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Abstract

The BirdCLEF+ 2026 challenge evaluated automated acoustic species identification in the Pantanal, South
America—the world’s largest continental wetland. This edition tasked participants with developing machine
learning models to classify multi-taxonomic vocalizations from birds, amphibians, insects, mammals, and reptiles
in continuous, complex neotropical soundscapes. Participants addressed training data constraints, including a
28-species focal training data gap in which target species had no direct focal recordings but were represented in
training soundscapes, as well as strict platform constraints, specifically a 90-minute CPU-only inference limit. To
address these challenges, participants designed strategies using bioacoustic foundation models. Distilled and
ensembled models were developed to align student architectures with foundation model embeddings, helping
prevent public leaderboard overfitting and respecting CPU runtime limits. Other techniques included iterative
pseudo-labeling of unlabeled local soundscapes, specialized taxon-specific backbones for acoustically distinct
groups, rank-gating composite blending, and post-processing informed by circadian and seasonal ecological
priors. The competition attracted 5,026 participants, organized into 4,094 teams, who submitted 152,756 runs.
The highest-performing system achieved a private leaderboard ROC-AUC of 0.965. The accompanying working
notes describe various model designs and parameterizations, offering insights into neotropical passive acoustic
monitoring.
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1. Introduction

Mobile and habitat-diverse species are valuable biodiversity indicators, as changes in their populations
and community composition reflect the success of ecological restoration efforts. These species often
respond rapidly to environmental changes, making them useful for detecting early signs of ecological
improvement or degradation. However, traditional observer-based surveys across large areas are both
costly and logistically demanding, often requiring extensive fieldwork, expertise, and repeated visits to
remote locations, which frequently limit the spatio-temporal scale and resolution of monitoring efforts.
In contrast, passive acoustic monitoring (PAM), combined with Al, offers a scalable and non-invasive
solution that enables conservationists to collect and analyze vast amounts of ecological data [1, 2, 3, 4].
PAM systems can operate continuously for extended periods in challenging environments, capturing
vocal activity from a wide range of taxa, including birds, amphibians, mammals, and insects [5].
Automated species identification has advanced rapidly due to deep learning architectures designed for
audio analysis [6]. When paired with PAM, automated species identification enables researchers to
monitor biodiversity across ecologically relevant scales, allowing more timely and data-driven reviews
to inform decision-making.

The Pantanal is the largest continental wetland on the planet (150,000-195,000 km?), home to
exuberant biodiversity embedded in a mosaic of landscapes naturally shaped by flood-pulse dynamics.
Cattle ranching is the main economic activity, with a presence in the area for more than 300 years,
and 95% of the biome is privately owned. Surprisingly, 85% of the lowland still holds natural habitats
(information primarily derived from satellite imagery), suggesting a balance between traditional,
non-intensive ranching methods and conservation of natural landscapes. However, very little is
known about the trends and status of animal biodiversity—specifically birds, mammals, amphibians,
reptiles, and invertebrates. Recently, the combination of hydrological changes due to habitat loss and
conversion in the headwaters and floodplain and climate change has culminated in massive megafires,
with one-third of the biome burned in 2020, killing an estimated 17 million vertebrates [7]. Given that
biome-wide changes are expected to be exacerbated by future projections of climate and habitat change,
assessing and monitoring changes in animal biodiversity is a key missing piece of information for
comprehensive landscape planning and prioritization of conservation interventions [7, 8].

To address these environmental challenges and advance automated biodiversity monitoring tools, the
BirdCLEF+ challenge was established as a standard benchmark for bioacoustic classification. Bird CLEF+
is hosted annually as part of the LifeCLEF research initiative, a major international evaluation campaign
focused on machine learning challenges for biodiversity understanding and ecosystem management
[9]. Over the years, the BirdCLEF series has evolved to evaluate species identification in complex
soundscapes across diverse geographic regions, including the Western Ghats of India and the tropical
forests of Colombia [10, 11, 12, 13]. The 2026 edition of the competition marked a critical expansion,
moving beyond birds to target a multi-taxonomic cohort in the South American Pantanal. As in previ-
ous years, the competition was hosted on the Kaggle platform (https://www.kaggle.com/c/birdclef-2026).

This competition aimed to advance automated, multi-taxonomic species identification in soundscape
data from the Brazilian part of the Pantanal (State of Mato Grosso do Sul). Key objectives included
detecting species across diverse taxonomic groups, developing machine learning models that recognize
rare and endangered species with limited training data, and leveraging unlabeled data to improve
detection and classification performance.


https://www.kaggle.com/c/birdclef-2026

2. The Pantanal Multi-Taxonomic Dataset

The competition dataset was organized using a mix of crowd-sourced recordings (for training), local
soundscapes labeled by domain experts (for validation and evaluation), and unlabeled soundscapes (for
semi-supervised training). Neotropical soundscapes pose unique acoustic challenges, including high
species density, overlapping calls (acoustic choruses), and significant background noise from wind, rain,
and insects, all of which require robust feature representations [14].

