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Professional slide review of the 1st, 2nd and 3rd place 

approaches, with explicit commentary on what is worth copying 

for 2026 and what should be treated more carefully.

Focus of this deck

Read the three public writeups as far as accessible, extract the actual 

design choices, then add strategy-level commentary for BirdCLEF 2026.

Interpretation rule

Whenever the 2025 Kaggle page is only partially indexed, I separate direct 

evidence from reasoned inference.

Template-matched minimal style • 50 slides • source notes embedded in speaker notes

Eric Benhamou
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OVERVIEW

Executive summary
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Shared winning pattern

Top teams converged on CNN/SED hybrids, 

pseudo-labeling or self-training, external data, 

aggressive augmentations, and inference-time 

smoothing / ensembling.

What most likely separated 1st

A stronger self-training loop on longer SED 

chunks and a more engineered inference stack 

for stabilizing framewise predictions.

What makes 2nd especially useful

The 2nd-place paper is unusually transparent: 

validation, transfer learning, pseudo-label 

filtering, ablations, and admitted limitations are 

documented.

Main 2026 implication

Do not start from a plain classifier. Start from an 

event-aware pipeline built for domain shift, then 

add pseudo-labels only under strict selection 

logic.

• 1st place appears to be the most inference-engineered solution.

• 2nd place is the most reproducible solution from a research perspective.

• 3rd place reinforces the value of model diversity, multiple spectrogram views, and heavy augmentation.

• For 2026, the most robust path is: strong baseline → external pretraining → conservative pseudo-labeling 

→ post-processing → small, diverse ensemble.

Bottom line

The competition was not won by a single trick. It was won by stacking several 

domain-shift-aware decisions that each looked small in isolation.

What I would prioritize first

Pseudo-label quality control and inference design matter more here than exotic 

backbone exploration.
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OVERVIEW

Agenda
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• Part I: challenge context and evidence basis

• Part II: 1st place review and commentary

• Part III: 2nd place review and commentary

• Part IV: 3rd place review and commentary

• Part V: direct comparison and 2026 synthesis

Part I

Rebuild the problem 

constraints: multi-label 

soundscapes, domain shift, 

weak labels, CPU-only 

inference.

Part II

Read the 1st-place recipe 

through the lens of self-training 

and event-aware inference.

Part III

Use the 2nd-place paper as the 

reference implementation for 

disciplined experimentation.

Part IV

Treat 3rd place as confirmation 

that diverse spectrogram views 

and strong augmentation still 

matter.

Part V

Translate the three solutions 

into a concrete 2026 playbook.

Reading posture

This deck is not just a summary. Each method is followed by a “why it probably worked”, “what I would worry about”, and “what to port to 2026” layer.
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CHALLENGE CONTEXT

Why BirdCLEF 2025 was hard
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Multi-taxonomic target space

206 classes: birds, amphibians, insects, and 

mammals rather than birds only.

Weak-to-strong label mismatch

Training labels are mostly weak clip-level labels; 

evaluation is on 5-second soundscape chunks.

Extreme domain shift

Focal recordings at train time versus passive 

acoustic monitoring soundscapes at test time.

Deployment pressure

700 one-minute soundscapes under 

a 90-minute CPU-only notebook 

limit.

• Training data: 28,564 clips, heavily dominated by Xeno-Canto, with large class imbalance.

• Unlabeled in-domain soundscapes were available, which made semi-supervised adaptation a 

central lever.

• Macro ROC-AUC rewarded balanced performance across classes, so rare species could not be 

ignored.

BirdCLEF 2025 is a domain-adaptation competition 

disguised as an audio classification competition.

Top solutions win by learning how training audio differs from 

soundscapes and then explicitly correcting for that mismatch.
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CHALLENGE CONTEXT

Why reviewing the top three is useful
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The leaderboard was compressed

The official overview reports that the top 10 systems were 

separated by only 0.9% on the final ranking metric.

That changes how to read solutions

You should not look for one miracle idea. You should look for 

which small choices were combined, and in what order.

