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Abstract. Whisper is a widely used, open-access Large Language Model (LLM)
trained using a multilingual paradigm. As such, it represents an important op-
portunity for researchers to study how multilingual LLMs function across lan-
guages. In this paper, we probe the grapholinguistic representations of Whisper
for an under-resourced language with a Perso-Arabic script: Persian.

Persian, with its abjad writing system, has a consonant-heavy inventory of
letters and does not indicate vowels, making it a good candidate to test an audio
LLM such as Whisper (Maleki and Ahrenberg, 2008b). Large Language Models
do not deal with tokens, morphemes or graphemes as linguists know them but
subtokens, fragments of words generated by an algorithm. This subtokenisation
process creates fracto-morphemes, clusters of letters, that continue to represent
language (this is literally “natural language processing”) but the relationship of
the letters to morphology, semantics and phonology is completely changed.

We want to investigate this technical paradigm shift for writing systems such
as Persian, by analysing the sounds to letters mapping as mediated by acoustic
representations and LLM subtokens. Using a C++ implementation (Gerganov,
2003) of Whisper (Radford et al., 2023), we have extracted the subtoken dictio-
nary of this model and their probabilities using a customised C++ implementa-
tion ofWhisper.

In this work, we probe the phonotactic and graphotactic status of the subto-
kens representing Persian in order to understand how “knowledge” (represen-
tation) is distributed in the Whisper subtokens used to transcribe Persian. Un-
derstanding the subtokenisation process of large language models is crucial for
advancing both NLP techniques and linguistic theories. Investigating how these
models represent languages such as Persian sheds light on the intricate relation-
ship between the acoustic signal, subtoken structures, and linguistic properties.

Our experiments show the division of labour between the encoder and the
decoder. We will show that the decoder is used to post-process the data, as ev-
idenced by the fact that the internal representations of the Whisper models are
only the isolated forms of graphemes and limited digraphs. We demonstrate that
Whisper models tend to select the formal variant in their transcription. For ex-
ample, in a read speech of 100 sentences, Whisper produces the formal variant
of the object marker rā in the transcriptions three times more than its informal
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variant ro, even though the speaker only produces the informal variant in the
read speech.

1. Introduction

Whisper is an automatic speech recognition (ASR) system developed us-
ing large-scale weak supervision. It was trained to predict transcripts
of audio from 680,000 hours of labeled audio data, with 117,000 hours
covering 96 languages other than English. The audio was broken into
30-second segments and paired with transcripts from different sources.
Audio was resampled to 16,000 Hz, and an 80-channel log-magnitude
Mel spectrogram was computed. Whisper was trained for several tasks
such as language identification, transcription, translation, and times-
tamps prediction. Whisper’s training included data for 96 languages be-
sides English, including Persian, but with only 392 hours for the trans-
lation task and 24 hours for the transcription task. The performance for
transcription of Persian is reported with a word error rate of 44.8 for
the large model (compared to 6.3 for English), and the impact on per-
formance of the amount of training data is consistent with the expec-
tations (Ballier, Burin, et al., 2024). The training data transcripts were
tokenised at subword level using a byte pair encoding algorithm (Sen-
nrich, Haddow, and Birch, 2016) that was applied to the 96 languages of
the training data, resulting in a multilingual vocabulary of units we call
“subtokens” in the rest of the paper.

Whisper is a neural network that learns from a training corpus made
up of audio recordings (690,000 hours for the largest model), combined
with their transcription or translation. The aim is to match frames (win-
dows of the sound signal) with (sub)tokens, i.e., arbitrary sequences of
characters. It is therefore a supervised learning algorithm. Whisper is
therefore an auto-regressive algorithm: given an audio input and the
vector representation it constructs, it predicts the tokens one after the
other to generate the final output. More specifically, based on the in-
put audio and the prefix already generated (the previously predicted to-
kens), Whisper’s decoder determines a probability distribution for all
the tokens in its vocabulary. By choosing the subtoken with the highest
probability at each stage (or by sampling according to this distribution),
it gradually builds the output sequence.

We wish to explore the graphophonemic status of these subtokens as
applied to the transcription task (ASR) of Persian.These LLM subtokens
are a paradoxical object that are reminiscent of splinters but that are not
morphological entities.Wewant to elaborate the inventory of subtokens
used by the multilingual Whisper for Persian transcription by investi-
gating the mapping between the acoustic realisations of the Persian data
used as input and the Whisper prediction. In this sense, we address the
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presumed encapsulated “knowledge” in the subtoken dictionary of the
speech model. An important aspect to bear in mind is the potential mis-
leading metaphor that if LLMs have representations they “understand”
speech or “recognise” words. Even though the main type of encoded rep-
resentation is a dictionary of subtokens that serves as a repository for the
corresponding numbers of vectors of numerical figures, that serves as a
form of representation, if any, alternatively for every 30 second speech
window. The different attention weights corresponding to the internal
representations can also be extracted and potentially investigated (see
Mohebbi, Chrupała, Zuidema, and Alishahi (2023) as an example). Lin-
guists still need to unravel what becomes of the different languages that
are processed using these multilingual models. In this respect, it is likely
that the subtokenisation phase is not innocuous (Petrov, La Malfa, Torr,
and Bibi, 2024). We partially discuss the phonology of the Whisper dic-
tionary of subtokens1, the subtokens used to represent Persian writing
in the LLM. Persian offers a unique perspective for this type of investi-
gation for three reasons. First, the scarcity of the training data (24 hours
of training data inWhisper) entailed a scarcity of subtokens in theWhis-
per dictionary used to transcribe Persian. Second, we have a privileged
window on the phonographematics of Whisper since the acoustic space
is transcribed by a limited amount of subtokens, mostly Persian isolated
characters, whereas Persian has graphotactic constraints for final, me-
dial or initial letters. Third, Persian shares many characters with Arabic,
which has more training data in Whisper. Therefore, Persian serves as
a test case for the investigation of a language that shares some of the
characters of the same Unicode group (Perso-Arabic script).

As an abjad, ratherthan an alphabet, thePersianwritten languagedoes
not note vowels; this frequently results in an error in the transcription of
vowels. 28 letters of the Arabic script have been supplementedwith 4 ad-
ditional consonants in order to preserve consonantal distinctions that do
not exist in Arabic. However, Arabic is also encoded in theWhisper dic-
tionary of subtokens. Previous studies address the challenge of adapting
multilingual languagemodelstospecificlanguagesfordifferentNLPtasks
(Downey, Blevins, Goldfine, and Steinert-Threlkeld, 2023).

The rest of the paper is structured as follows: Section 2 presents the
tenets of the Persian writing system and the variety of Persian we de-
scribe. Section 3 presents the phonological features of Persian and subto-
kenisation process in Whisper. Section 4 details our methodology and
the datasets we used in our experiments. Section 5 presents our exper-
iments with the probing of the subtoken dictionary and discusses the
distribution of graphemes encapsulated in the Whisper subtokens used
to transcribeWhisper. We analyse our results in Section 6 and Section 7
discusses them. Finally, we conclude in Section 8.

