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Abstract

Automatic Speech Recognition (ASR) can ease
clinical documentation in resource-constrained
regions, but deployment is hindered by a "Re-
ality Gap" between laboratory performance
and noisy, real-world clinical telephony, com-
pounded by strict data residency and compute
constraints. We study this gap using Gram
Vaani, a telephonic Hindi corpus spanning ru-
ral healthcare and agricultural helplines, as the
closest publicly available proxy for clinical tele-
phony speech, and show that a robust multi-
lingual model (IndicWav2Vec) degrades from
11.60% WER on clean read Hindi to 41.72%
WER on this data. We evaluate a progression of
adaptation regimes, from full fine-tuning and
offline Low-Rank Adaptation (LoRA) upper
bounds to an on-device, stream-based continual
adaptation framework in which raw audio never
leaves the local device, and characterize the
trade-offs between data-driven and parameter-
driven stabilization strategies. Our evaluation
covers both lexical accuracy (WER and CER)
and semantic fidelity (BERTScore) on the tar-
get domain, alongside the retention of general-
domain knowledge. Multi-domain Experience
Replay (ER) yields the primary gains, improv-
ing target WER by 18.2% relative and reducing
catastrophic forgetting by 54% compared to
naive adaptation, with BERTScore reflecting
consistent gains in semantic fidelity. Combin-
ing replay with Elastic Weight Consolidation
based on a stabilized importance estimate (Ab-
solute Fisher) yields the strongest retention at
a small cost in plasticity. Finally, a language
model spot check empirically verifies that the
core mismatch lies at the acoustic level and
cannot be resolved by language models alone.

1 Introduction

The recent surge in Self-Supervised Learning
(SSL) has propelled Automatic Speech Recogni-
tion (ASR) to near-human performance on stan-
dardized benchmarks. Foundational models like

Meta’s Wav2Vec 2.0 (Baevski et al., 2020) and
OpenAI’s Whisper (Radford et al., 2023) promise
a future where automated transcription can digi-
tize patient reports, allowing clinics to improve
throughput with reduced operational costs. How-
ever, for specialized, high-impact clinical domains
such as rural health helplines and remote clinical
services, this promise remains unfulfilled. The "re-
ality gap", representing the disparity between clean
training corpora and the chaotic, noisy, and privacy-
constrained environments of real-world clinical
telephony, renders these state-of-the-art models
practically unusable. Consequently, ASR in these
settings is best positioned as an assistive tool in
clinician-in-the-loop workflows, where improve-
ments reduce manual documentation effort rather
than enable full automation.

This mismatch stems from several compounding
acoustic factors. Telephonic audio in low-resource
clinics is typically band-limited to 8 kHz, intro-
ducing severe channel attenuation compared to the
high-fidelity speech used to pretrain foundation
models. Furthermore, rural speech often features
diverse regional dialects and non-standard pronun-
ciations that are poorly represented in general-
domain corpora, while ambient background noise
and low-quality telephonic channels introduce non-
linear distortions.

Our baseline analysis reveals that even robust
multilingual models like IndicWav2Vec (Javed
et al., 2022) degrade from 11.60% WER on clean
read Hindi (Kathbath) (Javed et al., 2023) to a
prohibitively high 41.72% Word Error Rate
(WER) on rural telephony speech from Gram Vaani
(Bhanushali et al., 2022), a corpus of healthcare
and agricultural helpline calls that we use as the
closest publicly available proxy for clinical tele-
phony. This failure is compounded by a technical
deadlock: patient data residency requirements pre-
clude cloud-based adaptation, while rural clinics
lack the compute for conventional retraining. We
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therefore study an on-device adaptation framework
for stream-based learning in which raw patient au-
dio never leaves the local device. This ensures data
residency but is not a formal privacy guarantee.

Using Low-Rank Adaptation (LoRA) (Hu et al.,
2022), the model trains only a fraction of its pa-
rameters. We compare this setting against full fine-
tuning and offline LoRA upper bounds that assume
unrestricted access to the target data. However,
sequential adaptation risks catastrophic forgetting
of foundational linguistic capabilities (McCloskey
and Cohen, 1989). To counteract this, we inter-
leave small buffers of general-domain data with the
incoming stream through multi-domain experience
replay (Chaudhry et al., 2019).

We also evaluate parameter regularization
through Elastic Weight Consolidation (EWC)
(Kirkpatrick et al., 2017), alone and combined with
replay, using an Absolute Fisher importance esti-
mate (Benzing, 2022) that is more robust than the
standard squared formulation to the high-variance
gradients of noisy telephony speech. We measure
forgetting on two general-domain Hindi bench-
marks, Kathbath and FLEURS. Since Gram Vaani
does not provide named-entity or disease-name an-
notations, clinically targeted evaluation is not possi-
ble; we therefore quantify performance with WER
and CER, complemented by BERTScore (Zhang
et al., 2020) to capture semantic fidelity that lexical
metrics miss. Our contributions are:

• On-Device Clinical Adaptation: A continual
adaptation framework for clinical telephony
ASR that preserves data residency and runs
on consumer-grade laptops.

• Empirical Validation on Proxy Clinical
Speech: LoRA combined with multi-domain
replay yields an 18.2% relative WER reduc-
tion on rural telephony speech, averaged over
three seeds and evaluated on three datasets.

• Investigation of Optimization Robustness:
The interplay between data-driven replay and
parameter-driven regularization, validating
that linearized Fisher importance promotes
more reliable convergence in noisy, multi-
speaker telephony.

• Quantification of the Reality Gap: A char-
acterization of the gap on 8kHz clinical-proxy
telephony, contextualized by full fine-tuning
and offline LoRA upper bounds, showing that
acoustic adaptation is necessary.