Methodological overlap matters

When independent top teams converge on the same levers, that 

is stronger evidence than any one writeup alone.

• Common patterns across top teams are more trustworthy than competition-specific anecdotes.

• Differences between 1st, 2nd, and 3rd are useful for prioritization: which ideas are core, and which are 

optional refinements?

• The 2026 goal is not to copy exact models. It is to copy the right hierarchy of decisions.

Read for invariants

Shared ingredients: stronger pretraining, pseudo-labels, aggressive augmentation, 

inference stabilization, and ensemble diversity.

Read for divergences

Where teams differ tells you where the search space remains open: chunk 

duration, pseudo-label policy, post-processing, and CV design.
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CHALLENGE CONTEXT

Evidence basis used in this review
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Source Coverage quality What I used How I handled uncertainty

1st place writeup Indexed snippets only 20s SED chunks, noisy student via MixUp, overlap averaging, 

smoothing, delta shift inference

Comments are conservative; I avoid unsupported micro-details

2nd place writeup / paper Full public paper Validation design, baseline, pretraining, pseudo-label logic, data 

curation, ablations, ensembling

This is the most detailed and most reproducible source

3rd place writeup Indexed summaries only CNN+SED mix, multiple mel configs, strong augmentation, external 

data usage

Comments focus on the design philosophy, not undocumented specifics

Official overview Public abstract / summary Cross-check of common top-team patterns and final competition 

dynamics

Used to verify convergence patterns across teams

Important caveat

For 1st and 3rd place, this deck comments thoroughly on the indexed method signatures and cross-checks them against official overview summaries. It does not invent undocumented ablations.
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CHALLENGE CONTEXT

Task anatomy: where the mismatch sits
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Train audio

Mostly focal clips. One dominant 

species. Weak labels. Cleaner 

acoustic conditions.

Target inference unit

5-second segment probabilities inside 

one-minute soundscapes.

Real test reality

Overlapping taxa, silence, background 

clutter, device mismatch, local ecology.

Winning response

Event-aware models + domain 

adaptation + inference 

smoothing.

• A plain clip classifier is structurally misaligned with the test objective.

• SED-style modeling is attractive because it predicts temporally localized activity rather than a single clip 

label.

• Pseudo-labeled soundscapes provide the missing bridge between focal training audio and chunk-level 

evaluation.

Reading signal from top teams

The top solutions did not just optimize a classifier. They changed the training 

distribution and the inference unit to look more like the test distribution.

Implication for 2026

Your baseline should already include chunk-aware prediction, not add it later 

as an afterthought.
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CHALLENGE CONTEXT

Where domain shift comes from
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Label granularity

Train labels apply to an entire recording, but vocalizations may 

occur for only a few seconds. Test labels are chunk-specific.

Acoustic mixture

Training clips are near-single-species; soundscapes can contain 

many simultaneous species, including true nocall windows.

Collection bias

Recordists, devices, background noise, location, and 

recording habits differ sharply between train and test.

• The 2nd-place paper explicitly reports weak correlation between local validation and public leaderboard once 

the score gets high enough.

• That means model ranking becomes noisy near the top, so robust ablation logic matters more than one-off 

leaderboard jumps.

Why pseudo-labels help

They are not only extra data. They are distribution-matching data.

Why pseudo-labels can hurt

If the filtering policy is weak, you import the teacher’s mistakes and amplify them 

across iterations.
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CHALLENGE CONTEXT

What the compressed leaderboard implies
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No single silver bullet

When top systems are separated by less than 

1%, one giant trick is unlikely to explain the final 

ranking.

Execution quality dominates

Filtering thresholds, chunk policy, post-

processing, and ensemble composition can move 

the ranking materially.

Overfitting risk is high

A noisy local validation can make leaderboard 

chasing especially dangerous late in the 

competition.

Reproducibility becomes 

valuable
That is why the 2nd-place paper is 

particularly instructive.

