PB-MFS computes the squared distance from each remaining
candidate to the nearest selected sample, converting these distances
into normalized diversity ranks rd(i) ∈ [0, 1]. Subsequently, PB-
MFS selects the candidate that maximizes the following objective
function:

a(i) = min(ru(i), rd(i)) + η
√

ru(i)rd(i),

where η serves as a balancing hyperparameter. The minimum
term penalizes candidates that excel under only a single criterion,
whereas the geometric mean term rewards instances that demon-
strate both high uncertainty and substantial diversity. This rank-
based formulation remains robust against variations in the score
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scales across different datasets and active learning cycles. Further-
more, it prevents the final batch from being dominated by either re-
dundant uncertain samples or diverse but uninformative instances.

4. EXPERIMENTS AND RESULTS

4.1. Experimental Setup

We evaluate the performance of PB-MFS on the BioDCASE 2026
Task 4 active learning benchmark [14], which encompasses both
the terrestrial and marine bioacoustic domains. For the terrestrial
domain, we utilize three BirdSet development subsets (HSN, POW,
and UHH) [15], whereas the ATBFL subset is employed for the
marine domain [16]. All datasets provide precomputed perch v2
embeddings[17] and strictly adhere to the official BaseAL format.
The experiments follow the official evaluation protocol, wherein
a maximum annotation budget of M = 500 labeled samples per
subset is allocated across 16 active learning cycles. Following the
data acquisition in each cycle, the classification head is retrained
for 10 epochs. Each experimental configuration is evaluated across
five independent runs to ensure statistical robustness. We compare
PB-MFS against the official BaseAL baselines: random sampling,
margin sampling, CoreSet, and TypiClust. To guarantee a fair com-
parison, all configurations share an identical model architecture and
training pipeline. The primary evaluation metric is the area under
the learning curve (AULC), which quantifies the label efficiency
across the entire data acquisition process. For a given cycle involv-
ing C target classes, the macro mean average precision (mAP) is
defined as:

mAPmacro =
1

C

C∑
c=1

APc.

Subsequently, the AULC is computed as the normalized area under
this performance curve:

AULC =
1

M

T∑
t=1

(nt − nt−1)mAPmacro(nt),

where nt denotes the cumulative number of labeled samples at cycle
t, with the initial state defined as n0 = 0.

4.2. Main Results and Generalization

Table 1 presents the results of the comparative evaluation. Notably,
PB-MFS achieves the best overall performance, securing an overall
AULC of 0.510 and outperforming the strongest baseline, CoreSet,
by an absolute margin of 0.050. Among the baseline methods, a
clear trade-off between label efficiency and computational overhead
is evident. Random and margin sampling exhibit minimal computa-
tional demands but yield suboptimal label efficiency, indicating that
uncertainty alone is insufficient for multi-label bioacoustic scenar-
ios. Conversely, structure-aware methods, such as CoreSet and Typ-
iClust, improve label efficiency but incur substantial computational
costs during the sampling phase. PB-MFS effectively resolves this
trade-off, delivering superior label efficiency while requiring merely
1.15 seconds per sampling step. Beyond the aggregated metrics,
PB-MFS demonstrates robust cross-domain generalization. Com-
pared to the strongest baselines, PB-MFS consistently improves the
AULC across all four subsets. Specifically, the proposed method
elevates the AULC from 0.503 to 0.623 on the terrestrial HSN sub-
set. Similar steady improvements are observed on the POW (from
0.447 to 0.492) and UHH (from 0.395 to 0.454) subsets, as well

Table 1: Baseline comparison under the BaseAL evaluation proto-
col. The evaluation metrics include AULC (mAP macro), sampling
wall-time per step, and cumulative annotation cost. Best results are
highlighted in bold and second-best are underlined.

Method AULC (mAP macro) ↑ Wall-time (s) ↓ Ann. Cost ↓

Random 0.390 0.00131 966.85
Margin 0.399 0.00307 1267.75
CoreSet 0.460 5.04364 1019.05
TypiClust 0.423 5.90751 958.10

PB-MFS 0.510 1.15090 1146.55

as on the marine ATBFL dataset (from 0.456 to 0.469). This ver-
ifies that the proposed acquisition strategy generalizes effectively
beyond the characteristics of any single dataset.

4.3. Ablation Results

To isolate the contributions of individual components, Table 2
presents the results of an ablation study conducted on PB-MFS. Re-
placing the adaptive PCA-based cold start with a standard initializa-
tion leads to the most severe performance degradation (∆AULC =
−0.026). This confirms that robust initial data coverage is imper-
ative for the success of subsequent active learning cycles. Further-
more, substituting the Pareto-balanced final selection with a single-
objective selector yields only a marginal decrease in performance
(∆AULC = −0.002). This outcome indicates that the upstream
multi-funnel filtering accounts for the majority of the efficiency
gains, whereas the Pareto optimization primarily serves as a fine-
tuning mechanism for batch construction.

Table 2: Ablation study on the components of PB-MFS. Arrows
indicate whether higher (↑) or lower (↓) values are optimal. The
best results are highlighted in bold, and the second-best results are
underlined.

Method AULC ↑ Wall-time (s) ↓ Ann. Cost ↓ ∆ AULC

PB-MFS 0.510 0.5930 1145.60 0.000
PB-MFS w/o Cold Start 0.483 0.4210 1163.20 -0.026
PB-MFS w/o Pareto 0.508 0.5891 1150.15 -0.002

5. CONCLUSION AND LIMITATIONS

In this paper, we present PB-MFS, a multi-stage active learning
strategy tailored for bioacoustic classification under limited an-
notation budgets. The proposed method incorporates a diversity-
based cold start, multi-funnel survivor voting, and Pareto-balanced
uncertainty-diversity selection. This design provides a systematic
approach to fusing complementary acquisition signals while miti-
gating redundancy during batch construction. Extensive evaluations
demonstrate that PB-MFS achieves state-of-the-art performance,
exhibiting robust cross-domain generalization and superior label ef-
ficiency. While the framework relies on the quality of pretrained
audio embeddings and introduces minor computational overhead
with additional hyperparameters, future work will address these fac-
tors by streamlining configurations and enhancing representation
robustness, besides evaluating the system beyond the BaseAL pro-
tocol and BioDCASE Task 4 datasets.
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