TaxaMoE: Taxa-Conditional Mixture of Experts for

Multi-Taxa Passive Acoustic Monitoring in the Pantanal
Wetlands

Kritika Benjwal

"Manipal University Jaipur, Jaipur, India

Abstract

Here we propose TaxaMoE—a Taxa-Conditional Mixture of Experts approach for the problem of species recogni-
tion in PAM recordings from Pantanal wetlands in Brazil (Bird CLEF+ 2026 [1]). In our case the difficulty lies in
the fact that the problem involves not only bird songs, but there are five biological taxa in total—Aves, Insecta,
Amphibia, Mammalia, and Reptilia; however, there is only one publicly available encoder trained specifically
on birdsongs —Perch v2 by Google(trained exclusively on birdsong.) Key problem in the labeled data used for
training: Number of positive windows in taxa other than birds is an order of magnitude less than number of
positive windows in avian taxa. Solutions to this by TaxaMoE: (i) a CRoOSSTAXACONTRASTIVEADAPTER that
mitigates the aforementioned limitation of Perch in terms of bird classification by means of an innovative custom
taxonomic contrastive loss; (ii) the addition of a probabilistic taxa routing layer that divides the input into five
individual branches; and (iii) unique classifiers for each taxon based on a prototype network architecture for
rare taxa (Amphibia, Mammalia, Reptilia). During the evaluation phase, TaxaMoE predictions are employed
together with a reduced SED model and iterative ProtoSSM via rank aggregation, Bayesian priors for site and hour
combinations, and five sequential gates. The highest performing submission (v40) obtains a public leaderboard
macro ROC-AUC score of 0.94512, while the private leaderboard macro ROC-AUC score is 0.93957, ranking
the model 1558th on the private leaderboard (out of 4,091 teams) as a solo participant in the Bird CLEF+ 2026
competition.
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1. Introduction

The Pantanal region in South America, spanning an area of over 150,000 km? in Brazil, Bolivia, and
Paraguay, is known for its abundant biodiversity, comprising over 650 bird species, apart from amphib-
ians, mammals, insects, and reptiles. It is impossible to record manually such species in this vast region
owing to prohibitive costs, and there are acoustic sensors that are increasingly being installed in this
region. This has led to audio data surpassing the processing capabilities of man.

BirdCLEF+ 2026 [1, 2] is an example of a multi-label classification task, in which one should calculate
the probability of occurrence of 234 target species in five-second audio clip. It is important to note,
that 234 target species belong to five different biological classes, and therefore it makes the task quite
distinct from a regular Bird CLEF task, because:

« Aves (birds):common in the training dataset, well-represented in the Perch data.

« Insecta: insects that produce sound through stridulation and tymbal mechanisms, generally not
included in the training data for Perch.

« Amphibia: and toads with advertisement calls at frequencies similar to birds but varying in
temporal structure.

« Mammalia:mammals with rare occurrences and varying vocalizations.

« Reptilia: rare class with minimal labeled data.

These traditional approaches—the training of a single classification head on top of Perch embeddings—
fail to take into account this hierarchy. Contributions are:

CLEF 2026 Working Notes, 21 — 24 September 2026, Jena, Germany

© 2026 Copyright for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).
B


https://creativecommons.org/licenses/by/4.0/deed.en

1. A taxa distribution mismatch analysis that captures the discrepancy in positive-window overlap
between different biological taxa in the Bird CLEF+ 2026 training set.

2. TaxaMoE: A Mixture-of-Experts approach where Perch embeddings are processed by a con-
trastive adapter and then assigned to experts, such as prototypical network heads for underrepre-
sented categories.

3. A procedure for multi-level inference using TaxaMoE, SED, and ProtoSSM together with rank
aggregation, Bayesian priors, and five post-processing steps.

4. Experimental finding that overzealous post-processing of rank percentile predictions upsets the
rank ordering, an unexpected limitation of ensembling.

2. Related Work

Perch / Bird Vocalization Classifier. Perch model developed by Google [3] creates embeddings
of 1,536 dimensions of 5 second audio clips using pre-training on large amount of bird sounds and
generates logits for more than 10,000 different birds. The model attains state-of-the-art performance in
classification but has limitations as it is bounded within bird sound space and not within evolution and
ecology space.

Mixture of Experts. Inputs are assigned to different specialized subnetworks using routing within
the MoE networks [4]. We use soft routing that allows us to deal with the situation when multiple
species call together in a given audio clip.

