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Abstract

Replay-free continual automatic speech recog-
nition (ASR) requires adapting to new speech
domains while maintaining a single persistent
model without old data, task identifiers, or
inference-time routing. We identify commit-
stage update admission as a distinct post-
training problem for continual low-rank adap-
tation (LoRA): after a task-wise LoRA update
has been trained, the system must decide which
part of that update should become persistent
in the deployed model. This decision is espe-
cially important in ASR, where domains share
phonetic and transcription structure but still
differ in speakers, channels, noise, speaking
style, and lexical coverage. We propose Har-
moLoRA, a rank-constrained commit operator
that decomposes the trained current-task update
with respect to previously committed directions,
constructs a rank-closed residual commit path,
and uses a lexicographic constrained rule to
choose the smallest residual admission coeffi-
cient among near-best realized candidates. The
selected update is committed to one merged
ASR checkpoint, requiring no replay, task iden-
tifiers, routing, gating, or multi-branch selec-
tion at inference. Across the reported ASR
orders, HarmoL.oRA improves recognition per-
formance and reduces forgetting relative to re-
produced replay-free and LoRA-based contin-
ual adaptation baselines.

1 Introduction

Automatic speech recognition (ASR) systems de-
ployed in real environments must adapt to changing
speakers, acoustic conditions, channels, speaking
styles, and domain-specific vocabulary. Modern
ASR benefits from deep acoustic modeling, noise
robust recognition, and self-supervised or weakly
supervised pretraining (Hinton et al., 2012; Li et al.,
2014; Baevski et al., 2020; Hsu et al., 2021; Rad-
ford et al., 2023), but deployments rarely follow
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a fixed distribution. Sequential adaptation to new
domains can improve current domain recognition
while overwriting behavior that was useful for ear-
lier domains, a failure mode commonly described
as catastrophic forgetting (McCloskey and Cohen,
1989; Parisi et al., 2019; Sadhu and Hermansky,
2020; Chang et al., 2021; Yang et al., 2022; Van-
der Eeckt and Van hamme, 2023a).

We study replay-free continual ASR under a
single-model deployment constraint. The model
receives a stream of speech domains, accesses only
current-task data during adaptation, and must re-
main one merged ASR model at inference time.
Previous task training data are not stored or re-
played. No task or domain identifier is avail-
able at test time, and the system cannot select
task-specific adapters, route examples through
domain-specific branches, or use multiple inference
paths. This excludes episodic memory and task-
conditioned masking assumptions used in some
continual learning methods (Lopez-Paz and Ran-
zato, 2017; Chaudhry et al., 2019; Serra et al.,
2018).

Unlike class incremental tasks with disjoint la-
bel spaces, continual ASR domains share phonetic
structure, a transcription objective, and a decoder
side subword space. TED talks, audiobooks, noisy
speech, podcasts, and web video recordings dif-
fer in channel, acoustic conditions, speakers, style,
and lexical coverage, but they are not independent
recognition problems. Therefore, previously com-
mitted update directions can remain useful for new
domains, and the central question is not how to iso-
late every update, but how much residual informa-
tion should be admitted into the persistent model.
This motivates HarmoLoRA’s separation between
historical span reuse and residual admission at the
commit stage.

Low-rank adaptation (LoRA) is attractive under
this constraint because it freezes pretrained weights
and learns low-rank matrices whose product forms
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a task-specific update (Hu et al., 2022). LoRA
has also been used for Whisper-based multilingual
ASR and parameter-efficient speaker-personalized
ASR adaptation (Song et al., 2024; Joseph and
Baby, 2024). Since a LoRA update can be merged
into the backbone, LoRA supports single-model
inference. However, committing every raw task
update assumes that all trained updates are com-
patible, an assumption that is brittle in replay-free
continual ASR.

Existing continual LoRA methods mainly con-
trol how current-task modules are trained, regu-
larized, or composed. O-LoRA encourages or-
thogonal LoRA subspaces (Wang et al., 2023), In-
fLoRA designs interference-aware LoRA adapta-
tion (Liang and Li, 2024), and adapter-based con-
tinual ASR has explored small task-specific mod-
ules (Vander Eeckt and Van hamme, 2023b). These
approaches leave a complementary post-training
problem. We identify commit-stage update admis-
sion as a distinct problem: after a LoRA update
for a task has been trained, the system must de-
cide which part becomes persistent in the deployed
model.

HarmoL.oRA addresses this problem as a post-
training, rank-constrained commit operator. It de-
composes the trained effective update into a his-
torical span component, namely the current update
component aligned with previously committed up-
dates, and a residual component outside that span.
HarmoL.oRA scales the residual component and
projects each candidate back to the original LoORA
rank class before validation, so the commit decision
is made over realized rank-constrained candidate
updates rather than idealized full-rank update vec-
tors.

HarmoLoRA selects the residual coefficient by a
lexicographic constrained rule: it first restricts can-
didates to those whose realized current-task merge
validation loss remains near the best candidate loss,
and then chooses the candidate with the smallest
residual admission coefficient. The selected candi-
date is not necessarily the absolute minimum loss
candidate, and it is not chosen by geometric prox-
imity to the raw update. Because previous task data
are unavailable, HarmoLoRA uses merge valida-
tion only as a current-task plasticity guard and does
not claim a global low loss guarantee for previous
tasks.

The main contributions of this study are as fol-
lows:

* We formulate commit-stage update admission
as a distinct post-training problem for replay-
free continual ASR under a single persistent
model constraint.

* We introduce HarmoLoRA, which decom-
poses a trained LoRA update, constructs a
rank-closed residual commit path, realizes
each candidate within the original LoRA rank
class, and selects the smallest residual admis-
sion coefficient among near-best current-task
candidates.

* We provide empirical and commit-stage di-
agnostics using selected residual coefficients
and rank-constrained realization error to ex-
amine how historical span reuse and residual
admission affect the persistent ASR model.

2 Background
2.1 Replay-Free Continual ASR

We consider a sequence of ASR tasks

DlaDQa"'vaa (1)
where each task D; consists of speech-transcript
pairs

Dy = {(},y)} Y. @)

At task ¢, the model can access only the current-
task data. Previous task training data are not re-
played. At inference time, no task identifier or
domain identifier is provided, and a single ASR
model serves all tasks observed so far. This set-
ting requires balancing plasticity for the current
domain and stability for previously learned recog-
nition behavior, while also accounting for shared
ASR structure across domains. The same tension
motivates regularization-based continual learning
methods such as EWC and synaptic intelligence
(Kirkpatrick et al., 2017; Zenke et al., 2017).

2.2 LoRA Update Merging

LoRA is one form of parameter-efficient fine-
tuning, alongside adapter and bias-only tuning
methods (Houlsby et al., 2019; Ben Zaken et al.,
2022). It adapts a pretrained model by learning
low-rank updates for selected linear layers while
keeping the backbone weights frozen. Let

Wi € Rioutxdin 3)

ini
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Figure 1: Overview of HarmoLoRA. After the LoRA update for a task is trained, it is projected onto the historical
span, the residual path is realized under the original LoRA rank constraint, the resulting candidates are evaluated
using merge validation, and the selected update is committed to the single persistent ASR model for subsequent

tasks.

denote the initial weight of layer ¢. For task ¢,
LoRA learns

Af € Rbous X7 Bf € R"*dn_ 4)
where r < min(doyt, din). Throughout this paper,
we use the convention

AW} = s, ALBY, (5)

where s, > 0 is the LoRA scaling factor and AW/
has the same shape as W .

