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Abstract

Evaluating the ability of Automatic Speech Recognition (ASR) models to transcribe specialized vocabulary
remains a persistent challenge, as standard datasets predominantly feature common words and thus obscure
weaknesses on rare or out-of-vocabulary (OOV) terms. To address this limitation, we introduce a linguistically
curated bilingual dataset (English and Portuguese) comprising 13,846 utterances (18.7 hours) distributed across
synthetic and literature-derived subsets, with OOV rates reaching up to 100%. We further propose a diagnostic
evaluation framework that partitions recognition performance into Biased Word Error Rate (B-WER), which targets
domain-specific jargon, and Unbiased Word Error Rate (U-WER), which focuses on general vocabulary. Baseline
evaluations with Whisper models (medium, large-v3, and large-v3-turbo) confirm the need for this framework.
On the most challenging datasets, B-WER ranges from 0.88 to 0.90, whereas U-WER remains low, ranging from 0.06
to 0.19, demonstrating that conventional WER masks critical failure modes in jargon recognition. Additionally, an
oracle upper-bound experiment shows that providing correct jargon via prompting reduces B-WER by 0.50–0.70
absolute, quantifying the considerable potential for contextual biasing. We release the datasets and evaluation scripts
as a reproducible benchmark to foster research on domain-aware contextual biasing and OOV handling in ASR
systems.
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1. Introduction

Although modern Automatic Speech Recognition
(ASR) systems achieve remarkable accuracy on
general-purpose benchmarks, their performance
often degrades when deployed in specialized do-
mains such as finance, medicine, or manufactur-
ing (Li et al., 2024b). This degradation is particu-
larly evident when transcribing domain-specific jar-
gon, product names, or other terms that are rare or
absent from the training data (Li et al., 2024a; Jogi
et al., 2025). Inability to accurately recognize this
specialized vocabulary can result in critical misun-
derstandings, compromising aspects ranging from
patient safety in clinical documentation to the reli-
ability of financial reports (Afonja et al., 2024; Ng
et al., 2025).

Conventional evaluation practices mostly hide
this performance gap. Standard ASR datasets
such as LibriSpeech (Panayotov et al., 2015) and
Common Voice (Ardila et al., 2020), while invalu-
able for measuring overall Word Error Rate (WER),
are misaligned with the challenge of recognizing
rare words. Their vocabularies are dominated by
high-frequency, general-domain terms, reflecting

a distribution where a small number of words ac-
count for the vast majority of content (Vietti et al.,
2024; Solberg et al., 2023; Zuluaga-Gomez et al.,
2023). Consequently, these benchmarks rarely ex-
pose ASR systems to the domain-specific jargon
that can break transcription pipelines in real-world
deployments, leading to erroneous transcriptions
and jeopardizing communication in business and
formal settings. This evaluation paradigm under-
estimates the task’s difficulty and, consequently,
masks the true impact of innovations for domain
adaptation and OOV handling (Vuong et al., 2023;
Hwang et al., 2022).

To provide concrete evidence of this masked
weakness, we evaluated a state-of-the-art Whisper
model on several proposed datasets that contain a
high density of specialized terms. As illustrated in
Table 1, the results reveal a massive performance
difference: while the Unbiased WER (U-WER) on
common words remains low, the Biased WER (B-
WER) on jargon terms is exceptionally high. This
occurs because the model, without prior exposure,
cannot rely on learned statistical patterns and must
rely on phonetic evidence alone, often failing. The
reduction in B-WER when a prompt containing bi-
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Table 1: Performance disparity on common vs. specialized vocabulary and the impact of an oracle
prompt. The table groups results by vocabulary type to directly compare performance under standard
and prompted conditions. Error rates are averages across several datasets (the lower, the better).

Vocabulary Type Example Terms Experimental Condition Error Rate (↓)

Common Terms "ice cream", "person" Standard (No prompt) 0.182 (U-WER)
Jargon-Informed Prompt 0.122 (U-WER)

Jargon (Biased) Terms "Kalousis", "Chaloem Phra Kiat" Standard (No prompt) 0.752 (B-WER)
Jargon-Informed Prompt 0.397 (B-WER)

ased words is provided underscores the potential of
context-aware ASR systems, yet also highlights the
need for benchmarks to drive their development.