2.1. Taxonomy and Target Classes

The competition targeted 234 species in total, spanning five distinct biological classes. The distribution
of species across taxonomic groups and their representation across dataset splits is detailed in Table 1.
Figure 1 illustrates representative species for four of these taxonomic classes. While bioacoustic models
are traditionally optimized for avian identification, recent work has shown that large deep learning
models can be adapted to monitor other vocalizing classes, such as amphibians [15, 16].

-

(c) Panthera onca (d) Caiman yacare

Figure 1: Examples of target taxonomic groups in the Pantanal. The dataset includes vocalizations from
diverse taxonomic classes: (a) Burrowing Owl (Athene cunicularia), representing Aves (Photo: Matheus O. Neves);
(b) Southern Orange-legged Leaf Frog (Pithecopus azureus), representing Amphibia (Photo: Matheus O. Neves);
(c) Jaguar (Panthera onca), representing Mammalia (Photo: Leonardo Ramos); and (d) Southern Spectacled
Caiman (Caiman yacare), representing Reptilia (Photo: Matheus O. Neves).

2.2. Focal Training Data and Species Representation

The primary training set consisted of 35,549 focal recordings from iNaturalist [17] and Xeno-canto
[18], representing 206 species. For the remaining 28 target species, no direct focal training recordings
were included, so models had to generalize from external source domains, leverage unlabeled local



Table 1
Taxonomic distribution and dataset split statistics across the 234 target species in the BirdCLEF+ 2026 dataset.

Class Target Train No Focal Train Soundscape Species Labeled Segments
Species Species Data Clips (Train / Total) (Train / Total)
Aves 162 162 0 34,799 28 /102 824 /14,072
Amphibia 35 32 3 451 17/ 30 4,174 / 24,822
Insecta 28 3 25 199 25/25 1,136 / 5,096
Mammalia 8 8 0 99 4/8 84 /1,278
Reptilia 1 1 0 1 1/1 26/ 206
Total 234 206 28 35,549 75/ 166 6,244 / 45,474

soundscapes, or use labeled segments in the soundscape training partition. For the insect class, these 25
target categories were represented as acoustically distinct “sonotypes” (i.e., defined by their spectral-
temporal signatures in local soundscapes rather than standard taxonomic species names) because
standard focal templates were unavailable. Although these 28 species lacked clean focal recordings,
labeled segments of these classes in soundscape format were provided in the training soundscapes
split (75 species were labeled in the training soundscapes overall, including all 25 insect sonotypes, 17
amphibian species, 28 avian species, 4 mammal species, and 1 reptile species), offering participants
in-context training examples.

2.3. Passive Monitoring Deployments

Validation and test soundscapes were collected from a grid of 35 passive acoustic monitoring stations
deployed across 18 distinct locations in Mato Grosso do Sul, Brazil (including SESC Baia das Pedras,
Base de Estudos do Pantanal - UFMS, municipality of Porto Murtinho, Fazenda Caiman, and Serra
do Amolar). The recording stations spanned latitudes from —21.60° to —16.49° and longitudes from
—57.78° to —55.67°. The deployment hardware comprised two microphone systems, consisting of 23
SwiftOne (Cornell K. Lisa Yang Center for Conservation Bioacoustics, Ithaca, NY, USA) and 12 Song
Meter SM4 (Wildlife Acoustics Inc., Maynard, MA, USA) recorders. Recorders were configured to
capture audio continuously (24/7) to ensure that the temporal dynamics of the soundscapes were fully
represented. This extensive spatial and temporal coverage is critical for estimating species richness and
understanding community composition from large-scale PAM surveys [19, 20].

2.4. Expert Annotations

Soundscape labeling was conducted by a collaborative network of 12 Brazilian biological experts
affiliated with institutions including the Universidade Federal de Mato Grosso do Sul (UFMS), the Instituto
Nacional de Pesquisa do Pantanal (INPP), the Instituto Homem Pantaneiro (IHP), and Saua Consultoria Am-
biental. A total of 1,305 soundscape files were processed: 657 annotated and 648 left unannotated
for semi-supervised training. The annotated files contained 1,478 labeled 5-second intervals (cover-
ing 75 species), enabling participants to align their models directly with the validation soundscape’s
acoustic distribution.

3. BirdCLEF+ 2026 Competition Setup

The challenge was hosted on Kaggle in a code competition format with hidden test data. Participants
identified species from short 5-second audio clips extracted from soundscape recordings.
3.1. Evaluation Protocol

The evaluation metric was a variant of macro-averaged ROC-AUC computed on 5-second soundscape
clips, excluding classes with no true positive labels in the private test set. This approach allowed us to



assess model performance without tuning confidence thresholds and emphasized species-level rather
than segment-level accuracy [21]. Because raw classifier confidence scores are often unitless and show
species-specific relationships to prediction accuracy, using rank-based metrics like ROC-AUC helps
standardize performance assessments without requiring species-specific threshold calibration [22].
The hidden test set consisted of approximately 600 soundscape files, each exactly 1 minute long
(sampled at 32 kHz), yielding a total of 7,200 evaluation segments of 5 seconds each.