A direct sequential LORA merge accumulates
raw task updates:

T
Wdzirect = VVit;lit + Z AVVZZ (6)
i=1

This produces a single inference model, but it treats
all raw task updates as compatible. In replay-free
continual ASR, this can be problematic because a
current-task update may introduce domain-specific
changes that interfere with previously useful recog-
nition behavior.

2.3 Model Merging and Commit-Stage
Selection

Model merging combines adapted models or task-
specific updates into a single parameter set with-
out retraining from scratch. Task-vector arithmetic
(Ilharco et al., 2023), TIES-Merging (Yadav et al.,
2023), and importance-guided or prediction-guided
merging (Matena and Raffel, 2022; Jin et al., 2023)
show that post-training structure can reduce inter-
ference. Perturb-and-Merge connects merging with

continual learning by combining previous and cur-
rent task-specific models after each task (Qiu et al.,
2025).

Weight space interpolation and averaging also
motivate validation-guided merge selection. Mode
connectivity, stochastic weight averaging, Model
Soups, WiSE-FT, and LM-Cocktail show that av-
eraging or interpolation can preserve single-model
inference while improving robustness or general-
ization (Garipov et al., 2018; Izmailov et al., 2018;
Wortsman et al., 2022a,b; Xiao et al., 2024).

HarmoLoRA differs from training stage contin-
ual LoRA methods and full model convex merg-
ing. It operates after LoRA training for each
task, decomposes the trained update into histor-
ical span and residual components, and selects a
rank-constrained residual admission path for one
persistent ASR model. Without previous task data,
validation selection only guards current-task plas-
ticity.

3 Methodology

We propose HarmoLoRA, a rank-constrained
commit-stage update admission operator for replay-
free continual ASR. Figure 1 illustrates the overall
commit-stage procedure of HarmoLoRA. For each
task, HarmoLoRA trains a standard LoRA update
using only current-task data and then decides how
much of that update should be committed to the
persistent single model. In this paper, commit de-
notes accepting a selected update into the persis-
tent model, whereas merge denotes materializing
an update by adding it to the backbone weights for
validation or inference. HarmoLoRA is therefore a
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post-training operator, not a training regularizer.

3.1 LoRA Update for Each Task and
Historical Projection

Let Z denote the set of layers to which LoRA is
applied. Before task ¢, the persistent model con-
tains the selected updates committed from previous
tasks. The persistent weight for layer ¢ is defined
as follows:

t—1
— %
{ 4 ’
W<t - Mfinit + Z AWZ )
=1

teZ, (1)

where W

init denote? the initial pretrained weight
—_— ’*
of layer ¢, and AW, denotes the selected update

committed after task . When the layer superscript

is omitted, we use AW, = {Eﬁ/f’*}gez to de-
note the collection of committed updates over all
LoRA-applied layers. For the first task, no previ-
ous update exists, and we set W£1 = Wi, At
task ¢, we freeze W, attach a fresh LoRA mod-
ule, and optimize only the LORA parameters on the
current task. The forward transformation at layer ¢
is defined as follows:

hi = Wha+ AWz, AW} = s,ALBE, (8)
where h{ denotes the hidden activation at layer
¢, z denotes the layer input, A and B} are the
task-t LoRA matrices, and s, > 0 denotes the
LoRA scaling factor. The current-task LoRA mod-
ule is trained with the ordinary ASR objective on
Dirain . HarmoLoRA does not use replay, distil-
lation, orthogonality, or other continual learning
losses during this training stage. After training, the
raw effective LoRA update over all LoRA-applied
layers is denoted as follows:

AWy = {AWf }er. )

We vectorize this update over the LoRA-applied
layers as follows:

dy = veer(AW;) € RP, D= df,di,
el

(10)
where D denotes the effective update dimension
over LoRA-applied layers, rather than the full ASR
model parameter dimension. The operator vecz ()
vectorizes the updates of the LoRA-applied layers
using a fixed vectorization convention and concate-
nates them in a fixed layer order to form a single

vector. For each previous task i < ¢, the vectorized
committed update is denoted as follows:

(1)

Using these committed update vectors, the histori-
cal update span is defined as follows:

u; = vecg (W:) .

St—1 = span(uj, ..., uj_y). (12)

For t > 1, the current update is decomposed into its
historical span component and residual component
as follows:

dl =ps,_d, df=d,—dl, 13

where Ps, | denotes the orthogonal projection onto

the historical update span. The term dlfl denotes
the component of the newly trained current-task
update that lies in the span of previously committed
directions, whereas dj- denotes the residual outside

that span. Although al't| lies in the span of previous
updates, it is not old knowledge added a second
time; it is the projection of the current-task update.

In implementation, HarmoLLoR A does not explic-
itly construct an orthonormal basis for S;_;. Let
the matrix of previous committed update vectors
be denoted as follows:

Ui—q = [uf, ..., u;_4]. (14)

For ¢t > 1, since the columns of U;_1 span S;_1,
the orthogonal projection operator is explicitly de-
fined as follows:

T [
P,y = Ui (UL 01) UL, a9)
where (-)T denotes the Moore-Penrose pseudoin-
verse. The projection coefficients are computed as
follows:
G = UL U,
by = U, ,dy,

Ct = GI—lbt’
where GG;_1 denotes the Gram matrix of previous
committed updates, b; denotes the vector of inner
products between the current update and the pre-
vious committed updates, and GLl denotes the
Moore—Penrose pseudoinverse. The historical span
component is then computed as follows:

(16)

dl = Uy_yer. (17)

All inner products are computed by summing
Frobenius inner products across the LoRA-applied
layers. For the first task, no historical span exists,
so the raw LoRA update is committed.
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3.2 Rank-Closed Residual Commit Path

For t > 1, HarmoLoRA constructs a residual com-
mit path by scaling the residual component of the
current update. The candidate update vector is de-
fined as follows:

w(n) =d +ndt,  nel0,1, (8

where 7 denotes the residual admission coefficient
that controls how much of the residual component
di- is admitted into the committed update. The
discrete candidate set is defined as follows:

£ ={0,0.125,0.25,0.5,0.75,1.0}.  (19)

This residual path connects the historical span com-
ponent to the raw LoRA update, as follows:
w(0) = dy.

For each residual coefficient 1, we recover the cor-
responding effective update for each layer. Here,
matz(-) denotes the inverse of vecz(+), restoring
the vectorized update to the corresponding collec-
tion of layer-wise matrices under the same fixed
layer order and vectorization convention:

Mi(n) = matz (ut(n)) -

Accordingly, M;(n) = {M/(n)}sez. Unlike un-
constrained task-vector interpolation, HarmoL.oRA
does not select in a full-rank update space. Al-
though the raw LoRA update is rank-r per layer,
the projected and residual-mixed candidate M/ (1)
may not remain rank-r. Each candidate is therefore
projected back to the original LoRA rank class be-
fore validation. The realized candidate is defined
as follows:

2D

—

AW, () =10, (M), @)
where the rank-r projection operator is defined as
follows:

II,(X) =arg min

X —Z||3.
rank(Z)<r H HF

(23)
In practice, II, is implemented by applying trun-
cated SVD to each layer. This step is not an ad-
ditional selection criterion; it keeps each candi-
date within the LoRA update class. The com-
mit decision is therefore made over realized rank-
constrained candidate updates, not idealized full-
rank vectors. We call this construction a rank-
closed residual commit path. For n = 1, be-
fore numerical SVD realization, M (1) equals

the raw LoRA update. Since the raw LoRA up-
date is already rank-constrained by LoRA, trun-
cated SVD recovers it up to numerical precision.
The rank constraint is applied at the task update
level even though the deployed system is a sin-
gle merged ASR model, keeping stored committed
updates consistent for future projections. We use

— —
AWy(n) = {AW,(n) }sez to denote the realized
candidate update over all LoRA-applied layers.