1. We do not discuss the special subtokens, see Ballier, Burin, et al. (2024).
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2. Background on PersianWriting System

This section provides an overview of Persian graphematics and exam-
ines the graphotactic constraints that may influence the performance of
audio-based LLMs.

The history of the Persian language is divided into three periods: Old
Persian (c. 525 BC–300 BC), Middle Persian (c. 300 BC–800 AD) and
Modern Persian (800 AD to the present). After the advent of Islam in 642
AD, Persians adapted the Arabic alphabet to develop the modern Persian
alphabet. The Arabic alphabet has 28 letters, but Iranians added four
additional letters ,<پ> ,<چ> ,<ژ> <گ> to create the current 32 Persian
letters (Rastorgueva and Hill, 1964). Modern Persian emerged in the 9th
century after this adoption of the alphabet and the borrowing of many
Arabic words.

The Persian script, technically called “abjad”, consists of 32 letters,
28 of which are shared with Arabic, while the remaining four are unique
to Persian. Persian adopts a non-Latin script written from right to left
(Baluch and Choudhury, 2011). It comprises six vowels: three short vow-
els, marked with diacritical marks, and three long vowels, marked by
certain consonants (ibid.). Therefore, Persian writing can be called a
“consonantal alphabet”. Diacritics for short vowels are mainly used for
elementary readers, disappearing from textbooks after the first grade
(Rahbari and Sénéchal, 2009), and are generally absent from standard
written texts. Long vowels, in contrast, are consistently represented in
writing.

The relationship between graphemes and phonemes in Persian is
highly consistent. Each grapheme corresponds to a single phoneme
(Arab-Moghaddam and Sénéchal, 2001). Therefore, Persian is classified
as having a shallow orthography when short vowels are represented or
when only long vowels and consonants are present (Baluch and Choud-
hury, 2011). However, the omission of short vowels results in a deep and
opaque orthography where the relationships between graphemes and
phonemes are inconsistent.

2.1. Graphotactic Constraints for Persian

This subsection explores the graphotactic constraints of Persian2, which
may affect the performance of LLMs such as Whisper (Maleki and
Ahrenberg, 2008a).

2. It should be mentioned that the dialect we are examining for the sets of our ex-
periments is a variant of Farsi, called “Tehrani”, the standard colloquial dialect spoken
in Iran (Karimi, 2005).We use the term “Persian” to refer to this variant in this paper.
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Ninety different forms, referred to as “allographs”, are needed to rep-
resent the 28 letters of the Persian alphabet. Persian characters can have
different graphematic forms depending on their positions. The isolated
form of characters (28 letters) depends on their position within a word.
The isolated form of each letter of the 28 letters can vary depending on
its contextual placement, taking on different forms (allographs) in the
initial, medial, or final positions (ibid.). The training data may not in-
clude all the required cases to ensure an ideal distribution of these con-
textual character forms, specifically Segment-Initial, Segment-Medial,
Segment-Final, and Isolated forms.The dictionary ofWhisper subtokens
(see Appendix, Table 5) will be comprehensively analysed in Section 5.2.

In Persian, a single phoneme can be represented by multiple letters,
resulting in graphematic inconsistencies. This variation requires prac-
tice and familiarity to determine which specific grapheme is used in a
given word. For instance, the phoneme /t/ is represented by two let-
ters: <ت> and ;<ط> the phoneme /h/ by two letters: <ه> and ;<ح> the
phoneme /s/ by three letters: ,<س> ,<ص> and ;<ث> and finally, the
phoneme /z/ by four letters: ,<ذ> ,<ز> ,<ض> and .<ظ> This is partic-
ularly problematic when transliterating foreign words and selecting the
appropriate grapheme for a given phoneme. For example, the graphe-
matic representation of the French-origin word billet and the two vari-
ants of /t/ phoneme is controversial. This has resulted in two different
graphematic forms: < تیلب > and < طیلب >. Table 3 illustrates the various let-
ters that correspond to the same phoneme. However, in Arabic, each of
these letters corresponds to a distinct phoneme.

3. Phonological System of Persian and the Speech-to-Subtoken
Mapping

We first recall the phonological system of Persian before explaining how
sounds are mapped to the inventory of subtokens. In this paper, we
follow the standard phonological convention that indicates graphemes
(letters) with angled brackets (<>), realisations in square brackets and
phonemes (or targets) with slanted bars (//).

3.1. Vowels and Consonants

The standard Persian of Iran has six vowel sounds as shown in Table 1.
The vowels /a, e, o/ are short vowels and /i, u/ are long vowels. Since the
Persian writing system is an abjad (consonantal alphabet), short vow-
els do not have specific letters and are not written in written Persian,
and only long vowels appear in texts. Long vowels are always marked
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with consonant letters. The short vowels, as mentioned earlier, are not
marked in standard written Persian, but for learners of Persian, they can
be precisely marked with diacritics. Inserting diacritics is not allowed
in the early years of primary school.

The three long vowels, /ɒ, i, u/, are frequently found word-finally.
Less commonly occurring word-finally are the short vowels, /a, e, o/.
While /e/ is present in some high-frequency words, word-final /o/ is
rare (still appears in some high frequency words.)

Any vowel may begin a word, though some occur more frequently
than others. Word-initial /a/ is highly prevalent, while word-initial /i/
is less common.Word-initial /u/ is rare. In summary, lax vowels such as
/e/ and /a/ are the most common in word-initial positions, while word-
initial /o/ is seldom encountered.

Table 1. Tehrani Persian Vowel Chart

Height Front Back

Close i u
Mid e o
Open a

Due to the complexities of inserting or omitting vowels in written
Persian, significant challenges arise in accurately transcribing vowels.
There are some factors such as the neighbouring graphemes and the type
of syllable containing the vowel which affect the choice of grapheme (al-
lographs) for the vowel (Maleki and Ahrenberg, 2008a). Persian script
often omits short vowels, as seen in /ketɒb/ (< باتک >), where the short
vowel /e/ is not represented, reflecting the inherent complexity of vowel
representation in the language. Additionally, vowel representation is in-
fluenced by neighbouring graphemes, as in /χɒhar/ (< رهاوخ >) where the
character <و> does not denote a /v/ or /u/ sound but forms part of a
< وخ > digraph for /χ/ followed by /ɒ/.

This subsection explores the constraints that govern the distribution
and arrangement of consonants in written Persian. Persian includes 23
consonant sounds, each represented by a dedicated letter. The table of
International Phonetic Alphabet (IPA) symbols for these consonants is
presented in Table 2. Notably, the representation of a letter in Persian
script varies depending on its position within a word. A single letter
may assume different forms when appearing in initial, medial, or final
position of a word [See Table 3]. This positional variability is a defin-
ing characteristic of the Persian writing system.Word-initial consonant
clusters are absent in Persian, and Persian speakers tend to insert a
vowel between consonants when pronouncing borrowedwordswith ini-
tial clusters from the source language, thus avoiding word-initial conso-
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nant clusters. Alternatively, a vowel may be inserted before the cluster,
leading to a VC+C sequence (Mahootian and Gebhardt, 1997). Moreover,
word-initial clusters can be broken up, resulting in a CV+C sequence.
Various types of two-consonant clusters are permissible in syllable-final
positions (e.g., nasal+plosive: /omq/ (< قمع >) meaning ’depth’).

