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Abstract

Large-scale ASR models such as Whisper per-
form well in general domains but struggle
with specialized terminology, particularly in
sensitive domains like medicine. We pro-
pose WhisperX-LLM-TermFixer, a lightweight
post-decoding framework that improves term
recognition without retraining or modifying
the acoustic model. The method combines N-
best decoding, phonetic n-gram correction, and
LLM-based contextual filtering. We evaluate
the method on a controlled synthetic bench-
mark containing 1,005 utterances per language
in English, Spanish, Catalan, and Basque, with
one target medical term per utterance and full
lexicon coverage. Across six Whisper sizes, the
selected configurations improve term accuracy
by 16.12-35.32 percentage points and reduce
WER by 0.88-4.01 points relative to WhisperX.
LLM filtering reduces WER relative to the pho-
netic stage in all evaluated configurations, al-
though it reduces term accuracy in three Basque
configurations. Perplexity results provide ad-
ditional evidence of improved linguistic plau-
sibility. The selected configurations require
approximately 1.26x—2.38x the baseline infer-
ence time. Our code and data are publicly avail-
able at https://github.com/NLP-UMUTeam/
WhisperX-LLM-TermFixer.

1 Introduction

Automatic Speech Recognition (ASR) systems
have undergone significant advances in recent
years, driven by End-To-End (E2E) neural architec-
tures (Chorowski et al., 2015; Prabhavalkar et al.,
2023), such as Whisper (Radford et al., 2023),
Wav2vec2 (Baevski et al., 2020), HuBERT (Hsu
et al., 2021) and WavLM (Chen et al., 2022).
Among these systems, Whisper has emerged as
the foundational model for many current tools and
frameworks due to its strong performance across
multiple languages, acoustic conditions, and tasks.

* Corresponding author.

Its open-vocabulary formulation and weakly super-
vised training on large volumes of data enable ro-
bust recognition in general-domain scenarios with-
out the need for explicit adaptation.

Despite its strong overall performance, Whisper
exhibits limitations in specialized applications. In
particular, it can struggle to recognize rare words,
including domain-specific terminology (Jogi et al.,
2024). Clinical applications also require attention
to speech details that conventional transcription
may fail to preserve. Hwang et al. (2025) iden-
tify omissions of clinically relevant filler words
in psychiatric interviews, while Lin et al. (2024)
highlight that Whisper’s context-dependent out-
put correction can obscure pronunciation details
needed for child speech assessment. These find-
ings motivate targeted approaches to terminology
recognition and task-specific evaluation in sensitive
clinical settings.

ASR models often struggle to recognize proper
nouns and entities that occur infrequently in the
training data. To address this issue, numerous stud-
ies have proposed lexical and contextual adapta-
tion mechanisms. A common approach involves
constructing lists of hot words or domain-specific
entity vocabularies and incorporating them during
decoding through shallow fusion (Gourav et al.,
2021; Zhao et al., 2019) or deep fusion techniques
(Chang et al., 2021; Han et al., 2022; Munkhdalai
et al., 2022). Shallow fusion boosts the scores of
hot words during beam search decoding, although
it requires careful tuning of the fusion weight to
avoid degrading overall performance. In contrast,
deep fusion introduces a contextual encoder that is
jointly trained with the ASR model from scratch,
mapping both entity words and the speech signal
into a shared feature space, thereby enabling the
decoder to leverage both contextual and acoustic in-
formation. To adapt existing ASR models, other ap-
proaches employ adapters (Sathyendra et al., 2022)
to modify intermediate representations or pointer
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networks to revise output distributions in favor of
domain-specific entities (Sun et al., 2023). More-
over, combining shallow and deep fusion strategies
has been shown to further enhance recognition per-
formance in biased scenarios (Le et al., 2021).

In the context of Whisper-based systems, some
works integrate keyword spotting modules or aux-
iliary signals during decoding to explicitly bias the
recognition of rare terms (Li et al., 2024). Other
lines of research explore the integration of external
language models via techniques such as shallow fu-
sion or hypothesis re-scoring, providing additional
linguistic knowledge beyond the acoustic signal,
which is particularly beneficial in low-resource set-
tings (de Zuazo et al., 2025).

The adaptation strategies discussed above, in-
cluding fine-tuning, adapter-based methods, and
external language model fusion or re-scoring, dif-
fer in their requirements for training data and ac-
cess to the decoding process. Fine-tuning and
adapter-based methods require additional optimiza-
tion, whereas external language model fusion or re-
scoring can operate without retraining the acoustic
model. Our approach assumes access to a domain-
specific lexicon and pretrained language models,
without additional in-domain training.

We propose WhisperX-LLM-TermFixer, a
modular framework to improve the recognition of
specialized terminology in Whisper-based ASR
systems without requiring retraining or intrusive
modifications to the acoustic model. Our approach
is implemented as an extension of WhisperX (Bain
et al., 2023), a widely used framework for practi-
cal Whisper deployment, and operates exclusively
at the hypothesis generation and post-processing
stages. It combines multiple decoding hypotheses,
phonetic- and text-based lexical correction mech-
anisms, and contextual re-scoring using a Large
Language Model (LLM), aiming to enhance lin-
guistic coherence and accurate recovery of domain-
specific terms while preserving the overall system
performance.

We evaluate our proposed method using a di-
verse set of LLMs, including Gemma-3 (1B and
4B) (Gemma Team et al., 2025), Gemma-2 (9B)
(Gemma Team et al., 2024), BioMistral-7B and
its variants (DARE and SLERP) (Labrak et al.,
2024), LLaMA-3.1 (8B) (Grattafiori et al., 2024),
LLaMA-3.2 (1B and 3B) (Grattafiori et al., 2024),
and Salamandra (2B and 7B) (Gonzalez-Agirre
et al., 2025), across multiple languages: English,
Spanish, Catalan, and Basque. Our experiments

focus on domain-specific evaluation, selecting the
medical domain as a representative case study, with
an emphasis on the recognition and correction of
medical terminology in a multilingual setting.
Our contributions can be summarized as follows:

1. WhisperX-LLM-TermFixer, a modular
framework for improving domain-specific
term recognition in Whisper-based ASR sys-
tems without requiring model retraining or
architectural modifications.

2. A hybrid correction strategy that combines
N-best hypothesis re-ranking, phonetic and
textual similarity matching, and LLM-based
contextual re-scoring to improve term recov-
ery while accounting for sentence-level plau-
sibility.

3. A comprehensive multilingual evaluation
across English, Spanish, Catalan, and Basque
using a controlled synthetic dataset of medical
terminology, analyzing the impact of different
LLMs and demonstrating improvements over
baseline WhisperX.

2 Methodology

2.1 System overview

As illustrated in Figure 1, the proposed approach
consists of three key components designed to im-
prove the recognition of specialized terminology
without modifying Whisper’s architecture or per-
forming domain adaptation through fine-tuning.
First, WhisperX segments the audio using Voice
Activity Detection (VAD). Each segment is de-
coded with beam search to obtain an /NV-best list
and decoding scores. Lexicon-guided selection pri-
oritizes lexical matches, with the Whisper score
used to break ties. Next, a phonetic and textual n-
gram module proposes term replacements. Finally,
an LLM scores the resulting sentence variants and
selects the lowest-loss valid candidate among those
evaluated, provided that the improvement exceeds a
threshold. Constraints restrict partial replacements
and duplicate insertions. This sequential search
does not guarantee a global optimum over all pos-
sible combinations of edits.

2.2 WhisperX

WhisperX is used as the inference backbone due to
its efficient segmentation and decoding capabilities.
Given an input audio signal, the system applies
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Figure 1: System architecture. WhisperX segments the
input audio; beam decoding returns multiple hypothe-
ses, followed by lexicon-guided selection and phonetic
candidate generation. An LLM scores replacement vari-
ants to select a valid lower-loss output. Beam search
operates during acoustic decoding.

WhisperX’s default VAD to identify speech regions
and construct temporal segments. Each segment
is then decoded with Whisper to produce segment-
level textual hypotheses.

2.3 Beam search and phonetic filtering

We extend the WhisperX decoding interface to
return multiple hypotheses per segment, together
with their decoding scores, and use this [V-best
list for lexicon-guided selection. The extension

concerns hypothesis access and selection in the
pipeline, rather than introducing beam search as
a new capability of Faster-Whisper. Alternative
hypotheses can contain useful term variants that
are absent from the highest-scoring transcription.

2.3.1 Lexicon-guided hypothesis selection

We select a hypothesis from the N-best list by pri-
oritizing matches with the domain-specific lexicon.
When multiple hypotheses contain the same num-
ber of matches, the Whisper decoding score is used
to break ties.

Before lexical matching, both lexicon entries and
decoded words are normalized using the same pro-
cedure. Strings are converted to lowercase, decom-
posed using NFD normalization, and stripped of
combining marks. Consequently, matching is case-
insensitive and accent-insensitive; for example, ra-
diografia and radiografia are treated as equivalent.
Words are extracted using a Unicode-aware reg-
ular expression. The normalized forms are used
only for lexical comparison, while the canonical
lexicon forms are retained for subsequent correc-
tion. The complete normalization, indexing, and
output-reconstruction rules are summarized in Ap-
pendix B.

Formally, let {hj} | denote the decoding hy-
potheses for a given segment, and let £ be a normal-
ized domain-specific lexicon. For each hypothesis
hi, we compute the number of lexical matches as
follows:

clhe) =Y

wewords(hy)

Tw € L],

where words(-) denotes word-level tokenization
and I is the indicator function. The selected hy-
pothesis is then defined as:

h* = arg ml?x (C(hk)7 S(hk))’

where s(hy) is the decoding score produced by
the Whisper model and is used as a tie-breaking cri-
terion. This selection strategy prioritizes hypothe-
ses that contain a higher number of lexicon terms
while still accounting for the acoustic confidence
of the underlying ASR model.

2.3.2 N-gram-based phonetic filtering

After selecting h*, a detection and correction mod-
ule explores word n—grams of length n < N over
the hypothesis text. For each candidate n-gram, a
combined similarity score is computed between the
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recognized fragment and a lexicon term, integrat-
ing (i) textual similarity and (ii) phonetic similarity
using metaphone encoding and fuzzy matching.