2 Related Work

Designing an on-device, data-residency con-
strained, adaptive ASR pipeline for low-resource
medical settings requires synthesizing advance-
ments in self-supervised acoustic modeling,
parameter-efficient adaptation, and continual learn-
ing. We address critical gaps regarding adaptation
efficiency, data scarcity, and optimization stability.

2.1 Self-Supervised Acoustic Foundations and
the Domain Gap

Low-resource speech recognition increasingly re-
lies on Self-Supervised Learning (SSL) to lever-
age unlabeled audio. We build upon Wav2Vec 2.0
(Baevski et al., 2020), which achieves high data
efficiency through contrastive learning; Baevski
et al. (2020) showed that fine-tuning on just ten
minutes of data yields competitive performance
on benchmarks like Librispeech (Panayotov et al.,
2015). To support linguistic diversity, we utilize
IndicWav2Vec (Javed et al., 2022), scaling the ar-
chitecture to cover 40 Indian languages.

The Gap: Despite these capabilities, a "usabil-
ity gap" exists between laboratory benchmarks and
real-world deployment. Clinical ASR errors are
particularly risky because they affect medically
salient information such as dosages, negations,
and symptom reporting (Chiu et al., 2018; Shafran
et al., 2020). This is exacerbated in rural health-
care by noisy telephonic audio and diverse regional
dialects. Recent large-scale efforts such as NIRAN-
TAR (Javed et al., 2025) have begun characteriz-
ing these challenges across 22 Indian languages,
while regularizers such as EWC have been used to
mitigate regional disparities in ASR (Trinh et al.,
2022). We utilize the Gram Vaani ASR dataset
(Bhanushali et al., 2022) to represent these chal-
lenges; Bhanushali et al. (2022) highlight that stan-
dard models struggle to generalize to such 8kHz
telephony audio without targeted adaptation.

While signal-level enhancement strategies,
such as bandwidth expansion and speech super-
resolution (Lin et al., 2023; Li et al., 2019), of-
fer an alternative by reconstructing high-frequency
components, they introduce significant computa-
tional overhead. Deploying a separate bandwidth
expansion model (often GAN or diffusion-based)
alongside the ASR system contradicts the strict low-
latency requirements of edge devices. Furthermore,
data residency constraints preclude cloud-based
services (Leroy et al., 2019), creating a deadlock
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where models cannot improve because data cannot
leave the local environment. While n-gram lan-
guage models can improve decoding accuracy, they
do not address the underlying acoustic mismatch.

For evaluation, lexical metrics such as Word Er-
ror Rate (WER) and Character Error Rate (CER)
are commonly used, though they may penalize clin-
ically acceptable synonyms or minor morpholog-
ical variations. Furthermore, no universal error
threshold defines clinical usability, as acceptabil-
ity depends on task and acoustic conditions (Yoon,
2026). To capture semantic fidelity, we addition-
ally report BERTScore (Zhang et al., 2020), which
correlates with human judgments of semantic sim-
ilarity and has been reported alongside WER and
CER in recent clinical ASR systems (Yang et al.,
2026).

2.2 Parameter-Efficient Fine-Tuning (PEFT)
and the Efficiency Gap

Bridging the domain gap typically requires fine-
tuning on target data. However, for Large Au-
dio Models (LAMs), full fine-tuning is computa-
tionally prohibitive and prone to overfitting. This
presents an efficiency gap: high-end GPUs are un-
available on the resource-constrained edge devices
of rural hospitals.

To address this, we adopt Low-Rank Adapta-
tion (LoRA) (Hu et al., 2022), which enables local
fine-tuning on modest clinical hardware. This ap-
proach is essential for meeting healthcare Data
Residency requirements, as it allows for local-
ized, high-performance adaptation without need-
ing the centralized data storage often required by
federated or cloud-based approaches (Rieke et al.,
2020). Recent work by Song et al. (2024) on
LoRA-Whisper validates this approach for multilin-
gual ASR, demonstrating that PEFT can effectively
adapt large Transformers without catastrophic in-
terference, and LoRA has also been regularized
with EWC to add new languages to ASR founda-
tion models (Qian et al., 2024). By constraining
optimization to a low-dimensional subspace, LoRA
resolves deployment challenges in data-residency
constrained clinics. To understand adaptation trade-
offs, we evaluate both full fine-tuning and offline
LoRA fine-tuning as upper bounds.

While PEFT solves efficiency, self-improving
systems face the stability gap of Continual Learn-
ing (CL). In specialized clinical domains, anno-
tated audio is scarce due to privacy constraints and
labeling costs (Chiu et al., 2018), and is often col-

lected incrementally in small batches; CL in ASR
has accordingly focused on adapting models se-
quentially without storing historical data (Sadhu
and Hermansky, 2020). Such systems face Catas-
trophic Forgetting, where new training erodes previ-
ously learned capabilities (McCloskey and Cohen,
1989). In healthcare, ensuring model stability over
time is a critical safety requirement for clinical
evaluation cycles (De Lange et al., 2022). In ASR,
naive updates on recent telephony transcripts lead
to overfitting on specific speakers or acoustic con-
ditions. Benchmarks like NIRANTAR (Javed et al.,
2025) further underscore this, demonstrating that
no single CL strategy currently yields consistent
performance across the diverse shifts encountered
in real-world Indian speech.

