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Abstract
This working note describes our 18th place solution for BirdCLEF+ 2026. The final submission used a three-branch
ensemble composed of two sound event detection (SED) models with different mel-spectrogram configurations
and a Perch/ProtoSSM branch that combined pretrained bioacoustic embeddings, metadata priors, and sequence-
level correction. The main engineering choice was to avoid direct averaging of heterogeneous probabilities.
Instead, we aligned all submissions by row_id, converted each branch output into per-class percentile ranks,
averaged the ranks, and applied a final file-level top-window post-processing step. We also used a restricted
pseudo-labeling procedure: pseudo labels were generated by a single distilled model and were used only for
Perch single-model MixUp training. Our best public/private leaderboard scores were 0.954/0.957. Ablation logs
indicate that incremental changes such as weighted sampling, broader audio usage, class-type dependent temporal
smoothing, baseline bug correction, and rank-based fusion were more important than any single large model
change. We additionally use an executed Kaggle notebook to report dataset diagnostics and provide paper-ready
supporting figures.
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1. Introduction

Automated identification of bird and animal vocalizations is an important component of large-scale
biodiversity monitoring. The BirdCLEF+ 2026 task was part of the LifeCLEF 2026 evaluation campaign
[1, 2]. It continues this line of work by asking participants to recognize target species from soundscape
recordings under strong domain shift, background noise, and imperfect temporal localization. Each
test soundscape is a 60 second audio file, and systems must predict species presence for each 5 second
window.

Our solution was built around a simple observation from the competition: no single branch was
reliable across all species, sites, and acoustic contexts. Different mel resolutions, pretrained bioacoustic
embeddings, temporal models, and metadata priors captured different failure modes. The final solution
therefore emphasized diversity and calibration-robust fusion rather than a single large model. We
finished 18th on the private leaderboard with a three-branch rank ensemble. We are grateful to Kaggle
and the BirdCLEF+ 2026 organizers for providing the competition platform and data.
The main contributions of this working note are:

• a three-branch architecture combining two SED branches and a Perch/ProtoSSM sequence branch;
• a calibration-robust rank-before-fusion strategy for combining heterogeneous bioacoustic
branches whose probability scales are not directly comparable;

• a restricted pseudo-labeling procedure that uses one distilled model to train only a Perch single-
model branch with MixUp;
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• practical ablation evidence from competition-side experiment logs;
• a reproducible Kaggle EDA notebook for class imbalance, label-density, and audio-domain diag-
nostics.

2. Related Work

BirdCLEF systems commonly combine spectrogram frontends with image CNN backbones, often
borrowing architectures from large-scale vision classification. EfficientNet-style models [3] and NFNet-
style models [4] were therefore natural candidates for our SED branches. Weakly supervised SED
models also motivate our use of both clip-level and frame-level objectives: attention over frame logits
can convert weak clip labels into temporally localized evidence [5].

Transfer learning has become especially important in bioacoustics. BirdNET [6] and global birdsong
embeddings [7] show that large pretrained acoustic models can transfer useful species-level and habitat-
level information to downstream recognition tasks. Our Perch branch follows this direction by using
pretrained embeddings both as direct features and as a distillation target for a smaller SED model.

The remaining components are standard but important engineering tools for noisy multilabel audio.
MixUp [8], SpecAugment [9], focal loss [10], and pseudo labels [11] were all used conservatively. In
our final system, pseudo labels were not a broad semi-supervised training loop; they were restricted to
Perch single-model MixUp because the ablation signal was split-sensitive.

3. Task and Data

Each soundscape is split into 12 non-overlapping 5 second windows. For every window, the system
predicts 234 target classes in the canonical order given by sample_submission.csv. We used two
supervised data sources: train_audio, containing focal recordings with primary and secondary labels,
and train_soundscapes_labels.csv, containing labeled soundscape windows. The focal recordings
provide broad class coverage but are weakly localized in time. The labeled soundscapes are closer to
the evaluation format because their labels are attached to 5 second windows, but they are much smaller
and site-dependent.

3.1. Validation

Reliable validation was one of the main practical difficulties, as is common in BirdCLEF competitions.
We used stratified folds for focal recordings based on the primary label. For labeled soundscape windows,
we grouped by filename, so that windows from the same 60 second recording never crossed train and
validation folds. We also monitored non-S22 macro AUC during development because the S22 subset
appeared noisier in the labeled soundscapes.