Addressing this challenge requires extensive and
representative data (Fazel et al., 2021). However,
collecting naturally occurring speech is both time-
consuming and costly (Dhamyal et al., 2024). Addi-
tionally, organizations may be reluctant to share in-
ternal or sensitive information, and privacy laws hin-
der the collection and labeling of human audio data
(Banerjee et al., 2024), further complicating efforts
to obtain authentic and domain-specific datasets.
A promising solution lies in the development of syn-
thetic datasets (Fazel et al., 2021; Zheng et al.,
2021; Banerjee et al., 2024; Melechovsky et al.,
2024), which enable the controlled injection of jar-
gon at scale and are augmented with challenging
examples curated from the existing literature.

This paper directly addresses this evaluation
challenge. We introduce a suite of linguistically
curated datasets in English and Portuguese de-
signed specifically to benchmark ASR performance
on specialized vocabulary1. We develop novel
datasets where OOV jargon is systematically in-
troduced and present a methodology for curating
hard-to-transcribe examples from existing corpora.
Using these resources, we establish a comprehen-
sive baseline that quantifies the limitations of cur-
rent models and demonstrates significant potential
for improvement.

The main contributions of this work are:

• A collection of novel, synthetic datasets in En-
glish and Portuguese built using a dual-source
pipeline: (1) the generation of entirely novel,
100% OOV technical terms, and (2) the extrac-
tion of challenging, foreign-origin proper nouns
from Wikidata.

• A semi-automated curation methodology for
extracting challenging, naturally-occurring jar-
gon from public corpora. This method uses a
baseline model’s transcription failures to iden-

1The datasets and evaluation scripts are avail-
able for reproducibility at: https://github.com/
eduardogc8/ASR-Jargon-Dataset-Code

tify jargon terms, which human linguists then
validate.

• A diagnostic evaluation framework and a com-
prehensive baseline evaluation using different
Whisper models. This framework uses a B-
WER / U-WER split to assess performance on
jargon versus general vocabulary. Our base-
lines use this framework to quantify a large
performance gap and demonstrate a failure
mode masked by standard WER.

2. Related Work

The difficulty of recognizing OOV and low-
frequency terms is a well-documented challenge
in ASR, with model performance often correlating
directly with word frequency (Vietti et al., 2024; Sol-
berg et al., 2023). Research to address this gap has
evolved along two primary directions: data-centric
augmentation and model-centric adaptation.

A foundational data-centric strategy is the use
of synthetic data, leveraging a pipeline of LLMs
and Text-to-Speech (TTS) systems to create large-
scale, in-domain corpora (Fazel et al., 2021; Baner-
jee et al., 2024; Nguyen et al., 2024; Zheng et al.,
2021). This approach can be used for adapting
pre-trained models to new domains, such as sports
or music, without requiring real data, as demon-
strated by frameworks like DAS (Tran et al., 2025),
and for creating complex, multi-speaker conversa-
tional data that is otherwise difficult to collect (Cor-
nell et al., 2024). However, the field is rapidly
moving beyond simple data generation towards
more intelligent synthesis. For instance, the Hard-
Synth framework (Yu et al., 2024) focuses on cre-
ating “hard samples” by using an LLM to rewrite
text and to clone the acoustic styles of utterances
that a model misrecognizes, thereby addressing
the model’s specific weaknesses in a data-efficient
manner.

In parallel, model-centric approaches adapt the
ASR model’s architecture or inference process. A
key technique is contextual biasing, which dynami-
cally increases the probability of a predefined list
of relevant terms during decoding (Sheikh et al.,

https://github.com/eduardogc8/ASR-Jargon-Dataset-Code
https://github.com/eduardogc8/ASR-Jargon-Dataset-Code
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2022). Recent work has improved this by address-
ing the recognition of multi-word entities, proposing
phrase biasing to ensure that contextual phrases
are treated as integrated units rather than discon-
nected subwords (Lin et al., 2025). To move beyond
static bias lists, researchers are also employing
Retrieval-Augmented Generation, which allows the
ASR system to automatically discover and use rel-
evant context from the ongoing discourse without
requiring a predefined vocabulary (Mathur et al.,
2024).