To mitigate this, we employ a hybrid contin-
ual learning strategy that synergizes data-level and
parameter-level consolidation. First, to address the
distribution shift between segments, we implement
Experience Replay (ER) (Chaudhry et al., 2019).
Building on recent regularized CL studies for Indic
ASR (T and Nirmala, 2025) and episodic memory
frameworks (Yang et al., 2022), we utilize a multi-
domain experience replay mechanism. While Yang
et al. (2022) focused on gradient projection, we
find that a direct data mixing strategy effectively
mitigates catastrophic forgetting when combined
with PEFT. Our buffer retains a mixture of "hard"
examples (high-loss) from the target domain (Gram
Vaani) and gender-balanced samples from a clean
auxiliary domain (Kathbath).

Complementing this, we constrain parameter
drift using Online LoRA-EWC (Kirkpatrick et al.,
2017; Zheng et al., 2026), utilizing the Absolute
Fisher importance estimation (Benzing, 2022);
weight regularization has been shown to protect
shared low-rank updates in continual learning
(Zheng et al., 2026). We estimate importance us-
ing the absolute value of accumulated gradients
(|g|) rather than the standard squared Fisher Infor-
mation. While this linear scaling draws inspira-
tion from the numerical stability of Memory Aware
Synapses (MAS) (Aljundi et al., 2018), Absolute
Fisher explicitly ties the importance to the likeli-
hood of the adaptation task rather than unsuper-
vised output sensitivity. By combining this regular-
ized signal with multi-domain replay, our approach
targets catastrophic forgetting through a dual mech-
anism: replay maintains the data distribution, while
the regularization penalty preserves critical adapter
parameters.
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3 Methodology

We study an on-device, adaptive ASR framework
designed to bridge the "reality gap" within the
acoustic constraints of rural clinical telephony. Our
approach focuses on Continual Learning (CL), en-
abling a pre-trained model to adapt sequentially to
incoming data streams (Dstream) while maintain-
ing strict data residency and limiting catastrophic
forgetting.

3.1 Base Acoustic Backbone

We utilize IndicWav2Vec as our acoustic back-
bone: a Wav2Vec 2.0 model pre-trained on diverse
Indian languages, consisting of a convolutional fea-
ture encoder followed by a Transformer context net-
work trained with the Connectionist Temporal Clas-
sification loss (LCTC). We select IndicWav2Vec as
it achieves state-of-the-art performance across In-
dian languages unsupported by other architectures,
while remaining compact enough for efficient in-
ference and LoRA-based adaptation on consumer-
grade laptops. We freeze the base model and inject
trainable Low-Rank Adaptation (LoRA) matrices
into the query and value projection layers, which
also serves as a stability safeguard against large-
scale corruption of pre-trained weights.

3.2 Evaluation Metrics

We evaluate performance using both lexical accu-
racy and semantic fidelity. Word Error Rate (WER)
and Character Error Rate (CER) measure transcrip-
tion accuracy at the word and character levels, re-
spectively, as the number of substitutions, deletions,
and insertions normalized by the reference length;
CER provides a finer-grained analysis of phonetic
accuracy, particularly useful for agglutinative lan-
guages and dialectal variations. However, these
metrics rely on exact token matching and may pe-
nalize minor orthographic variations, such as matra
errors in Devanagari, that do not significantly alter
meaning. To better capture semantic fidelity, we
also report BERTScore (Zhang et al., 2020), which
matches each token of the predicted transcription
to its most similar token in the reference (and vice
versa) by cosine similarity of contextual embed-
dings, yielding precision P and recall R; we report
their harmonic mean, F1 = 2PR/(P +R).

3.3 Progressive Adaptation Regimes

We define a progression of regimes with increas-
ing deployment constraints. Full fine-tuning on

the complete target dataset serves as an approxi-
mate upper bound when no constraints are imposed;
offline parameter-efficient fine-tuning (LoRA) re-
duces computational overhead while still requiring
full data access; and stream-based continual adap-
tation, the primary focus of our work, considers
sequential data arrival under strict data residency
constraints, reflecting real-world clinical deploy-
ment.

3.4 Data-Driven Stability: Multi-Domain
Experience Replay

To mitigate catastrophic forgetting, we employ Ex-
perience Replay (ER), explicitly grounding the
model’s optimization trajectory with historical data.
We implement a Multi-Domain Replay strategy
that maintains a dual-source buffer B:

• General Domain Anchor (Bgen): A gender-
balanced subset of standard Hindi samples
(from Kathbath) that preserves foundational
phonetic robustness across diverse speaker de-
mographics.

• Target Domain History (Bspec): A sliding
window of "hard" examples (high loss) and
random samples from previous segments, en-
suring retention of recent domain-specific
adaptations.

During training, the incoming stream Dstream is
concatenated with samples from B. The optimiza-
tion objective for Experience Replay is:

LER = γEx∼Dstream [LCTC(x)]

+(1− γ)Ex∼B[LCTC(x)]
(1)

where γ represents the mixing ratio between new
data and replayed data.

3.5 Parameter-Driven Stability: Elastic
Weight Consolidation (EWC)

As a standalone strategy (V4.5) and a component of
our hybrid approach, we implement Elastic Weight
Consolidation (EWC) (Kirkpatrick et al., 2017) to
prevent drift in critical parameters. Unlike ER,
which requires data storage, EWC regularizes the
model by penalizing changes to weights that are
important for previous tasks. We compute the im-
portance of each LoRA parameter θi using the di-
agonal of the Fisher Information Matrix (F ). To
ensure robust optimization against high-variance
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gradients, we approximate importance using accu-
mulated absolute gradients rather than squared
gradients (Absolute Fisher; Benzing, 2022), which
prevents transient acoustic artifacts from drowning
out meaningful weights:

Fi =
1

N

N∑

j=1

|∇θi logP (yj |xj)| (2)

The EWC regularization loss is then applied as
a quadratic penalty:

LEWC(θ) =
λ

2

∑

i

Fi(θi − θ∗i )
2 (3)

where θ∗i represents the frozen optimal parame-
ters from the previous segment and λ controls the
regularization strength.

