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Abstract

Automatic Speech Recognition (ASR) systems have made remarkable progress in
recent years, largely driven by advances in deep learning and the availability of
large-scale training datasets. These improvements have led to significant reduc-
tions in Word Error Rate (WER), particularly in general-purpose, in-domain tasks.
However, real-world applications often demand more than overall accuracy—they re-
quire precise recognition of specific, context-dependent information such as domain-
specific terms, critical word sequences, or named entities (NEs). These are the very
areas where high-performing ASR systems tend to underperform, especially in the
absence of explicit contextual support.
This thesis addresses the problem of contextual ASR, with a specific focus on text-
only contextual data and scenarios where the base ASR model cannot be retrained.
We aim to improve both general ASR performance and the accurate recognition of
key target entities, namely (1) n-grams that are more likely within a specific con-
text and (2) NEs, through context-aware biasing strategies. These strategies are
evaluated across different ASR paradigms, including hybrid and End-to-End mod-
els, and in varied configurations (e.g., offline/online ASR, semi-supervised learning,
streaming, and domain adaptation).
A central contribution of this work is a comprehensive evaluation and analysis of con-
textual integration methods, offering practical insights into when and how different
techniques can be effectively employed. For hybrid (pipeline) ASR, we investigate
three context injection methods: lattice-level biasing, decoding graph modification,
and grammar FST augmentation with context-specific entities. We demonstrate the
effectiveness of these methods in improving recognition not only for frequent terms
but also for rare and out-of-vocabulary (OOV) words. Furthermore, we introduce
a GPU-efficient algorithm for real-time dynamic contextual biasing. This method
adjusts decoding graph arc weights using input keywords and n-grams, without gen-
erating lattices, enabling rapid adaptation and closer integration of inference and
decoding processes.
In the domain of End-to-End ASR, we propose an efficient approach for integrating
word-level n-gram language models (LMs) using the Aho-Corasick (AC) algorithm.
This enables the fusion of keyword biasing and n-gram LM adaptation into a single,
unified context trie. Compared to standard shallow fusion (SF) with neural network
LMs, our method achieves faster decoding with competitive WER and real-time
factor (RTF) performance. Evaluations on four languages and datasets confirm
improvements in both NE recognition and general ASR accuracy, including for OOV
terms. We further show that SF remains effective even when biasing entities are
generated automatically or when distractors are present, and we benchmark multiple
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SF strategies across languages and data domains. In addition, we explore dynamic
contextualisation via SF as a complement to static encoder conditioning, and present
early results on domain adaptation using text-only and pseudo-audio data.
We extend the investigation to ASR-related tasks, including Named Entity Recogni-
tion (NER) from speech and semi-supervised learning (SSL). We develop a two-step
biasing method combining ASR and NLP modules: first boosting NER via FST bias-
ing, then correcting erroneous predictions with NLP post-processing. This approach
is shown to work effectively in both cascaded ASR-NER pipelines and End-to-End
multitask models. In SSL, we propose a method to incorporate contextual knowl-
edge into iterative model training. Pseudo-labeled lattices from untranscribed data
are rescored using context-aware techniques, improving key information recognition
and outperforming traditional SSL methods in unseen domains.
To address the challenge of training streaming ASR models with minimal super-
vision, we introduce a framework that uses noisy pseudo-labels from foundational
models. Transformer-Transducer architectures trained from scratch on this data
show promising results, particularly when combined with shallow fusion using n-
gram LMs and extracted NEs.
Finally, a significant portion of this research is conducted using ATC data, where
radar surveillance information serves as context. Our contributions in this domain
demonstrate the potential of ASR contextualisation to enhance communication re-
liability and efficiency in high-stakes environments. We consider our work to be a
meaningful step toward the development of ASR-assisted ATC systems capable of
supporting domain-critical tasks and mitigating the risks associated with miscom-
munication.
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Zusammenfassung

Systeme zur automatischen Spracherkennung (ASR) haben in den letzten Jahren be-
merkenswerte Fortschritte gemacht, die größtenteils auf Fortschritte im Deep Lear-
ning und die Verfügbarkeit umfangreicher Trainingsdatensätze zurückzuführen sind.
Diese Verbesserungen haben zu deutlichen Reduktionen der Wortfehlerrate (Word
Error Rate, WER) geführt, insbesondere bei allgemeinen, domänenspezifischen Auf-
gaben. In der Praxis erfordern Anwendungen jedoch oft mehr als nur allgemeine
Genauigkeit – sie verlangen eine präzise Erkennung spezifischer, kontextabhängiger
Informationen wie domänenspezifischer Begriffe, kritischer Wortsequenzen oder Ei-
gennamen (NEs). Gerade in diesen Bereichen neigen leistungsfähige ASR-Systeme
dazu, unzureichend abzuschneiden, insbesondere wenn keine explizite kontextuelle
Unterstützung vorhanden ist.
Diese Arbeit beschäftigt sich mit dem Problem der kontextuellen Spracherkennung,
wobei der Fokus speziell auf rein textbasierten Kontextdaten liegt und Szenarien
betrachtet werden, in denen das zugrundeliegende ASR-Modell nicht neu trainiert
werden kann. Das Ziel ist es, sowohl die allgemeine Leistung von ASR-Systemen
als auch die genaue Erkennung bestimmter Zielentitäten zu verbessern, insbeson-
dere (1) n-Gramme, die in einem bestimmten Kontext wahrscheinlicher sind, und
(2) Eigennamen (NEs) durch kontextbewusste Biasing-Strategien. Diese Strategien
werden in verschiedenen ASR-Paradigmen evaluiert, darunter hybride und End-to-
End-Modelle, sowie in unterschiedlichen Konfigurationen (z.B. Offline-/Online-ASR,
halbüberwachtes Lernen, Streaming und Domänenanpassung).
Die Arbeit präsentiert eine umfassende Evaluierung und Analyse von Methoden zur
Integration von Kontext und liefert praktische Einblicke, wann und wie verschiedene
Techniken effektiv eingesetzt werden können. Für hybride (Pipeline-)ASR-Systeme
untersuchen wir drei Methoden zur Kontexteinbindung: Biasing auf Lattice-Ebene,
Modifikation des Decodiergraphen und Erweiterung der Grammatik-FST mit kon-
textspezifische Entitäten. Wir zeigen die Wirksamkeit dieser Methoden bei der Ver-
besserung der Erkennung nicht nur häufiger Begriffe, sondern auch seltener und nicht
im Vokabular enthaltener (Out-of-Vocabulary, OOV) Wörter. Darüber hinaus stel-
len wir einen GPU-effizienten Algorithmus für die Echtzeit-Adaption kontextueller
Biasing vor. Diese Methode passt die Kantengewichte des Decodiergraphen anhand
von Eingabe-Keywords und n-Grammen an, ohne Lattices zu generieren, was eine
schnelle Adaption und eine engere Integration von Inferenz- und Decodierprozessen
ermöglicht.
Im Bereich der End-to-End-ASR schlagen wir einen effizienten Ansatz zur Inte-
gration wortbasierter n-Gramm-Sprachmodelle (LMs) unter Verwendung des Aho-
Corasick-(AC)-Algorithmus vor. Dies ermöglicht die Fusion von Keyword-Biasing



und n-Gramm-LM-Anpassung in einen einzigen, vereinheitlichten Kontext-Trie. Im
Vergleich zur klassischen Shallow-Fusion (SF) mit neuronalen Netzwerk-LMs er-
reicht unsere Methode eine schnellere Decodierung bei konkurrenzfähiger WER und
Echtzeitfaktor (RTF). Evaluierungen auf vier Sprachen und Datensätzen bestätigen
Verbesserungen sowohl bei der Erkennung Eigennamen als auch bei der allgemei-
nen ASR-Genauigkeit, einschließlich OOV-Begriffen. Wir zeigen außerdem, dass SF
auch dann effektiv bleibt, wenn die zu biasenden Entitäten automatisch generiert
oder Störreize vorhanden sind, und stellen einen Vergleich mehrerer SF-Strategien
über Sprachen und Datendomänen hinweg an. Zusätzlich untersuchen wir dynami-
sche Kontextualisierung mittels SF als Ergänzung zur statischen Encoder-Bedingung
und präsentieren erste Ergebnisse zur Domänenanpassung unter Verwendung rein
textbasierter und Pseudo-Audiodaten.
Die Untersuchung wird auf ASR-nahe Aufgaben erweitert, darunter die Erkennung
Eigennamen (NER) aus Sprache und halbüberwachtes Lernen (SSL). Wir entwi-
ckeln eine zweistufige Biasing-Methode, die ASR- und NLP-Module kombiniert: Zu-
erst wird die NER durch FST-Biasing verstärkt, anschließend werden fehlerhafte
Vorhersagen durch NLP-Nachbearbeitung korrigiert. Diese Methode erweist sich
als effektiv sowohl in kaskadierten ASR-NER-Pipelines als auch in End-to-End-
Multitask-Modellen. Im Bereich des SSL schlagen wir eine Methode vor, kontextuel-
les Wissen in das iterative Modelltraining einzubinden. Pseudobeschriftete Lattices
aus untranskribierten Daten werden mit kontextbewussten Techniken neu bewertet,
wodurch die Erkennung wichtiger Informationen verbessert wird und die Leistung
in unbekannten Domänen über traditionelle SSL-Methoden hinausgeht.
Um die Herausforderung des Trainings von Streaming-ASR-Modellen mit minima-
lem Supervisionsaufwand zu adressieren, stellen wir einen Rahmen vor, der ver-
rauschte Pseudolabels grundlegender Modelle nutzt. Transformer-Transducer Ar-
chitekturen, die von Grund auf mit diesen Daten trainiert werden, zeigen vielver-
sprechende Ergebnisse, insbesondere in Kombination mit Shallow Fusion unter Ver-
wendung von n-Gramm-LMs und extrahierten NEs.
Ein wesentlicher Teil dieser Forschung wird mit Daten aus dem Bereich der Flugsi-
cherung (ATC) durchgeführt, bei denen Radarüberwachungsinformationen als Kon-
text dienen. Unsere Beiträge in diesem Bereich zeigen das Potenzial der kontex-
tuellen ASR auf, die Zuverlässigkeit und Effizienz der Kommunikation in sicher-
heitskritischen Umgebungen zu verbessern. Wir betrachten unsere Arbeit als einen
bedeutenden Schritt hin zu ASR-unterstützten ATC-Systemen, die domänenspezi-
fische kritische Aufgaben unterstützen und die Risiken durch Fehlkommunikation
verringern können.
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1. Introduction

Any human conversation occurs in a context, which can be linguistic, as well as

extralinguistic. It can be the context of the situation, including previous and up-

coming events, the topic or aim of the conversation, or the common background of

the speakers. Such context information is a great assistance to reaching a mutual

understanding � the goal of the conversation. Context plays an important role in

the correct �reconstruction� of the intended message, especially in a situation of a

noisy environment, phonetic reduction or ambiguity. For example, two phrases can

sound acoustically identical but have very di�erent meanings:

These /dZi:nz/ are very strong.

These genes are very strong.

These jeans are very strong.

Depending on the situation, the word /dZi:nz/ can be interpreted either as �sequence

of nucleotides in DNA� or �fabric�. Without knowing the context, it is impossible

to be sure about the phrase's meaning. However, in the course of a conversation,

ambiguity is usually easily resolved. Words related to the topic of conversation tend

to become semantically more probable. In other words, exposure to a speci�c context

can in�uence how an utterance is interpreted. In psychology and psycholinguistics,

this phenomenon is closely related to semantic priming, where the perception or

recognition of a stimulus is facilitated by prior exposure to a related stimulus (Meyer

and Schvaneveldt, 1971; Flores d'Arcais et al., 1985; Shelton and Martin, 1992;

McNamara, 2005).

Semantic priming means that thinking about one concept activates related mem-

ories and makes people more likely and faster to think about conceptually related

words (see Fig. 1.1: the choice between SOUP and SOAP depends on the stimuli

presented either from the �food� or from the �bathing� domain). Priming bias can

be reached by stimuli of di�erent types, i.e. linguistic (semantic, acoustic, etc.),

visual (shape, colour, size, etc.), and cultural. In the above example, the preceding

context, including such words as biology, molecular, DNA would activate the �rst

interpretation of the phrase: �These genes are very strong�. At the same time,
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Chapter 1. Introduction

Figure 1.1.: An example of semantic priming for the orthographically and acousti-
cally close words SOUP and SOAP.

preceding words like fashion, clothes, pants would make a listener choose �rst the

second interpretation of the phrase: �These jeans are very strong�. Thus, prim-

ing e�ects and exposure to a particular stimulus can bias the listener's recognition

preferences.

Evidence from human perception inspires the introduction of contextualisation to

automatic speech recognition (ASR) as well. In a similar way, contextual infor-

mation can pre-activate certain linguistic expectations, aiding comprehension and

recognition in ASR systems. In a human conversation, the context typically goes

far beyond just speech, and in ASR, it is by design limited to speech. The linguistic

context includes semantic context that refers to the meaning of words in a sentence,

and syntactic context that focuses on grammatical structure and rules governing

the arrangement of those words. The size of the semantic context considered in

ASR varies from model to model and depends on how the model is trained. When

considering models without specialised contextual training, the syntactic context is

modelled by the language model (LM) or the decoder component. It can be mod-

elled on the level of utterance (by the attention mechanism) or on the level of an

n-gram size (by an n-gram LM or by a transducer decoder). Additionally, it can

be adjusted by an external n-gram or neural network LM by rescoring or fusion

methods.

Despite the di�erent natures of speech perception in people and in ASR, ASR also

can bene�t from the context, yet it is done through di�erent mechanisms. To bias the

model's predictions toward desired recognition, probabilities of the model's hypothe-

ses should be adjusted to favour target words. The probabilities can be modi�ed by

further training the model on the target domain data or by introducing target words

and entities to the model during inference. The modi�cations can be either intro-
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duced �on-the-�y� during inference adjusting the scores of �nal predictions only, or

before the inference when the context information is integrated stationary into the

model's components (for example, modifying an LM). In the �rst case, the model

remains unmodi�ed, which makes it well-suited for �exible and dynamic adaptation

with low computational cost, even in rapidly changing contexts. In the second case,

the model (or some of its components) is modi�ed, which usually does not allow

fast integration because the model needs to be trained again for each new domain,

which is slow and expensive. At the same time, model adaptation often leads to bet-

ter context integration and, thus, better performance. Model contextualisation can

be achieved either by incorporating dedicated context-aware components directly

within the model architecture or by integrating external contextual modules that

operate independently alongside the primary model.

In this thesis, we tackle the problem of ASR contextualisation, considering di�erent

ASR models, application challenges, and various real-life use cases.

1.1. Goal and Motivation

The goal of the thesis is to investigate and improve methods for contextual inte-

gration when only text context data is available and without retraining the base

ASR model. More speci�cally, the objective of the thesis is to improve the overall

ASR performance and the recognition of target key entities, i.e. (1) word sequences

(n-gram) which are more probable in a given context, (2) named entities (NE).

Contextualisation with text data alone is addressed because text data is easier to

collect compared to the parallel audio-text data and can even be available directly

from the �nal users. Text data needs considerably less memory and can be used

in streaming applications. We focus on the contextualisation methods that do not

require retraining of the base ASR model. This principle introduces �exible con-

textualisation, which allows easy customisation of the system, fast inter-domain

switching without the model change, and privacy preservation when biasing is ap-

plied locally on the user's side.

These �exible contextualisation strategies are particularly valuable given the re-

markable progress ASR models have achieved. In recent years, ASR models have

seen signi�cant advancements in word error rate performance, primarily due to deep

learning and large-scale data-driven approaches. Foundational speech models have

shown robust performance, especially in well-de�ned benchmarks and databases. A

crucial aspect of their e�ectiveness is their generalisation ability � the capacity
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to perform well on unseen data that di�ers from the training distribution. Good

generalisation is achieved when a model learns the general distribution of the train-

ing data well and without learning irrelevant data points' speci�c details that can

cause over�tting. Several machine learning (ML) techniques, such as regularisation,

dropout, and early stopping, help maximise generalisation during training.

As we aim for a model to perform well on the unseen test data, reaching a strong

generalisation ability is typically the main goal when training a new model. Recent

large ASR and language models, such as wav2vec 2.0 (Baevski et al., 2020), Whis-

per (Radford et al., 2023), BERT (Devlin et al., 2019), Llama (Touvron et al., 2023),

GPT (Radford et al., 2019), are trained on unprecedentedly large amounts of data,

which is the key to their impressive performance, because large data brings diver-

sity necessary to achieve great generalisation ability. Despite the strength of large

models and state-of-the-art (SOTA) results on most benchmarks (Rekesh et al.,

2023; Radford et al., 2023; Abouelenin et al., 2025), their performance still has

some limitations. The scope for improvement is particularly visible when evaluat-

ing domain-speci�c datasets, noisy data, streaming, low-resourced, and complicated

applications, and rare and speci�c words. These challenging conditions are a pri-

mary motivation for ongoing ASR development. While models may perform well on

general tasks, practical applications often demand accurate recognition of speci�c

information and key entities � precisely the cases where models are more likely to

fail despite strong overall performance. Models with strong generalisation capabil-

ities can enhance their performance on such outliers by adapting to speci�c target

domains or incorporating contextual knowledge.

When there is a need to improve the performance of a model in a speci�c domain

or in recognising speci�c words and terms, the most technically straightforward

method is to continue training the model for several more iterations on the target

data in that domain. Further model training updates the model's weights, tuning

them to the target domain and its lexicon. This method is called domain �ne-tuning

and usually works well when the adaptation data match the test data. However,

this method has its limitations. First, the straightforward way to train an ASR

model is to use an annotated corpus, which means that we must provide paired

AUDIO-TEXT training data for the domain we are targeting. Transcribed data is

not always available because it is very expensive to produce compared to text data

only. Second, when the parameters of the base model are updated to the particular

domain, it can over�t to the new data, and its overall performance on other data

can degrade. This is not convenient in case we have several di�erent domains in the

data and do not want our model to loose its generalisation strength. Third, �ne-

tuning has to be performed as a separate training step before the tuned model can
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Figure 1.2.: An example of contextual biasing with the user's data for the acousti-
cally close words Loreen and Doreen.

be used. Moreover, retraining can be problematic in situations where the domain or

context of a conversation changes rapidly and unpredictably, and there is no time for

new adaptation training. Finally, retraining the model includes the need for expert

knowledge, annotated training data, and additional time and work load.

Taking into account the above limitations, a solution for ASR with dynamically

incorporated text-only context data and without specialised training of the base

model is useful for many practical scenarios. Customisation possible on the end-

user side is especially valuable, as it allows contextualisation of the ASR system

without expensive expert knowledge and workload, which makes it fast and �exible

in use. ASR models that incorporate context provide more natural and relevant

interactions, reducing the need for users to correct misrecognised words. This is

particularly important for virtual assistants, dictation software, and customer ser-

vice chatbots. Di�erent industries and use cases require ASR models to adapt to

specialised vocabularies and terminologies. Contextual adaptation allows ASR sys-

tems to understand domain-speci�c jargon, improving recognition accuracy in �elds

such as legal, medical, and technical domains. For example, contextualisation is

important for call center conversations when the ASR system has to quickly adapt
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to di�erent topics or when clients' personal information can be used (see an example

of contextual biasing with the user's data at Fig. 1.2).

Context in speech is often dynamic, in�uenced by the conversation's �ow, speaker

intent, and environmental factors. ASR systems must adapt in real-time to changing

contexts without relying solely on prede�ned language models. By leveraging real-

time contextual signals, such as speaker intent, location, and previous conversation

history, ASR models can dynamically adjust their predictions. For example, the

knowledge about the aircrafts in the air space collected by radar every few seconds

can be injected into the ASR system as text context to enhance understanding in

communication between pilots and controllers.

Another advantage of using only text data and keeping the base model unmodi�ed is

privacy preservation, which can be crucial for users' security. Personalisation of an

ASR system for di�erent users can improve its recognition performance when users'

personal information (contact list, playlist, favourite locations, etc.) is available.

ASR systems learn from decentralised user data and adapt to individual users' speech

patterns while maintaining generalisation across broader datasets.

Crucially, text data provides compelling practical advantages: text data is consider-

ably easier to collect compared to paired data, it requires only a little memory, and

text data can be introduced to the model as a list of entities or as a graph.

1.2. Outline

We propose textual context-aware ASR biasing methods, i.e. techniques designed

to bias ASR model predictions toward desired target entities, across various con�g-

urations, as outlined in Fig. 1.3. The methods are tested on conversational datasets

from di�erent domains, including air tra�c communication, banking, healthcare,

insurance, and earnings.

Hybrid vs. End-to-End ASR. We distinguish between contextualisation meth-

ods applied to (1) pipeline (or hybrid) ASR systems and (2) End-to-End ASR

systems. In hybrid ASR models � which typically consist of separate acoustic,

pronunciation, and language components � contextualisation is primarily achieved

by adapting the language model. This can include incorporating domain-speci�c

text corpora, biasing recognition toward relevant phrases, and integrating external

knowledge sources such as user pro�les or knowledge graphs. In contrast, End-to-

End ASR models are built using deep learning architectures like transformers or

transducers, where all components are trained jointly and optimised toward a single
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Figure 1.3.: An overview of the thesis.

objective function. Due to their uni�ed structure, it is more challenging to adjust

individual components in isolation. Consequently, contextualisation in End-to-End

models relies on strategies such as large-scale pretraining on diverse datasets, use of

attention mechanisms to attend to context words, contextual word embeddings, and

external language model integration. These models can further bene�t from �ne-

tuning on domain-speci�c data and employing context-aware decoding techniques,

such as biasing output based on dialogue history or speaker intent.

Dynamic vs. static context integration. The second distinction we make is

between dynamic and static approaches to context integration. A dynamic approach

refers to contextualisation that occurs during inference without requiring additional

preprocessing, pre-training, or specialised architectures. In contrast, a static ap-

proach involves incorporating context either prior to decoding or through dedicated

model architectures designed to integrate contextual information during training or

inference. Additionally, we investigate solutions for fast context integration includ-

ing the ones suitable for streaming ASR: from fast and light o�ine contextualisation

to �on-the-�y� online context integration for streaming applications.
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Contextualisation for ASR and related applied tasks. Finally, we consider

the role of contextualisation in supporting downstream tasks and enabling semi-

supervised learning. For downstream tasks such as machine translation, sentiment

analysis, and named entity recognition, incorporating contextual information from

ASR outputs ensures that transcriptions are more accurate and meaningful. This

improves the overall performance of subsequent models that rely on ASR-generated

text. In semi-supervised learning, where models are trained using a combination

of labelled and unlabelled data, contextualisation helps in re�ning pseudo-labelling

strategies and improving representation learning. By leveraging contextual embed-

dings and pre-trained language models, semi-supervised ASR systems can better

generalise to unseen data, reducing errors caused by ambiguous or out-of-vocabulary

words. As a result, contextualisation enhances both the robustness and e�ciency of

models in low-resource settings, enabling better performance with limited labelled

data.

The various con�gurations outlined above de�ne how contextualisation is approached

in each chapter of the thesis:

Chapter 2 This chapter establishes the fundamental theoretical and method-

ological framework of the thesis. It �rst provides an overview of key principles and

architectures underlying ASR models, along with contextualisation techniques, and

specify those adopted in this work. Then, it describes the types of textual data

necessary for ASR contextualisation, details the datasets used in the experiments,

and explain the evaluation metrics applied.

Chapter 3 This chapter focuses on the contextualisation techniques applied with

the pipeline (hybrid) ASR models. It covers three di�erent methods for static and

dynamic boosting of target entities during inference and inside the language model.

We test the methods on sequences of words with frequent words, as well as on rare

and out-of-vocabulary words. In addition, we present an implementation of con-

textual biasing within the decoding graph, executed directly on GPUs to support

real-time decoding. The work described in the chapter has been published in (Nig-

matulina et al., 2023; Bhattacharjee et al., 2023, 2024; Zuluaga-Gomez et al., 2023a);

a part of the work is available online in a pre-print (Nigmatulina et al., 2021).