An innovative trend is the convergence of these
two paradigms: using synthetic data specifically to
train model-centric components. Researchers now
generate customized audio containing rare words to
train contextual biasing modules. Nevertheless, in-
troduces the risk of the model overfitting to acoustic
artifacts in the synthetic TTS audio. To mitigate this,
specialized solutions, such as keyword-aware loss
functions, are being developed to force the model
to focus on the phonetic characteristics of the target
words, rather than the synthetic voice (Kwok et al.,
2025).

This progression from simple data augmenta-
tion to intelligent synthesis and highly specialized
model adapters highlights a limitation. The effi-
cacy of these jargon-focused methods cannot be
reliably measured using standard benchmarks like
LibriSpeech, where high-frequency general vocab-
ulary dominates and masks the specific failure
modes these methods aim to address. Conse-
quently, it remains difficult to compare the true im-
pact of different domain-adaptation and contextual-
biasing strategies. Our work directly confronts this
evaluation bottleneck. We propose a suite of spe-
cialized datasets, not as a training corpus, but as a
new resource for reproducibly quantifying the per-
formance of these solutions on their primary target:
specialized and out-of-vocabulary terminology.

3. Methodology

To construct new datasets for evaluating ASR on
specialized vocabulary containing jargon-like terms,
we developed two distinct classes of datasets in
both English and Portuguese: synthetic corpora de-
signed for controlled testing, and curated subsets
derived from existing literature to capture naturally
occurring challenges. This dual approach allows
for a comprehensive assessment of model perfor-
mance on both entirely novel terms and difficult
real-world jargon.

3.1. Synthetic Datasets
Our synthetic datasets were created through a
three-stage pipeline: (1) jargon term acquisition,
(2) contextual sentence generation, and (3) TTS

audio synthesis. We employed two strategies in
the first stage, yielding two distinct sets of synthetic
corpora: Synthetic Terms and Wikidata.

The Synthetic Terms datasets were designed
to test ASR models on completely OOV terms
that they could not have encountered during pre-
training. To create these terms, linguists first ana-
lyzed domain-specific corpora to identify the mor-
phological and phonological patterns of existing
jargon. Based on this analysis, we engineered spe-
cialized prompts for an LLM (GPT-4o) to generate
a list of entirely new but plausible-sounding, tech-
nical terms (e.g., product, process, and material
names).

The Wikidata datasets were created to address
the common ASR challenge of transcribing foreign
terms, particularly proper nouns with phonetic struc-
tures that are foreign to Portuguese and English.
We sourced these terms from Wikidata (Vrandečić
and Krötzsch, 2014), a multilingual knowledge base
that offers greater linguistic diversity than more An-
glocentric resources (Piscopo et al., 2017). Our
selection process targeted named entities (e.g.,
people and places) that included an International
Phonetic Alphabet (IPA) transcription, which was
crucial for ensuring accurate pronunciation during
audio synthesis.

Once the jargon lists for both dataset types were
complete, we automatically embedded the terms
into context-specific sentences that simulate busi-
ness meeting scenarios. These sentences were
then synthesized into audio using KokoroTTS (hex-
grad, 2025), with variations in speaking rate, voice,
and accent to increase diversity. For the English
datasets, KokoroTT used the provided IPA strings
to render Wikidata terms accurately within English
sentences.

Since KokoroTTS does not yet support IPA for
Portuguese, we developed a process called Pho-
netic Approximation in Brazilian Portuguese
(PABP). Linguists created an initial set of ortho-
graphic adaptations to guide the TTS engine toward
the correct Brazilian Portuguese phonemes for
foreign-sounding terms, grounding these changes
in the IPA transcriptions. For example, the term
‘Imgur’ (IPA: /mdr/) was transformed into ‘ímdjãr’
through PABP. This process was then scaled by
providing GPT-4o with the linguistic guidelines and
examples in a prompt, which generated PABP ver-
sions for the entire list of Portuguese Wikidata
terms.