3.6 Hybrid Optimization Framework (V5.1)

To study the interplay between data-driven ground-
ing and parameter-driven constraints, we evaluate
a Hybrid ER + EWC framework (Strategy V5.1)
that combines the multi-domain replay buffer with
the EWC penalty:

LTotal = LER(Dstream,B) + LEWC(θ) (4)

where LER provides the gradients for acoustic
adaptation and LEWC defines a "safe" optimization
region that limits catastrophic forgetting.

4 Experiments and Results

We evaluate adaptation to the target domain (Gram
Vaani) and retention of general linguistic knowl-
edge (Kathbath and FLEURS). All results are re-
ported as mean ± standard deviation over three
random seeds.

4.1 Datasets

• Gram Vaani (Clinical Helpline Proxy)
(Bhanushali et al., 2022): This dataset con-
sists of rural telephonic speech from health-
care and agricultural helplines (originally
8kHz, upsampled to 16kHz as required by
IndicWav2Vec; all reported results, includ-
ing the baseline, are computed on the upsam-
pled audio). Capturing rural, noisy, conversa-
tional telephony, it serves as the closest avail-
able proxy for clinical telephony audio. We
evaluate on the official 3-hour Evaluation set

(GV_Eval_3h). To simulate a continual learn-
ing scenario, the 103 hours of training data are
partitioned into sequential segments processed
one by one, mimicking a live data stream.

• Kathbath (Source Domain): A high-quality,
read speech dataset representing standard
Hindi (Javed et al., 2023). A subset of the
training set (approx. 25,800 samples) forms
the pool from which general-domain replay
samples are drawn, and the complete valida-
tion set (3,151 samples) is used exclusively to
measure catastrophic forgetting.

• FLEURS (General Domain) (Conneau et al.,
2023): We use the labeled Hindi (hi_in) test
split as a second benchmark to evaluate gener-
alization and measure catastrophic forgetting
under domain shift.

4.2 Continual Adaptation Paradigms
We investigate four continual learning paradigms,
contextualized by upper-bound regimes. All exper-
iments start from IndicWav2Vec, with a baseline
of 41.72% WER on Gram Vaani, 11.60% on Kath-
bath, and 18.16% on FLEURS. Every model is
trained for 3 epochs: per segment for the stream-
ing strategies, and on the full dataset for the up-
per bounds. LoRA hyperparameters were selected
based on prior literature and preliminary validation
experiments, and were kept consistent across the
replay, EWC, and hybrid strategies to enable fair
comparison (Appendix A).

4.2.1 Upper-Bound Reference: Full and
Offline LoRA Fine-Tuning

Following Section 3.3, full fine-tuning (FT) updates
the entire model on the complete target training set,
while offline LoRA trains adapters on the com-
plete dataset with (i) rank 16, α = 32 and (ii) rank
24, α = 48. Outcome: Full fine-tuning reaches
30.90% target WER but nearly doubles general-
domain error (22.88% on Kathbath). Offline LoRA
reaches 34.90% (r = 16) and 34.62% (r = 24)
target WER, with substantial forgetting (20.25%
and 21.11% on Kathbath).

4.2.2 Paradigm 1: Naive Continual
Fine-tuning (Baseline)

The model is fine-tuned sequentially on the incom-
ing stream without explicit regularization, using
LoRA rank 16 (α = 32) and 19 segments of 2,000
samples. Outcome (V1.1): Target WER drops to
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35.02%, but general-domain error increases by an
absolute 5.81% on Kathbath (5.01% on FLEURS),
indicating severe catastrophic forgetting.

4.2.3 Paradigm 2: Experience Replay (ER)
Strategies

We investigate two ER configurations, increasing
LoRA capacity to rank 24 (α = 48) to accommo-
date the dual-task nature of rehearsal.

• Single-Domain ER (V2.1): Replays 400 sam-
ples from the target-domain history per seg-
ment using a "60% hard, 40% random" selec-
tion strategy, where hard samples have a loss
above 1.2× the segment average. Each seg-
ment combines 1,600 new samples with 400
replay samples (24 segments of 2,000 sam-
ples).

• Multi-Domain ER (V3.1): Replays a bal-
anced buffer of 300 target samples (same
60:40 split) and 300 general-domain (Kath-
bath) samples, so each segment contains 1,600
new and 600 replay samples. This strategy
achieved our lowest continual target WER of
34.11% and reduced forgetting by 54% on
Kathbath (56% on FLEURS) relative to the
naive baseline.

4.2.4 Paradigm 3: Elastic Weight
Consolidation (EWC)

We examine whether parameter regularization
alone, using the Absolute Fisher penalty (Sec-
tion 3.5) with λ = 10 (larger values were
overly conservative or prevented adaptation; Sec-
tion 5.6.1), can protect foundational knowledge
without replaying data. V4.5 adds this penalty to
the naive setup, using the same 19 segments of
2,000 samples as V1.1. Outcome (V4.5): V4.5
achieves a competitive 34.55% WER on the tar-
get domain, but mitigates forgetting less efficiently
than the ER strategies (+4.76% on Kathbath) and
shows the highest variance across seeds.

4.2.5 Paradigm 4: Hybrid ER + EWC
Optimization

V5.1 combines the V3.1 replay buffer with the
EWC penalty (λ = 10; Section 3.6). Outcome
(V5.1): This yields our most stable model, with
the lowest forgetting: 14.15% WER on Kathbath
(+2.55%) and 20.27% on FLEURS (+2.11%). This
stability comes at a slight cost to plasticity, with a
final target WER of 34.66%.