Despite these precautions, we did not treat local validation as a precise estimate of private leaderboard
performance. It was most useful for detecting large regressions, leakage risks, and row-order bugs. Near
the final leaderboard range, small changes were often dominated by public/private split variance, which
is why the ablations in Section 5 are reported as directional evidence rather than as a fully controlled
study.

3.2. Data Diagnostics Notebook

An executed Kaggle notebook provides the dataset diagnostics used in this note. The released metadata
contain 35,549 focal training recordings, 234 target classes, and 1,478 labeled soundscape windows.
The focal recordings are highly imbalanced: the maximum-to-minimum primary label count ratio is
499, the median class has 125 recordings, and 25 classes have fewer than 10 recordings. In contrast,
labeled soundscape windows contain an average of 4.22 positive labels per 5 second window. The
class-frequency correlation between focal recordings and labeled soundscape windows is negative
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Figure 1: Overview of the private-best three-branch rank ensemble.
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Figure 2: Modeling details for the SED and Perch/ProtoSSM branches.

(Spearman 𝑟 = −0.427), which supports our emphasis on domain-robust fusion and soundscape-aware
validation. Full diagnostic figures are shown in Appendix A.

4. Method

Figure 1 summarizes the final private-best system. The best submission used three explicit branches: a
256-mel SEDmodel, a 128-mel SEDmodel, and a Perch/ProtoSSM branch. A later four-model experiment
added an NFNet-style branch but did not improve the private leaderboard score.
Figure 2 shows the two main modeling views used by the system. The SED branches make local 5

second decisions from log-mel spectrograms, while the Perch branch operates at the 60 second file level
with pretrained embeddings, metadata priors, and sequence correction.



Table 1
Main SED branch configurations.

Branch Mel bins Hop Backbone

SED-1 256 512 EfficientNet-B0
SED-2 128 512 EfficientNetV2-S / EfficientNet-B0 style
SED-4 192 768 NFNet-L0

4.1. SED Branches

The CNN branches use a sound event detection formulation over 5 second audio chunks. Audio is
resampled to 32 kHz mono and converted to log-mel spectrograms. The main SED settings are shown
in Table 1. The backbone family was based on EfficientNet-style models [3] and an NFNet variant [4].
The SED head uses a one-channel image backbone, GeM pooling over the frequency axis, a 512-

dimensional bottleneck, attention logits, and class logits over the time axis. The clip-level prediction is
computed from attention-weighted frame logits. Training supervises both the clip prediction and the
strongest frame prediction:

ℒ = 0.5BCE(𝑧clip, 𝑦) + 0.5BCE(𝑧max−frame, 𝑦). (1)

We used variants of focal BCE [10], label smoothing, class-frequency weighted sampling, back-
ground/no-call noise, SpecAugment [9], and MixUp [8] between focal and soundscape examples.

4.2. Perch Distillation and ProtoSSM

The 256-mel EfficientNet-B0 branch additionally used Perch v2 as a teacher [12]. A frozen Perch ONNX
model produced a 1536-dimensional embedding for each 5 second chunk. This embedding was projected
to 512 dimensions with a fixed random orthogonal projector, and the student model predicted it through
an MSE distillation head. The goal was to pull the student representation toward a more general
bioacoustic embedding space while still optimizing the competition labels.
The third branch was intentionally different from the mel-CNN branches. Perch v2 provided raw

class scores and embeddings for every 5 second window. We then added fold-safe metadata priors
based on site, hour, and site-hour tables. These priors were smoothed in a taxonomy-aware way, with
different behavior for event-like species and texture-like classes such as insects and amphibians.

The temporal model was ProtoSSM. It treated each 60 second soundscape as a sequence of 12 windows
and learned corrections over Perch scores and embeddings. The branch also trained class-wise MLP
probes on PCA-compressed Perch embeddings plus raw, prior, and base scores. ProtoSSM outputs,
MLP/probe scores, and priors were then blended, with a residual SSM correction available as a second
pass.

4.3. Pseudo Labels

Pseudo labels were used more narrowly than the final ensemble might suggest. They were generated
by the second distilled single model, not by the final rank ensemble. The unlabeled soundscapes were
processed in five shards, merged back into canonical row_id order, and used as soft labels only for
Perch single-model MixUp training. This follows the general idea of pseudo-labeling [11], but keeps
the teacher and student scope intentionally narrow. Figure 3 illustrates this restricted pseudo-labeling
pipeline.

For pseudo MixUp, focal recordings and pseudo-labeled soundscape windows were mixed with equal
weights:

𝑥mix = 0.5 𝑥focal + 0.5 𝑥pseudo, (2)
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Figure 3: Pseudo labels were produced by one distilled model and used only for Perch single-model MixUp
training.

