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ABSTRACT

We describe our system for the BioDCASE 2026 Task 5
Cross-Domain Mosquito Species Classification challenge [1].
The main challenge of this task is domain shift: the test
recordings come from devices and conditions that the model
never saw during training. We train the probe with losses
that pull the different domains together, so it relies less on
the recording channel. We then combine several device-
invariant features with an agreement gate: it changes the
main prediction only when independent features agree and
are confident. Our system reaches an unseen-domain bal-
anced accuracy of 0.362, against the baseline’s 0.175.
Architecture: frozen Perch 2.0 embedding — a residual-MLP
probe trained with MMD and CORAL domain alignment —
an agreement gate that overrides the probe only where three
independent device-invariant features agree.

1. INTRODUCTION

Idea is to remove the device effect in two ways. First, we
use features that keep the wingbeat but drop the channel.
Second, we train the probe so that the domains look alike.
We then trust these device-invariant features only when they
agree with each other.

2. SYSTEM

2.1. Overview

The system has four parts that share the same shape: a
frozen feature, a small probe, and an average over random
seeds. Three of the four features are device-invariant, which
means they are built to ignore the recording channel. The
fourth feature, Perch, is a strong general model and gives
the default answer. An agreement gate then decides when
to follow the device-invariant features instead of the default.
We never fine-tune the large models; we only train the small
probes.

2.2. Representations

Perch 2.0 [2] is a large model trained on many animal sounds.
Its 1536-dimensional embedding is the strongest single fea-
ture we have, so it gives the base prediction.

Harmonic feature (102-d) is computed by hand from the clip.
It keeps the pitch and the harmonic comb of the wingbeat,
but it drops the slow shape of the spectrum, which mostly
carries the device color. So it is device-invariant by design.
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Bird-MAE [3] is a second large model, trained on bird sound
with masked autoencoding. Its 1024-dimensional embedding
gives a view that is independent from Perch.
Background-whitened spectrum (257-d) removes the device
color directly. For each clip we look at the quiet frames,
where only the background is present, and measure the de-
vice color there. We then subtract this color from the loud
frames, where the mosquito is present. What is left is the
mosquito spectrum without the channel.

2.3. Probe and training losses

Each probe is a small residual MLP. It normalizes the input,
maps it to 256 units, passes it through two residual blocks,
and ends in a species head and a small domain head. We
train it with the objective
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(1)
Here Lcg is the species cross-entropy and Lgenus also asks for
the right genus. The supervised contrastive loss Lsupcon [4]
pulls same-species clips together. The two alignment losses
do the key work: CORAL [5] matches the covariance of the
embeddings across domains, and MMD [6] matches their dis-
tributions with a Gaussian kernel. Together they make the
domains look alike, so the probe cannot use the channel as
a shortcut. This recipe follows the Domain-Robust Bioa-
coustic Learning idea [7]. The MMD weight 0.25 was the
main knob: too little leaves the shortcut, too much hurts
the species signal.

2.4. Agreement gate

Perch gives the default prediction. The gate changes it only
when all three device-invariant features (harmonic, Bird-
MAE, background-whitened) predict the same species, and
all three are confident, with a minimum softmax above 0.3.
In that case the new prediction is the mean of the three.
The gate helps in two ways. It recovers species that are easy
in sound but shifted by the device, such as Aedes aegypti.
And the third feature acts as a veto: it stops the gate from
firing on hard species, where two features alone might agree
by chance and lower the score.

3. EXPERIMENTAL SETUP

Data and split. We use a per-species leave-one-domain-out
split: for each species, one domain is held out and used only
at test time. The validation set is almost all from one single
domain.
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Table 1: Unseen-domain balanced accuracy (BA,) of the
main configurations. Baseline from [].

System BA,
Baseline (MTRCNN) 0.175
Perch base (8 seeds) 0.318
+ agreement gate (2 features) 0.341
+ agreement gate (3 features) 0.362
foreground-harmonic variant (in noise)  0.365

Training. We train every probe with AdamW and a cosine
schedule, and we sample the domains evenly. The Perch
base runs for 30 epochs, the other probes for 20. We train
the Perch base with 8 seeds and each other probe with 3 to
5 seeds, then average their softmax outputs. We pick each
checkpoint on the seen validation score; we never look at the
test labels.

Evaluation. We report BA, on the unseen test clips.

4. RESULTS

Table [I] shows the main numbers. The Perch base alone
reaches 0.318. A gate that uses two features lifts it to 0.341.
The full gate with three features reaches 0.362, which is our
deployed system. A foreground-harmonic variant reaches
0.365, but this gain is within the seed noise (+0.02-0.03).
We also look at the gate by species. The gain over the
base comes mostly from Aedes aegypti, which rises from 0.40
to 0.81 because the three features agree on it. Easy species
such as Culex pipiens (0.88) and Anopheles minimus (0.64)
stay high. The hard Anopheles species stay low: An. gam-
biae (0.05) and An. arabiensis (0.19). These two sound al-
most the same, and their unseen clips have a strong shift, so
no feature can separate them well. The third feature mat-
ters here too. With only two features, the gate over-fires and
pulls arabiensis and quinquefasciatus down; the third feature
vetoes those wrong agreements and keeps them at the base
level. This is why three features (0.362) beat two (0.341).

5. CONCLUSION

Frozen embeddings, domain-alignment losses, and an agree-
ment gate together about double the unseen balanced ac-
curacy over the from-scratch baseline (0.362 versus 0.175).
The gate is the main lever: it follows independent device-
invariant features only when they agree, which recovers
shifted species without hurting the rest. The remaining lim-
its are structural, not about the features: we lack an unseen-
domain validation signal, and some species overlap in sound.
Both point to the same next step, a validation split that
exposes the unseen regime.
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