5 Analysis and Discussion

5.1 Comparative Performance Summary
Table 1 summarizes the final metrics. All contin-
ual paradigms bridge the "Reality Gap", reducing
target WER by 16.1–18.2% relative to the base-
line and converging to 34–35% WER, and forget-
ting trends on FLEURS closely mirror those on
Kathbath. Streaming strategies reach target WER
comparable to the offline LoRA upper bounds
(34.11–35.02% vs. 34.62–34.90%) while retain-
ing substantially more general-domain knowledge.
BERTScore closely follows WER across datasets,
indicating consistent gains in semantic fidelity, al-
though it is not sensitive to clinically critical dis-
tinctions such as negations or numerical magnitude
errors.

5.2 Stability-Plasticity Pareto Efficiency
Figures 4 and 5 plot retention against adaptation,
where movement toward the bottom-right corre-
sponds to improved adaptation with minimal for-
getting. The replay-based trajectories show a clear
elbow near 35% target WER, beyond which fur-
ther reductions incur disproportionately high sta-
bility costs. Multi-Domain ER (V3.1) navigates
this trade-off most efficiently, reaching the lowest
target WER at moderate forgetting, while the Naive
(V1.1) and EWC-only (V4.5) trajectories reach
comparable target WER at considerably higher
forgetting. This behavioral ceiling suggests that
for a given model architecture and domain mis-
match, there exists an optimal frontier of acoustic
adaptation. Crucially, the V3.1 trajectory has not
plateaued, suggesting that further gains are possi-
ble but require significantly more data or linguistic
context to unlock.

5.3 Mechanism Analysis: Data vs. Parameter
Anchors

Our investigation reveals a fundamental difference
between data-driven and parameter-driven regular-
ization in lightweight models.

• Data Anchors (ER): Replaying Kathbath
samples provides an explicit gradient signal
toward a generalized linguistic center, making
replay the most efficient stabilizer.

• Parameter Anchors (EWC): While EWC
protects weights, it is "acoustically blind",
penalizing drift without reconciling new
acoustic features. This is evidenced by
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Paradigm Strategy Dataset WER (%) CER (%) BERTScore (%)

Upper
Bound

Full Finetune
Gram Vaani 30.90 ± 0.10 13.20 ± 0.09 89.60 ± 0.06
Kathbath 22.88 ± 0.03 6.73 ± 0.01 93.86 ± 0.01
FLEURS 28.21 ± 0.04 10.17 ± 0.03 91.57 ± 0.04

LoRA (r=16, α=32)
Gram Vaani 34.90 ± 0.05 14.66 ± 0.05 88.26 ± 0.02
Kathbath 20.25 ± 0.05 5.61 ± 0.03 94.51 ± 0.03
FLEURS 26.35 ± 0.12 9.13 ± 0.02 92.08 ± 0.03

LoRA (r=24, α=48)
Gram Vaani 34.62 ± 0.09 14.58 ± 0.09 88.38 ± 0.04
Kathbath 21.11 ± 0.05 5.99 ± 0.02 94.20 ± 0.03
FLEURS 26.94 ± 0.12 9.53 ± 0.04 91.85 ± 0.04

Baseline IndicWav2Vec
Gram Vaani 41.72 ± 0.00 19.05 ± 0.00 86.26 ± 0.00
Kathbath 11.60 ± 0.00 3.41 ± 0.00 97.28 ± 0.00
FLEURS 18.16 ± 0.00 6.38 ± 0.00 94.74 ± 0.00

Naive V1.1
Gram Vaani 35.02 ± 0.08 14.38 ± 0.22 88.37 ± 0.08
Kathbath 17.41 ± 0.17 4.65 ± 0.02 95.47 ± 0.03
FLEURS 23.17 ± 0.17 7.99 ± 0.04 93.22 ± 0.05

ER

V2.1 (Single Domain)
Gram Vaani 34.24 ± 0.05 14.28 ± 0.11 88.77 ± 0.04
Kathbath 15.06 ± 0.09 4.05 ± 0.03 96.61 ± 0.01
FLEURS 21.09 ± 0.09 7.32 ± 0.06 94.45 ± 0.04

V3.1 (Multi Domain)
Gram Vaani 34.11 ± 0.02 14.22 ± 0.05 88.85 ± 0.04
Kathbath 14.27 ± 0.02 3.87 ± 0.01 96.78 ± 0.01
FLEURS 20.36 ± 0.09 7.10 ± 0.02 94.65 ± 0.04

EWC V4.5
Gram Vaani 34.55 ± 0.38 14.21 ± 0.10 88.65 ± 0.22
Kathbath 16.36 ± 1.04 4.37 ± 0.31 95.97 ± 0.55
FLEURS 22.20 ± 1.02 7.70 ± 0.36 93.75 ± 0.61

Hybrid V5.1 (ER + EWC)
Gram Vaani 34.66 ± 0.07 14.46 ± 0.02 88.69 ± 0.04
Kathbath 14.15 ± 0.01 3.85 ± 0.01 96.80 ± 0.01
FLEURS 20.27 ± 0.04 7.04 ± 0.01 94.62 ± 0.01

Table 1: Performance of the investigated adaptation regimes on the target (Gram Vaani), source (Kathbath), and
general (FLEURS) domains, without LM decoding. Results are mean ± std over 3 seeds. Bold marks the best
continual strategy per dataset and metric; bold underlined values are reference results: the best target-domain
performance (full fine-tuning) and the unadapted general-domain performance (baseline). Forgetting corresponds to
the increase in Kathbath/FLEURS WER over the IndicWav2Vec baseline.

