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ABSTRACT

This report presents our submission to DCASE 2026 Task 7 on
domain-agnostic incremental audio classification, where models
learn D1→D2→D3 without revisiting previous-domain data and
automatically infer test domains. All systems we submitted use
a domain-incremental backbone with a frozen shared encoder,
domain-specific BatchNorm, incremental experts, and a prototype-
gated selector. System 1 adds a spectral-temporal dual-branch head
for reverberant D3. System 2 evaluates weighted prediction error
(WPE) dereverberation on D3. System 3 combines raw, WPE, and
multi-window dereverberated predictions in a three-way ensemble
with conservative routing. System 4 uses the same ensemble but
lowers the fallback threshold to favor D2 and D3 routing. On the
development set, all systems achieve 65.31%–68.18% average ac-
curacy across D2 and D3, surpassing the 52.50% official baseline.
System 4 performs best, reaching 68.18% average accuracy, includ-
ing 72.78% on D2 and 63.59% on D3.

Index Terms— Domain-incremental learning, acoustic scene
classification, mixture of experts

1. INTRODUCTION

DCASE 2026 Challenge Task 7 aims to develop a universal domain-
incremental learning (DIL) system for audio classification [1]. In
this task, the system is required to sequentially adapt to three record-
ing domains in a fixed order, i.e., D1 → D2 → D3. Each domain
contains the same 10 sound-event classes (alarm, baby, dog, engine,
fire, footsteps, knock, phone, piano, speech), while only the data
from the current domain is available at each training stage [1, 2].
This setting makes the task particularly challenging in two aspects.
First, since previous-domain data cannot be revisited when adapting
to a new domain, the model must retain previously acquired knowl-
edge and avoid catastrophic forgetting. Second, the evaluation is
domain-agnostic, meaning that only the audio signal is provided at
test time and the system must infer the domain of each clip before
applying the corresponding classifier.

To address these challenges, we develop four domain-
incremental systems that improve domain adaptation, reverberation
robustness, and domain-agnostic routing from different perspec-
tives. System 1 combines a domain-incremental backbone [1, 3]
with a Gaussian prototype-gated selector [4, 5], and introduces a
spectral-temporal dual-branch pooling head to enhance represen-
tation learning for the reverberant D3 domain. System 2 investi-
gates the independent effect of single-channel dereverberation by
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applying a weighted prediction error (WPE) [6] blind dereverbera-
tion front-end to D3. System 3 integrates the designs of Systems 1
and 2 into a three-way ensemble, where predictions from raw and
dereverberated variants are fused under a conservative routing strat-
egy. System 4 adopts the same ensemble backbone as System 3
but uses a lower fallback threshold to favor routing toward D2/D3

when sufficient prototype evidence is available. These four systems
constitute our submissions to DCASE 2026 Task 7.

2. SUBMISSION SYSTEM

2.1. System 1

System 1 combines a domain-incremental backbone [7] with a
prototype-gated selector. The backbone uses a frozen shared
encoder, domain-specific BatchNorm layers, and incrementally
trained deep experts for D2 and D3, preserving prior knowledge
while adapting to new domains. For reverberant D3, a spectral-
temporal dual-branch pooling head captures complementary fre-
quency and temporal cues, while D1 and D2 use standard global
pooling. During inference, Gaussian prototype matching routes [3]
uncertain samples to D1 and assigns others to the higher-scoring
domain between D2 and D3.

2.2. System 2

System 2 focuses on evaluating the contribution of single-channel
dereverberation independently. Building on the same domain-
incremental backbone as System 1, it extends the pipeline with only
a WPE blind dereverberation front-end applied to the reverberant
domain D3, while D1 and D2 keep their original audio. Notably,
during both the incremental training of D3 and the inference stage,
the training and test clips used in this process are first dereverber-
ated and then fed into the shallow encoder.

2.3. System 3

System 3 combines the key designs of Systems 1 and 2 in a three-
way ensemble with conservative domain routing. It adopts the
same frozen shallow encoder with shared convolutions and domain-
specific BatchNorm as Systems 1 and 2. As for the incrementally
trained deep experts, D1 and D2 use standard global-pooling ex-
perts. For reverberant D3, softmax probabilities from the raw sig-
nal, the WPE-dereverberated signal, and a multi-window derever-
berated variant [8] are averaged. Finally, domain routing uses the
prototype-gated selector with a fallback threshold of Q = 30%: un-
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Table 1: Development-set results under the official domain-agnostic
protocol (overall accuracy, %).

Method D2 D3 Avg.

Official baseline 58.60 46.10 52.50

System 1 73.47 60.03 66.75
System 2 71.74 61.34 66.54
System 3 69.29 61.33 65.31
System 4 72.78 63.59 68.18

certain clips are assigned to D1, and the rest to the higher-scoring
domain between D2 and D3.

2.4. System 4

System 4 shares System 3’s three-way ensemble: a frozen shallow
encoder, domain-specific BatchNorm, and incremental deep experts
[3] for D2 and D3. The only change is routing: a prototype-gated
selector with a low fallback threshold (Q = 1%) sends only clips
clearly dissimilar to D2/D3 to D1, assigning all others to the higher-
scoring domain.

3. EXPERIMENTAL RESULTS

3.1. Dataset

We use the DIL−DCASE26 dataset from DCASE 2026 Task 7
[1], which focuses on domain-agnostic incremental audio classi-
fication. The dataset contains 10 sound classes: alarm, baby cry,
bark, engine, fire, footsteps, knock, telephone ringing, piano, and
speech. The development set includes two domains, D2 and D3,
while knowledge of D1 is provided through the official baseline
model.

3.2. Experimental Setup

We formulate DCASE 2026 Task 7 as domain-incremental audio
classification over D1–D3 with ten machine-sound classes. All sys-
tems use 32 kHz mono audio, 64-bin log-mel features following
PANNs preprocessing [9], 4-second training segments, and 4s/2s
sliding-window averaging at inference. Starting from the official
D1 CNN14 checkpoint [1], we freeze shallow convolutional lay-
ers and sequentially adapt domain-specific BatchNorm layers and
deep experts for D2 and D3. Remix [10] and SpecAugment [11]
address class imbalance and robustness. At inference, all systems
use prototype-guided domain selection, differing only in D3 pro-
cessing: System 1 adds a dual-branch head, System 2 applies WPE
dereverberation. Systems 3 and 4 ensemble raw, dereverberated,
and multi-window routes with different fallback thresholds.

Here, we only report the average accuracy on D2 and D3 in our
experiments, and the final challenge ranking is based on the overall
average accuracy across D1, D2, and D3.

3.3. Results

Our four systems obtain the average macro accuracy between 65%
and 68% on D2 and D3, all exceeding the official baseline of 52.5%.
In which, system 4 achieves the best overall performance, with the
hightest D3 accuracy at 63.59%.

4. CONCLUSION

We presented our DCASE 2026 Task 7 submission for domain-
incremental audio classification. All four systems use a shared
framework with a frozen shallow encoder, domain-specific experts,
and a prototype-gated domain selector to reduce forgetting under
a domain-agnostic protocol. They trade off complexity and ro-
bustness through different ensemble, dereverberation, test-time aug-
mentation, and fallback strategies. All systems outperform the offi-
cial baseline, with the best reaching a 68.18% D2/D3 average. Fu-
ture work will focus on better unknown-D1 detection and robust-
ness in reverberant domains.
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