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ABSTRACT

We present OR-KDL (Orthogonal Knowledge distilled LoRA), a
continual adaptation system for the domain-incremental acoustic
classification setting of DCASE 2026 Task 7. A CNNI14 back-
bone pretrained on D1 is kept frozen throughout, with adapta-
tion to D2 and D3 performed solely via domain-specific low-rank
adapters, preserving the pretrained representation while minimiz-
ing trainable parameters. Knowledge distillation (KD) is applied
at each stage: logit distillation for D1—D2, and logit combined
with cosine feature distillation for D2—D3 to mitigate representa-
tional drift. To prevent catastrophic forgetting without access to
prior-domain data, Weight-based Orthogonal Gradient Projection
(OGP) constructs protected subspaces via SVD of previous domain
weights and adapter updates, projecting gradients onto their orthog-
onal complement. We compare standard LoRA and a CoLoRA-
based adapter under this framework, and select the ensemble size
N of a stratified 5-fold Top-V soft-voting ensemble on a held-out
validation set. The final system CoLoRA with uniform augmenta-
tion and a Top-20 ensemble achieves D2@D3 of 79.73%, D3@D3
of 66.55%, Accuracy of 73.14%, and Forgetting of 4.04%p.

Index Terms— DCASE 2026, domain-incremental learning,
LoRA, CoLoRA, knowledge distillation, weight-based orthogonal
gradient projection, K-Fold, class-selective augmentation

1. INTRODUCTION

This report describes the systems we submitted for the DCASE
2026 Challenge Task 7 [1]. The task is formulated as a domain-
agnostic incremental learning problem, a domain-incremental
learning (DIL) [2] setting in which a model must adapt to sequen-
tially changing domains while preserving performance on previ-
ously seen domains, under a fixed label space and without access
to domain identity at inference time. It comprises three acoustic do-
mains, D1, D2, and D3, but imposes an additional constraint: D1
is provided only as a pretrained checkpoint, without any accompa-
nying training data. Consequently, adaptation to D2 and D3 must
acquire new-domain capacity while avoiding interference with the
representation space already encoded in the D1 model.

To address this challenge, we propose Orthogonal Knowledge
distilled LoRA (OR-KDL), a continual adaptation framework built
on a frozen CNN14 [3] backbone. OR-KDL combines three com-
ponents: domain-specific low-rank adapters for D2 and D3, knowl-
edge distillation (KD) [4, 5] for semantic consistency across adap-
tation stages, and Weight-based Orthogonal Gradient Projection
(OGP) [6, 7, 8] based on singular-vector subspaces extracted from
prior-domain weights. The key design principle is modularity: the

low-rank adapter is decoupled from OGP and distillation, allowing
different adapter formulations to be evaluated under the same con-
tinual learning framework.

Within OR-KDL, we compare two low-rank adapter formula-
tions: standard LoRA [9] as the baseline, and an additive shared-
basis variant adapted from CoLoRA [10], which decomposes the
update into a layer-wise structural term and a block-shared basis
term. We further analyze stratified K -fold ensembling and augmen-
tation strategy to examine their effects on the stability—plasticity
trade-off. Results are reported in Section 3.

2. PROPOSED METHOD

The proposed system operates on a frozen CNN14 backbone with
three independent components — domain-specific LoRA adapters,
Weight-based Orthogonal Gradient Projection (OGP), and KD (Fig-
ure 1) — so that the adapter design can be evaluated separately from
OGP and distillation.

The model is built on a CNN14-style convolutional backbone
loaded from the pretrained D1 checkpoint. Since no D1 training
data is provided to reconstruct its representation space, the back-
bone is kept entirely frozen throughout training, and adaptation to
subsequent domains is delegated exclusively to lightweight low-
rank adapters attached to the frozen backbone. For each domain
d, the adapter induces a weight update at layer [ of the general form

AWq,i = fa(Aau, Bay), @

where f4(-) is the adapter function for domain d and Aq,;, Bq, are
its low-rank factors. At inference time, the domain-specific updates
are additively composed onto the frozen backbone:

d
W =Wpii+ > AW, de{2,3}. )

=2

The D3 model, obtained after the final adaptation stage, is evaluated
on both the D2 and D3 test sets under the same configuration and
without access to domain labels.

2.1. Low-Rank Adaptation (LoRA)

We compare two low-rank schemes for the adapter function f4(-):
standard LoRA and an additive shared-basis variant adapted from
CoLoRA. Both keep the frozen backbone unchanged and parame-
terize the domain-specific update with a small number of trainable
low-rank factors.
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Figure 1: Overall architecture of the proposed OR-KDL framework. (Left) D1—D2 phase: a domain-specific adapter is trained with logit-
based distillation from the D1 teacher. (Right) D2—D3 phase: a second adapter is added with both logit and cosine feature distillation from
the D2 teacher. Weight-based OGP constrains adapter updates to directions orthogonal to the prior-domain subspace in both phases.