Table 2. Persian Consonants Organized by Manner and Place of Articulation

Labial Alv. Post-alv. Velar Uvular Glottal

Nasal m n
Stop p, b t, d t͡ʃ, d͡ʒ k, ɡ (q) ʔ

Fricative f, v s, z ʃ, ʒ x, ɣ h
Tap ɾ

Approx l j

3.2. The Semiotics of Subtokenisation

In this subsection we explain how the Persian representation between
graphemes and meaning is mediated with the subtokenisation phase
(Sennrich, Haddow, and Birch, 2016). Subtokens are a hybrid repre-
sentation that bear testimony to the frequency of tokens in the train-
ing data of the subtokenisation algorithm (and of Whisper’s training).
Subword units have emerged as a crucial component in language mod-
eling. They play a foundational role in the tokenisation processes of ad-
vanced transformer-based language models, such as those utilising Byte
Pair Encoding (BPE) (ibid.). This subword-based tokenization method
underpins the architecture of many LLMs (Manova, 2023). The adop-
tion of subword tokenization strategies, like BPE, has significantly con-
tributed to the success of pre-trained transformer models in natural lan-
guage processing, enabling them to effectively handle a diverse array of
languages and linguistic structures (Bostrom and Durrett, 2020). The
(sub)tokens are generated automatically from the training data using to-
kenisation algorithms. These algorithms divide the text into units based
on the frequency with which sequences appear in the corpus. The main
algorithms used are Byte Pair Encoding (BPE) (Sennrich, Haddow, and
Birch, 2016), WordPiece, initially developed for BERT (Devlin, Chang,
Lee, andToutanova, 2019), and SentencePiece (Kudo, 2018). Depending
on their frequency of appearance, (sub)tokens can correspond to whole
words, sequences of 2 or 3 characters, or even a single character.

Subtokenisation can be challenging for Persian due to its graphe-
matic and phonographematic constraints, as outlined in Table 2. In this
context, the implementation that predicts on a sub-token basis may
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differ significantly from a representation based on entire sentences.
Typically, isolated tokens are expected to correspond systematically
to individual letters. Figure 1 illustrates the subtokenisation in three
languages—French, English, and Persian—using theWhisper tokeniser3.
As can be seen with these examples, the frequent tokens in English are
less likely to be subdivided into subwords (subtokens) than French or
Persian words.

Fig. 1. Subtokenisation in French, English, and Persian sentences usingWhisper
tokeniser

To investigate the frequency of subdivision for Persian words, we
tested the Persian FLEURS dataset (Conneau et al., 2023) for a distribu-
tional analysis to observe the frequency of the subtokens for Persian and
estimate the inventory of subtokens from the Whisper dictionary used
to transcribe Persian data.

3.3. Hallucinations

Another aspect of the Whisper dictionary of subtokens used for tran-
scriptions is the fact that the Whisper multilingual dictionary of subto-
kens includes all the subtokens used to transcribe the 99 languages with
whichWhisperwas trained.WithWhisper smallermodels (tiny, base and
small)4, hallucinations can be observed, subtokens belonging to other
languages groups are used in the Whisper transcription. One way to
analyse the evolution of hallucinations across the size of the models is
to observe that the hallucinations in the outputs belong to different lan-
guage groups, and, in that respect, they somehow follow the pecking or-
der of the hierarchy of languages used in the training data. The Chinese
characters are overwhelmingly present in the transcriptions of the tiny
models and that is consistent with the role of the size of the Chinese
training data.

3. https://huggingface.co/docs/transformers/model_doc/whisper
4. With 39M,74M and 244M parameters respectively (Radford et al., 2023).
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4. Material and Methods

This section outlines the materials and methods used in the study.

4.1. Materials

Here are the three datasets used in our experiments:

– YouTube Audio File: A 69-minute audio recording extracted from
YouTube5was selected for analysis.The recording features threemale
speakers engaging in a discussion on social issues. Due to the spon-
taneous and unstructured nature of the conversation, manual tran-
scription would be both challenging and time-consuming. By utilis-
ing OpenAI’s Whisper for transcription, we gain two significant ad-
vantages: the generation of an accurate transcription and its accom-
panying translation. This output provides a valuable foundation for
developing a bilingual corpus.

– Common Voice Mozilla: Additional Persian data for detailed exper-
iments was sourced from the Common Voice Mozilla project6, a di-
verse dataset of speech recordings designed for speech recognition
tasks.

– FLEURS Dataset: The FLEURS dataset7, which focuses on multilin-
gual speech recognition and understanding, was also used to supple-
ment our analysis and broaden the scope of our Persian corpus ex-
periments.

4.2. Transcription MethodWith OpenAI’sWhisper

Our approach focused on leveraging a customized C++ implementation
of Whisper8, building upon the foundational work by Radford and col-
leagues (Radford et al., 2023). Whisper offers six model variants, rang-
ing from tiny to large-v1, which provide valuable insights into the map-
ping of spoken Persian to written Persian. The Whisper.cpp implemen-
tation by Gerganov9 facilitates efficient processing of Whisper’s param-
eters and includes tools for visualizing subtokens along with their as-
sociated probabilities. This functionality enables access to probability
scores for each subtoken generated by Whisper, forming the basis for

5. https://www.youtube.com/watch?v=YsMDE0EH42s
6. https://commonvoice.mozilla.org/fa
7. https://huggingface.co/datasets/google/fleurs
8. https://github.com/jbyunes
9. https://github.com/ggerganov/whisper.cpp
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developing a calibration model to evaluate the accuracy of the Whisper
models.

4.3. DocumentingWhisper’sDictionaryofSubtokensUsed forPersian

We compared two methods. We first compiled the prediction at subto-
ken levels extracted for the different models. Then we ran the tokenisa-
tion algorithms on the Persian component of the FLEURS training data
to compare the distribution of subtokens. we used a subsample of the
FLEURS dataset comprising 85 hours of speech. The FLEURS dataset10
(FLores Enhanced Universal Representation for Speech) is a multilin-
gual speech dataset, serving as the speech-focused counterpart to the
FLoRes machine translation benchmark. It builds on the FLoRes dev
and devtest datasets, comprising 2009 n-way parallel sentences trans-
lated into 102 languages. This extensive coverage makes FLEURS one of
the most valuable resources for advancing multilingual speech research.

A key strength of FLEURS lies in its use of multilingual fine-tuning,
which allows models to harness shared linguistic features across di-
verse languages. The dataset’s results are thoughtfully organised into
seven geographical regions, showcasing the dataset’s cultural and lin-
guistic breadth. Among the languages included is Persian, highlight-
ing the dataset’s inclusion of languages from the Central Asia/Middle
East/North Africa region.

