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Abstract—We present a domain-incremental learning system
for audio classification that combines per-domain BatchNorm
adaptation with closed-form Ridge regression readouts. Building
on the DCASE 2026 Task 7 MCnn14 baseline, our approach
employs a three-phase training protocol per domain: (1) warm-
start initialization of domain-specific BatchNorm and classifica-
tion head from the previous domain, (2) gradient fine-tuning of
these components using cross-entropy loss, and (3) replacement
of the gradient-trained head with a closed-form Ridge regression
readout computed on frozen 2048-dimensional features.

The Ridge regression formulation provides a deterministic,
globally optimal solution with strong L2 regularization (γ =
589.69, optimized via hyperparameter sweep). Our uncentered
formulation (bias = 0) exploits the implicit biases already em-
bedded in the deep feature representations. Standard deviation
scale matching ensures stable training dynamics by aligning
ridge logit magnitudes with fine-tuned FC magnitudes, preventing
saturation when subsequent domains warm-start from the ridge
solution. At inference, entropy-based task head selection identifies
the correct domain without oracle labels.

The system achieves 67.74% macro overall accuracy on the
three-domain DCASE 2026 Task 7 benchmark while main-
taining O(d2) memory complexity and computational efficiency
through single-pass feature extraction and DDP-safe closed-form
solutions. Per-domain parameter overhead is minimal (∼24K
parameters per domain vs. ∼15M shared parameters).

Index Terms—domain-incremental learning, Ridge regression,
batch normalization adaptation, audio classification, continual
learning, closed-form readout

I. SYSTEM DESCRIPTION

A. Overall Architecture

The proposed system extends the DCASE 2026 baseline
MCnn14 architecture with per-domain classification heads to
support domain-incremental learning. The processing pipeline
follows:

1) Audio Input: Raw waveform (32 kHz, variable length
up to 10s)

2) STFT Spectrogram: Window=1024, hop=320, Hann
window

3) LogMel Frontend: 64 mel bins, 50-14000 Hz range
4) Per-Domain BatchNorm: Initial batch normalization

with domain-specific statistics (bn0)
5) ConvBlock 1-6: Progressive channel expansion with

per-domain BatchNorm routing
• Block 1: 1→64 channels
• Block 2: 64→128 channels

• Block 3: 128→256 channels
• Block 4: 256→512 channels
• Block 5: 512→1024 channels
• Block 6: 1024→2048 channels

6) Dual Temporal Pooling: Max pooling + mean pooling
over time, summed

7) Per-Domain Linear Heads: 2048→10 classes, routed
by task index

Key Design Principles:
• Parameter Isolation: Each domain maintains sepa-

rate BatchNorm statistics and classification head (∼24K
parameters) while sharing the convolutional backbone
(>99% of parameters).

• Frozen Backbone: All convolutional weights remain
frozen after D1 training, preventing catastrophic forget-
ting of low-level feature extractors.

• Domain-Specific Routing: BatchNorm and FC heads are
indexed by domain/task identifier, enabling clean separa-
tion of domain-specific statistics and decision boundaries.

B. Training Protocol

For each incremental domain Di (i > 1), we apply a three-
phase protocol:

1) Phase 1: Warm-Start Preparation: BatchNorm Warm-
Start: Copy previous domain’s BatchNorm statistics:

BNµ,i ← BNµ,i−1, BNσ2,i ← BNσ2,i−1 (1)

FC Head Warm-Start: Initialize current domain’s clas-
sification head from previous domain’s pre-ridge snapshot
(gradient-trained head before Ridge replacement):

Winit
i ←Wpre-ridge

i−1 , binit
i ← bpre-ridge

i−1 (2)

Rationale: Using the pre-ridge snapshot avoids inheriting
ridge-scaled magnitudes that would saturate cross-entropy
training.

Selective Unfreezing:
• Freeze all convolutional backbone weights
• Unfreeze only domain-i BatchNorm parameters
• Unfreeze only domain-i FC head (Wi, bi)



2) Phase 2: Gradient Fine-Tuning: Objective: Standard
cross-entropy loss on domain-i training set:

LCE = − 1

N

N∑
n=1

C∑
c=1

yn,c log ŷn,c (3)

Optimization:
• Optimizer: AdamW with weight decay λ = 10−4

• Learning rate: η = 10−3 for D1, η = 10−4 for D2/D3
• Regularization: Dropout (p = 0.2), optional SIGReg
• Duration: 50-100 epochs per domain

3) Phase 3: Ridge Regression Readout: After gradient fine-
tuning, we replace the domain’s FC head with a closed-form
Ridge regression solution computed on frozen features.

Feature Extraction: Freeze the entire network and extract
2048-dimensional pooled features xn ∈ R2048 for all training
samples n = 1, . . . , N .

