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ABSTRACT

This technical report describes our submission for Task 7, Domain-
Agnostic Incremental Learning for Audio Classification, of the
DCASE 2026 Challenge. The task requires an audio classification
system to adapt to sequentially introduced domains while perform-
ing inference without access to domain labels. Our submitted sys-
tems use two separately fine-tuned MCnn14 experts for D2 and D3,
both initialized from the official D1 checkpoint. The D2 expert is
trained with device augmentation, and the D3 expert is trained with
gain-shift augmentation. At inference time, each input sample is
evaluated by both experts, and their probability outputs are com-
bined without using domain labels. We evaluate entropy-guided
soft aggregation, full-safe test-time augmentation, and mean prob-
ability averaging as inference variants. Using the class-wise macro
accuracy protocol, the best submitted system obtains a final-stage
average validation accuracy of 63.79%.

Index Terms— Domain-Agnostic Incremental Learning,
Domain-Dependent Augmentation, Domain-Specific Experts, Mix-
ture of Experts, Entropy-Based Routing

1. INTRODUCTION

Audio classification systems are often affected by domain shifts
caused by changes in recording devices, acoustic environments, sig-
nal levels, or recording conditions [1]. This issue becomes more
challenging when new domains are introduced sequentially and the
system must be updated without access to previous-domain training
data, which is closely related to continual learning [2, 3].

Task 7 of the DCASE 2026 Challenge addresses this problem
through a domain-agnostic incremental learning scenario for audio
classification [4, 5]. The system starts from the provided D1 check-
point and then learns from the newly introduced D2 and D3 do-
mains. At inference time, the domain label of each input sample is
not provided, so the system must make predictions without knowing
the test-domain identity.

Our submission uses separately fine-tuned MCnn14 experts for
D2 and D3. Both experts are initialized from the official D1 check-
point and trained independently with domain-dependent augmen-
tation. The D2 expert is trained with device augmentation, while
the D3 expert is trained with gain-shift augmentation. During in-
ference, both experts are evaluated for each input sample, and their
probability outputs are combined without using domain labels. We
evaluate entropy-guided soft aggregation, full-safe test-time aug-
mentation, and mean probability averaging as inference variants.

2. PROPOSED SYSTEM

This section describes the proposed system used for our DCASE
2026 Task 7 submission. The submitted systems use two separately
fine-tuned MCnn14 experts, one for D2 and one for D3. Both ex-
perts are initialized from the official D1 checkpoint. The final S1–
S4 configurations do not use adapter modules; instead, they rely on
full fine-tuned domain experts and combine their outputs at infer-
ence time without using domain labels.

2.1. Overall Pipeline

Figure 1 shows the overall pipeline of the proposed system. The
official D1 checkpoint is used as the common initialization source
for both the D2 and D3 experts:

θ
(0)
2 = θD1, θ

(0)
3 = θD1. (1)

The D2 expert is fine-tuned using the D2 training data with device
augmentation, while the D3 expert is fine-tuned using the D3 train-
ing data with gain-shift augmentation.

In the submitted systems, D1 is not used as a separate inference
expert. D1 knowledge is inherited through checkpoint initialization.
In preliminary validation, adding the D1 model as an additional in-
ference branch did not improve final validation performance, so the
final systems aggregate only the D2 and D3 experts.

2.2. Domain-Dependent Expert Training

The submitted systems use MCnn14 as the audio classification
backbone, following the CNN14-style convolutional audio models
introduced in PANNs [6]. Let fθ2 and fθ3 denote the D2 and D3
experts, respectively. Both experts have the same architecture, but
they are trained and stored as separate parameter sets. This design
reduces inter-expert interference because D3 training does not over-
write the stored D2 expert, while accepting the cost of maintaining
multiple full checkpoints.

We use domain-dependent augmentation to specialize the two
experts. Device augmentation is used for D2 to account for device-
or recording-condition variation, which is a known source of do-
main shift in audio classification [1]. Gain-shift augmentation is
used for D3 to account for signal-level variation. Let a2(·) denote
the device augmentation for D2 and a3(·) denote the gain-shift aug-
mentation for D3.
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Figure 1: Overview of the proposed fine-tuned expert system. The official D1 checkpoint is used as the initialization source for both D2 and
D3 experts. The D2 expert is trained with device augmentation, and the D3 expert is trained with gain-shift augmentation. During inference,
both experts are evaluated for each input sample, and their probability outputs are combined without using domain labels.