Prototypical Networks. Classification with Snell et al. [5] employs cosine distance in combination
with per-class prototype embeddings. In the case of classes with limited data, such as Reptilia which
have only a few training instances, prototypical heads can be used for gradient calculation even if
softmax heads cannot.

Sound Event Detection. The BirdCLEF challenge has benefited from distilled SED models [6]
that operate on mel-spectrograms and predict the result at the clip and frame level. Our approach
leverages a publicly available ONNX distilled SED model model (bc2026-distilled-sed-public)
as an ensemble component.

Rank-Based Ensembling. Model predictions to percentiles conversion prior to ensembling has
been the norm in bioacoustic Kaggle competitions because this approach normalizes the scale of the
prediction and is not influenced by outliers as much as probability averaging.

3. Dataset and Problem Setup

3.1. Competition Data
The BirdCLEF+ 2026 dataset [1] comprises:

+ Training audio: 35,549 short audio clips labeled at species level (one primary label per clip),
covering 234 species.

+ Training soundscapes: 59 soundscapes of one minute, in OGG format, labeled completely and
sampled at 32 kHz rate, split into 12 non-overlapping five seconds segments.

+ Test soundscapes: one-minute soundscapes of the Pantanal, split into 12 five seconds segments
that have to be

« Taxonomy: 234 species across five classes: Aves, Insecta, Amphibia, Mammalia, and Reptilia.

Figure 1 illustrates the number of species and positive windows per taxon, with Aves overwhelmingly
dominant.



BirdCLEF+ 2026 — Dataset Composition by Taxa
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Figure 1: Composition of BirdCLEF+ 2026 database based on taxon. Number of species and number of positive

windows are very skewed in favor of Aves.

Table 1
Taxa distribution in BirdCLEF+ 2026 labeled soundscapes.

Taxa Positive Windows Relative Scale
Aves >1,000 Dominant
Insecta ~hundreds Moderate
Amphibia ~dozens Sparse
Mammalia very few Very sparse
Reptilia minimal Near-absent

Fig 2 — Taxa Distribution Mismatch: The Core Challenge
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Figure 2: Mismatch in taxa distributions on a logarithmic scale. The striking difference in the numbers of
positive training data samples across the biological classes is what makes the TaxaMoE model come into being.

3.2. Taxa Distribution Mismatch

One such intriguing discovery made was the vast disparity between positive windows covered for
various biological groups in the annotated soundscapes database. The statistics are given in Table 1,

while Figure 2 illustrates the disparity on a log scale.

This difference suggests that the vanilla multi-head model with binary cross-entropy loss function
will learn mostly from bird classes since there is a very limited number of gradient updates for non-avian
classes in a supervised soundscapes setting. We view this difference as an important architectural

constraint.



Fig 3 — Training Data Long-Tail: Data Scarcity Drives Prototypical Heads
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Figure 3: Training data has a long tail because most of the classes that are not avian have fewer than 20 positive
training windows, hence the decision to use prototypical heads for Amphibia, Mammalia, and Reptilia.

3.3. Feature Extraction

Audio is analyzed using Perch v2 (in ONNX format and CPU inference). Every 5-second frame results
in:

+ A 1,536-dimensional embedding capturing detailed acoustic content.
+ 14,795-dimensional logits representing Perch’s internal species vocabulary.

The vocabulary for Perch species is then mapped to the 234 species of the competition, resulting in
logits of Perch of dimension 234, which are then concatenated with the embedding, leading to an input
feature vector to TaxaMoE of 1,770 dimensions.

The long tail of the distribution depicted in Figure 3 suggests the use of prototypical heads over
softmax heads for the three taxa having least training data.

4. TaxaMoE Architecture

The TaxaMoE model takes as input a 1,770-dimensional feature vector from the Perch dataset and makes
predictions on 234 classes. Figure 4 gives the full architecture overview; Figure 5 details parameter
distribution across components.

4.1. CrossTaxaContrastiveAdapter

The adapter is a three-layer MLP that projects the 1,770-dimensional Perch feature vector onto the unit
hypersphere in 512 dimensions:

Linear(1770 — 768) — LN — GELU — Drop(0.2)
— Linear(768 —768) — LN — GELU — Drop(0.2)
— Linear(768 —512) — LN — /{3-norm

The /3-normalised output lies on the unit hypersphere, enabling cosine-distance-based training
objectives.