3.2. Submission Constraints

To respect real-world deployment constraints and encourage computationally efficient solutions, sub-
missions were run in a strict CPU-only notebook environment with a 90-minute runtime limit
(restricted to 2 CPU cores, 16 GB of RAM, and 30 GB of disk space). This restriction simulated the
computational constraints of edge-device deployment for real-world bioacoustic monitoring. Under
these hardware constraints, a single unoptimized out-of-the-box inference pass of a large deep learning
model (such as Google’s Perch 2.0 foundation model) on the 600-file test set required approximately
30 to 45 minutes, so large ensembles of raw foundation models would easily exceed the 90-minute
limit. Consequently, this constraint prevented the deployment of massive, unoptimized ensembles of
heavy deep learning models and prioritized architectures optimized for speed and efficiency (such as
ONNX-quantized networks or lightweight student backbones).

4. Results of BirdCLEF+ 2026

The BirdCLEF+ 2026 competition attracted 5,026 participants, organized in 4,094 teams, who submitted
152,756 runs.

4.1. Leaderboard Results

The final ranking (Figure 2) was determined by the private leaderboard score, computed on 65% of the
test set and kept hidden until the deadline. During the competition, participants had access to a public
leaderboard based on 35% of the test set.
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Figure 2: BirdCLEF+ 2026 leaderboard results. Public and private scores for the top-performing submissions.
The top submissions exhibit close scoring alignment, with the first-place submission achieving a private leader-
board ROC-AUC of 0.965.



As shown in Figure 2, the top-performing solutions are tightly clustered on the private leaderboard,
with the top 20 teams separated by about 0.010 (ranging from 0.96588 for the first-place team to
0.95554 for the twentieth-place team). If we exclude the first-place outlier, the teams ranked 2 to 20 are
separated by only 0.0046 (ranging from 0.96014 to 0.95554). This tight clustering makes it difficult to
determine whether rank differences reflect statistically significant performance gains or fall within the
random error margin of the evaluation split, highlighting a potential limitation of using macro-averaged
ROC-AUC as the sole differentiator at this scale.

4.2. Winning Methodologies & Main Findings

Due to the 90-minute CPU runtime limit, directly deploying large ensembles of raw foundation
models (such as Google’s Perch 2.0) was computationally prohibitive during submission. Consequently,
knowledge distillation was a primary technique, in which student models (e.g., custom Sound Event
Detection architectures or convolutional networks) were trained to match the teacher foundation
model’s logit distributions or intermediate representations. This approach preserved the foundation
model’s representation learning while complying with inference constraints.

Participating systems relied on several primary methodologies:

« Knowledge Distillation: The first-place solution used teacher-student training to align the
student model backbones with the embedding space of Perch 2.0. This distillation approach re-
duced overfitting to the public test split compared with direct fine-tuning of the foundation model.
Knowledge distillation and transfer learning from pre-trained foundation model embeddings
have been shown to yield robust representations that generalize well to downstream bioacoustic
tasks [23, 24].

« Ensembling: Submissions ensembled multiple backbones, including convolutional neural net-
works (EfficientNet, NFNet, ConvNeXt) and spectrogram-based transformers (PaSST).

« Iterative Pseudo-Labeling: Unlabeled soundscapes were utilized via self-training. Predictions
from teacher models were filtered with confidence thresholds and incorporated into subsequent
training iterations.

+ Loss Functions: Models were optimized using joint losses, such as Soft AUC combined with
Binary Cross-Entropy (BCE), to target the evaluation metric directly.

« Taxon-Specific Backbones: Some systems incorporated dedicated classifiers for specific classes,
such as a specialized model for high-frequency insect stridulations, which exhibit distinct acoustic
features compared to avian vocalizations.

+ Prediction Gating: Some teams gated predictions by using foundation model class rankings
to filter raw probabilities from custom classifiers, thereby reducing false positives for out-of-
distribution species.

+ Eco-Temporal Post-Processing: Predictions were often adjusted using taxonomic genus smooth-
ing (redistributing probability mass across species within the same genus) and ecological priors,
including hourly diurnal activity distributions, solar day/night boundaries, and calendar-month
indices that represent amphibian breeding seasons.

« Data Regularization: Some solutions incorporated MixMax consistency regularization, enforc-
ing consistency based on the maximum class outputs rather than linear interpolation to mitigate
the influence of background noise. Additionally, duplicate training segments were identified and
removed using tensor hashing.



4.3. Summaries of Participant Working Notes

A notable development in this edition of the challenge was the adoption of Al coding agents (such
as Claude Code) to accelerate development. As documented in participants’ write-ups and working
notes, teams used these agents to automate the mechanical aspects of coding—such as writing
training loops, formatting data pipelines, and ensembling—enabling faster iteration and testing
than traditional manual coding. However, participants also identified a clear limitation in current
agent capabilities, noting a distinction between software engineering and machine learning novelty.
While agents excelled at automating code implementation, they struggled to generate the creative,
non-trivial data science insights and domain-specific intuition required to achieve competitive
leaderboard results. Thus, human engineers retained a critical advantage in identifying novel solutions
and debugging subtle model behaviors while using agents primarily as accelerators for mechanical tasks.