Interpretation

You should read 2025 as a competition about careful systems engineering under uncertainty, not as a 

competition about discovering a brand-new model class.

2026 consequence

Your experiment tracker and ablation discipline may be almost as important as your backbone choice.
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SYNTHESIS BEFORE DEEP DIVE

Common playbook across the top teams
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1. External data

Competition data alone was usually not treated as 

sufficient.

2. Event-aware modeling

SED-style training/inference recurs because the metric is 

chunk-level.

3. Pseudo-labels

In-domain unlabeled soundscapes became the main 

adaptation mechanism.

4. Heavy augmentation

Teams injected train-time noise to mimic field conditions.

5. Stabilized inference

Averaging, smoothing, shifts, or post-processing reduced 

variance.

6. Small diverse ensembles

Not huge for its own sake, but diverse enough to correct 

individual blind spots.

The core pattern

Top solutions increasingly looked like: “train an event-aware teacher on weak labels, adapt to soundscapes through pseudo-labels, then make inference behave like a robust detector rather than a raw classifier.”
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SYNTHESIS BEFORE DEEP DIVE

A shared winning stack, abstracted
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Weak labels

focal clips

Pretrained model

CNN / SED

Pseudo-label stage

soundscapes

Refined training

mix / filter

Stabilized inference

smooth / ensemble

• The exact architectures differ, but the stack is consistent.

• The real design questions are not “CNN or SED?” only. They are “What inference unit?”, “What pseudo-label 

filter?”, and “How much post-processing?”

• The top solutions appear to have optimized the data-flow between stages at least as much as the models 

themselves.

This is good news for 2026

You can make real progress without inventing a novel backbone, provided your 

system-level choices are coherent.
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SYNTHESIS BEFORE DEEP DIVE

Common self-training loop
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Teacher

Train on weak labels + 

augmentation

Predict soundscapes

chunk-wise or frame-wise

Filter / soften

keep confident targets

Mix with train data

controlled sampling

Student

retrain

Key design axis

Do you keep hard pseudo-labels or soft pseudo-labels? The 2nd-

place paper strongly argues for soft targets to suppress 

overconfidence.

Another key axis

Do you refresh earlier pseudo-labels, or let old ones accumulate? The 

2nd-place paper explicitly tests both full and OOF-style iterative 

schemes.

Most likely 1st-place edge

The title and indexed snippets suggest a more aggressive noisy-

student-style loop, which is consistent with winning the final margins.
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SYNTHESIS BEFORE DEEP DIVE

Common inference stack
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Overlapping windows

Reduce boundary artifacts by 

evaluating neighboring chunks.

Averaging

Aggregate framewise or chunkwise 

probabilities across views.

Post-processing

Exploit temporal persistence inside 

each file.

Shift / TTA

Small inference shifts make the 

system less brittle to alignment 

choices.

Final blend

Average a few diverse models 

rather than many near-duplicates.

• The 1st-place snippets explicitly mention averaging overlapping framewise predictions, smoothing, and delta 

shift inference.

• The 2nd-place paper reports that a simple per-file TopN post-processing step added 1–1.5% on public/private 

ROC-AUC.

• That is unusually large. It means inference design is not cosmetic in BirdCLEF; it is part of the model.

Important lesson

If post-processing can move the score by ~1%, then raw model comparisons 

that ignore the inference stack are incomplete.



BirdCLEF 2025 solutions review

01

14

1st place — Multi-Iterative Noisy Student

Read as the most aggressive self-training and inference-engineering solution.
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1ST PLACE

1st place: the central thesis
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Directly indexed

The writeup describes SED models on 20-second input chunks 

and a Multi-Iterative Noisy Student self-training approach.

Directly indexed

Pseudo-labeled soundscapes are mixed with focal training data 

through MixUp rather than being appended naïvely.

Cross-check from official overview

The winning submission reached about 0.933 public / 0.930 

private and fit the general SED/CNN + self-training pattern 

seen across top teams.