V2.1 (ER) providing superior stabilization
(+3.46% forgetting on Kathbath, +2.93% on
FLEURS) compared to V4.5 (EWC; +4.76%
and +4.04%) despite similar target perfor-
mance (34.24% vs. 34.55%).

• The LoRA-Regularization Bottleneck: We
observe a conflict in the Hybrid model (V5.1),
where combining LoRA’s low-rank space with
EWC’s parameter-level penalties overly re-
stricts optimization paths, leading to higher
target WER (34.66% vs. 34.11% for V3.1).

5.4 Convergence Dynamics
While the Naive baseline (V1.1) exhibits erratic
trajectories, the ER and Hybrid paradigms demon-
strate controlled, largely monotonic trends (Fig-
ure 1; per-strategy progressions are in Appendix C).
These trends are consistent across seeds: replay-
based strategies show the lowest seed variance (e.g.,
±0.02 target WER for V3.1), whereas EWC-only

adaptation (V4.5) is the most seed-sensitive (±0.38
target WER, ±1.04 Kathbath WER). This stability
is a critical requirement for clinical deployment,
ensuring the system does not regress after extended
use. However, we observe a "soft floor" around
34% WER, which we characterize as the Acoustic
Bottleneck of Clinical Telephony. The mismatch
between 8kHz telephony and the 16kHz model ex-
pectation creates a ceiling for acoustic-only adapta-
tion.

5.5 The Necessity of Acoustic Adaptation

To verify that acoustic adaptation is a prerequi-
site for clinical deployment, we paired the baseline
and adapted models with a domain-specific 4-gram
LM (Table 2). The LM improves both, but its
gains remain limited without acoustic adaptation:
the baseline+LM reaches only 35.21% WER, com-
pared to 30.32% for V3.1+LM. With the LM, full
fine-tuning reaches 29.03% WER (at the cost of

130



Figure 1: Progression of WER and BERTScore on the target domain (Gram Vaani) over cumulative training hours
for the Naive (V1.1), Multi-Domain ER (V3.1), EWC (V4.5), and Hybrid (V5.1) strategies, with offline LoRA
upper bounds for reference.

Figure 2: Catastrophic forgetting on the source domain (Kathbath): progression of WER and BERTScore as
adaptation proceeds over Gram Vaani, with offline LoRA upper bounds for reference.

Figure 3: Catastrophic forgetting on the general domain (FLEURS): progression of WER and BERTScore as
adaptation proceeds over Gram Vaani, with offline LoRA upper bounds for reference.

substantial forgetting), comparable to prior work on
Gram Vaani (30.3% on the Development set with
Conformer/TDNN models and external LMs; Patel
and Scharenborg, 2022), and the continual strate-
gies approach this performance under streaming

constraints. We keep the LM out of the adaptation
loop so that it does not mask the acoustic adapta-
tion dynamics we study; our results without an LM
are therefore a conservative estimate of achievable
WER.
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Figure 4: Stability-plasticity trajectories on Kathbath
(source domain). Curves trace per-segment means over
three seeds; markers denote the first, middle, and final
segments.

Figure 5: Stability-plasticity trajectories on FLEURS
(general domain). Curves trace per-segment means over
three seeds; markers denote the first, middle, and final
segments.

Model (with LM) WER (%) BERTScore (%)

IndicWav2Vec (Baseline) 35.21 ± 0.00 87.94 ± 0.00
Full Finetune 29.03 ± 0.12 90.14 ± 0.04
LoRA Finetune (r=16) 31.06 ± 0.07 89.45 ± 0.03
V3.1 (Multi-Domain ER) 30.32 ± 0.03 89.91 ± 0.02
V5.1 (ER + EWC) 30.46 ± 0.03 89.83 ± 0.05

Table 2: LM spot check on Gram Vaani: effect of
a domain-specific 4-gram LM on different adaptation
regimes. Results are mean ± std over 3 seeds. Acoustic
adaptation remains essential even with LM assistance.

5.6 Ablation Studies

5.6.1 Sensitivity to EWC Regularization (λ)

With high regularization (λ ≥ 103), the EWC con-
straint dominated the gradients, effectively "freez-
ing" the LoRA parameters and preventing mean-
ingful adaptation to the noisy telephony domain.
An intermediate value of λ = 102 allowed adap-
tation but remained overly conservative. A lower
value of λ = 10 (V4.5) provided the best balance
between adaptation and parameter protection, and
linear (absolute) Fisher estimation yielded more
stable optimization than higher-order approxima-
tions.

5.6.2 LR Warmup and Convergence Speed

Compared to a conservative 100-step learning rate
warmup, an aggressive 10-step schedule signifi-
cantly accelerated convergence early in each seg-
ment without increasing catastrophic forgetting
(< 0.05% difference across all runs), suggesting
that LoRA-based adaptation can safely use high

initial learning rates to escape local minima from
previous segments.

6 Conclusion

In this work, we investigated the "Reality Gap"
that hinders the deployment of state-of-the-art ASR
in rural clinical settings, quantifying it at 41.72%
WER on a telephony proxy for clinical speech.
Framed as an empirical study of adaptation dy-
namics under data residency constraints rather than
a clinical validation, our comparison of four con-
tinual learning paradigms against full fine-tuning
and offline LoRA upper bounds shows that Multi-
Domain Experience Replay provides the best bal-
ance of plasticity and stability. While full fine-
tuning achieves the strongest target performance,
replay-based streaming adaptation reaches target
WER comparable to offline LoRA while forgetting
substantially less, improving target WER by 18.2%
relative and reducing forgetting by 54% over naive
adaptation, consistently across three seeds and two
general-domain benchmarks. These findings pro-
vide a foundation for reliable, self-improving clini-
cal ASR and its extension across Indic languages.