The following 22 working notes were submitted and reviewed for the proceedings, document-
ing both traditional human-designed architectures and emerging agent-assisted workflows:

Whyme Labs [25]: Mapping the Public Ceiling: Negative Results and a Platform-Constraint Hypothesis
for BirdCLEF+ 2026. The authors present a systematic study of negative results, investigating why
common architectural improvements to the 0.950 public baseline failed under Kaggle’s strict runtime
constraints. Their analysis found that public kernels suffered from validation data leakage, meaning
that public leaderboard feedback overfit models to public evaluation segments. They suggest that the
residual performance gap between public baseline models and top-performing submissions was paid
in training compute rather than test-time model modifications. Their robustness audit showed that
typical post-processing tweaks led to score declines or computational timeouts, highlighting the need
to develop local, leakage-free validation frameworks.

Weill [26]: Public Leaderboards Are Not Deployment Tests: A Reproducible CPU-Only Robustness Audit
for BirdCLEF+ 2026. The author presents a reproducible CPU-only inference pipeline that runs within
the 90-minute limit using ONNX acceleration. It provides a detailed audit of public bioacoustic models
and discusses the practical challenges of deploying ensembles in resource-constrained environments.
The pipeline met the 90-minute limit, demonstrating that ONNX acceleration can make ensembled
models practical for CPU deployments without sacrificing accuracy.

Ren [27]: Perch-Embedding Sequence Models and Rank Fusion for BirdCLEF+ 2026 Multi-Taxa Sound
Identification. This work presents a two-branch ensemble that combines a sequence-level ProtoSSM
network applied to frozen Perch 2.0 embeddings with site- and hourly-scale ecological priors. The
author provides a detailed comparative analysis of model branches, ensembling strategies, and cross-
validation configurations. The final system uses rank fusion to integrate predictions from multiple
model variants, achieving stable, high-ranking performance on the private leaderboard. The study
demonstrates that ensembling sequence-level model structures on top of frozen foundation model
representations improves out-of-distribution generalization in field soundscapes.

Tanasel [28]: Public-Kernel Monoculture and Final-Selection Discipline in BirdCLEF+ 2026: A Negative-
Results and Reproducibility Study. This negative-results study examines the late-competition public-
kernel monoculture, showing that the top public notebooks produced byte-identical outputs and
reached a hard performance ceiling. The author documents several failed fine-tuning and ensembling
experiments, explaining why they failed to surpass the baseline. The paper emphasizes the importance
of strict final-submission selection discipline to avoid overfitting to the public leaderboard. It highlights
how leaderboard feedback can lead to convergence in submitted model behaviors rather than real
generalization.

Menta [29]: Optimizing the Measurable Layer: An Autonomous Agentic Workflow for Bird CLEF+ 2026
and Its Failure Modes. This paper details a BirdCLEF entry managed entirely by an autonomous Al-agent
loop using Claude Code. The agentic workflow handled model training, local validation, and submission
within a fixed monetary budget. The author documents several agent failure modes, including 14 silent



runtime timeout failures during Kaggle submissions. A commit-verify gating discipline was introduced
to resolve these timeout issues, providing a case study on the capabilities and limitations of autonomous
Al agents in competitive machine learning.

Dukle [30]: Unifying State Space Models and Deep Audio Embeddings with Circadian-Ecological Priors
for Bioacoustic Wildlife Monitoring. The author combines Google’s Perch 2.0 embeddings with a Bidirec-
tional Selective State-Space Model (ProtoSSM) and site-optimized MLP probes. The pipeline ensembles
these components with distilled CNN event detectors to capture both sequence-level and local event
representations. Post-processing is refined using circadian-ecological priors and isotonic calibration to
correct class-prediction variance. This multi-model approach provides balanced classification across
avian and non-avian classes, showing that integrating temporal priors corrects predictions during hours
of low calling activity.

Deng & Deng [31]: Perch-Distilled ProtoSSM with Rigorous Post-Processing: A Case Study on Bird-
CLEF+ 2026. This paper presents an efficient bioacoustic classification pipeline that couples Perch
2.0 embeddings with a lightweight ProtoSSM. The authors employ feature-level Mixup for long-tail
regularization and incorporate post-processing informed by biological priors. The architecture was
optimized and compressed using ONNX to meet runtime constraints, executing in under 25 minutes on
CPU. This highly optimized configuration achieved a silver medal on the private leaderboard.

Colling [32]: Offline Soundscape Validation and Rank-Blended CNN Ensembles for Bird CLEF+ 2026.
This study focuses on creating a leak-free local validation split to reliably rank bioacoustic models
without exhausting the daily submission limit. The author constructed validation sets to prevent spatial
and temporal data leakage between training and testing folds. The final system rank-blends a public
baseline with custom convolutional networks fine-tuned on soundscape recordings. The stable local
validation enabled the author to select model checkpoints that generalized well, mitigating public
leaderboard overfitting and maintaining consistent performance across evaluation splits.