LoRA approximates the weight update by a single low-rank
product, factoring it into a down-projection and an up-projection.
For domain d at layer {:

3

where Aq; € R™*“" and By € R®*" are the low-rank factors,
r < min(cin, Cour) 18 the rank, and «/r controls the update magni-
tude relative to the frozen weights. Composed onto the frozen path
via Eq. (3), only Ag,; and By, are trainable, while Wp1 ; receives
no gradient.

Each domain maintains its own factors { Aq4,i, Ba,1}, with Bg
zero-initialized so that AWy, = 0 at the start of training; the
adapter then acquires only the target-domain representations as
training proceeds.

CoLoRA extends the layer-wise LoRA term with an additive
block-shared term, distributing a common basis across the two con-
volutions within a residual block. For each convolutional layer
le{1,2},

AWqay = %(Bd,lAd,l)

AWq; = sa(BiA;) + sp(BsAs,1) 4

where A;, B, are layer-specific factors, A ; is a layer-specific pro-
jection, Bs is a block-shared factor common to both convolutions,
and sa,sp are scaling coefficients. This formulation increases
cross-layer capacity under the same rank budget while preserving
the OGP constraint on all input-side factors.

2.2. Knowledge Distillation

While gradient projection constrains update directions, it does not
explicitly enforce semantic consistency with the teacher domain.
We therefore apply knowledge distillation at each adaptation stage,
independently of the adapter architecture.

For D1—D2, logit-based distillation minimizes the Kullback-
Leibler (KL) divergence between temperature-scaled softmax out-
puts of the D1 teacher and the student. For D2—D3, cosine feature

distillation is added to logit distillation:

LKD = )\logit : »Clogit + )\cos : (1 - Cos(fstudcnh ftcachcr)) (5)

Lecos

The cosine term improved both D2 retention and D3 accuracy in
our experiments, suppressing representational drift that logit-level
alignment alone cannot capture.

2.3. Weight-based Orthogonal Gradient Projection

Existing OGP methods [6, 7, 8] require previous task data to con-
struct the projection subspace. Since no D1 training data is avail-
able, we propose a data-free variant, Weight-based OGP, which ex-
tracts the projection basis directly from prior-domain weight matri-
ces rather than from task-specific activations. For D2 training, each
Cin k2)

D1 convolutional kernel is reshaped into Wpi,; € TR Cout X ( and

decomposed via singular value decomposition (SVD) [11]:

Wpii = UV, )

The right singular vectors V; span the input-side subspace of
D1 and are already orthonormal as a direct consequence of SVD,
requiring no additional orthonormalization at this stage. For D3
training, the basis is extended by decomposing AW> ; via SVD to
obtain Vfl, which is concatenated with the D1 basis V;. Although
V, and Vfl are each individually orthonormal, their concatenation
[Vi | Vi3] is not guaranteed to be orthonormal in general, since
the column spaces of the two bases may be non-orthogonal to each
other. QR decomposition is therefore applied to re-orthonormalize
the concatenated basis while preserving its column space, yielding
a single orthonormal basis that jointly spans the D1 and D2 sub-
spaces. The orthonormal basis @Q); is defined as:

(D2 phase)

v
= 7
“ {QR(M [ VA (D3 phase) @
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where QR(-) denotes the orthonormal factor returned by QR de-
composition. The projection is then applied to the input-side and
output-side gradients of the adapter at layer {:

Ga1=Gay—GaaQQ, Gsy=Gpi—QQ Ge1 (8

3. PERFORMANCE EVALUATION

3.1. Training Strategy

The following settings are shared across all experiments: LoRA
rank rps = 128 and rps = 64, optimizer AdamW [12] with
learning rate 3 X 10~ and cosine annealing, Focal Loss [13] with
v = 2, and K = 5 for the stratified K-fold protocol, with all
models trained for 150 epochs per domain. For knowledge dis-
tillation, the logit distillation weight and temperature are set to
Alogit = 0.1, 7 = 2.0 for D1—=D2, and A\jogst = 0.5, 7 = 1.5 for
D2—D3. Cosine feature distillation is applied only during D2—D3
with Acos = 0.3; it is disabled for D1—D2 (Az0s = 0.0).

To improve generalization and reduce sensitivity to data splits,
we apply gain scaling, mixup [14], and SpecAugment [15] as data
augmentation, and use balanced sampling with focal loss (7 = 2)
to address class imbalance.

A key observation during training is that applying augmenta-
tion uniformly across all classes is suboptimal: the phone and baby
classes exhibit distinctive, compact spectro-temporal signatures that
are easily corrupted by aggressive augmentation. We therefore
adopt a class-selective augmentation strategy, disabling gain scal-
ing, mixup, and SpecAugment for these classes while keeping them
active for all others, which consistently improves their per-class ac-
curacy without degrading overall performance.