For domain i ∈ {2, 3}, each expert is trained with the standard
cross-entropy objective:

Ji(θi) =
1
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Ni∑
n=1

LCE

(
fθi(ai(x

(i)
n )), y(i)

n

)
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The optimized parameters are denoted by

θ∗i = argmin
θi

Ji(θi), i ∈ {2, 3}. (3)

No additional routing loss, gating loss, knowledge distillation loss,
pseudo-label loss, or consistency loss is used. The expert aggrega-
tion mechanism is applied only at inference time.

2.3. Domain-Agnostic Inference

At inference time, the domain label of the input sample is not avail-
able. The system evaluates both experts and obtains their probabil-
ity outputs:

p2 = softmax(fθ∗2 (x)), p3 = softmax(fθ∗3 (x)). (4)

The main submitted system uses entropy-guided soft aggre-
gation. This follows the general idea of combining multiple ex-
pert predictions, as in mixture-of-experts models [7], but computes
the aggregation weights from predictive entropy instead of using a
learned gating network.

The predictive entropy of expert i is computed as

Hi = −
C∑

c=1

pi(c) log(pi(c) + ϵ), i ∈ {2, 3}. (5)

The entropy values are converted into expert weights using a soft-
max over negative entropy:

wi =
exp(−Hi/τ)

exp(−H2/τ) + exp(−H3/τ)
, i ∈ {2, 3}. (6)

Here, τ is the temperature parameter. A smaller value makes the
aggregation closer to hard expert selection, while a larger value pro-
duces smoother expert weights.

The final class probability distribution is computed as

pfinal = w2p2 + w3p3. (7)

This inference procedure does not require domain labels, a learned
domain classifier, or evaluation-set statistics.

2.4. Submitted Systems

We submit four systems using the same fine-tuned D2 and D3 ex-
pert checkpoints. S1 uses entropy-guided soft mixture of experts
with τ = 3.0. S2 uses the same aggregation rule with a higher tem-
perature of τ = 4.0. S3 combines entropy-guided soft aggregation
with full-safe test-time augmentation. In this report, full-safe TTA
refers to applying only label-preserving test-time transformations
and averaging the resulting predictions before expert aggregation.
Test-time augmentation can improve prediction stability without re-
training the model [8]. S4 uses a simple mean probability average
of the D2 and D3 expert outputs.

3. EXPERIMENTS AND RESULTS

3.1. Dataset Processing

We use the official development split files provided for DCASE
2026 Task 7. The training and validation metadata are loaded from
the official split files, and samples are filtered by domain during ex-
pert training. The D2 expert is trained using D2 samples, and the
D3 expert is trained using D3 samples.

The D1 training data are not reused in our submitted systems.
Instead, the official D1 checkpoint is used only as the initialization
source for both experts. The D2 and D3 experts are trained inde-
pendently, and previous-domain training data are not reused during
later expert training.

Audio files are loaded as mono waveforms at 32 kHz and pre-
pared as 4-second inputs. The MCnn14 front end then converts the
waveform into spectrogram and log-mel features before classifica-
tion.
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Table 1: Validation accuracy across incremental stages.

System D2 D2 after D3 D3 Avg.

S1: Soft MoE, τ = 3.0 77.03 76.93 49.52 63.22
S2: Soft MoE, τ = 4.0 77.03 76.83 49.64 63.24
S3: Soft MoE + TTA 77.03 76.05 50.42 63.23
S4: Mean prob. avg. 77.03 76.68 50.90 63.79

3.2. Experimental Setup

All experiments are conducted using the official development data
of DCASE 2026 Task 7. The submitted systems use two separately
fine-tuned MCnn14 experts, one for D2 and one for D3. Both ex-
perts are initialized from the official D1 checkpoint. The D2 expert
is trained with device augmentation, while the D3 expert is trained
with gain-shift augmentation. Each expert is trained using the stan-
dard cross-entropy loss.

All submitted systems share the same trained D2 and D3 expert
checkpoints. Therefore, the difference between S1–S4 comes only
from the inference configuration. At inference time, the domain
label is not used. Each input sample is evaluated by both experts,
and the final prediction is obtained by combining their probability
outputs according to the inference strategy of each system.

For reproducibility, each expert is fine-tuned for 120 epochs us-
ing AdamW with a batch size of 32 and an initial learning rate of
1 × 10−4 decayed with a cosine annealing schedule. The same
training protocol is used for the D2 and D3 experts, except for the
domain-dependent augmentation strategy. The submitted systems
do not use an additional learned router, pseudo-labeling, knowledge
distillation, or consistency regularization. The aggregation mecha-
nism is applied only at inference time.