3.3 Merge Validation Selection

HarmoLoRA selects the residual coefficient using
the current-task merge validation split. Let £;"“*°
denote the merge validation loss. For each candi-

date, the merge validation loss is defined as follows:
Loln) = L7 (F(5Wer + AW:(m)) , @4

where f(-;-) denotes the ASR model after tem-
porarily merging the candidate update. No back-
propagation is performed during this step. Each
candidate is evaluated as a temporary merged ASR
model, making selection consistent with the final
single-model inference setting. For merge valida-
tion selection, the best candidate loss and the zero
residual candidate loss are denoted as follows:

L — min £4(), L£9=L£:0). (25
ne&

The near-best candidate set is defined as follows:
Ni(r) ={n€&: Li(n) < L™

: 26
+red— gy, #0

where [z]+ = max(z,0), and 7 > 0 denotes
a fixed tolerance parameter. Equivalently, Har-
moLoRA solves the following lexicographic con-
strained selection problem:

* .
= arg min
M & eE n

st Li(n) < LM 47 (L) — L]

27)
This rule first restricts candidates to those whose
realized merge validation loss is near the best can-
didate loss, and then chooses the smallest residual
admission coefficient. Thus, the selected candidate
is not necessarily the minimum loss candidate and
is not chosen by geometric proximity to the raw
update. The selected task update and its vectorized
form are denoted as follows:

m::mt(n:), uy = vecg <A/ﬁ/:)
(28)
The vector u} is stored and used as a historical
committed direction for future projection.
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3.4 Final Commit

After task ¢, HarmoLoRA updates the persistent
model by committing the selected update as fol-
lows:

——
W =W +AwW,”. (29)

After all tasks have been processed, the final infer-
ence weight is defined as follows:

T
— %
L _ ik ’
Wﬁnal - VVinit + Z AWZ :
=1

(30)

The final model is a single merged ASR model.

4 Experiments

4.1 Datasets

Each speech domain was treated as one continual
adaptation task. We used publicly available ASR
corpora under their original licenses or terms for
academic ASR research, collected no new data, per-
formed no additional speaker de-identification, re-
distributed no raw audio, transcripts, speaker meta-
data, or utterance-level examples, and reported only
aggregate WER results.

TED-LIUM2 (TED2). TED-LIUM2 contains
TED talk speech with official development and test
splits (Rousseau et al., 2014). We used TED2 as a
presentation speech domain and reported WER on
the held-out test split following our continual ASR
protocol.

CHiME3. CHiME3 is a noisy ASR benchmark
recorded in real acoustic environments (Barker
etal., 2015). We used CHiME3 as a noisy speech
domain and evaluated all methods on the held-out
noisy speech test split.

LibriSpeech. LibriSpeech is an audiobook-based
read speech corpus (Panayotov et al., 2015). We
used the “other” condition, denoted as LibriSpeech-
other, as a challenging read speech domain. The
task data were split into disjoint adaptation and
merge validation subsets according to our continual
ASR protocol, and evaluation was performed on
the held-out LibriSpeech-other evaluation split.

Common Voice (CV). Common Voice is a
crowdsourced ASR corpus with heterogeneous
speakers, recording devices, and acoustic condi-
tions (Ardila et al., 2020). We partitioned the de-
velopment split into disjoint adaptation and merge
validation subsets and evaluated on a fixed 500-
utterance test list.

Order Task sequence

1 LibriSpeech-other - CHiME3 — TED2

2 TED2 — LibriSpeech-other — CHiME3

3 CHiME3 — LibriSpeech-other — TED2

4 TED2 — GigaSpeech-YOU — LibriSpeech-other —
CV — GigaSpeech-POD — CHiME3

Table 1: Task orders used in the main continual ASR
experiments.

GigaSpeech-POD and GigaSpeech-YOU. Gi-
gaSpeech is a large-scale multi-domain ASR cor-
pus (Chen et al., 2021). We used its podcast and
YouTube subsets to construct the longer six-domain
continual stream. For these subsets, we used two
hours of development data and three hours of held-
out test data.

4.2 Evaluation Metrics
We report word error rate (WER), where lower
values are better:

D+1
WER:S—Fi—F

x 100, 3D
where S, D, and I are substitutions, deletions, and
insertions, and NV is the number of reference words.
Let WER; ; denote the WER on evaluation task ¢
after the model has been committed through task .
Last is the WER of the final model state, averaged
over the fixed evaluation suite, and Avg is the tra-
jectory level average of the same fixed suite WER
over the continual adaptation process. WER space

backward transfer (BWT) is

1 T-1
BWT = — i ER;
Wlwen = 773 <te{;¥i{%_1}w Rt
—WERi,T>.
(32)

Positive values indicate that the final model im-
proves over the best pre-final WER on previous
tasks; negative values indicate degradation. Non-
negative forgetting in WER space is

T-1

1
ForgettingWER = ﬁ Z
=1

WER, 1

— min

WER;
tefi,...T—1}

Y

+
(33)
where [z]+ = max(z,0). Lower forgetting is bet-
ter.
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Order 1 Order 2 Order 3
Method
Last (}) Avg () Last () Avg () Last (}) Avg ()

EWC (Kirkpatrick et al., 2017)"  14.70 025 1821 £0.23 27.234+0.51 1928 £0.37 13.204+0.31 21.08 +0.28
IncLoRA (Wang et al., 2023)" 13.80 £0.18 17.83 £0.11 2243 +0.29 1833 +£0.21 1507 £0.23 18.92+£0.18
L2P (Wang et al., 2022)° . 14.17 £0.08 16.10 £0.12 13.57 +0.18 15.14£0.15 17.87 £0.21 20.79 +0.14
O-LoRA (Wang et al., 2023)" . 1427 £042 16.07 £0.34 1433 +£0.37 1564 £0.29 1593 +£041 19.07 +0.32
InfLoRA (Liang and Li, 2024)" 13.60 = 0.12 15.90 +0.08 14.63 +0.21 15.08 £0.09 1530+ 0.18 17.58 £0.11
HarmoLoRA 12.50 +0.17 15.56 +0.11 12.77 £ 0.20 14.60 £+ 0.15 12.97 +0.25 17.39 +0.13

" Reproduced experiments.

Table 2: WER (%) results for Orders 1-3. We report mean and standard deviation over three trials.

25

Average WER (%)

—e— IncLoRA —# - O-LoRA

i 2 3 i 2
Number of Tasks Number of Tasks

(a) Order 1 (b) Order 2

—_——

3

InfLORA —=&— HarmoLoRA

1 2 3 1 2 3 4 5; 6
Number of Tasks Number of Tasks

(c) Order 3 (d) Order 4

Figure 2: WER trajectories by task for IncLoRA, O-LoRA, InfLoRA, and HarmoLoRA.