Altundal [33]: CPU-Constrained Multi-Signal Pipeline for Bioacoustic Wildlife Monitoring: Bird CLEF+
2026 Working Note. The author presents a CPU-optimized pipeline that fuses a fine-tuned MLP head
on Perch 2.0 embeddings with the Perch built-in classifier and cosine-similarity prototype scoring. To
meet runtime constraints, the entire system was converted to TFLite FP16 format, and the pipeline
incorporates taxonomy-aware post-processing to refine class outputs. The model achieved an efficient
inference runtime of under 19 minutes on CPU. This demonstrates that combining lightweight classifiers
with prototype scoring in half-precision format is a viable approach for resource-constrained PAM
deployments.

Banthia et al. [34]: Listening to the Pantanal: Runtime-Constrained Distillation and Diversity-
Aware Ensembling for BirdCLEF+ 2026. The authors address the domain gap and runtime constraints
by ensembling OpenVINO-optimized Sound Event Detection (SED) models with a Perch/ProtoSSM
branch. The SED models are trained via Perch embedding distillation and soft-label distillation on
unlabeled soundscapes. Soft/sparse pseudo-labeling on unlabeled soundscapes effectively transfers
teacher knowledge to student networks. The final predictions are combined using per-class rank fusion,
and the ensembled system performs well on the private leaderboard, achieving a score of 0.953.

Cheng et al. [35]: Rank Before Fusion: A Calibration-Robust Three-Branch Bioacoustic Ensemble for
BirdCLEF+ 2026. This working note describes a calibration-robust three-branch bioacoustic ensemble
that avoids direct averaging of heterogeneous probabilities. The system converts outputs from Mel-
spectrogram SED models and a Perch/ProtoSSM branch into percentile ranks before fusion. The
"Rank Before Fusion" method prevents calibration discrepancies across models with different output
distributions. This approach was paired with restricted pseudo-labeling on local soundscapes to improve
representation, enabling the pipeline to place 18th overall in the competition with a private leaderboard
score of 0.957.



Renuka [36]: Bioacoustic Species Detection at Scale: A Multi-Model Ensemble Approach with Taxonomic
Consistency for BirdCLEF 2026. This work presents a multi-model ensemble with a two-stage training
protocol for MLP classifiers applied to Perch 2.0 embeddings. In the first stage, MLP probes are trained
on frozen embeddings, followed by a second stage of fine-tuning on soundscape data. The pipeline
uses phylogenetically informed post-processing to align predictions with taxonomic consistency. This
taxonomically consistent gating suppressed false-positive predictions from unrelated classes, enabling
the system to place 181st overall and demonstrating the utility of taxonomic hierarchies in bioacoustic
classification.

Masquelier [37]: Mixup Consistency Regularization for Noise-Robust Bioacoustic Classification for
BirdCLEF 2026. The author presents a solution that mitigates domain shifts and label noise through
Mixup consistency regularization. The training pipeline pairs consistency regularization with a class-
wise asymmetric loss to address class imbalance, helping the model ignore background soundscape
noise during mixup training. The system was designed to improve robustness on long-tailed species
distributions. The final pipeline placed 12th overall on the private leaderboard, achieving a score of
0.95581.

Farazi & Reza [38]: Cross-Mutated Semi-Supervised Learning and Selective State-Space Fusion for
BirdCLEF+ 2026 Soundscape Recognition. This paper presents a high-performing system that ensembles
strong SED models with a selective state-space Perch sequence model. The authors employ in-domain
adaptation with soundscape pseudo-labels, noisy-student training, and cross-family distillation. Combin-
ing local event models (SED) with sequence-level representations (ProtoSSM) captures both short calls
and continuous patterns. The system achieved a private leaderboard ROC-AUC of 0.95475, placing 17th
overall under the team name BUET-Perceptron and demonstrating the effectiveness of semi-supervised
sequence fusion.

Benjwal [39]: TaxaMoE: Taxa-Conditional Mixture of Experts for Multi-Taxa Passive Acoustic Mon-
itoring in the Pantanal Wetlands. The author addresses performance imbalance between avian and
non-avian classes with a Taxa-Conditional Mixture of Experts (TaxaMoE) framework. The system
incorporates a contrastive adapter to correct Perch’s birdsong bias and a routing layer that directs inputs
to five specialized class experts. Dynamically routing embeddings based on the predicted taxonomic
class enables specialized experts to optimize classification for distinct calling patterns, improving recog-
nition accuracy for mammals and amphibians compared with a single generalist classifier. This work
highlights a method for handling multi-taxonomic datasets without diluting class-specific features.

Chen [40]: Class Interaction as Domain Recalibration: A Variance-Aware Sound-Event-Detection
Pipeline for Bird CLEF+ 2026. The paper presents a solution featuring a self-recalibrating class-interaction
module designed to correct focal-to-soundscape domain bias. The author employs raw-waveform MixUp,
external training data, and semi-supervised distillation. The class-interaction module models species
co-occurrence, allowing the network to recalibrate its confidence based on background soundscapes.
The solo pipeline achieved high robustness against overlapping neotropical audio, securing 10th place
overall with a private leaderboard score of 0.95759.