To ensure efficiency with large lexicons, the sys-
tem employs an index based on the first charac-
ter and approximate string length to restrict the
search space. In addition, a length-dependent
dynamic threshold reduces false positives, with
stricter thresholds for shorter strings. The module
also incorporates heuristic rules to avoid trivial or
harmful corrections, such as preventing replace-
ments when the lexicon term already appears as a
subtoken within the candidate n-gram.

2.4 Domain contextual refinement with LLM

Although phonetic and textual correction improves
the recognition of specialized or rare terms, it may
introduce ambiguity when multiple similar candi-
dates exist or when substitutions affect sentence-
level coherence. To mitigate this effect, we intro-
duce a contextual re-scoring module based on an
LLM, which evaluates the global plausibility of a
sentence after applying a replacement.

Given a candidate sentence y, obtained by apply-
ing a substitution over a span, we compare a cost
J(y) based on the LLM’s negative log-likelihood.
A correction is accepted only if it yields a sufficient
improvement over the current sentence:

A= J(yold) - J(ynew) >,

where 7 denotes a minimum improvement
threshold. This criterion is intended to reject re-
placements that lower sentence likelihood. It does
not guarantee semantic correctness, and its effect
on transcription quality is assessed using Word Er-
ror Rate (WER).

Unlike re-scoring strategies that evaluate only
full-span replacement, our method performs se-
quential re-scoring by considering multiple re-
placement variants for the same lexical candi-
date. Specifically, it evaluates incremental replace-
ments over span prefixes (e.g., [start:start+1],
[start:start+2], ..., [start:end]). This strat-
egy enables the selection of the variant that best
preserves contextual coherence, without enforcing
unnecessary substitutions when parts of the rec-
ognized fragment are already correct. In addition,
domain-specific constraints are incorporated to pre-
vent common errors in multi-word terms, such as
partial replacements or duplications. In particu-
lar, substitutions are discarded if replacing a prefix

would leave an immediate residual token to the
right that belongs to the target term (e.g., replac-
ing a prefix with “agni casti fructus” while retain-
ing the following token “fructus”, yielding “agni
casti fructus fructus”), as such cases typically result
in duplicated insertions or incomplete corrections.
Among the valid candidates, the variant with the
lowest LLM loss is selected, provided that the loss
reduction is at least 7.

3 Experimental Setup

3.1 Dataset

To evaluate medical terminology recognition, we
construct a synthetic speech dataset comprising
1,005 domain-specific terms per language, cover-
ing English, Spanish, Catalan, and Basque, drawn
from the medical and pharmaceutical domains and
extracted from the Centro de Informacion online de
Medicamentos de la AEMPS (CIMA)'. The use of
a synthetic dataset allows control over lexical cov-
erage, sentence content, and speaker generation set-
tings, enabling a focused analysis of term-detection
errors independent of acoustic noise or disfluencies.
For this purpose, contextualized medical sentences
containing the target terms are automatically gen-
erated using Gemini (Team et al., 2023). The cor-
responding speech signals are synthesized using
multiple Text-To-Speech (TTS) systems. For Span-
ish, Catalan, and Basque, speech was generated
using the Microsoft Text-to-Speech API, which
provides neural voices for the three languages. En-
glish speech was generated using Coqui-TTS? with
multiple speakers.

Table 1 summarizes the synthetic benchmark.
Each language contains 1,005 utterances con-
structed around one target term from the same ter-
minology inventory. The correction lexicon con-
tains all target terms, making this a closed-set, full-
coverage evaluation. This design isolates recovery
of known terminology rather than open-domain
term discovery. Sentence length and duration dif-
fer across languages; these differences reflect the
generated material and synthesis settings as well as
linguistic variation. Because English uses a differ-
ent TTS system, cross-language differences cannot
be attributed to language alone.

1ht’cps: //cima.aemps.es/cima/publico/home.html
Zhttps://github.com/coqui-ai/TTS
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Language Total Words / Mgan
words Utterance duration (s)
English 16,190 16.11 8.10
Spanish 19,579 19.48 7.75
Catalan 19,323 19.23 9.47
Basque 13,123 13.06 9.36

Table 1: Summary statistics of the synthetic multilingual
medical speech dataset. Each language contains 1,005
utterances with domain-specific medical terminology.

3.2 Parameter Settings

All experiments are conducted using Whis-
perX with the Faster-Whisper backend. Au-
dio is segmented using VAD (vad_onset=0.15,
vad_offset=0.20) and decoded using the corre-
sponding language setting for each evaluation lan-
guage, with a maximum chunk size of 30s. Beam
search is enabled with beam_size=10, generating
an N-best list of num_hypotheses=10 per segment;
the selected hypothesis maximizes the number of
matches against the medical lexicon, with Whis-
per’s decoding score used as a tie-breaker. Af-
ter hypothesis selection, a phonetic n-gram cor-
rection module is applied (up to 7-grams) using
combined fuzzy textual and metaphone-based pho-
netic similarity with a base threshold of 85. Fi-
nally, LLM-based contextual re-scoring is per-
formed using an LL.M; a replacement is accepted
only if it improves sentence likelihood by at least
1m_threshold=0.01, favoring conservative cor-
rections with lower LLM loss. A detailed descrip-
tion of all configurable parameters is provided in
Appendix B.

3.3 Evaluation Metrics

We evaluate the proposed approach using WER
and term-level accuracy, which capture comple-
mentary aspects of recognition performance. WER
measures overall transcription quality and reflects
the balance between substitutions, deletions, and
insertions at the word level.

Since this work focuses on the recovery of spe-
cialized medical terminology, we additionally re-
port term accuracy, defined as the percentage of
target medical terms correctly recognized in the
transcription. A term is considered correct only
when the full term, including multi-word expres-
sions, is accurately recovered. Reporting both
metrics allows us to assess global ASR perfor-
mance while explicitly measuring improvements in
domain-specific term recognition.

Appendix C reports utterance-level bootstrap
95% confidence intervals for each corrected sys-
tem’s WER and term accuracy, based on 5,000
resamples. These marginal intervals quantify un-
certainty in the individual metrics; they are not
confidence intervals for paired differences. We
therefore do not infer the statistical significance of
system differences from these intervals alone.

4 Experimental Results

4.1 Main Results

Table 2 reports, for each language and Whisper
size, the selected LLM variant and its performance
within each model family. Selection is based on
the highest observed term accuracy, with lower
WER used as a tie-breaker. If both metrics are
identical at the reported precision, the smaller LLM
is selected; if model size is also tied, the base non-
merged variant is retained. Table 3 applies the same
selection rule across families.

These summaries describe the best observed con-
figurations on this benchmark and should not be
interpreted as a model-selection procedure vali-
dated on independent data. The grid comprises
11 LLMs, six Whisper sizes, and four languages
(264 configurations). All evaluated families im-
prove the reported metrics relative to WhisperX.
Small differences between LLMs do not establish
a statistically reliable family ranking. Detailed re-
sults and marginal confidence intervals appear in
Appendix C.

We additionally compare against a lexicon-based
hotword baseline. A first Whisper pass produces a
transcript; our phonetic candidate-generation mod-
ule retrieves up to five lexicon terms per utterance,
which are injected as hotwords in a second decod-
ing pass. Thus, this implementation requires two
Whisper decoding passes. The selected full-system
configurations achieve lower WER and higher term
accuracy than this baseline in English, Spanish, and
Catalan. In Basque, hotwords achieve higher accu-
racy for Small, Medium, and Large-v3, while the
full system retains lower WER. The full pipeline is
faster in the reported implementation, but this does
not imply an intrinsic speed advantage over other
hotword implementations.

Table 17 in Appendix D reports a staged abla-
tion. Lexicon-guided N-best selection improves
term recovery over WhisperX in every configura-
tion. Adding phonetic correction increases term
accuracy further, although WER can increase. The
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Whisper Gemma BioMistral LLaMA Salamandra
Model WER Acc Model WER Acc Model WER Acc Model WER Acc
English
Tiny 2-9B 16.85 35.52 DARE 16.80 36.12 3.2-3B 16.81 36.12 7B 16.79 36.22
Base 2-9B 11.08 49.85 DARE 11.02 49.95 3.2-1B 11.05 4995 7B 11.04 49.95
Small 2-9B 722 6229 7B 721 62.09 3.2-1B 723 62.19 7B 717 62.59
Medium 2-9B  4.97 70.55 DARE 497 70.55 3.1-8B 499 7045 7B 4.93 70.95
Large-t 2-9B 461 7274 7B 4.61 7274 3.2-1B 455 7373 7B 4.54 73.83
Large 2-9B 3.61 78.81 DARE 3.59 79.00 3.2-3B 3.61 79.00 7B 3.55 79.20
Spanish
Tiny 3-4B 14.57 67.06 SLERP 14.54 67.06 3.1-8B 14.58 66.87 2B 14.63 67.16
Base 2-9B 877 77.81 SLERP 8.72 7791 3.1-8B 8.75 77.61 7B 8.73 77.81
Small 3-4B  4.46 8597 SLERP 452 8547 3.1-8B 4.46 8587 7B 4.51 85.67
Medium 3-4B  2.50 90.95 7B 2.50 90.95 3.2-3B 2.50 90.85 7B 2.51 90.95
Large-t 2-9B 1.85 93.63 7B 1.86 93.23 3.1-8B 1.87 93.33 7B 1.87 93.23
Large 34B  1.81 9373 7B 1.79 93.73 3.1-8B 1.81 93.83 7B 1.81 93.83
Catalan
Tiny 2-9B 41.78 30.75 SLERP 41.79 30.75 3.1-8B 41.75 31.24 7B 41.71 31.34
Base 3-4B 2791 39.30 SLERP 28.01 3891 3.1-8B 27.94 3920 7B 27.78 39.80
Small 2-9B 15.66 50.05 DARE 15.62 49.85 3.1-8B 15.63 5045 7B 15.51 50.65
Medium 2-9B 9.55 60.00 DARE 9.59 59.30 3.1-8B 9.54 60.20 7B 9.50 60.10
Large-t 2-9B 6.85 6458 7B 6.95 63.78 3.1-8B 6.83 65.07 7B 6.80 65.17
Large 2-9B 6.28 70.05 DARE 6.30 70.05 3.1-8B 6.30 70.15 7B 6.22 70.35
Basque
Tiny 2-9B 94.18 31.64 DARE 94.38 33.03 3.2-1B 94.15 3333 7B 93.76 34.93
Base 2-9B 87.72 36.62 DARE 87.80 39.50 3.2-1B 87.63 40.00 7B 87.32 41.89
Small 2-9B 67.92 42.69 DARE 68.04 43.88 3.2-1B 67.59 4587 7B 6747 46.27
Medium 2-9B 53.44 4557 DARE 53.82 4597 3.2-3B 53.21 4687 7B 53.05 47.76
Large-t 2-9B 32.59 5940 DARE 33.01 58.81 3.1-8B 32.62 58.81 7B 32.44 60.60
Large 2-9B 3421 54.53 DARE 34.47 5582 3.1-8B 34.12 55.52 7B 33.95 56.02

