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ABSTRACT

This technical report presents DIRNET, our submission to DCASE
2026 Challenge Task 7 on domain-agnostic incremental sound clas-
sification. The task requires a model to learn sequential acoustic
domains (D1, D2, and D3) while preserving previously acquired
knowledge and performing inference without domain labels. To
address this challenge, we propose a unified CNN14-based frame-
work with two domain-routing strategies. DIRNET-OOD performs
soft domain fusion using class-wise prototype distances and a D1
out-of-distribution residual prior. DIRNET-SCR estimates domain
responsibility from confidence, prediction margin, and entropy af-
ter domain-specific calibration, followed by soft probability mix-
ture across domain paths. Experimental results show that both sys-
tems substantially outperform the official baseline, demonstrating
the importance of effective scoring and fusion strategies for domain-
agnostic incremental sound classification.

Index Terms— DCASE 2026 Task 7, domain-agnostic in-
cremental learning, out-of-distribution, prototype routing, score-
calibrated routing, soft probability mixture

1. INTRODUCTION

DCASE 2026 Task 7 addresses domain-agnostic incremental learn-
ing, where acoustic domains are learned sequentially in the order
D1 → D2 → D3 while the target sound classes remain fixed [1].
During evaluation, test samples may originate from any domain, but
domain labels are not provided. Therefore, the system must classify
the input sound while determining how domain-specific knowledge
should be utilized under unknown-domain conditions.

This setting is challenging because acoustic characteristics vary
across domains and only current-domain data are available during
incremental learning, making the model vulnerable to catastrophic
forgetting. The official baseline employs domain-specific batch nor-
malization and entropy-based path selection [2], achieving a D2/D3
macro-average accuracy of 52.5%, which highlights the difficulty
of domain-agnostic inference.

To address this problem, we propose Domain-Agnostic Incre-
mental Routing Network (DIRNET), a CNN14-based framework
with domain-specific classification paths. Two scoring strategies are
investigated. The first strategy employs out-of-distribution (OOD)
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residual routing, where D2/D3 class-wise prototype distances and a
D1 residual prior are used for soft fusion. The second strategy em-
ploys score-calibrated routing (SCR), which combines confidence,
prediction margin, and entropy to produce calibrated probability
mixtures. Based on these strategies, we construct two system vari-
ants, DIRNET-OOD and DIRNET-SCR, respectively. Experimen-
tal results demonstrate the importance of domain-aware scoring and
fusion for domain-agnostic incremental sound classification.

The remainder of this report is organized as follows. Section 2
describes the proposed framework and scoring strategies. Section 3
presents the experimental setup, Section 4 reports the results, and
Section 5 concludes the report.

2. PROPOSED METHOD

2.1. Common CNN14-based model architecture

DIRNET extracts a 2048-dimensional clip-level embedding from a
log-mel representation using a CNN14/PANNs-style backbone [3].
The backbone consists of six Conv(3×3)–BN–ReLU–Conv(3×3)–
BN–ReLU–AvgPool blocks followed by pooling and a domain-
specific classifier head for 10 sound classes.

The framework maintains separate D1, D2, and D3 paths. The
D1 path is initialized from the provided checkpoint, while D2 and
D3 are sequentially adapted from the preceding stage. During eval-
uation, all domain paths are evaluated in parallel, and the final pre-
diction is determined by the corresponding domain-routing strategy.

2.2. Incremental training and selective plasticity

At the D2 stage, the model is initialized from the D1 checkpoint and
adapted to D2 data. In DIRNET-OOD, branch isolation is strongly
applied to preserve the D1 branch while learning the D2 branch and
the corresponding classifier/routing components. After training, D2
class-wise prototypes are computed using a clean forward pass with
augmentation disabled. At the D3 stage, the model adapts to D3
based on the learned D2 branch or checkpoint, and D2/D3 proto-
types are recomputed after D3 training. In DIRNET-SCR, teacher-
student knowledge distillation and weak feature distillation are used
to reduce forgetting during incremental adaptation [4, 5]. Before
training stage t, the previous-stage model is fixed as a teacher, and a
KL-divergence loss is added so that the current student model pro-
duces similar outputs to the teacher on available previous-domain
heads. The overall loss combines the current-domain cross-entropy
loss, logit distillation, and weak feature distillation.
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Figure 1: DIRNET-OOD architecture.

