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Abstract

In the neural network era, sequence modeling frameworks for speech-to-text processing conven-
tionally operate by directly mapping a spoken input to a single textual output sequence. On the
canonical task of transcribing monolingual speech, these types of systems have already achieved
human-like accuracy on highly resourced languages. However, this single-sequence paradigm is
fundamentally limited when it comes to more multilingual speech processing tasks that necessitate
modeling multiple textual sequences from a single spoken input.

This thesis explores two sub-types of multi-sequence modeling: (1) parallel, where multiple
plausible textual sequences are considered jointly and (2) sequential, where multiple textual se-
quences are produced in a conditional chain.

Parallel multi-sequence modeling is required for a class of problems where speech-to-text map-
pings are dependent on a classification task. We start from multilingual speech recognition in the
wild, where spoken language identity is unknown and to be predicted by the system. We then
move to address the scenario that spoken language identity is variable within an utterance, as in
code-switched speech produced by bilingual speakers.

Sequential multi-sequence modeling is required for a class of problems where the overall task
consists of multiple sub-tasks, such as speech translation which consists of speech recognition
and machine translation. We start from the offline speech translation setting, where systems pro-
cess pre-recorded speech. We then move to address the streaming setting, where transcript and
translation texts are output with low latency while speech is still being continuously produced.

The techniques developed in this thesis are first validated by building dedicated systems for
particular use cases, including nuanced areas of human language such as bilingualism and dialectal
diglossia. We then propose to apply these techniques to adapt existing large-scale foundation
models for more effective processing of massively multilingual speech.
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Chapter 1

Introduction

1.1 Background and Motivation

The Big Picture

Speech processing applications are evolving, becoming increasingly multilingual year over year.
On one axis, systems are becoming wider in their language coverage, progressing from a handful
of languages to hundreds and thousands of languages (Radford et al., 2023; Pratap et al., 2024; Li
et al., 2022b). This is often achieved within a single system, commonly referred to as foundation
models (Bommasani et al., 2021), which are general purpose models trained on large quantities of
diverse data across many languages. These systems are also becoming wider in the sense that they
are performing multiple tasks; rather than just performing transcription in the source language,
there is a progression towards performing transcription as well as translation (Radford et al., 2023;
Rubenstein et al., 2023; Seamless Communication, 2023).

On the second axis, systems are also becoming deeper in their language coverage. Rather
than only broadly covering the standard forms of languages, dedicated systems are supporting
increasingly speci c linguistic communities. For instance, there are efforts towards increasing the
coverage of the nuances of human language, such as regional dialects (Agarwal et al., 2023) and
code-switching between languages (Shi et al., 2020; Diwan et al., 2021a).

This thesis explores the underlying sequence modeling frameworks for multilingual speech
processing tasks. The canonical monolingual sequence modeling approach in the neural network
era is a single sequence prediction paradigm: a single sequence input (speech) yields a single se-
guence output (text). The popular neural network frameworks, such as the Attentional Encoder
Decoder (AED) (Chan et al., 2016), Connectionist Temporal Classi cation (CTC) (Graves et al.,
2006), and Transducer (Graves, 2012a) all generally operate in this manner. However, as applica-
tions become increasingly multilingual systems also have taken on additional requirements which



necessitate modi cations to this single sequence prediction status quo.
We focus on two particular items: 1) systems now need to determine what language is being
spoken and 2) systems now have to perform both transcription and translation.

Motivation: Beyond Single-Sequence Modeling

Modern speech recognition systems are built around a single-sequence paradigm: a speech signal is
mapped directly to a single textual output. This formulation underlies widely used approaches such
as CTC, encoder-decoder, and transducer models, and has been highly effective in monolingual
settings. In multilingual speech, however, this formulation becomes limiting. The language of the
input is not known a priori and must be inferred from the signal itself. At the same time, speech
recognition is inherently streaming and causal: the model processes audio incrementally and must
make predictions before the full utterance is observed.

This leads to a mismatch: the model must make decisions about language and interpretation
from partial input, even when the evidence is not yet suf cient. Therefore, we consider:

» Language identi cation and recognition are entangled (massively multilingual speech).
In large-scale multilingual settings (e.g., 100+ languages), the language of the input is not
known and must be inferred jointly with recognition. Standard approaches rely on a sin-
gle predicted language, but errors in this prediction directly affect the decoded text. In our
massively multilingual experiments, we observe that this early commitment limits the ef-
fectiveness of language-conditioned models. This motivates maintaining multiple language-
conditioned hypotheses in parallel, rather than committing to a single language upfront (Part

).

» Language varies over time (code-switching). In code-switched speech, the language is not
xed but changes within an utterance. This occurs both in intra-sentential switching (within
a sentence) and inter-sentential switching (across utterances). While inter-sentential switch-
ing can often be handled by segmenting and applying standard multilingual LID + ASR
pipelines, intra-sentential switching requires ne-grained, time-resolved language inference.
Our work on CS-FLEURS, CS-YODAS, and models such as LaDiCoW explicitly addresses
this setting by modeling language as a time-varying signal and composing outputs across
languages (Part I1).

» Multiple output sequences (transcription and translation). In many applications, the
goal is not only to transcribe speech but also to translate it. This is particularly important
in dialectal settings, where the spoken form may not have a standardized or well-resourced
written form. In such cases, the transcription alone may be noisy or ambiguous, and the
translation provides an additional signal for interpretation. This results in two correlated
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output sequences, a transcription and a translation, that must be generated and reconciled
jointly. Our work on multilingual and dialectal speech translation highlights this setting,
where a single-sequence formulation is insuf cient to capture the relationship between these
outputs (Part III).

» Simultaneous and streaming systems (online inference). In streaming ASR and speech-
to-speech translation, systems must produce outputs incrementally as audio is observed. This
requires making decisions under latency constraints, often before suf cient context is avail-
able. In practice, this leads to pipelines that generate intermediate sequences (e.g., partial
transcripts, intermediate translations) that are re ned over time. These systems naturally op-
erate over multiple evolving sequences, rather than a single xed output, further motivating
a multi-sequence formulation (Part IV).

These settings share a common structure: the system must reason over multiple plausible interpre-
tations of the inpu, across languages, across time, and across tasks, rather than commit to a single
sequence early in the inference process. The single-sequence paradigm forces these decisions to be
made implicitly and prematurely, which limits performance in multilingual and streaming settings.

This thesis adopts a different perspective. Instead of collapsing uncertainty into a single output,
we explicitly model and maintain multiple sequences during inference. Each sequence corresponds
to a different language-conditioned or task-conditioned interpretation, and the model defers com-
mitment until suf cient evidence is available.

Under this view, multilingual speech processing is more naturally framed as a multi-sequence
problem, where the goal is not to predict a single sequence, but to generate, align, and reconcile
multiple candidate sequences over time. The following sections formalize this perspective and
develop methods that operationalize it across the settings described above.

The Canonical Approach

To accommodate these additional requirements, practitioners have initially opted for minor modi-

cations to the canonical monolingual approach. For instance, the Whisper model (Radford et al.,
2023), is an attentional encoder decoder with the following two changes. In gure 1.1, we illustrate
the computational form of these approaches.

First, in order to determine what language is being spoken, the model rst makes a classi cation
decision and then uses that language as a mode for outputting text - this is still a single sequence
prediction. Then to perform both transcription and translation in the same model, a task mode was
introduced. This is a toggle between either outputting transcription text or translation text - again,
still a single sequence prediction.
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Figure 1.1: Single Sequence Modeling

Re-formulation: Single to Multiple Sequence Prediction

To demonstrate the need for multi-sequence prediction, we start by revisiting the probabilistic
formulation of sequence prediction. We'll then address how the formulation changes to accommo-
date the two aforementioned multilingual system requirements of 1) determining what language is
being spoken and 2) performing both transcription and translation.

Single Sequence Prediction

The canonical monolingual speech recognition task is to nd Y which maximizes the conditional
likelihood of Y given X, where Y = (y 2 Vjm = 1;::;;M) is a M-length text sequence
consisting of tokens from a vocabulary V, and X = (& RPjt = 1;:::;T) is a T-length speech
sequence of D-dimensional space:

p(Y jX); (1.1)

which is a single sequence prediction framework - multilingual speech processing requires more.
Find Y which maximizes p(Y jX), or
Find Y° which maximizes p(¥X)

Multiple Sequence Prediction

Now to additionally 1) determine what language is being spoken, the formulation changes to con-
sider maximizing the joint likelihood between the language identity, |, and the text in that language,
Y . This joint likelihood can be broken down by product rule:

p(l; Y X)) = p(iX)p(Y jl; X); 1.2)

making it possible to model this task by rst choosing the language | and then predicting text in
that language Y . Notice here that this chained computation is dependent on an initial classi cation
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problem, spoken language identi cation, represented by p(l; X). Given that the set of known
languages is bounded, it is possible to parallelize the modeling of the dependent task, transcription,
represented by p(Y jl; X), by predicting text across multiple language modes at the same time.

In the other case, to additionally 2) perform both transcription and translation, the formulation
rst changes similarly to consider a joint likelihood; this time between the transcription text, Y,
and the translation text, % But there is a critical difference. This time the additional task is not a
classi cation, but rather another sequence prediction:

p(Y; YIX) = p(Y iX)p(Y 9X;Y); (1.3)

meaning we must rst model the prediction of transcription text, Y , before we are able to start pre-
dicting translation text, - this chained computation is dependent on an initial sequence problem,
source language transcription, represented by p(Y jX). The search space of all possible transcrip-
tion sequences, Y, unlike that of all possible languages, |, is unbounded and not known in advance
of receiving the speech information, X. It is therefore not possible to parallelize the dependent
task, translation, represented by §¢¥: Y ),

Figure 1.2: Parallel versus Sequential Multi-Sequence Modeling

In gure 1.2, we illustrate the computational forms of these two additional tasks of 1) deter-
mining what language is being spoken and 2) performing both transcription and translation. The
former is a parallel process while the latter is a sequential process.

Key Idea

We described the probabilistic and computational forms of two additional tasks presented by mul-
tilingual speech processing: 1) determining what language is being spoken and 2) performing both
transcription and translation - both are multi-sequence problems by nature.

Modeling either of these multilingual tasks with a direct single sequence prediction approach
therefore has several risks, as follows:
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 Classi cation Error Propagation - if a system incorrectly identi es the spoken language,
then it is very likely to produce an incorrect transcription. This can be especially severe in
cases where two phonetically related yet lexically distinct languages are confused.

