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Abstract
BirdCLEF+ 2026 evaluates multi-taxon acoustic species identification across 234 classes spanning birds, am-
phibians, insects, and reptiles, scored by macro-averaged ROC-AUC on a hidden soundscape test set whose
public leaderboard is computed on only part of that set during the competition. A single competitor sees a few
public-leaderboard readings per day, which raises two practical questions: how to evaluate candidate systems
without spending that budget, and how far a public score predicts the private one. We report a single-author
entry, built on public resources, that addresses both. The submitted system rank-blends a publicly shared acoustic
baseline (a Perch-embedding branch and a five-fold sound-event-detection ensemble) with a weighted triplet of
our own soundscape-fine-tuned convolutional networks at weight α = 0.10. To rank configurations offline we
built a harness on the 66 released labelled soundscape files, with macro-AUC restricted to the 75 species that
carry positive labels there; it scores a blend in under a second and replaced the daily leaderboard slot as the
primary feedback channel. The entry scored 0.932 macro-AUC on the public leaderboard (1968th of 4092 teams)
and 0.917 on the private leaderboard (2415th), and the soundscape-tuned correction helped only at a low blend
weight. The two leaderboards did not rank our submissions in the same order, and the harness could not have
predicted this: the dominant embedding branch trains on the same labelled soundscapes, so no clean held-out
estimate of it exists. We report this generalisation gap and identify a non-leaky cross-validated estimate of the
full blend as the change most likely to have closed it.
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1. Introduction

BirdCLEF+ 2026 asks systems to identify which species vocalise in a continuous field recording. The
task is framed as multi-label detection over 5-second windows: for each window of a hidden soundscape
recording, a submission reports a probability for each of 234 candidate classes, and the predictions are
scored by macro-averaged ROC-AUC over the classes that have positive labels in the test set [4, 5, 3].
The 2026 edition is multi-taxon: the 234 classes span birds, amphibians, insects, and reptiles, so the
same model must separate species with very different call structures. Two properties shape the design
of any entry. First, training labels are clip-level and weakly localised, while scoring is window-level
on soundscapes, a distribution shift between training and evaluation audio. Second, inference runs on
a CPU-only Kaggle kernel under a wall-clock budget, which caps how large and how numerous the
models in an ensemble can be.

We entered BirdCLEF+ 2026 as a single author, building on public components. The submitted system
is an ensemble of two parts. The first part is a publicly shared acoustic baseline that we did not author:
an embedding branch built on the Perch bird-vocalisation model [7] with a probe-classifier head, and a
five-fold EfficientNet sound-event-detection ensemble [9]. The second part is our own contribution: a
weighted triplet of convolutional networks fine-tuned on the released soundscape recordings. The two
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parts are combined by rank-blending the soundscape-tuned triplet onto the public baseline at a small
weight α = 0.10, an operating point chosen on local validation and confirmed on the leaderboard.

A single competitor gets only a few public-leaderboard readings per day, and a public score estimates
the private result with its own error. Two of the pieces we report respond to these limits. One is a local
evaluation harness on the 66 labelled soundscape files released with the competition, with macro-AUC
restricted to the 75 species that actually have positive labels there; it let us rank ensemble configurations
offline instead of spending a daily leaderboard slot per hypothesis. The other is a development track,
following recipes reported by prior BirdCLEF winning solutions, that added cross-year pretraining on
previous editions and frame-level multi-hot pseudo-labels; that track was only partly completed before
the deadline, and we report what was finished and what was not.

Our contributions are: (i) a local soundscape evaluation harness that replaced the daily leaderboard
slot as the primary feedback channel, scoring any model or blend specification in under a second; (ii) an
analysis of a public-to-private generalisation gap: the configuration with the highest public score was
not the best on the private split, because the branch that dominates the blend trains on the same labelled
soundscapes used for validation and so cannot be held out cleanly; (iii) the submitted ensemble itself, a
public Perch and sound-event-detection baseline blended with a weighted triplet of soundscape-fine-
tuned convolutional networks at α = 0.10, with a component ablation that locates its score (0.932
macro-AUC on the public leaderboard, 0.917 on the private); and (iv) a cross-year-pretraining and
multi-hot pseudo-labelling development track, with an honest account of which parts were completed
and of the inference-budget constraints that bounded the model zoo.