Privacy, Ethics, and Clinical Safety
Considerations

The deployment of ASR in frontline healthcare set-
tings introduces unique ethical and safety consider-
ations which our framework explicitly addresses.

Data Governance and Residency: Our primary
focus on on-device adaptation is a direct response
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to healthcare data residency requirements. By en-
suring that raw patient audio never leaves the lo-
cal environment, we mitigate the risk of central-
ized data breaches and support compliance with
data protection requirements in various jurisdic-
tions (Leroy et al., 2019). We emphasize that data
residency alone is not a formal privacy guarantee:
we do not study differential privacy, secure aggrega-
tion, or defenses against model-based attacks such
as membership inference or model inversion.

Clinical Safety and Error Risks: While our
framework significantly reduces WER, automated
transcription in medical contexts is never risk-free.
ASR errors in medically salient keywords (e.g.,
negations or dosage numbers) can lead to serious
diagnostic errors. We advocate for a Clinician-in-
the-Loop model, where our adaptive system serves
as a draft-generation tool that reduces manual work-
load while maintaining human oversight for final
clinical validation. Improved accuracy reduces, but
does not eliminate, clinical risk; moreover, our ex-
periments use Gram Vaani as the closest available
proxy for clinical telephony, and should not be read
as clinical validation.

Algorithmic Bias and Equity: By prioritizing
adaptation on rural dialects and low-bandwidth tele-
phony, this work contributes to healthcare equity.
Standard ASR models often fail on marginalized
populations due to accent mismatch; our frame-
work allows localized clinics to "correct" these bi-
ases by adapting specifically to their local commu-
nity’s speech patterns.

Controlled Adaptation and Model Drift: Con-
tinual adaptation introduces the risk of unintended
model drift. Our use of experience replay and
EWC-based regularization helps limit forgetting
of general language knowledge while adapting to
local conditions, which is particularly important in
clinical settings where robustness and consistency
are critical.

Limitations

While our framework demonstrates significant po-
tential for clinical deployment, several limitations
remain:

1. Metrics as a Clinical Proxy: Our evalua-
tion relies on WER and CER, complemented
by BERTScore. While BERTScore captures

semantic similarity beyond exact token match-
ing, none of these metrics is sensitive to clin-
ically critical distinctions such as negations,
numerical magnitude errors, or medical entity
substitutions, and none explicitly weights the
clinical significance of errors: an error in a pa-
tient’s name may be less critical than an error
in a medication dosage. Since Gram Vaani
does not provide named-entity or disease-
name annotations, clinically targeted evalu-
ation (e.g., accuracy on disease names) was
not possible. Developing medical-concept-
aware metrics, and validating utility through
deployment and clinician feedback, remain
essential future directions.

2. Proxy Data: We use Gram Vaani, a corpus
of rural healthcare and agricultural helpline
calls, as the closest available proxy for clini-
cal telephony. Although it reflects the channel
and dialectal conditions of rural telephony,
the content of real clinical conversations may
differ. Collecting and evaluating on real clin-
ical telephony data requires ethics approval
and patient consent frameworks beyond the
present scope; it remains a primary direction
for future work.

3. Reliance on Clinician Supervision: Our con-
tinual learning setup assumes a stream of cor-
rected transcripts (e.g., from medical profes-
sionals). In under-staffed rural clinics, this
supervision may be sparse or delayed, neces-
sitating future work into uncertainty-aware or
semi-supervised adaptation.

4. Acoustic-Only Training: While we validated
the necessity of acoustic adaptation, we did
not integrate Language Models (LMs) into the
training loop (e.g., via shallow fusion during
replay), as doing so would conflate acoustic
and linguistic adaptation signals. Capturing
the synergy between acoustic and linguistic
adaptation is critical for handling specialized
medical terminology.

5. Language, Dialect, and Backbone Scope:
Our experiments focus on rural Hindi di-
alects using a single acoustic backbone, In-
dicWav2Vec, chosen for its coverage of In-
dian languages. Evaluating additional ASR ar-
chitectures would further establish robustness
and remains important future work. Our im-
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mediate aim, however, is to extend the study
to other Indic languages, including tonal and
Dravidian families, as annotated telephonic
corpora become available, and for these lan-
guages IndicWav2Vec remains the most suit-
able backbone.

6. Deployment Hardware: In this work, "edge
device" refers to consumer-grade laptops with
entry-level GPUs, not mobile phones or em-
bedded hardware. Reported runtimes (Ap-
pendix A.3) are approximate and vary across
environments.
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Parameter Value

Optimizer AdamW
Weight Decay 0.01
Warmup Steps 10 (Aggressive)
LoRA Target Modules query, value (Attention blocks)
Batch Size (Effective) 64
Max Audio Duration 30.0 seconds
Training Epochs 3 per segment

Upper Bound Strategies
Full Finetune Base LR = 1× 10−4, full model

fine-tuned on combined target
corpus

LoRA (r=16, α=32) Base LR = 3× 10−4, LoRA
adapters only

LoRA (r=24, α=48) Base LR = 3× 10−4, LoRA
adapters only

Continual Learning Strategies
V1.1 Naive Base LR = 3× 10−4, r = 16,

α = 32
V2.1 Single-Domain ER Base LR = 3× 10−4, r = 24,

α = 48, Replay buffer: 400
target samples

V3.1 Multi-Domain ER Base LR = 3× 10−4, r = 24,
α = 48, Replay buffer: 300
target + 300 general

V4.5 EWC Base LR = 3× 10−4, r = 24,
α = 48, λ = 10

V5.1 Hybrid Base LR = 3× 10−4, r = 24,
α = 48, λ = 10, Replay buffer:
300 target + 300 general

Table 3: Comprehensive hyperparameter settings. r and
α represent the LoRA rank and scaling factor, respec-
tively. λ denotes the EWC regularization strength.