5. Experiments

This section describes the experiments conducted in this study on writ-
ten Persian. To better understand the distribution of graphemes in Per-
sian, we used the FLEURS training dataset (Conneau et al., 2022),
which is publicly available in 102 languages and published by Google.
We analysed the distribution of Persian graphemes across this dataset.
The dataset contains a total of 280,786 graphemes, with 34 unique
graphemes. Figure 2 shows the distribution of graphemes inwritten Per-
sian. We hypothesize that the more frequently a subtoken appears in
publicly available online corpora, the fewer challenges LLMs like Whis-
per encounter in accurately processing it. Frequent exposure to com-
mon subtokens during training allows the model to develop a stronger
representation and mapping for these elements, reducing errors in tran-
scription and improving overall reliability. Conversely, subtokens that

10. https://huggingface.co/datasets/google/fleurs
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are rare or less represented in the training data are more likely to lead
to inaccuracies, reflecting gaps in the model’s learned patterns.

Fig. 2. Distribution of Persian Graphemes in the FLEURS dataset. As the differ-
ent frequency scales indicate, the order ofmagnitude between most frequent and
least frequent graphemes is about one hundred to one.

5.1. Distributional Frequencies in the Transcription of a Reference
Dataset

To improve the performance of Natural Language Processing (NLP)
tasks, the quantity of training data plays a crucial role (Ballier, Burin, et
al., 2024). In general, an increase in the volume of training data directly
correlates with improved task outcomes, as measured by various perfor-
mance metrics. For instance, in Automatic Speech Recognition (ASR)
tasks, an increase in the availability of training data for a particular lan-
guage tends to lower the Word Error Rate (WER), indicating enhanced
model accuracy and reliability. Figure 4 illustrates the distribution of
graphemes in the FLEURS dataset.

The aim is to examine the frequency of consonants and vowels that
appear at the beginning and end of words in written Persian, to be later
compared to the analysis of subtokenisation outputs produced byWhis-
per. As shown in Figure 3, the characters <د> , ,<م> ,<ب> and <ک> typ-
ically appear at the beginning of words, while the consonants ,<ر> ,<د>
,<ه> and <ن> typically appear at the end of words. Regarding vowels,
the vowel <ا> frequently appears both at the beginning and at the end of
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words. If we consider the FLEURS corpus as a foundational dataset for
Persian, it is reasonable to assume that Whisper, when trained on simi-
lar data, has been exposed to similar distributions of graphemes. Specif-
ically, Whisper may be more likely to accurately transcribe graphemes
that are highly represented in its training data. Conversely, graphemes
that are under-represented in the FLEURS dataset might pose chal-
lenges, potentially leading to transcription inaccuracies due to limited
exposure during training.

Fig. 3. Positional distribution of consonants and vowels at the beginning and end
of words

5.2. Distributional Frequencies inWhisperTranscriptions
of the FLEURS Speech Training Set

This subsection analyses Whisper transcription (large model) of the
FLEURS speech training set. We then compare the inventory of Whis-
per subtokens used for transcriptions with the positional constraints of
Persian graphemes.

Table 3 summarises the findings of this analysis. The first column
presents the IPA representations of Persian characters. The second col-
umn lists the isolated forms of Persian graphemes, accompanied by a
binary code (0–1) indicating their presence in Whisper’s subtoken dic-
tionary. A value of 1 signifies that the grapheme is included in the dic-
tionary, while a value of 0 indicates its absence. For the isolated repre-
sentation of graphemes, it was observed that ,<ژ> which belongs exclu-
sively to the Persian alphabet and not the Arabic script, is not present
in the Whisper mutlilingual dictionary. The fourth column of Table 3
shows the final graphematic representations of characters. Notably, the
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Fig. 4. Distribution of common consonants and vowels at the beginning and at
the end of words in the Whisper transcriptions of the FLEURS speech training
set (85 hours)

characters < پ,چ,ژ,ز,ظ,غ,گ > are absent from Whisper’s subtoken dic-
tionary in their final forms. It is important to highlight that < چژپ >
are Persian-specific graphemes. The sixth column represents the me-
dial forms of graphemes in Persian. In Whisper’s subtoken dictionary,
we did not observe any Persian characters in their medial forms, except
for < ت,ع,ل,ن,ی >. The eighth column reports the initial forms of charac-
ters within Persian tokens, with the following characters being absent in
their initial forms: < پ,ج,چ,ض,ط,ظ,غ,گ >.

By accessing the dictionary of subtokens for all 99 languages sup-
ported by Whisper, we extracted the subtokens associated with the
Perso-Arabic script. We identified four possible positions for Persian
characters within a word: initial, medial, final, and isolated forms11.

11. Some entries in the columns of graphematic representation for Persian contain
a value of 0, indicating that these forms do not exist in the Persian script.
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Table 3. Whisper Coding of Persian Letters in its Subtoken Dictionary

IPA Is
ol
at
ed
fo
rm

W
hi
sp
er
is
ol
at
ed

Fi
na
lf
or
m

W
hi
sp
er
fin
al

M
ed
ia
lf
or
m

W
hi
sp
er
m
ed
ia
l

In
it
ia
lf
or
m

W
hi
sp
er
in
it
ia
l

/ɒ/ ا 1 ـا 1 0 0 0 0
/b/ ب 1 بـ 1 ـبـ 0 ـب 1
/p/ پ 1 پـ 0 ـپـ 0 ـپ 0
/t/ ت 1 تـ 1 ـتـ 1 ـت 1
/s/ ث 1 ثـ 1 ـثـ 0 ـث 1
/d/ ج 1 جـ 1 ـجـ 0 ـج 0
/t/ چ 1 چـ 0 ـچـ 0 ـچ 0
/h/ ح 1 حـ 1 ـحـ 0 ـح 1
/χ/ خ 1 خـ 1 ـخـ 0 ـخ 1
/d/ د 1 دـ 1 0 0 0 0
/z/ ذ 1 ذـ 1 0 0 0 0
/r/ ر 1 رـ 1 0 0 0 0
/z/ ز 1 زـ 0 0 0 0 0
/ʒ/ ژ 0 ژـ 0 0 0 0 0
/s/ س 1 سـ 1 ـسـ 0 ـس 1
/ʃ/ ش 1 شـ 1 ـشـ 0 ـش 1
/s/ ص 1 صـ 1 ـصـ 0 ـص 1
/z/ ض 1 ضـ 0 ـضـ 0 ـض 0
/t/ ط 1 طـ 1 ـطـ 0 ـط 0
/z/ ظ 1 ظـ 0 ـظـ 0 ـظ 0
/ʔ/ ع 1 عـ 1 ـعـ 1 ـع 1
/q/ غ 1 غـ 0 ـغـ 0 ـغ 0
/f/ ف 1 فـ 1 ـفـ 0 ـف 1
/ɢ/ ق 1 قـ 1 ـقـ 0 ـق 1
/k/ ک 1 کـ 1 ـکـ 0 ـک 1
/g/ گ 1 گـ 0 ـگـ 0 ـگ 0
/l/ ل 1 لـ 1 ـلـ 1 ـل 1
/m/ م 1 مـ 1 ـمـ 0 ـم 1
/n/ ن 1 نـ 1 ـنـ 1 ـن 1
/v/ و 1 وـ 1 0 0 0 0
/h/ ه 1 هـ 1 ـهـ 0 ـه 1
/j/ ی 1 ي  1 ـیـ 1 ـی 1
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This experiment based on frequency is a sort of reverse engineering
that helps us understand howPersian graphemes are encoded in amulti-
lingual model like Whisper. Beyond this architectural bias based on the
distributions of the subtokens in the Whisper multilingual model, we
explore how the linguistic features of Persian are encoded in Whisper
when transcribing actual Persian speech.