» Task Under-speci cation - speci cally in regards to the translation scenario, systems that do
not perform an intermediate transcription step do not have any way to improve the ultimate
translation by improving source language transcription, which is often a very useful lever.

» Data Inef ciency - training systems with overly monolithic architectures forces languages
or tasks to compete for the same model capacity, which is a particularly limiting when build-
ing dedicated models for applications supported by limited amounts of supervised data.

Therefore, it warrants empirically assessing the severity of these issues across various system use
cases - is the approximation, which saves computational cost, worth the loss in modeling accuracy?
And how can we alternatively construct multi-sequence prediction models?

This thesis focuses on this line of questioning along two axes of multilinguality: a) dedicated
use cases targeting local coverage of nuanced elements of human language, such as bilingual code-
switching and dialectal diglossia, and b) foundation use cases targeting global coverage of many
languages overall. The hope is that this research can lead to deeper and broader multilingual speech
processing.

1.2 Taxonomy

This thesis is divided rst into the parallel and sequential multi-sequence modeling types. Then
within each type, we break applications down into two further settings - non-temporal and tempo-
ral. This results in four parts, which are as follows:

Figure 1.3: Thesis Taxonomy

» Parallel, Non-Temporal - refers to Multilingual Speech Recognition in the Wild, a setting
that requires determining what language is being spoken at an utterance-level
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» Parallel, Temporal - refers to Code-Switched Speech Recognition, a setting that requires
determining what languages are being spoken and when they are being spoken. This includes
both inter-sentential and intra-sentential code-switching. Inter-sentential code-switching
occurs when language boundaries align with sentence or utterance boundaries (e.g., one
sentence in English followed by another in Spanish), and can often be addressed by existing
multilingual pipelines that combine language identi cation (LID) with monolingual ASR. In
contrast, intra-sentential code-switching occurs within a single utterance, where languages
are interleaved at the phrase or word level.

» Sequential, Non-Temporal - refers to Of ine Speech Translation, a setting that requires per-
forming transcription and translation of pre-recorded audio

» Sequential, Temporal - refers to Streaming Speech Translation, a setting that requires per-
forming transcription and translation for a continuous speech in real-time with low latency

This thesis is organized following the taxonomy summarized in Figure 1.3. We cover dedicated
model building and foundation model adaptation for each of the four aforementioned settings.
Chapter in this thesis proposal document describe both published and proposed work, as well as
reviews of prior work as necessary.

Chapter 2 (Parallel, Non-Temporal) covers Multilingual Speech Recognition in the Wild. We
start by reviewing the rst joint language identi cation and speech recognition study in the end-to-
end neural network era, where a single sequence modeling paradigm was suf cient for 10 language
speech recognition. We then shift to modern 100 language speech recognition foundation models,
where transcription performance on tail languages is severely bottle-necked by error propagation
from language misidenti cation. We propose to alleviate this issue via an inference-time adapta-
tion, referred to as Multilingual N-best Re-ranking.

Chapters 3 through 7 (Parallel, Temporal) cover Code-Switched Speech Recognition. We start
by evaluating architectures for building dedicated bilingual speech recognition models, such as
for Singaporean Mandarin-English speakers. We then propose a different approach referred to
as Align-then-Stitch. We then shift to evaluating foundation models on massively multilingual
and code-switched speech, starting by constructing two new datasets, referred to as CS-FLEURS,
which aims to understand whether speech systems trained on 100 languages can also process
code-switched speech at that multilingual scale, and CS-YODAS, which aims to understand how
code-switching appears in-the-wild in web-scale data. Finally, we scale the Align-then-Stitch ap-
proach towards supporting code-switching between 100 languages in the work referred to as the
CS-Anything project.

Chapters 6 and 7 (Sequential, Non-Temporal) cover Of ine Speech Translation. We start by
evaluating architectures for building dedicated speech translation models, such as for translating
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English speech into many languages and for Tunisian Arabic, a lower-resourced dialect. We then
propose a different approach referred to as Multi-Decoder, an end-to-end differentiable cascade of
speech recognition and machine translation sub-models.

Chapters 8 through 10 (Sequential, Temporal) cover Streaming Speech Translation. We start
by evaluating architectures under the additional constraint of low-latency real-time prediction. We
then propose several improvements, referred to as Hierarchical CTC and Post-edit Operations.
We then shift to evaluating speech-enabled large language models, which are capable of chain-of-
through prediction, under this same temporal constraint.

16
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Parallel, Non-Temporal Multi-Sequence
Modeling
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Chapter 2

Multilingual Speech Recognition in the Wild

Summary

This chapter delves into parallel, non-temporal multi-sequence modeling, which is required for
Multilingual Speech Recognition in the Wild.

Multilingual Automatic Speech Recognition (ASR) models are typically evaluated in a setting
where the ground-truth language of the speech utterance is known, however, this is often not the
case for most practical settings. Automatic Spoken Language Identi cation (SLID) models are
not perfect and misclassi cations have a substantial impact on the nal ASR accuracy. In this
chapter, we present a simple and effective N-best re-ranking approach which adapts models during
inference-time for parallel multi-sequence prediction - this allows us to improve multilingual ASR
accuracy for several prominent acoustic models by employing external features such as language
models and text-based language identi cation models. Our results on FLEURS using the MMS
and Whisper models show spoken language identi cation accuracy improvements of 8.7% and
6.1%, respectively and word error rates which are 3.3% and 2.0% lower on these benchmarks.

2.1 Introduction

Recent work in multilingual automatic speech recognition (ASR) has drastically increased lan-
guage coverage to support hundreds and even thousands of languages. This includes approaches
based on labeled training data such as Whisper (Radford et al., 2023), USM (Zhang et al., 2023),
Seamless (Communication et al., 2023) and MMS (Pratap et al., 2024) as well as zero-shot work (Li

et al., 2022b; Zhao et al., 2024). The typical evaluation setting of these models assumes that the
ground-truth language is known in advance to the model and we refer to this as the lab evaluation

https://github.com/facebookresearch/fairseg/tree/main/examples/mms/lid_rerank
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SLID AccURAcCY ("%) ASR WORD ERROR-RATE (#%)
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Figure 2.1: Multilingual ASR evaluation often assumes perfect spoken language identi cation
(Lab) leading to much lower word error rates compared to real world spoken language identi ca-
tion (Wild - Baseline). Our method alleviates this lab-to-wild degradation (Wild - Our Method).

setting. However, in most practical settings, the language is not known and needs to be predicted
using spoken language identi cation (SLID) - a setting we refer to as the wild.

SLID models (Radford et al., 2023; Pratap et al., 2024) perform well on high-resource lan-
guages such as English but less so on low-resource languages, e.g., for Whisper, there are 13 out of
100 supported languages which have a SLID accuracy of below 50% on FLEURS (Conneau et al., 2023).
The errors of SLID bias dowstream ASR models towards the incorrect language and may result
in unusable outputs. This typically results in a higher average word error rate for ASR but it is
important to note that this increase is driven by high error rates on a subset of samples for which
the output will be essentially unusable. Figure 2.1 illustrates the impact of imperfect SLID on ASR
performance and how our method can recover much of that lost performance.

In this chapter, we propose a simple and effective N-best re-ranking approach to alleviate the
error propagation from SLID to ASR (82.2). The key idea is to defer the nal SLID decision
until after ASR has been performed for the top N SLID predictions. This enables the use of
features operating over the resulting transcriptions to better determine the correct language. The
set of features includes language models, written language identi cation models, as well as simple
acoustic models to choose the nal output (Figure 2.2 illustrates our method).

The results show that this method can substantially improve accuracy on both FLEURS (Con-
neau et al., 2023) and ML-SUPERB (Shi et al., 2023) for MMS and Whisper, as well as Seamless.
Moreover, the method often approaches the ASR performance which could have been achieved
with the correct SLID prediction. A downside of the method is the higher computational require-
ments, however, we nd that even for small N-best list sizes of N = 2, the majority of the accuracy
improvements can be realized.
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Figure 2.2: Illustration of our multilingual N-best re-ranking approach.

2.2 Proposed Method

We adapt the well-known N-best re-ranking framework typically used in monolingual ASR to
multilingual ASR (82.2). We then describe the set of quality estimation systems used to score and
re-rank the multilingual N-best list (§2.2).

Multilingual ASR N-best Lists

N-best list re-ranking for a single language operates by using the ASR model to generate N-
best candidate transcriptions and ranking them by their likelihood, for instance via beam search
or sampling (Och, 2003; Chan et al., 2016; Salazar et al., 2020; Li et al., 2022a; Prabhavalkar
et al., 2024). Finally, the candidates are then re-scored according to additional features and a new
candidate is chosen. Crucially, the N candidate transcriptions are all in the same language.

The multilingual N -best re-ranking we consider operates differently: rst, we perform spo-
ken language identi cation to obtain the N highest scoring languages predicted by the SLID model
for a given utterance. Next, we obtain the single highest scoring transcription for each of the N
languages from the multilingual ASR system by conditioning the ASR model on each language.
Finally, we place the resulting transcription for each language in the N-best list for re-ranking.
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Features for Re-ranking

We utilize the following six features for re-ranking, each of which estimates a subset of the
overall joint likelihood of a speech-language-transcript triplet, P (S;L; T):

P(T) : (1) Language Model (LM), (2) Text Length (Leh)

P(L;T) : (3) Written LID Model (WLID)

P(S;L): (4) Spoken LID Model (SLID)

P(S;T): (5) ASR, (6) u-roman ASR (UASR)

where the SLID and ASR systems are the exact same systems which produced the N-best list, i.e.,
we do not use Whisper to re-rank MMS or vice-versa.

These features (aside from SLID) judge the quality of the transcripts T in different ways: the
LM judges uency of T in the respective language, the WLID model operates similarly but is more
focused on individual words. Both can identify ASR outputs consisting of many non-word tokens
such as when SLID is incorrect. u-roman ASR (Zhao et al., 2024) is an acoustic CTC model
trained on romanized text (Hermjakob et al., 2018) which standardizes the text of any language
to the standard Latin alphabet using a set of heuristics. The u-roman acoustic model penalizes
candidates which are not faithful to the audio and we found this to be useful for ASR models
known to hallucinate such as Whisper.