2. Related Work

2.1. BirdCLEF and prior winning recipes

BirdCLEF has run annually within the LifeCLEF lab and has converged on a recognisable recipe [6,
5, 4]. Across recent editions, the strongest solutions share several elements: log-mel spectrograms
over short windows with sliding-window test-time augmentation; convolutional backbones from the
EfficientNet [9] and ConvNeXt [10] families trained with waveform and spectrogram augmentation;
pretraining on prior-year BirdCLEF audio and on Xeno-canto recordings followed by fine-tuning on the
current year; and one or more rounds of pseudo-labelling on unlabelled soundscapes. Recent editions
added frame-level multi-label pseudo-targets in place of clip-level argmax labels, and a pairwise AUC-
surrogate loss in the final training stage. We adopt several of these elements in the development track
of Section 8; the soundscape-tuned models in the submitted system use the window-and-augmentation
part of this recipe without the cross-year pretraining.

2.2. Acoustic embeddings and sound event detection

Two model families recur in bird-audio systems. Pretrained acoustic embedding models, such as
BirdNET [8] and Perch [7], are trained on large labelled bird-audio corpora and expose either direct
class probabilities or transferable embeddings that a lightweight head can probe. Sound-event-detection
(SED) models instead train a convolutional encoder with an attention or log-sum-exp pooling head that
aggregates frame-level activations into clip-level scores, which suits weakly labelled training audio.
The public baseline we build on combines both: a Perch-embedding branch with a probe head, and
an EfficientNet SED ensemble. The soundscape-tuned models we add are SED-style convolutional
networks.

2.3. Pseudo-labelling for soundscapes

Training audio in BirdCLEF is dominated by focal recordings of a single vocalising individual, whereas
the test audio is continuous soundscape with overlapping species and long silent stretches. Pseudo-
labelling closes part of this gap: a teacher model labels unlabelled or weakly labelled windows, and



a student is trained on the resulting targets. A single-class argmax target discards the multi-species
structure of real soundscapes; a frame-level multi-hot target preserves it. Section 8 reports a multi-hot
pseudo-labelling pass over the soundscape, training, and prior-year corpora.

2.4. The evaluation metric

Submissions are scored by macro-averaged ROC-AUC: the per-class ROC-AUC is computed against the
window-level binary ground truth and averaged over classes, skipping any class with no positive label
in the test set [14]. Two consequences shape both training and validation. Because the average is taken
over classes, a handful of rare species can move the score as much as a common one. And because
classes without positives are skipped, a validation set that contains positives for only a subset of the
234 classes must restrict its macro-average to that subset, or the score is dominated by uninformative
chance-level entries; we return to this in Section 7.

3. Task and Data

The released competition data comprise clip-level training audio, a small labelled soundscape set, and a
hidden soundscape test set [1, 2]. The provided files are:

• train_audio – 35 549 focal recordings across 206 species directories, with clip-level primary
and secondary labels in train.csv;

• train_soundscapes – 66 continuous soundscape recordings with window-level labels in
train_soundscapes_labels.csv (1 478 labelled 5-second windows covering 75 of the 234
classes);

• taxonomy.csv – the 234 target classes with iNaturalist taxon identifiers and class names, span-
ning birds, amphibians, insects, and reptiles.

Submissions assign a probability to each of the 234 classes for every 5-second window of every
test recording. Public-leaderboard scores are computed on a fraction of the hidden test set during
the competition; private (final) scores are computed on the complement and revealed at the end.
Throughout this paper we report both: public-leaderboard macro-AUC for development comparisons,
and private-leaderboard macro-AUC where it is available for a submission.

Inference budget. Inference runs in a Kaggle notebook with no internet access and a CPU-only
runtime cap on the hidden test set. This budget is a hard design constraint: it sets how many models can
take part in the ensemble and rules out backbones whose per-window latency does not fit. Section 10
reports the conversions and the one heavy model the budget forced us to drop.