Table 2: Best-performing LLM within each model family for each language and Whisper model size. The Model
column identifies the selected LLM variant. Selection is based on the highest observed term accuracy, with lower
WER used as a tie-breaker. If both metrics are identical at the reported precision, the smaller LLM is selected; if
model size is also tied, the base non-merged variant is retained. Boldface marks the WER and accuracy of the
best-performing family in each row under the same criterion. Thus, bold WER values are not necessarily the lowest
in the row. WER and term accuracy are reported as percentages. Large-t denotes large-v3-turbo, and Large denotes

large-v3.

largest accuracy increment comes from the pho-
netic stage in 14 of 24 configurations and from
N-best selection in the remaining ten. The full
system has the lowest WER among the stages in all
24 configurations and the highest term accuracy in
English, Spanish, and Catalan. In Basque, its term
accuracy is lower than that of the phonetic stage
for Small, Medium, and Large-v3. These results
show a language-dependent trade-off between term
recovery and overall transcription quality.

4.2 Multilingual Analysis

Table 3 compares baseline WhisperX with the full
pipeline across four languages and six Whisper
model sizes. For each configuration, the LLM is
selected according to the highest observed term
accuracy, with WER used as a tie-breaker. All

selected configurations improve both metrics rel-
ative to the baseline. Term-accuracy gains range
from 16.12 to 35.32 percentage points, while WER
decreases by 0.88—4.01 points.

English improves by 21.99-30.05 points in term
accuracy, accompanied by WER reductions of
1.69-2.64 points. Whisper Base exhibits the largest
accuracy gain, increasing from 19.90% to 49.95%,
while its WER decreases from 13.66% to 11.02%.
Improvements remain substantial for larger mod-
els: Whisper Large increases term accuracy from
55.62% to 79.20% and reduces WER from 5.24%
to 3.55%. This combination shows that a compara-
tively low overall WER can coexist with consider-
able difficulty recognizing the target terminology.

Spanish achieves the highest final term accuracy
among the evaluated languages, reaching 93.83%
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with Whisper Large. The largest absolute gains
occur for Tiny and Base, whose term accuracies
increase by 35.22 and 35.32 points, respectively.
For Tiny, accuracy rises from 31.94% to 67.16%,
while WER decreases from 17.61% to 14.63%. As
baseline accuracy increases with model size, the re-
maining improvement becomes smaller: Large-v3-
turbo and Large gain 17.21 and 16.12 points. Nev-
ertheless, their WER also decreases, from 2.85%
to 1.85% and from 2.69% to 1.81%, respectively.
The smaller absolute gains for these configurations
are consistent with their higher starting accuracy
and reduced headroom for improvement.

Catalan shows term-accuracy gains of
24.77-34.13 points and WER reductions of
2.20-2.76 points. Unlike Spanish, substantial
accuracy gains persist for the larger Whisper mod-
els. Medium improves from 26.07% to 60.20%,
corresponding to the largest gain for Catalan,
while Large improves from 37.01% to 70.35%.
These results indicate that increasing ASR model
size alone does not eliminate terminology errors
in this benchmark. At the same time, absolute
output quality remains strongly dependent on the
underlying model: the full pipeline yields a WER
of 41.71% for Tiny, compared with 6.22% for
Large. Term correction therefore complements a
stronger ASR backbone but does not compensate
fully for a weak one.

Basque obtains consistent term-accuracy gains
of 27.76-30.85 points and the largest absolute
WER reductions in the comparison, ranging from
2.66 to 4.01 points. However, these improvements
must be interpreted alongside the high residual
WER. For Small, term accuracy increases from
15.42% to 46.27%, while WER decreases from
71.24% to 67.47%. Medium achieves the largest
WER reduction, from 57.06% to 53.05%, but its
final term accuracy remains 47.76%. Large-v3-
turbo provides the strongest selected Basque result
on both metrics, with 60.60% term accuracy and
32.44% WER, compared with 56.02% and 33.95%
for Large-v3. Thus, performance does not improve
monotonically with model size. More broadly, the
Basque results demonstrate recovery of known ter-
minology under weak baseline ASR conditions;
they do not establish clinically reliable transcrip-
tion or a general solution to low-resource ASR.

The relationship between baseline quality and
improvement is not uniform across languages.
Spanish exhibits its largest term-accuracy gains
for smaller models, whereas Catalan retains gains

Whisper Baseline Ours A
WER Acc  WER Acc  WER | Acc 1
English
Tiny 18.91 1423 1679 36.22 2,12 421.99
Base 13.66 1990 11.02 49.95 -2.64  +30.05
Small 941 33.33 7.17  62.59 -2.24  +29.26
Medium 6.88 43.28 493 7095 -1.95  +27.67
Large-t 6.50 44.88 4.54 7383 -1.96  +28.95
Large 524 55.62 355 79.20 -1.69  +23.58
Spanish
Tiny 17.61 3194 14.63 67.16 -2.98  +35.22
Base 11.53  42.59 872 7791 -2.81  +35.32
Small 6.54 56.82 446 8597 -2.08  +29.15
Medium 3.74  70.85 2.50 90.95 -1.24  +20.10
Large-t 285 7642 1.85 93.63 -1.00  +17.21
Large 2.69 77.71 1.81 93.83 -0.88  +16.12
Catalan
Tiny 4391 6.57 4171 3134 220 +24.77
Base 30.54 11.64 27.78 39.80 -2.76  +28.16
Small 18.02 20.20 15.51 50.65 -2.51  +30.45
Medium  11.91 26.07 9.54  60.20 -2.37  +34.13
Large-t 9.03 32.84 6.80 65.17 -2.23  +32.33
Large 8.53 37.01 6.22 70.35 -2.31  +33.34
Basque
Tiny 97.32 6.67 9376 3493 -3.56  +28.26
Base 90.99 12.54 87.32 41.89 -3.67  +29.35
Small 71.24 1542 6747 46.27 -3.77  +30.85
Medium  57.06 17.51 53.05 47.76 -4.01  +30.25
Large-t 35.28 31.24 3244 60.60 -2.84  +29.36
Large 36.61 2826 3395 56.02 -2.66  +27.76

Table 3: Comparison between baseline WhisperX and
WhisperX-LLM-TermFixer (Ours) for each language
and Whisper model size. For Ours, the LLM is selected
across all evaluated models using the highest observed
term accuracy, with lower WER, smaller model size,
and preference for the base non-merged variant used as
successive tie-breakers. WER and term accuracy are
reported as percentages. A denotes Ours minus Baseline
in percentage points; negative WER differences and
positive accuracy differences indicate improvements.
Large-t denotes large-v3-turbo, and Large denotes large-
v3.

above 32 points for Medium, Large-v3-turbo, and
Large. Basque shows comparatively similar accu-
racy gains across sizes despite large differences in
absolute WER. These patterns support evaluating
both term accuracy and WER: recovering the target
expression and producing an accurate transcript are
related but distinct outcomes. In particular, substan-
tial improvements in the former can coexist with a
high error rate elsewhere in the transcription.

4.3 Impact of LLM

Domain-specific lexicons, particularly in special-
ized domains such as medicine, often contain
multi-word expressions and morphologically com-
plex terms. In these scenarios, relying solely on
phonetic-based replacement can lead to incorrect
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ASR Output

Phonetic Correction

LLM-Filtered Out-
put

The herbalist recom-
mended  AgniCosti
fructus to help alleviate
the symptoms of pre-
menstrual syndrome.

“AgniCosti fructus to”

— “agni casti fructus”

The herbalist recom-
mended agni casti
fructus to help alle-
viate the symptoms
of premenstrual syn-
drome.

Anhydrocitric acid is
used as an acidifying
agent in various effer-
vescent tablet formula-
tions.

“Anhydrocitric acid is”

— “Anhydrous citric
acid”

Anhydrous citric acid
is used as an acidifying
agent in various effer-
vescent tablet formula-
tions.

Apriclonidine I drops
are used to control or
prevent elevations in in-
traocular pressure after
laser surgery.

“Apriclonidine 1I” —

“Apraclonidine”

Apraclonidine I drops
are used to control or
prevent elevations in in-
traocular pressure after
laser surgery.

Table 4: These examples illustrate how LLM-based fil-
tering can reject overly broad replacements and preserve
relevant surrounding tokens. In the middle column,
green highlights the span requiring correction, while red
marks tokens that should be retained.

substitutions. While phonetic similarity is effective
for recovering partially recognized terms, it may
also introduce errors by replacing acoustically sim-
ilar but contextually incorrect tokens, especially in
multi-word expressions.

Our N-gram-based phonetic correction enables
the recovery of longer terms, but may still produce
errors due to overlapping spans or partial replace-
ments that disrupt context. To address this, we
incorporate an LLM-based validation step that fil-
ters candidate corrections based on sentence-level
coherence, accepting only those that improve over-
all plausibility.

A staged component ablation is provided in Ap-
pendix D. The results quantify the contribution of
lexicon-guided N-best selection, phonetic correc-
tion, and LLM-based contextual filtering across all
languages and Whisper model sizes.