5.3. Experiment on Spontaneous Data

To better understand the phonographemic representation of Whisper,
we analysed [the decoder output] of a 69-minute spontaneous video
from YouTube. The context is a studio where three young men (in their
30s) discuss various social and cultural topics. The session is mostly in-
formal, with frequent laughter, repetition, and other linguistic and non-
linguistic discourse markers, which could pose challenges for ASR sys-
tems to transcribe.

To assess the accuracy of Whisper in transcribing this audio file, we
report theWord ErrorRate (WER) andCharacterErrorRate (CER).The
WERof0.403 suggests that approximately 40% of thewords in theWhis-
per’s prediction are incorrect compared to the gold standard, indicating
a significant discrepancy between the prediction and the reference. This
is generally considered poor performance for many tasks, as nearly half
of the words are incorrect. A CER of 0.222 suggests that 22.27% of the
characters in Whisper’s prediction are incorrect when compared to the
gold standard, reflecting a relatively high error rate in Whisper’s tran-
scription.

Table 4. Performance Metrics for Prediction Accuracy ofWhisper

Metric Value

Precision 0.0004
Recall 0.0003
F1-Score 0.0003

The results for three other metrics Precision, Recall and F1-Score
(see Table 4) are extremely low, indicating poor alignment between the
Whisper’s predictions and the gold standard at the word level. Here is
what each of these metrics suggests:

Precisionmeasures howmanyof the predictedwords are actually cor-
rect. A precision of 0.0354% means that out of all the words Whisper
predicted, almost none of themwere correct. This indicates a high num-
ber of false positives (words predicted incorrectly). Recall measures how
many of the actual correct words were successfully predicted. A recall of
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0.029% means the system is missing nearly all the correct words, sug-
gesting a very high number of false negatives. F1-Score combines both
precision and recall into a single metric.With such a low score, it reflects
that both the precision and recall are very low, indicating a significant
mismatch between the prediction and the reference.

5.4. The Speech to Subtoken Mapping

The analysis of the Persian subtokens derived from the dataset shows
how in the distribution of token frequencies, certain characters and se-
quences appear much more frequently than others, as illustrated in Fig-
ure 5. The most frequent subtokens are key characters that are integral
parts of many common Persian words. The dominance of these compo-
nents reflects both the linguistic characteristics of Persian and the to-
kenisation strategy employed by the Whisper model.

Fig. 5. Distribution of Persian Graphemes in our YouTube Dataset

Another important aspect of subtokenisation is the length of the
subtokens across different languages. In the case of Persian, the tokeni-
sation process tends to generate shorter subtokens. Based on our anal-
ysis of the subtokenisation of Persian YouTube data, out of a total of
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30,544 subtokens generated byWhisper, 24,190 consist of only a single
Persian character. Subtokens containing two Persian characters account
for 4,325, while those with three Persian characters are limited to just 11.
This observation suggests that subtokenisation for Persian, as an under-
resourced language, may differ significantly from languages with larger
training datasets, potentially reflecting the challenges and limitations in
processing languages with less representation in model training.

5.5. Experiment onWhisper’s Alternate Predictions

We ran another experiment based on the experimentally customised im-
plementation of C++Whisper that extracts the 10 first predictions of the
model and the corresponding probabilities12. Do we get subtokens re-
served for Persian or character-based representations of corresponding
sounds for the alternate predictions?

Fig. 6. Top 10 alternate predictions for the sentence 001-A.wavfile from the Com-
mon Voice corpus (large model)

Figure 6 shows the prediction used in the final transcription (predic-
tion 1) and the alternate predictions; this is similar to the beam search
for machine translation, providing access to the alternative transcrip-
tions of the model. For instance, the first line (which predicts the special
token), lists the alternate candidates for the transcription, all of which
correspond to timestamps close to the initial starting point of the file.
In the highlighted line of predictions (l.16), the first prediction (with
a high level of certainty, 0.9969) corresponds to the unique letter that

12. https://github.com/ggerganov/whisper.cpp
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corresponds to the bilabial nasal .<م> Predictions 2 and 4 correspond to
combinations with the vowel < ام > and the consonant < رم >, respectively,
while predictions 3 and 5 correspond to the Latin letter encoding the
bilabial nasal. An unknown character appears in prediction 6. The sev-
enth and eighth generated subtokens are ,<ب> a voiced bilabial plosive,
and ,<ن> a voiced alveolar nasal. These cases are particularly intrigu-
ing as they highlight challenges faced by audio LLMs like Whisper, in
distinguishing between phonemes with similar places or manners of ar-
ticulation. This comparison of the Whisper transcription (prediction 1)
with the alternate predictions allows us to investigate the subtokens that
are the potential graphemic candidates that correspond to a portion of
the acoustic signal. This technique allows us to probe the subtokens that
may correspond to the corresponding speech interval. This method al-
lows us to answer this phonographemic question :What are the compet-
ing subtokens for a given representation of the signal for a given time
slice of the signal and the competing languages or the competing subto-
kens for a given portion of the signal?

6. Results

This section presents the key findings, including the qualitative and
quantitative analyses from the transcription task using variousWhisper
models (subsections 6.1 and 6.2). Additionally, subsection 6.3 highlights
the findings on subtokenisation phase in Whisper for Persian.

6.1. Qualitative Analysis of the Transcriptions

This subsection evaluates the performance of various Whisper models
in transcribing Persian. The base model showcases robust multilingual
outputs, such as tokens observed from other languages like Serbian, Chi-
nese, Arabic, and even mixed-language phrases, as seen in Après (=af-
ter) getting (a blend of French and English). Furthermore, it often pro-
duces hallucinations in the form of meaningless, repetitive phrases—
particularly in the middle of transcriptions—which affect the coherence
and reliability of the output (Guerreiro et al., 2023).

The tinymodel exhibits a higher frequency of hallucinations than the
base model, often repeating clusters of characters or sentences. These
hallucinations frequently contain words from other languages, predom-
inantly English. Hallucinations are found in multilingual models in
various translation contexts. Hallucinations are most common in low-
resource languages and non-English output, sometimes exposing toxic
patterns associated with training data (ibid.). Toxic patterns refer to
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harmful or undesirable outputs exhibited by AI systems due to problems
in their training data or algorithms.