4.3 Experimental Setup

We used Whisper small (Radford et al., 2023) as
the ASR backbone and implemented all experi-
ments in ESPnet (Watanabe et al., 2018). The back-
bone was frozen, and LoRA was applied to atten-
tion projection modules with rank r = 4, scaling
arorA = 8, and dropout 0.05. The resulting ESP-
net ASR model contained 241.47M total parame-
ters, of which 884.74K parameters were trainable
through LoRA. We used warmupLR with 1,500
warmup updates, a peak learning rate of 1.0 x 1074,
and a single NVIDIA RTX A6000 GPU. Training
took approximately 0.5 hours per task. All meth-
ods started from the same previously fine-tuned
ASR checkpoint. At each task ¢, a newly initial-
ized LoRA branch was trained only on the current
adaptation split. Methods with commit candidates
materialized each candidate into the backbone and
selected it using the task-specific merge validation
split. All methods used the same data partitions and
decoding setup. HarmoLoRA, IncLoRA, O-LoRA,
and InfLoRA were evaluated under the same single-
model deployment constraint. L2P performs task-
agnostic prompt selection without task identifiers,
but it is reported only as a task-agnostic reference
and is not directly comparable under the single-

model constraint.

For HarmoLoRA, after training the current-task
LoRA update, we constructed rank-constrained
residual commit candidates over the admission grid
& = {0,0.125,0.25,0.5,0.75,1.0}. Each candi-
date was realized under the original LoRA rank
constraint before merge validation, matching the
rank-closed residual commit path. The near-best
tolerance was fixed to 7 = 0.1 before the main
comparison and was not tuned separately for each
order. For Orders 1-3, we ran three random seeds
and reported the mean and standard deviation. This
fixed protocol kept the commit selection procedure
consistent across orders.

5 Results

5.1 Main Continual ASR Results

Table 2 reports the main WER results across the
three-domain orders. HarmoLoRA achieved the
lowest Last WER in all three orders, with 12.50,
12.77, and 12.97 WER for Orders 1-3. Relative to
the strongest reported non-HarmoLLoRA result in
each order, these corresponded to absolute gains
of 1.10, 0.80, and 0.23 WER points. HarmoLoRA
also obtained the lowest trajectory level Avg WER
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Order Taskl Task2 Task3 Task4 Task5 Taské

Method BWT (1) Forgetting(])
EWC (Kirkpatrick et al., 2017)"  -5.57 6.17
IncLoRA (Wang et al., 2023)" -2.75 4.43
L2P (Wangetal., 2022)" -0.38 0.90
O-LoRA (Wang et al., 2023)" . -2.02 2.38
InfLoRA (Liang and Li, 2024)" -1.35 1.35
HarmoLoRA 0.08 0.65

Table 3: Average BWT and forgetting across the three-
domain task sequences in Orders 1-3. Higher BWT and
lower forgetting indicate better retention of performance
on previously learned domains.

Method Last(l) Avg(l) BWT(1) Forgetting(])
EWC 18.85 17.76 -3.08 3.38
IncLoRA 23.78 17.74 -11.84 11.84
L2P 14.98 15.82 -2.22 2.22
O-LoRA 14.68 16.63 -1.04 1.36
InfLoRA 14.85 15.98 -2.24 2.24
HarmoLoRA 13.68 15.63 -1.04 1.18

Table 4: Order 4 six-domain results with WER, BWT,
and forgetting metrics.

in all three orders, with 15.56, 14.60, and 17.39
WER, showing that the improvement was not lim-
ited to the final model state.

The baseline comparison highlights stability—
plasticity behavior. IncLoRA showed large order-
dependent degradation, especially in Order 2, in-
dicating that directly committing raw task updates
can be unstable under domain order changes. O-
LoRA and InfLLoRA were stronger LoRA-based
baselines, but HarmoLoRA improved both Last and
Avg WER across all three orders, suggesting that
the commit-stage admission decision matters even
when LoRA training for each task is unchanged.
HarmoLoRA achieved the highest BWT, 0.08, and
the lowest forgetting, 0.65, in Table 3.

Figure 2 shows the fixed suite WER after each
commit. The trajectories make two aspects of the
table results explicit. First, the final advantage of
HarmoLoRA is not produced by one isolated or-
der: its terminal trajectory is the lowest in each of
Orders 1-3 and remains the lowest in the longer
Order 4 diagnostic. Second, the strongest base-
lines can be competitive at an intermediate model
state but subsequently lose that advantage after
another raw or constrained update is committed.
HarmoLoRA instead makes the admission decision
on the realized merged model, which is the model
that will be carried to the next task.

1 1.0 075 0.25 - - -
2 1.0 025 0.50 - - -
3 1.0 0.125 0.25 - - -
4 1.0 025 0.125 0.125 0.0 1.0

Table 5: Selected HarmoL.oRA residual coefficients ;.
For Task 1, n = 1.0 is assigned by convention because
no historical span exists and the raw LoRA update is
committed.

5.2 Longer Domain Stream

Table 4 reports the longer six-domain stream con-
sisting of TED2, GigaSpeech-YOU, LibriSpeech-
other, CV, GigaSpeech-POD, and CHiME3. This
experiment is used as a long stream diagnostic be-
cause it differs from Orders 1-3 in both stream
length and domain composition. HarmoLoRA
achieved 13.68 Last WER and 15.63 Avg WER,
giving the best performance on both metrics. Com-
pared with O-LoRA, HarmoLoRA reduced Last
and Avg WER by 1.00 point each. It also tied O-
LoRA for the best BWT (—1.04), while obtaining
lower forgetting.

Compared with IncLoRA, HarmoL.oRA reduced
Last WER by 10.10 points, Avg WER by 2.11
points, and forgetting by 10.66 points. These re-
sults provide auxiliary evidence that commit-stage
residual admission can remain useful when the per-
sistent model must absorb a longer sequence of
heterogeneous speech domain shifts.

5.3 Analysis of Selected Residual Coefficients

Table 5 shows that the selected residual coefficient
changes with both the current domain and its posi-
tion in the stream. The first task receives = 1.0
by convention because no historical span is avail-
able. From the second task onward, HarmoLLoRA
selects coefficients from the same fixed candidate
set according to the merge validation loss of the
realized candidate model.

The same domain can receive different coeffi-
cients under different historical spans. CHIME3 is
assigned n = 0.75 in Order 1, n = 0.50 in Order 2,
and = 1.0 at the end of Order 4. LibriSpeech-
other is assigned n = 0.25 after TED2 in Order 2,
but 7 = 0.125 in Orders 3 and 4. TED2 receives
n = 0.25 when it appears after previous domains in
Orders 1 and 3. These changes show that the com-
mit decision is not a fixed coefficient associated
with a dataset; it depends on the current trained
update, the span accumulated before that task, and
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the losses of the realized candidates.

Order 4 also includes both endpoints of the resid-
ual path. GigaSpeech-POD selects = 0.0, so
its committed update is obtained from the histori-
cal span component without an additional residual
term. The final CHiMES3 task selects n = 1.0,
which admits the full residual component of the
trained update before rank-constrained realization.
Thus, the selected coefficients cover the full candi-
date range rather than following a uniform shrink-
age pattern.