For the ensemble, we apply a stratified K -fold protocol, where
K is the number of folds and NV is the number of top-ranked models
aggregated in the final soft-voting ensemble. For D2, we fix K =5
and train five D2 fold adapters independently; each is then paired
with five D3 folds, yielding 25 D3 models in total. These models are
ranked by accuracy on a validation split held out from the training
data, and a soft-voting ensemble is formed by averaging the class
posterior probabilities of the Top-N models. N is selected solely
on this validation split, without any access to the test set. Once
fixed, the validation split is merged back into the training data and
the final submission models are retrained on the full data to avoid
wasting labeled data.

We report macro accuracy across five metrics: D2@D2,
D2@D3, D3@D3, Acc, and Fr, where Fr measures the degree of
forgetting on D2 induced by D3 adaptation.

3.2. Results

Table 1 reports our four challenge submission systems, combin-
ing two adapter types (LoRA and CoLoRA) with two augmenta-
tion strategies (uniform and class-selective), all evaluated under the
validation-selected Top-20 ensemble. CoLoRA with uniform aug-
mentation attains the highest overall accuracy (73.14% Acc) and
is selected as our primary submission. Notably, CoLoRA yields
consistently higher D2@D2 than LoRA under both augmentation
strategies (83.77/83.16 vs. 81.24/82.05%), suggesting that its block-
shared basis better preserves source-domain representations. The
overall-accuracy ranking, however, depends on the augmentation
strategy: CoLoRA leads under uniform (73.14 vs. 72.97% Acc)
while LoRA leads under class-selective (73.06 vs. 72.88% Acc),

Challenge

Table 1: Performance of our four challenge submission systems,
compared by LoRA type and augmentation strategy. All systems
use the final models retrained on the full data with the validation-
selected Top-20 soft-voting ensemble.

LoRA Aug. D2@D2 D2@D3 D3@D3 Acc Fr

Uniform 81.24 71.17 68.78 7297 4.07
Class-sel. 82.05 80.12 66.00 73.06 193

Uniform 83.77 79.73 66.55 73.14  4.04
Class-sel. 83.16 79.14 66.61 72.88 4.02

LoRA

CoLoRA

Table 2: Top-N soft-voting ensemble accuracy across ensemble
sizes. The Dataset column indicates the evaluation dataset: Valid
refers to the held-out validation dataset used to select N (high-
lighted: N=20), whereas Test refers to the official test dataset eval-
uated after retraining on the full training data with the selected N
fixed.

Dataset N=5 N=10 N=15 N=20 N=25
Valid 73.21 72.89 73.17 73.68 72.55
Test 72.92 73.32 72.81 73.14 72.87

so adapter choice interacts with augmentation strategy. The aug-
mentation effect is likewise adapter-dependent: for LoRA, class-
selective augmentation cuts forgetting from 4.07%p to 1.93%p
while slightly improving accuracy (72.97 — 73.06%), trading
D3@D3 (68.78 — 66.00%) for stronger D2 retention (D2@D3
77.17 — 80.12%); for CoLoRA it leaves forgetting essentially
unchanged (4.04 — 4.02%p) and lowers accuracy. Thus class-
selective augmentation is attractive specifically for LoORA when sta-
bility is prioritized over plasticity.

Table 2 presents an ablation on the ensemble size NV, selected
solely on the validation split without any access to the test set.
Among the candidates, /N=20 attains the highest validation accu-
racy (73.68%) and is chosen; the validation split is then merged
back and the final models retrained on the full data. The validation-
selected N =20 remains near-optimal on the test set (73.14% Acc),
0.18%p below the test-set optimum (N=10, 73.32% Acc), confirm-
ing that validation-based selection generalizes to the test set.

Overall, OR-KDL balances stability and plasticity across do-
mains, with the Top-IV ensemble providing consistent gains under
a test-agnostic selection of V.

4. CONCLUSION

We presented OR-KDL, a continual adaptation framework for
domain-incremental learning that combines Weight-based OGP,
knowledge distillation, and modular low-rank adapters on a frozen
CNN14 backbone. Across four submission systems, neither adapter
dominated across augmentation strategies; class-selective augmen-
tation substantially reduced forgetting for LoRA and appears to
come with a marginal accuracy gain as well, though alongside re-
duced D3@D3 retention. CoLoRA appears to consistently retain
source-domain performance better than LoRA, suggesting that its
block-shared basis aids representation preservation. We select CoL-
oRA with uniform augmentation and the validation-selected Top-20
soft-voting ensemble (73.14% Acc, 4.04%p forgetting) as our pri-
mary submission, with the ensemble size /N chosen on a held-out
validation split without test-set access.
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