𝑦mix = 0.5 𝑦focal + 0.5 𝑦pseudo. (3)

Before mixing, pseudo scores were sharpened with 𝑦pseudo = 𝑠1.6. Validation files were excluded
from the pseudo pool within each fold to reduce leakage risk.

4.4. Inference and Rank Fusion

The SED models were exported to OpenVINO XML and run in batches of 128 soundscape files. A shared
audio cache and mel cache reduced repeated decoding and frontend computation. For each SED fold,
we combined clip and frame predictions as

𝑝 = 0.5 𝜎(𝑧clip) + 0.5 𝜎(𝑧max−frame). (4)

Fold predictions were averaged and then smoothed with class-type dependent 3-point kernels.
We used [0.20, 0.60, 0.20] for event-like classes and [0.35, 0.30, 0.35] for texture-like classes. This step
was split-sensitive: in a later removal check, disabling it improved our private-side score by about
+0.002, but reduced public LB by about 0.0005. We therefore interpret it as a stability and calibration
choice, not as a uniformly positive leaderboard trick. The Perch/ProtoSSM branch kept its own post-
processing, including taxonomy temperature scaling, file-level confidence scaling, rank-aware scaling,
delta smoothing, and per-class threshold sharpening.

The final fusion stage is shown in Figure 4. Instead of averaging raw probabilities, we first aligned all
branch outputs by row_id. Then, for each branch and class, scores were converted to global percentile
ranks:

𝑟𝑚,𝑐(𝑖) = percentile_rank(𝑝𝑚,𝑐(𝑖)), (5)

where 𝑚 is the branch, 𝑐 is the class, and 𝑖 indexes the row. The final score was the equal-weighted
average of the ranks. This preserves ordering while reducing calibration mismatch among branches. We
preferred this percentile-rank fusion over standard probability averaging because the three branches used
different frontends, objectives, calibration behavior, and post-processing assumptions. In competition
logs, direct probability averaging was sensitive to score-scale mismatch: an over-confident branch
could dominate classes for which its absolute probabilities were poorly calibrated. Percentile ranks
preserved within-class ordering while reducing dependence on absolute score scale, which made the
fusion more stable across heterogeneous branches. After rank fusion, we applied a file-level top-window
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Figure 4: Rank fusion converts heterogeneous branch outputs into per-class percentile ranks before averaging.

Table 2
Main leaderboard submissions.

Submission Public LB Private LB

3-model rank ensemble with TTA 0.954 0.957
4-model rank ensemble 0.954 0.955

Table 3
V2S branch ablation log.

Experiment LB Note

initial V2S baseline 0.918 initial reference
clean-audio subset 0.918 private +0.001
moderate weighted sampling 0.924 WRS = 0.5; public gain
alternative weighted sampling 0.919 WRS = -1; private +0.004
file-level top-1 post-process 0.926 strongest-window file scaling
full-audio training 0.929 broader audio usage
class-type temporal smoothing 0.933 event/texture kernels
corrected V2S stack 0.942 baseline bug fix; cumulative changes

post-process: for each 60 second file and class, the strongest window scaled the predictions for all 12
windows.

5. Experiments and Ablations

Table 2 shows the two main late-stage submissions. The best private result came from the three-model
TTA ensemble. The four-model ensemble was competitive but did not improve private LB, suggesting
that additional diversity can also introduce private-set noise.
The ablation evidence in Table 3 and Table 4 comes from competition-side experiment logs rather

than a single perfectly controlled offline protocol. We therefore interpret these numbers as directional
evidence about which engineering choices were useful.

Class-type temporal smoothing used different 3-point kernels for event-like and texture-like classes. A
later removal check moved public and private scores in opposite directions: private-side score increased
by about +0.002, while public LB decreased by about 0.0005. For the corrected V2S stack row, we later
found a bug in the earlier baseline path; the jump to 0.942 is therefore better read as the cumulative



Table 4
Perch/distillation and pseudo-label ablation log.

Experiment LB Note

row-order alignment sensitivity 0.917 / 0.914 alignment check changed LB by -0.003
512-dim Perch projection 0.917 private -0.004
Perch single without pseudo labels 0.926 stronger public LB
Perch single with pseudo-label MixUp 0.923 lower public, better private log
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Figure 5: Ablation summary from competition-side experiment logs.