In DIRNET-SCR, for D3 adaptation, we additionally use D2-
anchored selective channel plasticity. At the end of D2 training, D2
activation statistics are accumulated from Conv5 and Conv6 and
stored in the D2 checkpoint as channel masks. During D3 training,
these stored masks are used to identify the D2-important channel set
KD2. In the final DIRNET-SCR system, KD2 is defined as the set
of channels with the top 60% activation magnitudes in each layer.
Before the optimizer update, channel-wise gradients are rescaled as

g̃j =

{
ρgj , j ∈ KD2,

λgj , j /∈ KD2,
(1)

where gj is the original gradient of channel j. We use ρ = 0.25
to reduce updates on D2-important channels and λ = 1.1 to pre-
serve adaptation capacity for the remaining channels. This selective
channel plasticity mitigates damage to D2 representations during
D3 training [6].

2.3. DIRNET-OOD: prototype residual routing

DIRNET-OOD performs prototype-based routing using class-wise
D2/D3 prototypes in a 128-dimensional normalized feature space
derived from the 2048-dimensional CNN14 embedding. As shown
in Fig. 1, D2/D3 domain evidence is estimated from prototype dis-
tances, while the D1 path is represented by an out-of-distribution
residual prior. The final prediction is obtained through soft fusion
of branch probabilities.

Let x denote an input audio clip, r ∈ R128 the routing feature,
and pd,c the prototype of class c in domain d ∈ {D2, D3}. Let
Pd(c|x) denote the class posterior probability produced by domain
branch d. The prototype-based distance to domain d is computed as

ζd(x) =

C∑
c=1

Pd(c|x)
1− r · pd,c
∥r∥ ∥pd,c∥

. (2)

Instead of relying only on the hard predicted class, the distance is
computed as a probability-weighted average over all class proto-
types, allowing multiple classes to contribute to the routing decision
when the classifier output is uncertain.

Since D1 raw data are unavailable, D1 prototypes cannot be
computed in the same way as D2/D3 prototypes. Therefore,
DIRNET-OOD does not directly include D1 in the prototype-
distance computation and instead models it as an OOD residual
prior [7]. The raw routing scores for D2 and D3 are defined from
prototype distances as

sOOD
d = exp(−ζd/T ), d ∈ {D2, D3}, (3)

where T is the temperature parameter for prototype distance. A
fixed residual prior is assigned to the D1 branch:

sOOD
D1 = λOOD. (4)

The initial routing weights of the three branches are normalized as

wOOD
d =

sOOD
d

sOOD
D1 + sOOD

D2 + sOOD
D3

d ∈ {D1, D2, D3}. (5)

If an input is far from both D2 and D3 prototypes, the D2/D3
scores decrease and the relative contribution of the D1 residual
weight increases after normalization. Conversely, if the input is
close to a specific D2 or D3 prototype, the corresponding domain
weight increases and the D1 contribution decreases. When D2 and
D3 distances are very close, a simple softmax can assign nearly
equal D2:D3 weights. To address this issue, we use adaptive D2/D3
pairwise calibration. We first define the total D2+D3 mass as

mD2+D3 = wD2 + wD3. (6)

A pairwise temperature parameter TD2,D3 is introduced to control
how strongly the distance difference between D2 and D3 affects the
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Figure 2: Overview of DIRNET-SCR. During incremental training, the model starts from the provided D1 checkpoint and is sequentially
adapted to D2 and D3. Before D3 adaptation, D2-important channels are estimated from D2 activation statistics, and selective channel
plasticity is applied in DIRNET-SCR to reduce updates on the protected channels. During inference, all domain-specific paths are evaluated
in parallel. Their calibrated outputs are converted into SCR routing scores and soft mixture weights, and the final class prediction is obtained
from the mixed probability pSCR(c|x).

routing weights. Smaller values of TD2,D3 produce sharper D2/D3
assignments, whereas larger values yield softer distributions. Then
only the D2:D3 ratio is recalibrated using a temperature-scaled pair-
wise softmax:

qd =
e(−ζd/TD2,D3)

e(−ζD2/TD2,D3) + e(−ζD3/TD2,D3)
, d ∈ {D2, D3}. (7)