5.4 Trajectory Level Interpretation

Last, Avg, BWT, and forgetting summarize com-
plementary aspects of the continual adaptation tra-
jectory. Last measures only the final merged model
state, whereas Avg also reflects the intermediate
model states after successive commits. A method
can therefore recover at the final task while still ob-
taining a worse Avg if its intermediate model states
are unstable. HarmoLoRA achieves the lowest Last
and Avg WER in all three main orders, indicat-
ing that its advantage is observed both at the final
model state and across the adaptation trajectory. In
Order 4, HarmoLoRA obtains a BWT of —1.04,
indicating that the final model state is, on average,
worse than the best pre-final reference on previous
tasks. At the same time, its forgetting is 1.18, the
lowest among the evaluated methods in the same
stream. Thus, HarmoLoRA reduces previous task
degradation in the longer heterogeneous stream, al-
though it does not eliminate it. Because residual
admission is selected using only current-task merge
validation, retention remains an empirical outcome
rather than an explicit constraint in the selection
rule.

6 Conclusion

This study proposed HarmoLoRA, a commit-stage
update admission operator for replay-free contin-
ual ASR with low-rank adaptation. HarmoLoRA
decomposed each LoRA update into historical
span and residual components, constructed a rank-
closed residual commit path, and selected the
smallest residual admission coefficient whose re-
alized merged model preserved near-best current-
task validation loss. The selected update yielded
a single persistent ASR model without replay or
inference-time routing. Experiments showed that
HarmoLoRA improved the stability—plasticity pro-
file within the evaluated ASR streams. Across the

evaluated domain orders, it achieved the lowest
Last and Avg WER, and the best or tied-best reten-
tion results among the compared baselines. Har-
moLoRA committed the historical span component
of each trained update and admitted only as much
of the residual component as was needed to pre-
serve near-best merge validation loss in the single
merged ASR model.

Limitations

The claims of this paper are scoped to replay-free
continual ASR under a single-model deployment
constraint. HarmoLoRA is a post-training commit
operator that uses only the current-task merge vali-
dation split to select residual admission coefficients.
Because no previous task training data are used
for selection, previous task preservation should
be interpreted as an empirical preservation out-
come measured on held-out evaluation sets, rather
than as a property guaranteed by the selection rule.
The positive WER space BWT and low forgetting
reported in the main experiments therefore sup-
port the claim within the evaluated ASR domain
streams, but they should not be read as a claim of
monotonic protection for every previous task or
domain.

The evaluation focused on Whisper small with
LoRA applied to attention projection modules,
and the main residual coefficient grid was fixed
to {0,0.125,0.25,0.5,0.75,1.0} with 7 = 0.1.
Larger ASR backbones, different adapter place-
ments, different LORA ranks, and multilingual or
streaming ASR settings may exhibit different up-
date geometry. Order 4 is reported as a long stream
diagnostic rather than main comparative evidence.
Broader long stream evaluations are needed to as-
sess robustness over longer task sequences.

Whisper was pretrained on a large web-sourced
corpus whose complete itemized composition is
not publicly available. Prior exposure to public
corpora used in our evaluation therefore cannot be
excluded.

By not storing or replaying previous task speech—
transcript training examples, HarmoLoRA reduces
reliance on retained previous task data. Never-
theless, ASR deployment can involve sensitive
speech recordings, and transcription errors may
affect downstream applications. These consider-
ations are broader than HarmoLoRA itself and
should be accounted for when deploying contin-
ual ASR systems.
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A Additional Analyses

A.1 Diagnostic Residual Norm Cap Variant

We evaluated a diagnostic HarmoL.oRA-Cap vari-
ant to examine whether the improvement of
HarmoL.oRA could be explained by committing
smaller residual updates alone. This variant was not
intended as a separate continual learning method.
Instead, it served as a control experiment that
preserved the main projection structure of Har-
moLoRA while adding an explicit size limit to the
new residual component before commitment.

The Cap variant used the same historical projec-
tion as HarmoLoRA. Given the current update d;,

it first decomposed the update into the historical
span component and the residual component:

dl =ps,_ dy, df=d,—d. 34

HarmoLoRA forms a residual path candidate as

ui(n) = dj + ndi-. (35)

The Cap variant modified only the residual term.
For each residual coefficient 7, it replaced nd;-
with a norm-capped residual:

7 (n) = w(n) ndi, (36)

where

: Cy

)= min (1 o) @
Here C} denotes the residual norm budget used by
the diagnostic variant, and € is a small constant for
numerical stability. For each task, C; was fixed
before candidate evaluation and was not tuned us-
ing previous task evaluation data. The resulting
candidate update is

u$ () = d +7(n). (38)

Thus, the Cap variant kept the historical span term
unchanged during candidate construction while re-
stricting the norm of the newly introduced residual
term. It did not use previous task data, introduce
an additional training loss, or require inference-
time routing. Its role was to test whether explicit
residual size restriction alone could reproduce the
behavior of HarmoLoRA.

Table 6 reports the diagnostic comparison. Har-
moLoRA achieved lower Last WER than the Cap
variant in all three orders and lower Avg WER in
Orders 1 and 2. The Cap variant obtained a slightly
lower Avg WER in Order 3, but its Last WER was
worse than that of HarmoLoRA. This result indi-
cates that residual size restriction alone did not con-
sistently reproduce the final-model performance of
HarmoLoRA.

The comparison separates two effects. The Cap
variant directly constrained the magnitude of the
residual component. HarmoLoRA, in contrast,
evaluated realized rank-constrained candidates af-
ter temporary merging and selected the smallest
residual coefficient whose current-task merge vali-
dation loss remained near the best candidate loss.
The stronger final WER profile of HarmoLoRA
suggests that the observed gains were not explained
only by committing a smaller residual update.
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Order 1 Order 2 Order 3
Method
Last(}) Avg() Last()) Avg() Last(}) Avg(})
HarmoLoRA 12.50 15.56 12.77 14.60 12.97 17.39
HarmoLoRA-Cap (diagnostic)  14.13 15.87 12.83 14.76 13.17 17.34

Table 6: Diagnostic comparison between HarmoLLoRA and the residual norm Cap variant. The Cap variant used the
same historical projection as HarmoLoRA but explicitly limited the norm of the newly introduced residual term. It
was used only to test whether residual size restriction alone could explain the behavior of HarmoLoRA.

. Selected Committed Mean SVD Max SVD
Task Domain
n norm rel. error rel. error
1 TED2 1.000 1.86541 0.0000 0.0000
2 LibriSpeech-other ~ 0.250 0.84094 3.55 x 1072 7.38 x 1072
3 CHiME3 0.500 0.23055 1.04 x 1073 252 x 1073

Table 7: Rank-constrained SVD realization error of the selected HarmoLoRA updates in the Order 2 diagnostic
stream, TED2 — LibriSpeech-other — CHiME3. The errors quantify the mismatch introduced when the selected
effective update was returned to the original LoRA rank class.

Near-best Selected

Task n=0 n=0125 n=025 n=05 n=0.75 n=10raw threshold n
LibriSpeech-other 7.06022  7.03657 7.02833 7.04634 7.13913 7.27663 7.03152 0.25
CHiME3 832076  8.29510  8.27522 8.25101 8.24919  8.26955 8.25635 0.50

Table 8: Candidate merge validation losses along the residual merge path for the Order 2 diagnostic stream.
Bold values indicate the minimum loss candidate. Underlined values indicate additional near-best candidates.
HarmoLoRA selects the smallest near-best 7, not necessarily the absolute minimum loss 7.

A.2 Rank-Constrained Realization Error

Table 7 reports the error introduced when the se-
lected candidate update was realized under the orig-
inal LoRA rank constraint in the Order 2 diag-
nostic stream. We used truncated SVD because
it gives the best rank-r approximation under stan-
dard unitarily invariant norms, including the Frobe-
nius norm (Eckart and Young, 1936; Mirsky, 1960).
Therefore, the reported SVD error was not an ar-
tifact of an arbitrary factorization method. It mea-
sured the minimum reconstruction mismatch in-
duced by returning the selected candidate to the
LoRA rank class.