Finally, to ensure the quality of the datasets, all
synthesized audio files were reviewed by linguists,
who discarded any instances with omissions, addi-
tions, or significant pronunciation errors. Pronunci-
ation errors were detected by comparing the audio
with the original IPA transcription. Cases of phono-
logical mismatch were discarded. This rigorous
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curation step ensures that transcription errors dur-
ing evaluation can be attributed to the ASR model’s
limitations rather than to flaws in the audio data.

3.2. Literature-Derived Datasets
The second class of proposed datasets con-
sists of challenging subsets curated from exist-
ing, well-known corpora such as Earnings-22 (Rio
et al., 2022), SPGISpeech (O’Neill et al., 2021),
FLEURS (Conneau et al., 2022), CHiME-6 (Barker
et al., 2018; Watanabe et al., 2020), CORAA (Ju-
nior et al., 2021) and LapsBM2. These datasets
provide naturally occurring speech that contains
the type of domain-specific jargon our task targets.

To isolate the most difficult samples, we de-
veloped a semi-automated curation methodology.
First, we processed the full datasets with a state-of-
the-art ASR model, Whisper large-v3 (Radford
et al., 2023). We then filtered the output to select
only utterances with errors in the model’s transcrip-
tion. A team of linguistic experts subsequently re-
viewed these failed transcriptions to identify cases
where the errors were directly related to the mis-
recognition of jargon terms (defined as products,
processes, materials, or proper nouns). The ex-
perts then annotated the correct jargon in a new
column, as this information is useful for metrics fo-
cused on jargon transcription during ASR model
evaluations. The result is a collection of challeng-
ing test cases with an expert-annotated column
identifying the correct jargon terms that specifically
target the weaknesses of a strong baseline model
in recognizing domain-specific vocabulary.

3.3. Dataset Statistics
The datasets’ statistics are present in Table 2. The
datasets are grouped by language and type (de-
rived from existing literature or synthetically gener-
ated). The statistics highlight the diversity of the
corpora in terms of size, jargon density, and OOV
rate.

In the context of this work, a jargon term is con-
sidered OOV if at least one of its constituent words
is not present in the vocabulary of the Whisper
large-v3 tokenizer for the corresponding lan-
guage. This definition is important because it di-
rectly measures whether a model recognizes the
fundamental components of a specialized term as
uncommon during its pre-training. Analysis of OOV
rates helps understand the lexical challenges a
corpus presents to ASR models (Tachbelie et al.,
2020). A high OOV rate thus represents a chal-
lenge for transcription, as the model cannot rely
on its existing vocabulary and must infer the word
from phonetic evidence alone.

2https://github.com/falabrasil/gitlab-resources

An analysis of Table 2 reveals the datasets’ chal-
lenging nature across several dimensions. First,
most datasets exhibit a high OOV rate, frequently
exceeding 60%, confirming their utility for testing
on unseen terminology. This is particularly true
for our synthetic datasets, with the Synthetic
Terms corpora reaching a 100% OOV rate and
the Wikidata corpora over 87%. Second, the
datasets present structural complexity. The Wiki-
data (en) and FLEURS (pt) datasets, for ex-
ample, contain long multi-word entities with maxi-
mum lengths of 15 and 9 words, respectively. This
challenges a model’s ability to handle complex
named entities requiring segmentation. Third, our
synthetic datasets feature the highest jargon den-
sity, with an average of over 1.5 specialized terms
per utterance, ensuring that evaluation is consis-
tently focused on the target issue. Finally, some
datasets pose unique challenges; for instance,
while CHiME-6 has a low OOV rate (10.0%), it is
characterized by considerable background noise,
which tests the model’s robustness in a different
way. Finally, it is worth noting that the CHiME-6
(en) and LapsBM (pt) subsets are considerably
smaller. While they contain valuable and challeng-
ing examples, results derived from them should
be considered exploratory and illustrative of model
behavior rather than statistically conclusive.

To provide a more concrete understanding of the
types of jargon present in our datasets, Table 3
lists representative examples from each dataset.
These examples span a range of categories, includ-
ing financial terminology, proper nouns, technical
specifications, and novel words.