The pairwise temperature TD2,D3 is set using the development-set
median of the distance gap between D2 and D3:

∆D2,D3 = |ζD2 − ζD3|. (8)

Given a target pairwise confidence η, the temperature is computed
as

TD2,D3 =
median(∆D2,D3)

log (η/(1− η))
. (9)

We then apply TD2,D3 ← clip(TD2,D3, Tmin, Tmax). The final
D2/D3 routing weights are

ŵOOD
D2 = mD2+D3 · qD2, ŵOOD

D3 = mD2+D3 · qD3. (10)

Since this procedure recalibrates only the relative ratio between D2
and D3, the D1 routing weight remains independent of the D2+D3
mass redistribution.

2.4. DIRNET-SCR: score-calibrated soft probability routing

DIRNET-SCR estimates inference-time domain-path contribution
using output score statistics instead of prototype distance. Fig. 2
shows the architecture of DIRNET-SCR. For each input audio
clip, the D1, D2, and D3 domain-specific paths are evaluated in
parallel. Each path produces calibrated class probabilities, from
which confidence-related statistics such as maximum confidence,

top-1/top-2 margin, and entropy are computed. These statistics are
then combined into a routing score, and the final class probability is
obtained by a soft mixture of the calibrated path probabilities.

Let D = {D1, D2, D3} denote the set of domain paths, and
let C = {1, . . . , C} denote the set of class indices, where C is the
number of classes. For an input audio clip x, let zd(x) be the class-
logit vector produced by domain path d ∈ D. Domain-specific
temperature scaling is first applied [8]:

pd(c|x) = softmax(zd(x)/Td)c, c ∈ C. (11)

Here, Td compensates for confidence-scale differences across do-
main paths. From each calibrated probability vector, we compute
maximum confidence ρd, top-1/top-2 margin Md, and predictive
entropy Hd:

ρd = max
c∈C

pd(c|x), (12)

Md = pd(c
(1)
d |x)− pd(c

(2)
d |x), (13)

Hd = −
∑
c∈C

pd(c|x) log pd(c|x), (14)

where c(1)d and c
(2)
d are the top-1 and top-2 predicted classes of path

d, respectively. The SCR routing score is defined as

sSCR
d = αρd + βMd − γHd + bd, (15)

where α, β, and γ are the confidence, margin, and entropy weight-
ing coefficients, respectively, with α = 1.0 fixed for both submis-
sions. Maximum confidence represents the strongest class confi-
dence, margin reflects the separation between the top and second
classes, and entropy captures the uncertainty of the overall class
distribution. The term bd is a domain-specific bias; in the second
submission, bD1 > 0 is used to increase the contribution of the
D1 path. Unlike the entropy-only baseline or hard score routing,
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the final DIRNET-SCR submission does not select a single path.
Instead, it converts SCR routing scores into soft mixture weights:

wSCR
d =

exp(sSCR
d /τr)∑

j∈D exp(sSCR
j /τr)

, (16)

where τr is the routing temperature. The final class probability is
obtained by taking a weighted sum of calibrated probabilities from
the D1, D2, and D3 paths:

pSCR(c|x) =
∑
d∈D

wSCR
d pd(c|x), ŷ = argmax

c∈C
pSCR(c|x).

(17)
Therefore, D1 is not excluded from routing. Although D1 de-

velopment labels are unavailable and direct calibration is difficult,
the D1 path is retained as a soft mixture candidate because the hid-
den evaluation set may include D1-like samples. DIRNET-SCR-S1
is the setting with the highest local D2/D3 macro accuracy, whereas
DIRNET-SCR-S2 is a D1-aware calibrated submission that inten-
tionally increases the D1 mixture weight.

Table 1 summarizes the two submitted systems. Both sys-
tems share the same CNN14-based incremental framework and
differ only in the scoring strategy used during domain-agnostic
inference. DIRNET-OOD uses prototype-based residual fusion,
whereas DIRNET-SCR uses score-calibrated soft probability mix-
ture.

Table 1: Overview of the submitted systems.