3.3. Evaluation Protocol

We report validation accuracy across the incremental stages. Fol-
lowing the official evaluation protocol, domain-wise accuracy is
computed as the average of class-wise accuracies within each do-
main. For a domain d, the domain-wise accuracy is computed as

Accd =
1

|Cd|
∑
c∈Cd

Accd, c, (8)

where Cd denotes the set of classes appearing in domain d, and
Accd, c is the accuracy for class c in domain d.

For the final-stage validation results, the average score is com-
puted from the final D2 and D3 domain-wise accuracies:

Avg. =
AccD2 after D3 +AccD3

2
. (9)

3.4. Validation Results

Table 1 reports the validation accuracy across incremental stages.
S1 and S2 use entropy-guided soft MoE with τ = 3.0 and τ = 4.0,
respectively. S3 adds full-safe TTA to S1, and S4 uses mean prob-
ability averaging. The D2 column denotes the validation accuracy
after D2 expert training, while D2 after D3 and D3 denote the final-
stage validation accuracies.

The results show that D2 accuracy is largely preserved after
introducing D3, while D3 remains substantially more challenging.

The D2 after D3 accuracy remains around 76–77% across the sub-
mitted systems, whereas the D3 accuracy remains around 49–51%.
This indicates that final performance is mainly limited by D3 adap-
tation.

Among the submitted systems, S4 obtains the highest final-
stage average validation accuracy of 63.79%. This result suggests
that the D2 and D3 experts provide complementary predictions, and
that simple mean probability averaging is competitive in this val-
idation setting. S3 improves D3 accuracy compared with S1 and
S2, but the improvement is not sufficient to achieve the best final
average because its D2 after D3 accuracy is lower.

S1 and S2 show similar performance, indicating that changing
the temperature from τ = 3.0 to τ = 4.0 has only a limited effect.
Overall, these results suggest that predictive entropy alone is not al-
ways a reliable routing signal, and that the main benefit of the sub-
mitted systems comes from using multiple fine-tuned experts rather
than from entropy weighting alone.

Overall, the submitted results show that inference-time aggre-
gation affects final validation performance even when the same D2
and D3 experts are used. The best result is obtained by combin-
ing soft expert aggregation with full-safe test-time augmentation,
mainly due to improved D3 performance.

4. CONCLUSION

In this technical report, we described our submission for Task 7
of the DCASE 2026 Challenge. The submitted systems address
domain-agnostic incremental audio classification by using sepa-
rately fine-tuned MCnn14 experts for D2 and D3. Both experts
are initialized from the official D1 checkpoint. The D2 expert is
trained with device augmentation, while the D3 expert is trained
with gain-shift augmentation. The submitted systems do not use
adapter modules in the final S1–S4 configurations. Instead, they
use full fine-tuned domain experts and combine their outputs at in-
ference time.

The D1 checkpoint is used as the common initialization source
for the D2 and D3 experts, rather than as a separate inference
branch. This design allows the experts to inherit the representa-
tion learned from D1 while adapting to the newly introduced do-
mains. Each expert is trained using the standard cross-entropy loss,
and no additional routing loss, gating loss, knowledge distillation
loss, pseudo-label loss, or consistency loss is used. The domain-
agnostic inference stage is performed only at test time by combining
the probability outputs of the D2 and D3 experts.

We submitted four inference configurations using the same
trained experts. The entropy-guided soft mixture system with
τ = 3.0 obtained a Step3 average validation accuracy of 67.37%,
and the high-temperature version with τ = 4.0 obtained 67.42%.
The mean probability averaging system obtained 67.88%. The best
validation result was obtained by the full-safe test-time augmenta-
tion system, which achieved a Step3 average validation accuracy of
67.95%. This system improved the D3 accuracy to 56.08%, which
led to the highest average score among the submitted systems.

The results suggest that inference-time aggregation affects the
final performance even when the same D2 and D3 experts are used.
In particular, D3 remains more challenging than D2 across all sub-
mitted systems, and improving D3 prediction stability has a large
effect on the final average score. Future work includes reducing the
parameter cost of maintaining multiple full experts, improving un-
certainty calibration for entropy-based aggregation, and exploring
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more compact domain-specific adaptation methods such as adapters
or other parameter-efficient modules.
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