2.3 Experimental Setup

Spoken Lang ID and Automatic Speech Recognition Models

Table 2.1 shows the three multilingual ASR setups we chose for our study which are based on re-
cent prominent open-sourced models. For Whisper (Radford et al., 2023), a single auto-regressive
neural network rst predicts SLID via a language token (e.g. [eng] or [spa]) which conditions the
generation of subsequent ASR tokens. Joint prediction of SLID and ASR is a common approach
in multilingual ASR (Watanabe et al., 2017a; Toshniwal et al., 2018; Hou et al., 2020b; Chen et al.,
2023).

For MMS and Seamless, separate classi cation-based SLID models rst predict SLID. Then
MMS (Pratap et al., 2024) takes the language prediction by selecting language-specic CTC
adapters, while Seamless (Communication et al., 2023) auto-regressively conditions ASR on a
language token similar to Whisper.

2Not an actual likelihood estimator but can be used as a (weak) proxy.
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Table 2.1: We test our method on three separate model setups, each consisting of Spoken Language
Identi cation (SLID) and Automatic Speech Recognition (ASR) components.

NAME |LANGS| SLID COMPONENT ASR COMPONENT
MMS (Pratap et al., 2024) ‘ 1162 ‘ MMS-1B ‘ MMS-1B
Whisper (Radford et al., 2023) | 100 | Whisper v2 (joint SLID+ASR)

Seamless (Communication et al., 2023)96 \ ECAPA-TDNN (Ravanelli et al., 2021F)SeamlessM4T v2 (Communication et al., 2023)

We use greedy decoding for all ASR models. We do not use an external LM to decode the
CTC-based MMS model.

Re-ranking Feature Models

We use 6 auxiliary re-ranking models to produce the 6 features for re-ranking introduced in 82.2:

* P(T): (1) For LM we use MaLA-500 (Lin et al., 2024) which supports 534 languages and
is based on Llama-2 7B. (2) For Len we use character count, including spaces.

 P(L;T): (3) For WLID we use NLLB (Costa-jussa et al., 2022) which can classify text into
200 languages.

* P(S;L): (4) For SLID we use the same model which produced the N-best languages in the
particular setup.

* P(S;T): (5) For ASR we use the same model which produced the N-best list in the particu-
lar setup. (6) Finally, for UASR we use MMS_Zero-Shot (Zhao et al., 2024) which supports
force alignment with romanized text.

All of these models produce log likelihood scores with the exception of Text Length (Len).

Hyper-parameter Tuning

The re-ranking is determined by the combined feature score:

X
score = w;f; (2.1)
i=1

where f is the feature value of one of the F = 6 aforementioned models and ¥he feature
weight coef cient. The weights are tuned via random search over 10k iterations in which each
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coef cient is randomly set within a de ned range. This is achieved by computing the re-ranking
WER on a development set for all 10k coef cient sets and then selecting the one which minimizes
WER. We use the of cial dev sets of FLEURS and ML-SUPERB, tuning separately for each model
and dataset. For LM, ASR, and UASR we use a range of 0 to 10. For SLID and WLID we use a
range of O to 100. For Text Length we use a range of -5 to 5.

Datasets and Evaluation

We evaluate on FLEURS (FL; (Conneau et al., 2023)) and ML-SUPERB (MS; (Shi et al., 2023))
using the languages supported by each model. For instance, MMS is evaluated on FL_102, the
full benchmark of 102 languages, while Whisper is evaluated on FL_61, the supported subset.
Therefore, MMS results are not directly comparable to Whisper. We made this choice to evaluate
our approach for each model as broadly as possible.

We report both SLID and ASR performance, where the former is measured in terms of accuracy
and the latter is measured in terms of word error rate (WER) for all languages except character-
based languages for which character error rate is ti346d.compare our method to the baseline
1-best SLID+ASR performance as well as the topline (oracle) re-ranking performance. The oracle
is based on selecting the candidate with the correct language if it exists in the N-best list. If the
correct language is not in the N-best list, then the candidate with the highest SLID score is selected.

2.4 Results and Analysis

We rst report the accuracy of N-best re-ranking on Whisper, MMS, and Seamless both for SLID
and ASR (82.4), analyze potential regressions (82.4), and improvements on tail langauges (82.4).
Next, we ablate the relative importance of each re-ranking feature (82.4). Finally, we show that
our method is still effective with small values of N (82.4) and outperforms standard monolingual

N -best re-ranking (82.4).

Main Results

Table 2.2 shows that the method increases SLID accuracy on average by 5% absolute on
FLEURS and ML-SUPERB and three model setups. The approach captures about 41% of the
oracle performance.

Table 2.3 shows the corresponding ASR performance. 10-best re-ranking reduces the WER
by nearly 3% absolute, or about 9% relative, and captures about 79% of the oracle which has
access to the real language ID.

SCharacter langs: adx, bod, cmn, dzo, jpn, khg, khm, lao, mya, tha, yue.
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Table 2.2: SLID Accuracy ("%): Re-rank 10-best (our method) vs. baseline (1-best) and oracle
(10-best).

| MMS | WHISPER | SEAMLESS |Avg
[FL_102 MS_143FL_61 MS_76FL_73 MS_8§

Baseline 85.6 80.3 | 839 76.7| 814 69.6 |79.6
Re-rank| 94.3 850 | 90.0 79.5| 83.1 75.8|84.6
Oracle 96.7 93.0 | 986 92.7| 86.8 83.6 |91.9

Table 2.3: ASR Word Error Rate (#%): Re-rank 10-best (our method) vs. baseline (1-best) and
oracle (10-best).

| MMS | WHISPER | SEAMLESS |Avg
System |FL_102 MS_143FL_61 MS_76FL_73 MS_8§

Baseline 26.6 29.7 | 299 338 | 285 32.8|30.2
Re-rank| 23.3 269 | 279 309 | 26.2 289 274
Oracle 23.0 264 | 27,7 30.6| 25.2 26.6 |26.6

Generally, performance is better on FLEURS than ML-SUPERB which we attribute to the
latter being a harder benchmark. The greater improvements in ASR than in SLID are due only
in part to our choice to minimize ASR WER during coef cient tuning. Another factor is that in
some cases a model can produce better outputs (lower WER) for an incorrect language than for the
correct one, but this is rare (more often on languages with high WER in the lab setting).

Drilldown into Main Results

The results so far showed an overall improvement but is there any regression on the samples which
were originally correctly classi ed by SLID?

To better understand this issue, we divide SLID and ASR performance into samples classi ed
correctly and incorrectly by the original SLID. Table 2.4 shows that the correct subset has slight
SLID accuracy regression of 1% and a 0.1% WER degradation for ASR, while the SLID accuracy
of the error subset increased from 0% to nearly 67% with a WER reduction of nearly 29% absolute.
It is important to note that the correct subset is much larger (85.6% vs. 14.4%) and regressions
there have a larger impact. Nonetheless, the regression is still very small and is accompanied by
substantial improvements on the error subset. Moreover, the oracle shows that the error subset is
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Table 2.4: Performance Breakdown into originally correct SLID vs. originally incorrect SLID for
MMS FL_102. There is only a very small regression on the correct subset and large improvements
on the incorret subset.

ORIG. CORRECT SLID ORIG. INCORRECT SLID
(85.6% OF TOTAL) (14.4% OF TOTAL)

System | Acc ("%) WER (#%) |Acc ("%) WER (#%)

Baseling 100.0 20.8 0.0 69.1
Re-rank| 99.0 20.9 66.7 40.4
Oracle 100.0 20.8 76.9 39.3

hard: the oracle accuracy of 39.3% WER is nearly double that of the correct subset (20.8%).

Effect on Tail Languages

The baseline SLID accuracy is not uniform across languages - does the method alleviate the prob-
lems at the tail?

Table 2.5 shows the SLID and ASR performance for the ten FLEURS languages with the
lowest baseline SLID accuracy for MMS as well as the improvements with our method. Our
method increases the average SLID accuracy from 18.1% to 83.1% and decreases average WER
from 67.4% to 39.3%. See for instance the Odia language - SLID accuracy increases by 75%
absolute while WER decreases by 48% absolute.

Feature Ablation

To better understand the relative importance of each of the six features we use for re-ranking, we
conduct the following experiment: starting from an empty set we add the feature which results in
the best performance after tuning coef cients to minimize WER, repeating until all features have
been added. The rankings for MMS FL_102 and Whisper FL_61 are reported in Table 2.6.

The most important feature for both MMS and Whisper is SLID which is in part because it
is the model which originally produces the list of the N-best languages. The remaining feature
rankings show some variation across models which we believe is due to the different nature of
the models and their different error patterns. For instance, the uroman acoustic model (UASR) is
the second most useful feature for Whisper but the least useful for MMS. This is likely because
Whisper tends to generate unrelated transcriptions and UASR is effective in determining this since
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Table 2.5: Tail Performance: Re-ranking impact on the ten lowest performing languages (by SLID
Acc) for MMS FL_102.

| SLID Acc ("%) | ASR WER (#%)

Language \ Baseline Re-ranH{ Baseline Re-rank
Xhosa 0.0 76.1 56.4 36.2
Kabuverdianu 1.2 40.4 52.4 34.4
Irish 5.3 96.0 96.9 62.4
Occitan 13.6 96.2 48.8 34.5
Odia 18.4 93.7 87.1 39.6
Kyrgyz 23.6 93.2 32.8 19.0

Central Kurdish| 28.0 86.1 74.3 44.8
Northern Sotho| 29.6 99.4 75.3 27.3

Igbo 30.3 63.5 72.7 52.0
Umbundu 30.7 86.4 77.3 42.8
Average | 181 83.1 | 67.4 39.3

UASR is a CTC model which is force-aligned with the Whisper transcription. On the other hand,
MMS is already a CTC model and this capability is therefore redundant.

Written LID (WLID) is the second most important feature for MMS because the CTC model is
more likely to output non-words given the incorrect language tag and WLID detects this effectively.
The acoustic model score (ASR) is useful for both models since it is measure of con dence in the
transcriptions. Finally, an external language model is most redundant for Whisper, since it has a
strong built-in language model already.

N -best List Size Ablation

A drawback of the method is an increase in computational cost proportional to the size of the
N-best list. To better understand the impact of N, we measure performance for different values
(where N = 1 corresponds to the baseline).