Table 4 illustrates representative examples of
this behavior. Phonetic matching alone may intro-
duce incorrect, incomplete, or duplicated substitu-
tions, particularly in multi-word terms. In contrast,
LLM-based filtering successfully removes incon-
sistent candidates and selects outputs with greater
sentence-level plausibility.

In addition to WER and term-level accuracy, we
evaluate sentence-level coherence using perplexity,
as reported in Table 5. Perplexity is computed us-
ing a causal language model as a proxy for fluency
and contextual plausibility. Specifically, we use
GPT-o0ss-20B (OpenAl, 2025) for English, Span-
ish, and Catalan, and latxa-13b-v1.2 (Etxaniz et al.,

2024) for Basque, which act as evaluation models
to score sentence-level likelihood, ensuring appro-
priate multilingual coverage.

Table 5 shows lower perplexity for the full sys-
tem than for the phonetic configuration at every
Whisper size in English, Spanish, and Catalan.
In Basque, the full system improves on the pho-
netic configuration for Base and Large-v3, but has
slightly higher perplexity for the other four sizes.
All corrected configurations have lower perplexity
than the baseline. These scores provide evidence
about linguistic plausibility under the evaluation
models; they do not establish semantic correctness.

Perplexity depends on the evaluation model, to-
kenization, and aggregation procedure. Compar-
isons should therefore be made within each lan-
guage and evaluation setup rather than treating val-
ues across languages as directly comparable.

The Basque results indicate that lower WER and
lower language-model perplexity need not select
the same correction strategy. The current experi-
ment does not isolate the effects of morphology,
training coverage, and candidate generation, so we
do not assign a causal explanation to these differ-
ences.

4.4 Efficiency Analysis

Figure 2 reports full-pipeline latency relative to
WhisperX for the configurations selected in Ta-
ble 3. Ratios calculated from the published av-
erage segment times range from approximately
1.26x to 2.38x. Across all 264 LLM configura-
tions in Appendix C, the range is approximately
1.05%x-2.48x%.

The full-to-baseline ratio includes changes in hy-
pothesis generation, phonetic correction, and con-
textual filtering; it does not isolate LLM cost. Ta-
ble 17 reports the intermediate-stage times needed
to inspect these contributions. Ratios vary with
language, Whisper size, and LLM choice. These
measurements characterize the tested 1,005-term
lexicon and implementation, without establishing
scaling behavior for larger lexicons or other hard-
ware.

Appendix E compares the full pipeline on clean
audio and audio mixed with hospital ambient noise
at 10 dB SNR, using Salamandra-7B throughout.
The largest WER increase is 1.66 points and the
largest accuracy decrease is 2.09 points, both for
Basque Large-v3-turbo. This experiment describes
sensitivity to one noise condition. Because it does
not report a matched noisy WhisperX baseline, it
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Model English Spanish Catalan Basque

Base Phon LLM Base Phon LLM Base Phon LLM Base Phon LLM
Tiny 123.33  108.21 106.26 85.69 68.76 66.99 282.89 249.31 248.58 344.22 305.65 306.85
Base 84.05 67.93 66.01 50.52 3859 37.26 15890 137.26 136.96 267.11 230.57 229.93
Small 50.12 40.54 38.85 2853 24.10 23.18 76.18 66.39 66.09 112.60 98.77 99.58
Medium 34.57 28.59 2694 2026 18.60 17.46 52.39 44.98 44.67 65.03 56.97 57.32
Large-t 32.09 27.27 2575 18.03 17.09 15.92 40.81 35.73 35.03 28.99 26.30 26.36
Large 26.32 22.53 2095 17.39 16.67 15.53 38.27 33.29 32.64 29.49 26.96 26.86

Table 5: Perplexity comparison across Whisper model sizes for different configurations. Base denotes the baseline
WhisperX system, Phon corresponds to phonetic-only correction, and LLM refers to the full WhisperX-LLM-
TermFixer approach. Lower values indicate greater likelihood under the corresponding evaluation model, rather

than guaranteed semantic correctness.
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Figure 2: Full-pipeline latency divided by baseline
WhisperX latency for each language and Whisper size,
using the configurations selected in Table 3. The ratio
includes hypothesis generation, phonetic correction, and
contextual filtering, not only LLLM scoring.

does not establish the size of the method’s advan-
tage under noise.

5 Conclusions

We presented WhisperX-LLM-TermFixer, a modu-
lar framework for improving domain-specific termi-
nology recognition without retraining the acoustic
model. The approach combines lexicon-guided
N-best hypothesis selection, phonetic and textual
n-gram correction, and LLM-based contextual fil-
tering. Together, these components recover candi-
date terms while using sentence-level likelihood to
guide replacement decisions.

Evaluation on a controlled synthetic medical
benchmark covering English, Spanish, Catalan, and
Basque shows improvements across all six Whis-
per sizes. The selected configurations increase term
accuracy by 16.12-35.32 percentage points and re-
duce WER by 0.88-4.01 points relative to baseline

WhisperX. Gains remain substantial for several
larger models, indicating that stronger general tran-
scription performance does not eliminate errors on
specialized terminology.

The staged ablation clarifies the contribution of
each component. Lexicon-guided selection im-
proves initial term recovery, and phonetic correc-
tion further increases term accuracy, although it can
introduce additional transcription errors. Adding
LLM-based filtering produces the lowest WER
among the evaluated stages in every configuration.
Its effect on term accuracy is language-dependent:
the full pipeline achieves the highest accuracy in
English, Spanish, and Catalan, but loses some re-
covered terms in three Basque configurations. This
illustrates the need to evaluate terminology recov-
ery alongside overall transcription quality.

Perplexity results provide complementary evi-
dence of improved linguistic plausibility, although
they do not establish semantic or clinical correct-
ness. The selected configurations require approxi-
mately 1.26x-2.38 x the baseline inference time,
reflecting the combined cost of hypothesis genera-
tion, phonetic correction, and contextual filtering.
The practical value of this additional computation
therefore depends on the application’s accuracy and
latency requirements.

Overall, the findings support post-decoding cor-
rection for recovering known terminology under
full lexicon coverage. Their scope remains lim-
ited by synthetic speech and the single-target-term
design; in particular, high residual Basque WER
prevents interpreting term recovery as clinically
reliable transcription.

Limitations

First, the benchmark uses automatically generated
sentences and TTS audio, without human valida-
tion of term pronunciation. The different TTS sys-
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tems used for English and the other languages con-
found comparisons across languages. Adding hos-
pital noise at a single 10 dB SNR does not validate
pronunciations or substitute for real, spontaneous
clinical speech. Human-verified and real-speech
evaluation remains necessary.

Second, the lexicon contains all 1,005 target
terms, with one target per utterance. This is a fa-
vorable closed-set setting for term recovery. The
evaluation does not measure false-positive inser-
tions on general or out-of-lexicon speech, partial
coverage, held-out terminology, or multi-term ut-
terances. Future work should assess these settings
using both term-recovery and false-positive met-
rics.

Third, we do not vary lexicon size. Length
and initial-character indexing restrict candidate re-
trieval, but larger lexicons may increase ambiguity
and processing cost. The reported latency ratios
should not be generalized beyond the tested lexi-
con and implementation. A scaling study should
jointly measure latency, WER, term accuracy, and
spurious insertions.

Fourth, the best-performing LLM summaries
describe observed benchmark results and do not
demonstrate selection on independent data. The
reported marginal confidence intervals do not es-
tablish significance of paired system differences.
The hotword comparison covers one two-pass im-
plementation; no comparison against an in-domain
n-gram LM is provided.

Finally, perplexity measures model-dependent
linguistic plausibility, not clinical or semantic cor-
rectness. Basque WER remains high despite im-
proved term recovery, so those results should be
interpreted as a stress test under weak baseline ASR
conditions. The method targets domain terminol-
ogy and does not solve low-resource ASR more
generally.

Ethical Considerations

This work aims to improve the recognition of
specialised medical terminology in ASR systems,
which could help to reduce transcription errors in
sensitive areas. However, since incorrect correc-
tions could still introduce clinically relevant mis-
takes, the proposed method should be considered
an assistive tool rather than a fully autonomous
clinical system. Our experiments were conducted
using fully synthetic speech generated from pub-
licly available medical terminology, with no patient

data or personal information used, thereby minimis-
ing privacy concerns. Nevertheless, further evalua-
tion of real-world clinical speech under appropriate
ethical safeguards is necessary.
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A Synthetic Dataset Used for Evaluation

A.1 Dataset example

The medical terminology used in the dataset was
extracted from the Centro de Informacion online de
Medicamentos de la AEMPS (CIMA) 3, which pro-
vides official information on pharmaceutical com-
pounds and active ingredients. The selected terms
include both single-word entities (e.g., drug names)
and multi-word expressions (e.g., compound for-
mulations or Latin-derived terminology), which are
known to be challenging for ASR systems.
Special emphasis was placed on including mor-
phologically complex and phonetically ambiguous

Shttps://cima.aemps.es/cima/publico/home . html

terms, as well as low-frequency entities that are
typically underrepresented in ASR training data.
The same set of 1,005 terms was adapted across all
languages to ensure consistent cross-lingual eval-
uation. Table 6 illustrates selected medical terms,
their cross-language variants, and the generated
sentence contexts used in the synthetic benchmark.

B Detailed Parameter Settings

This section provides a detailed overview of the
configurable parameters used in our approach. Ta-
ble 7 summarizes the key components involved
in lexicon-aware decoding, phonetic correction,
and language model re-scoring. Table 8 details
the normalization, candidate-matching, and output-
preservation rules.

C Detailed Results

This appendix reports detailed results for all evalu-
ated LLMs, Whisper sizes, and languages, includ-
ing baseline WhisperX and hotword biasing. Each
table reports WER, term accuracy, and average
processing time per segment. For the LLM config-
urations, brackets contain utterance-level bootstrap
95% confidence intervals for WER and term accu-
racy, based on 5,000 resamples.

C.1 English

Tables 9 and 10 report the English results. The first
table presents the shared WhisperX and WhisperX
with hotword biasing baselines together with the
Gemma and BioMistral variants, while the second
continues the comparison with the LLaMA and
Salamandra variants.