4. System Overview

Figure 1 sketches the submitted pipeline. It has two parts that are combined at the very end. The
public baseline produces a per-window score from a Perch-embedding probe branch (weight 0.7) and a
five-fold SED ensemble (weight 0.3), rank-blended together. Our contribution is a triplet of soundscape-
tuned convolutional networks, combined by a weighted rank-mean. The triplet is then rank-blended
onto the baseline at α = 0.10: the baseline carries most of the final score and the triplet supplies a
small, consistent correction. We use rank-blending rather than a weighted probability average because
the component models are not calibrated to a common scale, and rank-blending is insensitive to that
mismatch.

All models share a common front-end. Audio is resampled to 32 kHz mono and cut into 5-second
windows (twelve windows per 60-second soundscape recording). Each window is converted to a
128-band log-mel spectrogram with a 1024-point FFT, 320-sample hop, and a 50–14 000 Hz mel range,
peak-normalised per window. The convolutional models take this single-channel spectrogram as input.
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Figure 1: Submitted system. A publicly shared acoustic baseline (a Perch-embedding probe branch and a
five-fold SED ensemble, rank-blended 0.7 / 0.3) is combined with our own weighted triplet of soundscape-tuned
convolutional networks (rank-mean of an EfficientNet-B3, a pseudo-refined B3, and a ConvNeXt-Small at
0.45 / 0.40 / 0.15). The triplet is rank-blended onto the baseline at α = 0.10 to produce the per-window class
scores.

5. Soundscape-Tuned Models

The triplet is the part of the submitted system we trained ourselves. Each member is a convolutional
SED model first trained on the clip-level train_audio labels and then fine-tuned on the 66 labelled
soundscape recordings, which adapts it to the soundscape distribution that scoring uses.

Backbones. The triplet members are an EfficientNet-B3 [9]
(tf_efficientnet_b3.ns_jft_in1k), the same B3 architecture fine-tuned with
an extra pseudo-label pass on soundscape windows, and a ConvNeXt-Small [10]
(convnext_small.fb_in22k_ft_in1k); all are taken from the timm library [13] with a
single-channel input stem. The clip-level stage uses an asymmetric loss [11] over the multi-label targets.
The soundscape fine-tuning stage trains on the labelled soundscape windows.

Triplet weights. The members are combined by a rank-mean with weights 0.45 (B3), 0.40 (pseudo-
refined B3), and 0.15 (ConvNeXt-Small). These weights were tuned on the local validation harness
of Section 7 rather than on the leaderboard. An equal-weight rank-mean of the same three members
scored within 0.0001 of the weighted triplet on the public leaderboard (Table 3), so the weighting is a
small effect; we report it for reproducibility.

6. The Public Baseline Branch

The baseline branch is a publicly shared community pipeline that we adopted and did not modify, and
we describe it here for completeness and to be clear about provenance. It has two components. The
first is an embedding branch built on the Perch bird-vocalisation model [7]: Perch embeddings feed
a probe-classifier ensemble whose outputs are corrected by a small state-space model, contributing a
weight of 0.7 to the baseline. The second is a five-fold EfficientNet-B0 SED ensemble [9] trained with
log-sum-exp pooling and pseudo-labels, contributing a weight of 0.3. The two are rank-blended to form
the baseline prediction onto which our triplet is added.



Provenance. For reproducibility we record the exact public artifacts.
The baseline was adopted from the publicly shared Kaggle notebook
needless090/birdclef-2026-iter-pseudo-perch-sed-lb-0-935-ft (public-
leaderboard score 0.935), which we forked without modifying its Perch or
SED logic; our submitted kernel is gillescolling/blend-v2-b0. The em-
bedding branch uses the Google Perch v2 vocalisation classifier (Kaggle model
google/bird-vocalization-classifier/TensorFlow2/perch_v2_cpu/1; [7]), served
for CPU inference through the community datasets needless090/birdclef2026-perch-tflite,
jaejohn/perch-meta, and rishikeshjani/perch-onnx-for-birdclef-2026. The five-fold
EfficientNet-B0 SED ensemble is distributed as hungtrabiz/birdclef-2026-submission-assets.
These community datasets and notebooks carry no embedded licence metadata on Kaggle; we use them
unchanged and reference rather than redistribute them, so they remain under their original authors’
terms, and the Perch model under Google’s model terms.