A Experimental Setup and
Reproducibility

To ensure the reproducibility of our findings, we
provide the full configuration details for all exper-
imental paradigms. All models were trained for
3 epochs per data segment to ensure local con-
vergence, and all results are averaged over three
random seeds. All results, including the baseline,
were obtained under a single, consistent set of soft-
ware package versions.

A.1 Hyperparameter Configurations

Table 3 details the parameters used, utilizing a split-
table format to distinguish between universal set-
tings and those tailored to specific strategies. LoRA
hyperparameters were selected based on prior liter-
ature and preliminary validation experiments; the
replay, EWC, and hybrid strategies share an iden-
tical LoRA configuration (r = 24, α = 48) to
enable fair comparison.

Algorithm 1: LoRA-based Hybrid Adaptation Loop
Require: Base model θbase, Replay buffer B, Regular-

ization λ
1: Inject LoRA adapters θ0 into frozen θbase; set impor-
tance F ← 0
2: for segment k = 1, . . . ,K do
3: Receive clinical stream Dk

4: Dtrain ← Sample(Dk) ∪ Sample(B)
5: Adaptation Step:
θk ← argminθLCTC(Dtrain)

+λ
2

∑
Fi(θk − θ∗k−1)

2

6: Importance Estimation:
Fnew ← 1

|Dtrain|
∑

x∈Dtrain
|∇θLCTC(x)|

7: Asynchronous Consolidation:
F ← F×(k−1)+Fnew

k
8: θ∗k ← detach(θk) Checkpointing
9: B ← UpdateBuffer(Dk,Linst)
10: end for

Algorithm 2: Buffer Management
Require: Segment data Dk, Buffer B, Threshold τ

1: Compute Linst(x) for all instances x ∈ Dk

2: Hard Example Mining:
Identify Shard ← {x ∈ Dk | Linst > τ L̄}
3: Buffer Update:
Bgv ← Sample(60% from Shard
∪ 40% Random)
Bgen ← Sample(300 Balanced from Kathbath)
4: B ← Bgv ∪ Bgen

A.2 Algorithm and Buffer Management
The technical contribution of our framework lies in
the efficient integration of LoRA, linearized EWC,
and prioritized experience replay. Algorithm 1 be-
low details the localized adaptation loop, and Al-
gorithm 2 describes our multi-domain buffer man-
agement strategy.

A.3 Computational Efficiency and Hardware
Setup

A core goal of our work is to show that high-
performance, on-device adaptation is feasible on
consumer-grade laptops. We evaluated our pipeline
on the configurations detailed in Table 4. These
benchmarks demonstrate the technical feasibility
of localized, self-improving ASR systems in envi-
ronments where high-end compute clusters are un-
available. The reported runtimes are approximate,
representative values and vary across software en-
vironments.

B Dataset Characteristics

The Gram Vaani dataset serves as a proxy for rural
clinical environments due to its telephonic acqui-
sition (originally 8kHz upsampled to 16kHz) and
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Config A
(High-End)

Config B
(Mid-Range)

CPU Intel i7-13700H
(14 cores)

Intel i5-12500H
(12 cores)

GPU NVIDIA RTX
4050 (35W)

NVIDIA RTX
3050 (70W)

Training Time
(per segment)

25–30 minutes 50–60 minutes

Table 4: Hardware configurations (consumer-grade lap-
tops) and approximate training time benchmarks for
on-device adaptation.

Metric Value

Total Duration 103.2 Hours
Number of Segments (k) 19 (V1.1, V4.5); 24 (V2.1,

V3.1, V5.1)
New Samples per Segment 2,000 (V1.1, V4.5); 1,600

(V2.1, V3.1, V5.1)
Avg. Duration per Sample 9.4 s
Acoustic Condition Noisy
Primary Dialect Rural Hindi

Table 5: Characteristics of the partitioned Gram Vaani
dataset used for continual adaptation.

focus on healthcare and agricultural discussions.
Table 5 summarizes the key characteristics. Forget-
ting is evaluated on the complete Kathbath Hindi
validation set (3,151 samples) and the FLEURS
Hindi (hi_in) test split.

C Detailed Results by Paradigm

This section presents metric progressions for each
continual strategy, grouped by paradigm: Naive
(V1.1; Figure 6), Experience Replay (V2.1 and
V3.1; Figure 7), EWC (V4.5; Figure 8), and Hy-
brid (V5.1; Figure 9). All metrics (WER, CER,
BERTScore) are reported as percentages (%) with
mean ± standard deviation across 3 independent
seeds, each run for the full continual adaptation
protocol; final-checkpoint results for all strategies
are reported in Table 1. Figures show the full pro-
gression over training segments; the shaded band
denotes ±1 standard deviation. The EWC strategy
(V4.5) shows visibly wider bands, indicating higher
sensitivity to the random seed than the replay-based
strategies.
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Figure 6: Metric progression (WER, CER, BERTScore) for the Naive strategy (V1.1) across all three evaluation
datasets. Shaded bands denote ±1 standard deviation across seeds.

Figure 7: Metric progression for Experience Replay strategies (V2.1 and V3.1) across all evaluation datasets.
Shaded bands denote ±1 standard deviation across seeds.
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Figure 8: Metric progression for the EWC strategy (V4.5). The larger standard deviation bands indicate higher
sensitivity to the random seed than the replay-based strategies.

Figure 9: Metric progression for the Hybrid strategy (V5.1) across all evaluation datasets. Shaded bands denote ±1
standard deviation across seeds.
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