Figure 2.3 shows that the larger values of N result in better accuracy but the largest marginal
improvement is achieved with just N = 2 which captures 46% and 61% of the SLID and ASR
improvements of N = 10 for MMS and 55% and 75% for Whisper, respectively. This suggests
that a lightweight version of the proposed method may be preferable if computational cost is a
limiting factor.
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Table 2.6: Feature Importance Rankings: MMS FL_102 and Whisper FL_61.

MMS (FL_102) \ WHISPER (FL_61)
Rank Signal WER (#j Rank Signal WER (#)
1 SLID 27.0 1 SLID 29.9
2 +WLID 25.1 2 +UASR 29.2
3 +ASR 24.5 3 +ASR 28.8
4 +LM 24.1 4 +WLID 28.0
5 +Len 23.7 5 +Len 28.0
6 +UASR 23.7 6 +LM 27.9

Table 2.7: Multilingual vs. Monolingual N-best Lists: Whisper FL_61

System | Acc ("%) WER (#%)
Baseline (1-best) 83.9 29.9
Monolingual Re-rank (10-best) 83.9 28.7
Multilingual Re-rank (10-best)  90.0 27.9

Comparison to Standard Monolingual N-best Lists

Finally, we compare multilingual re-ranking to standard monolingual re-ranking which is based on
an N-best list obtained via beam search for the most likely LID prediction of an utterance. For this
comparison, we use the same set of re-ranking features for each type of N-best list.

Table 2.7 shows that monolingual re-ranking outperforms the 1-best baseline but our approach
further improves ASR by 0.8% absolute WER while also improving SLID accuracy by 6.1% ab-
solute. This shows that a large part of the improvement is due to identifying the correct language
and not just due to switching to an n-best re-ranking setup. Moreover, our method may also bene t
from considering multiple ASR candidates per language and future work may investigate this.

2.5 Related Work

The idea of determining language ID after examining ASR outputs is not new. Prior work have
employed this to improve the LAS architecture (Toshniwal et al., 2018; Li et al., 2018). Other
works focused on code-switched ASR in particular have also explored various forms of SLID and
ASR conditioning (Yan et al., 2022b, 2023c; Hussein et al., 2024a). (Metze et al., 2000) uses
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Figure 2.3: Effect of different sized N-best lists for SLID (left) and ASR (right).

ASR con dence to distinguish between only three possible languages, an early precursor to our
work. (Wang et al., 2019) uses a set of features like we do but they propose either lattice regression
or neural network based methods for combining them. Finally, (Chandak et al., 2020) eschews
the use of any features and instead learn latent representations of ASR candidates via a bespoke
architecture.

2.6 Conclusion

This chapter presents a simple N-best re-ranking approach to improve multilingual ASR using
a small set of external features. Empirical results show spoken language identi cation accuracy
improvements with the Whisper and MMS models of 8.7% and 6.1%, respectively and word error
rate reductions of 3.3% and 2.0% on the FLEURS benchmark. Moreover, we show that our method
substantially bene ts many languages which previously had very low SLID and ASR performance.

We've now established the ef cacy of parallel multi-sequence modeling for this utterance-level
(or non-temporal) language identi cation dependent ASR task. Next, let's consider the case that
language identity is variable within an utterance as in code-switched speech.
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Chapter 3

Align-then-Stitch: Joint Code-Switched and
Monolingual Speech Recognition

Summary

This chapter delves into parallel, temporal multi-sequence modeling which is required for code-
switched speech recognition. This chapter introduces the general problem setting: bilingual speech
recognition, where systems must process monolingual speech and intra-sententially code-switched
speech indiscriminately.

Conversational bilingual speech encompasses three types of utterances: two purely monolin-
gual types and one intra-sententially code-switched type. In this chapter, we propose a general
Align-then-Stitch framework to jointly model the likelihoods of the monolingual and code-switch
sub-tasks that comprise bilingual speech recognition. By de ning the monolingual sub-tasks with
label-to-frame synchronization (the Align stage), our joint modeling framework can be condition-
ally factorized such that the nal bilingual output, which may or may not be code-switched, is
obtained given only monolingual information (the Stitch stage). We show that this conditionally
factorized joint framework can be modeled by an end-to-end differentiable neural network. We
demonstrate the ef cacy of our proposed model on bilingual Mandarin-English speech recognition
across both monolingual and code-switched corpora.

3.1 Introduction

Conversational spoken language de es monolithic form, but rather is highly adaptive to situational
cues such as who you are speaking to or what you are speaking about (Auer, 2013; Dragojevic
et al., 2015). For instance, bilingual speakers often code-switch between different languages to
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facilitate communication (Heredia and Altarriba, 2001; Hou et al., 2020a). In fact, the act of
bilingual code-switching itself may convey various aspects about the speaker such as a desire to
spark an interpersonal connection (Ahn et al., 2020), a level of subject-matter expertise (Yoder
et al., 2017), or an af nity to some socio-economic status (Liu, 2019).

In order to broadly cover bilingual speech, recognition systems need to recognize not only
monolingual utterances from two different languages, but also intra-sententially code-switched
(CS) utterances where both languages are present (Heredia and Altarriba, 2001; Hou et al., 2020a).
While recent advancements in the related eld of multilingual speech recognition have signi -
cantly improved the language coverage of a single system by training on mixtures of monolingual
utterances (Adams et al., 2019; Pratap et al., 2020a), these works typically do not account for intra-
sentential CS. Prior works have adapted large-scale multilingual models to more exibly identify
language switch points (Li et al., 2019a; Zhou et al., 2022a), but performance is dependent on the
cross-lingual dynamics of the selected languages (Seki et al., 2018).

Another approach is to directly optimize towards intra-sentential CS for a particular bilingual
pair. A signi cant portion of recent works are ameliorating the linguistic differences between
two unrelated languages by explicitly de ning cross-lingual phone-merging rules (Lyudovyk and
Pylypenko, 2014; Luo et al., 2018; Sivasankaran et al., 2018) or by implicitly learning latent lan-
guage identity representations (Y Imaz et al., 2016; Song et al., 2017; Zeng et al., 2018; Kim and
Seltzer, 2018; Shan et al., 2019b; Zhang et al., 2021b). The other signi cant portion of recent
works are ameliorating the scarcity of paired CS speech data through data ef cient methods that
incorporate monolingual data into both acoustic (Lu et al., 2020; Zhou et al., 2020b; Dalmia et al.,
2021a; Zhang et al., 2021a) and language modeling (Gonen and Goldberg, 2018; Shan et al., 2019a;
Chuang et al., 2020; Dalmia et al., 2021a; Zhang et al., 2021a) as well as through data augmenta-
tion techniques that generate synthetic CS data (Chang et al., 2018; Pratapa et al., 2018; Ma et al.,
2019b; Lee et al., 2019). However, works focusing narrowly on intra-sentential CS often ignore or
sacri ce performance on monolingual scenarios (Shah et al., 2020; Sitaram et al., 2019)

We are interested conversational bilingual speech recognition systems (ASR) that can cover
both monolingual and intra-sententially CS scenarios. In particular, we are interested in systems
that can 1) indiscriminately recognize both monolingual and intra-sententially CS utterances, 2)
ef ciently leverage monolingual and CS ASR training data, and 3) be built in an end-to-end man-
ner.

We rst propose a formulation of the bilingual ASR problem as a conditionally factorized joint
model of monolingual and CS ASR where the nal output is obtained given only monolingual
label-to-frame synchronized information 83.3. We then apply an end-to-end differentiable neural
network, which we call the Conditional RNN-Transducer (RNN-T), to model our conditional joint
formulation 83.3. We show the ef cacy of the Conditional RNN-T model in both monolingual and
CS scenarios compared to several baselines 83.5. Next, we demonstrate the Language-Separation
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Figure 3.1: Probabilistic graphical model representations of different formulations of the bilingual
ASR task, separated into three categories: (a) direct, (b) divide-and-conquer, and (c) conditional.

ability, an added bene t of our proposed model 8§3.5. Finally, we validate a key conditional inde-
pendence assumption in our framework by showing experimentally that given monolingual label-
to-frame information, no other information from the observation is required 83.5.

3.2 Background and Motivation

In this section, we interpret the underlying probabilistic graphical models of prior works in bilin-
gual ASR, as applied to Mandarin-English, to motivate our conditionally factorized framework in
83.3.

Direct Graphical Models

Bilingual ASR is a sequence mapping from a T-length speech feature sequence, X 2 fx
RPjt = 1;::1; Tg, to an N-length label sequence, Y = fy2 (VM [V E)jn = 1;::;;Ng con-
sisting of Mandarin ¥ and English ¥. As shown in Figure 3.1.a, the simplest approach mod-
els the bilingual output Y as a random variable with a single dependency on the observation X.
Both the Mandarin ¥ and English ¥ vocabularies are regarded as part of the same set of out-
put units and no explicit distinctions are made between the languages. This uni cation of two
languages from unrelated families complicates the ASR task via phonetic ambiguities, but hand-
crafting phone-merging rules may alleviate this issue (Lyudovyk and Pylypenko, 2014; Luo et al.,
2018; Sivasankaran et al., 2018).

Alternatively, multi-tasking with language-identi cation can induce useful latent distinctions
between Mandarin and English representations. Here, we introduce language ID | as another ran-
dom variable with a single dependency on the observation X. Note that the bilingual output Y and
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the language-ID | do not interact with each other aside from being implicitly related as they both
directly depend on X. During training, this multi-tasking approach helps to resolve cross-lingual
ambiguities within the shared bilingual latent representations (Y Imaz et al., 2016; Song et al.,
2017; Zeng et al., 2018; Kim and Seltzer, 2018; Shan et al., 2019b; Zhang et al., 2021b). During
inference, the bilingual output is obtained directly from the observation similar to the single depen-
dency approach. The main drawback of these direct approaches is the potentially high complexity
of the X 'Y dependency due to con icting linguistics of different two languages.

Divide-and-Conquer Graphical Models

Alternatively, the bilingual ASR task can be decomposed into its sub-component monolingual
parts as in the divide-and-conquer approaches shown in Figure 3.1.b. The separational approach
uses language ID | to segment the observation X into monolingual parts before passing those
to monolingual recognizers which separately predict MandaMn fy M 2 VMjl = 1;::;;Lg
and English ¥ = fy F 2 VEjl = 1;::;;Lg. Finally, the monolingual outputs ¥ and YE are
stitched together accordingly to obtain the nal bilingual output Y. This approach successfully
introduces simpler X ' Y M and X ! Y E dependencies, but does so at the cost of the additional
dependencies associated with the language ID random variable I: MM !Y E andl!Y.
Therefore, performance becomes highly dependent on the ability to correctly predict the language
identity at a segment level (Chan et al., 2004; Weiner et al., 2012; Lyu et al., 2013; Rallabandi
et al., 2018; Li et al., 2019b).