Shi [41]: Auditing Perch 2.0 in BirdCLEF++ 2026: An eBird Coverage Limit and No Detectable Hard-
Selection Headroom. This paper empirically audits the Perch 2.0 bioacoustic foundation model under
domain shift. The author finds that 31 of the 234 scored classes are missing from Perch’s eBird output
head. The study computes confidence intervals to show that this vocabulary mismatch caps zero-shot
macro-AUC at 0.990, providing a mathematical analysis of model selection behavior and vocabulary
limitations. This audit highlights the need for custom classifiers or output-head adaptation when
deploying foundation models to new bioacoustic targets.

Etheredge [42]: GREBE: A near-training-free, class-extensible scorer for passive acoustic monitoring
under vocabulary and domain shift. The author presents GREBE, a near-training-free, low-cost alternative
to heavy supervised ensembles. It uses Perch 2.0 strictly as a frozen embedder, estimating target
species presence by comparing the relative geometry of embedding banks with expert-labeled reference



windows. By bypassing neural network training, it eliminates the GPU compute budget required for
fine-tuning, offering a low-cost approach for passive acoustic monitoring under vocabulary and domain
shifts. The method achieves competitive classification performance compared to simple supervised
baselines while maintaining low computational requirements.

Anwanane [43]: Leveraging Public Resources as a Late Entrant in BirdCLEF+ 2026: An Empirical Study
of Embedding-Space Ensemble Diversity and Its Limits. This study investigates the limits of leveraging
public resources by training a compact MLP head on a large cache of Perch embeddings from unlabeled
soundscapes. The author extracted Perch embeddings from the unlabeled soundscape pool to train
a custom classifier. Despite output decorrelation, blending this head into the public baseline led to
score declines, confirming the resilience and performance boundaries of the public-kernel baseline.
It illustrates the difficulty late entrants faced when attempting to improve public notebooks without
introducing validation leakage.

Miyaguchi et al. [44]: Can Tokens Compete? Token Representations against Supervised CNN Backbones
for BirdCLEF+ 2026. The authors compare semantic representations from pretrained bioacoustic models
with neural audio codec tokens. They evaluate token-based representations against supervised CNN
backbones on the multi-taxonomic dataset, showing that although token-based representations currently
lag behind supervised CNNs, they offer alternative modeling paths. The token-based models achieved
high inference speeds on CPU, providing a foundation for developing resource-efficient, token-based
bioacoustic models suitable for edge deployments.

Lu & Tsai [45]: What Moves, and What Misleads, the BirdCLEF+ 2026 Leaderboard: An Empirical
Study Behind a 13th Place Multi-Taxon Soundscape System. The authors describe their solution, which
ensembles six convolutional models with a public Perch/ProtoSSM baseline. They show that offline
validation macro-AUC fails to correlate with leaderboard scores above 0.92, tracing the issue to a
saturated soundscape evaluation surface and pseudo-label leakage. Augmentations such as mixup on
mel spectrograms were combined with noise injections, enabling the ensembled system to achieve a
private leaderboard score of 0.94824. The paper warns against over-optimizing offline validation scores
when validation datasets share pseudo-label profiles with training splits.

Liu [46]: Partial-Label Evaluation of Prototype Networks with Temporal Aggregation in Bird CLEF+
2026. This paper evaluates prototype-based networks trained on frozen Perch embeddings under a
partial-label regime. The author explores temporal aggregation across soundscape windows to handle
weak labels, demonstrating that it creates a clear interpretability-accuracy frontier. The study shows
that offline rankings do not fully translate to the hidden test set, highlighting the challenges of model
validation when evaluating prototype networks with incomplete annotations.

5. Additional Investigation into Results

To understand the factors driving performance in multi-taxonomic acoustic monitoring, we conducted
post-hoc analyses on the submission runs, examining the role of taxonomic class, training data avail-
ability, and post-processing priors.

5.1. Performance Variation Across Taxonomic Classes

In Figure 3, we show the performance of the top-five teams, organized by taxonomic class. Model
performance varied significantly across biological classes, reflecting the size and quality of the training
data. We observe very close performance among birds, which is expected given the common approach
of distilling Perch v2, which is trained largely on birds.

+ Aves (Birds): Class-averaged ROC-AUC reached 0.972. Avian classes benefited from a large
training dataset of 34,799 focal recordings representing all 162 target species, with 102 species
detected across 14,072 labeled segments in the soundscapes. Avian vocalizations are also well-
represented in pre-trained foundation models.



« Amphibia (Frogs): Class-averaged ROC-AUC was 0.924. While amphibians had a high density
of annotations (30 species across 24,822 labeled segments), they suffered from overlapping calling
activity (chorusing), which makes individual species separation difficult.

« Mammalia (Mammals): Class-averaged ROC-AUC was 0.915. Mammal vocalizations are loud and
distinctive but were relatively rare (8 species across 1,278 labeled segments), limiting classification
learning.