Sufficient Statistics Accumulation: To avoid storing the
full feature matrix, we accumulate:

A =

N∑
n=1

xnx
⊤
n ∈ R2048×2048 (4)

B =

N∑
n=1

xny
⊤
n ∈ R2048×10 (5)

Σx =

N∑
n=1

xn ∈ R2048 (6)

Σy =

N∑
n=1

yn ∈ R10 (7)

where yn ∈ {0, 1}10 is the one-hot label vector.
Memory complexity: O(d2) = O(20482) ≈ 32 MB,

independent of dataset size.
DDP Synchronization: Under distributed training

(world size > 1), we perform all_reduce(SUM) on all
accumulators {A,B,Σx,Σy, N} across GPU ranks, ensuring
identical Ridge solutions on every rank without explicit
broadcast.

Closed-Form Ridge Solve (Uncentered): Our hyperparam-
eter sweep revealed that uncentered Ridge regression (bias =
0) outperforms centered formulations. The solution is:

W = (A+ γI)−1B, b = 0 (8)

where γ = 589.69 (optimized via Weights & Biases sweep,
run ID: n157t6yu/833wpkq8).

The solver uses torch.linalg.solve in float64 pre-
cision for numerical stability. The regularization term γI
guarantees the system is positive-definite.

Standard Deviation Scale Matching: The Ridge solution
minimizes squared error, which can produce logit magnitudes
differing significantly from the fine-tuned FC head. To ensure
stable gradient dynamics when domain Di+1 warm-starts from
domain Di’s Ridge head, we match standard deviations.

Compute fine-tuned FC logit statistics during feature extrac-
tion:

Σzfc =
∑

samples

∑
classes

zfc (9)

Σz2
fc
=

∑
samples

∑
classes

z2fc (10)

Standard deviation:

σfc =

√
Σz2

fc

N · C
−

(
Σzfc

N · C

)2

(11)

For ridge logits zridge = XW, compute std from sufficient
statistics:

Σz = tr(W⊤Σx) (12)

Σz2 =

C∑
c=1

w⊤
c Awc (13)

σridge =

√
Σz2

N · C
−

(
Σz

N · C

)2

(14)

Apply scale factor (clamped to [0.05, 50.0] for safety):

s =
σfc

σridge
, W← s ·W (15)

Head Replacement: Snapshot the current fine-tuned FC
head for warm-starting the next domain, then overwrite the
current head with the Ridge solution.

C. Inference

1) Entropy-Based Task Head Selection: At test time, the
domain identity is unknown. We employ entropy-based selec-
tion across all seen domain heads:

1) For each test sample x, compute softmax probabilities
from all seen heads:

pi = softmax(fci(x)) for i ∈ {0, 1, . . . , k} (16)

2) Compute prediction entropy for each head:

Hi = −
C∑

c=1

pi,c log pi,c (17)

3) Select the head with minimum entropy (highest confi-
dence):

i∗ = argmin
i

Hi (18)

4) Final prediction:

ŷ = argmax
c

pi∗,c (19)

Rationale: The correct domain’s head typically produces
lower entropy because its BatchNorm statistics and decision
boundaries are calibrated for that domain’s data distribution.
This enables domain-agnostic inference without oracle labels.



II. DESIGN RATIONALE

A. Why Per-Domain BatchNorm?

BatchNorm layers learn domain-specific first- and second-
order statistics (running mean µ, running variance σ2) of
feature distributions. In domain-incremental learning, different
domains exhibit distributional shifts due to recording devices,
acoustic environments, and noise patterns. Per-domain Batch-
Norm provides:

• Statistical Isolation: Each domain’s BatchNorm param-
eters capture its unique distribution without interference.

• Lightweight Adaptation: Only ∼4K parameters per
domain vs. full backbone fine-tuning (>15M parameters).

• Catastrophic Forgetting Prevention: Updating shared
BatchNorm on domain D2 would degrade D1 perfor-
mance by overwriting D1-specific statistics.

B. Why Ridge Regression Readout?

Ridge regression offers several advantages over SGD-based
fine-tuning:

1) Closed-Form Solution: Deterministic and globally op-
timal for given γ. No hyperparameters (learning rate,
batch size, epochs) to tune for the readout layer.

2) Strong Regularization: The L2 penalty γI shrinks
weight magnitudes, preventing overfitting on small
domain-specific datasets. Our high γ = 589.69 (from
hyperparameter sweep) provides aggressive regulariza-
tion that outperformed low values.

3) Numerical Stability: Float64 solve with γI regular-
ization guarantees a positive-definite system, avoiding
singular matrix issues that can plague unregularized
least-squares.

4) Computational Efficiency:
• Single-pass feature extraction over training set
• O(d2) memory via sufficient statistics (no feature

matrix storage)
• DDP-safe via all_reduce (no expensive broad-

cast)
• Faster than multi-epoch SGD on large datasets

5) Feature-Label Alignment: Ridge regression directly
optimizes the linear mapping from frozen features to
labels, leveraging the representational quality learned by
the convolutional backbone.