Model Scoring type Final decision

DIRNET-OOD Prototype residual Soft fusion
DIRNET-SCR Score-calibrated Soft probability mixture

3. EXPERIMENT SETUP

The experiments follow the DCASE 2026 Task 7 protocol, where
the model starts from the provided D1 checkpoint and sequen-
tially learns the D2 and D3 development domains. Input audio
is processed as a 32 kHz mono waveform and converted into a
baseline-compatible log-mel representation with 64 mel bands, a
1024-sample window, and a 320-sample hop size. No external au-
dio data, labels, or pretrained embedding models are used.

Training augmentation includes random gain, Gaussian noise,
time shift, and SpecAugment [9]. For prototype recomputation,
augmentation is disabled to obtain stable routing references. Since
D1 development labels are unavailable, checkpoint selection and
routing calibration are performed using the official-style macro av-
erage on the local D2/D3 split, where class-wise accuracies are first
averaged within each domain and then across domains.

4. RESULTS AND DISCUSSION

Tables 2 and 3 summarize the main parameters of the final submit-
ted systems. DIRNET-OOD uses D2/D3 prototype distances and
a D1 OOD residual prior. DIRNET-SCR uses the same acoustic
modeling pipeline but performs soft probability mixture using path-
wise temperatures, score coefficients, routing temperature, and do-
main bias.

Table 4 presents the local development results at the D3 stage.
Since D1 development labels are not available under the Task 7 pro-
tocol, only D2 and D3 accuracies are reported. All DIRNET vari-
ants substantially outperform the official baseline, improving the

Table 2: Parameters of DIRNET-OOD.
Model λOOD

DIRNET-OOD-S1 0.35
DIRNET-OOD-S2 0.70

Table 3: Parameters of DIRNET-SCR. Both submissions use score-
calibrated soft probability mixture over D1, D2, and D3 paths. α =
1.0 for both.
Model (T1, T2, T3) α β γ τr (b1, b2, b3)

DIRNET-SCR-S1 (1.70, 1.35, 1.10) 1.0 0.75 0.05 0.50 (0, 0, 0)
DIRNET-SCR-S2 (1.30, 1.20, 1.00) 1.0 0.45 0.05 1.00 (0.08, 0, 0)

D2/D3 macro-average accuracy from 52.5% to over 70%. Among
the submitted systems, DIRNET-OOD achieves the best overall
performance, reaching 74.89% average accuracy in the S2 configu-
ration. DIRNET-SCR also provides consistent improvements over
the baseline, obtaining up to 70.76% average accuracy. These re-
sults demonstrate that domain-aware scoring and fusion are critical
for domain-agnostic incremental sound classification.

Table 4: Local development macro accuracy (%) at the D3 stage.
D1 accuracy is not reported as development labels are unavailable.

Model D2 D3 Avg.

Baseline 59.0 46.1 52.5
DIRNET-OOD-S1 80.06 69.65 74.86
DIRNET-OOD-S2 79.74 70.04 74.89
DIRNET-SCR-S1 80.07 61.45 70.76
DIRNET-SCR-S2 78.63 61.91 70.27

DIRNET-OOD estimates domain responsibility using class-
wise prototype distances and a D1 OOD residual prior. This enables
class-conditional modeling of domain shift and yields the highest
overall performance. However, its effectiveness can decrease when
D2 and D3 prototype distances become highly similar. In contrast,
DIRNET-SCR performs routing using confidence, prediction mar-
gin, and entropy, followed by soft probability mixture across do-
main paths. Although its performance is slightly lower than that of
DIRNET-OOD, it provides a simpler routing mechanism that does
not require prototype storage or distance computation. The com-
parison between S1 and S2 suggests that increasing the D1 contri-
bution improves robustness to potential hidden D1-like samples but
may slightly reduce local D2/D3 performance.

5. CONCLUSION

This report presented two families of submitted systems for DCASE
2026 Task 7 under the unified CNN14-based framework DIRNET.
DIRNET-OOD performs soft domain fusion using D2/D3 proto-
types, a D1 OOD residual prior, and adaptive pairwise calibration.
DIRNET-SCR combines maximum confidence, top-1/top-2 mar-
gin, entropy, and domain-specific calibration, and softly mixes D1,
D2, and D3 calibrated probabilities. Both approaches show that
domain-agnostic scoring and fusion are essential for incremental
audio classification without test-time domain labels. The results
further suggest that soft mixture strategies, which retain all domain
paths during inference, are more robust than hard path selection un-
der unknown-domain conditions.
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