4. Experiments

To establish a strong baseline performance on our
proposed datasets, we evaluated different versions
of the Whisper model: medium, large-v3, and
large-v3-turbo. These models are known for
their high transcription accuracy and serve as a
starting point for our analysis.

We conducted experiments under two conditions.
The first is a standard transcription setup, in which
the models process the audio without any additional
context. The second condition uses a prompting
mechanism, in which the jargon terms in each ut-
terance are provided to the decoder as an initial
prompt. This prompting approach is not intended to
simulate a realistic application, as it requires prior
knowledge of the utterance’s content. Instead, it
serves as an “oracle” baseline, demonstrating the
upper bound of performance achievable if an ASR
system had perfect, in-context knowledge of the
specialized vocabulary. This helps quantify the po-
tential gains from techniques that aim to identify and
supply relevant jargon during transcription, such as
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Table 2: Key statistics of the datasets. Utts.: number of utterances; Dur(h): total duration in hours; J/U:
average jargon terms per utterance; Max W. and Avg W.: maximum and average jargon length in words,
respectively; OOV(%): percentage of jargon terms that are OOV for the Whisper large-v3 tokenizer.

Jargon Terms Jargon Length
Dataset Type Utts. Dur(h) Total Uniq. J/U Max W. Avg W. OOV(%)
English Datasets

CHiME-6 (en) Lit. 38 0.03 43 40 1.13 2 1.33 10.0
Earnings-22 (en) Lit. 515 1.33 629 595 1.22 4 1.42 53.1
FLEURS (en) Lit. 285 0.92 366 351 1.28 4 1.09 71.2
GLOBE (en) Lit. 4,297 4.25 4,551 3,924 1.06 5 1.33 60.6
SPGISpeech (en) Lit. 376 1.02 394 368 1.05 4 1.12 70.7
Synth. Terms (en) Synth. 520 0.71 859 246 1.65 2 1.00 100.0
Wikidata Synth. (en) Synth. 5,235 6.67 9,165 2,620 1.75 15 1.49 88.8
Portuguese Datasets

CORAA (pt) Lit. 505 0.69 549 513 1.09 6 1.29 87.9
FLEURS (pt) Lit. 237 0.99 327 319 1.38 9 1.47 84.3
LapsBM (pt) Lit. 22 0.03 22 22 1.00 4 1.32 86.4
Synth. Terms (pt) Synth. 519 0.66 787 244 1.52 2 1.00 100.0
Wikidata Synth. (pt) Synth. 1,207 1.39 1,854 659 1.54 6 1.44 87.9

Table 3: Examples of specialized jargon terms from
the English and Portuguese datasets. These terms
include proper nouns, technical language, and al-
gorithmically generated words.

Dataset Example Jargon Terms
English Datasets
CHiME-6 (en) Metrotown, science beaker
Earnings-22 (en) npls, gross margin
FLEURS (en) cyanuric, KwaZulu-Natal
SPGISpeech (en) quickvue, akamai
Synth. Terms (en) Xenon Switch, IOT Bridge
Wikidata (Synth.) (en) Niemarzyn, Athée-sur-Cher
GLOBE (en) Pontypridd, Salishan
Portuguese Datasets
CORAA (pt) agrônomo (ENG: agronomist),

magistração (ENG: magistracy)
FLEURS (pt) Ilhas Cook (ENG: Cook Islands),

Kalousis
LapsBM (pt) Abernéssia (location),

Latasa (company name)
Synth. Terms (pt) PharmaPhenom, LinkLattice
Wikidata (Synth.) (pt) Chaloem Phra Kiat, Penzing

retrieval-augmented methods proposed by Mathur
et al. (2024) or keyword spotting methods proposed
by Shamsian et al. (2024); Navon et al. (2024) and
Li et al. (2024b).

We evaluated all models across all datasets us-
ing the following metrics:

• Word Error Rate (WER): The standard metric
for ASR performance, calculated as the sum of
substitutions (S), deletions (D), and insertions
(I) divided by the total number of words in the
reference transcript: (S +D + I)/N .

• Biased WER (B-WER): The WER calculated
exclusively on the predefined jargon terms.