Chapter 4 This chapter explores contextualisation techniques speci�cally de-

signed for End-to-End ASR models. We consider two biasing methods for contextu-

alising during inference. Both of them are dynamic approaches applied directly at

the decoding stage. A part of the work described in the chapter has been published

in (Thorbecke et al., 2025).
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Chapter 5 The chapter presents preliminary �ndings that have not yet been

published. If in Chapter 4, we use lists of entities as adaptation data, in Chapter 5,

adaptation data is a domain-speci�c text corpus. We investigate two methods for do-

main adaptation of End-to-End models. The �rst method can be described as static

contextualisation, when only the language model component is adapted. The second

method di�ers from the others because, while it aligns with the primary principle of

text-only contextualisation, it diverges from the secondary principle of leaving the

base model unchanged. This approach involves �ne-tuning the entire model using

both text and synthetic audio-like features generated from the text. Additionally,

we address the topic of language modelling within End-to-End ASR, highlighting

the unique challenges it poses rather than treating it as a straightforward task.

Chapter 6 In this chapter, we explore how contextual information can be har-

nessed to enhance both downstream Natural Language Processing (NLP) tasks based

on ASR outputs and the training of ASR models in low-resource settings. We present

experimental evidence and analysis demonstrating that contextual biasing enhances

performance on the named entity recognition (NER) task for both pipeline and

End-to-End ASR systems. We also demonstrate the bene�ts of contextual biasing

in scenarios with limited training data, speci�cally, in (1) semi-supervised learning,

and (2) improving the accuracy of streaming ASR models trained from scratch us-

ing pseudo-labels. The work described in the chapter has been partly published

in (Nigmatulina et al., 2022; Zuluaga-Gomez et al., 2021; Thorbecke et al., 2024).

Chapter 7 This chapter begins by summarising our key contributions and �nd-

ings, followed by a discussion of potential directions for future research.

1.3. Publications

Publications included in the thesis.

Accepted as the �rst author:

1. Nigmatulina, I., Zuluaga-Gomez, J., Prasad, A., Sarfjoo, S. S., Motlicek, P.

(2022). A two-step approach to leverage contextual data: speech recognition

in air-tra�c communications. In ICASSP 2022-2022 IEEE international con-

ference on acoustics, speech and signal processing (ICASSP) (pp. 6282-6286).

IEEE. (Nigmatulina et al., 2022)

2. Nigmatulina, I., Madikeri, S., Villatoro-Tello, E., Motli£ek, P., Zuluaga-

Gomez, J., Pandia, K., Ganapathiraju, A. (2023). Implementing contextual

9



Chapter 1. Introduction
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1.4. Contribution to the projects

This thesis has been performed in the context of research and industrial projects,

and focuses on the following application areas:

1.4.1. Air-Traf�c communication (STARFISH project)

In the STARFISH1 project with Deutsche Zentrum für Luft- und Raumfahrt (DLR)

and Frankfurter Flughafen AG (Fraport), I worked on collecting and preprocessing

audio data, training ASR models, �on-the-�y� integration of radar data to improve

the ASR predictions, and software for automatic streaming transcription and record-

ing pilots-controllers conversations.

1.4.2. Call center conversations (Uniphore project)

In the industrial Uniphore project, I worked on problems of contextualisation and

personalisation of hybrid and End-to-End ASR models to improve the recognition

of call center conversations in English from di�erent and often changing domains.

Additionally, I worked on the implementation of contextual biasing for streaming

decoding.

1 https://www.dlr.de/de/medien/publikationen/magazine/alle-magazine-webversion/dlrmagaz
in-172/wir-verstehen-uns

12



2. Background

This chapter lays down the basic theoretical and methodological aspects of the thesis.

The �rst two sections overview of the most important principles and architectures

of ASR models, as well as methods of contextualisation, and de�ne those that are

used in the present thesis. The last three sections outline the types of text data

required for ASR contextualisation, the datasets used in the experiments, and the

evaluation metrics employed.

2.1. Automatic Speech Recognition

Automatic Speech Recognition (ASR) is the technology that converts spoken lan-

guage into written text, mapping an acoustic input sequence of length T to a corre-

sponding text sequence of N words. Formally, ASR seeks to model the conditional

probability p(Y jX), where Y = fy 1; :::; yng is a word sequence drawn from the vo-

cabulary V, and X = fx 1; :::; xtg represents the sequence of observed acoustic feature

vectors. The goal is to �nd the most probable word sequence Y given the observed

acoustic input X, e�ectively selecting the best candidate sentence from all possible

word combinations in the language. This formulation follows the standard ASR

framework described in (Jurafsky and Martin, 2009; Wang et al., 2019):

Ŷ = argmax
Y 2V

p(Y jX) (2.1)

Bayes's theorem is then applied to reformulate the Eq. 2.1:

Ŷ = argmax
Y 2V

p(XjY )p(Y )
p(X)

= argmax
Y 2V

p(XjY )p(Y ) (2.2)

where p(Y ) is a language model and the probability of acoustic features given a

word p(XjY ) can be regarded as an acoustic model.

The �rst step in ASR training involves transforming the raw acoustic signal into a
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numerical representation � a sequence of feature vectors. To capture the signal's

temporal dynamics, the waveform is segmented into short, overlapping frames, typi-

cally 25 milliseconds long with a 10-millisecond stride. This sliding window provides

a good balance between temporal resolution and phonetic detail. The chosen frame

length is su�cient to represent individual phonemes while maintaining local station-

arity, which reduces ambiguity when mapping acoustic features to phonetic units.

Each frame is then encoded as a feature vector, resulting in a sequence that serves

as input to the acoustic model. The most widely used acoustic features are Mel-

Frequency Cepstral Coe�cients (MFCC) (Davis and Mermelstein, 1980). Sometimes

the cepstrum analysis step is omitted and, then, FBANK features, which are the

output from a Mel-frequency �lterbank, are used instead (Mohamed et al., 2011).

Conceptually, all ASR models can be categorized as either (1) traditional, i.e. hy-

brid, pipeline models, or (2) End-to-End models. Over the past few years, deep

learning techniques have become integral to almost all ASR systems. Both hybrid

HMM-deep neural network (HMM-DNN) and End-to-End speech recognition mod-

els use deep learning techniques and perform similarly.

2.1.1. Hybrid ASR models

The ASR pipeline typically involves training three probabilistic models, followed by

a decoding stage in which their outputs are combined. Each of these models captures

a di�erent aspect of spoken language: the acoustic model (AM), the pronunciation

model (PM), and the language model (LM).

Acoustic model. The AM maps the input acoustic signal � represented as a se-

quence of feature vectors � to phonetic units or sound �labels� known as phonemes.

In this work, with hybrid ASR, we will refer to a model with a neural network AM

that estimates posterior probabilities over HMM states, i.e. NN�HMM ASR system.

Lexicon. The PM, often referred to as the lexicon or dictionary, is a table that es-

tablishes the mapping between phonemes and graphemes, e�ectively linking sounds

to their written representations. This model is either curated by linguists or, when

data permits, learned automatically from aligned training data. For example, the

lexicon is often created with the grapheme-to-phoneme (G2P) module that converts

words into their transcriptions. The vocabulary de�nes the �nite set of words that

an ASR system can recognise, with each word linked to its pronunciation through

entries in the lexicon.

Language model. The LM predicts the most probable sequences of words in a
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language, using the outputs from both the AM and PM to guide the construction

of coherent and linguistically valid sentences. LMs can be broadly categorised into

two types: statistical and neural. Statistical language models (SLMs) estimate the

probability distribution over sequences of words using n-gram statistics. In contrast,

neural language models (NLMs) learn distributed word representations, enabling

them to capture more complex dependencies, generalize better, and scale more ef-

fectively with large vocabularies (Bengio et al., 2003). While NLMs have become

increasingly popular, SLMs remain widely used due to their lower computational

requirements and superior performance on small datasets � particularly when pre-

trained models are unavailable, such as in certain hybrid ASR systems (Xiong et al.,

2018).

Representation of knowledge sources. For decoding with a hybrid ASR system,

the knowledge sources can be represented in di�erent ways. For example, the Hidden

Markov Model Toolkit (HTK) (Young and Young, 1993) uses tree lexicons and

phone/state networks to construct the search space2. The search strategy with trees

used for search space construction is known as the history conditioned lexical tree

(HCLT) (Ney et al., 1992; Ney and Ortmanns, 2002b). The lexical pre�x tree can

be constructed with varying degrees of granularity and scale. In this structure,

leaf nodes signify the completion of one or more word pronunciations; a single leaf

may represent multiple lexical entries in the case of homophones or when words

share an identical sequence of tied HMM states. Because the speci�c identity of

a hypothesis is only resolved upon reaching these terminal nodes, LM scores are

integrated exclusively at word-end states (Ortmanns and Ney, 2000). To satisfy the

requirements of an n-gram LM, search hypotheses must be di�erentiated based on

their unique (n �1) word histories, ensuring that transitions are calculated with the

correct linguistic context.

Another way to represent the knowledge sources is weighted �nite state transducers

(WFSTs) (Mohri, 1997; Mohri et al., 2002), e.g. used in the Kaldi toolkit (Povey

et al., 2011). While comparative studies have shown that HCLT and WFST-based

search strategies can achieve similar e�ciency depending on the task and system

con�guration (Rybach et al., 2011, 2013), the e�ciency is distributed in di�erent

ways (Ortmanns and Ney, 2000). The HCLT decoder is characterised by e�cient

intra-word state expansions within its pre�x tree structure; however, it incurs signif-

icant computational overhead during the LM look-ahead score estimation and word-

boundary processing. Conversely, the WFST-based decoder experiences increased

costs for within-word transitions due to the complexity of real-time composition, but

2 The search space is a set of all possible paths of a given length in the search network given a
certain acoustic observation.
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Figure 2.1.: Weighted �nite-state transducer example illustrating a relationship be-
tween two levels of representation: pronunciation lexicon and language
model L � G (The input label i, the output label o, and weight w of a
transition are marked on the corresponding directed arc by i : o=w).

it o�ers distinct advantages in the LM look-ahead scoring e�ciency and hypothesis

recombination. As in this thesis we work with the Kaldi toolkit, we will always use

the WFST-based decoding.

A WFST function is a �nite state machine comprising a set of states, including a

designated start state and one or more �nal states, and transitions (arcs) between

them, each associated with a weight or probability. These transitions are labelled

with both input and output symbols, allowing the transducer to map an input

symbol sequence to an output sequence as it follows a path through the states

(Partee et al., 2012).

This property allows the transducer to combine di�erent levels of representation,

for example, phones and words, or the Hidden Markov Models (HMM) and context

dependent (CD) phones (see Fig. 2.1). The combination is implemented with the

operation of composition that maps sequences from input transducers in such a way

that an output from one transducer should be an input to another (Mohri et al.,

1998; Dol�ng and Hetherington, 2001; Hori and Nakamura, 2005; Allauzen et al.,

2009). In other words, with composition, one can integrate into a system information

from additional knowledge sources.

In ASR, di�erent WFST components are composed together in the �nal decoding

graph HCLG (Mohri et al., 2002; Povey et al., 2012):

HCLG = H � C � L � G (2.3)

where H; C; L and G represent the HMMs (H.fst) structure that keeps transition

probabilities, CD (C.fst) that maps states of triphones to phonemes, lexicon (L.fst)
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that keeps pronunciation probabilities, and LM (or grammar, G.fst) that keeps n-

gram probabilities. The HCLG graph is used to generate the best hypotheses during

decoding.

Decoding. During decoding, the posterior probabilities estimated by the AM are

converted into state likelihoods using the Bayes' rule, which requires division by the

state prior probabilities. This procedure, commonly referred to as state prior cor-

rection, compensates for the imbalance in state frequencies observed during training

and removes an implicit linguistic bias learned by the neural network. As such, state

prior correction can be viewed as a simple form of internal language model compen-

sation, ensuring a more proper separation between acoustic and language-model

contributions during decoding.

Once the acoustic model produces observation likelihoods (or emission probabilities)

for each frame, the decoding step aims to identify the most probable word sequence.

This involves computing the joint probability of each state and its corresponding

observation at each time step. These values are then combined with the prior prob-

abilities provided by the language model (see Eq. 2.1) to determine the most likely

word sequences.

Rather than producing only the single best hypothesis, the decoder typically gener-

ates multiple high-scoring candidates. A compact and e�cient way to represent the

decoding hypotheses is through a word lattice, or a search graph (or WFST) of an

utterance of T frames that is used to �nd the best decoding path. To optimise the

search through the lattice, Viterbi search algorithm with beam pruning is typically

employed (Forney, 1973).

Hybrid systems continue to be among e�ective and versatile approaches for devel-

oping ASR engines, especially when only limited amounts of transcribed audio data

are available. However, the rise in computational resources and the abundance of

unlabeled data have led to the emergence of new possibilities for ASR training. For

example, End-to-End ASR models need neither HMM nor complex pronunciation

lexicons compared to hybrid models.

2.1.2. End-to-end ASR models

End-to-End models are typically sequence-to-sequence architectures that directly

convert audio inputs represented as sequences of acoustic feature vectors into corre-

sponding word or grapheme sequences. Unlike traditional ASR systems, E2E models

eliminate the need for intermediate components by learning a direct mapping be-
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Figure 2.2.: ASR End-to-End architectures: (a) encoder-decoder, (b) CTC, and
(c) transducer (Lugosch, 2020).

tween input and output labels. Through joint training, these models optimise a

global objective function aligned closely with the �nal evaluation metrics, enabling

more e�ective and holistic learning (Graves and Jaitly, 2014; Wang et al., 2019).

Although End-to-End models follow a uni�ed framework, their architecture is typ-

ically composed of three main components: the encoder, which transforms the

input speech signal into a sequence of features, e�ectively serving as the acoustic

model; the decoder, which generates the �nal transcription and functions simi-

larly to a language model; and the aligner, which establishes the correspondence

between the audio features and the textual output, aligning the input and out-

put sequences. Since neural networks in speech recognition are typically trained as

frame-level classi�ers, each frame requires a corresponding training target. Each

phoneme may span a variable number of frames in the audio signal, making the

acoustic frame sequence signi�cantly longer than the corresponding text label se-

quence. To associate frames with their target labels, an alignment between the

audio and transcription must be established that accounts for the temporal variabil-

ity of speech. In traditional hybrid models, this alignment, referred to as �forced�

alignment, is provided by the HMM and is progressively re�ned through iterative re-

training and realignment. End-to-End models employ a �soft� alignment approach,

where each audio frame is associated with a probability distribution over all possible

output states, eliminating the need for an explicit or forced alignment. Depending

on the implementation of soft alignment, there are three types of End-to-End model

architecture: 1) Attention-based Encoder-Decoder, 2) Connectionist Temporal Clas-

si�cation (CTC), and 3) Transducer (see Fig. 2.2).
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Attention encoder-decoder. The encoder-decoder (AED) architecture consists

of three main components: encoder, decoder, and attention mechanism (aligner)

(Chorowski et al., 2015; Bahdanau et al., 2016; Chan et al., 2015). Thus, the soft

alignment between the input data and the output labels is calculated directly with

the attention mechanism (see Fig. 2.2-a). Attention encoder-decoder is a powerful

architecture for many tasks. However, in the context of ASR, it has a few drawbacks.

First, the attention mechanism becomes computationally intensive with long input

sequences, as it requires attending to the entire input for each output step. This

results in a complexity of O(TU), which can be particularly costly in speech tasks

where both T (input length) and U (output length) are large. Second, the default

attention models cannot operate in real-time (online) because they require access

to the entire input sequence before the decoder can perform attention. Finally, the

default attention models do not take advantage of the monotonic alignment between

speech inputs and text outputs when the order of segments in the input sequence

coincides with the order in the output sequence (opposite from the translation task).

Connectionist Temporal Classi�cation. The Connectionist Temporal Clas-

si�cation (CTC) loss function was proposed for labelling sequence data without

pre-segmented training data, when input and output sequences are monotonically

aligned and can be of di�erent lengths (Graves et al., 2006). The core idea of the

CTC method is to treat the outputs as a probability distribution over all possi-

ble label sequences, conditioned on the input sequence. This allows the objective

function to directly maximise the probability of the correct label sequence, thereby

addressing the challenge of hard alignment during loss computation.

To encode spelling duplicate characters, the CTC method adds the pseudo-character

`blank' label (`-') to the set of output labels. The `blank' label serves to mark

the border of two characters in the output transcription: for example, �hhee-ll l-l l-

ooo ! hello instead of hhheeelll l looo ! helo. Therefore, given an input sequence

X = fx 1; :::; xtg of length T , a CTC alignment a is a length T sequence of blank and

label indices. The probability p(ajx) of a is the product of the emission probabilities

at every time-step (Graves and Jaitly, 2014):

p(ajx) =
TY

t=1

p(at ; tjx) (2.4)

When the probabilities of paths (output sequences) are de�ned, the second step

called many-to-one mapping is to remove all blanks and repeated labels in the path:

aT ! a �T . For example, two di�erent paths �c-aa-t-� and �c-a-tt-� are aggregated

to give the same result: �c-a-t-� (Wang et al., 2019).
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Figure 2.3.: Output probability lattice de�ned by P(kjt; u) (Graves, 2012).

Limitations of the CTC approach are that (1) it can only map input sequences

to output sequences that are shorter than it, and (2) it assumes that output ele-

ments are independent of each other and, therefore, cannot explicitly model inter-

dependencies and learn the language model3. Thus, the CTC model has an encoder

with alignment but no decoder, which makes it an acoustic model (see (Fig. 2.2-b)).

Neural transducer. The transducer architecture consists of three subnetworks:

transcription network (encoder), prediction network (predictor, decoder) and joint

network (aligner) (Fig. 2.2-c) (Graves, 2012; Graves et al., 2013). The encoder

provides an `acoustic' distribution P(kjt), where t is the input timestep. The pre-

dictor network models the inter-dependencies within the output label sequence and

provides the `linguistic' distribution P(kju), where u is the output timestep. The

predictor operates in an autoregressive manner, meaning it uses only past observa-

tions to predict the value at the next time step. Then, the hidden activations of both

encoder and predictor networks are fed into a separate feedforward joint network,

which combines and sends them to the last softmax layer to normalise it and output

the �nal label distribution. As the true alignment is not available, the Transducer

de�nes P(Y jX) as the sum of the probabilities of all possible alignments between x

and y, similar to the CTC.

The T � U outputs from the joint network can be viewed as a grid (Figure 2.3).

Horizontal transitions de�ne proceeding through the acoustic frames and vertical

transitions mean consuming labels. Moving from time frame t to t+1 is comparable

to the empty state in CTC. Non-blank symbols are produced when transitioning

vertically, or moving from one output label to the next (e.g. from output label u to

u+1). It is important to note that in this process, multiple time frames can be used

3 Contrary to the traditional view of CTC as a purely acoustic mapper, recent research reveals
that these models develop a latent internal language model (Yang et al., 2025). Leveraging
ILM estimation techniques allows for more e�ective integration with external LMs, leading to
signi�cant performance gains.
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without producing a non-blank symbol (similar to CTC), but it is also possible to

output multiple labels without moving forward in time. Overall, given a sequence of

speech features X = fx1; :::; xT g where xt 2 Rd, the model is trained to minimise the

sum of the negative log posteriors of the reference token sequences Y = fy1; :::; yUg

over the training corpus DT where yu 2 V and V is the set of non-blank output

tokens, e.g., word pieces:

L(�) = �
X

(X;Y )2D T

logP (Y jX; �) (2.5)

where � are the parameters of a Transducer model.

With the predictor ful�lling the language model function and the jointer in ad-

dition to the transcription network, the transducer solves two problems of CTC

models: 1) it allows multiple outputs for each input; 2) it introduces a dependency

between the outputs by adding the predictor and joiner networks. Moreover, the

transducer architecture allows decoding in an online/streaming fashion, where each

x t is processed as soon as it arrives. In the transducer framework, the transformer

architecture is often used for the encoder network, resulting in the Transformer-

Transducer (TT) architecture (Zhang et al., 2020a). This architecture combines the

best of the transducer and the transformer and leads to a robust streaming ASR (Li

et al., 2020a; Noroozi et al., 2024).

2.1.3. Summary

Hybrid models have a modular structure with separately prepared acoustic and lan-

guage models and lexicon. The modularity has some advantages, as it makes a

model, �rst, more explainable, and, second, more �exible when di�erent data can

be used for training di�erent parts and when the language model can be easily

replaced by another one. However, hybrid models (i.e. HMM-based) are limited

by various unfavourable factors such as data forced segmentation alignment, in-

dependent hypotheses, multi-module individual training inherited from the HMM,

and incoherence in optimisation, as modules are optimised separately with di�erent

objectives.

The End-to-End systems have a simpli�ed model, joint training, direct output and

no need to force data alignment. Such models provide easier �all-inclusive� training

and, as they have evolved rapidly in recent times, give more space for research and

promise more potential for further improvement. At the same time, End-to-End

models are less �exible compared to the hybrid ones, and it can be di�cult to modify
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a single aspect without updating the whole model. With the End-to-End approach,

we miss the �ne-grained control and interpretability across di�erent components. For

instance, hand-crafted pronunciation lexicons and statistical language models can

be tailored to speci�c applications, enhancing performance in specialised domains

like aviation or medical transcription.

The choice between hybrid and End-to-End ASR systems often depends on the

speci�c application context. While End-to-End models generally achieve superior

performance in data-rich scenarios, hybrid systems often outperform End-to-End

models when pretraining resources are scarce, as they are less reliant on large-scale

annotated datasets. The ability of hybrid models to leverage proven techniques

such as forced alignment and lattice-based decoding also contributes to their con-

tinued use in industry and research. In this thesis, we explore the integration of

contextual knowledge in both ASR paradigms. For hybrid systems, we adopt the

CNN-TDNNF architecture (Peddinti et al., 2015), while for End-to-End systems,

we use the transformer-transducer model.

2.2. Contextual knowledge in ASR

While ASR models perform well in general speech recognition tasks, they often

misrecognise uncommon or context-speci�c words, such as named entities (NEs),

technical jargon, or brand names. Integrating contextual knowledge enhances ASR

models in several directions. (1) Improving recognition of NEs: contextual biasing

ensures that domain-speci�c entities (e.g., company names, product names, medical

terms) are correctly transcribed. (2) Enhancing user experience in voice assistants:

by prioritising contextually relevant words, ASR systems provide more accurate

responses to user queries. (3) Boosting accuracy in noisy environments: when back-

ground noise a�ects speech recognition, contextual biasing helps the ASR model

focus on relevant terms. (4) Optimising performance for domain-speci�c applica-

tions: call centers, legal transcription services, and healthcare applications bene�t

from context-aware speech recognition. The previous Section 2.1 has shown that

hybrid and End-to-End models are trained in a very di�erent way; thus, the in-

tegration of context is also realised di�erently. In this section, we provide a brief

overview and discuss methods of contextualisation for both types of ASR models.
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2.2.1. Contextualisation with hybrid models

In hybrid ASR systems, which combine separate acoustic, pronunciation, and lan-

guage models, several methods can be employed to introduce contextual information

e�ectively.

Language model adaptation. One of the most direct ways to incorporate con-

textual knowledge is by LM adaptation. The most widely used technique for LM

adaptation is log-linear interpolation (Klakow et al., 1998). The existing general-

purpose LM can be interpolated with a domain-speci�c model trained on contextual

corpora. This enables the system to predict more accurately context-relevant terms

while maintaining overall language �uency.

Shallow fusion. Another method shallow fusion, or a late integration technique,

where an external LM, trained on context-rich data, is combined with the ASR

decoder during inference. Instead of modifying the main LM, the decoder scores from

the base LM and the external contextual LM are interpolated on-the-�y. This allows

the system to boost the probabilities of context-speci�c hypotheses dynamically

and adapt to varying scenarios, such as di�erent users or domains, with minimal

overhead (Hori et al., 2003).