C. Why Uncentered Ridge (Bias = 0)?

Our hyperparameter sweep revealed that uncentered Ridge
regression (forcing bias = 0) outperforms centered regression:

• The 2048-d pooled features already incorporate learned
biases from six convolutional blocks, each with Batch-
Norm (affine parameters β, γ) and ReLU activations.

• Forcing b = 0 acts as an additional regularization
constraint, reducing model capacity and improving gen-
eralization.

• Simplifies the solve: no need to center features (x − x̄)
or labels (y − ȳ).

D. Why Standard Deviation Scale Matching?

The Ridge solution minimizes squared error:

min
W
∥XW −Y∥2F + γ∥W∥2F (20)

which can produce logit magnitudes that differ significantly
from the fine-tuned FC head (which minimizes cross-entropy).
When domain Di+1 warm-starts from domain Di’s Ridge
head:

• Saturation: Overly large logits saturate softmax (σ(z) ≈
1 for z ≫ 0), producing near-deterministic probabilities
and vanishing gradients.

• Instability: Overly small logits produce flat distributions
(σ(z) ≈ 1/C for z ≈ 0), slowing convergence.

Scale matching (σridge = σfc) ensures the Ridge head
produces logits with similar magnitude to the fine-tuned head,
preserving stable gradient dynamics. Clamping to [0.05, 50.0]
prevents pathological scale factors from numerical issues.

E. Why Warm-Start from Pre-Ridge Snapshot?

Each domain’s fine-tuned FC head (before Ridge replace-
ment) serves as the warm-start for the next domain. Using the
post-ridge (scaled) head would cause:

• Magnitude Saturation: Ridge-scaled heads have ad-
justed magnitudes for inference, not suitable for gradient
training initialization.

• Distribution Mismatch: The pre-ridge head was trained
with cross-entropy loss gradients, making it a better prior
for the next domain’s cross-entropy training.

Observed in practice: When D3 warm-started from D2’s
ridge-scaled head (without pre-ridge snapshot), D3 loss di-
verged (”runaway loss”). Using the pre-ridge snapshot re-
solved this.

III. EXPERIMENTAL SETUP

Data: DCASE 2026 Task 7 provided dataset, 3 domains
(D1, D2, D3), 10 classes, variable-length audio (up to 10s).

Training: PyTorch 2.x with DDP for multi-GPU. AdamW
optimizer (lr=10−3 for D1, 10−4 for D2/D3, weight
decay=10−4). Automatic Mixed Precision (AMP) enabled.
Gradient clipping (max norm = 1.0). Batch size 32-128
depending on domain. 50-100 epochs per domain.

Ridge Hyperparameters: γ = 589.69 (optimized via
W&B sweep), bias = False, scale matching = True, scale clamp
= [0.05, 50.0].

Evaluation Metrics:
• Macro Accuracy (official): Mean of class-wise recalls

per domain, averaged over domains.
• Micro Accuracy: Sample-weighted accuracy.
• Average Forgetting: 1

|D|
∑

d(maxt<T acc(t)d − acc(T )
d )

IV. RESULTS

Key Observations:
1) High Regularization Wins: γ ≈ 590 significantly

outperformed low regularization (γ < 10), suggesting



TABLE I
PERFORMANCE ON DCASE 2026 TASK 7 BENCHMARK

Metric Value

Macro Overall Accuracy (official) 67.74%
Micro Average Accuracy [TBD]
Average Forgetting [TBD]

Training Time (3 domains, single GPU) [TBD]
Inference Time (per sample) [TBD]

Total Parameters ∼15M
Trainable Parameters (per domain) ∼24K
Memory (Ridge solve) 32 MB

overfitting risk in domain-incremental scenarios with
limited per-domain data.

2) Uncentered Superiority: Uncentered Ridge (bias =
False) outperformed centered Ridge, confirming that
2048-d features already embed sufficient bias informa-
tion.

3) STD Matching Critical: Ablation showed that disabling
STD scale matching caused training instability in later
domains (D3 loss diverged).

4) Entropy Routing Effective: Entropy-based domain
identification achieved reasonable accuracy without ora-
cle domain labels, though oracle correct-head evaluation
provides an upper bound.

V. CONCLUSION

We present a domain-incremental learning system com-
bining per-domain BatchNorm adaptation and closed-form
Ridge regression readouts. The approach achieves competitive
performance (67.74% macro accuracy) on DCASE 2026 Task
7 while maintaining computational efficiency (O(d2) memory,
single-pass extraction, DDP-safe) and theoretical grounding
(deterministic solutions, strong regularization).

Key contributions:
• Closed-form Ridge regression readouts with uncentered

formulation
• STD scale matching for stable cross-domain training

dynamics
• Warm-start from pre-ridge snapshots to prevent saturation
• Entropy-based domain identification without oracle labels
• DDP-safe distributed training via sufficient statistics
Future work includes exploring knowledge distillation,

domain-adversarial training, and self-supervised pretraining
approaches for further performance gains.
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