C.2 Spanish

Tables 11 and 12 report the Spanish results. The
first table presents the shared WhisperX and Whis-
perX with hotword biasing baselines together with
the Gemma and BioMistral variants, while the sec-
ond continues the comparison with the LLaMA and
Salamandra variants.

C.3 Catalan

Tables 13 and 14 report the Catalan results. The
first table presents the shared WhisperX and Whis-
perX with hotword biasing baselines together with
the Gemma and BioMistral variants, while the sec-
ond continues the comparison with the LLaMA and
Salamandra variants.
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Term (ES) Translations

Example Contexts

(ES) El gastroenterdlogo inici6 la terapia con adalimumab
para el paciente con enfermedad de Crohn moderada a grave.
(EN) The gastroenterologist initiated adalimumab therapy
for the patient with moderate-to-severe Crohn’s disease.
(CA) El gastroenteroleg va iniciar la terapia amb adalimumab
per al pacient amb malaltia de Crohn moderada a greu.
(EU) Gastroenterologoak adalimumab terapia hasi zuen
Crohn gaixotasun moderatua edo larria duen pazientear-
entzat.

(ES) Los resultados del laboratorio confirmaron una defi-
ciencia de alfa-1 antitripsina, lo que explica el enfisema de
inicio precoz del paciente.

(EN) The lab results confirmed a deficiency in alpha-1 antit-
rypsin, explaining the patient’s early-onset emphysema.
(CA) Els resultats del laboratori van confirmar una defi-
ciencia d’alfa-1 antitripsina, explicant I’emfisema d’aparici6é
precog del pacient.

(EU) Laborategiko emaitzek alfa-1 antitripsinaren gabezia
baieztatu zuten, pazientearen enfisema goiztiarra azalduz.

Adalimumab EN: Adalimumab

CA: Adalimumab

EU: Adalimumab
Alfa-1- EN: Alpha-1 antitrypsin
antitripsina CA: Alfa-1-antitripsina

EU: Alfa-1 antitripsina
Etinilestradiol EN: Ethinylestradiol

CA: Etinilestradiol

(ES) La mayoria de los anticonceptivos orales combinados
contienen etinilestradiol como el componente estrogénico

EU: Etinilestradioa

principal.

(EN) Most combined oral contraceptives contain ethinylestra-
diol as the primary estrogenic component.

(CA) La majoria dels anticonceptius orals combinats conte-
nen etinilestradiol com a component estrogenic principal.
(EU) Ahozko antisorgailu konbinatu gehienek etinilestradioa
dute osagai estrogeniko nagusi gisa.

Table 6: Examples of medical terms with their cross-lingual variants and contextualized sentences.

C4 Basque

Tables 15 and 16 report the Basque results. The first
table presents the shared WhisperX and WhisperX
with hotword biasing baselines together with the
Gemma and BioMistral variants, while the second
continues the comparison with the LLaMA and
Salamandra variants.

D Component Ablation

We conduct a staged ablation to quantify the con-
tribution of the three main components of the pro-
posed pipeline: (i) lexicon-guided N -best hypoth-
esis selection (N-best); (ii) N-best selection fol-
lowed by phonetic and textual n-gram correction
(N-best + Phonetic); and (ii1) the complete pipeline
with LLM-based contextual filtering (Full). For
each language and Whisper size, the full configu-
ration uses the LLM selected based on the highest
term accuracy, with WER as a tie-breaker. Table 17
reports WER, term-level accuracy, and average pro-
cessing time per segment.

E Noise Robustness Analysis

To evaluate robustness beyond clean synthetic
speech, we mixed the evaluation audio with hospi-

tal ambient noise at 10 dB SNR. The background
recordings were obtained from the Hospital Am-
bient Noise Dataset, which contains equipment
sounds, alarms, and background activity represen-
tative of clinical environments. Table 18 compares
WER and term accuracy under clean conditions
and hospital ambient noise at 10 dB SNR, using
Salamandra-7B for every language and Whisper
size.
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Parameter Type Default Description

lexicon_terms List[str] None List of domain-specific terms used for lexicon-aware
re-ranking and phonetic correction. Lowercased format
is recommended.

num_hypotheses int 1 Number of N-best hypotheses generated per segment.
Higher values enable more effective lexicon-based re-
ranking at the cost of increased computation.

use_lm bool False Enables contextual re-scoring using a causal language
model to validate phonetic replacements.

1m_name str None Path or Hugging Face model identifier of the language
model used for re-scoring (e.g., google/gemma-2-9b).

deep_1m bool False Enables prefix-span search during LM validation to
avoid partial token mismatches. Recommended for
multi-word terms.

1Im_threshold float 0.01 Minimum improvement in LM score required to accept
a phonetic replacement. Higher values enforce more
conservative corrections.

quantization str none Controls model quantization for memory efficiency. Op-
tions include none, 4bit, and 8bit.

Table 7: Configuration parameters of the proposed system, including lexicon-aware decoding and LLM-based
re-scoring.

Operation Implementation

Case normalization Lexicon entries and decoded text are converted to lowercase before matching.

Diacritic handling Unicode NFD decomposition is applied and combining marks (Mn) are removed, enabling
accent-insensitive matching.

Word extraction Words are extracted with the Unicode-aware regular expression \w+; punctuation is ignored
during lexical match counting.

Canonical form A mapping from each normalized entry to its canonical lexicon form is retained for accepted
replacements.

Phonetic input Normalized candidate spans and lexicon terms are compacted by removing whitespace before
Metaphone encoding.

Similarity score RapidFuzz textual similarity and Metaphone similarity are combined as 0.6Stext + 0.4Sphon-

Candidate indexing Lexicon entries are indexed by the first character and compact string length. Only entries
within £2 characters of the candidate length are considered.

Minimum length Candidate spans shorter than four characters are discarded.

Exact-match filtering Phonetic replacement is skipped when the normalized candidate already matches a lexicon
entry.

Punctuation preservation  Leading punctuation from the first replaced token and trailing punctuation from the last
replaced token are retained.

Capitalization Uppercase, title-case, or lowercase patterns are transferred to the canonical replacement when
applicable.

Table 8: Lexicon normalization, candidate retrieval, and output reconstruction rules used in the implementation.
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Baselines

WhisperX-LLM-TermFixer

WhisperX Gemma Gemma Gemma BioMistral BioMistral BioMistral
Whisper Metric WhisperX + Hotword 3-1B 3-4B 2-9B 7B 7B-dare 7B-slerp
WER | 18.91 20.70 16.84 16.82 16.85 16.85 16.80 16.83
Tiny [16.04-17.69]  [16.02-17.68]  [16.05-17.70] [16.04-17.69] [16.00-17.65] [16.03-17.67]
Accuracy 1 14.23 17.71 35.22 34.93 35.52 35.82 36.12 35.82
[32.34-38.21] [32.04-37.91] [32.54-38.51] [32.94-38.81] [33.13-39.10] [32.94-38.81]
Time (s) 0.234 0.742 0.371 0.398 0.390 0.372 0.381 0.382
WER | 13.66 14.97 11.08 11.12 11.08 11.09 11.02 11.09
Base [10.43-11.72] [10.48-11.77] [10.43-11.74] [10.43-11.75] [10.37-11.68] [10.44-11.73]
Accuracy 1 19.90 32.24 48.96 48.46 49.85 49.95 49.95 49.25
[45.87-52.14] [45.37-51.54] [46.77-52.94] [46.87-53.03] [46.87-53.13] [46.17-52.34]
Time (s) 0.235 0.740 0.392 0.424 0.410 0.397 0.397 0.400
WER | 9.41 8.68 7.24 7.26 7.22 7.21 7.22 7.21
Small [6.74-7.74] [6.76-7.77] [6.72-7.73] [6.70-7.72] [6.73-7.73] [6.71-7.71]
Accuracy 1 33.33 54.33 61.79 61.59 62.29 62.09 62.09 62.09
[58.71-64.78] [58.51-64.58] [59.20-65.27] [59.00-65.07] [59.00-65.07] [59.00-65.07]
Time (s) 0.269 0.775 0.432 0.460 0.544 0.434 0.438 0.439
WER | 6.88 6.73 5.02 5.06 4.97 4.98 4.97 5.00
Medium [4.63-5.41] [4.67-5.46] [4.57-5.37] [4.59-5.37] [4.58-5.36] [4.60-5.39]
Accuracy 1 43.28 64.88 69.45 68.96 70.55 70.45 70.55 70.15
[66.57-72.24]  [66.07-71.74]  [67.76-73.33] [67.56-73.23] [67.76-73.33] [67.26-72.94]
Time (s) 0.366 0.884 0.537 0.568 0.567 0.545 0.540 0.538
WER | 6.50 6.03 4.62 4.66 4.61 4.61 4.62 4.64
Large-v3 [4.25-5.01] [4.28-5.04] [4.24-4.99] [4.23-5.00] [4.24-5.00] [4.27-5.02]
turbo Accurac 44.88 60.40 72.54 72.14 72.74 72.74 72.54 72.44
y
[69.75-75.32] [69.35-74.93] [69.95-75.42] [69.95-75.52] [69.75-75.22] [69.65-75.12]
Time (s) 0.282 0.789 0.435 0.462 0.643 0.442 0.444 0.438
WER | 5.24 475 3.64 3.63 3.61 3.58 3.59 3.61
Large-v3 [3.33-3.98] [3.32-3.96] [3.30-3.93] [3.26-3.91] [3.28-3.93] [3.29-3.94]
Accuracy 1 55.62 71.64 78.21 78.41 78.81 78.71 79.00 78.51
[75.62-80.70] [75.82-81.00] [76.32-81.29] [76.22-81.19] [76.42-81.59] [75.92-81.09]
Time (s) 0.426 0.984 0.604 0.642 0.818 0.608 0.606 0.601