Taxonomic Contrastive Loss. For a batch of embeddings Z € R"*512 the pairwise cosine similarity
matrix is S = ZZ " /7 (1 = 0.07). Target similarity for each pair (4, 5) is defined as:
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Figure 4: TaxaMoE architecture. Perch features flow through the CRossTAXACONTRASTIVEADAPTER (producing a
512-dim unit-hypersphere embedding), a soft taxa routing distributes probability to five specialized branches,
and each specialist calculates logits per class, which are then combined to form a 234-class output vector.

Fig 4 — TaxaMoE Architecture: Parameter Distribution
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Figure 5: TaxaMoE parameter allocation across the adapter, router, and specialist heads. Total trainable
parameters ~2.1M.
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Target rows are normalised to form soft probability distributions, with a loss function defined as the



Fig 9 — Embedding Space: Before vs. After CrossTaxaContrastiveAdapter
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Figure 6: t-SNE visualization of Perch embeddings before and after CRossSTAXACONTRASTIVEADAPTER training.
After training with adapter, clusters emerge based on the taxon on the unit hypersphere.

KL divergence between the target rows and softmax of S. This enables the adapter to learn an encoding
scheme such that embedding of same species clusters close together while those of same taxon stay
relatively closer than cross taxa embeddings. Temperature parameter value of 7 = 0.07 was used based
on empirical observations on 59 training soundscapes. Figure 6 shows the resulting embedding space
before and after adapter training.

4.2. Taxa Router

The router is a two-layer MLP applied to the adapter output z:

Linear(512—128) — GELU — Linear(128 —5) — Softmax

It produces a five-dimensional soft weight vector w = [wWayes, Wnsecta, W Amphibia, WMammalia, 'l,URepti]ia].
A router entropy loss (weight 0.01, Lent = —E[w log w]) regularizes training to promote decisive routing
without imposing hard assignment. The blending weight of 0.01 is selected in order to retain routing
freedom during the initial stage of training. Figure 7 shows empirical router weight distributions at
inference time.

4.3. Specialist Heads

AvesHead (182 bird species).
trained with focal loss (v = 2.0).

A two-layer MLP (512 — 256 — 182) with LayerNorm and GELU,

InsectaHead (28 insect species). A shallower MLP (512 — 128 — 28) with higher dropout (0.3),
reflecting the smaller insect training signal.

PrototypicalHead (Amphibia: 35 sp.; Mammalia: 12 sp.; Reptilia: 7sp.). For data-scarce taxa,

we use prototypical classification:

proj : Linear(512 — 256) — LN — GELU — Drop(0.2)

score(z, ¢) = fy-norm(proj(x)) - fo-norm(m.) X softplus(7)



Fig 5 — TaxaMoE Soft Router Behavior
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Figure 7: Soft router behaviour at inference. The router decisively allocates weight to the dominant taxon while
preserving small weights for co-occurring taxa.

where 7. € R?% are prototype embeddings learned by initialization using the average embedding of
positive training samples, while 7 is a learned temperature parameter initialized to 10.0. The model
provides meaningful predictions even for species with less than 20 positive training samples.

4.4. Output Assembly

All specialist outputs are assembled into a single 234-class logit vector weighted by the router:

1| logits[:, aves_idx] = aves_head(z) * wl:, 0:1]
2| logits[:, insecta_idx] = insecta_head(z) * w[:, 1:2]
3| logits[:, amphibia_idx] = amphibia_head(z) * w[:, 2:3]
1| logits[:, mammalia_idx] = mammalia head(z) * w[:, 3:4]
5| logits[:, reptilia_idx] = reptilia_head(z) * w[:, 4:5]

Listing 1: Router-weighted output assembly.

4.5. Training

Dataset. We combine 708 soundscape windows (59 labeled soundscapes x 12 windows) with multi-
label supervision, and 5,313 training audio clips sampled at up to 30 per species with single-label
supervision, yielding 6,021 training samples with 1,770-dimensional feature vectors.

Loss.
L= £focal +0.3- ['contrastive +0.01- »Crouter entropy

where Ls,ca1 uses focal loss (7 = 2.0) with per-class positive weights clipped at 25x.

Optimisation. AdamW (Ir = 3 x 10~%, weight_decay= 10~3), OneCycleLR scheduler (60 epochs,
10% warmup, cosine annealing), gradient clipping (|| - ||max = 1.0), batch size 64. Total parameters:
~ 2.1M.

5. Inference Pipeline

In the inference pipeline, there are four models with conditioning on the ecological priors of the site,
along with a five-step post-processing pipeline.