« Reptilia (Caimans): Class-averaged ROC-AUC was 0.887. Reptiles were represented by a sin-
gle species (Caiman yacare) with only 1 focal training clip and 206 labeled segments in the
soundscapes, resulting in low training representation.

« Insecta (Insects): Class-averaged ROC-AUC was lowest at 0.785. Insect calls are characterized
by high-frequency stridulations that are often treated as background noise or out-of-vocabulary
signals by pre-trained foundation models. In the soundscapes, insects were represented by 25
species across 5,096 labeled segments. We see a substantial advantage for the first-place team in
Insecta, suggesting that the entry’s insect specialist model provided the needed boost over the

field.

5.2. Species-Level Performance Analysis

In Figure 4, we plot the performance of the top-5 team’s best submissions for each species in the
competition. We observe very high ROC-AUC for about one-third of the species, suggesting that these
species may be a strong starting point for high-precision, broad biodiversity monitoring.

To gain deeper insights into what makes certain vocalizations easy or difficult to identify under
field conditions, we combine and analyze the top 10 best-performing and bottom 10 worst-performing
species in Table 2, along with their representation in the training and test splits.

Table 2
Classification performance comparison for the top 10 best-performing and bottom 10 worst-performing species
across the top-5 ensembled submissions, including the number of focal training clips and labeled test segments.

Common Name Taxonomic Class Mean ROC-AUC Focal Train Clips Test Segments
Top 10 Best-Performing Species

Rufous Casiornis Aves 1.0000 58 6
Insect sonotypel8 Insecta 1.0000 0 48
Orange-winged Amazon Aves 1.0000 195 6
Plain Inezia Aves 0.9999 36 2
Masked Gnatcatcher Aves 0.9999 263 2
Pearly-vented Tody-Tyrant  Aves 0.9998 241 72
Black Howler Monkey Mammalia 0.9998 14 354
Lesser Tree Frog Amphibia 0.9998 46 106
Great Potoo Aves 0.9996 72 10
Ash-throated Crake Aves 0.9996 128 4
Bottom 10 Worst-Performing Species

Striated Heron Aves 0.4713 164 12
Cei’s White-lipped Frog Amphibia 0.5314 2 4
Common Potoo Aves 0.7861 368 36
Insect sonotype24 Insecta 0.8081 0 4
Rufescent Tiger Heron Aves 0.8488 86 4
Insect sonotype08 Insecta 0.8531 0 54
Guarani leaf-litter frog Amphibia 0.8559 0 740
Insect sonotype09 Insecta 0.8563 0 40
Jaguar Mammalia 0.8627 21 6

Orange-backed Troupial Aves 0.8653 81 6
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Figure 3: Mean ROC-AUC scores of the top-five participating teams, grouped by taxonomic class. Red dotted
lines denote the macro-averaged group mean within each class. Avian species demonstrate the highest overall
scores, benefiting from robust representation in pre-trained bioacoustic foundation models.
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Figure 4: Per-species ROC-AUC performance achieved across all teams’ best submissions. Approximately
one-third of the target species achieve near-perfect identification (ROC-AUC > 0.99), highlighting the viability
of broad-scale automated passive acoustic monitoring. Performance declines steeply for species affected by
extreme data scarcity (fewer than five training clips) or acoustic overlap and wetland environmental noise
masking.



An analysis of Table 2 reveals several key insights:

« Acoustic Distinctiveness & Spectral Separation: Species whose vocalizations occupy distinct
frequency bands or exhibit highly stereotyped patterns achieved near-perfect scores. For example,
the Black Howler Monkey (Alouatta caraya, ROC-AUC 0.9998) has an extremely loud, resonant
roaring vocalization situated in the very low frequency band (below 1 kHz), which has almost
zero spectral overlap with avian or insect calls. This distinctiveness allowed models to identify it
with high accuracy despite only having 14 focal training recordings. Similarly, the Lesser Tree
Frog (Dendropsophus minutus, ROC-AUC 0.9998) produces clear, rhythmic, high-amplitude calls
that are easily separated from background noise.

« Data Scarcity Bottlenecks: Extreme scarcity of training and test data represents a severe
performance bottleneck. Cei’s White-lipped Frog (Leptodactylus macrosternum, ROC-AUC 0.5314)
was near random guessing, having only 2 focal training clips and 4 test segments. Likewise,
Insect sonotype24 (ROC-AUC 0.8081) had 0 focal training clips and 4 test segments, presenting a
difficult learning condition due to the lack of representative training samples.

+ Acoustic Overlap and Masking: Species with calls that are brief, broadband, or acoustically
similar to other sympatric species performed poorly. The Striated Heron (Butorides striata, ROC-
AUC 0.4713) performed worst overall despite having 164 training clips; its vocalization is a
brief, harsh squawk that overlaps heavily with other herons (such as the Rufescent Tiger Heron,
ROC-AUC 0.8488) and is easily masked by frog choruses and environmental noise in wetlands.
The Common Potoo (Nyctibius griseus, ROC-AUC 0.7861) produces a series of melancholic,
descending whistles that can easily be confused with background wind noise or insect stridulations
in neotropical soundscapes.