Table 9: WER, term-level accuracy, and average processing time per segment for WhisperX, WhisperX with
hotword biasing, and WhisperX-LLM-TermFixer using Gemma and BioMistral variants in English. Point estimates
for WER and accuracy are accompanied by utterance-level bootstrap 95% confidence intervals based on 5,000
resamples. The WhisperX and WhisperX with hotword biasing results serve as shared baselines for all English
TermFixer comparisons.
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WhisperX-LLM-TermFixer (cont.)
LLaMA LLaMA LLaMA  Salamandra Salamandra

Whisper  Metric 3.2-1B 3.2-3B 3.1-8B 2B 7B
WER | 16.85 16.81 16.89 16.83 16.79
Tlny [16.04-17.70] [16.00-17.66] [16.08-17.74] [16.02-17.67] [15.98-17.63]
Accuracy T 35.92 36.12 35.52 35.62 36.22
[32.94-38.91] [33.23-39.10] [32.64-38.41] [32.64-38.61] [33.23-39.20]
Time (s) 0.354 0.366 0.386 0.427 0.439
WER | 11.05 11.15 11.11 11.12 11.04
Base [10.39-11.70] [10.49-11.80] [10.45-11.75] [10.46-11.78] [10.38-11.69]
Accuracy T 49.95 49.45 49.65 48.96 49.95
[46.87-53.13] [46.37-52.64] [46.57-52.84] [45.87-52.04] [46.87-53.13]
Time (s) 0.370 0.383 0.403 0.441 0.457
WER | 7.23 7.24 7.28 7.27 717
Small [6.73-7.73] [6.74-7.76] [6.78-7.80] [6.77-7.78] [6.68-7.69]
Accuracy T 62.19 61.89 61.39 61.29 62.59
[59.10-65.17] [58.81-64.88] [58.31-64.38] [58.21-64.28] [59.50-65.57]
Time (s) 0.412 0.422 0.443 0.488 0.502
WER | 4.99 5.00 4.99 5.03 4.93
. [4.59-5.38] [4.60-5.39] [4.60-5.39] [4.63-5.43] [4.53-5.32]
Medium
Accuracy T 70.35 70.15 70.45 69.45 70.95
[67.46-73.23] [67.26-73.03] [67.66-73.33] [66.57-72.34] [68.06-73.83]
Time (s) 0.517 0.535 0.536 0.654 0.673
WER | 4.55 4.59 4.62 4.63 4.54
Large—V3 [4.18-4.94] [4.22-4.98] [4.24-5.01] [4.25-5.02] [4.17-4.93]
turbo Accuracy T 73.73 73.13 73.13 72.24 73.83
[70.95-76.42] [70.35-75.82] [70.35-75.82] [69.35-75.02] [71.14-76.52]
Time (s) 0.418 0.424 0.448 0.513 0.526
WER | 3.63 3.61 3.64 3.65 3.55
[3.31-3.96] [3.30-3.95] [3.33-3.97] [3.34-3.99] [3.23-3.88]
Large-v3
Accuracy 1 78.61 79.00 78.91 78.21 79.20
[76.02-81.09] [76.42-81.59] [76.32-81.39] [75.62-80.70] [76.62-81.69]
Time (s) 0.577 0.592 0.601 0.734 0.750

Table 10: WER, term-level accuracy, and average processing time per segment for WhisperX-LLM-TermFixer using
LLaMA and Salamandra variants in English. The shared WhisperX and WhisperX with hotword biasing baselines
are reported in Table 9. Point estimates for WER and accuracy are accompanied by utterance-level bootstrap 95%
confidence intervals based on 5,000 resamples.
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Baselines WhisperX-LLM-TermFixer

WhisperX Gemma Gemma Gemma BioMistral BioMistral BioMistral

Whisper Metric WhisperX + Hotword 3-1B 3-4B 2-9B 7B 7B-dare TB-slerp
WER | 17.61 18.16 14.60 14.57 14.60 14.57 14.60 14.54
T1ny [13.88-15.37] [13.84-15.32] [13.87-15.36] [13.84-15.32] [13.86-15.35] [13.80-15.30]
Accuracy T 31.94 56.02 66.67 67.06 66.77 66.77 66.47 67.06
[63.78-69.45]  [64.08-69.95] [63.88-69.65] [63.88-69.55] [63.58-69.35] [64.18-69.95]
Time (s) 0.246 0.918 0.433 0.464 0.470 0.448 0.450 0.442
WER | 11.53 10.79 8.86 8.81 8.77 8.83 8.72 8.72
Base [8.28-9.45] [8.23-9.41] [8.19-9.37] [8.26-9.42] [8.14-9.31] [8.14-9.30]
Accuracy T 42.59 68.66 76.32 77.61 77.81 76.52 77.81 77.91
[73.63-79.00]  [75.02-80.20]  [75.22-80.40] [73.83-79.10] [75.32-80.40] [75.32-80.50]
Time (s) 0.252 0.894 0.449 0.477 0.479 0.458 0.461 0.448
WER | 6.54 5.54 4.52 4.46 4.48 4.55 4.52 4.52
Small [4.13-4.93] [4.08-4.88] [4.10-4.89] [4.17-4.96] [4.14-4.93] [4.14-4.93]
Accuracy T 56.82 78.41 84.98 85.97 85.97 84.78 85.17 85.47
[82.69-87.06]  [83.78-88.06]  [83.78-88.06] [82.49-86.97] [82.89-87.26] [83.28-87.66]
Time (s) 0.298 0.958 0.494 0.517 0.516 0.501 0.502 0.483
WER | 3.74 4.33 2.51 2.50 2.52 2.50 2.51 2.54
Medium [2.22-2.82] [2.21-2.80] [2.23-2.82] [2.21-2.80] [2.23-2.81] [2.25-2.84]
Accuracy 1T 70.85 85.97 90.35 90.95 90.95 90.95 90.75 90.55
[88.56-92.14]  [89.15-92.74]  [89.15-92.74] [89.15-92.64] [88.96-92.44] [88.76-92.34]
Time (s) 0.400 1.108 0.614 0.623 0.624 0.610 0.611 0.612
WER | 2.85 2.07 1.91 1.87 1.85 1.86 1.86 1.86
Large-v3 [1.66-2.16] [1.63-2.12] [1.61-2.11] [1.62-2.11] [1.62-2.11] [1.62-2.11]
turbo Accuracy T 76.42 88.46 92.84 93.13 93.63 93.23 93.03 92.94
[91.24-94.33]  [91.54-94.63] [92.14-95.02] [91.64-94.73] [91.44-94.63] [91.34-94.43]
Time (s) 0.283 0.953 0.465 0.484 0.489 0.478 0.475 0.475
WER | 2.69 2.02 1.84 1.81 1.81 1.79 1.82 1.82
Lar C-V3 [1.60-2.08] [1.57-2.05] [1.57-2.06] [1.56-2.03] [1.59-2.07] [1.59-2.07]
& Accuracy T 77.71 89.35 93.33 93.73 93.73 93.73 93.43 93.33
[91.84-94.83] [92.24-95.22] [92.24-95.22] [92.24-95.22] [91.84-94.93] [91.74-94.83]
Time (s) 0.478 1.243 0.687 0.689 0.708 0.677 0.691 0.680

Table 11: WER, term-level accuracy, and average processing time per segment for WhisperX, WhisperX with
hotword biasing, and WhisperX-LLM-TermFixer using Gemma and BioMistral variants in Spanish. Point estimates
for WER and accuracy are accompanied by utterance-level bootstrap 95% confidence intervals based on 5,000
resamples. The WhisperX and WhisperX with hotword biasing results serve as shared baselines for all Spanish
TermFixer comparisons.
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WhisperX-LLM-TermFixer (cont.)
LLaMA LLaMA LLaMA  Salamandra Salamandra

Whisper  Metric 3.2-1B 3.2-3B 3.1-8B 2B 7B
WER | 14.67 14.64 14.58 14.63 14.52
Tlny [13.95-15.42] [13.92-15.40] [13.85-15.35] [13.90-15.39] [13.79-15.28]
Accuracy T 65.97 66.47 66.87 67.16 66.77
[62.99-68.86] [63.58-69.25] [63.98-69.75] [64.28-70.05] [63.88-69.55]
Time (s) 0.421 0.437 0.452 0.585 0.611
WER | 8.91 8.79 8.75 8.80 8.73
Base [8.33-9.50] [8.22-9.38] [8.17-9.33] [8.23-9.40] [8.16-9.32]
Accuracy T 76.02 77.41 77.61 77.61 77.81
[73.33-78.61] [74.83-80.00] [74.93-80.20] [75.02-80.20] [75.22-80.40]
Time (s) 0.434 0.450 0.463 0.595 0.613
WER | 4.65 4.55 4.46 4.50 4.51
Small [4.27-5.06] [4.17-4.96] [4.08-4.88] [4.12-4.91] [4.12-4.92]
Accuracy T 84.38 84.98 85.87 85.57 85.67
[82.09-86.57] [82.69-87.16] [83.68-87.96] [83.38-87.66] [83.48-87.76]
Time (s) 0.481 0.496 0.503 0.663 0.676
WER | 2.56 2.50 2.50 2.50 2.51
. [2.26-2.86] [2.22-2.80] [2.21-2.80] [2.21-2.80] [2.22-2.80]
Medium
Accuracy T 90.75 90.85 90.85 90.85 90.95
[88.96-92.54] [89.05-92.54] [89.05-92.54] [89.05-92.64] [89.15-92.64]
Time (s) 0.592 0.600 0.618 0.774 0.786
WER | 1.92 1.90 1.87 1.85 1.87
Large—V3 [1.67-2.17] [1.66-2.16] [1.63-2.13] [1.60-2.10] [1.62-2.12]
turbo Accuracy T 92.64 92.74 93.33 93.13 93.23
[91.04-94.23] [91.14-94.33] [91.84-94.83] [91.54-94.63] [91.64-94.73]
Time (s) 0.454 0.470 0.482 0.572 0.580
WER | 1.84 1.83 1.81 1.82 1.81
[1.61-2.09] [1.59-2.08] [1.58-2.06] [1.58-2.06] [1.57-2.06]
Large-v3
Accuracy 1 93.53 93.43 93.83 93.63 93.83
[92.04-95.02] [91.94-94.93] [92.34-95.32] [92.14-95.12] [92.34-95.32]
Time (s) 0.662 0.679 0.684 0.867 0.880