We used the branch unchanged in the submitted system; a separate attempt to retrain its embedding
head is reported in Section 8 and on the leaderboard in Table 3.

7. Local Evaluation Harness

For much of the competition, hypotheses were tested by submitting to the leaderboard, which limits
feedback to a few configurations per day. The released soundscape labels make a local alternative
possible. We built an evaluator over the 66 labelled soundscape files: it scores any model or blend
specification, computes per-class ROC-AUC on the window-level labels, and reports the macro-average.
With the soundscape predictions cached, it scores a blend configuration in under a second, so tens of
configurations can be ranked in an evening. The harness needs only the released soundscape labels
and cached per-window predictions, so any entrant can reproduce it without spending a leaderboard
submission. Two design choices follow from the metric (Section 4).

First, only 75 of the 234 classes have any positive label in the soundscape set, so a naive macro-AUC
over all 234 classes is dominated by the 159 classes pinned at chance level; the soundscape fine-tuning
logs showed exactly this, with an apparent validation AUC near 0.53. The harness restricts the macro-
average to the 75 labelled classes, which makes it discriminating. Second, the harness uses k-fold
cross-validation across the 66 files rather than the small file-level holdout the fine-tuning code used by
default, which reduces variance enough to read differences of a few thousandths.

Table 1
Local soundscape harness, macro-AUC restricted to the 75 labelled species. All rows are out-of-fold predictions
under a file-level 5-fold split of the 66 soundscape files (GroupKFold by file), averaged over folds. worst-3 is the
mean of the three lowest per-class AUCs, the tail the leaderboard is most sensitive to. The three-way blend of
the two soundscape-tuned members with the public SED branch is strongest on every column.

Configuration macro-AUC (pos) worst-3

B3 soundscape-tuned, alone 0.9965 0.9731
ConvNeXt-Small soundscape-tuned, alone 0.9956 0.9671
B3 + ConvNeXt-Small (70 / 30) 0.9975 0.9807
B3 + public SED (70 / 30) 0.9962 0.9761
B3 + ConvNeXt-Small + SED (50 / 25 / 25) 0.9988 0.9909

All rows of Table 1 are out-of-fold predictions under the file-level 5-fold split of Section 9: each
soundscape file is scored only by the fold in which it is held out, so no file contributes to both training
and evaluation of the soundscape-tuned and SED branches.

Table 1 reports the headline readings. On this surface the soundscape-tuned models already saturate
near the top of the macro-average, so the discriminating signal is the worst-3 tail. Adding the public
SED branch to the two soundscape-tuned members lifts worst-3 from 0.9807 to 0.9909, while adding



SED to the B3 alone is close to neutral. The harness has one important limitation: the embedding
branch trains on the same 66 soundscape files in submission mode, so a held-out Perch reading on
this surface is leaky and we use the harness to rank the soundscape-tuned and SED parts with the
embedding branch held fixed, not to estimate the embedding branch in isolation.

The harness predicts rankings, not absolute scores. Its macro-average sits near 0.99 because it is
restricted to the 75 classes with positive labels and computed on clean window-level annotations,
whereas the public leaderboard near 0.93 averages over a larger, partly different class set on the hidden
distribution. The two scales are therefore not comparable in absolute terms; the harness earns its
keep by ordering configurations that differ by a few thousandths, and that ordering transferred to the
leaderboard for the parts it can see (the triplet-plus-SED worst-3 gain in Table 1 corresponds to the
small but repeatable 0.927 → 0.932 lift in Table 3). It did not transfer for the embedding branch, which
it cannot hold out.