The small model reduces the presence of foreign tokens significantly,
with only isolated English words occasionally appearing within Persian
transcriptions. This improvement indicates better language isolation,
allowing for clearer and more coherent transcriptions with fewer in-
stances of language interference.

In the medium model, Persian transcription accuracy improves fur-
ther; however, the model fails to handle the same phoneme, i.e., /z/,
which has multiple graphemic representations in Persian: ,<ز> ,<ذ>
,<ض> and .<ظ> Additionally, there are instances where the sequence
of Persian characters is rendered incorrectly, resulting in absurd or in-
valid forms. For example, the noun < فطل > (/lotf/, meaning grace) is tran-
scribed incorrectly as < فتول > (/lutf/), which is not a valid sequence in
Persian. There are two issues with this transcription. First, the short
vowel /o/, which is not explicitly written in Persian, is incorrectly tran-
scribed as the long vowel /u/ in the erroneous version of the word.
Second, the transcription selects the wrong grapheme to represent the
phoneme /t/ in Persian, choosing <ت> instead of .<ط> Overall, while
the model achieves greater accuracy in transcribing Persian, issues with
hallucinations persist.

Finally, the large models offer the highest level of transcription
quality, virtually eliminating hallucinations and foreign language to-
kens. Transcriptions are consistently accurate and free from unrelated
phrases. Named Entity Recognition (NER) remains an issue. For exam-
ple, the proper noun < اضر > (Reza) is written with the grapheme ,<ض>
which represents the /z/ sound. However, even though wewould expect
such a frequent first name to be present in the training data, the model
consistently uses the grapheme ,<ز> which is not used for the spelling of
this proper noun.

Another significant factor influencing transcription, whatever model
is used, is the presence of loanwords from languages such as Arabic and
Urdu. These borrowedwords, which are integrated into Persian vocabu-
lary, may exhibit unique phonetic andmorphological patterns that affect
how the model processes and transcribes them. The handling of loan-
words can highlight the model’s adaptability to cross-linguistic influ-
ences, but it also raises questions about the comprehensiveness of its
training data in capturing these nuances. For example, < رکش > (/ʃokr/)
means “gratitude” in both Arabic and Persian.

Moreover, the language frequency distribution within the Whisper
dictionary plays a crucial role in shaping transcription outputs. The fre-
quency of subtokens directly impacts the likelihood of their selection
during the transcription process. If a subtoken appears more frequently
in the training data, the model is more inclined to produce it, even in
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contexts where a less frequent variant might be more appropriate. This
distribution can influence both the selection of formal versus colloquial
variants and the representation of loanwords, underscoring the interplay
between token frequency and linguistic accuracy inWhisper’s transcrip-
tions.

Last, a noteworthy observation acrossWhisper models is the addition
of a letter referred to as the silent /he/ to represent the ezafe construc-
tion, which corresponds to an unstressed /e/ sound. In standard Persian
orthography, this [e] sound is not explicitly transcribed. For example,
Whisper transcribes < نمهتسود > (/dusteh man/, meaning “my friend”),
whereas the gold standard transcription in Persian is < نمتِسود > (/duste
man/, meaning “my friend”). This discrepancy reflects a common chal-
lenge encountered by Persian learners and individuals with limited for-
mal education, highlighting the difficulty of aligning phonetic and or-
thographic conventions in Persian transcription.

6.2. Quantitative Analysis of the Transcriptions

This subsection presents a statistical analysis of the transcriptions gen-
erated by Whisper, focusing on Word Error Rate (WER) and Charac-
ter Error Rate (CER) as key metrics to evaluate transcription accuracy
(Morris, Maier, and Green, 2004). For Persian, CER is particularly valu-
able, as it accounts for variations in spacing, which are common in the
language and can impact transcription evaluation. UnlikeWER, CER ef-
fectively ignores inconsistencies in how spaces are placed between let-
ters, providing a more precise measure of accuracy for Persian text. For
Persian, CER is very close to a subtoken error rate.

Table 5. WER and CER results for different models. The best-performing model
(Large) is shown in bold characters

Model WER CER

Base 0.97 0.84
Tiny 2.66 1.22
Small 0.89 0.58
Medium 0.83 0.56
Large 0.42 0.20
Large-v2 0.57 0.24

The large Whisper model performed best, with the lowest WER
(0.42) and CER (0.20). It captures both word-level and character-level
accuracy effectively. The mediummodel also performedwell, withWER
(0.83) and CER (0.56), though it is not as accurate as the large model.
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Base and small models showed higherWER and CER compared to both
medium and large models. Tiny model performed the worst, with ex-
tremely high WER (2.66) and CER (1.22), indicating significant tran-
scription errors. Model large-v2 strikes a balance but does not outper-
form the large model.

6.3. Distribution of Subtokens in Transcription Across Models

Our comparative analysis between model variants reveals hierarchical
performance patterns aligned with model size. The larger models, par-
ticularly large and large-v2, demonstrate marginally superior vocabu-
lary acquisition capabilities, especially beyond the 103 word threshold.
The medium and small variants maintain remarkably similar growth
trajectories through the middle ranges, while the tiny and base models
show distinct divergence patterns at various intervals. This divergence
becomes more pronounced in the upper word count ranges, suggesting
that model capacity plays an increasingly significant role in vocabulary
acquisition as the lexical complexity increases. Notably, several models
exhibit plateau phases at different points in their growth curves, indicat-
ing potential capacity limitations or optimization boundaries specific to
each model architecture.

In this subsection, we report our findings on the transcription of the
data. Figure 7 displays the frequency of different Persian subtokens pro-
duced by the Whisper tiny, medium, and large-v1 models. The x-axis
represents different Persian subtokens. The y-axis shows the frequency
values, ranging up to 5000. As for the tiny model, the subtoken on the
far left <ی> has the highest frequency, exceeding 5000. The remaining
subtokens have lower frequencies, ranging approximately between 1000
and 2000. The pattern shows an interesting distribution, with one dom-
inant token and several others at lower frequencies. The bar chart for the
MediumWhisper model’s Persian subtoken distribution shows that the
highest frequency is 4100 occurrences for the subtoken .<ی> The sec-
ond most frequent subtoken <ه> has approximately 3750 occurrences.
There is a significant drop after the second token, with the next group
clustering around 1500-2000 occurrences. The lowest frequencies, <م>
and ,<ه> are seen in the last two subtokens, with around 300-400 occur-
rences. In sum, the graph illustrates a clear non-uniform distribution
of Persian subtokens. This distribution may affect how well the model
handles different types of Persian text.