There is no universal numerical threshold that
makes a rank-constrained realization acceptable for
every neural network layer or task. We therefore
used two checks. First, we reported the relative
reconstruction error with respect to the committed
update norm. Second, candidates were evaluated af-
ter rank-constrained realization, rather than before
it. Thus, if the SVD realization had substantially
damaged a candidate update, the merge validation
loss would have reflected that degradation.

The measured errors were small relative to the
committed updates. Task 1 had zero error because

the raw LoRA update was already rank constrained.
For LibriSpeech-other, the mean relative SVD error
was 3.55 x 1072, with a maximum of 7.38 x 10~2.
For CHiME3, the mean and maximum relative er-
rors were 1.04x 1072 and 2.52x 1073, respectively.
Together with the realized candidate validation step,
these values indicate that the selected updates were
not dominated by factorization mismatch.

A.3 Candidate Merge Validation Losses

Table 8 reports the candidate validation losses used
to select residual coefficients in the Order 2 diag-
nostic stream. For LibriSpeech-other, the minimum
validation loss was obtained at = 0.25, which
was also selected. For CHiME3, the minimum
loss was obtained at = 0.75, but n = 0.5 was
within the near-best range and was selected by the
conservative rule.

Figures 3 and 4 visualize the same candidate loss
landscapes along the residual merge path. These
figures make the selection behavior explicit. For
LibriSpeech-other, the minimum loss candidate and
the selected candidate coincide at = 0.25. For
CHiME3, however, the absolute minimum occurs
at 7 = 0.75, while n = 0.50 remains within the
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Candidate-loss landscape: LibriSpeech-other
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Figure 3: Candidate merge validation loss landscape
for LibriSpeech-other in the Order 2 diagnostic stream.
The selected residual coefficient is n = 0.25, which also
achieves the minimum merge validation loss. The near-
best threshold is shown to indicate the selection region
used by HarmoLoRA.

near-best threshold and is selected as the smaller
residual coefficient. This shows that HarmoLLoRA
is not a fixed shrinkage rule and does not always
choose the raw update or the absolute minimum
loss candidate. Instead, it selects the smallest resid-
ual coefficient that preserves near-best merge vali-
dation loss after rank-constrained realization.

Under the main selection rule with 7 = 0.1, the
near-best threshold is

LEn [0 —Lmh] L (39)

For LibriSpeech-other, this gives

7.02833 + 0.1(7.06022 — 7.02833) = 7.03152,
(40)
so only n = 0.25 qualified. For CHiMES3, the
threshold was

8.24919 + 0.1(8.32076 — 8.24919) = 8.25635,
41
so both n = 0.5 and n = 0.75 qualified. Har-
moLoRA selected the smaller coefficient, n = 0.5,
because it preserved near-best validation loss while
admitting a smaller residual component.

A.4 Interpretation of Residual Coefficients by
Dataset and Order

Table 5 shows that the residual coefficient selected
by HarmoLLoRA depends on both the current do-
main and its position in the continual stream. This
behavior is expected because the residual coeffi-
cient is selected from the realized merge validation
loss, not from dataset identity alone. The same

Candidate-loss landscape: CHIME3
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Figure 4: Candidate merge validation loss landscape
for CHiMES3 in the Order 2 diagnostic stream. The
minimum loss is obtained at n = 0.75, but n = 0.50
remains within the near-best region and is selected by
the conservative HarmoLoRA rule. This illustrates that
HarmoLoRA does not simply choose the absolute mini-
mum loss candidate or the full raw update.

dataset can therefore receive different coefficients
depending on which directions have already been
committed to the historical span.

For the first task in every order, n = 1.0 is as-
signed by convention. Since there is no previous
committed update, the historical span is empty and
the current LoRA update is the only available adap-
tation direction. This first coefficient should there-
fore not be interpreted as evidence that the first
dataset intrinsically requires full residual commit-
ment.

LibriSpeech-other tends to receive a small resid-
ual coefficient when it appears after another speech
domain. In Order 2, after TED2, HarmoLoRA
selects n = 0.25. The candidate-loss table con-
firms that n = 0.25 gives the lowest merge val-
idation loss, whereas the raw residual candidate
n = 1.0 gives a noticeably higher loss. This in-
dicates that the trained audiobook domain LoRA
update contains residual directions that are not
necessary for preserving current-task validation
performance after merging. In Order 3 and Or-
der 4, LibriSpeech-other receives even smaller co-
efficients (7 = 0.125), suggesting that, once noisy,
presentation, or web speech directions have been
committed, near-best read speech validation per-
formance can be preserved with a small additional
residual component.

CHiME3 shows a complementary behavior. As
a noisy real environment ASR domain, CHiME3
differs more strongly from clean read speech and
presentation speech in terms of channel and back-
ground noise. Accordingly, it often receives a
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larger residual coefficient. In Order 1, where
CHiMES3 follows LibriSpeech-other, HarmoLoRA
selects n = 0.75. In Order 2, where CHiMES3 fol-
lows both TED2 and LibriSpeech-other, the method
selects 7 = 0.50. The candidate loss diagnostic
shows that 7 = (.75 achieves the minimum loss
for CHiME3, while n = 0.50 remains within the
near-best range and is selected by the conservative
rule. Thus, HarmoLLoRA does not simply choose
the largest noise domain update. It chooses the
smallest residual coefficient that preserves near-
best current-task merge validation loss after rank-
constrained realization.

TED2 receives 7 = 0.25 when it appears after
previous domains in Orders 1 and 3. TED talks are
presentation style speech and are often more struc-
tured than crowd-sourced or noisy recordings. The
small residual coefficient suggests that, after previ-
ous ASR domains have already shaped the model,
near-best TED2 validation loss can be preserved
with only a limited additional residual correction.

The longer Order 4 stream provides a
clearer view of how the historical span evolves.
GigaSpeech-YOU receives np = 0.25 after TED2,
suggesting that web video speech requires some
residual adaptation but does not require the full raw
update to be committed. Common Voice receives
n = 0.125, which is consistent with its heteroge-
neous speaker and device conditions being partly
covered by the already committed TED2, YouTube,
and LibriSpeech-other directions. GigaSpeech-
POD receives n = 0.0. This value should be in-
terpreted carefully: 77 = 0.0 does not discard the
trained podcast update entirely. It selects the zero
residual candidate, namely the candidate formed
from the historical span projection of the trained
podcast update, and this candidate is then realized
under the original LoRA rank constraint. This sug-
gests that, at that stage of the stream, the podcast
validation loss can be preserved without admitting
an additional residual component.

Finally, CHiME3 receives 7 = 1.0 at the end
of Order 4. This is particularly informative be-
cause the preceding stream already contains pre-
sentation speech, YouTube speech, read speech,
crowd-sourced speech, and podcast speech. The
full residual coefficient suggests that the noisy real
environment correction learned for CHiMES3 lies
outside the previously committed span and remains
useful after merging. Together with the n = 0.0
decision for GigaSpeech-POD, this shows that Har-
moLoRA is not a monotonic shrinkage method. It

can select a zero residual candidate when an addi-
tional residual component is unnecessary for near-
best validation loss, and it can fully admit a residual
component when the realized merge validation loss
supports it.