This metric directly measures the model’s abil-
ity to recognize specialized vocabulary.

• Unbiased WER (U-WER): The WER calcu-
lated on all non-jargon words. This metric mea-
sures the model’s performance on the general
vocabulary within the utterance, helping to iso-
late errors related to jargon.

• Match Error Rate (MER): An alternative to
WER that is less sensitive to the length of
the reference text. It is calculated as the to-
tal number of errors divided by the sum of
matches, substitutions, and deletions (Morris
et al., 2004).

• Word Information Lost (WIL): A metric that
approximates the information loss from a hu-
man perspective, balancing word-level preci-
sion and recall to provide a more detailed eval-
uation of transcription quality (Morris et al.,
2004).

5. Results and Analysis

The results of our experiments are presented in Ta-
ble 4 for the standard transcription condition and Ta-
ble 5 for the condition with oracle prompting. These
tables show the performance of the most pertinent
Whisper models. Although experiments were also
conducted with the tiny, base, and small ver-
sions, only the results from the stronger models are
shown for summarization purposes.

An analysis of these results reveals several key
insights into the performance of current ASR mod-
els on specialized vocabulary.

First, a consistent pattern in the standard condi-
tion (Table 4) is the high B-WER compared to the
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Table 4: Performance of Whisper models under the standard condition (no prompting). The best result
for each metric within a dataset group is shown in bold. Lower values indicate better performance (↓).

Language Dataset Model WER ↓ B-WER ↓ U-WER ↓ MER ↓ WIL ↓

English

CHiME-6
medium 0.382 0.811 0.416 0.367 0.330
large-v3 0.362 0.785 0.402 0.347 0.308
large-v3-turbo 0.377 0.868 0.425 0.354 0.303

Earnings-22
medium 0.292 0.786 0.278 0.264 0.217
large-v3 0.267 0.750 0.248 0.243 0.199
large-v3-turbo 0.266 0.836 0.241 0.251 0.204

FLEURS
medium 0.116 0.663 0.085 0.111 0.100
large-v3 0.107 0.587 0.078 0.102 0.090
large-v3-turbo 0.112 0.760 0.077 0.108 0.098

SPGISpeech
medium 0.099 0.745 0.084 0.078 0.066
large-v3 0.071 0.725 0.053 0.070 0.059
large-v3-turbo 0.081 0.903 0.057 0.079 0.068

Synth. Terms
medium 0.215 0.704 0.140 0.197 0.169
large-v3 0.189 0.647 0.119 0.172 0.146
large-v3-turbo 0.194 0.662 0.122 0.177 0.150

Wikidata (Synth.)
medium 0.265 0.879 0.186 0.244 0.218
large-v3 0.246 0.859 0.167 0.229 0.205
large-v3-turbo 0.247 0.869 0.163 0.230 0.206

GLOBE
medium 0.182 0.648 0.142 0.167 0.156
large-v3 0.178 0.859 0.110 0.171 0.162
large-v3-turbo 0.148 0.631 0.101 0.141 0.133

Portuguese

CORAA
medium 0.483 0.741 0.488 0.404 0.362
large-v3 0.344 0.640 0.335 0.309 0.267
large-v3-turbo 0.400 0.835 0.356 0.358 0.313

FLEURS
medium 0.145 0.634 0.108 0.122 0.110
large-v3 0.091 0.535 0.057 0.089 0.081
large-v3-turbo 0.105 0.649 0.068 0.101 0.092

LapsBM
medium 0.150 0.693 0.103 0.145 0.131
large-v3 0.128 0.466 0.078 0.124 0.108
large-v3-turbo 0.143 0.852 0.102 0.141 0.127

Synth. Terms
medium 0.216 0.832 0.132 0.197 0.166
large-v3 0.197 0.773 0.117 0.179 0.148
large-v3-turbo 0.193 0.749 0.115 0.176 0.146

Wikidata (Synth.)
medium 0.183 0.777 0.091 0.178 0.163
large-v3 0.165 0.730 0.071 0.161 0.148
large-v3-turbo 0.165 0.750 0.066 0.162 0.150

U-WER across all datasets. This difference con-
firms that the Whisper models, despite their strong
general transcription abilities, struggle significantly
more with jargon than with common words. This
finding validates the core challenge our datasets
are designed to underscore: standard ASR sys-
tems are vulnerable when faced with OOV or
domain-specific language. The datasets also vary
in difficulty, with noisy corpora such as CHiME-6
and high OOV-rate corpora such as our synthetic
sets posing the greatest challenges.