WFST weights adjustment. As mentioned above (see Sec. 2.1.1), in a hybrid

ASR system, di�erent knowledge sources, i.e. phone context dependencies, lexicon,

and language model, are represented as WFSTs and composed before decoding into

a large decoding graph. In this framework, contextual biasing can be applied as a

WFST weights adjustment by modifying the weights (or probabilities) of transitions

associated with context-relevant terms. Lowering the cost (or increasing the weight)

of certain arcs in the WFST makes those words more likely to be chosen during

decoding. Contextual biasing can be used in any WFST of the pipeline, e.g. the

grammar (G.fst) as more permanent integration, or a lattice as a �exible on-the-�y

biasing. Thus, the method leverages the modular and composable nature of WFSTs,

enabling seamless integration of contextual knowledge into the decoding pipeline.

Biasing towards target named entities. Contextual biasing has been applied

in di�erent scenarios, for example, improving recognition of NEs such as contacts,

locations, �lms, OOV words etc., to adapt the recognition of voice-driven assistants

to users (Hall et al., 2015; Aleksic et al., 2015; McGraw et al., 2016; Velikovich

et al., 2018; Serrino et al., 2019). Aleksic et al. (2015) use class-based LM and bias

towards the whole class in a particular context. Serrino et al. (2019) �rstly detect

potential NEs and tag them with a class, then, the input word lattice is composed

with `tagging' FSTs generated for each utterance with a tagged entity. At the �nal
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step, contextually relevant NEs are suggested for given phoneme hypotheses inside

the time interval corresponding to a tagged path. Approaches in both papers aim

to boost a certain pre-de�ned semantic class and then to take the best recognition

candidate within this class.

2.2.2. Contextualisation with End-to-End models

One limitation of End-to-End models is that they only learn on paired audio and

text. While an LM for a hybrid system can be trained on large amounts of un-

paired text data, an End-to-End �internal� language model (ILM) is tied to the

transcriptions of annotated audio data. The emergence of an implicit ILM in stan-

dard End-to-End training is fundamentally rooted in the relationship between the

posterior and the prior. According to Bayes' identity, the posterior P (Y jX) and the

prior P (Y ) are linked via marginalisation over the acoustic distribution P(X), such

that P (Y ) =
P

X P(Y jX)P (X), as empirically represented by the training data

(Meng et al., 2021c; Zhou et al., 2022). Consequently, maximising the posterior

P (Y jX; � E2E ) implicitly optimises the ILM P(Y ; � E2E ). Thus, components such as

the prediction and joint networks of an RNN-T, or the decoder of an AED, func-

tion as acoustically-conditioned LMs, using both token and acoustic embeddings

to predict the conditional probability of the next token. Moreover, recent studies

demonstrate that an ILM is also developed during the training of CTC models (Yang

et al., 2025).

Because the optimisation is performed jointly to minimise the overall End-to-End

loss, the resulting ILM is often suboptimal and biased toward the speci�c domain

of the transcribed speech. To overcome this inconvenience, an external language

model (ELM) can be used to improve the performance of an End-to-End system.

An ELM can be of di�erent sizes and types: from a big LM trained on in-domain

data to a small context trie created separately with words and/or word sequences

we want to bias in the outputs. However, the same architectural reason mentioned

above makes the adaptation of LM to new domains or contexts less straightforward

(McGraw et al., 2016; Pundak et al., 2018). Flexible integration of an external

contextual information into an End-to-End ASR system can be achieved by methods

of two possible directions: 1) deep context when the model itself is trained to use

contextual information with an attention module, and 1) shallow fusion (SF) when

model predictions are adjusted at each step of the beam search.

Deep context. The �deep context� class of methods assumes that a model learns

how to use extra contextual data from unpaired text (i.e. text without the corre-
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sponding audio) during training. Training an ELM here is replaced with an atten-

tion module over a list of target-biasing word sequences. Thus, a model learns to

focus on a short list of highly probable context phrases, which makes greater use

of available context knowledge. Deep context can be used in models with di�erent

architectures: for example, transformers (contextual LAS, or CLAS4 (Jain et al.,

2020)) and transducers (Jain et al., 2020; Yang et al., 2024b).

The CLAS transformer approach is modelling P(yjx; z), where z is a list of provided

bias phrases (inkl. contact names, song lists, etc.) (Pundak et al., 2018; Chen et al.,

2019; Bruguier et al., 2019). The di�erence between the CLAS and the traditional

LAS model is the presence of an additional bias-encoder with a corresponding atten-

tion mechanism (Fig. 2.4-a). The bias-encoder produces the embeddings for given

contextual phrases and then learns to attend to them. Bias word sequences are

not necessarily relevant5, and one of the model's objectives is to learn to determine

which phrases are relevant for the current input and should be used to modify the

target distribution, and which should be ignored. In order for the model to learn

about the relevance of the phrase, an additional learnable vector corresponding to

the no-bias condition is included into the training. Huang et al. (2020) propose the

LAS-MOCHA (Monotonic Chunkwise Attention) model (Chiu and Ra�el, 2017) fol-

lowing the basic ideas from (Williams et al., 2018; Chen et al., 2019). The authors

identify the biasing phrases in the training data and model the transitions between

regular words and biasing words. During inference, the user-speci�c bias phrases

are inserted as WFST graphs at the relevant place in the beam search. In addition,

the authors propose a method for word mapping, which transforms rare words into

common words through pronunciation (manual or G2P).

In the Transducer, to enable contextualisation, a biasing block with an attention

model (similar to CLAS) is added to the original Transducer architecture (Graves,

2012; Jain et al., 2020; Chang et al., 2021). The block consists of three components:

an Embedding Extractor (EE), an Attention module (AttModule), and a Biasing

Module (Fig. 2.4-b). The EE outputs the embeddings of contextual words, which

the Attention module uses to compute the attention for each word. Similarly to the

CLAS bias-conditioning, the Biasing Module can be added to �nd an active subset

of the context words that have the same pre�x as the last un�nished word in the

text history Yu�1 . For example, if the decoded form of Yu�1 is Africa An and the

list of the context word is Android, Antenna and Pytorch then the active context

4 LAS here is for Listen-Attend-Spell, a model for ASR with transformer architecture (Chan et al.,
2015).

5 A contextual list can be a mix phrases, some of which are relevant for one utterance but irrelevant
for another utterance and, thus, become distractors.
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Figure 2.4.: CLAS (Pundak et al., 2018) and contextual Transducer (Jain et al.,
2020) architectures.

words are Android and Antenna.

Overall, deep context methods achieve good results with limited biasing lists, while

they tend to fail to scale to large and highly confusable biasing lists. Another

inconvenience with deep context models is that they need to be speci�cally trained

to deal with bias phrases that is computationally more costly and can be not always

possible. In this case, SF methods allow rescoring on-the-�y, without retraining the

model.

Shallow fusion. Although End-to-End systems have less adjustability compared

to traditional ones, on-the-�y rescoring can be introduced in the beam search. The

SF approach of introducing contextual information is close to the on-the-�y lattice

rescoring adapted in the hybrid ASR systems, where an ELM and ASR model re-

main separate, and only their scores are combined during decoding. The contextual

information is integrated with SF by performing log-linear interpolation between

the scores of the End-to-End model and the ELM (see Fig. 2.5) (Bahdanau et al.,

2016; Chorowski and Jaitly, 2016; Sriram et al., 2017; Kannan et al., 2018; Zhao

et al., 2019).

As the End-to-End model is decoded at the grapheme or subword level, the biasing

should be either done on the subword unit level (Zhao et al., 2019), or words in

the word-level context WFST should be converted into the sequences of subwords

(Bahdanau et al., 2016; Williams et al., 2018). For a partial hypothesis (pre�x) y1:u

given input speech x, the accumulated decoding score is de�ned as:
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Figure 2.5.: The dotted line box illustrates the LAS architecture; with shallow fu-
sion, an external LM is incorporated via log-linear interpolation (Kan-
nan et al., 2018).

Score(y1:u) =
uX

i=1

log P (yi jy<i ; x) + �
uX

i=1

log PELM (yi jy<i ) (2.6)

ŷ = argmax Score(y) (2.7)

where PELM (y) is an ELM and � is a tunable hyperparameter controlling how much

the contextual LM in�uences the overall model score during beam search.

A set of biasing phrases can be represented either as an n-gram WFST graph (Kan-

nan et al., 2018; Williams et al., 2018) or as a pre�x trie6 (Knuth et al., 1977; Ney

and Ortmanns, 2002a; Wang et al., 2010; Si et al., 2013; Le et al., 2021b,a). During

beam search, the context search space is traversed along with the model's outputs,

and contextual rescoring is performed when a match with any n-gram in the set of

contextual n-grams is found. The bias function is de�ned over token hypotheses yi :

for word-level contextual models (e.g., WFST n-grams), the bias is activated only

when the emitted token completes a word, whereas for subword or character models

(e.g., trie-based pre�x matching), the bias may be applied incrementally as soon as

the hypothesis pre�x matches a contextual entry:

6 The lexical pre�x tree (trie) was originally adopted in ASR to organise the search space for HMM-
based Large Vocabulary Continuous Speech Recognition (LVCSR), enabling e�cient phoneme
sharing across word pre�xes (Ravishankar, 1996; Ortmanns et al., 1997).
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Bias_score(y i ; y<i ) =

8
><

>:

b(yi ; y<i ); if contextual match occurs

0; otherwise
(2.8)

Score(y1:u) =
uX

i=1

log P (yi jy<i ; x) + �
uX

i=1

log PELM (yi jy<i ) + 

uX

i=1

Bias_score(y i ; y<i )

(2.9)

where 
 is a tunable hyperparameter controlling the impact of bias. In particu-

lar cases, when target words are expected in a very precise context, incorporating

common pre�xes (like �call�, �text�) into SF can further improve the performance

(similar to conventional models).

Since only a small number of hypotheses are usually kept in the beam search, limited

by the size of the beam, the correct predictions can be pruned before the beam list

is formed and thus would not be promoted by the SF. To avoid this, contextual

FST can be integrated before the pruning, allowing biasing on earlier stages. To

distinguish the two approaches, we call biasing before pruning shallow fusion, and

biasing after pruning rescoring:

ŷ = argmax log P(yjx) + � log P ELM (y) (2.10)

To avoid an ILM con�icting with an ELM, some methods for ELM integration during

inference aim to subtract the ILM, e.g. the density ratio method (DR) (McDermott

et al., 2019) or low-rank density ratio (LODR) (Zheng et al., 2022). The DR ap-

proach uses Bayes' Theorem to mathematically �subtract� the model's internal bias

before adding the new, external one:

ŷ = argmax log P(yjx) � � log P ILM (y) + � log P ELM (y) (2.11)

The LODR method is an extension of the DR method, and it works by replacing the

estimation of an ILM with a low-order weak language model, i.e. a bi-gram BPE

language model, and subtracting its score during SF with an ELM.

Meng et al. (2021c) introduced an Internal Language Model Estimation (ILME)

fusion strategy designed to alleviate the bias of the End-to-End model's internal

prior. During inference, the ILM score is estimated by suppressing the encoder's

acoustic representations � typically through the input of a null or zero vector. This

estimated score is then subtracted from the log-linear combination of the End-to-
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End and ELM probabilities, isolating the acoustic evidence and allowing for more

robust integration of the ELM. Similar to the described approach, Zeineldeen et al.

(2021) investigate several advanced strategies for ILM estimation in AED models.

Rather than relying on a simplistic zero-vector, these methods employ an estimated

bias vector to represent the encoder's contribution. Speci�cally, the bias vector can

be computed by averaging encoder hidden states or context vectors, or by utilising a

lightweight LSTM to predict the context vector based solely on the decoder's label

history. These estimation techniques were later extended and evaluated for RNN-T

architectures by Zhou et al. (2022).

In addition to SF, another method for integrating ELMs into End-to-End ASR sys-

tems is known as cold fusion. Unlike shallow fusion, which combines the ELM

output with the ASR model during beam search inference through a simple linear

interpolation, cold fusion incorporates the ELM directly into the training process,

applying a special gating mechanism (Sriram et al., 2017). Cold fusion embeds the

LM into the ASR model and trains both simultaneously, allowing the ASR network

to learn to rely on the ELM earlier in the process. The contribution of the ELM is

regulated by the gating mechanisms. Cold fusion provides tighter integration and

better performance by allowing the model to learn how and when to use external lan-

guage knowledge, albeit at the cost of increased complexity and reduced �exibility,

when the whole model should be speci�cally trained with an ELM.

2.2.3. Summary

Because of the di�erence between the traditional and End-to-End ASR training,

contextual knowledge is introduced di�erently in these two frameworks. While in

hybrid models, text data is integrated directly into an LM, in End-to-End models,

the LM is a part of the whole ASR model, and its modi�cation is less straightforward.

Deep context and shallow fusion methods aim to overcome the problem of End-to-

End ASR contextual adaptation. Shallow fusion allows �exible adaptation without

special training of the whole ASR system. At the same time, the main limitation

of shallow fusion is that biasing is performed already on top of decoder outputs.

If outputs do not contain correct predictions, biasing will not add them. The deep

context, or the attention-based, methods experience more di�culties scaling to large

biasing lists.

Since this thesis focuses on the integration of text context without model retraining,

most of our experiments use the shallow fusion and FST composition methods.
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2.3. Use of text data for contextualisation

Our focus in this thesis is on how to use additional textual resources for ASR con-

textualisation when no audio data is available. Depending on availability and con-

textualisation methods, di�erent types of text data can be adopted to enhance ASR

contextualisation. They can be domain-speci�c text corpora or speci�c lists of target

entities.

Domain-speci�c text corpora. When ASR models must adapt to di�erent indus-

tries, such as healthcare, �nance, and legal sectors, where specialized terminology

is prevalent, domain-speci�c text corpora provide relevant linguistic patterns. For

example, medical ASR models bene�t from datasets containing clinical notes, elec-

tronic health records, and medical journals. Recordings of earnings calls, �nancial

conferences, and podcasts from �nancial analysts can be used to improve the recog-

nition accuracy in the market domain. Depending on the size and quality of the

text corpus, the data can be used either to train domain-speci�c LMs or to �ne-tune

existing general LMs. Domain-speci�c language models are then adapted for ASR

rescoring or integrated into the ASR model.

Lists of target entities. Dynamic data can be injected directly into the ASR

system without the need to train an LM. This data is a list of speci�c single words,

utterances, or named entities (NEs) that are especially important to recognise cor-

rectly. Often, it is an utterance-level contextualisation and it is closely related to a

certain situation, user, or time moment. For example, in a personalised ASR sys-

tem, it can be a list of user contacts, a user playlist, favourite locations, and other

personalised settings. Adapting the ASR model to a particular conversation, one

can introduce proper names, organisation names, and speci�c terminology.

2.3.1. Use cases

In this thesis, we evaluate the contextualisation of ASR across �ve speci�c domains:

(1) healthcare, (2) banking, (3) insurance, (4) earnings calls, and (5) air-tra�c

communication. Examples for each domain are given in Table 2.1 with the target

entities highlighted in bold. These domains are derived from the two use cases that I

worked on during my PhD time: (i) ASR for call center conversations and (ii) ASR

assistance for air-tra�c communication (ATC). As the air-tra�c use case is of a

more speci�c domain compared to the other four, the following section provides a

more detailed overview on ATC.
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Table 2.1.: Examples from the �ve domains used for evaluation

Domain Example

Healthcare alright so the nexium would be a type of medica-
tion that you could actually take daily for extended
treatment and that one would help too you know
kind of prevent the symptoms and then if if you
happen to notice any of them play the symptoms
clearing up again that you would take the nyquil
just to calm it down

Banking thanks for calling bank of america how may i
help you

Insurance okay my name is devin townsend and my policy
number is four �ve seven nine two three one
six four nine

Earnings good morning ladies and gentlemen, and welcome
to the monro inc earnings conference call for the
third quarter �scal twenty twenty

Air-Tra�c Communication sky travel three �ve juliett turn right heading
one eight zero vectoring for spacing

2.3.2. ATC use case: ASR assisted air-traf�c communication

Communication between pilots and Air-Tra�c Controllers (ATCo) is mainly based

on voice to reduce possible distractions for pilots during �ight and to accelerate

information exchange. However, the voice-based approach makes communication

potentially more error-prone because of the amount and speed of information trans-

mission, environmental noise, and variability of accents due to the international

setting. These factors make the task extremely stressful; pilots and ATCos must

always be highly concentrated to guarantee a high level of accuracy to provide safety.

Technical support of pilot-controller communication can increase the level of con�-

dence in correct command perception and reduce the workload. Recent progress in

ASR, including the online recognition of continuous speech, allows new perspectives

to improve communication methods between pilots and ATCos (Geac r, 2010).

A possible direction to improve the recognition quality is using contextual informa-

tion, e.g. surveillance data. One of the key parts of ATCo commands is a callsign �

a unique identi�er for the aircraft, of which the �rst part is an abbreviation of the

airline name and the last part is a �ight number that contains a digit combination

and may also incorporate an additional character combination, e.g. TVS84J. The

callsign data comes from the radar in compressed form, i.e., standardized phrase-

ology format of International Civil Aviation Organization (ICAO) (ica, 2011) (see
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Table 2.2.: Examples of callsigns

Callsign Extended callsign

SWR2689 swiss two six eight nine
RYR1RK ryanair one romeo kilo
RYR1SG ryanair one sierra golf

Fig. 2.6 and the �rst column in Table 2.2). To introduce contextual knowledge into

the ASR system, all callsigns need to be expanded from the ICAO format to word

sequences (second column in Table 2.2). The compressed form often allows for more

than one possible realisation in the ATCos' speech: For example, DLH5KX can

be expanded as `hansa �ve kilo x-ray' or `lufthansa �ve kilo x-ray'. Since we can

not say which particular expansion is true for an utterance callsign, it is important

to take all expansion variants into account: see the process of retrieving the list of

verbalised callsigns (contextual data) in Fig. 2.7.

At a certain time point, only a few aircrafts are usually in the radar zone, which

means that only a limited number of callsigns can be referred to in ATCo communi-

cations (see Fig. 2.6). If a recognised callsign does not match any callsign registered

by radar at the same time point, it means that there is no corresponding aircraft in

the air space and the recognised command is invalid. Thus, surveillance information

introduced to an ASR system helps to increase the probability of recognising those

callsigns that are present in the air space at the moment of utterance. Previous re-

search has shown that radar data can be integrated during semi-supervised learning,

i.e., contextual semi-supervised learning (Zuluaga-Gomez et al., 2021).

Besides callsigns, other ATC entities that are challenging for ASR are waypoints.

Waypoints are specialized terms in air tra�c control (ATC) that correspond to

speci�c coordinates. Air tra�c controllers (ATCos) and pilots use these terms to

navigate and adjust �ight paths. These waypoints are typically region-speci�c. For

instance, in the context of en-route navigation in Germany, the waypoints used are

unique to that area. However, if the same system were applied to en-route navigation

in Austria, the waypoints would likely di�er, making them more challenging for the

system to recognize accurately. Waypoints are names given to a latitude-longitude

pair representing a geographic location. A waypoint name, such as �WYK� (pro-

nounced �wipper�), is typically an abbreviation consisting of letters or numbers,

like �DL455�. In ATCo-pilot communication, these waypoints may be referenced in

di�erent ways, such as �wipper�, �whisky yankee kilo�, or �delta lima four �ve �ve�.

When waypoints are spoken using their individual letters, ASR systems can easily

recognize them since the ICAO phonetic alphabet is commonly included in English
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Figure 2.6.: Aircrafts registered in air space and callsigns in ICAO format received
from radar.

language training data. However, challenges arise when controllers or pilots refer

to waypoints using their arti�cial names, such as �wipper�, which may be newly

introduced or rarely encountered during model training.

Contextual information for ATCo ASR has already been used in some previous

studies (Shore et al., 2012; Oualil et al., 2015). In (Oualil et al., 2015), to overcome

the problem of variability of ATCO commands, the weighted Levenshtein distance

is applied as a post-processing to �nd the closest match between an ASR hypothesis

and generated context word sequences. In (Shore et al., 2012), a grammar is used

with all the semantic concepts of ATC embedded in XML annotation tags. After

decoding, the lattice hypotheses are rescored by adding an additional knowledge

source component to the cost function. The knowledge-based rescoring penalises

hypotheses which are invalid in the context, e.g. callsigns not registered in the air

space. Although this approach helps considerably increase the recognition accuracy,

its limitation is that it deals only with concepts and callsigns that are annotated

and included in the grammar. Those n-grams that do not appear in the grammar

can not be extracted and evaluated.

In addition to ASR performance, contextual information for ATC has also been

used to improve concept extraction (Schmidt et al., 2014; Shore et al., 2012; Oualil

et al., 2015, 2017). Schmidt et al. (Schmidt et al., 2014) applied a Context-Free

Grammar (CFG)-based LM limiting the search space according to the contextual
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Figure 2.7.: The process of retrieving a list of callsigns (contextual data) from radar.
The contextual data is the compendium of all possible verbalised ver-
sions of each callsign.

data. Shore et al. (Shore et al., 2012) and Oualil et al. (Oualil et al., 2015, 2017)

build a CFG-based concept extractor with all semantic concepts of ATC embed-

ded in XML annotation tags. Oualil et al. (Oualil et al., 2017) combines methods

from (Shore et al., 2012; Oualil et al., 2015), adding more contextual constraints from

the data with temporal information. Although these methods help considerably in-

crease recognition accuracy, their limitation is that they deal only with annotated

concepts and callsigns included in the grammar. Those n-grams that do not appear

in the grammar can not be extracted and evaluated. Finally, Helmke et al. (Helmke

et al., 2020) recently proposed a machine learning algorithm for command extraction

from the ASR hypothesized output using keywords.

Therefore, ASR assistance in speech communication between pilots and ATCos can

signi�cantly reduce the complexity of the task and increase the reliability of trans-

mitted information. For this thesis and the topic of ASR contextualisation, the

ATC domain is an interesting and challenging use case. (1) Radar data provides

lists of highly probable target entities, i.e., callsigns, necessary for contextualization

task; (2) the context is always changing depending on the situation of air tra�c,

which demands the ASR system to be �exible enough to quickly adapt to constantly

changing target entities; (3) in practice, online ASR recognition is often needed to

help on time.

2.4. Speech Datasets

The selection of datasets for ASR contextualisation experiments largely depends on

whether they include a prede�ned list of named entities that need enhancement.

When employing �exible contextualisation without retraining the model, a list of

target entities must be available in the test set to enable proper evaluation. For the
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test sets we use in this thesis, all ATC test sets are supplied with the corresponding

callsign data collected from radar and available per utterance. Two of the three

other test sets cover the healthcare, banking, insurance, and earnings domains and

have manually veri�ed annotations for NEs. The last test set is the Common Voice

dataset of a general topic. As it does not have NEs annotations, we extracted NEs

automatically (for more details, see 2.4.2.4). Thus, all test sets have NEs annotations

generated manually or automatically or provided from the situation. As not all test

sets have the corresponding training sets or only small ones, additional data is

used as training data for some of the experiments. In this thesis, we restrict our

experiments to English-language data only.

2.4.1. ATC datasets

The ATCo communication is a speci�c domain for which only limited data is avail-

able. Collecting ATC data is a challenging task starting from the recording, which

is often done in a noisy environment and can allow only medium quality data with

frequencies �ltered over 4kHz. The pilot speech is typically more noisy than ATCo

speech due to the di�erence in the environment: pilot cabin VS control tower at

the airport. Additionally, data labelling usually requires highly trained transcribers,

mainly with ATCo experience. ATC communications require eight to ten man hours

e�ort (Cordero et al., 2012) to annotate one hour of raw controller-pilot dialogues.

Recently, a lot of work has been done in the direction of collecting and annotating

ATC data (Delpech et al., 2018; Srinivasamurthy et al., 2017; Zuluaga-Gomez et al.,

2022). For our callsign experiments, we use six test sets (see details in Table 2.4)

and ATC training data created within di�erent European ATC projects.