The mixture-based approach avoids this dependency on the language ID | by instead introduc-
ing another random variable G, a gating mechanism. This approach rst noisily models X1 Y
and X 'Y E, but maintains latent representations of each so as to avoid early decisions. Then,
it models the gating mechanism G as a function of these latent monolingual representations; we
approximate this dependency in our graph as (XY E) | G. Finally, the gating mechanism
G is used to fuse the latent monolingual representations to ultimately obtain the bilingual output
Y . This is a promising approach that ef ciently combines information from monolingual experts
by operating entirely within the latent space (Lu et al., 2020; Zhou et al., 2020b; Dalmia et al.,
2021a). However, mixture-based approaches much like their separational cousins incur the cost of
the additional dependencies associated with the gating random variable G. Our motivation is to de-
compose the bilingual ASR problem into monolingual sub-tasks without incurring any additional
random variables.
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Table 3.1: Results comparing the Conditional RNN-T models to Vanilla and Gating RNN-T base-
lines on intra-sententially code-switched (CS), monolingual Mandarin, and monolingual English
test sets. The upper half shows results when using only CS data during ne-tuning while the bot-
tom half shows results when using CS + monolingual data during ne-tuning. All models are
pre-trained on monolingual data.

Pre-trained Fine-tuning CODE-SWITCHED | MONO-MAN | MONO-ENG
Model Type Model Name Encoder(s) Data ? MER CER WER CER WER
Direct Vanilla RNN-T 3 CS 123 9.9 343 17.9 81.4
Mixture Gating RNN-T 3 Cs 115 9.1 33.0 17.7 78.3
Conditional Our Proposed Model 3 Cs 115 9.1 332 155 82.9
Conditional + Language-Separation (LS) 3 cs | 111 8.7 327 15.3 82.7
Direct Single RNN-T 3 CS+M | 11.3 93 308 6.5 17.8
Mixture Gating RNN-T 3 CS+M | 11.2 88 347 5.7 34.6
Conditional Our Proposed Model 3 CS+M| 103 8.2 295 5.4 16.5
Conditional + Language-Separation (LS) 3 Cs+M 102 81 292 5.3 16.3

3.3 Proposed Framework

In this section, we rst propose a framework using label-to-frame synchronization to obtain bilin-
gual outputs given only conditional monolingual information. Then we show an end-to-end differ-
entiable method to model our conditionally factorized framework.

Conditionally Factorized Formulation of Bilingual ASR

Rather than treating CS ASR as a single sequence transduction task, we seek to decompose it
into three portions: 1) recognizing Mandarin 2) recognizing English and 3) composing recognized
monolingual segments into a bilingual sequence which may or may not be CS. However, given
only monolingual portions of the output™ and YE we cannot form Y without the order in
which they should be composed. Therefore, in order to satisfy our desired conditional probabilistic
graph (shown in Figure 3.1.c), we need richer monolingual representations which contain ordering
information.

Consider that for each T -length observation sequence X and L-length bilingual label sequence
Y, there are a number of possible T-length label-to-frame sequences Z 2 #M [V E |
f?gjt=1:::Tg. Here, z; is either a surface-level unit or a blank symbol denoting a null emission
as in Connectionist Temporal Classi cation (CTC) (Graves et al., 2006). The posterior of the
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bilingual label sequence p(Y jX) is then factorized as follows:

X
p(Y JX) = p(ZjX) (3.1)

Z27(Y)

Note that the summation is over all possible label-to-frame alignments Z 2 Z(Y) for a given
observation X and label Y péiir.

Next, we re-formulate any bilingual label-to-frame sequence in terms of its constituent mono-
lingual label-to-frame sequences'z= fzM 2 VM [f2gjt = 1:::TgandZ E =1fzF 2
VE [f2gjt = 1:::Tg. Now, we can indeed obtain the bilingual Z given only conditional mono-
lingual information 2 and ZF:

8
3zY; ifzM 2vMand# =7

z = thE; ifzF 2VvEand2' =7 (3.2)
-7, ifzM =?andzf =?

Note that at position t only one of*z or zE may be a surface-level unit while the other must be
the blank symbol by de nition. It is possible that botM znd Z are blank symbols, but it is not
possible that both are surface-level units.

Following this interpretation of the bilingual sequence Z in terms of its monolingual péits Z
and Z&, we can re-formulate the posterior p(ZjX) as a joint likelihood p(2¥ZZEjX):

p(ZjX)=p(Z;Z ™;ZFjX) (3.3)
=p(Zjz™;Z5;X)p(ZzM; ZFjX) (3.4)
p(zjiz M;ZF;X)p(z V' iX)p(Z FiX) (3.5)

From Eq. equation 3.4 to Eg. equation 3.5, we make two key independence assumptions. The rst
is that given 2! and Z&, no other information from the observation X is required to determine

Z since the monolingual label-to-frame sequences already contain ordering information. We show
that this assumption holds experimentally in 83.5. The second assumption is tH&i)(Znd
p(ZEjX) are independent, allowing for separate modeling of monolingual posteriors.

1Z mapsto Y deterministically via repeat and blank removal rules (Graves, 2012a).
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Conditional RNN Transducer
Monolingual Modules

The monolingual label-to-frame posteriors J{#X) and p(Z EjX) are further factorized with the
chain-rule as follows:

v
pzMix) P iX; zth 1) (3.6)
t=1
E: YT E: E
P(Z=iX) P(ziX; zri1 ) (3.7)
t=1

Note that we make the conditional independence assumption here as a modeling choice, mitigating
label / exposure bias issues (Ranzato et al., 2016; Bottou et al., 1997).

Our proposed Conditional RNN-T models the posterior as follows. Given the observed speech
feature sequence X, a Mandarin-only ENCORERIaps to a sequence of hidden representations
hM =fh M 2 RPjt = 1;::;; Tg and an English-only ENCODER maps to a sequence of hidden
representationsth = th £ 2 RPjt = 1;:::;Tg. Separate linear projection layers followed by
softmax activations, SOFTMAXOys and SOFTMAXOUT,, yield the posteriors pfzjX) and
p(zEjX). We train these modules using CTC loss functiong krc and Lg crc (Graves et al.,
2006).

Bilingual Module

The bilingual conditional likelihood p(Zj?' ; ZE) is further factorized with the chain-rule as well:
'V-L
p@Ziz";z%)=  p@iz";Z2%;z1i1) (3.8)
i=1
The monolingual alignment information is passed to the bilingual module via the hidden rep-
resentations ¥ and iF. We therefore approximate P.{ZM;ZE; z.,;, ) as follows:

pEC=h ¥ +hE 39)
hP®¢ = DECODER(z11 ) (3.10)
hi'™ = JoINT(h £ hPE9) (3.11)
p(zijh™ ;h®; 241 ) = SOFTMAXOUT(h (3.12)

Note that equation 3.12 approximates;j{2' ; Z%; z,;.1 ) from equation 3.8 by using the latent
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representations'h and I to pass the monolingual label-to-frame informatio¥ and Z5 .2 We
train these modules using the RNN-T loss functigqds (Graves, 2012a).

Full Network

With Equations equation 3.1 and equation 3.5, the posterior p(Y jX) nally becomes:

- X . M E x M - x E -
p(Y jX) p(Zjz™;2%)  p(Z7iX)  p(Z7jX) (3.13)
e}z
=pmn(Y jZM ;ZE) =p cte(Y M jX) =p cte(Y E jX)

where the monolingual CTC (Y M jX) and pe(Y EjX), and bilingual RNN-T, pan(Y jZM ; ZF),
objective functions are de ned as summations over all possible frame-to-label sequéhc2s Z
ZM(YM),ZzE 2ZE(YE),and Z 2 Z(Y ) respectively.

We train our Conditional RNN-T model using an initial monolingual pre-training step to maxi-
mize pi(Y MjX) and pe(Y EjX). We then ne-tune the entire network to maximize,i(Y jZM; ZE),
including both the bilingual and pre-trained monolingual modules, on a mixture of monolingual
and CS data. Since this rst regime only implicitly applies monolingual conditioning via pre-
trained initialization, we propose an explicit alternative regime which we call the Conditional
RNN-T + Language-Separation (LS). This variant of our proposed model uses a multi-tasked loss
L s with tunable :

Lis= L rwnt+(1 )L mcrctLlEectd (3.14)

The monolingual ground truths™ and YE are obtained by applying a language-speci ¢ mask to
the bilingual ground truth ¥.

3.4 Data and Experimental Setup

Data: We use 200h of intra-sententially CS training data from the ASRU 2019 shared task where
Mandarin is the matrix and English is the embedded language (Shi et al., 2020). We use 500h of
monolingual Mandarin data for pre-training and a 200h subset for ne-tuning (Shi et al., 2020). We
use 700h of accented monolingual English data for pre-training and a 200h subset for ne-tuning
(Speechocean, 2017). We use provided test CS data and generate our own splits for monolingual
test sets.

2Alternatively, logit or softmax normalized could be used here (Dalmia et al., 2019).
3This masking is applicable to both monolingual and CS Y. E.g; & WM 8l, then the masked ¥ is the empty
string and Y is the entire Y .
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Experimental Setup: All our models were trained using the ESPnet toolkit (Watanabe et al.,
2018). Our input features are global mean-variance normalized 83 log-mel Iterbank and pitch
features (Povey et al., 2011). We apply the Switchboard Strong (SS) augmentation policy of
SpecAugment (Park et al., 2019). We combine 5000 Mandarin characters with 5000 English BPE
(Sennrich et al., 2016) units to form the output vocabulary. ENCODERS are conformers (Gulati
et al., 2020; Guo et al., 2021) with 12 blocks, kernel size of 15, 2048 feed-forward dim, 256 at-
tention dim, and 4 heads. DECODERS are LSTMs (Hochreiter and Schmidhuber, 1997; Watanabe
et al., 2018) with 1 layer, 1024 embed dim, 512 unit dim, and 512 joint dim. The direct RNN-T
baseline with only 1 encoder uses a doubled 512 attention dim, so all models have about 100M
params. We use the Adam optimizer to train 80 epochs with an inverse square root decay schedule,
a transformer-Ir scale (Watanabe et al., 2018) of 1, 25k warmup steps, and an effective batchsize
of 192. ENCODERS are pretrained using the hybrid CTC/Attention framework (Watanabe et al.,
2017b). We use beam-size of 10 during inference. Ablation studies on CTC sub-nets use greedy
decoding.