Interpretation

The 1st-place idea is not just “use pseudo-labels”. It is “treat self-training as a first-class system, and make both training and inference explicitly event-aware.”
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1ST PLACE

1st place: pipeline reconstructed from indexed evidence
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Step 1

Train SED teacher on labeled 

focal audio

Step 2

Run teacher on unlabeled 

soundscapes

Step 3

Generate pseudo-label targets

Step 4

Mix pseudo + focal data

Step 5

Iterate

• This is consistent with classic noisy-student logic: teacher predicts unlabeled data, student retrains under noise, 

and the loop can be repeated.

• In BirdCLEF, the “unlabeled” data are especially valuable because they are in-domain soundscapes rather than 

arbitrary external audio.

Why this is powerful here

Noisy Student is unusually well matched to BirdCLEF because the unlabeled 

data are drawn from the exact acoustic environment that causes the 

leaderboard domain shift.
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1ST PLACE

1st place: why 20-second SED chunks probably mattered
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Direct evidence

The indexed writeup snippet says the author ran 

multiple duration experiments and found 20-

second chunks to work best.

Likely benefit

Longer chunks let a SED model see richer 

acoustic context: call repetition, co-occurrence, 

and local background conditions.

Likely tradeoff

Longer chunks increase memory, reduce batch 

size, and can dilute rare short events if the head 

is not event-aware.

Interpretation

20 seconds is long enough for 

context, short enough for 

manageable training.

Why this differs from a plain classifier

A clip classifier on long windows often blurs the target. A SED head can exploit the extra context while still 

outputting localized activity.

2026 takeaway

Chunk duration is not a cosmetic hyperparameter. It should be tuned jointly with head type, pooling strategy, 

and inference overlap.
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1ST PLACE

1st place: what “Multi-Iterative Noisy Student” means in practice
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Teacher stage

Fit on weak labels first, good enough to 

produce structured soundscape predictions.

Pseudo stage

Label unlabeled soundscapes with teacher 

outputs.

Student stage

Retrain under extra noise / augmentation 

while ingesting pseudo-labeled examples.

Iteration

Repeat to gradually close the domain gap.

• The “multi-iterative” part matters: one pass of pseudo-labeling often helps, but repeated passes can extract 

more usable in-domain structure.

• The danger is confirmation bias, so the rest of the pipeline must prevent low-quality pseudo-labels from 

dominating.

My read

This is the most plausible place where 1st place gained separation: not 

pseudo-labels alone, but a higher-quality iterative self-training loop.
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1ST PLACE

1st place: why MixUp with pseudo-labeled soundscapes is smart
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Direct evidence

The indexed snippet says self-training is implemented via MixUp 

between focal training data and pseudo-labeled soundscapes.

Likely benefit

MixUp regularizes the student so pseudo-label noise is absorbed 

more softly than in hard dataset concatenation.

Likely second benefit

It preserves the original labeled distribution while injecting in-

domain acoustic texture from soundscapes.

Interpretation

This is a good example of a competition-specific design choice: use a standard regularizer, but deploy it exactly where label uncertainty is highest.
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1ST PLACE

1st place: inference looks engineered, not generic
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Direct evidence

Indexed snippets mention averaging overlapping 

framewise predictions from neighboring chunks.

Direct evidence

The same snippet mentions smoothing and delta 

shift inference.

Interpretation

This acts like TTA over time alignment, reducing 

sensitivity to chunk boundaries.

Practical value

Cleaner event trajectories → 

cleaner ROC ranking.

• In BirdCLEF, boundary effects are real because targets are defined on fixed 5-second intervals while calls 

ignore those boundaries.

• Overlapping prediction and shift-based smoothing are exactly the kinds of “small” decisions that matter when 

the leaderboard is compressed.

2026 recommendation

Build temporal TTA and file-level smoothing into your baseline from day one. 

Do not wait until the final week.
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1ST PLACE

1st place: main strengths
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Strength 1

Method is aligned with the evaluation unit: event-aware training 

and event-aware inference.