These dataset- and order-level patterns support
the motivation for post-training residual selection
in continual ASR. Speech domains are not unre-
lated tasks: they share phonetic structure, tran-
scription objectives, and decoder side subword
space. At the same time, each domain can intro-
duce domain-specific acoustic, channel, and style
variations. HarmoLoRA uses merge validation to
decide which residual directions are useful for the
realized single ASR model, rather than assuming
that every raw LoRA update should be fully accu-
mulated.

A.5 Recovering LoRA Factors After
Rank-Constrained Realization

This section verifies how an effective rank-
constrained update can be stored as LoRA factors
under the same convention used throughout the
paper:

AW = sAB,

where s > 0, A € R%ut>" and B € R"*d%n,
Let the selected effective update for layer ¢ be
M{(n), and let its rank-r truncated SVD be

(42)

I, (M (n)) = U,%,V, . (43)

We can set
1 1/2 e L i
At - EU’,‘ZT 3 Bt == ﬁzr ‘/7. .
(44)
Then
Sﬁgggf = UrErVrT = Hr(Mtg(n))' (45)
Thus, the factor recovery is exact for the truncated
rank-r update. The only approximation is the SVD

truncation itself, and that approximation is mea-
sured by the realization error reported in Table 7.

A.6 Why Post-Training Residual Selection
Fits ASR

ASR domain shifts are structured rather than ar-
bitrary. TED talks, audiobooks, Common Voice
recordings, YouTube speech, podcasts, and noisy
real environment speech differ in channel, speaking
style, background noise, speaker distribution, and
lexical distribution. However, they still share the
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same transcription objective, overlapping acoustic
representations, and the same decoder side sub-
word space. This makes continual ASR different
from a sequence of unrelated tasks.

This distinction matters for update geometry. In
a task sequence with unrelated label spaces, sepa-
rating task-specific update directions can be a rea-
sonable way to reduce interference. In ASR, how-
ever, some update directions are naturally shared.
A direction that improves phonetic discrimination,
stabilizes decoder behavior, or corrects a common
acoustic representation can benefit more than one
domain. Forcing all domains into orthogonal low-
rank subspaces may therefore waste limited LoRA
rank capacity and suppress beneficial transfer.

HarmoLoRA followed a different principle. It
first allowed the current domain LoRA branch to
learn the new domain, preserving plasticity dur-
ing adaptation to each task. It then selected how
much of the residual update should be admitted
to the single persistent model. The candidate loss
diagnostics show that near-best current-task merge
validation loss could be achieved at residual coeffi-
cients smaller than the full raw update. Therefore,
the deployed update did not need to absorb every
residual direction learned by the current-task LoRA
branch.

Overall, HarmoLoRA is not simply an update
shrinking method. It is a post-training residual com-
mit selection method that uses the recognition loss
of the realized merged ASR model to determine
how much residual information should be absorbed.
This is aligned with replay-free continual ASR,
where the final system uses a single model, does not
rely on task identifiers, and must balance domain-
specific plasticity with shared speech recognition
structure.

A.7 Sensitivity to the Near-Best Tolerance

All additional experiments in Sections A.7— A.12
use LoRA rank 8, whereas the main experi-
ments use rank 4. We evaluate the CHIME3 —
LibriSpeech-other — TED2 order and keep the de-
fault residual grid {0,0.125,0.25,0.5,0.75,1.0}
fixed while varying the near-best tolerance.

Table 9 reports the sensitivity to the near-best
tolerance. HarmoLoRA improves Last WER, Avg
WER, BWT, and forgetting over IncLoRA for all
four tested tolerance values. In this order, Last
WER decreases from 14.73 at 7 = 0.5 to 13.57 at
7 = 0.01, while Avg WER decreases from 17.52 to
16.90. Forgetting is 0.80 for 7 € {0.5,0.1,0.05}

Last Avg BWT Forgetting
Methed 7 ") 1) @ ()
IncLoRA - 16.53 18.66 -1.05 1.75
HarmoLoRA 0.5 14.73 17.52 -0.40 0.80
HarmoLoRA 0.1 14.50 17.47 -0.20 0.80
HarmoLoRA 0.05 14.20 17.13 -0.45 0.80
HarmoLoRA 0.01 13.57 16.90 0.45 0.55

Table 9: Sensitivity to the near-best tolerance at LoORA
rank 8.

and decreases to 0.55 at 7 = 0.01. The 7 = 0.01
setting gives the best result in all four reported met-
rics for this sensitivity experiment. These results
show that the improvement over IncLoRA is pre-
served across the tested tolerance range and is not
specific to the default 7 = 0.1 value.

A.8 Joint Sensitivity to the Residual Grid and
Tolerance

We next vary the residual coefficient grid and the
tolerance jointly with LoORA rank 8 and the same
task order. The dense grid adds intermediate coeffi-
cients at increments of 0.1, whereas the coarse grid
retains only five coefficients.

Table 10 reports the joint sensitivity to the resid-
ual coefficient grid and the near-best tolerance.
Across the four configurations, Last WER lies be-
tween 14.03 and 14.50, a range of 0.47 points, and
Avg WER lies between 17.07 and 17.43, a range of
0.36 points. The coarse grid with 7 = 0.05 gives
the lowest Last and Avg WER, the coarse grid with
7 = 0.1 gives the highest BWT, and the dense grid
with 7 = 0.05 gives the lowest forgetting. Thus,
no single configuration is best for every metric.
More importantly for the commit rule, all four grid
and tolerance combinations remain substantially
below the rank 8 IncLoRA baseline in Last and
Avg WER. The results therefore indicate that the
observed recognition gains do not depend on one
particular grid resolution.

A.9 Performance at Each Adaptation Stage
for Rank 8

Table 11 reports the evaluation suite after every
task. The results after Task 1 are identical because
no historical span exists before the first task, so
both methods commit the initial CHiME3 update
without a residual admission decision. Differences
begin after LibriSpeech-other, when previous com-
mitted information is available.

After Task 2, HarmoLoRA at 7 = 0.1 reduces
the three-domain Avg from the IncLoRA value of
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Residual coefficient grid = Last(]) Avg()) BWT (1) Forgetting (|)
{0,0.1,...,0.9,1.0} 01 1417  17.14  -025 0.90
{0,0.1,...,0.9,1.0} 005 1450  17.42 0.05 0.65
{0,0.25,0.5,0.75,1.0} 0.1 1443  17.43 0.45 0.90
{0,0.25,0.5,0.75,1.0} 0.05 14.03 17.07 -0.30 0.75

Table 10: Joint residual grid and tolerance sensitivity at LORA rank 8.

Method Adaptation Stage CHiME3 LibriSpeech-other TED2 Avg
After Task 1 (CHIME3) 34.1 17.5 132 21.60
IncLoRA After Task 2 (LibriSpeech-other) 32.9 9.9 10.7 17.83
After Task 3 (TED2) 31.5 13.4 4.7 16.53
After Task 1 (CHiIME3) 34.1 17.5 132 21.60
HarmoLoRA (7 = 0.1)  After Task 2 (LibriSpeech-other) 29.5 9.1 10.3  16.30
After Task 3 (TED2) 28.3 10.7 4.5 14.50
After Task 1 (CHIME3) 34.1 17.5 132 21.60
HarmoLoRA (7 = 0.01) After Task 2 (LibriSpeech-other) 28.2 9.2 9.2 15.53
After Task 3 (TED2) 26.2 10.3 4.2 13.57

Table 11: WER at each adaptation stage for the rank § experiment. Avg is the arithmetic mean of the three displayed

domain WERs.