2.4.1.1. ATC training data

Training data includes ATC speech data of di�erent quality and English accents

taken from various public and private datasets: LDCATCC (Godfrey, 1994), N4

NATO (Pigeon et al., 2007), HIWIRE (Segura et al., 2007), ATCOSIM (Hofbauer

et al., 2008), AIRBUS (Delpech et al., 2018), MALORCA (Srinivasamurthy et al.,

2017; Kleinert et al., 2018), UWBATCC (’mídl et al., 2019), NATS (Helmke et al.,

2023), ISAVIA (Helmke et al., 2023), SOL-96, SOL-97, STARFISH (Kleinert et al.,

2023), and ATCO2 (Zuluaga-Gomez et al., 2022). All the data is manually anno-

tated. The datasets are listed in Table 2.3 with their durations and accents.

Additionally, for some of the experiments, we use the data from the ATCO2 cor-
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Table 2.3.: ATC training data. yThe duration is measured after removing silences.
Dataset Duration y, h Accents

Manually annotated:
AIRBUS 39 French
ATCOSIM 8 German, Swiss German, French
HIWIRE 28.3 French, Greek, Italian, Spanish
ISAVIA 19 Icelandic
LDCATCC 23 American
MALORCA Vienna 8 Austrian German
MALORCA Prague 2 Czech
N4 NATO 10.7 Canadian, German, Dutch, British
NATS 24 British
SOL-96 5.5 Austrian German
SOL-97 10.3 Lithuanian
STARFISH 31.5 German
UWBATCC 10.3 Czech
Automatically annotated:
ATCO2 5,281 -

pus of automatically annotated data. Recently, the European CleanSky EC-H2020

ATCO2 project7 has developed an ASR-based platform for the collection and auto-

matic pre-processing of ATC speech, radar, and surveillance data (Zuluaga-Gomez

et al., 2020; Zuluaga-Gomez et al., 2020, 2022, 2023a). The outcome of the project

is the ATCO2 corpus that consists of English voice data coming from several air-

ports worldwide (e.g., Brno, Prague, Bratisliva, Sion, Zurich, Bern, Sydney).8 The

corpus is divided into three subsets: a training set and two test sets. The training

set comprises 5,281 hours of unlabeled ATC data, supplemented with automatic

transcripts generated by an in-domain speech recognizer. Additionally, it includes

contextual information (a list of relevant n-gram sequences per utterance), speaker

turn details, signal-to-noise ratio estimates, and an English language detection score

for each sample.

2.4.1.2. ATC test data

LiveATC test set The �rst test set is from LiveATC 9 public data recorded from

publicly accessible VHF radio channels, which includes both pilots and ATCo speech

and, therefore, is of rather low quality (i.e. low SNR often below 10dB) (Zuluaga-

Gomez et al., 2020).

7 AuTomatic COllection and processing of voice data from Air-Tra�c COmmunications, website:
https://www.atco2.org/.

8 The ATCO2 corpus is available for purchase through ELDA in http://catalog.elra.info/en-us/
repository/browse/ELRA-S0484/

9 LiveATC.net is primarily a streaming audio network consisting of local receivers tuned to aircraft
communications around the world: https://www.liveatc.net/
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Table 2.4.: ATC test sets with surveillance information.y�Callsigns per utterance�
� median of callsigns per utterance in the surveillance data.z DLR test
set does not have information about the callsigns because it is used for
the experiments on command recognition.

Num of utterances Callsigns
Test set with w/o per Minutes All callsigns

a callsign utterance y

DLRz 655 18 - 52 -
LiveATC 581 29 28 40 280K
Malorca Prague 784 88 5 82 17K
Malorca Vienna 877 38 19 65 59K
NATS 794 73 50 50 168K
ATCO2-test-set-4h 2,834 701 214 240 4'113
ATCO2-test-set-1h 756 85 140 60 3'230

MALORCA test sets The other two non-public test sets are prepared with good

quality (i.e. telephone quality speech with SNR usually above 20dB) data from the

MALORCA project 10 which includes only ATCo speech. The data was collected

from the Prague and Vienna airports and, thus, forms two separate sets with corre-

spondingly German and Czech accented English. From the `standard' MALORCA

test sets (Srinivasamurthy et al., 2017) only utterances with the available surveillance

information are selected. These utterances are both with and without callsigns.

NATS test set A non-public test set collected under the HAAWAII project 11

with the data coming from the London approach (airport). The amount of manually

transcribed data available for testing is around 1h. This data is relatively high

quality, similar to MALORCA.

DLR test set A non-public test set rich with waypoints data and collected by

DLR12 speci�cally for evaluation on rare and OOV entities. The data was collected

through proof-of-concept exercises involving ATC utterances from ATCos to pilots.

The test set has 52 minutes of audio data and 673 utterances containing 1157 com-

mands13 like CONTACT, CONTACT_FREQUENCY, DIRECT_TO. The data set

includes 84 unique waypoints (=�rare words�) with their total occurrence of 443

times.14

10 The Horizon 2020 SESAR project MALORCA (MAchine Learning Of speech Recognition models
for Controller Assistance) is partly funded by SESAR Joint Undertaking (Grant Number 698824):
https://www.malorca-project.de/wp/.

11 Highly Automated Air tra�c controller Workstations with Arti�cial Intelligence Integration,
website: https://www.haawaii.de/wp/

12 DLR � Deutsche Zentrum für Luft- und Raumfahrt.
13 Command is a high-level concept that represents an ATC instruction (Chen et al., 2023).
14 We do not include DLR test set to Table 2.4, because it mainly focuses on the presentation of
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ATCO2 test sets The �rst test set (ATCO2-test-set-4h) contains 4 hours of

ATC speech with manual transcripts and a subset with gold annotations for named-

entity recognition (NER) (callsign, command, value). The second test set is a small

publicly available test set (ATCO2-test-set-1h) is a one-hour subset from the original

test set corpus.15

Each utterance in the ATCO2 test sets is provided with a list of callsigns to bias and

with the ground truth callsign or NO_CALLSIGN if an utterance does not contain

any. All biasing lists include about 10% of OOV words. All used sets are English

data; an overview including the number of biasing entities is given in Table 2.4.

2.4.2. Datasets in other domains

2.4.2.1. Earnings datasets

Earnings21 as a test set. The public corpus Earnings21 (Rio et al., 2021) is a

39-hour speech dataset of earnings calls that features entity-rich speech from nine

distinct �nancial sectors. The corpus is designed to benchmark ASR systems, with

a particular focus on NER. It is provided with two biasing lists based on the NER:

the oracle and the distractor lists16 (Drexler Fox and Delworth, 2022). For our

experiments, we use only the oracle list. The Earnings21 biasing lists contain both

unigrams and word sequences, and we keep them together. The corpus has 44

recordings of the length ranging from less than 17 minutes to 1 hour and 34 minutes,

with the average recording being about 54 minutes in length. For decoding, we split

the audios into 3-minute long segments, following the approach from (Drexler Fox

and Delworth, 2022).

Earnings22 as an adaptation data. As the Earnings21 dataset is a test set,

for the adaptation data, we use the public Earnings22 dataset17 from the same

�nancial domain (Rio et al., 2022). The corpus consists of 119 hours of speech

and 125 recordings. The main di�erence between the Earnings21 and Earnings22

data is that the Earnings22 corpus contains earnings calls from global companies

sourced from 27 unique countries and covering several accents of English. The

authors distinguish 7 linguistic regions: Spanish/Portuguese, Asian, English, Other

waypoints and not callsings as the other test sets.
15 The ATCO2-test-set-1h subset is o�ered for free in the following website: https://www.atco2.or

g/data.
16 Earnings21 biasing lists: https://github.com/revdotcom/speech-datasets/tree/main/earnings

21/bias_lists
17 Earnings22 website: https://github.com/revdotcom/speech-datasets/tree/main/earnings22

38



Chapter 2. Background

Table 2.5.: Train and adaptation sets in other domains (CVy � CommonVoice)

Dataset Duration Description
(hours)

ATC 195 For dictionary and for LM training additional text data
from public resources such as airlines names, airports,
ICAO alphabet and way-points in Europe was used.

Earnings22 119 Contains 125 calls recordings and accents from 7 linguis-
tic regions.

De�nedAI 472 299 hours in insurance and 173 hours in banking do-
mains.

GigaSpeech 10,000 Subsets Giga-S of 250 hours and Giga-XL of 10K hours
are used.

CV-EN 1,000 -
CV-DE 600 -
CV-FR 600 -
CV-ES 317 -
CV-CA 1,200 -
CV-IT 200 -

Romance, Germanic, Slavic, African.18 The accent variability makes the Earnings22

data acoustically very diverse, which can be an issue when using the paired data for

domain adaptation.

2.4.2.2. De�nedAI dataset

The De�nedAI dataset19 is a non-public data collected from call center conversations

in healthcare, banking, and insurance domains and manually annotated with NEs.

The dataset is split into training, test, and development subsets of correspondingly

48, 6, and 3 hours and with equally distributed domain data. In addition to the

mentioned subsets, 472 extra hours of De�nedAI are available in the insurance (299

hours) and banking (173 hours) domains. However, this data has di�erent accents

of English, Indian and US, and we use it only as text data.

2.4.2.3. GigaSpeech dataset

As Earnings21 and De�nedAI data have no or little training data and belong to spe-

ci�c domains, it was decided to use GigaSpeech corpus Chen et al. (2021) as training

data. GigaSpeech is a multi-domain English speech recognition dataset containing

18 Ordering of the linguistic regions is due to their proportions in the corpus: from higher to lower.
19 De�nedAI website: https://www.de�ned.ai
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Table 2.6.: Test sets in other domains with statistics on context information (y�N of
utt.� � number of utterances with at least one named entity)

Test set
Total Duration Biasing entities

num of utterances (hours) unique N of utt. y OOV

Earnings21 18K 39 1'013 - -
De�nedAI 2K 6 367 486 16
CV-EN 16K 27 6'921 6'442 169
CV-DE 16K 27 6'949 8'491 304
CV-FR 16K 26 6'035 7'486 225
CV-ES 15.5K 26 4'776 6'528 15
CV-CA 16.3K 28 2'108 2'607 -
CV-IT 15K 26 5'838 5'938 -

10,000 hours of high quality labelled audio collected from YouTube, Audiobooks, and

podcasts.20 We choose GigaSpeech data because (1) it is conversational speech that

acoustically matches Earnings and De�nedAI data, (2) and it is a general purpose

dataset that can be suboptimal for recognising speech from speci�c domains, thus it

is a good baseline for further adaptation experiments. Our choice of training data

aligns with prior work in Earnings21, where the authors also use the Gigaspeech

dataset for training (Drexler Fox and Delworth, 2022).

GigaSpeech corpus can be used in subsets of di�erent sizes: XS (10 hours), S (250

hours), M (1,000 hours), L (2,500 hours), and XL (10,000 hours). In our experiments,

we use either an ASR model pretrained on GigaSpeech-XL, or GigaSpeech-S for

training a small model from scratch.

2.4.2.4. CommonVoice dataset

CommonVoice is a diverse crowdsourced public speech dataset (Ardila et al., 2020).

The CommonVoice dataset comprises several thousand hours of audio in more than

100 languages. For experimentation, we select six languages from CommonVoice-

v1121 which have su�cient data for training ASR and language models: Catalan

(CA), English (EN), German (DE), French (FR), Spanish (ES), and Italian (IT).

We use the o�cial train sets and report WERs on the o�cial test sets (see Table 2.6

for further statistics). CommonVoice lacks gold NEs, requiring us to generate our

own bias lists. Biasing lists for target CommonVoice subsets are automatically cre-

20 GigaSpeech website for more details about the data: https://github.com/SpeechColab/GigaS
peech.

21 CommonVoice-v11: cv-corpus-11.0-2022-09-21
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ated to perform contextual biasing experiments. For this purpose, we use BERT

models from HuggingFace (Wolf et al., 2020) �ne-tuned on the named-entity recog-

nition (NER) task for each language individually.22 The following steps are included:

(1) automatic text labelling with BERT, (2) NEs extraction from the BERT labels,

(3) NEs lists �ltering. In Table 2.6, one can see the statistics of NE lists per language

where the size of lists with unique NEs varies from 2,108 to 6,949 which is rather

long for contextual biasing.23 The middle column in �Biasing entities� section of

Table 2.6 shows the number of utterances per test set that contain at least one NE.

This information gives an estimation of the proportion of NEs in the test sets: DE

and FR sets have almost half of the utterances with NEs, at the same time, the CA

set has only 17% of those.

2.5. Metrics

Evaluating ASR system performance, especially for contextualised models, demands

a nuanced set of metrics. While WER remains a foundational measure, this thesis

places particular emphasis on assessing the precise recognition of NEs, which are

critical for practical applications. This section details the primary evaluation metrics

employed, encompassing overall ASR accuracy, dedicated NE-speci�c performance

indicators, and the computational e�ciency of our proposed methods.

2.5.1. Word error rate

The standard evaluation method in continuous speech recognition is word error rate

(WER). WER calculates the minimum number of mistakes produced by a system

at the word level, relative to the number of words in the reference transcription:

WER =
S + D + I

N
� 100% =

S + D + I
S + D + C

� 100% (2.12)

where S; D and I is the minimum number of substitution, deletion, and insertion

operations required to transform the predictions of the system into the reference

text, where N is the number of words in the reference text and C is the number

of words correctly recognised by the system. Thus, WER is proportional to the

22 EN: dslim/bert-base-NER-uncased; DE, ES, FR: Babelscape/wikineural-multilingual-ner
(Armengol-Estapé et al., 2021); CA: projecte-aina/roberta-base-ca-cased-ner (Tedeschi et al.,
2021).

23 The ideal size of the biasing FST is signi�cantly in�uenced by the data; according to Chen et al.
(2019), performance started to decline when the number of contextual entities surpassed 1000.
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correction cost. WER value can be greater than 100%, which can happen due to

the large number of insertion errors.

Two variations of WER are character error rate (CER) and sentence error rate

(SER). Their formula are the same as for the WER (Eq. 2.12) but CER measures

error rate at the character level and SER measures error rate at the sentence (or

utterance) level. CER is more �exible to catch the di�erence in recognition within

a word. A minor error in the ending would be less punished than a completely

di�erent word; both cases would be equal errors for the WER measure. At the

same time, CER is less successful in evaluating syntax and semantics errors that are

more noticeable at the word level. SER show how many sentences are recognised

incorrectly.

There is one more score derived from WER and de�ning word accuracy (the same

formula can be applied to SER to get the accuracy estimation per utterance):

WAcc = 100% � WER =
C � I

N
� 100% (2.13)

To describe the performance of the ASR model, the value of WER is used. To

compare the evaluated system with the baseline system or between each other, the

absolute and relative improvement in the quality of recognition, i.e. the absolute

and relative decrease in WER, can be determined by two formulas correspondingly:

�WER = WER 1 � WER 2 (2.14)

WERR =
WER1 � WER 2

WER1
� 100% (2.15)

where WER1 and WER2 are WER scores of two compared systems.

For WER evaluation on Earnings21, we use the fstalign tool24 provided by the au-

thors of Rio et al. (2021) as the dataset references are in a special NLP-format.

2.5.2. Metrics for named entities (NEs)

In addition to the WER metric, we evaluate the performance of the model only on

NEs. To calculate NE metrics, only strings containing NEs are taken into account.

24 fstalign website: https://github.com/revdotcom/fstalign
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NE WER (NE-WER) To calculate the WER for only NEs, an additional

annotation �le is needed for each test set that contains information on the ground

truth NEs appearing in each utterance, e.g. in the format �utterance-ID NEs�. With

this information, the WER is calculated only on the expected ground truth entities

when reference and hypothesis utterances are aligned. The NE-WER metric works

in the same way as the standard WER and includes false positive misrecognitions

on the word level within each NE.

Unbiased WER (U-WER) Unbiased WER is the opposite of the NE-WER

metric used to calculate WER on those words that are not biased Similar to NE-

WER, an additional annotation �le with the ground truth NEs per utterance is

needed. When WER is calculated, the biased NE are ignored.

NE accuracy (NE-A) NE accuracy is calculated in a binary manner: �yes�

� when the NE is completely recognised correctly, �no� � when at least one error

occurs within the NE. In this case, however, false positive misrecognitions are not

taken into account.

NE precision and recall As accuracy does not show the noise e�ect that can

potentially be caused by a contextualization method, precision and recall evaluation

can �ll this gap.

For NE evaluation on Earnings21, we used only �PERSON� and �ORG� categories

that have 5189 occurrences in the dataset.

2.5.3. Evaluation of decoding speed

To estimate the di�erence in the decoding time with VS without applying con-

textualisation, relative decoding time is measured with the inverse real-time factor

(RTFX), which is the ratio between the length of the processed audio and the de-

coding time:

RTFX =
audio_inferred(seconds)
compute_time(seconds)

(2.16)

it is the inverse of the RTF (Real Time Factor) metric, such as RTFX = 1=RTF .

The RTFX is measured with 1 GPU NVIDIA GeForce RTX 3090, with 2K clients.
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ASR

A hybrid ASR model consists of three independently prepared components: an

acoustic model (AM), a pronunciation model (PM), and a language model (LM)

(see more in Sec. 2.1.1). This enables all adjustments based on additional textual

knowledge to be directly incorporated into the language model (LM). In a hybrid

ASR model, the LM is typically represented as a �nite-state transducer (FST) graph

(Fig. 2.1), meaning most textual modi�cations are applied within this graph struc-

ture. We propose and examine three di�erent methods for boosting contextual

entities by dynamically modifying their weights and adding them, if necessary, to

the weighted �nite-state transducer (WFST). Besides the results achieved by ap-

plying these methods, we propose an implementation of contextual graph biasing

directly on GPUs for the �on-the-�y� decoding.

3.1. Methods for contextual biasing with FST (for

dynamic and static context)

We address the question of how to boost context entities by investigating three ap-

proaches: (1) adjusting entity weights in the decoding lattice, (2) LM modi�cation

with boosting entities in grammar FST (G.fst) and dynamic decoding graph com-

position, and (3) boosting target entities in the HCLG decoding graph (Eq. 2.3).

Talking about the di�erence between the three approaches, we de�ne them either as

dynamic or static contextualisation. In the �rst method, modi�cations are applied

to the ASR output during decoding and without model modi�cation; thus, we con-

sider it dynamic contextualisation. The last two methods involve the adaptation of

the decoding graph itself and are considered static contextualisation. At the same

time, in the second method, the integration of modi�ed G.fst can be done in either

o�ine or online (with �lookahead� composition) ways. We compare the methods

with each other, as well as with their combination.
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Figure 3.1.: Block diagram of the word-boosting ASR system.

The rationale for exploring these three approaches is threefold. First, these tech-

niques do not require expert knowledge to implement, and the adaptation process

can be automated on the end-user's side. Second, these approaches enhance existing

ASR systems without requiring costly retraining and can be seamlessly integrated

into the standard ASR pipeline, as illustrated in Fig. 3.1, making them well-suited

for distribution as black-box utilities to clients who may lack expertise in the �eld.

Third, the algorithms are lightweight, allowing for a relatively straightforward bal-

ance between word enhancement and overall system performance.

3.1.1. Biasing FST

In a hybrid ASR system, the di�erent knowledge sources are represented as WF-

STs combined in the decoding graph HCLG by the operation of composition (see

Eq. 2.3). However, the complete HCLG graph is very large and complicated, and

its modi�cation, ideally in real time, is di�cult. Thus, modifying lattices, i.e. FST

graphs for the k-top hypotheses produced by decoding or modifying G:fst, i.e. LM

graph, is easier and more �exible.

Contextual knowledge, i.e. a list of biasing words and word sequences, is used to

create a small biasing FST graph with �xed bias values on the arcs that can be
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Figure 3.2.: A toy-example of biasing FST with callsigns `ryanair one romeo kilo'
and `turkish six one heavy' and bias score �-2�.

further integrated into another graph by the operation of composition. A `toy'

example of such biasing FST is shown in Fig. 3.2). For all operations on WFSTs we

use the wrapper released as part of (Braun et al., 2021) in GitHub25.

3.1.2. Method 1: `lattice biasing'

The lattice biasing (�rescoring�) is a method of dynamic contextualisation and a

type of two-pass decoding. In the �rst pass, lower order (baseline) LM generates

preliminary predictions in the lattice form; in the second pass, called `rescoring',

higher order LM adapts initial hypotheses according to context information. In our

case, the higher order LM is a biasing FST that includes all target word entities

with a discount factor. Word entities get boosted in the decoding lattices when

their weights are adjusted in the composition, and thus, they become more probable

25 https://github.com/idiap/icassp-oov-recognition
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to appear in the �nal predictions:

Lattices 0 = Lattices � biasing_FST (3.1)

Contextual knowledge is added per each utterance as soon as the lattice is gen-

erated, converted to FST and composed per utterance with corresponding biasing

callsigns. Therefore, if the context constantly changes, it can synchronise every sin-

gle utterance. The only important condition for such an online contextualisation

is that there should be enough time to generate a new biasing FST with the new

context.

The main advantage of this method is its �exibility and low computational cost, as

both lattice and biasing FST are usually very small and the operation of composition

is computationally inexpensive. The main limitation is that only those n-grams that

are present in the lattices can be boosted. As lattices are small graphs with k-top

hypotheses, they do not include all possible combinations, but only those chosen by

the model as the most probable. If the correct word sequence is pruned before the

lattice is formed, lattice rescoring will have no impact on it.

3.1.3. Method 2: LM biasing with HCL ° G_boosted, i.e.

`G-boosting'

This rescoring method biases entities in an LM before decoding and, thus, addresses

the limitation of the lattice rescoring approach that only n-grams present in the

lattices can be boosted. Moreover, this method is able to add new word sequences

if they are not in an LM. The method assumes that the words to be boosted are

known in advance and included in the dictionary.

Target words or word sequences are enhanced by modifying the n-gram LM (G:fst)

constructed from the training data before decoding. Firstly, the G:fst is modi�ed

by iterating through the arcs in the baseline G:fst. Two objectives are: (1) adjust-

ing the weights of existing arcs that match the target words by applying a constant

discount of � log p, and (2) creating arcs for new entities that are not originally

included in the LM but need to be boosted with minimal weights. Secondly, a mod-

i�ed G_boosted:fst, which assigns greater prominence to target words, is composed

with HCL, allowing all necessary information from other ASR levels to be applied

to all LM n-grams including newly added word sequences (Hori et al., 2007; Novak

et al., 2012).
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Let Bi be a word in a list of N rare words that need to be boosted in G:fst, where

i = 1; : : : ; N. Also, let A j
Bi

indicate the j th arc in G:fst that has the input label as

Bi , output label as Bi , and the arc weight as W
�
A j

Bi

�

old
. The boosting operation

can be represented by Eq. 3.2.

W
�
A j

Bi

�

new
= W

�
A j

Bi

�

old
� log(p) (3.2)

The boosting operation is performed for all arcs representing the list of words to

be boosted. When boosting a sequence of words, a new arc is added with a preset

weight in the G:fst, if the arc for a particular word does not exist in the given

context. The operation performed using Eq. 3.2 enhances the probability of the

word (or sequence of words) being selected in the top hypothesis while decoding.

G-boosting can be performed either o�ine when the HCL � G_boosted:fst com-

position is done before the decoding, or online when HCL and G_boosted:fst are

composed `on-the-�y' with the Kaldi lookahead decoding26.

Although this approach seems to us to be the most optimal when speaking about

HCLG pre-decoding rescoring, to use it, one should have access to HCL FST, which

is not always possible.

3.1.4. Method 3: LM biasing with HCLG ° biasing_FST, i.e.

`HCLG-boosting'

Kocour et al. (2021) employs a rescoring approach that does not rely on lattices,

instead focusing on enhancing the HCLG decoding graph before decoding. This

method integrates the HCLG graph with a biasing FST by the operation of compo-

sition, allowing for the direct adjustment of target word weights within the decoding

graph. Kocour et al. (2021) adjust weights for only single words (unigrams) in the

HCLG graph because word-string boosting would considerably slow down the pro-

cess. When using this method to boost word sequences, a key limitation remains:

only the weights of existing sequences in the HCLG graph can be adjusted, while

new, previously unseen sequences cannot be added. For instance, if a 3-gram lan-

guage model is used, only unigrams, bigrams, and trigrams already present in the

model can be boosted, whereas longer n-grams cannot be incorporated.