8. Development Track: Cross-Year Pretraining and Multi-Hot
Pseudo-Labelling

The submitted system plateaued near 0.932 on the public leaderboard. Prior BirdCLEF winning solutions
reach higher with a deeper data pipeline rather than a different blend, so we pursued that pipeline in
parallel.

Cross-year corpus (completed). We assembled a pretraining corpus from the current and prior
editions: the 2026 training audio (35 549 recordings) and a small extra set (1 020 recordings) merged with
the full 2025 training set (28 564 recordings across 206 species, 7.23 GB), for 65 133 recordings in total.
Of these, 50 288 carry labels mappable to the 234 target classes (covering 231 of them); the remaining
prior-year recordings retain their own labels. The pretraining label space is the union of the 234 target
classes and 163 unmapped prior-year classes (397 classes), on the principle that the unmapped audio
still teaches transferable acoustic features.

Multi-hot pseudo-labels (completed). A teacher ensemble of the triplet members labelled the
soundscape, training, and prior-year windows. The teacher produced per-class probabilities for 482 981
windows, stored as multi-hot targets at several thresholds. We selected a threshold of 0.7 for the first
fine-tuning pass, which yields 315 087 positive (window, class) entries with at least one positive in 228 of
the 234 classes, retaining multi-species structure in the soundscape windows (3.8 positives per window)
while filtering teacher noise on the focal recordings. A second pseudo round, with the development
models as teacher, produced 282 537 windows.

Pretrain-then-fine-tune zoo (partially completed). The trainer uses a dual-head architecture, a
clip-level attention head and a max-segment head pooled over the strongest frames, with loss weights 1.0
and 0.5 and label smoothing 0.1, following the dual-objective recipe of prior solutions. The loss schedule
runs dual binary cross-entropy for the bulk of training and switches to a pairwise AUC-surrogate loss for
the final five epochs of each stage. Augmentation combines waveform mixup, spectrogram mixup and
cutmix, SpecAugment-style time and frequency masking [12], and background-noise injection sampled
from the soundscape recordings. Stage 1 pretrains on the 397-class corpus; Stage 2 fine-tunes at window
granularity on the 234 classes with ground-truth labels unioned with the multi-hot pseudo-targets.

Of the four backbones planned for this zoo (EfficientNet-B3, EfficientNet-V2-S, ECA-NFNet-L0,
ConvNeXt-Small), only the EfficientNet-B3 line and a ResNeSt fine-tune were carried to completion
before the deadline. The B3 reached a pretraining macro-AUC of 0.964, and its soundscape-dominant
fine-tune (using 116 970 soundscape windows in place of the original 783) reached a within-training
macro-AUC of 0.974. This model was submitted both on its own and as a fourth anchor in the triplet
(Table 3). All training ran on two personal machines: a desktop with a single NVIDIA RTX 5080 (16 GB)
and an Apple M4 Pro Mac mini (Metal Performance Shaders, 64 GB unified memory), with no cloud,



cluster, or multi-GPU-per-model scaling. Each model was trained on one device at a time, so the training
throughput of these two consumer GPUs within the competition window set how much of the zoo
we could complete. The full multi-backbone, multi-seed zoo that prior winning solutions use was not
completed, and the development track therefore did not reach the higher leaderboard range it was
aimed at.

9. Implementation Details

Table 2 collects the training settings for the two regimes used in this work: the soundscape fine-tuning
that produced the submitted triplet, and the cross-year pretrain-then-fine-tune of the development track.
All models share the front-end of Section 4 (32 kHz mono, 5-second windows, 128-band log-mel with a
1024-point FFT, 320-sample hop, 50–14 000 Hz range, per-window peak normalisation). Backbones are
initialised from the timm weights named in Section 5 with a single-channel input stem.

Table 2
Training settings. The left column is the soundscape fine-tuning that produced the submitted triplet (EfficientNet-
B3, pseudo-refined B3, ConvNeXt-Small); the right column is the cross-year development track (Section 8). The
pseudo-refined B3 adds a fine-tuning pass on the multi-hot pseudo-targets of Section 8.