Figure 7 also shows the frequency of different Persian subtokens pro-
duced by the large-v1 model of Whisper. There appears to be a de-
scending pattern in frequency from left to right like the other models.
The most frequent subtoken <ی> has approximately 5000 occurrences,
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and the second most common subtoken <د> has around 3300 occur-
rences. The remaining subtokens show relatively consistent frequencies
between 1500-2000 occurrences. The distribution pattern is not uni-
form, showing a sharp decline between the two first frequent subtokens.
After the second subtoken, the frequency stabilises with a more gradual
decline.

(a) (b) (c)

Fig. 7. Comparison of the distribution of subtokens across models

By analysing the distribution of subtokens inWhisper outputs across
different Whisper models, we can compare these distributions to those
of Persian subtokens within the FLEURS dataset, as illustrated in Fig-
ure 2. All Whisper models, with the exception of smaller models (e.g.,
tiny), demonstrate consistencywith the distribution of graphemes in the
FLEURS dataset. The graphemes <ی> and <ا> are the most frequent in
the FLEURS dataset, a pattern also reflected in the outputs of the larger
Whisper models, namely medium and large-v1.

6.4. Probing of the Ten Best Predictions

In this experiment, we analysed the ten best predictions for the large
model in 15 minutes of speech from the Mozilla Foundation. First, we
show the validity of the results of our method, where we probe the al-
ternative predictions for the special subtoken used to indicate the be-
ginning of transcriptions [_BEG_]. We used the density probability rep-
resentation (Figure 8), which is why the probabilities of the unique oc-
currences of [_TT_30] [_TT_6] are not represented. The most frequent
second alternate predictions are [_TT_1] (5 occurrences) and [_TT_2]
(23), where these special subtokens correspond to time stamps (Ballier,
Burin, et al., 2024). Even if the time alignment is far from perfect with
Whisper (ibid.), the results are consistent with the corresponding por-
tion of the signal: these time stamps point to the very beginning of the
signal (the bigger the [_TT_] value, the further from the beginning).

We similarly illustrate the consistency of the Whisper alternate pre-
dictions for the voiced alveolar fricative and for the bilabial nasal as case
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Fig. 8. The second best predictions for the [_BEG_] Whisper special token for
transcription beginning (large model)

studies. For the transcription of the voiced fricative /z/ for the word
< نامزمه >, the expected letter would be <ز> . However, alternate predic-
tions include subtokens belonging to other languages, like зам /zam/,
which is a Russian word possibly meaning “deputy” or “assistant” or
the subtoken in Latin characters zaman (see Figure 6). The first predic-
tion corresponds to the correct letter in Persian for the voiced alveolar
fricative. Nevertheless, the alternative letters are used in the predictions
three and five and six and eight, but they are mostly used in Arabic. Al-
ternatively, the full subtoken zaman is used in the fifth prediction and
corresponds to the full realization of the following sounds. The alter-
nate candidates for the same portion of the speech signal are neverthe-
less consistent rendering and transcriptions of the sibilant, exposing the
competition of the subtokens of the different languages in the predic-
tion. This probing of the alternate predictions confirms the correspon-
dence between the token predicted and the acoustic properties of the
corresponding speech signal.

A similar phenomenon can be observed with nasals. They all corre-
spond to subtokens in different languages that correspond to the same
phonological sounds like <m> and <M> with the Latin script. Figure 9
illustrates the alternate predictions for the bilabial nasal min, where the
following vowel can be observed as well as the alveolar nasal .<ن>
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Fig. 9. The second best predictions for the bilabial nasal (large model)

ProbingWhisper at the prediction phase does not capture the grapho-
tactics of Whisper, but rather is a vantage point for the characterisa-
tion of the phonographematics of an audio LLM. It also efficiently sum-
marises the dictionary biases of the subtokenisation: languages with a
limited number of subtokens in theWhisper dictionary aremore likely to
be transcribed with subtokens used to represent other languages. Since
all theWhisper models were trained with the same subtoken dictionary,
this probably explains the hallucinations observed with the lower mod-
els: the transcriptions use ‘foreign’ subtokens that are deemed to bemore
probable, because the association of the foreign subtokenwith the acous-
tic signal is probably more present in the training data of the other lan-
guages.

7. Discussion

7.1. Distribution of Subtokens inWhisperDictionaryAcross the Perso-
Arabic Script

We assume the byte pair encoding model (the subtokneniser) was
trained on the full dataset of the Whisper training data, where Arabic
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Fig. 10. Language Frequency Distribution in the Whisper Dictionary (large
model)

has 739 hours and Persian 24 for the transcription task. To analyse the
distribution of Perso-Arabic written characters in theWhisper multilin-
gual dictionary, we extracted the corresponding subtokens [of the large
model]. Figure 10 shows that 345 subtokens are associated with Perso-
Arabic characters. Among these, 215 subtokens correspond to both Per-
sian and Arabic (labeled as “Both”), 88 subtokens are specific to Arabic
(labeled as “ARunique”), and only 12 subtokens are exclusive to Persian,
representing characters that are uncommon in Arabic but unique to Per-
sian (labeled as “FAunique”). Tadjiki and Urdu subtokens are labeled as
“Other”.

Figure 10 highlights the over-representation of Arabic, which shares
the same script as Persian, in Whisper’s subtoken dictionary. This im-
balance explains the predominance of Arabic outputs, particularly in
Whisper’s smaller models (e.g., base, tiny, and small). Other languages
are also present in the dictionary, notably Chinese, which reflects the
challenges of multilingual models with uneven language distributions.
This issue has been studied, and prior research suggests that fine-tuning
can significantly improve performance for under-represented languages
by allocating more subtokens to them (Downey, Blevins, Goldfine, and
Steinert-Threlkeld, 2023).
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7.2. Sensitivity to Gender, Social Level, Accent, Register

Understanding how speaker attributes—such as gender, social back-
ground, accent, and register—affect ASR system performance is a crit-
ical area of investigation. Graham and Roll (2024a) and Patman and
Chodroff (2024) focused on English, evaluates the impact of these vari-
ables on OpenAI’s Whisper ASR system. The results reveal Whisper’s
strong recognition capabilities for North American English accents but
highlight challenges with British, Australian, and certain non-native ac-
cents, particularly Vietnamese and Thai. Speaker-specific characteris-
tics, including English proficiency, vowel inventory, and language typol-
ogy, significantly influence recognition accuracy. Notably, male speak-
ers generally experience higher error rates. Whisper also demonstrates
superior performance with read speech compared to conversational
speech, though the gender-related accuracy gap diminishes in conver-
sational contexts. These findings underscore the importance of develop-
ing robust and inclusive ASR systems that can effectively handle diverse
accents and speech patterns. Future research should prioritise reduc-
ing biases, utilizing more diverse datasets, and advancing personalized,
context-aware ASR technologies to enhance real-world applicability. For
Persian, building on previous experiments (Namdarzadeh et al., 2023),
we report our findings on the variability ofWhisper outputs for the same
text read by two different native Tehrani speakers. Based on this experi-
ment, Despite both female speakers employing theTehrani dialect, com-
monly spoken in Iran’s capital, variations in the articulation of certain
consonants and vowels were observed when the same word was read.
Specifically, phonemic confusions were noted, including between /m/
and /b/, as well as /ʃ/ and /tʃ/. Additionally, inconsistencies arose in
the differentiation between short and long vowels, such as /e/ (close-
mid front unrounded) and /a/ (open front unrounded). These findings
suggest that subtle differences in speakers’ manner of articulation can
influence the transcription outputs, even for the large model.