3.5 Results

In Table 3.1, we compare the CS and monolingual performances of our Conditional RNN-T
and Conditional RNN-T + LS models to direct and mixture-based baselines, which are our re-
implementations of Vanilla RNN-T (Dalmia et al., 2021a; Zhang et al., 2021b) and Gating RNN-T
(Lu et al., 2020; Dalmia et al., 2021a) described in prior works. The top and bottom portions of
Table 3.1 compare results when using only CS data versus using both CS and monolingual data
during ne-tuning. Not only did all models perform signi cantly better on monolingual sets when
using monolingual ne-tuning data, they also improved on the CS set suggesting that the monolin-
gual data is indeed supplementing the CS training tiata.

As shown in the bottom half of Table 3.1, the Gating RNN-T slightly outperforms the Vanilla
RNN-T on CS and monolingual Mandarin but is degraded on monolingual English, suggesting
that the gating mechanism overly focuses on outputting Mandarin due to the high skew of the
CS training data towards Mandarin. Our proposed Conditional RNN-T model outperforms the
best baselines consistently across evaluation sets. On the monolingual sets, the Conditional RNN-
T model performs similarly to monolingual-only models trained on the same data. Further, the
Language-Separation loss incrementally improves across all sets suggesting a bene t to the explicit
monolingual conditioning method described in Eq. equation 3.14. We examine this bene t further
in the subsequent sub-section.

4Unlike the shared task in (Shi et al., 2020), we evaluate on monolingual corpora and do not use the provided 3-gram
LM, the full monolingual data during ne-tuning, data augmentation besides SpecAugment, or LID multi-tasking.
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Figure 3.2: Example illustrating the label-to-frame posteriors of the monolingual CTC sub-nets for
an intra-sententially CS utterance.

Language-Separation Ability of Monolingual Modules

Recall that in Eq. equation 3.2 we state that the bilingual Z is speci ed in terms of its mono-
lingual parts, 2! and Z&, such that at any position t only one gf'zor zZF may be non-blank.

If our proposed Conditional RNN-T model is indeed modeling H§X) and p(Z EjX) with this
property, it logically follows that each monolingual CTC sub-net would be capable of emitting
labels for frames corresponding to their language while emitting blanks for frames in the other
language; we refer to this diarization-like (Lyu et al., 2013) ability as Language-Separation. This
Language-Separation is observable in Figure 3.2 which depicts the blank and non-blank posterior
values of each monolingual CTC sub-net for a snippet of CS speech. Here, the Mandarin side
emits characters while the English side emits blanks except for frames 30 to 40 where the opposite
occurs.

As mentioned in §3.3, there are two ways to optimize the Conditional RNN-T model towards
the conditionally factorized formulation in Eq. equation 3.13. Table 3.2 shows that the implicit
way, which uses pre-training to condition the bilingual task p(%jZ ), produces monolingual
CTC sub-nets that reasonably able perform Language-Separation on CS data. However, the explicit
way described in Eqg. equation 3.14 is preferred since it provides a supervised Language-Separation
signal. Thus, the resultant monolingual CTC sub-nets of this Conditional RNN-T + LS model have
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Table 3.2: Ablation study examining the language-separation ability of the monolingual CTC sub-
nets, p(2"jX) and p(ZEjX), on the CS dev set. The sub-nets are expected to transcribe speech
from their languages while ignoring speech in the other. Performance is evaluated using monolin-
gual parts ¥ and YE of the ground-truth CS label sequence Y. CER/WER and Insertion Rate
(INS) are shown.

MAN PORTION OF CS ENG PORTION OF CS
Model Sub-Net CER INS Sub-Net WER INS

Cond. RNN-T p(Z'jX) 11.8 3.7 | p(ZEjX) 42.7 7.9
Cond. RNN-T+LS p(jX) 8.6 0.7 | p(ZEjX) 37.1 46

Table 3.3: Experimental validation of conditional independence assumption in the bilingual mod-
ule which models p(Zj2*; ZE; X). The 3-Encoder variant removes this assumption in its bilin-
gual module p(Zj2*; ZE; X). Results are shown on the CS dev set.

Bilingual CODE-SWITCHED
Model Condition MER CER WER

Cond. RNN-T+LS  p(zj2";zE) | 11.1 89 31.1
3-Enc. RNN-T+LS p(Zj2";ZE;X) | 112 9.0 31.1

a greater Language-Separation ability as indicated by the reduced insertion errors for the same CS
data.

Conditional Independence of p(ZjZV; ZE) from X

Finally, we experimentally validate the conditional independence assumption in Eq. equation 3.5
that the nal bilingual output Z depends only on monolingual alignment informatiénahd Z&

and nothing else from the observation X. In this study, we augment the Conditional RNN-T +
LS model with a third ENCODER which maps the observation X to hidden representatichsh

fh # 2 RPjt = 1;:::;Tg. This h” is then added as a third term to the fusion in Eq. equation 3.9
thereby allowing the bilingual module to model p(ZYZ Z £ ; X) instead of p(Zjz™ ; ZE). We call

this modi ed model the 3-Encoder RNN-T + LS and train it in the same way as the Conditional
RNN-T + LS model. As shown in Table 3.3, this 3-Encoder variant does not capture any additional
useful information from the observation X but rather performs slightly worse than our Conditional
RNN-T + LS model.
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3.6 Conclusion

We present an end-to-end framework for jointly modeling CS and monolingual ASR with condi-
tional factorization such that the bilingual task is logically decomposed into simpler sub-components.
We show improvements on both CS and monolingual ASR over prior works, suggesting that our
general joint modeling approach is promising towards building robust bilingual systems.

We've now examined the bilingual speech recognition, which requires parallel temporal multi-
sequence modeling, under the setting where some amount of code-switched supervision is avail-
able. Next, we examine the resource constrained setting where no code-switched supervision is
available.
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Chapter 4

Application of Align-then-Stitch to
Zero-Shot Code-Switched Speech
Recognition

Summary

In this chapter, we seek to build effective code-switched (CS) automatic speech recognition sys-
tems (ASR) under the zero-shot setting where no transcribed CS speech data is available for train-
ing. The previously proposed Align-then-Stitch framework which conditionally factorizes the bilin-
gual task into its constituent monolingual parts is a promising starting point. However, the method
requires the monolingual modules to perform language segmentation. That is, each monolingual
module has to simultaneously detect CS points and transcribe speech segments of one language
while ignoring those of other languages — not a trivial task. We simplify each monolingual module
by allowing them to transcribe all speech segments indiscriminately with a monolingual script (i.e.
transliteration). This modi cation passes the responsibility of CS point detection to subsequent
bilingual modules which determine the nal output by considering multiple monolingual translit-
erations along with external language model information. We apply this transliteration-based ap-
proach in an end-to-end differentiable neural network and demonstrate its ef cacy for zero-shot
CS ASR on Mandarin-English SEAME test sets.

4.1 Introduction

In order to build multilingual automatic speech recognition (ASR) systems that are robust to code-
switching (CS), practitioners must tackle both the long-tail of possible language pairs (Lewis,
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2009) and the relative infrequency of intra-sententially CS examples within collected training cor-
pora (Gamback and Das, 2014). Therefore, a preeminent challenge in the CS ASR eld is to build
effective systems under the zero-shot setting where no CS ASR training data is available. Recent
advancements in multilingual speech recognition have demonstrated the impressive scale of cross-
lingual sharing in neural network approaches (Watanabe et al., 2017a; Li et al., 2019a, 2021; Yan
etal., 2021; Luetal., 2022; Bapnaetal., 2022; Li et al., 2022b; Bai et al., 2022; Zhou et al., 2022a,;
Zhang et al., 2022b), and these works have shown that jointly modeling ASR with language iden-
tity (LID) grants some intra-sentential CS ability (Zhou et al., 2022a; Seki et al., 2018). However,
most of these large scale models skew towards high-resourced languages (Li et al., 2022b) and do
not seek to directly optimize for intra-sentential CS ASR between particular language pairs.

A more promising direction towards zero-shot CS ASR can be found in prior works which
seek to incorporate monolingual data directly to improve CS performance (Gonen and Goldberg,
2018; Li et al., 2019b; Shan et al., 2019a; Taneja et al., 2019; Shi et al., 2020; Shah et al., 2020;
Lu et al., 2020; Zhou et al., 2020b; Chuang et al., 2020; Dalmia et al., 2021a; Zhang et al., 2021a;
Liu and Cao, 2021; Ali et al., 2021; Diwan et al., 2021b; Deng et al., 2022b). In particular, there
are several works which achieve joint modeling of CS and monolingual ASR by conditionally
factorizing the overall bilingual task into monolingual parts (Yan et al., 2022c; Tian et al., 2022;
Song et al., 2022). By using label-to-frame synchronization, this conditionally factorized approach
can make a CS prediction given only the predictions of the monolingual parts (Yan et al., 2022c)
— theoretically these conditionally factorized models can model CS ASR without any CS data, but
this has not been previously con rmed.

In this work, we seek to build CS ASR systems under two zero-shot data conditions: 1) mono-
lingual speech and CS text data are available, 2) only monolingual speech and text data are avail-
able. In particular, we are interested in exploring the zero-shot capability of conditionally factor-
ized joint CS and monolingual ASR models.

We rst re-formulate the initial monolingual stage of these conditionally factorized models in
terms of their language segmentation burden, showing that prior works expect each monolingual
module to perform CS point detection and transcription in tandem. Any errors in CS point detec-
tion are thus propagated downstream to the nal bilingual stage which attempts to stitch multiple
monolingual predictions into an output which may or may not be CS. To improve model robust-
ness towards zero-shot CS ASR, we propose an alternative formulation of the monolingual stage
such that each module is an indiscriminate transliterator, transcribing all speech using a mono-
lingual script without any regard for potential CS points. As a result we delay CS point detection
until the nal bilingual stage, allowing our models to condition this critical decision on multiple
monolingual inputs and incorporate additional information from external language models. Our
transliteration-based method yielded 5 absolute error-rate reduction in our zero-shot CS ASR ex-
periments.
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Figure 4.1: Examples showing the difference between language segmentation téngetsb(

tained via masking (84.2) vs. transliteration targeﬁéﬁ( obtained via cross-lingual pseudo-
labeling (84.3).