V2S stack after that bug was corrected.
The row-order alignment row reports two leaderboard values from a sensitivity check. The slash

denotes a paired comparison, not an improvement direction: changing the alignment/order handling
moved LB from 0.917 to 0.914, showing that row-level ordering was a fragile failure mode.
Figure 5 visualizes the same trend. The V2S results improved through a sequence of small changes,

especially broader audio usage, class-type smoothing, and a late baseline-path correction. The smoothing
and pseudo-label experiments were both split-sensitive, and the final corrected V2S stack row included
a bug fix rather than an isolated new trick. We therefore treat these rows as engineering evidence rather
than strict causal measurements.

6. Discussion and Limitations

The final solution was not driven by a single novel module. Its strength came from combining several
imperfect but complementary views of the audio. The SED branches were local and spectrogram-based,
while the Perch/ProtoSSM branch was embedding-based, metadata-aware, and sequence-aware. Rank
fusion was the practical glue between these branches because it reduced the impact of probability
calibration differences.
The ablation logs also show why we treated pseudo labeling cautiously. Although pseudo-labeled

MixUp did not improve public LB for the Perch single model, it looked better on private in our records.
We therefore kept it as a restricted branch-specific procedure instead of using pseudo labels as a general
second-round training signal.
We applied the same caution to temporal smoothing. The final SED post-processing used different

kernels for event-like and texture-like classes, but a later check showed opposite movement on public
and private scores. This reinforced our view that such constants should be treated as split-sensitive
calibration knobs rather than universally transferable hyperparameters.



The large final V2S jump in the ablation table also required caution. We later traced part of the earlier
baseline path to a bug. We do not claim that any single new weighting trick caused the gain; it should
be read as the cumulative effect of the preceding V2S improvements after the baseline was corrected.
Finally, the private leaderboard was favorable to our three-branch submission. The 0.957 private

score should be interpreted with this shake in mind. Our post-hoc interpretation is that the cleaner
three-branch ensemble generalized slightly better than the larger four-branch ensemble on the hidden
split.

6.1. Limitations

This work has several limitations. First, the ablation logs were collected during competition develop-
ment and were not always run under a single fixed offline protocol. They are useful for engineering
interpretation, but they should not be read as statistically rigorous causal estimates. Second, local
validation remained imperfect under domain shift, as illustrated by the class-type smoothing check
where removing the step improved private-side score while slightly hurting public LB. A stronger study
would retrain the same branches under several independent fold definitions and compare them on
held-out soundscape regions. Third, the pseudo-labeling procedure was intentionally narrow. It helped
in our private-side record, but it did not provide a clean public-LB gain, so broader semi-supervised
training would need more careful confidence filtering and leakage control. Finally, the final 0.957 private
score should be interpreted with leaderboard shake in mind. The hidden split was favorable to our
three-branch blend, and we do not claim that the exact weights and post-processing constants are
universally optimal.

7. Supplementary Material

A supplementary Kaggle notebook accompanies this working note draft and produces the CSV sum-
maries and figures needed for an expanded data-analysis section, including class-imbalance plots,
soundscape label-density plots, train-vs-soundscape class-frequency scatter plots, and spectrogram
examples.
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10. Conclusion

We presented an 18th place BirdCLEF+ 2026 solution based on a three-branch rank ensemble. The
solution combined two SED branches with different mel views and a Perch/ProtoSSM branch with
metadata priors and temporal correction. The final rank fusion preserved per-class ordering while



reducing calibration mismatch, and file-level top-window post-processing improved consistency across
60 second soundscapes. Competition-side ablations suggest that several small engineering choices,
rather than a single dominant trick, were responsible for the final performance.
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A. Data Diagnostics from the Executed Kaggle Notebook

Table 5 summarizes the main values extracted from the executed notebook. The figures in this appendix
are the paper-ready outputs exported from the same notebook.

Table 5
Dataset diagnostics from the executed Kaggle notebook.

Quantity Value

Target classes 234
Focal training recordings 35,549
Labeled soundscape windows 1,478
Median focal recordings per class 125
Classes with fewer than 10 focal recordings 25
Primary-label imbalance ratio 499.0
Mean positive labels per labeled soundscape window 4.22
Train-vs-soundscape frequency Spearman 𝑟 -0.427

Figure 6: Focal-training class imbalance and the most frequent classes.

Figure 7: Label-density contrast between focal recordings and labeled soundscape windows.



Figure 8: Training source distribution and sampled duration distribution.

Figure 9: Class-frequency shift and file-level label density in labeled soundscapes.



Figure 10: Representative spectrogram examples from one focal recording and one soundscape recording. These
examples are used only as qualitative illustrations; the aggregate diagnostics in Table 5 and Figure 9 provide
stronger evidence of dataset mismatch.
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