Method Adaptation Stage CHIiME3 LibriSpeech-other TED2 Avg

After Task 1 (CHIME3) 34.1 17.5 132 21.60

IncLoRA After Task 2 (LibriSpeech-other) 329 9.9 10.7 17.83

After Task 3 (TED2) 31.5 13.4 4.7 16.53

After Task 4 (CHiME3) 29.5 13.3 7.8 16.87

After Task 1 (CHIME3) 34.1 17.5 132 21.60

- After Task 2 (LibriSpeech-other) 29.5 9.1 103 16.30

HarmoLoRA (7= 0-1) s tier Task 3 (TED2) 283 10.7 45 1450

After Task 4 (CHIME3) 25.8 9.4 6.7 13.97

Table 12: Cyclic rank 8 evaluation. Avg is the arithmetic mean of the three displayed domain WERs.

17.83 to 16.30, while 7 = 0.01 reduces it further
to 15.53. At this stage, the two HarmoLoRA set-
tings have nearly identical LibriSpeech-other WER,
9.1 and 9.2, while the stricter setting has lower
CHiME3 and TED2 WER. After Task 3, 7 = 0.01
has lower WER than 7 = 0.1 on all three domains
and lowers Avg from 14.50 to 13.57.

The adaptation sequence also shows how the
earlier domains change after the final TED2 adap-
tation. CHiME3 improves from 34.1 after Task 1
to 31.5 with IncLoRA, 28.3 with HarmoLoRA at
7 = 0.1, and 26.2 at 7 = 0.01. For LibriSpeech-
other, WER increases from 9.9 to 13.4 after Task 3
with IncLoRA, a 3.5-point change. The correspond-
ing increases are 1.6 points for HarmoLoRA at
7 = 0.1 and 1.1 points at 7 = 0.01. These per
domain trajectories are consistent with the lower
final Avg and forgetting values of the HarmoL.oRA
models in this order.

A.10 Cyclic Evaluation

We extend the rank 8 stream to CHiME3 —
LibriSpeech-other — TED2 — CHiME3. At
Task 4, the persistent model is adapted to CHIME3
again using only the current CHiME3 data, while
maintaining the same single-model continual learn-
ing setting.

Table 12 reports the cyclic evaluation results. Af-
ter Task 4, HarmoLoRA obtains WERs of 25.8, 9.4,
and 6.7 on CHiME3, LibriSpeech-other, and TED2,
respectively, yielding an Avg WER of 13.97. The
corresponding IncLoRA model state yields WERs
of 29.5, 13.3, and 7.8, with an Avg WER of 16.87.
Thus, after returning to CHiME3, HarmoLoRA
achieves lower WER than IncLoRA on all three
evaluation domains.

A.11 Six-Domain Evaluation for Order 5

We additionally evaluate Order 5 with LoRA rank 8
on the six-domain stream CHiME3 — GigaSpeech-
POD — LibriSpeech-other — Common Voice —

59840



Selected

Method Last (|) Avg(l{) BWT (1) Forgetting () n
IncLoRA 18.93 18.37 -6.36 6.36 -
HarmoLoRA (7 =0.1)  14.37 16.44 -1.84 1.84 1.0, 0.5, 0.5, 0.5, 0.75, 0.75

Table 13: Rank 8 results for the six-domain Order 5 stream. The selected HarmoLoRA residual coefficients are

listed in task order.

Method Last () Avg(]) BWT (1) Forgetting (])
LoRA P&M (Qiu et al., 2025) 13.97 17.51 0.20 0.90
C-LoRA (Zhang et al., 2025) 14.60 18.18 -0.85 1.15
GainLoRA (Liang et al., 2025) 14.73 17.74 -0.45 0.85
JANUS-LoRA (Chen et al., 2026) 15.23 18.44 -0.35 0.95
HarmoLoRA (7 = 0.1) 14.50 17.47 -0.20 0.80
HarmoLoRA (7 = 0.01) 13.57 16.90 0.45 0.55

Table 14: Comparison with recent continual learning and continual LoRA methods in the rank 8 ASR setting.

GigaSpeech-YOU — TED2. The experiment fol-
lows the same replay-free, single-model continual
learning setting: at each task, the model accesses
only the current-domain data and commits the se-
lected update to one persistent model. HarmoLoRA
uses the default tolerance 7 = 0.1.

Table 13 reports the results for the six domain
Order 5 stream with rank 8. HarmoLoRA reduces
Last WER from 18.93 to 14.37, an absolute im-
provement of 4.56 points, and reduces trajectory
level Avg WER from 18.37 to 16.44, an improve-
ment of 1.93 points. BWT improves from —6.36
to —1.84, while forgetting decreases from 6.36 to
1.84. These correspond to a 4.52-point improve-
ment in BWT and a 4.52-point reduction in forget-
ting. Although BWT remains negative, its substan-
tially smaller magnitude together with the lower
forgetting shows that HarmoLLoRA reduces previ-
ous task degradation relative to IncLoRA in this six
domain stream.

The selected residual coefficients also vary
across the stream. Task 1, CHIME3, uses = 1.0
by convention because no historical span exists
before the first task. HarmoLoRA then selects
n = 0.5 for GigaSpeech-POD, LibriSpeech-other,
and Common Voice, followed by n = 0.75 for
GigaSpeech-YOU and TED?2. Thus, all tasks after
the first use partial residual admission rather than
committing the full residual component. Because
HarmoLoRA selects the smallest coefficient whose
realized merge-validation loss satisfies the near-
best criterion, the larger coefficients selected for
GigaSpeech-YOU and TED?2 indicate that smaller
residual admission coefficients did not satisfy the
same criterion at these tasks. The resulting coeffi-

cients therefore depend on the current trained up-
date and the historical span available at each stage,
rather than following a fixed shrinkage schedule.

A.12 Comparison with Recent Continual

LoRA Methods

We additionally reproduce LoRA P&M (Qiu
et al., 2025), C-LoRA (Zhang et al., 2025),
GainLoRA (Liang et al., 2025), and JANUS-
LoRA (Chen et al., 2026) with LoRA rank 8 under
the same CHiME3 — LibriSpeech-other — TED2
ASR order. Since these methods were originally de-
veloped in different task or model settings, Table 14
reports our ASR reproductions under a common
protocol rather than results copied from the original
publications.

With the default 7 = 0.1, HarmoLoRA has 0.53-
point higher Last WER than LoRA P&M, but 0.04-
point lower Avg WER and 0.10-point lower for-
getting; LoORA P&M has 0.40-point higher BWT.
Against C-LoRA, HarmoLoRA at 7 = 0.1 reduces
Last and Avg WER by 0.10 and 0.71 points, in-
creases BWT by 0.65 points, and reduces forget-
ting by 0.35 points. The corresponding improve-
ments over GainLoRA are 0.23 Last WER, 0.27
Avg WER, 0.25 BWT, and 0.05 forgetting, and
over JANUS-LoRA they are 0.73 Last WER, 0.97
Avg WER, 0.15 BWT, and 0.15 forgetting. The
7 = 0.01 sensitivity setting obtains the best value
in all four columns. Because 7 = 0.01 was eval-
uated as a sensitivity setting, the fixed 7 = 0.1
configuration remains the primary reference for the
main HarmoLoRA design.
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