4.2 Background and Motivation

In this section, we examine the language segmentation role of the monolingual modules in previ-
ously proposed conditionally factorized models (Yan et al., 2022c¢), motivating our transliteration-
based approach (84.3).

Joint Modeling of Code-Switched and Monolingual ASR

Let us take the Mandarin-English bilingual pair as an example for the following formulations.
Bilingual ASR, where speech may or may not be CS, is a sequence mapping from a T-length
speech feature sequence, X =f2 RPjt = 1;:::; Tg, to an L-length label sequence, Y =2

(VM [V B)jl = 1;:::; Lg consisting of Mandarin W and English . The conditionally factorized
framework (Yan et al., 2022c) decomposes this bilingual task into three sub-tasks: 1) recognizing
Mandarin, 2) recognizing English, and 3) composing recognized monolingual segments into a
bilingual sequence.

The basis of this approach is to model the label-to-frame alignments. For each T-length
observation sequence X and L-length bilingual label sequence Y there are a number of pos-
sible T-length label-to-frame sequences Z =.f2 VM [V E [f?gjt = 1:::Tg, where
? denotes a blank symbol as in Connectionist Temporal Classi cation (CTC) (Graves et al.,
2006) or RNN-T (Graves, 2012a). Further consider that for each bilingual Z there are two cor-
responding monolingual label-to-frame sequenc¥s Z fz M 2 VM [f?gjt = 1:::Tg and
ZE =1z E 2 VE [f2gjt = 1:::Tg. The label posterior, p(Y jX), can thus be represented in
terms of bilingual, p(ZjX), and monolingual, p(® jX) and p(ZEjX), label-to-frame posteriors
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as follows:

X X X
p(Y jX) = p(z;Z"M;ZFjx) (4.1)

727 7ZM 2z M 7E27 E

where Z and 2'°E denote sets of all possible bilingual and monolingual label-to-frame alignments
for a given Y . Eg. equation 4.1 is the exact joint bilingual and monolingual ASR likelihood which
can be further factorized using independence assumptions to obtain the form:

- X . M E X M - x E.
p(Y jX) p(Zjz™;Z2%)  p(Z"iX)  p(Z=iX) (4.2)
| ——{z——} = {22 }
Bilingual Posterior Monolingual Posteriors

From Eg. equation 4.1 to Eq. equation 4.2, the rst assumption is that giVera@d Z&, no
other information from the observation X is required to determine Z, allowing for conditional
modeling of the bilingual posterior p(Zj¥;ZE;X) given only monolingual information. The
second assumption is that given XMZand ZF are independent, allowing for separate modeling of
monolingual posteriors p(#jZE; X) and p(ZEjzM; X). Note we abbreviate this pair of separate
monolingual modules as p{¥E jX) in future sections.

Modeling p(ZV=E jX) with Language Segmentation

What should be the behavior of the monolingual Mandarin modulé'pxg when encountering

a segment of English speech and vice versa? Monolingual modules in prior works (Yan et al.,
2022c; Tian et al., 2022; Song et al., 2022) determine each label-to-frame aIign'YﬁErby rst
determining the language identity of each speech frame LiD({xiu et al., 2021). If the speech
frame x is from a foreign language then the module will ignore it by emitting a special NuLL
token, otherwise it will transcribe using its monolingual vocabulary. This monolingual language
segmentation decision is de ned as follows (shown for Mandarin):

( . . .
M= AgMaXoyupg P =miXiz 1, ) ifLID(X ) is M 4.3)
© o argmaXuung PE =miXiz Yy ) ifLID(x () is E

Note that the frame-wise LID(® is not a separate module, but rather an implicit decision within
the posterior maximization over the NuLL augmented monolingual label-to-frame alignments
ZM=E = fz M 2 VM=E [{2:NuLLgjt = 1:::Tg. This language segmentation behavior is
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learned by optimizing likelihoods of NuLL masked label targef$.¥and Y&, (e.g. in Figure 4.1).
It follows that the bilingual p(Zj2" ; ZF) (Eq. equation 4.2) behaves as:

8
3m ifm2VvM~re=NuLL

z=_e ife2VE m=NuLL (4.4)
" b otherwise

where m and e are the arguments maximizing'iz; z )., ) and p(£jX;zE,, ) respectively

and b is the argument maximizing g&M ; Z%;z,.1 ). If either monolingual module predicts

a CS point by emitting NuLL then the bilingual module defaults to the prediction of the other
monolingual module — in other words, the rst two cases of Eq. equation 4.4 expect that the lan-
guage segmentation in Eg. equation 4.3 is mistake-free. The third fall-back case is considered for
ambiguous language segmentation, such as if m and e are both NuLL or both non NuLL. This
case-by-case bilingual decision is an adverse design for our zero-shot objective — models are likely
to become over-reliant on the rst two cases during training. Language segmentation while train-
ing on purely monolingual utterances boils down to an over-simpli ed utterance-level language
identi cation task which may not generalize to intra-sententially CS test utterances. If CS point
detection is expected to be tricky, then a more robust strategy should always expect ambiguous
monolingual inputs to the nal bilingual decision as in the third case of Eq. equation 4.4.

4.3 Proposed Framework

In this section, we propose to completely remove language segmentation from monolingual mod-
ules using a transliteration-based formulation of ${ZjX). We then present a neural model of
our modi ed conditionally factorized approach for zero-shot CS ASR.

Modeling p(ZM=EjX) with Transliteration

Rather than detecting CS points at the monolingual stage in order to know which speech segments
to transcribe vs. which to ignore, we propose to simply allow each monolingual module to tran-
scribe everything. This means that for speech of a foreign language the monolingual modules are
producing transliterations, mapping sounds to phonetically similar units within their monolingual
vocabularies W and \F. In other words, the monolingual modules simplify from Eq. equation 4.3

to the following form (shown for Mandarin):

z" = argmax p(z! =mjX;z ¥, ) (4.5)
m2V M [f2g
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where the speech X may contain any language. This form completely removes any sense of frame-
wise language identity LID(Y.

To see why this modi cation is advantageous for zero-shot CS ASR, consider the correspond-
ing change to the bilingual module:

z,= argmax p(z =bjzM;zF;z541) (4.6)
b2vM [V E [f2g

Note that this new bilingual form in Eq. equation 4.6 never defaults to the prediction of one mono-
lingual module as in the rst two cases of the previously proposed bilingual form in Eq. equa-
tion 4.4, reducing the risk of propagating errors made in the monolingual stage. In other words,
the bilingual decision now determines eaghby directly considering the conditional likelihood
p(zjZzM;ZE;z.11 ) (Eq. equation 4.2). This modi cation effectively delays CS point detection
from the monolingual stage (where we would have to simultaneously transcribe and perform frame-
wise language identi cation per 84.2), to the bilingual stage (where transcription information is
already given).

To train monolingual modules to transliterate speech segments of a foreign language, we obtain
transliteration targets ¥, and Y%, using cross-lingual pseudo-labelihg-or instance, we pass
monolingual English speech™ to a monolingual Mandarin ASR model ASR) for inference
and vice versa as follows (e.g. in Figure 4.1):

YM, ASR M(XFE) 4.7)
YE, ASR E(xM) (4.8)

where ASR'™E () denote generic label-to-frame models — if we use the same architecture for
pseudo-labeling as we do for our monolingual modules then these transliteration targets are cross-
lingual semi-supervisions (Jyothi and Hasegawa-Johnson, 2015; Thomas et al., 2020; Billa, 2021;
Lugosch et al., 2022%). Swapping the language segmentation targefs, ¥nd Y., (§4.2) for

these transliteration targets?Y and Y%, is the only modi cation required to realize our desired
monolingual and bilingual module behaviors in Eqg. equation 4.5 and equation 4.6.

Conditional CTC with External LM Architecture

Finally, let us consider how to construct a neural architecture for our modi ed conditionally factor-
ized framework. Monolingual and bilingual label-to-frame posteriors (84.2) may be modeled using

lUnlike text-based transliteration (Knight and Graehl, 1998), pseudo-labeling relies solely on the resources presumed
to be available in our zero-shot CS ASR settings.

2We can apply transliteration to CS speech by stitching predictions corresponding to forced aligned (Kirzinger et al.,
2020) foreign segments between true native targets.
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CTC or RNN-T networks as demonstrated by prior works (Yan et al., 2022c; Tian et al., 2022; Song
et al., 2022). However for zero-shot CS ASR, the conditional independence assumption of CTC
vs. the internal language modeling of RNN-T is a critical difference. A RNN-T based model may
require internal language model (LM) adaptation (Graves, 2012a; Meng et al., 2021; Zhou et al.,
2022b) to alleviate monolingual biases while a CTC based model can be directly applied to CS test
sets with optional shallow external LM fusion (Hannun et al., 2014).

We therefore model monolingual, p¥4X) and p(Z EjX), and bilingual likelihoods, p(ZjZV ; ZE),
using CTC networks, & ctc( ), Pe crd ), and Ps_c1c( ), as follows:

Pu_crc(ziX; )%, ) = SoFtMAxOuTM (h) (4.9)
Pe crd(zfiX; 25, ) = SOFTMAXOUTE (hE) (4.10)
Pg crc(z:jh™; hE; 2541 ) = SOFTMAXOUTB (WM +h ) (4.11)

where speech encoders, ENcoBEand ENCODER, map the speech signal, X, to latent mono-

lingual representations,h = fh M 2 RPjt = 1;::;;Tgand hE = th £ 2 RPjt = 1;::5;Tg

followed by softmax normalized linear projections to monolingual or bilingual vocabularies. Then

addition fusion yields a bilingual latent representation which is nally fed to the bilingual CTC.

These three CTC networks are jointly optimized with an interpolated multi-task objective: L =
ilg cre+ (1 1)(Lmcrc+ L e cro=2.