This method is similar to the G-boosting method; both of them aim for biasing the

LM but each with key di�erences. We describe both approaches; however, in our

experiments, we will use either one or another method, choosing the more optimal

26 Reference to the Kaldi lookahead decoding: https://kaldi-asr.org/doc/online2-wav-nnet3-latge
n-faster_8cc.html (20.05.2025).
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one depending on the experimental conditions. We categorise both of these methods

as static contextualisation as it involves a change in the decoding HCLG graph

that makes them slower compared to the lattice biasing method. However, when

the biasing of the G component of the graph is precomputed, contextualisation can

be done �on-the-�y�.

3.1.5. Online decoding on CPUs vs GPUs

Decoding on CPUs. Online decoding on CPUs (for example, Kaldi's online2-

tcp-nnet3-decode-faster) is done in a similar way as o�ine decoding. Token and

link structures are translated into OpenFst structures (Allauzen et al., 2007) that

present an exact lattice (Povey et al., 2012). An exact lattice contains paths, which

correspond to the candidates for ASR predictions, and stores precise costs and state-

level alignments. The lattice structure enables �exible post-processing with di�erent

operations possible on lattices, such as acoustic scaling, computing the best, n-best,

or oracle hypotheses, LM rescoring, lattice composition, etc. Although the lattice

structure is convenient for operating with ASR output candidates before choosing

the best ones, its implementation on GPUs would not be trivial. In the Kaldi

GPU decoder, lattices are still created when an endpoint is reached to allow rich

post-processing on CPUs (Chen et al., 2018).

Decoding on GPUs. There are many implementations of GPU decoders (Kim

and Lane, 2014; Ivanov et al., 2016; Braun et al., 2020) and post-processing of their

outputs with the CPU (Kim and Lane, 2014; Chen et al., 2018; Li et al., 2021b).

For this study, we choose to work with the standard Kaldi GPU WFST decoder

(Chen et al., 2018; Braun et al., 2020), as it is (1) open-source and (2) mostly built

with Kaldi basic functions. The decoder27 yields up to a 240x speedup over single-

core CPU decoding (Braun et al., 2020). The addressed GPU decoding mechanism

operates on two disparate asynchronous CUDA streams: one stream is responsible

for running compute kernels, and the other one enables non-blocking device-to-host

(D2H) memory copy of lattice tokens. This approach has fully parallelised decoding

up to the outputs, yet its current implementation does not allow for any �exible

rescoring. We proposed the rescoring approach inside the Kaldi GPU decoder, which

is fully integrated into the parallelised decoding process, with no need for lattices. It

allows asynchronous output of intermediate results during online decoding without

interrupting the computational process. The decoder pipeline �rst transfers the

models (i.e. acoustic model, and HCLG graph) to the GPU, as depicted in Fig. 3.4.

27 https://github.com/kaldi-asr/kaldi/tree/master/src/cudadecoder
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The HCLG graph is represented by a special structure (cuda-fst) on the GPU.

The FST structure is represented as a set of compressed sparse rows (CSRs) and

additional metadata, which can be e�ciently traversed with direct indexing (Braun

et al., 2020).

3.1.6. Biasing lists

In our experiments on contextual biasing with hybrid models, most of the experi-

ments are on the ATC datasets where biasing lists are callsigns registered by radar

for every particular time spot or utterance (see Table 2.4). A non-ATC dataset is

Earnings21 with a list of named entities (NE) as a biasing list (see Table 2.6).

The size of the biasing FST depends on the number of entities to boost. At the same

time, with an increasing number of contextual entities, the biasing e�ect usually

goes down. The optimal size of the biasing FST greatly depends on the data.

In (Chen et al., 2019), the performance began to degrade when the number of

contextual entities exceeded 1000. In our experiments, the largest FST has 1013

entities (Table 2.6).

3.2. Experiments on lattice rescoring and G-boosting

for named entities

The section is partly based on the results described in Idiap research report publication

(Nigmatulina et al., 2021) and paper (Zuluaga-Gomez et al., 2023a).

The section covers experimental setup and results when contextualisation is applied

to bias target named entities in hybrid ASR models. The section describes exper-

iments on contextual biasing with the lattice biasing (Sec. 3.1.2) and G-boosting

(Sec. 3.1.3) methods on the ATC datasets.

3.2.1. Experimental setup

For the experiments, we used the Kaldi framework (Povey et al., 2011) to train

the baseline acoustic model and to run decoding and rescoring experiments. The

G-boosting experiments are done with the Kaldi lookahead decoding. The baseline

results are obtained without applying any contextual biasing. We trained three
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di�erent models on the ATC data.

Model 1 CNN-TDNNF-ATC-1. For the �rst ATC model, the system follows the

standard Kaldi recipe using MFCC and i-vectors features. Standard chain training is

based on Lattice-Free Maximum Mutual Information (LF-MMI (Povey et al., 2016),

which includes 3-fold speed perturbation and one third frame sub-sampling. The

acoustic model (AM) is a CNN-TDNNF, which comprises a convolutional network

and a factorised-TDNN.

For the training data, the following datasets are used: AIRBUS, ATCOSIM, HI-

WIRE, LDCATCC, MALORCA, N4 NATO, UWBATCC (see datasets description

in Sec. 2.4.1.1 and Tab. 2.3) resulting into the total of 129 hours of transcribed speech

data. First, the training databases are augmented by adding noises that match the

LiveATC (see Sec. 2.4.1.2) audio channel. Afterwards, speed perturbation is applied,

obtaining almost 1200 hours for training the AM.

The model dictionary consists of 28,410 words coming from diverse sources. The

lexicon is composed of a word-list assembled from the transcripts of all available

annotated train databases and from additional public resources including: (i) a list

of airline designators for callsigns taken from Wikipedia: https://en.wikipedia.org

/wiki/List_of_airline_codes; (ii) all �ve-letter waypoint names in Europe retrieved

from the Tra�c project, see https://pypi.org/project/tra�c/; (iii) additional

words, such as countries, cities, airports names, airplane models and brands, some

ATC acronyms, ICAO alphabet, etc. The pronunciation of new words is obtained

with Phonetisaurus G2P (Novak et al., 2016).

The model is further improved with 700 hours of semi-supervised data collected in

LiveATC across various European airports. We applied a standard semi-supervised

training approach in Kaldi, following the method outlined by Khonglah et al. (2020).

This process involves training an initial seed model solely on supervised data, which

is then used to generate lattices and best-path predictions for the unsupervised data

(i.e., the 700-hour LiveATC dataset). The supervised and unsupervised lattices are

subsequently combined to form new training archives. The LM is 3-gram trained

on the same data as the acoustic model, supplemented with additional text data

from publicly available sources, including airline names, airports, ICAO alphabet

and way-points in Europe.

Model 2 CNN-TDNNF-ATC-2. This is the same model as the Model 1 de-

scribed above but trained on more supervised data. In addition to the speech data

used for Model 1, NATS, ISAVIA, SLO-96, SOL-97, and STARFISH datasets are

also used resulting into the total of 190 hours of transcribed speech data (see datasets
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Table 3.1.: Examples of improved callsign recognition (red � wrong; blue � correct)

System Callsign

Baseline hello sovar one nine lima
Biased stobart two one nine lima

Baseline ryanair four bye bye
Biased ryanair four tango mike

Baseline one six zero three �ve
Biased airfrans six seven three �ve

description in Sec. 2.4.1.1 and Tab. 2.3). No noise augmentation is used. Speed per-

turbation is applied, obtaining around 570 hours of data for training. The model

dictionary consists of 30,832 words.

Model 3 CNN-TDNNF-ATCO2. For the third ATC model, we used the same

CNN-TDNNF training from the Kaldi framework with a convolutional network and

a factorised-TDNN. The only di�erence is the training data, which in this case is

2,500 hours of automatically labelled data from ATCO2 corpus (see 2.4.1.1). The

same ATCO2 data is used to train an LM.

3.2.2. Results

Table 3.1 gives some examples of improvement in which airline names and callsign

word sequences are detected correctly compared to baseline predictions. In Table 3.2,

the results of the experiments with the lattice biasing and G-boosting methods are

presented in the LiveATC, Malorca Prague, and Malorca Vienna datasets. Results

on LiveATC data are achieved with the CNN-TDNNF-ATC-1 model and are re-

ported by Nigmatulina et al. (2021). The results on Malorca Prague and Vienna

datasets are achieved with the CNN-TDNNF-ATC-2 model. The performance is

shown with utterance WER, entity WER and accuracy of entity recognition. All

entities in these experiments are callsigns registered by radar, i.e. surveillance data.

A combination of both methods achieves the best callsign recognition results for

all test sets. G-boosting and lattice rescoring together help to gain up to 4.6% of

absolute (i.e. from 28.0 to 23.4%), or 16.5% of relative improvement of utterance

WER, as well as up to 28.4% of absolute improvement in the accuracy of callsigns

recognition (see Table 3.2). To better see the e�ect of biasing, in addition to eval-

uation on the LiveATC dataset, we separately calculated the performance only on

those utterances from LiveATC that contain a callsign, in Table 3.2 it is marked as

LiveATC y.
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Table 3.2.: Results of the biasing experiments on LiveATC, Malorca Prague, and
Malorca Vienna test sets. WER � word error rate; NE-WER � named
entity WER; NE-A � accuracy of entities recognition; LiveATC y �
LiveATC dataset but only the utterances where the target named entity
is present. The top results per block are highlighted in bold; the oracle
results are highlighted in italic.

Model WER NE-WER NE-A

LiveATC
baseline 30.7 29.2 50.5
lattice biasing (surveillance data) 29.5 23.9 60.8
lattice biasing (ground truth) 27.8 17.8 72.8
G-boosting lookahead (k=4) 28.1 19.5 66.2
Combined:
G+lattice biasing (surveillance) 27.2 16.0 71.3
G+lattice biasing (ground truth) 26.3 12.2 79.8

LiveATC y

baseline 28.0 28.5 41.3
lattice biasing (surveillance data) 24.9 19.3 63.4
lattice biasing (ground truth) 24.7 18.0 67.6
G-boosting lookahead (k=2) 24.8 18.5 63.4
Combined:
G+lattice biasing (surveillance) 23.4 14.3 69.7
G+lattice biasing (ground truth) 22.8 12.7 74.6

Malorca Prague
baseline 3.6 5.4 87.2
lattice biasing (surveillance data) 3.2 3.9 91.4
lattice biasing (ground truth) 3.1 3.5 92.2
G-boosting lookahead (k=4) 2.8 2.4 94.2
Combined:
G+lattice biasing (surveillance) 2.7 1.9 95.4
G+lattice biasing (ground truth) 2.6 1.8 96.1

Malorca Vienna
baseline 5.0 5.3 83.4
lattice biasing (surveillance data) 4.5 3.9 88.4
lattice biasing (ground truth) 4.1 3.0 92.0
G-boosting lookahead (k=4) 4.6 4.0 87.5
Combined:
G+lattice biasing (surveillance) 4.5 3.2 90.2
G+lattice biasing (ground truth) 3.9 2.0 94.5

Number of distractors. The number of callsigns extracted from the radar and

used to enhance the ASR system for each utterance can a�ect the e�ectiveness of the

methods, as more biasing callsigns mean more distractors. Increasing the number

of boosted n-grams raises the likelihood of the system selecting an incorrect one
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during recognition. We investigated this e�ect by including test sets with di�erent

numbers of boosted n-grams, from 5 to 29 (see Table 2.4). Even with many boosted

callsigns, the recognition accuracy goes up considerably compared to the baseline.

Noisy vs not-noisy data. Our methods also demonstrate consistent results for

data of di�erent qualities. The levels of noise in the recordings of LiveATC and

Malorca test sets are very di�erent, as well as the WERs achieved by their baseline

systems. Nevertheless, we see considerable improvement for all test sets, and the

general tendency remains the same.

Biasing unigrams VS n-grams. As a dynamic contextualisation method, lat-

tice biasing is the most �exible and rapidly integrable approach among the three

described methods. Additional experiments are conducted on ATCO2 data to com-

pare lattice biasing only of unigrams (single words) VS lattice biasing of n-grams (se-

quences of words). Unigram lists are formed from the lists of biasing n-grams (named

entities) and include all the words occurring in the entities. The main di�erence is

that when biasing single words, these words are boosted not only inside of target

entities (i.e. callsigns) but also in the context of other words. Thus, it can introduce

noise, or �overboosting� and be less e�cient than lattice biasing of word sequences.

The results in Table 3.3 demonstrate that biasing n-grams consistently outperforms

biasing unigrams: on the in-domain data, with a relative NE-WER improvement of

15.0% (n-grams) and 12.8% VS 13.8% and 9.1% (unigrams) for ATCO2-test-set-1h

and ATCO2-test-set-4h, correspondingly; in the out-of-domain data, with a relative

NE-WER improvement of 11.5% (n-grams) and 8.2% VS 5.2% and 4.6% (unigrams)

for ATCO2-test-set-1h and ATCO2-test-set-4, correspondingly.28

Oracle results (ground truth). As mentioned above, surveillance data typically

provides information on a limited number of callsigns registered in the airspace at

a given time stamp. To compare our results with a setup that uses only the ground

truth callsign for each utterance, we performed experiments using FSTs biased to-

ward all registered callsigns as well as those biased to a single ground truth callsign

(Table 3.2 and Table 3.3). Since real-world scenarios do not provide access to the

correct callsign in advance, this serves as an oracle evaluation, representing an up-

per bound on performance. Although ground truth scores consistently outperform

other setups, systems biased toward all surveillance data callsigns achieve results

that remain relatively comparable.

28 The results in Table 3.3 are from the publication (Zuluaga-Gomez et al., 2023a), where one of
my contributions was describing and executing contextual biasing experiments and obtaining
these results.
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Table 3.3.: Results for lattice biasing experiment on ATCO2 corpora. Results are
listed for the CNN-TDNNF model trained with either CNN-TDNNF-
ATC-2 (supervised ATC data) or CNN-TDNNF-ATCO2 (ATCO2 data)
model. The top results per block are highlighted in bold; the oracle
results are highlighted in italic. WER � word error rate; NE-WER �
named entity WER; NE-A � accuracy of entity recognition.

Lattice ATCO2-test-set-1h ATCO2-test-set-4h

biasing WER NE-WER NE-A WER NE-WER NE-A

CNN-TDNNF-ATC-2 (supervised ATC data)

Baseline 24.5 26.9 61.3 32.5 36.7 42.4
Unigrams 24.4 25.5 63.2 33.1 35.0 45.8
N-grams 23.8 23.8 66.4 31.3 33.7 47.9
Ground truth 22.9 19.1 75.2 29.7 29.1 58.5

CNN-TDNNF-ATCO2 (ATCO2 data)

Baseline 17.9 16.7 70.5 24.9 24.2 62.0
Unigrams 18.3 14.4 73.8 25.6 22.0 65.9
N-grams 17.3 14.2 74.3 24.3 21.1 66.5
Ground truth 15.9 6.5 89.4 22.2 12.5 83.9

3.2.3. Summary

N-gram adaptation language modelling typically involves the interpolation of in-

domain and out-of-domain LMs. The strong side of the proposed methods is their

�exibility. They adapt current contextual information to improve the recognition of

target n-grams without any additional in-domain LMs. This allows us to use new

contextual data for each particular utterance.

We investigated two methods of integrating contextual data to improve the recogni-

tion of entities per utterance. In the �rst approach, n-grams are boosted by compos-

ing the decoded lattices (lattices generated in the �rst pass decoding and converted

to WFSTs) and biasing WFSTs built with the dynamically changing contextual en-

tities. The second approach involves modifying the weights for static contextual

entities in the grammar component of the decoding graph (G) followed by dynamic

lookahead decoding.

The G-boosting method often outperforms the lattice biasing method because (1) it

adjusts entities' weights before the decoding and increases the probability that cor-

rect words (and entities) occur in the decoding lattices, and (2) it allows adding new

words to G:fst. This method is convenient because it does not require an additional

step of rescoring, and the generated hypotheses already include biased n-grams. The
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main inconvenience of the G-boosting approach is increasing memory consumption.

One has to create a new modi�ed G.fst whenever new information is available. At

the same time, the old G.fst is usually kept for the next updates. That doubles the

memory usage. The lattice biasing method allows more �exibility, and its required

additional memory equals the size of a biasing WFST.

The best results are achieved with the combination of both methods. The same

trend of improvement is observed in all test sets and recordings of both lower and

higher qualities, with the relative improvement of callsign recognition varying from

8.2% to 74.2% depending on the test set.

The introduction of contextual information considerably improves the recognition of

callsigns and, therefore, the recognition of ATCo commands. As a noisy environment

leading to lower recognition accuracy is often a reality in pilot-ATCo communication,

the proposed methods and their combination will improve the recognition of key

information in ATCo speech.

3.3. Experiments on lattice rescoring and G-boosting

for rare entities, i.e. entities underrepresented in

the training data

The section is based on the publications (Bhattacharjee et al., 2023, 2024). My

contributions include: (1) describing the methods, and (2) participating in the design

and execution of the biasing experiments.

Although the previous section demonstrated the overall e�ectiveness of our adapta-

tion approaches, it is still uncertain whether this success extends to words that are

particularly di�cult to predict, either because they are never encountered during

training (in both AM and LM) or appear only rarely. In this section, we present

experiments speci�cally designed to address this question, i.e. to adapt deployed

ASR systems to improve the recognition of words that are extremely rare or entirely

absent from the training data. The experiments are carried out on ATC data. As

rare words, special airline designators and waypoint names such as �balad� or �ma-

bod�, which are waypoints for aircraft navigation in Austrian airspace, are used.

Airport designators and waypoints are rare in the training data because they only

appear in a speci�c region (see more in Sec. 2.3.2). At the same time, when used,

they are highly informative and require high recognition accuracies. We examine
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two approaches introduced above in Sec. 3.1: (1) lattice biasing and (2) G-boosting.

3.3.1. Experimental setup

To train the initial acoustic model and conduct decoding and rescoring experiments,

as in the models above, we used the Kaldi framework. Two types of acoustic models

are analysed.

Model 1 CNN-TDNNF-ATC. The �rst smaller hybrid-based CNN-TDNNF

model was trained from scratch on ATC labelled data and described in 3.2.1 as

Model 2 CNN-TDNNF-ATC-2.

Model 2 XLSR-LFMMI. The second model has the XLSR AM model (Conneau

et al., 2020) pre-trained with a dataset as large as 56k hours of speech data and �ne-

tuned using the same data as in the CNN-TDNNF-ATC model and applying the

approach described in (Vyas et al., 2021). Vyas et al. (2021) propose using the LF-

MMI criterion (similar to hybrid-based ASR) for the supervised adaptation of the

self-supervised pre-trained XLSR model (Conneau et al., 2020). This approach has

been shown that it can outperform the CNN-TDNNF models trained with only the

supervised data. A 3-gram language model trained on the same data as the acoustic

model and supplemented with textual data from additional public resources such as

airline names, airport information, ICAO alphabet, and European waypoints.

Typically, waypoints consist of a combination of two or three vowels along with a

small number of consonants, i.e. �dexon� or �burok�. It is important to note that

for the contextualisation methods investigated here, a critical assumption is that

the newly introduced words do not contain any new phonemes.

As test sets, we use the ATCO2-test-set-1h (Sec. 2.4.1.2) and the DLR test set

(Sec. 2.4.1.2). To evaluate the boosting performance on rare words, (1) 12 poorly

recognised waypoints that appeared 191 times in the ATCO2-test-set-1h test set

and (1) 84 poorly recognised waypoints that appeared 443 times in the DLR test

set are selected.

3.3.2. Results

The performance of the lattice biasing and G-boosting methods on rare words (way-

points) is reported in Table 3.4. When target words are poorly presented in the

training data, the two methods perform di�erently, and the results illustrate the

di�erence in their nature. As rare words a priori have a low probability of being
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chosen by the model, there is a low chance they appear in the decoding lattices,

i.e. top k list for recognition. Thus, when only lattice biasing is applied to the

baseline lattices, the rare words are not present there and cannot be boosted. We

see smaller improvement with the lattice biasing compared to the baseline: the rel-

ative improvement in F1 when lattice biasing is applied is 3.6% for CNN-TDNNF

and 13.6% for XLSR models for ATCO2-test-set-1h and 30.8% for CNN-TDNNF

and 24.6% for XLSR models for DLR test set, respectively. When the G-boosting

method is used, the rare words' weights are boosted directly in the LM (G.fst) and

before decoding. Thus, the probability of them appearing in the short list during

decoding also gets higher. The relative improvement of F1 on rare words compared

to the baseline is 32.7% for CNN-TDNNF and 55.7% for XLSR models for ATCO2-

test-set-1h and 430.8% for CNN-TDNNF and 31.1% for XLSR models for DLR test

set, respectively.

Interesting results are observed when G-boosting and lattice biasing are combined.

In Table 3.4, we can see that F1 for combined G-boosting and lattice biasing stays

unchanged or very similar compared to the G-boosting method alone; however,

Recall values are the best of all the experiments. It means that when rare words

are promoted to the lattices by G-boosting and then additionally boosted by lattice

biasing, the number of correctly recognised rare words increases. At the same time,

lattice biasing adds noise by biasing other words towards the target ones and causes

Precision to decrease. We can compare these results with the performance of the

lattice biasing on unigrams VS n-grams described above in Sec. 3.2.2. Rare words

here are always single words (i.e. unigrams), thus, we can assume that if we extend

them to n-grams, e.g. by adding context of surrounding words, we can reduce the

noise caused by over-boosting.

E�ect of tuning the discount factor. Figure 3.3 illustrates the impact of ad-

justing the discount factor for G-boosting. The x-axis represents the values of the

discount factor indicated as p, and the y-axis shows both the scaled general WER

and the rare word recall. These WER and recall values are scaled within the range

of [0 : : : 1] to facilitate comparison. Low p values do not enhance the recall of rare

words. However, as p gradually exceeds 1.0, the recall improves progressively while

the WER decreases. When p exceeds � 1:3, the WER increases signi�cantly as

boosted words are incorrectly recognised in place of many other ground truth words.

These �ndings indicate that there is a threshold for boosting certain words beyond

which the overall WER of the test set is negatively impacted.

Results with di�erent acoustic models. Additionally, the e�ect of contextu-

alisation methods is compared on two di�erent acoustic models (AMs), i.e. CNN-
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Table 3.4.: Performance of biasing on waypoints (as rare words) for ATCO2-test-
set-1h and DLR test sets using both CNN-TDNNF and XLSR based
acoustic models. The best results are highlighted in boldface.

CNN-TDNNF XLSR
G Lattice

WER
Rare word

WER
Rare word

boosting biasing Prec Rec F1 Prec Rec F1
ATCO2-test-set-1h

- - 26:8 0:91 0:39 0:55 17:5 0:94 0:42 0:58
X - 26:2 0:91 0:61 0:73 16:4 0:92 0:85 0:88
- X 26:8 0:86 0:42 0:57 18:1 0:89 0:52 0:66
X X 26:2 0:8 0:66 0:73 17:1 0:83 0:88 0:85

DLR-test-set
- - 13.9 1.0 0.07 0.13 8.5 0.95 0.45 0.61
X - 9.6 0.93 0.55 0.69 7.0 0.93 0.7 0.8
- X 14.0 0.93 0.09 0.17 8.2 0.97 0.63 0.76
X X 9.4 0.88 0.58 0.7 7.2 0.93 0.73 0.82

TDNNF and XLSR, where the XLSR AM has superior performance. The worst

performance on rare entities is observed with the CNN-TDNNF model and on the

DLR test set. Such low F1 scores might be explained by the fact that no DLR data

was used in the training data. At the same time, the XLSR model achieves consid-

erably better F1 scores for rare words with the same dataset. It can be explained by

the better generalisation ability of XLSR AM. Overall, the results show that both

contextual methods exhibit similar e�ciency across the AMs.