Soundscape fine-tune (triplet) Cross-year pretrain + FT (dev)

Optimiser AdamW, weight decay 0.01 AdamW, weight decay 0.01
Learning rate 3× 10−4 1× 10−3

LR schedule cosine, 1-epoch warmup cosine, 2-epoch warmup
Epochs 20 30 (Stage 1 pretrain)
Batch size 32 64
Loss ASL (γ+=0, γ−=4, clip 0.05) dual BCE (clip 1.0 / segment 0.5);

pairwise AUC-surrogate in the final
5 epochs

Label smoothing 0.02 0.1
Augmentation mixup (α=0.3, p=0.4);

SpecAugment (2 time masks ≤ 24,
2 freq masks ≤ 16)

waveform mixup (p=0.5, α=0.4);
spectrogram mixup and cutmix
(p=0.25); SpecAugment (time 24,
freq 16); soundscape-noise injection

Soundscape oversampling 4–6× at window-level FT (Stage 2)
Gradient clip 5.0 5.0
Seed 42 42
Validation split 5-fold by soundscape file (66 files,

GroupKFold)
per-class stratified 5% holdout

Checkpoint best soundscape macro-AUC best macro-AUC

The multi-hot pseudo-labels were produced by an unweighted average of the three triplet members
over 482 981 windows; the fine-tuning pass consumed them at a confidence threshold of 0.7 (315 087
positive (window, class) entries, 3.8 positives per soundscape window), as detailed in Section 8. INT8
and float16 export attempts and their failures are reported in Section 10; the shipped models are float32
ONNX graphs.

10. Inference Under the Runtime Budget

The CPU runtime cap on the hidden test set bounded the ensemble. We report the conversions that
worked and the ones that did not, because the budget shaped which models could ship.

• A weighted seven-model soundscape-tuned ensemble exceeded the runtime cap and timed out on
the hidden test set; the submitted system uses a three-member triplet instead.



• A ConvNeXt-Base soundscape-tuned model scored well locally but projected to roughly 114
minutes on the hidden test set, above the cap, and was shelved.

• Two attempts to make the heavier models fit failed: dynamic INT8 quantisation of the B3 ONNX
graph ran about five times slower and produced near-zero agreement with the float model, an
interaction with the depthwise convolutions; and float16 conversion failed with a type mismatch
in the converter that keep_io_types did not resolve.

The practical consequence is that the submitted ensemble is built from the models that both helped
on validation and fit the budget, which excluded our best locally scoring single model.

11. Component Ablation

Two readings isolate where the score comes from. On the local harness (Table 1), the soundscape-tuned
triplet members saturate the macro-average, and the measurable gain from combining them with the
public SED branch is in the worst-3 tail. On the leaderboard (Table 3), the soundscape-tuned triplet
adds a small, repeatable lift over the public baseline: the baseline alone scored 0.927, and rank-blending
the triplet onto it at α = 0.10 reached 0.932.

The blend weight α has a clear optimum. Sweeping it for the B3 member alone gave 0.930 at α = 0.07,
0.932 at α = 0.10, 0.931 at α = 0.12, and 0.923 at α = 0.20: the soundscape-tuned branch is a useful
correction at low weight and degrades the baseline when it is allowed to dominate. We read this as
the baseline being the stronger absolute model on the hidden distribution, with the soundscape-tuned
triplet supplying complementary signal that is only safe in small doses.

12. Failed Experiments

We document directions that did not improve the leaderboard, to inform future submissions.

Argmax one-hot pseudo-labels. An earlier pseudo-labelling pass used a single-class argmax target
per window. Models trained on it plateaued at 0.928–0.930, below the 0.932 peak, regardless of the
confidence threshold or the pseudo-label weight. The multi-hot pseudo-labels of Section 8 were the
response to this plateau.

Distillation into a single student. Distilling a seven-model soundscape-tuned teacher into one B3
student scored 0.925, below the teacher and below the triplet. The runtime budget motivated this, but
the student lost more than the budget saved.