Strength 2

Pseudo-labeling is treated as a system, not as a one-off data trick.

Strength 3

Inference stabilization likely squeezes out extra ranking 

performance in a tightly packed leaderboard.

Overall read

The winning solution appears to have been superior not because it discovered a brand-new model class, but because it integrated self-training and inference-time temporal averaging more aggressively and more coherently than 

the field.
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1ST PLACE

1st place: likely risks and tradeoffs
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Risk 1

Iterative pseudo-labeling can lock in teacher bias 

if confidence filters are not strict enough.

Risk 2

Longer chunks and heavier inference logic raise 

engineering cost and can threaten CPU budget.

Risk 3

A strong inference stack can hide weaknesses in 

the raw model, which complicates ablation 

reading.

Risk 4

Hard to reproduce cleanly without 

explicit details.

Why this matters for 2026

Do not copy the winner as a black box. Copy the structure, then rebuild it with your own measurement discipline so you know which part is really working.
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1ST PLACE

What I would copy from 1st place into a 2026 pipeline
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Copy directly

Event-aware modeling and overlapping 

temporal inference.

Copy directly

Self-training on in-domain soundscapes.

Copy carefully

MixUp between labeled and pseudo-labeled 

data.

Re-tune yourself

Chunk duration, smoothing, and shift 

policy.

• Start with one reproducible teacher-student loop rather than a huge ensemble.

• Instrument the pseudo-label stage: retention rate, class balance, confidence histograms, and fold-specific 

gains.

• Budget CPU inference early so the final stack is deployable under competition rules.

Best transferable idea

Treat adaptation and inference as core modeling components, not as final 

polish.
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2nd place — Journey Down the Rabbit 

Hole of Pseudo Labels
Read as the most complete public blueprint for BirdCLEF 2025.
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2ND PLACE

2nd place: five pillars stated by the authors
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1

Strong baseline model

2

In-domain transfer learning

3

Pseudo-labeling / distillation

4

Postprocessing

5

Model ensembling

• This decomposition is useful because it separates “raw model quality” from “distribution adaptation” and from 

“inference stabilization”.

• The paper’s ablations show that the largest gains came from transfer learning, pseudo-labeling, and 

postprocessing — not from blind model inflation.

Why this paper is valuable

It gives you a disciplined decomposition of the problem instead of a single 

monolithic recipe.
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2ND PLACE

2nd place: validation design is a first-class topic
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Baseline CV

5-fold CV stratified by primary species and grouped by author to 

reduce leakage from the same recordist.

Observed problem

Correlation between local validation and public leaderboard 

dropped sharply in the high-performance region.

Practical implication

Late-stage leaderboard movement is hard to trust without 

ensemble-aware and domain-aware reasoning.

Strong point

The authors do not pretend that their CV is perfect. They explicitly study its failure modes, which is exactly 

what high-level Kaggle work should do.

2026 implication

Design a soundscape-aware secondary validation protocol early, even if it is approximate. Pure focal-clip CV 

becomes unreliable near the top.
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2ND PLACE

2nd place: baseline system was already domain-shift-aware
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Backbones

EfficientNetV2-S and NFNet-L0.

Loss / labels

Secondary labels used with equal weight; 

optimized with BCE + Focal-loss mixture.

Augmentations

MixUp, background mixing, SpecAugment, and 

RandomFiltering.

Sampling

Class-imbalance-aware sampling 

with γ < 0.

Commentary

Notice how many “advanced” ideas are already present in the baseline. In BirdCLEF, a good baseline is not small; it is a carefully problem-aligned system.
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2ND PLACE

2nd place: transfer learning was substantial, not cosmetic
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Scale

The authors assembled a taxonomy of 16,607 species from past 

BirdCLEF and Xeno-Canto resources.

After pruning

The final pretraining dataset contained 819,032 recordings 

spanning 7,489 species.

Result

Transfer learning boosted all metrics and even reversed 

which backbone was best.