3.3.3. Summary

The described experiment investigates how well biasing methods enhance the recog-

nition of rare words. The experiment is conducted using data from the ATC domain,

where the demand for accurate recognition of area-dependent words is critically im-

portant. We examine two techniques for improving the recognition of rare words,

namely G-boosting and lattice biasing, and two di�erent acoustic models, i.e. a

smaller CNN-TDNNF model trained from scratch and a larger pre-trained XLSR

model �ne-tuned on the same dataset. While boosting generally exhibits superior

performance with the larger acoustic model, the observed performance trends remain

consistent across both model types.

G-boosting emerges as the top-performing approach for rare words boosting, and

lattice biasing can further improve the recognition of rare words when combined with

G-boosting. The choice of the discount factor in G-boosting signi�cantly in�uences
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Figure 3.3.: E�ect of discount factor on e�ective word boosting. The x-axis rep-
resents the values of the discount factor and the y-axis shows both the
scaled general WER and the rare word recall.

the recognition of rare words, with very low values having little impact and high

values causing over-prediction of boosted words.

3.4. Experiments on HCLG-boosting in the

GPU-decoding

The section is based on the publication (Nigmatulina et al., 2023). The code is

publicly released29.

Real-time decoding can work on central processing units (CPUs), as well as on

graphics processing units (GPUs) that can considerably accelerate decoding (Braun

et al., 2020). Previous experiments have proven the viability of lattice rescoring for

decoding and biasing LM weights in both o�ine and online CPU scenarios. How-

ever, these approaches overlook the potential for accelerating real-time transcription

through GPU-based decoding. While GPUs are already being used for online ASR

decoding, post-processing and rescoring on GPUs have not been properly investi-

gated yet. In real-time GPU decoding, partial recognition hypotheses are produced

without lattice generation, which makes the implementation of biasing more com-

plex.

Above, methods of contextual biasing with FST are introduced in Sec. 3.1, and their

29 https://github.com/idiap/contextual-biasing-on-gpus
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Figure 3.4.: Multiple stages involved in GPU decoding: Stage 1. Initially, the models
are loaded and the necessary pre-processing is performed.

e�ciency is proved in the experiments described in Sec. 3.2 and Sec. 3.3. The results

demonstrate that rescoring with available contextual information can considerably

improve ASR predictions and can be useful for many applications where prior in-

formation is available. For some applications, the e�ciency and speed of contextual

integration are crucial. For example, in the ATC domain, to assist pilot-ATCo con-

versations, online ASR is usually requested. While static contextual knowledge, such

as a list of new waypoints, can be incorporated o�ine before inference, dynamically

changing context � such as callsigns � must be gathered and integrated online

during the inference process.

The section proposes an approach to integrate contextual biasing in real-time GPU

decoding while exploiting the standard Kaldi GPU decoder. Our approach consid-

erably accelerates contextual integration while biasing partial ASR predictions, and

also permits dynamic context switching with �exible rescoring per speech segment

directly on the GPU.

3.4.1. Implementation of rescoring in the GPU decoder

In our implementation of rescoring, we focus on three tasks: (1) unigrams boost-

ing, (2) word sequence boosting, (3) dynamic update of contextual information, i.e.

biasing FST. Another important aspect is to make sure that our implementation is

optimal and that the decoding slowdown is minimised.

Rescoring without composition. In the GPU decoder, the HCLG graph is

represented on GPUs with the special cuda-fst structure (see 3.1.5). When the

61



Chapter 3. Contextual knowledge for hybrid ASR

Figure 3.5.: Multiple stages involved in GPU decoding: Stage 2. When a chunk of
audio is received, the decoding process follows with many steps split
over both the CPU and the GPU.

graph is loaded, each outgoing arc is processed by its own thread with the load

balancing expand, generating a number of candidate tokens. The adaptive beam

is then adjusted and used to determine which candidates are added back to the

main queue for further processing (Braun et al., 2020). GPU decoders can process

multiple audio streams in parallel, and it is important to enable boosting speci�c to

an audio stream. Pre-modifying the HCLG graph in advance will result in boosting

all the streams.

As decoding on GPUs we cannot a�ord composition with HCL following the G

boosting, it is not possible to add unknown word sequences to the graph. Thus,

the n-gram set that we can boost is always limited by the LM, like in the HCLG-

boosting method. With a decoding graph, the rescoring approach that would be the

most suitable for our goal is the HCLG-boosting method or HCLG � biasing_FST

composition (see Sec. 3.1.4). Instead of composition, weights in HCLG could be

adjusted iteratively, like for G in the G-boosting method, or by their indices (as

shown in Fig. 3.4) that would allow �exible and less computationally expensive

rescoring. The contextual boosting information for this method can be passed (1) as

a biasing FST, or (2) as a list of entities we want to boost, where all words are

replaced with their IDs from the symbol table.

Implementation. The HCLG graph is represented as a set of compressed sparse
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Algorithm 1: Pseudocode to �nd the arcs to be boosted given a word se-
quence (w1w2:::wk)
Input : fst: decoding graph; w1w2:::wk : word sequence to boost
Output: arcs_indices: arcs that need to be boosted
arcs_indices = Set()
statesReached = GetStatesThatOutputToken(fst, w1)
for t  2 to k do

prevStatesReached = statesReached
statesReached = set()
for s p  prevStatesReached do

== DepthFirstSearchSpecial takes �rst edge with wt and then considers
only edges that output � until wt is output

reachableStates = DepthFirstSearchSpecial(fst, sp, wt )
== now we know we can emit the next token
statesReached.add(reachableStates)
arcs_indices.Add(ArcsIndicesWithOutput(sp, wt�1 ))

end
end
for (s r , wt )  statesReached do

arcs_indices.Add(ArcsIndicesWithOutput(sr , wt ))
end
return arcs_indices

rows (CSRs) and additional metadata stored in memory. Before CSRs are generated,

the arc information from the loaded HCLG graph is temporarily kept in separate

vectors: for input labels IDs, output labels IDs, next state IDs, and weights. This

information is further copied to the GPUs (see Fig. 3.4). In order to rescore on GPUs,

along with the decoding FST, we load the biasing FST, whose arc information is

also saved in vectors but only for those arcs that should be boosted. Algorithm 1

gives the pseudocode of the procedure to determine which arcs to boost given a list

of words. The algorithm is an extension of Depth First Search to �nd a sequence

of arcs that would generate the desired sequence. We also consider the possibility

that the �rst word in the sequence may start in the middle of the utterance. During

decoding, if an arc index coincides with any token index saved from the current

biasing FST, the arc's weight is adjusted by the discount factor. The boosting

weight is the sum of the original arc's weight and the discount factor. The discount

factor we use equals -2.0, which was empirically identi�ed in the previous studies

(Nigmatulina et al., 2021). The process is illustrated in Figure 3.5.

Boosting unigrams and word sequences. For every contextual biasing FST,

we keep track of indices of the arcs to boost, which are identi�ed by Algorithm 1.

In the decoding kernels, this adds an extra cost of searching if the current thread is

processing an arc to be boosted. To enable faster search, we store the indices sorted,
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and perform a simple binary search. An additional complexity of O(log k) is added

to each processing thread. This is negligible since k is signi�cantly less than the

total number of arcs in the graph. Compared to excessive memory requirements if

storing separate decoding graphs for each context, we only store few 100s of integers.

As mentioned above, the size of biasing FST depends on the number of entities

to boost. As with the increasing number of contextual entities, the biasing e�ect

typically goes down, we assume that the size of biasing FST stays small not to

exceed available memory. In our experiments, the largest FST has 1013 entities (for

Earnings21; Table 2.6), and the number of boosting arcs we keep in memory per

FST is signi�cantly less than the total number of arcs since we aim to boost only

the arcs related to the entities we are interested in.

Dynamic context update. To provide �exible biasing when the context is mod-

i�ed, we introduce the functionality of a dynamic switch between di�erent biasing

FSTs. We assume that certain context situations are anticipated in advance and the

corresponding biasing FSTs are available before decoding starts. All expected bias-

ing FSTs are pre-loaded and saved in separate vectors similar to how it is described

in 3.4.1. Depending on the context a needed biasing FST indices are used to adjust

the corresponding arc weights.

3.4.2. Experimental setup

For the experiments on contextual biasing on GPUs for hybrid ASR, we used

two datasets � ATCO2 (with ATCO2-test-set-1h and ATCO2-test-set-4h test sets;

Sec. 2.4.1.2) and Earnings21 (Sec. 2.4.2.1) � and two di�erent ASR models trained

with Kaldi framework for each of the datasets correspondingly.

Model 1 CNN-TDNNF-ATC. The �rst hybrid-based CNN-TDNNF model was

trained from scratch on ATC labeled data and described in 3.2.1 as CNN-TDNNF-

ATC-1.

Model 2 LSTM-TDNN. For the experiments on the Earnings21 set, we use the

pre-trained chain LSTM-TDNN Kaldi model30 with Gigaspeech-XL speech corpus

(Chen et al., 2021).

Both ATCO2 and Earnings21 biasing lists contain word sequences, and for the

unigram boosting, we converted them into lists of unique single words.

Relative decoding time. To demonstrate the lack of di�erence in the decoding

30 https://kaldi-asr.org/models/m14
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Table 3.5.: Contextual biasing with online CPU and GPU decoders on ATCO2-test-
set-1h and ATCO2-test-set-4h. GT is a ground truth sequence; `partial
hypotheses' are real-time model predictions; NE-WER is a WER calcu-
lated for biased entities only.

ATCO2-test-set-4h ATCO2-test-set-1h
WER NE-WER WER NE-WER

Online decoding on CPU

No biasing 32.6 36.4 24.3 26.4
Biased unigrams (partial hypotheses) 34.6 35.4 25.0 25.7
Biased sequences (partial hypotheses) 32.5 34.3 24.0 24.2
Biased GT (partial hypotheses) 31.0 30.4 23.1 20.3

Online decoding on GPU

No biasing 32.2 36.3 24.5 26.4
Biased unigrams (at endpoints) 34.1 35.7 25.0 25.4
Biased sequences (at endpoints) 31.2 34.4 24.0 24.1
Biased GT (at endpoints) 30.5 30.1 23.4 21.2

Biased unigrams (partial hypotheses) 33.2 35.5 24.7 25.1
Biased sequences (partial hypotheses) 32.9 34.6 24.9 25.3
Biased GT (partial hypotheses) 30.7 29.4 23.8 21.9

time with VS without biasing, we measured relative decoding time with the inverse

real-time factor (RTFX). The RTFX is measured with 1 GPU NVIDIA GeForce

RTX 3090, with 2K clients, and on 81 minutes of Earnings21 data, which are split

into 27 utterances, each 3 minutes in length.

3.4.3. Results

We compare WER results achieved (1) with contextual biasing on CPUs VS GPUs

with lattice rescoring at endpoints VS dynamic biasing for partial hypotheses on

GPUs (to see if there is performance degradation when rescoring is done without

composition), (2) on GPUs with VS without applying contextual biasing (to see how

the method improves the recognition). We do not compare the performance of our

implementation to previous work, as there is no such results for ATCO2 sets, and

biasing results on Earnings21 (Drexler Fox and Delworth, 2022) are achieved with an

End-to-End model with a di�erent biasing approach, which would be incomparable

to our experiments. The results of the partial hypotheses biasing on GPUs are

taken directly from the �nal server outputs, i.e. before it is sent for post-processing.

Tables 3.5 and 3.6 report the results with utterance WER, and entities WER (NE-

WER).31 Comparing the performance of biasing with CPU decoder to the one on

31 The baseline results on ATCO2 test sets slightly di�er in Tab. 3.5 and Tab. 3.3. The di�erence
is because in Tab. 3.3 the results are reported for the o�ine decoding and in Tab. 3.5 � for the
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Table 3.6.: Contextual biasing with online CPU and GPU decoders on Earnings21
test set. `Partial hypotheses' are real-time model predictions; NE-WER
is a WER calculated for biased entities only; RTFX (Inverse Real Time
Factor) measures the latency of a system.

Earnings21
WER NE-WER RTFX

Online decoding on CPU

No biasing 21.6 59.0 7.001
Biased sequences (partial hypotheses) 21.7 51.8 3.577

Online decoding on GPU

No biasing 21.4 60.5 26.062
Biased sequences (at endpoints) 21.4 52.4 26.061

Biased sequences (partial hypotheses) 22.2 52.7 26.065

GPUs, the achieved improvement is almost the same, when rescored with lattices.

Contextual biasing on GPUs always helps improve performance on the entities: e.g.

NE-WER 52.4% instead of 60.5%, resulting in a relative improvement of 13.4% on

Earnings21. The results in utterance WERs stay the same or slightly improve when

sequences are boosted. Dynamic biasing of partial hypotheses on GPUs slightly

di�ers from the other results, as weights are modi�ed directly in the HCLG graph

instead of decoder output candidates. Overall, the performance of dynamic biasing

on GPUs shows similar improvement on entities over the baseline compared to the

lattice composition approach.

The main advantages of our implementation are its speed and �exibility. Decod-

ing on GPUs allows a considerable increase in speed compared to CPUs. Adding

boosting inside the GPU decoder does not slow down the decoding process with

the RTFX staying almost the same: 26.06. Pre-biasing the HCLG graph in advance

would lead to similar improvements but does not allow dynamic context adaptation.

The main limitation is that it is not possible to add unknown word sequences to the

graph, and the n-gram set we can boost is always limited by the LM.

3.4.4. Summary

Motivated by the high e�ectiveness of contextual biasing on CPUs, we proposed an

algorithm and its implementation for dynamic contextual biasing on GPUs for real-

time hypotheses. Given the context words and word sequences as input, the method

online decoding performance.
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adjusts target arc weights in the decoding graph in a distributed way and without

lattice generation. This approach allows fast and �exible adaptation to a current

context and is a step toward closer integration between inference and decoding.

3.5. Chapter summary

The contextualisation methods described in the chapter, i.e. (1) lattice biasing,

(2) LM biasing with HCL and G-boosted composition, and (3) LM biasing with

HCLG and biasing FST composition, allow dynamic integration of context to the

hybrid ASR system. The main advantages of these methods are that (1) they

require only text adaptation data, (2) no corpus is needed, as the context is a list

of target entities, (3) context information is injected during inference or to the LM

and involves no ASR retraining, (4) their integration is fast and can be used for

streaming ASR.

In this chapter, we demonstrate the e�ciency of these methods and the best ap-

plication cases for each of them. For example, lattice biasing is the most �exible

approach, as it operates during inference and performs the best when target words

are present in the decoding lattice, i.e. well represented in the training data. Lattice

biasing is a convenient method when light dynamic context integration is needed

without modifying the LM. The G-boosting method allows adding new n-grams to

the LM and biases the model's weights before the decoding lattice is built. This

makes it suitable when dealing with OOV and rare words, as otherwise, underrep-

resented words get pruned at early stages of the decoding without reaching the top

probable hypotheses. The HCLG_boosting method works the best when we do not

have access to the components of the decoding graph, i.e. HCL, and we want to

boost the predictions before the lattices are generated, for example, in the GPU

decoding.

The results of the experiments show that contextualisation can bene�t di�erent use

cases, including di�erent domains, frequent and rare words recognition, and o�ine

and online decoding. Another important advantage of the described methods is

that their integration is easy to use, does not require a lot of data preparation and

can be used as ASR system customisation by the end-users. The disadvantage of

these methods is probably their applicability to the hybrid ASR models only, when

nowadays ASR End-to-End models are developing and becoming the new SOTA.

67



4. Contextual knowledge for

End-to-End ASR

Despite more straightforward uni�ed training, End-to-End models are less �exible

when talking about fast adjustment and tuning compared to hybrid models (see

Sec. 2.1.2). In a hybrid model, additional textual knowledge can be directly incor-

porated into the LM. In standard End-to-End training, components are typically

optimised jointly toward a single objective, and there is no separate LM. The neces-

sity of adjusting the entire system to incorporate new textual knowledge depends

on the speci�c architecture's approach to label context. For instance, CTC-based

models do not explicitly model dependencies between output labels, behaving sim-

ilarly to the acoustic models in hybrid NN-HMM systems; thus, they allow for

relatively straightforward integration of external textual information. In contrast,

for architectures that do model label context � such as Transducers or Attention-

based Encoder-Decoders � the model learns an implicit Internal Language Model

(ILM). While this often complicates modular updates, recent approaches for ILM

estimation and compensation allow for the integration of external knowledge with-

out necessarily retraining the entire system. Alternatively, contextual information

can be introduced during decoding when �nal hypotheses are generated. This ad-

justment does not require model modi�cation and is conceptually close to the lattice

biasing method for hybrid ASR (see Sec. 3.1.2).

In this chapter, we examine two biasing methods for contextualisation of End-to-End

models during inference, both of which are realised in decoding.

4.1. Methods of contextual biasing in End-to-End ASR

In the present section, we describe two methods for contextual biasing in End-

to-End ASR used in our experiments: (1) rescoring and (2) shallow fusion. To

understand how to inject contextual information during decoding, it is important

to know the decoding search algorithm. Thus, �rst, we introduce basic decoding
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search algorithms.

4.1.1. Search algorithms

The task of any decoding algorithm is to correctly interpret the probability distri-

butions over tokens (characters, subwords, or words) outputted by an End-to-End

ASR model. When generating the �nal output, a decoding search algorithm is typi-

cally used to select the best hypothesis from multiple model's suggestions. The most

famous search algorithms are greedy search and beam search.

Greedy decoding. Greedy decoding is the simplest approach: at each time step,

the most probable token is selected without considering alternative hypotheses or

future steps. In CTC models, this means: (1) selecting the most probable token

at each frame, (2) collapsing repeating tokens, and (3) removing blank symbols.

Greedy decoding in CTC models is highly e�cient because the predictions at each

time step are conditionally independent. This allows the best path to be determined

in parallel across the entire output sequence. While computationally e�cient, greedy

decoding often yields suboptimal results because it doesn't explore alternative paths.

It is mostly used for fast inference or as a baseline.

Beam search. The beam search is the most widely used decoding strategy for End-

to-End ASR that strikes a balance between exhaustive search and greedy decoding.

Unlike greedy search, which selects the most probable token at each time step,

beam search keeps track of multiple hypotheses (called beams) and explores multiple

potential output sequences simultaneously (see Fig. 4.1). By maintaining multiple

candidate sequences, the beam search reduces the risk of early incorrect decisions

leading to suboptimal �nal outputs. It balances accuracy and computational cost

by �xing the size of a list of the most probable hypotheses: a wider beam improves

accuracy but increases decoding time and memory. The key steps of the beam search

algorithm are depicted in Fig. 4.1 and are:

1. Initialise the beam with a start-of-sentence token.

2. At each time step, expand each hypothesis in the beam by appending the

possible next tokens.

3. Calculate the score for each new hypothesis based on the log-probability from

the model.

4. Prune the list, keeping only the top-k candidates (where k is the beam width).

5. This process repeats until an end-of-sequence token is reached or a maximum
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Figure 4.1.: Beam search example, with beam size k=2. Position 1 : it starts with
the < START > token, de�nes probabilities for each word, and selects
the two best units in that position (eg. �A� and �C�). Position 2 : the
algorithm is run twice to generate probabilities for sequences starting
with �A� and �C�; then, the two highest probabilities are selected (eg.
�AB� and �AE�) and the rest is discarded. Position 3 : the process
repeats again until the < END > is reached and generates the �nal
two best sequences �ABC� and �AED�.

output length is met.

There are many di�erent implementations of the beam search depending (1) on

the type of the model (CTC, attention-based, Transducer), (2) on the stopping

criteria (to determine when to stop the search and select the �nal output), (3) on

the control over the top-k hypotheses (for example, encouraging diversity among

the top-k candidates by penalising sequences that are too similar to each other)

(Vijayakumar et al., 2016; Drexler and Glass, 2019; Kasai et al., 2022).

A powerful extension of beam search is the incorporation of external language mod-

els (ELMs) to improve transcription quality, especially in low-resource or domain-

speci�c settings.
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Table 4.1.: Comparing rescoring and shallow fusion methods for ELM integration.

Feature Rescoring (after pruning) Shallow Fusion (before prun-
ing)

When applied After the �rst-pass decoding and
pruning.

During �rst-pass decoding, at
each step.

How It Works An external language model
(ELM) is applied to rescore a
limited number of hypotheses
(e.g., top-k beams or lattice
paths).

The scores from the ASR model
and an ELM are combined dur-
ing beam search, in�uencing can-
didate selection in real time.

Integration Depth Post-decoding step. Real-time integration during de-
coding.

External LM N-gram or neural LM. Usually a neural LM.
Computational Load Lower, since applied on pruned

candidates.
Higher, because all candidates in
the beam are scored at every de-
coding step.

4.1.2. Method 1: `rescoring'

Rescoring is a method of contextualisation in two-pass decoding. Rather than di-

rectly choosing the highest-scoring hypothesis from the �rst decoding pass, the sys-

tem generates multiple plausible candidates � usually in the form of lattices, n-best

lists, or beams � and then re-evaluates them using a more re�ned scoring function or

additional models. The advantages of rescoring are (1) operation on the word-level

that allows straightforward use of n-gram LMs as ELM, and (2) low computational

load, as it applies to the pruned list of candidates. The main disadvantage of rescor-

ing is that being a post-processing step, it is applied only on the pruned hypotheses.

Thus, it allows picking the correct prediction only if it has already been part of the

n-best list.

4.1.3. Method 2: `shallow fusion'

Shallow fusion (SF) can be seen as a dynamic rescoring strategy that happens during

beam search decoding and before pruning. In practice, the SF refers to log-linear

interpolation between the ASR outputs and a separately optimised LM at each step

of the beam search (see an illustration of a SF at Fig. 4.2; Eq. 2.7; see more on

SF in Section 2.2.2). Compared to rescoring, with the SF, the weights are updated

during the beam search itself and, therefore, SF can also save the correct pre�x from

being pruned in earlier stages, leading to overall better performance than rescoring

(see Table 4.1). In this section, we present four SF sub-methods, each di�ering in

the type of contextual objects used � such as various forms of ELMs, keywords,

or context-speci�c entities � and in the strategies employed to match these objects
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Figure 4.2.: An illustration of a shallow fusion algorithm. The �nal score for units
at each decoding position is de�ned based on the combined scores from
ASR and ELM: y� = argmax log PASR (yjx) + � log P ELM (y). In this
example, with the � = 0:3.

with ASR hypotheses. Methods 2.3 and 2.4 are proposed by us.

Method 2.1: Shallow fusion of subword-level ELMs. SF can be used to

incorporate either ELM or a list of context biasing entities. Incorporated ELM can

be (1) trained with the same data as used for the ASR training, and in this case it

aims to improve the e�ect of the internal LM, or (2) trained with more additional

data or with the data from the same domain as the test set, and in this case it works

as the domain adaptation as well. Typically, ELMs are trained on the subword level

(i.e. BPE) and, thus, if the tokeniser is the same, match the unit level of ASR

models. This allows straightforward mapping between ASR and ELM units and

adjustment of their scores at each step of beam search (Fig. 4.2).

Method 2.2: Shallow fusion of keywords and context entities. Biasing

phrases or words are usually prede�ned and boosted when they are expected in

a speci�c context. Rescoring of biasing entities di�ers from that with an ELM

because the fusion happens only when the full biasing entity is detected. How to

match the prede�ned contextual phrases with the ASR hypotheses being generated,

so that their probability can be boosted via the LM score, refers to string matching

algorithms.
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String matching algorithms. Inside any string matching algorithm, there are two

main steps: (1) during decoding, the hypothesis is compared to the biasing phrases

at each time step; (2) if a partial match is found, the LM score is adjusted (usually

boosted) to prefer completing the matched phrase. To e�ciently support biasing in

real-time decoding, there are various string matching algorithms (Aho and Corasick,

1975; Knuth et al., 1977; Wang et al., 2023) and di�erent data structures to encode

the context entities:

ˆ Trie-based matching. Fast and memory-e�cient approach when biasing phrases

are stored in a pre�x tree (Trie) (Knuth et al., 1977; Ney and Ortmanns, 2002a;

Wang et al., 2010; Si et al., 2013; Le et al., 2021b,a). As decoding progresses,

partial hypotheses are checked against the Trie (see an example of a trie at

Fig. 4.3). If a pre�x matches a biasing phrase, a boost is applied to increase

its probability.