Geometric-mean fusion. Replacing the rank-blend of the triplet with a geometric mean of proba-
bilities scored 0.924, below the rank-blend at the same composition. The component models are not
calibrated to a shared scale, which is the condition under which rank-blending is the safer fusion.

Higher triplet weight. Raising α above the 0.10–0.12 plateau reduced the score (Section 11); the
soundscape-tuned branch does not improve the baseline when it carries more than a small share of the
blend.

A multi-hot pseudo model held back. One soundscape-tuned model trained on multi-hot pseudo-
labels tied the previous best on the local harness and was not submitted, to avoid spending a leaderboard
slot on a configuration the harness predicted to be neutral.



13. Submitted Runs and Results

Table 3 lists representative submissions grouped by method, with both public- and private-leaderboard
macro-AUC. We submitted 52 entries over the competition; the table reports one per method family.
The best public-leaderboard score among all our submissions was 0.93215, placing 1968th of 4092 teams.
The competition scores a small number of author-selected submissions on the private leaderboard;
we selected the weighted soundscape-tuned triplet, which scored 0.91710 privately (2415th of 4092)
and was the best of our selections. The row labelled last-submitted is the final entry we uploaded
chronologically (a half-window test-time-augmentation variant); it was not the selected entry and is
listed only for completeness, which is why it appears below the selected triplet despite the row order
otherwise following date. The drop of roughly 450 places between the two boards is the subject of the
next subsection.

Table 3
Representative leaderboard submissions, grouped by method, with public- and private-leaderboard macro-AUC.
Rows are ordered roughly by date. The public and private columns do not rank the rows in the same order: the
highest public score (the soundscape-tuned triplet) is not the highest private score.

Submission Public LB Private LB

Public baseline (Perch 0.7 + SED 0.3, rank-blend) 0.92687 0.91116
Selective per-class blend over the public baseline 0.92387 0.92262
+ B3 soundscape-tuned (α = 0.10) 0.93192 0.91468
Equal-weight soundscape-tuned triplet (α = 0.10) 0.93215 0.91664
Weighted soundscape-tuned triplet (α = 0.10) 0.93209 0.91710
+ cross-year-pretrained B3 as 4th anchor (quad) 0.93148 0.91610
Retrained embedding-branch base (standalone) 0.92642 0.92039
Retrained embedding base + soundscape triplet 0.92680 0.91042
Geometric-mean fusion of the triplet 0.92382 0.90905
Last-submitted: triplet + half-window TTA 0.92812 0.91097

13.1. The public-to-private gap

The two leaderboards disagree on which submission was best. The soundscape-tuned triplet that topped
our public scores (0.932) scored 0.917 on the private split. Two configurations with clearly lower public
scores scored higher privately: a selective per-class blend over the public baseline (0.924 public, 0.923
private) and a standalone retrained embedding branch (0.926 public, 0.920 private). Our per-blend and
per-threshold choices were made by maximising public-leaderboard macro-AUC, which is itself a form
of fitting to the public split, and the gap between the two columns is the cost of that procedure. We did
not have an independent held-out estimate of the private distribution: the local harness measures the
soundscape-tuned and SED parts well but cannot hold out the embedding branch that carries most of
the score, so it could not have predicted this inversion. A non-leaky cross-validated estimate of the full
blend, including the embedding branch, is the change most likely to have closed this gap, and we flag it
as the main methodological shortcoming of the entry.

13.2. What was validated non-leakily, and a protocol that would fix the rest

It is worth separating the choices that were made on a clean held-out estimate from those that were fit
to the public leaderboard. Validated non-leakily on the harness (out-of-fold over the 66 soundscape
files): the composition and rank-mean weights of the soundscape-tuned triplet, the decision to add the
public SED branch, and the shape of the α operating point on the worst-3 tail. Selected on the public
leaderboard, and therefore fit to the public split: the embedding-branch weight (0.7) within the baseline,
the per-class selective blend, the inference threshold, and the final value of α. The public-to-private



inversion in Table 3 is confined to the second group, because the harness can rank everything in the
first group but nothing in the second.