Table 12: WER, term-level accuracy, and average processing time per segment for WhisperX-LLM-TermFixer using
LLaMA and Salamandra variants in Spanish. The shared WhisperX and WhisperX with hotword biasing baselines
are reported in Table 11. Point estimates for WER and accuracy are accompanied by utterance-level bootstrap 95%
confidence intervals based on 5,000 resamples.
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Baselines WhisperX-LLM-TermFixer

WhisperX Gemma Gemma Gemma BioMistral BioMistral BioMistral

Whisper Metric WhisperX + Hotword 3-1B 3-4B 2-9B 7B 7B-dare TB-slerp
WER | 4391 48.45 41.88 41.80 41.78 41.84 41.80 41.79
T1ny [40.09-43.99] [40.02-43.95] [40.00-43.92] [40.06-44.00] [40.01-43.93] [39.99-43.93]
Accuracy T 6.57 18.11 30.25 30.75 30.75 30.35 30.45 30.75
[27.46-33.13]  [27.96-33.63] [27.86-33.63] [27.46-33.23] [27.66-33.33] [27.96-33.63]
Time (s) 0.288 0.972 0.461 0.485 0.489 0.475 0.478 0.472
WER | 30.54 33.61 28.02 2791 28.01 28.01 27.93 28.01
Base [26.82-29.43] [26.72-29.31] [26.81-29.42] [26.81-29.42] [26.75-29.35] [26.81-29.42]
Accuracy T 11.64 28.86 38.61 39.30 38.21 38.31 38.51 38.91
[35.62-41.69]  [36.32-42.39]  [35.22-41.29] [35.32-41.39] [35.52-41.59] [35.92-41.99]
Time (s) 0.307 0.946 0.473 0.497 0.496 0.488 0.488 0.488
WER | 18.02 17.49 15.72 15.61 15.66 15.76 15.62 15.68
Small [15.02-16.43] [14.91-16.31] [14.97-16.36] [15.06-16.47] [14.94-16.33] [14.99-16.40]
Accuracy T 20.20 44.38 49.05 49.85 50.05 48.96 49.85 49.55
[45.97-52.14]  [46.77-53.03] [46.97-53.13] [45.97-52.04] [46.77-52.94] [46.47-52.64]
Time (s) 0.377 0.960 0.527 0.552 0.662 0.544 0.539 0.541
WER | 11.91 1041 9.67 9.54 9.55 9.63 9.59 9.59
Medium [9.12-10.20] [9.00-10.07] [9.00-10.07] [9.10-10.17] [9.05-10.12] [9.04-10.12]
Accuracy 1T 26.07 52.64 58.51 59.80 60.00 58.81 59.30 59.20
[55.42-61.49]  [56.82-62.89] [56.92-62.99] [55.72-61.79] [56.32-62.29] [56.22-62.19]
Time (s) 0.535 1.071 0.655 0.677 0.678 0.670 0.665 0.666
WER | 9.03 7.63 6.99 6.91 6.85 6.95 6.95 6.97
Large-v3 [6.54-7.43] [6.47-7.35] [6.41-7.29] [6.51-7.39] [6.51-7.40] [6.53-7.40]
turbo Accuracy T 32.84 56.42 63.48 63.78 64.58 63.78 63.48 63.18
[60.50-66.47]  [60.80-66.77]  [61.59-67.56] [60.80-66.67] [60.50-66.37] [60.20-66.07]
Time (s) 0.382 0.938 0.499 0.518 0.523 0.517 0.512 0.512
WER | 8.53 6.90 6.39 6.33 6.28 6.34 6.30 6.31
Lar C-V3 [5.95-6.84] [5.88-6.77] [5.84-6.71] [5.90-6.78] [5.85-6.73] [5.86-6.74]
& Accuracy T 37.01 62.99 69.35 69.25 70.05 69.55 70.05 69.75
[66.57-72.34]  [66.47-72.14]  [67.26-72.94] [66.67-72.34] [67.26-72.84] [66.97-72.54]
Time (s) 0.691 1.217 0.733 0.754 0.752 0.743 0.742 0.736

Table 13: WER, term-level accuracy, and average processing time per segment for WhisperX, WhisperX with
hotword biasing, and WhisperX-LLM-TermFixer using Gemma and BioMistral variants in Catalan. Point estimates
for WER and accuracy are accompanied by utterance-level bootstrap 95% confidence intervals based on 5,000
resamples. The WhisperX and WhisperX with hotword biasing results serve as shared baselines for all Catalan
TermFixer comparisons.
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WhisperX-LLM-TermFixer (cont.)
LLaMA LLaMA LLaMA  Salamandra Salamandra

Whisper  Metric 3.2-1B 3.2-3B 3.1-8B 2B 7B
WER | 41.88 41.79 41.75 41.71 41.71
Tlny [40.10-44.02] [40.00-43.94] [39.97-43.90] [39.93-43.88] [39.94-43.88]
Accuracy T 30.25 30.65 31.24 30.55 31.34
[27.46-33.03] [27.76-33.53] [28.36-34.03] [27.76-33.43] [28.46-34.23]
Time (s) 0.452 0.467 0.476 0.456 0.472
WER | 28.03 27.99 27.94 27.90 27.78
Base [26.83-29.43] [26.79-29.40] [26.74-29.34] [26.71-29.31] [26.59-29.19]
Accuracy T 38.01 39.00 39.20 39.40 39.80
[35.02-41.09] [36.02-42.09] [36.22-42.29] [36.42-42.39] [36.82—42.89]
Time (s) 0.465 0.476 0.493 0.469 0.487
WER | 15.70 15.69 15.63 15.56 15.51
Small [15.01-16.41] [15.00-16.41] [14.93-16.34] [14.87-16.28] [14.83-16.23]
Accuracy T 49.65 49.55 50.45 50.45 50.65
[46.67-52.74] [46.37-52.74] [47.36-53.53] [47.36-53.53] [47.66-53.73]
Time (s) 0.517 0.529 0.545 0.523 0.545
WER | 9.61 9.54 9.54 9.54 9.50
. [9.06-10.15] [9.00-10.06] [8.99-10.06] [8.99-10.06] [8.96-10.03]
Medium
Accuracy T 59.30 60.00 60.20 59.90 60.10
[56.22-62.29] [57.01-62.99] [57.11-63.18] [56.72-62.89] [57.01-63.08]
Time (s) 0.625 0.659 0.673 0.647 0.658
WER | 7.06 6.92 6.83 6.93 6.80
Large—V3 [6.61-7.51] [6.48-7.36] [6.39-7.27] [6.50-7.37] [6.37-7.23]
turbo Accuracy T 63.38 64.68 65.07 63.68 65.17
[60.40-66.37] [61.79-67.56] [62.19-68.06] [60.70-66.67] [62.29-68.16]
Time (s) 0.493 0.498 0.520 0.492 0.552
WER | 6.40 6.35 6.30 6.29 6.22
[5.95-6.84] [5.91-6.79] [5.85-6.73] [5.84-6.73] [5.78-6.65]
Large-v3
Accuracy 1 69.55 69.95 70.15 70.15 70.35
[66.77-72.34] [67.16-72.84] [67.36-73.03] [67.36-73.03] [67.56-73.23]
Time (s) 0.731 0.731 0.745 0.726 0.894

Table 14: WER, term-level accuracy, and average processing time per segment for WhisperX-LLM-TermFixer using
LLaMA and Salamandra variants in Catalan. The shared WhisperX and WhisperX with hotword biasing baselines
are reported in Table 13. Point estimates for WER and accuracy are accompanied by utterance-level bootstrap 95%
confidence intervals based on 5,000 resamples.
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Baselines WhisperX-LLM-TermFixer

WhisperX Gemma Gemma Gemma BioMistral BioMistral BioMistral

Whisper Metric WhisperX + Hotword 3-1B 3-4B 2-9B 7B 7B-dare TB-slerp
WER | 97.32 104.16 94.36 94.30 94.18 94.56 94.38 94.40

T1ny [92.76-96.36]  [92.71-96.27]  [92.59-96.18] [92.96-96.56] [92.79-96.37] [92.81-96.42]
Accuracy T 6.67 26.87 29.85 30.65 31.64 32.14 33.03 32.54

[27.06-32.74]  [27.86-33.53] [28.76-34.53] [29.25-35.12] [30.05-35.92] [29.65-35.52]
Time (s) 0.264 0.683 0.462 0.488 0.492 0.477 0.475 0.477
WER | 90.99 94.23 87.91 87.81 87.72 87.95 87.80 87.92

Base [86.88-88.96] [86.78-88.87] [86.69-88.77] [86.93-89.01] [86.77-88.85] [86.90-88.99]
Accuracy T 12.54 28.66 35.82 36.52 36.62 38.41 39.50 38.41

[32.74-38.71] [33.53-39.40] [33.63-39.50] [35.32-41.39] [36.52-42.49] [35.42-41.39]
Time (s) 0.274 0.638 0.481 0.507 0.513 0.492 0.492 0.494
WER | 71.24 72.27 68.02 67.86 67.92 68.10 68.04 68.10

Small [66.95-69.09] [66.81-68.93] [66.86-68.97] [67.04-69.18] [66.98-69.11] [67.04-69.15]
Accuracy T 15.42 46.57 40.80 41.39 42.69 43.58 43.88 43.28

[37.71-43.78] [38.31-44.38]  [39.60-45.67] [40.60-46.57] [40.80-46.97] [40.20-46.37]
Time (s) 0.324 0.660 0.525 0.553 0.556 0.540 0.541 0.539
WER | 57.06 57.15 53.74 53.50 53.44 53.90 53.82 53.87

Medium [52.63-54.90] [52.38-54.65] [52.31-54.60] [52.79-55.06] [52.70-54.97] [52.75-55.04]
Accuracy 1T 17.51 52.64 43.48 44.38 45.57 44.68 45.97 44.88

[40.40-46.57]  [41.29-47.36]  [42.49-48.66] [41.69-47.76] [42.89-49.05] [41.89-47.96]
Time (s) 0.447 0.839 0.664 0.693 0.697 0.687 0.684 0.686
WER | 35.28 33.59 32.93 32.74 32.59 33.06 33.01 33.05