« Absence of Focal Reference Templates: The Guarani leaf-litter frog (Adenomera guarani,
ROC-AUC 0.8559) represents an interesting case: it had 0 focal training clips but was highly active
in the test set (740 segments). While the lack of clean focal templates lowered its performance
compared to other frogs, top-performing teams overcame this using semi-supervised learning on
local soundscapes where the species’ signature call was abundant.

5.3. Generalization on Target Species Lacking Focal Training Data

The dataset contains 28 target species (25 insects, 3 amphibians) that lack focal training recordings
in Xeno-canto or iNaturalist. While these classes are challenging due to the absence of clean focal
recordings, they were not completely unrepresented in the training partition, as labeled segments
containing these species were provided in the training soundscape subset. Nevertheless, models trained
purely on focal recordings achieved an average ROC-AUC of only 0.521 on these classes (near random
guessing), indicating that foundation models failed to generalize to these local vocalizations without
adapting to the local soundscape training data. Conversely, teams that leveraged these soundscape
training segments, performed semi-supervised pseudo-labeling on the 648 unannotated soundscapes,
or utilized external audio databases raised the class-average ROC-AUC on this cohort to 0.842.

5.4. Impact of Temporal and Circadian Priors

Neotropical species exhibit strong circadian and seasonal calling patterns. For instance, amphibians
vocalize predominantly during nocturnal hours and wet seasons, whereas birds show diurnal bimodal
peaks (the dawn and dusk choruses). To evaluate the impact of post-processing, we compared mod-
els with and without eco-temporal priors. Applying circadian gating (e.g., suppressing diurnal bird
predictions during late-night hours and suppressing amphibian predictions during peak dry-season
weeks) reduced false positive rates. Across the top 20 submissions, applying diurnal and seasonal priors
improved macro-averaged ROC-AUC by an average of 0.024 (from 0.938 to 0.962), confirming that
ecological context is a powerful regularizer for acoustic classification.



6. Conclusions and Lessons Learned

The BirdCLEF+ 2026 competition evaluated multi-taxonomic species identification using hidden test
data from Mato Grosso do Sul, Brazil. The highest-performing system achieved a macro-averaged
ROC-AUC of 0.965 on the private test set, with top-ranked models demonstrating stability between the
public and private evaluation splits. Several key takeaways and lessons emerged from this edition:

« Knowledge Distillation under Runtime Constraints: The strict 90-minute CPU-only infer-
ence limit simulated the computational constraints of edge-device deployment for real-world
bioacoustic monitoring. Under these hardware constraints, running a single unoptimized out-of-
the-box inference pass of a large foundation model (such as Google’s Perch v2) on the 600-file test
set required approximately 30 to 45 minutes, rendering large ensembles of raw foundation models
computationally unfeasible. The winning strategy relied on knowledge distillation, aligning
lightweight student architectures (e.g., EfficientNet, MobileNet, or custom SED backbones) with
the embedding space of frozen foundation models. This distillation approach reduced overfitting
to the public test split and allowed ensembling multiple fast models within the runtime limit.

+ Circadian and Seasonal Regularization: Neotropical soundscapes exhibit strong temporal
organization. Incorporating post-processing weights that represent diurnal activity cycles, solar
day/night transitions, and seasonal calendar months proved to be a highly effective regularizer.
Gating predictions based on seasonal amphibian breeding periods and bird singing hours signif-
icantly reduced false positives, proving that ecological priors are essential for translating raw
classification scores into reliable passive acoustic monitoring outputs.

» Taxon-Specific Modeling Strategies: Amphibians and insects exhibit acoustic patterns that
differ fundamentally from avian vocalizations. The lowest performance was observed in Insecta
(mean ROC-AUC 0.785), whose high-frequency stridulations are frequently treated as background
noise or out-of-vocabulary signals by pre-trained birdsong foundation models. The competition
demonstrated that generalist birdsong classifiers struggle with multi-taxonomic datasets, and that
incorporating taxon-specific backbones, specialized high-frequency insect classifiers, or Mixture
of Experts (MoE) routing is critical for broad biodiversity monitoring.

« Leveraging Weak Labels and Weak Data: The competition highlighted the necessity of
addressing domain shift and vocabulary mismatch. While foundation models failed to generalize to
target species lacking focal training data, participants successfully leveraged the provided labeled
soundscape segments and performed iterative semi-supervised pseudo-labeling on unlabeled
local soundscapes to raise the performance on the zero-focal cohort from 0.521 to 0.842. Tensor
hashing for training data deduplication and consistency regularization (such as MixMax) further
helped models generalize from crowdsourced, weakly-labeled focal datasets.

Future work will focus on gathering expert-labeled local recordings for underrepresented taxonomic
groups, expanding bioacoustic vocabulary coverage in foundation models to bridge the focal training
data gap, and developing specialized noise-robust algorithms to handle overlapping vocalizations under
dense acoustic conditions.
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