Second, by comparing the standard results with
those in Table 5, it is clear that the prompting ap-
proach significantly reduces the B-WER, often by
more than 50%, while having a minimal impact on

the U-WER. This shows that when the model is
given explicit knowledge of the target jargon, it can
transcribe it with much higher accuracy without de-
grading its performance on the surrounding text.
This result is expected, as we provide only the cor-
rect jargon terms in the prompt. In a real-world ap-
plication, an imperfect list of potential jargon could
introduce noise and negatively affect the U-WER.
Nonetheless, this “oracle” condition clearly shows
the potential for improvement, highlighting the ef-
fectiveness of providing jargon terms to enhance
transcription accuracy.

Third, an analysis of the different model sizes
yields interesting results. In the standard (non-
prompted) setup shown in Table 4, large-v3
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Table 5: Performance of Whisper models under the prompted condition. The models were provided
with an oracle prompt containing the correct jargon terms. The best result for each metric within a dataset
group is shown in bold. Lower values indicate better performance (↓).

Language Dataset Model WER ↓ B-WER ↓ U-WER ↓ MER ↓ WIL ↓

English

CHiME-6
medium 0.359 0.377 0.428 0.338 0.279
large-v3 0.373 0.746 0.437 0.355 0.306
large-v3-turbo 0.409 0.522 0.411 0.340 0.280

Earnings-22
medium 0.254 0.417 0.271 0.238 0.187
large-v3 0.251 0.709 0.242 0.237 0.191
large-v3-turbo 0.257 0.564 0.258 0.230 0.182

FLEURS
medium 0.083 0.250 0.076 0.080 0.068
large-v3 0.095 0.509 0.073 0.091 0.079
large-v3-turbo 0.093 0.419 0.080 0.089 0.078

SPGISpeech
medium 0.099 0.248 0.101 0.068 0.052
large-v3 0.072 0.692 0.056 0.071 0.059
large-v3-turbo 0.068 0.434 0.062 0.064 0.051

Synth. Terms
medium 0.072 0.196 0.062 0.071 0.053
large-v3 0.148 0.519 0.100 0.139 0.117
large-v3-turbo 0.074 0.221 0.057 0.071 0.055

Wikidata (Synth.)
medium 0.141 0.386 0.133 0.132 0.105
large-v3 0.196 0.671 0.144 0.183 0.158
large-v3-turbo 0.176 0.573 0.135 0.163 0.142

GLOBE
medium 0.101 0.208 0.111 0.097 0.084
large-v3 0.148 0.711 0.099 0.142 0.134
large-v3-turbo 0.101 0.316 0.095 0.092 0.083

Portuguese

CORAA
medium 0.369 0.351 0.415 0.332 0.279
large-v3 0.320 0.548 0.321 0.291 0.247
large-v3-turbo 0.343 0.484 0.367 0.323 0.272

FLEURS
medium 0.081 0.206 0.076 0.079 0.071
large-v3 0.108 0.441 0.092 0.083 0.075
large-v3-turbo 0.084 0.314 0.069 0.078 0.069

LapsBM
medium 0.069 0.045 0.074 0.067 0.055
large-v3 0.109 0.398 0.085 0.106 0.093
large-v3-turbo 0.082 0.216 0.070 0.080 0.065

Synth. Terms
medium 0.071 0.136 0.072 0.069 0.046
large-v3 0.138 0.548 0.088 0.130 0.104
large-v3-turbo 0.077 0.214 0.060 0.073 0.055

Wikidata (Synth.)
medium 0.068 0.216 0.061 0.066 0.054
large-v3 0.110 0.507 0.052 0.108 0.099
large-v3-turbo 0.083 0.315 0.052 0.081 0.073

consistently performs the best, establishing it as
the strongest baseline. However, in the prompted
experiments (Table 5), the medium model often
achieves the best B-WER. A particularly notewor-
thy finding is that the performance of large-v3
improves only marginally with prompting. This sug-
gests that the largest model may place less weight
on the initial prompt, relying more on its internal
representations learned during pre-training.