Commentary

This is a reminder that in BirdCLEF, architecture comparisons without comparable pretraining can be misleading. The data curriculum changes the ranking.
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2ND PLACE

2nd place: pseudo-label selection logic was intentionally conservative
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Selection rule

For each 5-second chunk, keep only chunks whose maximum 

class probability is at least 0.5.

Soft labels

Within retained chunks, probabilities below 0.1 are zeroed, but 

the remaining target vector stays soft.

Why soft?

The authors explicitly say soft labels reduce overconfidence and act 

like a form of knowledge distillation.

Commentary

This is one of the cleanest ideas in the paper. Pseudo-labels are not treated as truth; they are treated as uncertain teacher beliefs that need filtering.
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2ND PLACE

2nd place: pseudo samples were mixed through a controlled sampler
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Key detail

Pseudo-labeled data were not simply concatenated to train folds.

Sampling rule

If the current class exists in pseudo data, a pseudo sample is 

selected with 40% probability; otherwise use the original train 

sample.

Additional filter

The figure also indicates a uniform-probability gate above 0.6 

before using a pseudo sample.

Commentary

This is exactly the kind of decision that separates useful pseudo-labeling from noisy pseudo-labeling. Sampling policy is part of the learning algorithm.
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2ND PLACE

2nd place: iterative pseudo-labeling results
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Stage Representative result Public Private

Baseline NFNet-L0 No transfer / no pseudo labels 0.847 0.868

+ Transfer Learning EV2-S After in-domain pretraining 0.881 0.889

+ Pseudo Labels Full I2 EV2-S 2nd iteration, full strategy 0.910 0.909

+ Pseudo Labels OOF I2 + Full I2 EV2-S Merged pseudo strategies 0.917 0.910

+ Postprocessing TopN method 0.918 0.924

Largest jump

Pseudo-labeling generated the most substantial improvement, which strongly 

supports the “domain adaptation first” reading of the competition.

Another useful finding

Second iteration helped; third iteration plateaued or declined, suggesting 

diminishing returns once the best soundscape segments are already harvested.

Critical lesson

Postprocessing added about 1–1.5% after all model training work. That is too 

large to ignore.
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2ND PLACE

2nd place: data curation was unusually hands-on
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Segment policy

The team trained on random 5-second segments but tested 

multiple segment-picking heuristics for focal recordings.

Observation

Using the first or last ~7 seconds often helped because 

recordings start when the target animal is already vocalizing.

Manual review

For rare species, they even inspected audio manually to 

identify likely vocalization sections and avoid overfitting to 

noise.

Commentary

This is a strong reminder that BirdCLEF performance is partly data-crafting. Label quality and segment selection can matter as much as another backbone experiment.
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2ND PLACE

2nd place: postprocessing and ensembling findings are especially 

actionable
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Postprocessing

Mean / TopN / convolution-like temporal smoothing were tested; 

TopN with N = 1 was best in the final pipeline.

Ensembling

Final ensemble averaged 15 models across three selected 

experiments.

Important result

Ensembling improved about 0.5% over the best single model 

— helpful, but smaller than transfer learning or pseudo-

labeling.

What to infer

The big gains were upstream. Ensembling helped, but the system was already strong before the final blend.

2026 implication

Spend more time on pseudo-label policy and inference smoothing than on hunting the perfect 7-model weight 

vector.



BirdCLEF 2025 solutions review

2ND PLACE

2nd place: main strengths
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Strength 1

Best-documented public solution among the top three.

Strength 2

Pseudo-labeling is designed with explicit controls: filtering, soft 

targets, and alternative iteration schemes.

Strength 3

Ablations make it clear where gains actually came from.

Overall read

If I had to build a reproducible BirdCLEF 2026 baseline from one public source only, this would be the one. It is detailed enough to implement, critique, and extend.
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2ND PLACE

2nd place: limitations admitted by the authors
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Limitation 1

Local validation did not fully reflect deployment reality and was 

biased toward available soundscapes from one location.

Limitation 2

Pseudo-label reliance may hurt when moving to new regions or 

new soundscape distributions.