Large-v3 [31.95-33.93] [31.76-33.76] [31.60-33.60] [32.09-34.08] [32.03-34.02] [32.06-34.06]
turbo Accuracy T 31.24 57.61 56.82 57.61 59.40 58.11 58.81 58.41

[53.73-59.80]  [54.53-60.60] [56.32-62.29] [55.02-61.09] [55.72-61.79] [55.32-61.39]
Time (s) 0.315 0.643 0.493 0.516 0.520 0.507 0.506 0.508
WER | 36.61 34.61 34.53 34.30 34.21 34.67 34.47 34.68

Large-v3 [33.58-35.54] [33.35-35.29] [33.25-35.22] [33.74-35.64] [33.54-35.48] [33.72-35.66]
Accuracy T 28.26 59.20 52.64 52.94 54.53 54.13 55.82 54.63

[49.45-55.72] [49.85-56.02] [51.34-57.51] [50.95-57.11] [52.64-58.81] [51.44-57.61]
Time (s) 0.542 0.950 0.739 0.768 0.771 0.756 0.757 0.756

Table 15: WER, term-level accuracy, and average processing time per segment for WhisperX, WhisperX with
hotword biasing, and WhisperX-LLM-TermFixer using Gemma and BioMistral variants in Basque. Point estimates
for WER and accuracy are accompanied by utterance-level bootstrap 95% confidence intervals based on 5,000
resamples. The WhisperX and WhisperX with hotword biasing results serve as shared baselines for all Basque
TermFixer comparisons.
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WhisperX-LLM-TermFixer (cont.)
LLaMA LLaMA LLaMA  Salamandra Salamandra

Whisper  Metric 3.2-1B 3.2-3B 3.1-8B 2B 7B
WER | 94.15 94.11 94.09 93.89 93.76
Tlny [92.56-96.14] [92.52-96.11] [92.49-96.09] [92.31-95.91] [92.15-95.76]
Accuracy T 33.33 32.14 32.44 33.83 34.93
[30.45-36.22] [29.15-35.12] [29.45-35.42] [30.95-36.82] [31.94-37.91]
Time (s) 0.447 0.464 0.481 0.455 0.478
WER | 87.63 87.63 87.54 87.42 87.32
Base [86.60-88.70] [86.62-88.69] [86.52-88.61] [86.40-88.48] [86.30-88.36]
Accuracy T 40.00 39.30 39.30 40.60 41.89
[37.01-42.99] [36.32-42.29] [36.22-42.19] [37.51-43.58] [38.91-44.88]
Time (s) 0.465 0.480 0.500 0472 0.496
WER | 67.59 67.50 67.53 67.64 67.47
Small [66.53-68.64] [66.44-68.54] [66.49-68.59] [66.56-68.70] [66.42-68.54]
Accuracy T 45.87 45.37 45.27 44.98 46.27
[42.89-48.86] [42.29-48.36] [42.19-48.26] [41.89-47.96] [43.28-49.35]
Time (s) 0.513 0.528 0.544 0.521 0.540
WER | 53.53 53.21 53.20 53.19 53.05
. [52.41-54.70] [52.10-54.35] [52.07-54.36] [52.07-54.35] [51.94-54.21]
Medium
Accuracy T 46.27 46.87 46.77 46.87 47.76
[43.18-49.25] [43.68-49.95] [43.68-49.85] [43.68-49.95] [44.58-50.85]
Time (s) 0.654 0.673 0.689 0.665 0.686
WER | 32.80 32.67 32.62 32.65 3244
Large—V3 [31.81-33.81] [31.68-33.68] [31.63-33.63] [31.67-33.66] [31.46-33.46]
turbo Accuracy T 5791 58.81 58.81 59.30 60.60
[54.83-61.00] [55.72-61.79] [55.62-61.79] [56.22-62.39] [57.61-63.58]
Time (s) 0.483 0.497 0.510 0.491 0.509
WER | 34.41 34.30 34.12 34.16 33.95
[33.45-35.41] [33.35-35.29] [33.18-35.10] [33.21-35.16] [33.01-34.95]
Large-v3
Accuracy 1 54.83 54.23 55.52 55.32 56.02
[51.64-57.81] [51.14-57.31] [52.34-58.51] [52.24-58.31] [52.94-59.00]
Time (s) 0.729 0.746 0.758 0.738 0.757

Table 16: WER, term-level accuracy, and average processing time per segment for WhisperX-LLM-TermFixer using
LLaMA and Salamandra variants in Basque. The shared WhisperX and WhisperX with hotword biasing baselines
are reported in Table 15. Point estimates for WER and accuracy are accompanied by utterance-level bootstrap 95%
confidence intervals based on 5,000 resamples.
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N-best N-best + Phonetic Full

Language Whisper WER Acc. Time| WER Acc. Time | WER Acc. Time
Tiny 18.77 19.30 0.341| 19.83 31.14 0.350| 16.79 36.22 0.439
Base 13.48 27.66 0.344 | 14.24 40.20 0.360 | 11.02 49.95 0.397
English Small 8.87 44.08 0.380 9.25 54.63 0.399| 7.17 62.59 0.502
Medium 6.26 55.12 0.448 6.76 64.28 0.468 | 4.93 70.95 0.673
Large-v3-turbo  5.86 58.71 0.387 5.76 68.16 0.388 | 4.54 73.83 0.526
Large-v3 4.61 67.76 0.521 5.00 71.64 0.550| 3.55 79.20 0.750
Tiny 17.07 3990 0.384 | 18.80 61.29 0.392 | 14.63 67.16 0.585
Base 10.82 54.33 0.398 | 11.13 70.35 0.405| 8.72 77.91 0.448
Spanish Small 5.63 70.75 0.448 6.00 78.71 0.457| 4.46 85.97 0.517
Medium 3.06 82.09 0.550 3.61 86.27 0.556| 2.50 90.95 0.623
Large-v3-turbo  2.18 87.86 0.431 2.76 88.66 0.438| 1.85 93.63 0.489
Large-v3 2.11 87.66 0.633 2.68 89.45 0.639| 1.81 93.83 0.880
Tiny 44.13 8.86 0.426 | 48.49 28.56 0.435| 41.71 31.34 0472
Base 3047 1592 0.440 | 33.02 35.52 0.443]| 27.78 39.80 0.487
Catalan Small 17.83 26.77 0.483 | 18.09 4527 0.497| 15.51 50.65 0.545
Medium 11.27 37.61 0.575| 10.72 5294 0.606| 9.54 60.20 0.673
Large-v3-turbo  8.17 46.87 0.464 7.64 5871 0471 | 6.80 65.17 0.552
Large-v3 7.10 54.23 0.681 7.17 61.79 0.697 | 6.22 70.35 0.894
Tiny 98.29 7.46 0419 |100.85 33.43 0.422 93.76 34.93 0.478
Base 91.47 12.74 0.436 | 91.59 39.90 0.441 | 87.32 41.89 0.496
Basque Small 70.76 1791 0479 | 72.99 46.87 0.515| 67.47 46.27 0.540
Medium 5599 20.10 0.587 | 57.87 48.26 0.621| 53.05 47.76 0.686
Large-v3-turbo 36.13 36.62 0.458 | 35.31 59.90 0.485| 32.44 60.60 0.509
Large-v3 3590 33.33 0.683 | 35.38 58.71 0.721| 33.95 56.02 0.757

Table 17: Staged ablation of the proposed pipeline across languages and Whisper model sizes. WER, term-level
accuracy (%), and average processing time per segment (s) are reported separately for lexicon-guided N-best
hypothesis selection (N-best), N-best selection followed by phonetic and textual n-gram correction (N-best +
Phonetic), and the complete pipeline with LLM-based contextual filtering (Full). The lowest WER, highest term
accuracy, and lowest processing time in each row are shown in bold.
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WER | Accuracy (%) T

Language Whisper Clean 10dB A Clean 10dB A
Tiny 16.79 17.11  +0.32  36.22 36.52 +0.30
Base 11.04 11.72 +0.68 4995 48.06 -1.89
English Small 7.17 7.52 +0.35 62,59 61.00 -1.59
Medium 4.93 522 +029 7095 69.65 -1.30
Large-v3-turbo 4.54 477 +0.23  73.83 7453 +0.70
Large-v3 3.55 3.84 +0.29 7920 78.61 -0.59
Tiny 1452 1487 +035 6677 6517 -1.60
Base 8.73 9.05 +0.32 77.81 7731 -0.50
Spanish Small 4.51 459 +0.08 85.67 8587 +0.20
Medium 2.51 256 +0.05 9095 90.85 -0.10
Large-v3-turbo 1.87 1.90 +0.03 9323 93.03 -0.20
Large-v3 1.81 1.83  +0.02 93.83 9333 -0.50
Tiny 4171 42,10 +0.39 3134  32.04 +0.70
Base 27.78 2835 +0.57 3980 40.10 +0.30
Catalan Small 1551 1582 +0.31 50.65 50.55 -0.10
Medium 9.50 9.51 +0.01 60.10 6050 +0.40
Large-v3-turbo 6.80 6.87 +0.07 65.17 6468 -0.49
Large-v3 6.22 6.01 -021 7035 69.75 -0.60
Tiny 9376 9530 +1.54 3493 3502 +0.09
Base 87.32 8852 +1.20 41.89 40.80 -1.09
Basque Small 6747 6792 +0.45 46.27 4637 +0.10
Medium 53.05 5295 -0.10 47776 47.06 -0.70
Large-v3-turbo 3244  34.10 +1.66 60.60  58.51 -2.09
Large-v3 3395 3379 -0.16 56.02 5572 -0.30

Table 18: Noise-robustness results for WhisperX-LLM-TermFixer using Salamandra-7B. Hospital ambient noise
is mixed with the evaluation audio at 10 dB SNR. For WER and term-level accuracy, clean and noisy results are
reported together with A, computed as the 10 dB result minus the clean result. Positive WER deltas and negative
accuracy deltas indicate degradation under noise.
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