In summary, the results highlight a large perfor-
mance gap between current ASR models and sys-
tems that can effectively leverage in-domain termi-
nology. The substantial B-WER reductions under
oracle prompting quantify a clear objective for future

research: to develop systems that can bridge the
performance gap between standard transcription
and context-aware systems. This work validates
the necessity for specialized evaluation datasets,
demonstrating that our proposed framework can
effectively expose this limitation and, consequently,
guide the development of more domain-aware ASR
systems.

6. Conclusion

In this paper, we introduced new datasets to eval-
uate how well ASR models handle specialized vo-
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cabulary. We showed that standard models, such
as Whisper, struggle to correctly transcribe jargon,
proper names, and other terms that are rare in
everyday language. This was confirmed by our ex-
periments, which showed a much higher B-WER
on jargon terms compared to the error rate on more
common words across all datasets.

Our key finding is that providing the model with
the correct jargon terms in an initial prompt sig-
nificantly improves its accuracy on those specific
terms. This “oracle” experiment highlights a notable
performance gap and points to a clear direction for
future work. The goal should be to develop meth-
ods that automatically identify and provide relevant
domain-specific vocabulary to the ASR system dur-
ing transcription, closing the gap between stan-
dard and prompted results, and minimizing under-
standing issues, especially in business and formal
scenarios. Our datasets provide the resources for
the research community to develop and test such
solutions, ultimately leading to more reliable ASR
systems for specialized, real-world applications.
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8. Ethics Statement and Limitations

8.1. Ethics Statement
The creation and distribution of this dataset follows
ethical guidelines for creating academic resources.

• Data Provenance and Licensing: All data
sources are clearly cited. Terms in our syn-
thetic datasets were either generated by an
LLM or taken from Wikidata, which is available
under a CC0 1.0 Universal Public Domain li-
cense. The audio was synthesized using open-
source TTS voices from KokoroTTS, which are
available under the Apache 2.0 license, permit-
ting the use and redistribution of the generated
audio. For the literature-derived subsets, we
do not share original audio or text data. In-
stead, we provide annotation files and a script
that lets researchers rebuild the subsets on
their own machines after downloading the orig-
inal datasets and agreeing to their licenses.

• Privacy: No new personally identifiable infor-
mation was collected. The literature-derived
datasets are based on public corpora that were
already checked for privacy issues by their cre-
ators. Our synthetic data contains no personal
information.

• Potential for Bias: We acknowledge that the
synthesized voices may not represent the full
diversity of accents and demographics. Like-
wise, our jargon selection process may not
cover the entire range of specialized vocabu-
lary. These datasets are meant for evaluating
technical ASR performance and should not be
used to draw sociological conclusions.

8.2. Limitations
We identify limitations of our work, which suggest
directions for future research.

• Acoustic Realism: While modern TTS sys-
tems create high-quality audio, synthetic
speech can lack the natural rhythm, back-
ground noise, and audio variations found in
real-world recordings. Our literature-derived
sets help with this, but performance on the
synthetic data may not directly translate to per-
formance on real-world audio.

• Jargon Representativeness: The LLM-
generated terms in the Synthetic Terms
datasets are phonologically plausible but are
not real words. They test how a model handles
new phonetic sequences, not its knowledge of
a specific domain.

• Curation Bias: Our literature-derived subsets
were created by finding transcription errors
made by the Whisper large-v3 model. As a
result, these datasets are specifically designed
to be hard for Whisper-like models.

• Phonetic Approximation in Portuguese:
The PABP method used for our Portuguese
Wikidata set is a practical approach, not a per-
fect phonetic conversion. It guides the TTS
engine toward a reasonable pronunciation but
may create small sound artifacts compared to
audio generated directly from IPA. To control
for this, every audio sample generated via this
method was manually reviewed and validated
by linguistic experts.
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