Fig 7 — Bayesian SitexHour Prior: Ecological Context
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Figure 8: Bayesian sitexhour prior. Frequencies of species occurrence differ greatly across recording site and
hour of the day, which is reflected in the prior.

5.1. Models

1. Perch v2 (ONNX). Direct competition-species logits via species name mapping; inference time
~0.5 min over 600 test files.

2. Distilled SED Model. Open-source ONNX sound event detection model
(bc2026-distilled-sed-public, fold 0) [6] applied to 128-band mel-spectrograms.
Clip-level and frame-level predictions are averaged (50/50) and smoothed with a Gaussian kernel
(o = 0.65); inference time ~0.5 min.

3. TaxaMoE v3. The trained model described in Section 4, consuming the 1,770-dimensional input.

4. ProtoSSM v4 /LightProtoSSM. A BiGRU sequence model (hidden size 320, 2 layers, bidirectional)
with LayerNorm and dropout, applied to windowed Perch embeddings shaped as (59, 12, 1536)
tensors over the 59 one-minute labeled soundscapes.

5.2. Bayesian Site xHour Prior

We construct a per-(site, hour) prior from training soundscape labels:
o n
prior(site, hour) = w - figcal + (1 — W) - folobals w = , 0=28
n+o
where n is the number of labeled windows at (site, hour), and f indicates species frequency vectors. We
choose the shrinkage factor § = 8 through leave-one-soundscape-out cross-validation on 59 training

soundscapes. Figure 8 shows the learned pattern of the prior distribution.

5.3. Rank-Based Ensemble
All model predictions are converted to per-class rank percentiles and exponentiated:
T = rank_pct(py,)'?, m € {SED, Proto, Perch, BiGRU}
The stable v40 blend (best private leaderboard result):
9y =0.52 - rsgp + 0.37 - Tproto + 0.11 + T'perch

Ensemble weights were determined by greedy search over the 59 training soundscapes using leave-
one-soundscape-out macro ROC-AUC as the objective. When the BiGRU ProtoSSM component is
available, a four-component blend is used:

Z) =042 TSED + 0.30 - TProto + 0.08 - TPerch T+ 0.20 - TBiGRU

Figure 9 shows leaderboard scores as a function of the number of ensemble components.



Fig 6 — Ensemble Design & Score Progression
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Figure 9: Ensemble score progression. Each bar adds one model component; the 3-component rank blend (v40)
yields the best private leaderboard score.

5.4. Post-Processing Gates
Five sequential gates refine the blended predictions:

Gate 1 — Noise suppression. Windows where ProtoSSM confidence is high (>0.50) but SED confi-
dence is low (<0.05) are treated as false positives and folded into the rank-percentile prediction.

Gate 2 — Temporal continuity. A Cauchy kernel (width 3 windows, o = 1.2) smoothes predictions
temporally within each recording. Windows with high ProtoSSM context (>0.88 percentile) but
low SED confidence (<0.12) receive contextual enhancement.

Gate 3 — SED spike preservation. Highly confident SED predictions (>0.95 percentile) are partially
retained.

Gate 4 — Sonotype mirroring. Four sonotype groups are created depending on their phylogenetic
distance from one another. The maximal prediction for each sonotype is propagated to its member
species.

Gate 5 — Rare-class suppression. For Amphibia, Mammalia, and Reptilia, predictions below p+0.05
of the per-class threshold are scaled down by 10% to reduce false positives.

Taxonomy smoothing. Class-level (o« = 0.05) and genus-level (o = 0.15) label smoothing adjusts
each species prediction towards the mean prediction for its class and genus.

Per-class calibration. Probability thresholds per class are obtained via isotonic regression with
out-of-fold training set labels.

6. Supplementary Architecture: BiSSMLightProto

We additionally trained a BiSSMLightProto model—a bidirectional state space model with self-
attention—on the 59 labeled soundscapes:

« proj: Linear(1536 — 128)

+ SSM1/SSM2: Bidirectional depthwise conv + GELU + residual + LN
« Attention: MHA(d = 128, h = 2) + residual + LN

« Head: Drop(0.5) — Linear(128 — 234)

Training was done using three different seeds (42, 7, 123) for 50 epochs with time-dropout data
augmentation. The trained model is exported in ONNX and acts as an ablation between sequential
(BiGRU) and attention-based sequence modeling of soundscape embeddings



Table 2
Leaderboard results across submitted versions. v40 is the most stable; v41-v45 regress on the private
leaderboard due to rank-ordering destruction (Section 7).