The leak is structural rather than incidental: in submission mode the Perch probe head (and its
state-space correction) is fit on all 66 labelled soundscape files, so any harness reading that includes
the embedding branch has already seen its own evaluation labels. A non-leaky estimate of the full
blend would re-fit that branch out-of-fold. Concretely, under the same file-level 5-fold split: for each
held-out fold, re-fit the probe head and the state-space correction on the soundscape windows of the
other four folds only, predict the SED and triplet branches out-of-fold as already done, and score the
complete blend (all branch weights, α, and the threshold) on the held-out fold. Averaging over folds
gives a held-out macro-AUC of the entire system, including the dominant branch, on which the blend
weights and threshold could be chosen instead of on the public leaderboard. We did not implement this
in time; it is the single change we would prioritise for a future entry.

14. Limitations

The submitted system has four limitations. Most of the final score comes from a public baseline that we
adopted unchanged, and our own contribution is a small, complementary correction. The development
track that would have let our own models carry more of the score was not completed before the deadline,
bounded by the training throughput of the two machines described in Section 8. The blend weights and
the operating threshold were tuned against the public leaderboard, and the public-to-private inversion
in Table 3 shows that this tuning did not transfer. The local harness is restricted to the 75 species with
positive labels in the soundscape set, so it is blind to the other 159 classes and gives no clean held-out
estimate of the embedding branch, which trains on those same files. And the inference-runtime budget
excluded our strongest single local model and capped the ensemble size, so the entry does not reflect
the best model we trained, only the best one that fit.

15. Code and Data Availability

The released BirdCLEF+ 2026 data, sample submission, and leaderboard are available through the
official Kaggle competition page [1]. The components of the submitted system have the following
provenance. The Perch-embedding branch and the five-fold SED ensemble are publicly shared commu-
nity baselines used unchanged; the Perch model itself is openly available [7]. The soundscape-tuned
triplet (EfficientNet-B3, a pseudo-refined B3, and ConvNeXt-Small) was trained by the author on the
released training and soundscape audio, exported to ONNX for CPU inference, and rank-blended onto
the baseline at α = 0.10. The cross-year-pretrained B3 of Section 8 was trained on a corpus merged
from the 2026 and 2025 BirdCLEF releases.

Pipeline source code, the per-model configurations, and the blend specification are released at
https://github.com/gcol33/bird-clef-2026 under an MIT licence; the trained ONNX weights for the
soundscape-tuned triplet and the cross-year-pretrained B3 are released on the Hugging Face Hub at
https://huggingface.co/gcol33/bird-clef-2026 under CC-BY-4.0. Audio data is not redistributed and must
be obtained from the Kaggle competition page. The publicly shared Perch and SED baselines remain
under their original authors’ terms and are referenced rather than redistributed.

16. Conclusion

Our BirdCLEF+ 2026 entry blends a publicly shared acoustic baseline with a weighted triplet of
soundscape-fine-tuned convolutional networks, rank-blended at α = 0.10. It scored 0.93215 macro-
AUC on the public leaderboard (1968th of 4092 teams) and 0.91710 on the private leaderboard (2415th
of 4092). The component ablation locates the contributions: the public baseline carries the bulk of the
score, the soundscape-tuned triplet adds a small repeatable lift that is safe only at low blend weight,
and the gain from the triplet is concentrated in the worst-performing classes. The most useful piece

https://github.com/gcol33/bird-clef-2026
https://huggingface.co/gcol33/bird-clef-2026


of infrastructure was the local soundscape harness, which moved hypothesis testing off the daily
leaderboard slot.

Two lessons carry forward. The development track confirms that the route to the higher leaderboard
range in this task is a deeper data pipeline (cross-year pretraining, frame-level multi-hot pseudo-labels,
and a multi-backbone zoo) rather than a better blend of fixed components, and that this pipeline has to
be started early because it does not fit a final week. And the public-to-private inversion is a reminder
that an operating point tuned on the public split carries its own error; the fix we flag in Section 13 is a
non-leaky cross-validated estimate that includes the dominant branch.
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