ˆ Finite-State Transducer (FST). In hybrid systems or attention-based ASR, an

FST representation of bias phrases may be composed with the LM or decoder

graph (Mohri et al., 2002; Hori et al., 2007; Williams et al., 2018; Zhao et al.,

2019). Supports �exible matching, including synonyms or phonetic variants.

ˆ Levenshtein Automata / Edit Distance. This approach is used in more ad-

vanced setups where matching isn't strictly exact (Yang et al., 2024a). It

works well for fuzzy matching, accounting for minor spelling or pronunciation

variations, but is less e�cient.

In our experiments, we use the Aho-Corasick (AC) algorithm, which uses Trie-based

matching and is one of the most e�cient and fastest methods for multiple pattern

matching (Svete et al., 2022; Guo et al., 2023).

Aho-Corasick algorithm. The AC algorithm proposed by (Aho and Corasick,

1975) is a text multiple pattern string matching algorithm that operates in linear

time: the search time equals O(n + z), where n is the text length and z is the total

number of matches. The algorithm utilizes three data structures to represent the

search set, or a transition diagram: a trie, an output table, and a failure function

(Fig. 4.3). The output table stores su�xes reachable from any node that corresponds

to the target search strings. The failure function handles cases where some search

strings are su�xes of others (Meyer, 1985). For example, if a trie contains the word

�CAN� but not the word �CAT�, a failure transition will backtrack �CAT� to

the pre�x CA- from �CAN� upon a mismatch. The algorithm is implemented

as a �nite state machine with backo� arcs that not only return to the root or a

lower-order n-gram (e.g., from a 4-gram to a 3-gram) when a string end is reached
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Figure 4.3.: Aho-Corasick trie: blue lines are fail arcs, green lines are output arcs.

but also perform failure transitions to backtrack upon a mismatch. This mechanism

allows partial match detection while keeping the trie's structure sparse, improving

e�ciency by avoiding repeated pre�x matches.32

Method 2.3: Shallow fusion of a word-level n-gram LM as a context trie. 33

Although SF is the most widely used method for contextualisation of ASR during

decoding, fused ELMs are typically NNLMs trained at the subword level (Kannan

et al., 2018). Introducing word-level ELMs is a less straightforward task, but it

can bene�t rescoring by leveraging richer word-level statistics and providing better

semantic transparency for domain adaptation and biasing. To combine the statis-

tics coming from character and word levels, fusion can be done with two character

and word-level recurrent NNLMs at the same time (RNNLMs) Hori et al. (2017).

However, NNLMs are unsuitable for online recognition and fast context adapta-

tion due to their size. In previous studies, the n-gram word-level LM was adopted

by converting subwords to words before rescoring (Tian et al., 2022). This con-

version enables on-the-�y decoding; however, since a character-level sequence can

correspond to multiple word sequences, the authors �rst needed to transform each

partial character-level hypothesis into a word lattice during decoding, in order to

account for all possible word-level interpretations.

Inspired by the application of string matching algorithms for SF of biasing words,

we propose to integrate a word-level n-gram LM (�WL-ngram-LM�) as a context

32 Our work is based on the existing Aho-Corasick implementation available in the k2/icefall frame-
work (https://github.com/k2-fsa/icefall/blob/master/icefall/context_graph.py).

33 Methods 2.3 and 2.4 are introduced in the publication (Thorbecke et al., 2025).
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pre�x trie built with the AC algorithm. Recent advancements in E2E toolkits,

such as RASR2 (Zhou et al., 2023), have demonstrated the e�ectiveness of integrat-

ing lexical pre�x trees (tries) into Transducer decoding to handle large-vocabulary

constraints. While RASR2 utilizes trie structures primarily for lexical search and

decoding e�ciency, our approach focuses on the SF of n-gram probabilities via a

specialised Aho-Corasick (AC) trie. Speci�cally, we propose a `WL-ngram-LM' con-

text trie constructed directly from LM n-gram sequences, and their corresponding

log probability scores are adapted as trie scores.

Since the ASR model produces hypotheses at the BPE level, we �rst convert the

WL-ngram-LM n-grams into sequences of BPE units using SentencePiece34. During

decoding, when a hypothesis string matches a stored n-gram in the AC trie, we

incorporate the LM score as an additional cost into the log probability of the matched

candidate. Algorithm 2 illustrates how the LM probability score (bias_score) is

obtained before the context trie is created.

A key challenge in integrating an ARPA-formatted n-gram LM is determining how

to convert its word-level scores into a bias score (bonus) that can be e�ectively com-

bined with the ASR model's subword-level log-probability scores. An n-gram LM

in ARPA format provides scores as log-base-10 probabilities, sw = log10(PLM (w)).

Applying sw directly as a bias cost would lead to poorly scaled biasing. However,

through empirical evaluation on our development sets, we found that a non-linear

transformation of the LM score yielded superior performance. We systematically

compared several functions and discovered that the most e�ective bias score is de-

rived by directly exponentiating the original log-base-10 score:

bias_score(w) = exp(sw) = exp(log10(PLM (w))) (4.1)

This transformation is mathematically equivalent to PLM (w)
1

ln(10) , which is approx-

imately PLM (w)0:434. This e�ectively compresses the dynamic range of the original

LM probabilities, emphasising higher probabilities less aggressively than a direct lin-

ear scaling, and sharply diminishing the in�uence of less probable ones. While the

exponent 1= ln(10) arises naturally from converting a log-base-10 probability into

the argument of the natural exponential function, we acknowledge that this implicit

compression factor could be considered an arbitrary choice and, in a more gener-

alised framework, might be treated as a tunable hyperparameter 
 (e.g., PLM (w) 
 ).

However, for the scope of this work, this speci�c transformation proved robust and

e�ective across our datasets.

34 https://github.com/google/sentencepiece
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Algorithm 2: Compute Context Scores from ARPA and Keyword Files
Function context_file, arpa_file, in_lm_cost, not_in_lm_cost:

Initialize empty list contexts
Initialize empty dictionary contexts_scores
Initialize empty dictionary keywords
foreach line in context_file do

keywords[line.strip()]  �not in the lm�
end
foreach line in arpa_file do

Split line into [weight, ngram]
Append ngram to contexts
bias_score  e float(weight)

if ngram in keywords then
keywords[ngram]  �in the lm�
contexts_scores[ngram_ids]  bias_score + in_lm_cost

end
else

contexts_scores[ngram_ids]  bias_score
end

end
foreach (entity, label) in keywords.items() do

if label is �not in the lm� then
Append entity to contexts
contexts_scores[ngram_ids]  not_in_lm_cost

end
end
context_trie  ContextTrie(contexts_scores)
context_trie.build(SentencePiece.encode(contexts))

Crucially, the bias_score(w) obtained through this transformation is a value in

probability space, not log-probability space. When this score is applied, it is added

to the log-probability of the ASR model's hypothesis. Speci�cally, we treat this

bias_score(w) as a positive bonus that directly increases the overall log-likelihood

of the matched word sequence during beam search. This unconventional direct

addition of a probability-space value to a log-probability serves as an aggressive

non-linear scaling, heavily rewarding high-probability n-grams while allowing for

more nuanced integration than a simple linear addition in the log-domain.

A second implementation challenge is to apply this word-level bias_score(w), to a

word w that has been tokenised into a sequence of subwords (b1; b2; : : : ; bk). We

explored two strategies: (a) distributing the bonus evenly across all subwords (i.e.,

adding bias_score(w)=k at each subword step) and (b) applying the entire bonus at

a single point. Our experiments showed that the latter approach is more e�ective.

Speci�cally, the entire bonus is added to the hypothesis score upon the emission of

the �nal subword, bk , of the word w.

The proposed method allows light and on-the-�y fusion of a WL-ngram LM without

the need for constructing word lattices.
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Figure 4.4.: Proposed biasing approaches at beam search time with Aho-Corasick
string matching algorithm, inkl. biasing list and n-gram LM statistics.

Method 2.4: Shallow fusion with unifying n-gram LM and keyword bi-

asing in a single trie. Keyword boosting performed at the subword level often

introduces �noise� causing the overboost of other non-biasing words, which can lead

to an overall decrease of WER. As an extension of the keyword biasing and WL-

ngram-LM integration methods, we propose a novel implementation strategy that

combines WL-ngram-LM n-grams and context entities in a single biasing trie, while

maintaining traversal at the BPE level (see an illustration of the proposed method

at Fig. 4.4). In the proposed approach, we aim to enhance keyword biasing while

maintaining robust overall performance by leveraging �near-context� n-grams from

an n-gram LM alongside the �global-context� entities.

During keyword biasing in decoding, a �xed positive cost is added to the log proba-

bility of a candidate in the hypothesis when it matches any of the context entities.

To facilitate this, we employ a trie structure derived from the AC algorithm, which

enables e�cient lookup and biasing. This trie contains both LM n-grams and the

keyword biasing information. The integration of keywords with LM n-grams is de-

scribed in Algorithm 2. First, all n-grams from the LM are inserted into the trie with

their respective scores. Then, for each keyword, a bias score is applied depending

on whether the keyword's n-gram is present in the LM (�inLM�) or not (�outLM�).

If the keyword n-gram is already present in the LM, its bias score is adjusted based

on its associated LM score, while for keywords absent in the LM, a �xed bias score
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is applied. The bias score is tuned on the development set, with di�erent values for

when the keyword n-gram is in the LM versus when it is not:

f inal_bias_score =

8
>>>><

>>>>:

� outLM if NE is not in LM,

exp(LMw) + � inLM if NE is in LM,

exp(LMw) other words in LM.

where LMw is the LM score, and � represents the �xed bias score.

4.2. Experiments on rescoring and shallow fusion with

subword-level ELMs

In this section, we describe experiments on the integration of external subword-

level LMs (ELMs) during decoding. We explore two methods introduced above, i.e.

the �rescoring� method (Sec. 4.1.2) and the �SF of subword-level ELMs� method

(Sec. 4.1.3).

4.2.1. Experimental setup

We conducted our decoding experiments with the code provided in the Icefall frame-

work that contains recipes for training End-to-End Transducer models based on the

K2 implementation of ASR-related algorithms.35

ASR model. For the model, we used the pretrained Pruned-Stateless Transducer

ASR model (Ghodsi et al., 2020) with the Conformer encoder trained on 10k hours

of GigaSpeech-XL data.36

Language models. Neural Network LMs (NNLM), i.e. Transformer-LM and RNN-

LM, were trained with subword (BPE) units and with a mix of LibriSpeech (Panay-

otov et al., 2015), CommonVoice (Sec. 2.4.2.4), and GigaSpeech (Sec. 2.4.2.3) train-

ing data. The models were trained with the Icefall framework.

The evaluation was done on the GigaSpeech and De�nedAI dev and test sets (Sec. 2.4.2.2).

In Icefall, several decoding methods are implemented. In addition to the greedy

search, there are two implementations of the beam search: fast-beam-search and

35 Icefall framework: https://github.com/k2- f sa/icefall; K2: https://github.com/k2- f sa
(24.04.2025).

36 Pruned-Stateless Transducer pre-trained on 10k hours of GigaSpeech-XL: https://huggingface.
co/wgb14/icefall-asr-gigaspeech-pruned-transducer-stateless2/tree/main (24.04.2025).
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modi�ed-beam-search. In the fast-beam-search implementation, the decoding uses

a lattice produced by the decoding graph and operates at the word level. This al-

lows a straightforward use of word-level n-gram LMs. In the modi�ed-beam-search,

the decoding is done on the subword level (BPE), which makes it more di�cult

to use word-level LMs for the rescoring and SF. However, modi�ed-beam-search

consistently outperforms the fast-beam-search, so we report our results on SF with

subword ELMs with the modi�ed-beam-search decoding only.

The SF technique is implemented in modi�ed-beam-search decoding to allow the

integration of BPE-level NNLM and is available in two variants: with and without

a low-order density ratio method (LODR) (Zheng et al., 2022) (the LODR method

is described above in Sec. 2.2.2).

4.2.2. Results

The results with SF of ELMs for the Transducer ASR model are reported in Ta-

ble 4.2. The baseline is the results when no ELM is used. The oracle results are

obtained when the decoding is done with the correct hypothesis, in case it is among

the top-k hypotheses.37 Except the oracle results and the rescoring with WL-ngram

LM that are computed with the fast-beam-search decoding, the rest experiments are

done with the modi�ed-beam-search decoding and with the beam_search = 2038.

SF consistently achieves better performance than the rescoring method, con�rm-

ing the advantage of fusion before pruning. SF with LODR always outperforms

the default SF. There is almost no di�erence between the SF with Transformer

and RNN NNLMs. Overall, only marginal improvement is achieved by integrating

ELMs into ASR decoding, with relative WER improvements of 1.9%, 5.4%, and

4.0% for GigaSpeech-test-set, De�nedAI-dev-set, and De�nedAI-test-set, respec-

tively, and relative NE-A improvements of 4.0% and 7.4% for De�nedAI-dev-set

and De�nedAI-test-set, respectively.

4.2.3. Summary

Integration of subword-level external NNLMs into the ASR decoding leads to a

certain WER improvement. At the same time, this approach has the following

drawbacks: (1) NNLMs training needs additional resources, including time, com-

putational resources, and su�cient training text data, (2) ELM fusion considerably

37 Oracle results are obtained with the default beam search equal 4.
38 Decoding with a higher beam search does not bring noticeable improvement.
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Table 4.2.: Results of SF experiments on the De�nedAI dataset reported in terms of
WER and NE recognition accuracy (NE-A).y � the rescoring with word-
level n-gram model and the oracle decoding are done with fast-beam-
search decoding; the rest is obtained with the modi�ed-beam-search de-
coding.

Decoding ELM
giga-test De�nedAI-dev De�nedAI-test

WER WER NE-A WER NE-A

Baseline - 10.5 9.7 67.9 10.3 68.0
Oracley - 7.4 7.6 76.9 8.5 76.6
Rescoringy WL-3gram-LM 11.6 10.4 65.3 10.8 72.3
Rescoring Transformer-LM 14.4 11.4 64.8 12.0 65.2
Rescoring RNN-LM 14.5 9.5 68.4 10.3 69.6
Shallow fusion Transformer-LM 10.4 9.5 68.8 10.1 70.2
Shallow fusion+LODR Transformer-LM 10.3 9.2 70.6 9.9 73.0
Shallow fusion RNN-LM 10.4 9.4 70.1 10.1 70.2
Shallow fusion+LODR RNN-LM 10.3 9.2 70.4 9.9 73.0

slows down the decoding process, which makes it impossible to be used in online

decoding. Looking for more e�cient and light-weight ways of context integration

into End-to-End ASR, we explore the other contextualisation methods introduced

in Sec. 4.1.

4.3. Experiments on shallow fusion with word-level

context (Global- and Near- Context in a Single Trie

Pass)

The section is partly based on the publication (Thorbecke et al., 2025).

While the integration of subword-level ELMs in the previous section yielded some

WER improvement, this approach comes with signi�cant drawbacks: it requires

extensive resources for training, it slows down decoding considerably, and the im-

provements are often marginal. These limitations highlight the need for a more

e�cient and lightweight approach to context integration, especially for on-the-�y

and low-resource scenarios.

This section presents a new set of experiments focused on SF of word-level contextual

objects, i.e. keyword and context entities biasing and WL-ngram-LM integration.

While both count-based and neural LMs can theoretically utilise either subword

or word-level token sets, our method speci�cally leverages word-level resources to
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exploit the e�ciency of an Aho-Corasick-based trie. This design is intended to over-

come the computational bottlenecks often encountered with subword-level neural

ELMs, where high-frequency token queries can signi�cantly slow down inference.

By utilising word-level representations within a uni�ed trie-based search, we achieve

a more precise and e�cient application of context biases. By moving from complex,

resource-intensive neural LMs to simpler, highly parallelisable word-level lookups,

we aim to achieve a better trade-o� between recognition performance and real-world

computational practicality.

The contextual methods are described in more detail above and introduced as �SF

with keywords� (Method 2.2), �SF with WL-3gram-LM� (Method 2.3), and �SF

with uni�ed WL-3gram-LM and keywords� (Method 2.4) in Sec. 4.1.3.

Most of the studies on SF are done with English language data. To explore the SF

methods' e�ectiveness on languages other than English, we also run experiments on

French, German, and Spanish data.

4.3.1. Experimental setup

Implementation. There is no Icefall implementation of SF with WL-ngram-LM,

and we �lled this spot with our implementation. The main conceptual question was

how to go from the word level to the BPE units, as the model outputs its hypotheses

on the BPE level, but the n-gram LM has its weights for words. To go from words

to BPE units, it was decided to follow the ContextGraph implementation approach

from Icefall. It was important to take into account that the n-gram LM weights

(for example, in ARPA) are in the logarithmic scale, i.e. log probabilities, and

they should be adjusted to match the model's predictions. The biases assigned to

the predicted sequences are taken from the exponents of LM weights. Hence, all

reported results are obtained using base-e exponentiation.

For the experiments with the �SF with uni�ed WL-3gram-LM and keywords� method,

where keyword biasing is combined with WL-3gram-LM, we conducted a grid search

to determine the optimal values of the � hyperparameters, or �xed bias score

(see Sec. 4.1.3). Speci�cally, we evaluated di�erent bias scores for both cases:

inLM = f0:5; 1:0; 1:5; 2:0g and outLM = f0:5; 1:0; 1:5; 2:0g. Our results consis-

tently showed that the combination of inLM = 0:5 and outLM = 1:5 achieved the

best performance across all experimental settings.

We did an evaluation on four di�erent datasets: De�nedAI (Sec. 2.4.2.2), Earnings21

(Sec. 2.4.2.1), CommonVoice (Sec. 2.4.2.4) to include the performance on di�erent
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languages, and ATCO2 (Sec. 2.4.1.2) to compare the performance to the results with

contextualisation for hybrid models from Sec. 3. We used the Icefall framework to

run the experiments, and for all experiments, we utilise their respective stateless

version of the Zipformer-Transducer models (70M) (Ghodsi et al., 2020; Yao et al.,

2024), with variations occurring solely in the decoding strategies. Accordingly, we

benchmarked it against established methods for integrating external context dur-

ing decoding. Notably, neither LODR nor ILM estimation was applied in these

experiments, ensuring a clear comparison of the core biasing mechanisms.

Baselines. We implement three baseline methods, ranging from standard beam

search to advanced SF techniques incorporating neural network language models

(NNLMs) for contextual adaptation. � BeamS: Standard beam search decoding

without any external contextual information (i.e., no SF). � NNLM: A conventional

SF approach integrating a Transformer-based NNLM. � BPE-ngram-LM: A SF

setup using a 5-gram LM trained at the BPE level.

Context Biasing with the context Trie (Aho-Corasick). We evaluate three

variations of our proposed contextual adaptation method, leveraging the Aho�Corasick

(AC) algorithm for e�cient integration of external context. � WL-3gram-LM: SF

with a 3-gram word-level LM, integrated via an AC-based trie for fast lookup and

retrieval. � KB: Context biasing using an AC-based trie for keyword matching, with-

out an explicit LM and with the bias score �xed to 2:0. � WL-3gram-LM+KB:

a uni�ed fusion approach that integrates a 3-gram word-level LM and a keyword

biasing list through a single AC-based decoding trie pass.

ASR model 1 Zipformer-GigaSpeech-XL. The �rst model is the pre-trained

Zipformer model trained on the GigaSpeech-XL dataset39 for evaluation on the De-

�nedAI (Sec. 2.4.2.2) and Earnings21 (Sec. 2.4.2.1) test sets. This choice is justi�ed

because the Earnings21 dataset provides only test data, while for De�nedAI, we

have access to limited training data (40 hours). Our choice of the model aligns with

prior work on Earnings21, where the authors also used the Gigaspeech dataset for

training (Drexler Fox and Delworth, 2022). This setup can be viewed as a domain

adaptation scenario, given that both De�nedAI and Earnings21 consist of domain-

speci�c data. During the decoding, we use a beam size of 4.

ASR model 2 Zipformer-CommonVoice (for CommonVoice models on En-

glish, German, French, and Spanish data). For experiments on CommonVoice,

we train Zipformer models, with a stateless predictor (Ghodsi et al., 2020) and Zip-

former encoder (Yao et al., 2024), for each language using the corresponding training

39 Zipformer model pre-trained with 10k hours of GigaSpeech-XL data: yfyeung/icefall-asr-gigas
peech-zipformer-2023-10-17 (24.04.2025).
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set. Training is performed from scratch using the latest Icefall Transducer recipe

with its default hyperparameters. This includes the ScaledAdam optimizer (Kingma

and Ba, 2014) and a learning rate scheduler with a 500-step warmup phase (Vaswani

et al., 2017), followed by a decay phase determined by the total number of steps

(7,500) and epochs (3.5) (Yao et al., 2024). The neural Transducer model is jointly

optimized using an interpolated loss function, combining simple and pruned RNN-T

loss (Kuang et al., 2022; Graves, 2012) with CTC loss (Graves et al., 2006) (� = 0:1),

according to:

L = (1 � �) � L RNNT + � � L CT C : (4.2)

We use an e�ective batch size of 600s with a gradient accumulation of 1, the peak

learning rate is set to lr = 5:0 � 10 �2 , and each model is trained for 30 epochs on a

single RTX 3090 GPU. During the decoding, we use a beam size of 4 that provides

the best trade-o� between the performance and the speed of decoding.

ASR model 3 Zipformer-ATCO2-1.5K. The third model is the same Zipformer

model with a stateless predictor as Model 1 and Model 2, trained by us on the 1,5K

hours of the ATCO2 data. For the training, we used a batch size of 1000s, the base

learning rate is set to lr = 4:5 � 10 �2 , and each model is trained for 30 epochs on a

single RTX 3090 GPU. During the decoding, we use a beam size of 4.

LM Training. For training the NNLM used in our baselines, we train Transformer-

based (Vaswani et al., 2017) language models (LMs). Speci�cally, we use GigaSpeech-

XL for De�nedAI and Earnings21, while for CommonVoice, we utilise the cor-

responding language-speci�c training sets. Each Transformer LM is trained for

10 epochs and consists of approximately 38M parameters.40 Regarding the BPE-

5gram-LM, we train a 5-gram BPE-based LM using the SRILM (Stolcke, 2002)

toolkit. Similarly, for the word-level LMs required for the SF+AhoC experiments,

we train 3-gram word-level LMs with SRILM. To construct these models, we use text

data from the corresponding training sets for all test sets except Earnings21. For

Earnings21, we instead use transcriptions from Earnings22 (Del Rio et al., 2022), a

dataset from the same domain, ensuring domain consistency.

For NE-A results with KB and WL-3gramLM+KB experiments and the WER re-

sults with WL-3gramLM+KB experiments, we report statistical signi�cance tests

against the baseline (BeamS).

To further analyse the impact of word-level statistics on subword-level decoding,

40 Transformer-LM recipe: https://github.com/k2-fsa/icefall/tree/master/icefall/transformer_lm

83



Chapter 4. Contextual knowledge for End-to-End ASR

we evaluate the model's ability to recognise out-of-vocabulary (OOV) words on the

CommonVoice dataset. The OOV counts for each dataset are summarised in Ta-

ble 2.6. Notably, because the NEs for CommonVoice were automatically extracted

directly from the test transcriptions, they are inherently included in the vocabulary

and do not appear in the OOV list. The AC algorithm's capability to e�ciently

locate partial matches proves especially bene�cial for improving OOV word recogni-

tion, reinforcing the advantage of our word-level LM integration over conventional

subword-only approaches.