7.3. The Subtokenisation Architectural Bias

An important factor to further investigate for the phono-graphematics
of Whisper is the role of the distribution of languages and of the subto-
kenisation algorithm. Assuming the transcriptions of 680,000 hours of
English are mixed all the other languages for the training of the byte pair
encoding algorithm, under-resourced languages seem to be doomed to
a character-based representation : whereas languages like English are
represented by several thousand subtokens, some of them being actual
words, less represented language only get a small fraction of the subto-
ken dictionary. The unequal distribution of the languages in the training
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data lead to an architectural bias in the Whisper models (Ballier, Burin,
et al., 2024). Previous research has pointed out some architectural bi-
ases of subtokenisation for NLP tasks. For example, for translation, Wis-
niewski, Zhu, Ballier, and Yvon (2021) have shown that the more subto-
kens are needed for occupational nouns, the more gender bias errors are
likely to be found in translations. Therefore, it is likely that subtokenisa-
tion raises issues that are still to be uncovered, whether in the represen-
tation of the written language (Downey, Blevins, Goldfine, and Steinert-
Threlkeld, 2023) or for the spoken language. Our paper is an initial in-
vestigation of these issues using a language that is under-represented in
the lists of languages used for the training data, sharing letters from the
same Unicode group, suggesting some of the dominant effects that can
also be pointed out when investigating the transcriptions fromWhisper.
Clearly, the model size, therefore the number of representations, plays a
crucial role, as well as, predictably enough, the size of the training data.
Compared to the largermodelwhere very few representationswere spot-
ted when transcribing 24 hours of speech of Persian, errors of that type
could be spotted in the different models.

It may be the case that alternate (sub)tokenisation algorithms may
be preferable, a point already made for the morphological tokenisation
of Soranî Kurdish (Ahmadi, 2020), which is written in a modified Perso-
Arabic script. Because of its specific orthographic and structural prop-
erties, the Perso-Arabic script presents specific challenges and oppor-
tunities for subtokenization. Subtokenisation models need to account
for these differences to achieve effective morphological segmentation,
and it would seem that the Unigram model tend to outperform BPE
for in this task. It should be noted that this issue has been raised for
LLMs (Petrov, La Malfa, Torr, and Bibi, 2024) and mitigating strategies
(Downey, Blevins, Goldfine, and Steinert-Threlkeld, 2023; Han and Zou,
2024) have been proposed for written models, and comparable experi-
ments should be carried out with audio LLMs.

8. Conclusion and Future Research

We have probed the graphemic outputs of Whisper and some of its
internal representations for the transcriptions of spontaneous speech.
Our reverse engineering perspective has enabled us to document how
graphemes of Persian are encoded in a multilingual model like Whis-
per. Our methodology could be replicated for other languages that have
a writing system potentially biased in the (sub)tokenisation phase. We
have been able to discuss architectural bias and properties of subto-
kens and explore how linguistic properties (like the ezafe) are encoded
in LLMs.
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One of the questions is the generalisability of our reverse engineer-
ing method. We can suggest that it can be extended to all the languages
which are treated by Whisper as a character-based model, namely lan-
guages for which theWhisper dictionary of subtokens mostly comprises
their alphabet. As a result of which, the decoder has to apply most of the
graphotactic constraints of the said language. This is what we showed
with the automatic substitution of initial and final letters which were
required in the final transcript as opposed to the grapheme in isolation
that are predicted internally, seeTable 3 that summarizes this point. The
list of languages likely to be treated on a character-based system is likely
to be deducted from the small number of hours in the training data as
published in the (Radford et al., 2023) appendix.

The demographic of the speakers in theWhisper training data is only
partially documented in Radford et al. (ibid.) since the training data is
not really known, even for the small number of hours (24) of the Persian
training data. As we suggested, we can nevertheless surmise that similar
effects that have been diagnosed for English (Graham and Roll, 2024a;
Sanabria et al., 2023) can be observed, for example, a different sensitivity
to accents and gender has been documented for English (Graham and
Roll, 2024a). Future research will need to see if the fine-tuned model for
Persian using the Mozilla Foundation Common Voice data13 has similar
gender bias for speech recognition.

Our strategy has been to treat the Whisper dictionary of subtokens
as a repository of graphemic units mapped to acoustic representations
of varying scope (from phonemic, syllabic to word-based representation
for languages like English) correspondences.14We have shown that Per-
sian corresponds the character-based representation : a limited number
of subtokens in the dictionarywas used in the encoder for the prediction
phase and graphotactic rules are applied by the decoder.

More generally, our roadmap for investigating the phonological
“knowledge” of audio LLMs consists of investigating the existence of
phonographemic mapping rules for subtokens. For this phonology of
subtokens, ifwe assume that subtokens are associated to similar pronun-
ciations, what is the acoustic granularity of this similarity? In the name
of robustness, we have to assume some plasticity for the acoustic in-
put matching the subtoken, a unique subtoken corresponding to several
phonetic realisations. A systematic analysis of the top ten alternate pre-
dictions (see Figure 6) for the transcription task should provide insight
into the phonetic representations of the different models: the subtokens

13. https://huggingface.co/speechbrain/asr-whisper-large-v2-commonvoice-fa
14. We do analyse the dictionary of the English onlymodels, based on GPT2, nor do

we detail here the fraction of special subtokens used to represent tasks, task position
of time stamps, see for instance Ballier, Burin, et al. (2024).
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predicted reflect the categorisation of phonetic neighbours as encoded
in the Whisper subtoken representations.
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A. Appendix

Table 6. Perso-Arabic Subtokens in the Multilingual Whisper Dictionary

ا ل ي ن ر م و ت د ه ب ع ة س ك

ق ح ف أ لا ع ي ج ى ه ش ن ذ يف ك

ص ط را ملا خ ني ةي ج ما لع ض اه ح نو ز

د إ ق ر ث رو ري للا او نأ تس ال ام اذ ىلع

مه ألا يد نا خ ير تلا با گ غ دا علا نع ام نك

مل آ ظ ئ يل عم مو لاب سلا يب حلا هللا دع ين ط

یک كل دو ار اذه چ هذ دح سا مك لل قلا شلا بر

اي دي ةر جلا يلع

Among the 344 Perso-Arabic characters extracted from theWhisper dic-
tionary, 240 are Persian but not exclusive to Persian, as they are also
used in Arabic. Punctuation marks are recorded in the Perso-Arabic for-
mat, following the right-to-left writing system.

The remaining characters belong to Arabic transcripts, some ofwhich
have been phased out of Persian due to the language’s evolution and
domestication.
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