Limitation 3

Hyperparameter search was not exhaustive, especially for 

pseudo-label thresholds.

Why I like this

Good competition writeups should state where they are fragile. The paper does that, which makes its lessons more trustworthy rather than less.
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2ND PLACE

What I would copy from 2nd place into a 2026 pipeline
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Copy directly

Author-grouped CV and validation skepticism.

Copy directly

Soft pseudo-labels with explicit filtering.

Copy directly

External pretraining on large birdcall corpora.

Copy carefully

Manual curation for rare classes — high 

value, but expensive.

• Start with this paper as the reference implementation, then inject 1st-place-style longer SED chunks or more 

aggressive self-training only after the base is stable.

• Do not skip the pseudo-label selection logic. That is one of the paper’s main contributions.

Best transferable idea

Treat pseudo-labels as filtered probabilistic supervision, not as ordinary labels.
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3rd place — broadening diversity with 

CNN + SED + multi-view spectrograms
Read through indexed summaries and cross-check against top-team convergence patterns.
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3RD PLACE

3rd place: what is directly visible from indexed summaries
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Directly indexed

Training used BirdCLEF 2025 + BirdCLEF 2023 + Xeno-Canto + 

iNaturalist data.

Directly indexed

The solution combined CNN and SED models with multiple mel-

spectrogram settings (n_mels = 96 / 128).

Directly indexed

Strong augmentations included CutMix, Sumix, and human-

voice-noise augmentation, with Focal BCE in the training 

recipe.

Interpretation

The 3rd-place solution appears to lean into model-view diversity: different front-ends, different inductive biases, and aggressive robustness-oriented augmentation.
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3RD PLACE

3rd place: likely architecture philosophy
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CNN branch

Good at global clip texture and efficient training.

SED branch

Better aligned with temporal localization in 

soundscapes.

Multi-mel views

Different n_mels shift the time–frequency bias 

and enlarge ensemble diversity.

Blend

Each view compensates for different 

acoustic blind spots.

Commentary

This is a very plausible bronze-medal pattern: not necessarily the single most optimized self-training loop, but a robust diversity-first system with several complementary representations.
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3RD PLACE

3rd place: the augmentation choices are revealing
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CutMix / Sumix

These augmentations aggressively diversify composition and 

encourage robustness to partial events and overlap.

Human voice noise

This likely targets contamination or speech artifacts that can 

appear in crowd-sourced or field recordings.

Focal BCE

This is coherent with class imbalance and hard-example emphasis 

in a multi-label acoustic setting.

Commentary

Even without the full writeup text, this augmentation profile tells a lot: the team clearly optimized for robustness under messy acoustic mixtures rather than for clean focal clips only.
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3RD PLACE

3rd place: external data strategy
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BirdCLEF 2023 added

This likely provides more soundscape-style variation and 

additional species/audio patterns beyond the 2025 set.

XC + iNat added

These widen data coverage further, though not all sources are 

equally clean or equally useful.

Likely objective

Improve generalization through coverage and diversity rather 

than through a single dominant pretraining stage.

Potential upside

More sources can help rare classes and broaden acoustic conditions.

Potential downside

As the 2nd-place paper also notes, more data is not always better if source quality or artifact structure is 

mismatched.
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3RD PLACE

3rd place: main strengths
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Strength 1

Model diversity: CNN and SED together reduce single-view 

brittleness.

Strength 2

Feature diversity: multiple mel resolutions force the ensemble to 

look at different time–frequency scales.

Strength 3

Strong augmentation is directly aligned with noisy field 

conditions.

Overall read

The 3rd-place system reads like a pragmatic competition machine: diversify representations, harden the model with augmentations, and let the ensemble average out idiosyncratic errors.
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3RD PLACE

3rd place: likely risks and tradeoffs
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Risk 1

Many data sources can introduce hidden artifacts 

and label inconsistency.

Risk 2

Heavy augmentation can become destructive if 

not monitored by a reliable validation protocol.