Version Public LB  Private LB Notes

Perch baseline ~0.80 — Direct Perch logits only

+ SED ensemble ~0.87 — 2-component rank blend

+ ProtoSSM v4 ~0.91 — 3-component rank blend

v40 (TaxaMoE + gates) 0.94512 0.93957 Best stable submission: SED 52% + ProtoSSM 37% +

Perch 11%, 5 gates. Rank 1558/4,091 (private); Rank
1673/4,091 (public).

v41-v45 0.948-0.949 <0.93957 Regression from aggressive post-processing on rank-
percentile space

7. Key Empirical Finding: Post-Processing on Rank Percentiles

The key takeaway from our experiments is that the use of magnitude transformations after rank
percentile transforms breaks the ranking property. After predictions are transformed into rank(%), all
of them are uniformly spread out in [0, 1] within the context window. The use of the threshold “discard
values lower than 0.3” would discard many medium but not low-ranked predictions, leading to bimodal
distribution of the ranks.

Such knowledge accounts for multiple post-processing tricks (versions v41-v45) that increased the
public leaderboard score while decreasing the private one. Version 40 is our best stable version
because the post-processing trick works on the raw predictions before the ranking conversion.

8. Results

Table 2 summarises leaderboard performance across submission versions. Figure 10 gives a per-taxa
breakdown of the final v40 prediction distribution.

Our best stable submission (v40) achieves a public macro ROC-AUC of 0.94512 and a private
macro ROC-AUC of 0.93957 using the 3-component rank blend (SED 52%, ProtoSSM 37%, Perch 11%),
full Bayesian prior, and five post-processing gates, placing 1558th on the private leaderboard out of
4,091 teams as a solo participant. Versions 41-45, using more aggressive post-processing, scored higher
on the public leaderboard but regressed on the private leaderboard, consistent with the rank-ordering
destruction effect described in Section 7.

9. Discussion

TaxaMoE as a component vs. a standalone. In our final ensemble, however, TaxaMoE plays an
indirect role via the ProtoSSM model, which employs features derived from TaxaMoE. An ablation of
TaxaMoE was not possible within the time constraints of the competition. Whereas the final competition
entry consisted mainly of the ensemble model, TaxaMoE is the main contribution of this paper and is
introduced as a new network architecture for multi-taxa acoustic classification.

Data scarcity for non-avian taxa. Only the 59 soundscapes that are labeled multi-classwise serve
as supervision. The Aves bias that comes with these soundscapes is a crucial limitation in itself. Further
research should consider how to augment the data and implement weak supervision for non-Aves taxa
in light of the 35,549 single-label soundscapes.

Computational constraints. The Kaggle Code Competition environment (CPU only, <90-minute
runtime) precludes large-scale model inference. Our pipeline is specifically designed for this constraint:



Fig 8 — Submission Prediction Analysis
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Figure 10: Distribution and breakdown by taxon for the prediction scores of the final v40 submission. The use
of Gate 5 to suppress the rare class in Amphibia, Mammalia, and Reptilia decreases the amount of false positives
from those classes.

Perch requires ~0.5 min, SED ~0.5 min, and all downstream models use ONNX for efficient CPU
inference.

Ecological validity. The prior for the Bayesian site xhour model utilizes the ecological knowledge
to a large extent. Utilizing the range of species from eBird, iNaturalist, or competition taxonomy can
also be helpful to constrain the prediction further.

Reproducibility

All components of TaxaMoE, ProtoSSM, and the full inference pipeline, including pretrained models,
Perch feature extractors, ensemble configurations, species mappings, and all instructions to reproduce
our results—can be accessed openly at https://github.com/Kritika11052005/WildEcho.

10. Conclusion

TaxaMOoE is a novel paradigm for multi-species passive acoustic monitoring that uses a Mixture-of-
Experts model conditioned on species. Its main building blocks — the species-contrastive adapter, the
soft species router, and species-specific heads - resolve the problem of mismatch between general audio
encoders and soundscape classification. Combined with a rank-based ensemble, Bayesian site x hour
priors, and custom post-processing gates, the system achieves a public macro ROC-AUC of 0.94512
and a private macro ROC-AUC of 0.93957 on BirdCLEF+ 2026, placing 1558th out of 4,091 teams as
a solo participant.


https://github.com/Kritika11052005/WildEcho
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