As fast and �exible context integration is critical in many practical scenarios, we

include an estimate of decoding time using the inverse real-time factor (RTFX) (see

de�nition in Sec. 2.5.3). RTFX is measured on the De�nedAI test set with one RTX

3090 GPU.

4.3.2. Results

The impact of word-level n-grams. To distinguish between out-of-domain and

in-domain performance, we present results on De�nedAI and Earnings21 (Tab. 4.3)

separately from CommonVoice (Tab. 4.4) and ATCO2 (Tab. 4.5). For both setups,

the results of fusion n-gram LM with AC trie (i.e., WL-3gram-LM) lead to relative

WER reduction w.r.t beam search alone: 3.8% for De�nedAI, 10.4% for Earnings21,

1.5%, 1.3%, 2%, and 2.6% for EN, DE, FR, and ES from CommonVoice, respectively.

For the out-of-domain sets, SF of WL-3gram-LM improves the performance com-

pared to the fusion with Transformer-LM (NNLM): i.e., from 10.2 to 10.0 for De-

�nedAI and from 14.9 to 12.9 for Earnings21. In addition to improved performance,

training n-gram LM is fast and easy and can be done even with a small corpus (e.g.,

40 hours in the case of De�nedAI), which will bene�t low-resource scenarios.

However, the results are not consistent for the in-domain setup on the ATCO2

dataset: the relative WER reduction for the ATCO2-test-set-1h is 1.3%, but there

is a 1.3% relative WER increase for ATCO2-test-set-4h.

Trade o� between NE-Accuracy and WER. The biggest improvement on NEs

is always achieved with the KB setup: 14.6% for De�nedAI and 6.7% for Earn-

ings21 of relative improvement w.r.t. BeamS baseline (Tab. 4.3). However, the

overall WER does not improve or even degrade, e.g., 16.7% WER in the case of

Earnings21. Notably, the overall WER is improved when keyword biasing is com-

bined with word-level n-gram LM (WL-3gram-LM + KB): relative improvement

w.r.t. keyword biasing alone is by 3.8%, 21.6%, 3.6%, 3.9%, 1%, and 2.6% for De-

�nedAI, Earnings21, and CommonVoice EN, DE, FR, and ES, respectively. It is
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Table 4.3.: Results of SF (bias score �xed to 2:0) experiments on De�nedAI-test and
Earnings21 datasets reported in terms of WER (general WER, biased
words WER (NE-WER), and NE recognition accuracy (NE-A). Best
performance appears in bold font.yThe result is statistically signi�cant
with p < 0:07.

Decoding type Context source WER (#) NE-WER (#) NE-A (")

De�nedAI-test
BeamS n/a 10.4 25.3 68.0

SF
NNLM 10.2 24.8 69.3

BPE-5gram-LM 10.2 25.9 68.2

SF +
AhoC

WL-3gram-LM 10.0 24.3 70.0
Keyword boosting (KB) 10.4 19.3 77.9y

WL-3gram-LM + KB 10.0 y 22.8 73.3y

Earnings21
Beam n/a 14.4 49.2 59.5

SF
NNLM 14.9 49.9 58.5

BPE-5gram-LM 16.8 48.4 59.0

SF +
AhoC

WL-3gram-LM 12.9 45.3 61.7
Keyword boosting (KB) 16.7 38.4 63.5y

WL-3gram-LM + KB 13.1 y 42.3 62.8y

important to note that the datasets vary in the number of named entities (NEs)

and the proportion of utterances containing them (see Tab. 2.6). This variation ex-

plains the smaller impact of fusion on WER for the FR and ES sets, which contain

the fewest NEs. Nevertheless, even in these cases, our approach maintains WER

performance without degradation.

The ATCO2-test-set-1h dataset follows the same tendency as for the abovemen-

tioned test sets. The best overall WER performance is achieved when SF is done

with KB and WL-3gram-LM together: 5.1% relative WER improvement w.r.t. the

baseline and 1.3% relative WER improvement w.r.t. to the KB alone. Moreover,

the best performance on unbiased words (U-WER) is also achieved with WL-3gram-

LM: 1.9% relative WER improvement w.r.t. the baseline and 4.9% relative WER

improvement w.r.t. to the KB alone. For the ATCO2-test-set-4h, however, the re-

sults are di�erent again; there is almost no improvement in WER with the combined

KB+WL-3gram-LM compared to KB. At the same time, the e�ect of WL-3gram-

LM integration is noticeable when WER is calculated on the unbiased words only

(U-WER): 3.7% of relative U-WER improvement on ATCO2-test-set-4h w.r.t. to

the U-WER with KB only.

OOV performance. The incorporation of word-level statistics via WL-3gram-LM

does not adversely a�ect OOV recognition at the subword level (as indicated by the
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OOV accuracy (OOV-A) column in Table 4.4). Despite the KB yielding optimal

performance, it may not be the most suitable option if overall WER is a concern.

Similar to named entities, the WL-3gram-LM+KB con�guration strikes an e�ective

balance, preserving overall ASR performance while enhancing OOV accuracy by

up to 51% for the German dataset. These outcomes substantiate that, even with

the integration of word-level data into the rescoring process, fusion continues to

advantage unseen words, given that the biasing occurs at the subword level.
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Table 4.4.: Results of SF (bias score �xed to 2:0) experiments on 4 languages (En-
glish, German, French, Spanish) of CommonVoice reported in terms of
WER, recognition accuracy of NEs (NE-A) and OOV (OOV-A) words.
Recent Whisper performance is given as a reference (Radford et al.,
2023). Best performance appears in bold font.yThe result is statis-
tically signi�cant with p < 0:07.

Decoding type Context source WER (#) NE-A (") OOV-A (")

CommonVoice-English

Whisper-S (244M)/Whisper-M (769M) 14.5/11.2 - -

BeamS n/a 13.5 45.2 6.5

SF
NNLM 13.3 46.7 6.0

BPE-5gram-LM 13.3 45.4 6.6

SF +
AhoC

WL-3gram-LM 13.3 46.9 5.9

Keyword boosting (KB) 13.7 69.3y 36.0

WL-3gram-LM + KB 13.2 y 59.3y 24.1

CommonVoice-German

Whisper-S (244M)/Whisper-M (769M) 13.0/8.5 - -

BeamS n/a 7.7 55.5 19.4

SF
NNLM 7.6 55.5 18.8

BPE-5gram-LM 7.6 55.8 20.4

SF +
AhoC

WL-3gram-LM 7.6 57.0 19.7

Keyword boosting (KB) 7.7 79.0y 53.4

WL-3gram-LM + KB 7.4 y 70.8y 39.7

CommonVoice-French

Whisper-S (244M)/Whisper-M (769M) 22.7/16.0 - -

BeamS n/a 10.0 35.6 12.4

SF
NNLM 9.8 36.1 11.5

BPE-5gram-LM 9.8 35.8 12.9

SF +
AhoC

WL-3gram-LM 9.8 37.3 13.2

Keyword boosting (KB) 9.9 69.8y 53.9

WL-3gram-LM + KB 9.8 y 53.6y 33.0

CommonVoice-Spanish

Whisper-S (244M)/Whisper-M (769M) 10.3/6.9 - -

BeamS n/a 7.8 67.7 20.0

SF
NNLM 7.7 67.6 21.4

BPE-5gram-LM 7.6 66.9 23.1

SF +
AhoC

WL-n3ram-LM 7.6 66.9 18.8

Keyword boosting (KB) 7.8 86.8y 58.3

WL-3gram-LM + KB 7.6 y 80.2y 35.7

RTFX. The RTFX results in Tab. 4.6 show that decoding with WL-3gram-LM +
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Table 4.5.: Results of SF experiments on ATCO2-test-set-1h and ATCO2-test-set-4h
datasets reported in terms of WER (general WER, biased words WER
(NE-WER), unbiased words WER (U-WER)), and NE recognition ac-
curacy (NE-A). Best performance appears in bold font.

Decoding type Context source WER (#) NE-WER (#) U-WER (#) NE-A (")

ATCO2-test-set-1h
Beam n/a 15.7 14.0 15.9 59.2

SF BPE-5gram-LM 15.7 14.3 15.7 59.4

SF +
AhoC

WL-3gram-LM 15.5 13.6 15.6 60.4
Keyword boosting (KB) 15.1 9.1 16.4 73.7
WL-3gram-LM + KB 14.9 11.1 15.6 66.7

ATCO2-test-set-4h
Beam n/a 23.6 21.8 22.7 46.7

SF BPE-5gram-LM 23.4 22.0 22.5 46.7

SF +
AhoC

WL-3gram-LM 23.9 21.6 22.8 47.5
Keyword boosting (KB) 24.4 17.9 24.5 58.9
WL-3gram-LM + KB 24.3 19.9 23.6 52.8

KB is only a bit slower compared to the BeamS approach alone, and thus it can be

used on-the-�y: RTFX of the WL-3gram-LM + KB method is 6.0% lower than the

baseline (BeamS) and there is no degradation w.r.t keyword biasing (KB). Finally,

while the WER performance of BPE-5gram-LM and WL-3gram-LM is generally

comparable across datasets, a key distinction lies in their computational overhead.

WL-3gram-LM is 31% faster than BPE-5gram-LM, with an RTFX of 77.8 compared

to 111.1, o�ering a signi�cant advantage for production-level ASR solutions.

Table 4.6.: Ablation of decoding speed on the De�nedAI test set.

Decoding type Context source RTFX(")

BeamS n/a 120.7
SF BPE-5gram-LM 77.8

SF +
AhoC

WL-3gram-LM 111.1
Keyword boosting (KB) 113.5
WL-3gram-LM + KB 117.3

4.3.3. Summary

In this section, we presented an e�cient approach for integrating word-level context

with a Transformer-Transducer ASR model using SF and an Aho-Corasick-based

trie. Fusing word-level context, biasing does not happen at each decoding step but

only when hypotheses match the target word entities. This approach enables more

precise and e�cient boosting. While it performs well for keyword biasing, trie-
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based SF also proves to be applicable for integrating word-level n-gram LMs that

are small in size and need only a little training data compared to the NNLMs. This

method enables faster decoding than standard SF with NN-LM while maintaining

competitive WER and real-time factor (RTF) e�ciency. Additionally, we show that

combining n-gram LMs with keyword biasing in a uni�ed context graph improves,

along with the NE accuracy, the WER for unbiased entities, including for OOV

words. Experiments across four languages and four datasets con�rm the e�ectiveness

of our approach in both in-domain and out-of-domain scenarios. Finally, the results

on CommonVoice demonstrate that SF proves to be useful not only when a list of

target ground truth entities is available (often mixed with distractors) but also when

the biasing entities are generated fully automatically.

Despite the improvement, SF methods are limited by the hypotheses produced by

a default model before any biasing or contextualisation is applied. In the following

section, we present experiments with the method aiming to overcome this limitation.

4.4. Chapter summary

In this chapter, we presented two methods for integrating textual context into End-

to-End models: (1) rescoring and (2) shallow fusion. The latter includes four vari-

ations: (2.1) SF of subword-level ELMs, (2.2) SF of keywords and context entities,

(2.3) SF of a WL-3gram-LM as a context trie, and (2.4) a uni�ed approach com-

bining the WL-3gram-LM and keyword biasing in a single trie. All methods aim to

enhance ASR performance with external text information: either the overall WER

with an ELM or recognition of target NEs with a biasing list. The methods do not

require any speci�c contextual module added to the ASR architecture and operate

�exibly during decoding. Although convenient in use, rescoring is strictly limited

by the model's initial hypotheses (e.g., the N-best list). Consequently, while bi-

asing can signi�cantly improve NE-speci�c metrics, these methods often result in

only marginal improvements in overall WER if the correct candidates are not suf-

�ciently ranked during the �rst pass. Injecting contextual information directly into

the encoder (e.g., via deep biasing) could more e�ectively in�uence the model's ini-

tial predictions. When the base hypotheses are already aligned with the relevant

context, SF can achieve substantially higher performance.
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5. Domain adaptation of End-to-End

ASR

The objective of text-based adaptation is to enable the deployment of an ASR

model in a target domain whose data distribution diverges from the training domain.

Given that only textual samples from the target domain are available, we make the

assumption that the di�erence exists solely in the marginal distribution over text,

while the conditional distribution of speech given text remains unchanged.

In the previous Chapter 4, we saw that contextual text information can be (1) a

list of biasing entities to improve the performance of keywords and key entities, and

(2) a text corpus used to improve the internal LM (ILM) or for domain adaptation.

Both types of textual data can be integrated during decoding and without modifying

the base model, i.e. either rescoring (Sec. 4.1.3), or shallow fusion (SF) (Sec. 4.1.3).

However, introducing an external LM (ELM) with rescoring or SF considerably slows

down the inference time while bringing only marginal improvement. Moreover, ELM

integration during decoding violates the main End-to-End principle of being a uni�ed

model. In this Chapter, we address other methods for leveraging text corpora data

for End-to-End ASR adaptation.

The Chapter presents exploratory results that have not been published. We discuss

language modelling in End-to-End ASR and examine why it presents unique chal-

lenges rather than being a straightforward task. We explore two approaches for the

domain adaptation of the Transducer ASR model with text-only data: (1) predictor

adaptation with a separate LM-layer and (2) model �ne-tuning with the text and

quasi-audio features generated from text.

5.1. Language model adaptation in End-to-End ASR

The success of an ASR model depends on how well the model can perform on unseen

data. To improve it, one needs either to increase the generalisation ability of a model

or use �exible model adaptation to the new data. Although End-to-End models are
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strong in generalisation, they are often limited by the amount of paired data needed

for End-to-End training.

LM adaptation in traditional vs. End-to-End ASR systems. A traditional

hybrid ASR model has a cascaded structure and the acoustic model, which is respon-

sible for learning a correspondence between sound and lexicon is trained separately

from the language model, which de�nes the best possible sequences of words for the

acoustic model outputs (see Sec. 2.1.1). As these two models are trained indepen-

dently from each other, a lot of unlabeled text data can be leveraged for training

LM.

An End-to-End ASR model is trained as a uni�ed block, and it is common to

compare the function of an encoder to an acoustic model and the function of a

decoder in AED or a predictor in Transducer models to a language model. Yet, it

is an approximation and decoder and predictor di�er from a stand-alone LM (see

more on ILM in Sec. 2.2.2). For example, in Transducer models, while the prediction

network may resemble an LM � given that it receives the previously predicted token

as input � it does not function as a true LM. The main di�erence compared to an

LM is that the predictor's output must be non-linearly combined with the acoustic

encoder's output to produce posteriors over the vocabulary, which also includes

an additional blank token. Thus, adapting the prediction network with text-only

data is not trivial. Similar to general LM adaptation, dynamic contextualisation

also requires incorporating knowledge from external text sources. In both scenarios,

End-to-End ASR models o�er less �exibility in language modelling compared to

hybrid ASR systems.

Moreover, to train an End-to-End architecture, only paired speech-text data can be

used, and the amount of available training data for language modelling is limited to

the labelled data only, instead of large-scale text corpora. When no audio data is

available for the target domain, it is always easier to �nd more text data instead,

as annotated audio-text data is expensive and time-consuming to obtain. Thus,

domain adaptation with only text data is an attractive way to go.

In order to improve LM performance without using more parallel data, one �rst

needs to understand how to transfer knowledge from the text data into End-to-End

ASR.

Text pre-training. One way to leverage more text data is to pre-train the de-

coder. In the past few years, a few studies on ASR pre-training with unpaired data

were published (Wang et al., 2020; Gao et al., 2021; Ao et al., 2022b; Arunkumar

and Umesh, 2022; Gong et al., 2022). Gao et al. (2021) pre-train the transformer
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decoder with the unpaired text data as a conditional LM with empty or arti�cial

states to replace the real encoder hidden states. Pre-trained as a conditional LM,

the decoder learns to generate grammatical text sequences before learning how to

generate correct transcriptions. A similar study is done by Wang et al. (2020), where

the authors use LAS (Chan et al., 2015) as the base model, additionally training

the decoder on text data. While training the model's decoder on audio-text labelled

data, the decoder is further trained on the text-only data. In the case of text-only

examples, the encoder-generated context vectors are replaced with specialised vec-

tors that explicitly indicate the absence of acoustic input. This guides the decoder

layers to rely exclusively on internal model representations rather than audio-based

contextual information. The context vector can be of two types: (1) constant, where

all the values are set to zeros, or (2) learnable, which is shared for di�erent frames,

and its weights are learned using the ASR objective function. In contrast to other

methods, which use text-only data to improve ASR performance, these methods are

one-pass recognition models and do not introduce extra components like text-to-

speech (TTS) or text-to-encoder (TTE).

An extension of the pre-trained decoder method is a joint pre-training of the encoder

and decoder parts. For ASR, the joint encoder-decoder self-supervised pre-training

has been recently proposed by Arunkumar and Umesh (2022). The idea is to use the

SSL pre-training (i.e. HuBERT) combined and jointly pre-trained with the decoder.

Widely used at the moment, SSL models provide powerful short-time representations

of the speech signal, and the decoder on top of an SSL model helps it to learn an

acoustic unit-based language model. The decoder, known for its ability to generate

sequences, attends to the SSL encoder outputs through source attention like in any

other Transformer encoder-decoder model. Targets for the decoder are attained

from the discovered target cluster IDs of all the encoder input frames, both masked

and unmasked (HuBERT architecture).

Bai et al. (2021) propose to integrate the knowledge from an ELM into the AED

through teacher-student learning. The LM, as a `teacher' model, provides a prob-

ability distribution corresponding to each token in the transcription (`soft labels').

Then, the Kullback-Leibler divergence (KLD) between the decoder of the AED

model and the LM is minimised to train the `student' AED model.

While pre-training allows the model to bene�t from additional data and enhances its

overall performance, determining how to e�ectively adapt and �netune an already

trained model remains a challenge.

Internal Language Model (ILM) adaptation. In Sec. 2.2.2, we have de�ned

an ILM that is trained together with the whole End-to-End ASR model. Meng
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et al. (2021a) proposed to directly adapt an ILM with text-only data. To allow the

acoustically-conditioned LM of an End-to-End model to behave like a standalone

ILM, Meng et al. (2021b) propose the internal language model training (ILMT).

Through ILMT, the standard End-to-End loss and an ILM loss are jointly minimised.

The standard End-to-End loss is the summation of the negative log posteriors of the

reference token sequences over the training corpus and is formulated in Eq. 2.5. The

ILM loss of an End-to-End model is the summation of negative log probabilities of

the ILM over training transcription corpus and is conditioned only on the parameters

of the decoding part (�dec).41

During the training with the ILMT loss, the internal End-to-End LM is learned to

behave like a standalone LM while maintaining its capability to collaborate with the

encoder to compute the correct End-to-End model probabilities. The performance

can be further improved with the internal language model adaptation (ILMA) pro-

posed by Meng et al. (2021a). ILMA enables localised adaptation by applying a text

corpus solely to the ILM, while keeping the End-to-End ASR component intact. Al-

though this method works to some extent, the ILM is only an approximation of a

stand-alone ELM, and the ILM loss is still conditioned on the decoder part of the

model.

Factorised language modelling. As one of the main di�erences between a stand-

alone LM and a Transducer ILM is the necessity to model a blank symbol by the

predictor, the factorised neural transducer (FNT) architecture solves it by factorising

the blank symbol and vocabulary prediction (Variani et al., 2020; Chen et al., 2022;

Zhao et al., 2023). During training, two predictors are trained � blank-predictor

and vocabulary-predictor � where the vocabulary-predictor is explicitly optimised

towards a standard neural LM loss. As a result, the vocabulary-predictor can be

further adapted with a text corpus in the same way as a stand-alone LM. A model

with a factorised predictor, when adapted to in-domain data, generally achieves

better performance on in-domain test sets compared to a non-factorised transducer

model. However, enabling such adaptation requires the model to be trained in a

speci�c manner from the outset, which may negatively a�ect its performance on

general-domain data.

Another solution is proposed by Pylkkönen et al. (2021), where a separate neural

network LM (NN-LM) layer is attached to the prediction network within a trans-

ducer architecture. The NN-LM layer is speci�cally designed to process text-only

41 Here, the formula of the ILM loss is kept in a general form and �dec is used to de�ne either the
parameters of the decoder ((�pred ) for AED model or the parameters of the prediction and joint
networks (� pred , � joint ) for RNN-T depending on the model.

93



Chapter 5. Domain adaptation of End-to-End ASR

inputs and is trained �on top� of the predictor with the standard autoregressive LM

loss, i.e. cross-entropy loss. When NN-LM is trained, the remainder of transducer

parts, including the predictor, are frozen. During the adaptation with text, only

the prediction network is updated through the NN-LM layer and LM loss, when the

NN-LM itself is frozen. This approach can be a quick solution for domain adapta-

tion without re-training the main ASR model and when neither annotated data nor

a text-to-speech (TTS) system is available.

5.1.1. Experiments

As the predictor is an approximation of an LM, the goal of the �rst experiment is

to see how much improvement in the in-domain test set can be achieved when only

the predictor network is updated during text �ne-tuning. The advantage of such an

approach is that the rest of the model stays unchanged and only the predictor is

trained.

The experiments described in this Section are based on the method proposed by

Pylkkönen et al. (2021) and introduced above. For the experiments, we use the

GigaSpeech-S subset of 250 hours as the training data, the Earnings21 (39 hours)

as a test set, and the Earnings22 (119 hours) text data as an adaptation set. With

the Icefall framework 4.2.1, we trained two Conformer-Transducer models.

Model 1. The �rst model is a Conformer-Transducer model with a stateless predic-

tor. The stateless predictor has no recurrent connections and, by default in Icefall,

processes only 2 BPE tokens before. The stateless predictor is the default predictor

used in the transducer models in Icefall.

Model 2. The second model is the same Conformer-Transducer model but with an

LSTM predictor. The LSTM predictor has one recurrent LSTM layer that, due to

the recurrent connections, allows better language modelling.

Both models are �rst trained with GigaSpeech-S training set for 15 epochs. Then, all

parts of the model are frozen and a single linear layer is trained on top of the predictor

with cross-entropy loss and only with the transcriptions from GigaSpeech-S. When

NN-LM layer is trained, the predictor of the model is adapted with Earnings22 text

data, while other parts of the model and the NN-LM layer stay frozen.

94



Chapter 5. Domain adaptation of End-to-End ASR

Table 5.1.: Results with Conformer-Transducer model with stateless and LSTM pre-
dictor and with NN-LM layer adaptation.

Model Adapted
Giga-Test Earnings21

WER WER NE-WER

Transducer-stateless no 16.5 26.9 77.7
Transducer-LSTM no 21.2 35.4 82.6
Transducer-LSTM yes 21.3 33.8 79.9

5.1.2. Results

In the experiments done with the stateless predictor and Pruned-Stateless Trans-

ducer, we saw no e�ect of adaptation. It can be explained by the nature of the

stateless predictor that can see only 2 symbols and cannot learn much from the

adaptation.

Based on these observations and following (Pylkkönen et al., 2021), we replaced

the stateless predictor with the LSTM predictor. LSTM predictor can learn longer

text contents and can be adapted. With the LSTM predictor, we can see only little

e�ect of adaptation with the LM-layer: WER on the in-domain test set improves

from 35.4% to 33.8% which is the relative improvement of only 4.5%.

At the same time, the overall WER goes up after replacing the stateless predictor

with the LSTM one. The reason the LSTM predictor might not work well in this

particular Transducer architecture could be that it doesn't give good enough gradi-

ents to train the encoder. Thus, the results show that updating only the predictor

weights and keeping the rest of the model unchanged is not enough to make the

model perform well on the new domain.

5.1.3. Summary

Several strategies for incorporating text-only data into End-to-End systems are

examined. These include decoder pre-training on unpaired text, teacher-student

learning from external LMs, internal LM training and adaptation to strengthen the

model's linguistic knowledge, and factorised architectures, which decouple blank

and vocabulary prediction to enable standard LM-style adaptation. Additionally,

methods like adding a NN-LM layer on top of the predictor � trained only on text

data�are evaluated as lightweight adaptation techniques that avoid retraining the

full model.
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