Risk 3

Model-view diversity can drift into redundancy if 

branches are not truly complementary.

Risk 4

More branches increase training 

and inference complexity.

2026 implication

The diversity-first approach is attractive, but it works best once the pseudo-label and validation foundations are already under control.
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3RD PLACE

What I would copy from 3rd place into a 2026 pipeline
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Copy directly

Use at least two genuinely different 

spectrogram views.

Copy directly

Keep at least one CNN branch and one event-

aware branch.

Copy carefully

Aggressive augmentation targeted at real 

contamination modes.

Re-tune yourself

Which external data actually helps 

versus hurts.

Best transferable idea

Diversity should exist in representations, not only in random seeds. Different mel views and different head types are a strong way to get real diversity.
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Direct comparison

What was common, what was different, and what should matter most for 2026.
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Top-3 comparison matrix
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Axis 1st place 2nd place 3rd place

Core identity Multi-iterative noisy student + engineered inference Disciplined pseudo-labeling / transfer-learning blueprint Diversity-first CNN + SED + multi-mel system

Evidence quality Indexed writeup snippets Full public paper Indexed writeup summaries

Pseudo-labeling Central and iterative Central, filtered, soft, and ablated Not clearly surfaced in indexed summary

Transfer learning / external data Likely yes, not fully surfaced Explicit large-scale in-domain pretraining Explicit external-data mix incl. BirdCLEF 2023

Inference engineering Very explicit: overlap, smoothing, delta shifts Explicit: TopN postprocessing + small ensemble Likely ensemble-centric, details not fully surfaced

What seems most distinctive Temporal TTA + strong self-training loop Pseudo-label logic and ablation quality Representation diversity and augmentation strength
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What probably differentiated the top three
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1st > field

Most likely the strongest combination of iterative self-training and 

temporal inference stabilization.

2nd > most baselines

The cleanest pseudo-label controls and the strongest public 

reasoning about why they work.

3rd > simpler systems

Broader model and feature diversity plus aggressive 

robustness training.

Most important meta-lesson

These are not three unrelated recipes. They are three nearby points in the same design space: event-aware models + adaptation + robustness + stabilized inference.
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What not to overlearn from 2025
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Do not overlearn a single backbone

Transfer curriculum and inference policy can 

change backbone ranking materially.

Do not overlearn raw leaderboard jumps

High-score-region validation noise makes tiny 

public gains hard to interpret.

Do not overlearn “more data is always 

better”
The 2nd-place paper found that adding all extra 

data could slightly degrade results.

Do not ignore CPU 

constraints
Some elegant ideas die at inference 

time.

2026 implication

Your objective is not to reproduce 2025 exactly. It is to reproduce the right reasoning process under whatever data and rule changes BirdCLEF 2026 imposes.
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My 2026 implementation order after reading these solutions
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Phase 1

Reliable grouped CV + strong 

event-aware baseline

Phase 2

External pretraining / extra data 

audit

Phase 3

Soft pseudo-labeling with explicit 

filters

Phase 4

Temporal TTA + per-file smoothing

Phase 5

Small diverse ensemble

Why this order

It follows where the best public evidence points. First make the system aligned with the task. Then adapt it to the soundscape domain. Only then spend time on blending and polish.
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Closing recommendations and immediate next moves
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Recommendation 1

Use the 2nd-place paper as the reproducible base 

implementation.

Recommendation 2

Inject 1st-place-style long-chunk SED training and temporal TTA 

once the base is stable.

Recommendation 3

Borrow 3rd-place-style diversity through multi-mel views and 

complementary branches.

Final judgment

The best BirdCLEF 2025 lessons are not secret tricks. They are disciplined responses to domain shift: richer pretraining, safer pseudo-labels, event-aware inference, and enough diversity to avoid brittle errors.

Appendix sources: the three Kaggle writeups supplied by the user, the public CEUR 2nd-place paper, and the official BirdCLEF+ 2025 overview summaries.
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