During decoding, we rst merge all CTC likelihoodsmRerc(), Pe crd), and Bs cre(),
following the interpolation procedure described in Eq. (6) of (Song et al., 2022); we denote this
merged CTC likelihood asdc(ZjX). We then jointly decode R+rc( ) with an external bilingual
LM, Pg_m(Y '), using the time-synchronous beam search described in (Hannun et al., 2014), which
approximates the following decision:

Y

argmax o(  logPcrc()) +(1 2)logPg 1m() (4.12)
YoMV EG oy

where fWM [V Eg denotes the set of all possible bilingual outpétg his architecture, which

we refer to as Conditional CTC, is depicted by the block-diagram in Figure 4.2. The monolingual
modules of these Conditional CTC models can perform either language segmentation (84.2) or
transliteration (84.3) depending on which set of monolingual targets (e.g. Figure 4.1) is used
during training. For transliteration, we obtaifY and ¥&,, (Eqg. equation 4.7 and equation 4.8)

by greedily decoding monolingual CTC models (Eqg. equation 4.9 and equation 4.10) and then
applying repeat and blank removal.

3For language segmentation variants of Conditional CTC, we do not expand hypotheses with the special NULL token
to avoid corrupt outputs.
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Figure 4.2: Conditional CTC architecture consisting of monolingual and bilingual CTC's plus an
external bilingual LM. Red lines indicate joint decoding via time-synchronous beam search.

4.4 Data and Experimental Setup

Data: We apply 0:9 and 1:1 speed perturbations to up-sample SEAME (Lyu et al., 2010) training
data by 3x, resulting in 291h of total labeled speech data. We then split the training data into
CS and monolingual (Mandarin + English) parts to create two zero-shot settings. The rst setting
allows 87h of monolingual labeled speech data (for ASR training) and 89k lines of unpaired CS
or monolingual text data (for LM training). The second fully zero-shot setting further removes the
CS unpaired text data, leaving 39k lines of unpaired monolingual text data. Both settings remove
204h of CS labeled speech data. Monolingual CTC's trained on the English and Mandarin only
SEAME splits were used for cross-lingual pseudo-labeling (84.3).

Models: Models are trained using ESPnet (Watanabe et al., 2018). We combine 4000 Mandarin
characters with 4000 English BPE (Sennrich et al., 2016) units to form the output vocabulary.
Conditional CTC models have 2 conformer encoders (Gulati et al., 2020; Guo et al., 2021) with
12 blocks, 4 heads, 15 kernel size, 2048 feed-forward dim, 256 and attention dim. Vanilla CTC
baselines with only 1 encoder use 512 attention dim, so all models have about 80M parameters.
All models are initialized with encoder(s) pre-trained on 150h of Mandarin AISHELL-1 (Bu et al.,
2017) and/or 118h of English TED-LIUM-v1 (Rousseau et al., 2012). We set 0:7 (84.3)

during training for 40 epochs. We sef = 0:8 (84.3) during decoding with beam 10. We use
RNN-LMs with 4 layers and 2048 dim trained for 20 epochs.

Evaluation: Systems are evaluated on the full SEAME test sets (devman and devsge) and also
scored individually on the CS and monolingual portions of these sets. We measure mixed error-
rate (MER) that considers word-level English and character-level Mandarin.
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Table 4.1: Results comparing Conditional CTC models with transliteration-based monolingual
modules to their language segmentation counterparts and Vanilla CTC baselines. The 1st hori-
zontal partition shows top-line results when CS ASR training data is available. The 2nd and 3rd
partitions show zero-shot results when only monolingual ASR training data is available. Perfor-
mances on the full, CS only, and monolingual only splits of the SEAME test sets are measured by
% mixed error rate (MER #). All models use CTC + LM decoding.

ASR DEVMAN DEVSGE

ID Model Monolingual Behavior Data Data Full CS Full CS

Al VanillaCTC No Monolingual ModulesCS+M CS +M| 18.8 18.2 26.2 23.7 29.8
A2 Conditional CTC Language SegmentationCS+M CS+ M| 17.1 16.5 19 9 235 214 26.5
A3 Conditional CTC (Ours) Transliteration CS+M CS+M|17.3 16.9 240 221 26.7
B1 VanillaCTC No Monolingual Module M CS+M| 36.6 38.9 425 470 36.1
B2 Conditional CTC Language Segmentation M CS+M| 301 32.0 35.7 39.7 30.1
B3 Conditional CTC (Ours) Transliteration M CS+M| 25.2 26.0 21 9 31.0 315 30.2
Cl VanillaCTC No Monolingual Module M M 39.1 416 448 50.0 37.3
C2 Conditional CTC Language Segmentation M M 322 34.4 37.8 426 31.1
C3 Conditional CTC (Ours) Transliteration M M 27.3 28.5 22 6 32.7 34.0 30.8

4.5 Results

Table 4.1 presents results in three horizontal partitions where 1) all SEAME training data is allowed

2) CS speech data is removed and 3) CS speech and text data are removed; the latter two settings
emulate practical zero-shot scenarios. When CS speech data is available, language segmentation
is reliable and thus the transliteration-based method is not necessary (A2 vs. A3). However, once
CS speech data is removed the language segmentation approach degrades 13 absolute MER on
both full test sets; as a result the transliteration approach outperforms by 5 absolute MER, a wide
margin, owing primarily to superior performance on CS utterances (B2 vs. B3). When CS text
data is also removed both variants of Conditional CTC degrade only by an additional 2 absolute
MER and the gap between remains (C2 vs. C3). In all three data settings both Conditional CTC
models outperform Vanilla CTC baselines.

Ablations on the Conditional CTC Model

Our Conditional CTC models consist of three types of modules: monolingual CT@'sAf

and R c1o), bilingual CTC (R c1c), and bilingual LM (R (m). In Table 4.2, we examine the
relative contributions of these modules by removing each from model B3 of Table 4.1 during joint
decoding (described in 84.3). Removing the bilingual LM (line 2) degrades performance more
than removing the bilingual CTC (line 5), showing the importance of utilizing CS textual data
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Table 4.2: Ablation study examining the relative importance of monolingual CTC, bilingual CTC,
and bilingual LM modules during decoding as measured by % mixed error rate (MER #) on the
devman test set. Bilingual modules are shown in blue and the most severely degraded combination
(with no bilingual modules) is bolded.

# Model Decoding Likelihoods | MER(#)
1 Cond. CTC w/ Trans. ﬁ_c‘rc, PE_CTC, PB_CTC; PB_LM 25.2
2 BiIingual LM P M_CTC» PE_CTC; PB_CTC 27.4
3 Monolingual CTCs Pg c1c, Ps im 25.7
4 Bilingual LM P g crc 27.9
5 Bilingual CTC P m_cte, Pe cto P v 26.0
6 Blllngual LM P M_CTC» PE_CTC 48.1

when available. Further, note that monolingual CTCs do contribute (line 3), but are insuf cient
on their own (line 6). Finally, the fact performance is still reasonable without the bilingual CTC
(line 5) suggests that separately trained monolingual CTCs may be directly applied to CS ASR if
a CS LM is available — this direction may offer a high degree of scalability towards the long-tail of
possible CS pairs and towards CS between three or more languages.

Relaxing the Zero-Shot Setting

How much CS ASR training data do we need for the originally proposed language segmentation
method (84.2) to be suf cient? The answer depends on the proximity of the particular language
pair and characteristics of the dataset being used, but in our experimental setup we nd that the
answer is 2h of CS speech data (see Figure 4.3). The decreasing effectiveness of our transliteration
method for increasing amounts of CS ASR training data suggests that the cross-lingual pseudo-
labels are noisy to a degree. Future investigations into improving pseudo-labeling quality (e.qg.
via constrained decoding) may bene t this work and other related techniques which employ cross-
lingual semi-supervision (Jyothi and Hasegawa-Johnson, 2015; Thomas et al., 2020; Billa, 2021;
Lugosch et al., 2022).

4.6 Conclusion

We identify that the promising conditionally factorized joint CS and monolingual ASR framework
has an acute weakness which limits its applicability to zero-shot CS ASR; the original formulation
expects that each monolingual module can cleanly transcribe native speech while ignoring foreign
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Figure 4.3: Analysis on the amount of CS ASR training data required for conditional CTC with
language segmentation to outperform conditional CTC with transliteration. MER(#) on devman is
shown.

speech. We propose a simple modi cation via cross-lingual pseudo-labeling to allow the monolin-
gual modules to instead produce transliterations of foreign speech, thereby avoiding error propa-
gation of frame-wise LID decisions. We demonstrate the effectiveness of our transliteration-based
method using Conditional CTC models deployed for zero-shot Mandarin-English CS ASR. In
future work, we will extend to other languages, scale beyond bilingualism, and re ne our pseudo-
labeling technique.

We've now established the ef cacy of parallel, temporal multi-sequence modeling for bilingual
and code-switched speech recognition. Next, we examine code-switching on a larger scale of
languages.
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Chapter 5

CS-FLEURS: 100 Language Pair
Code-Switched Speech Recognition
Benchmark

Summary

In this chapter we present CS-FLEURS, a new dataset for developing and evaluating code-switched
speech recognition and translation systems beyond high-resourced languages. CS-FLEURS con-
sists of 4 test sets which cover in total 113 unique code-switched language pairs across 52 lan-
guages: 1) a 14 X-English language pair set with real voices reading synthetically generated code-
switched sentences, 2) a 16 X-English language pair set with generative text-to-speech 3) a 60
{Arabic, Mandarin, Hindi, Spanish}-X language pair set with the generative text-to-speech, and 4)

a 45 X-English lower-resourced language pair test set with concatenative text-to-speech. Besides
the four test sets, CS-FLEURS also provides a training set with 128 hours of generative text-to-
speech data across 16 X-English language pairs. Our hope is that CS-FLEURS helps to broaden
the scope of future code-switched speech research.

5.1 Introduction

In the current era of massively multilingual speech processing, practitioners are developing and
evaluating systems on hundreds of languages (Li et al., 2022b; Radford et al., 2023; Zhang et al.,
2023; Peng et al., 2024; Pratap et al., 2024). This increasingly global impact is due in large part to
dataset construction efforts, which have enabled pre-training on raw untranscribed speech (Kahn
et al., 2020; Wang et al., 2021) and supervised training on transcribed or pseudo-labeled speech
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(Panayotov et al., 2015; Pratap et al., 2020b; Ardila et al., 2020; Li et al., 2023b), as well as broad
benchmarking on standardized evaluation sets across many languages (Shi et al., 2023; Conneau
et al., 2023). However, these data resources are collections of predominately monolingual utter-
ances - we currently lack broad code-switched speech data, where utterances consist of more than
one language.

Despite its prevalence in multilingual communities, conversational code-switched speech is
particularly challenging to collect at scale. Unlike monolingual data, which can be sourced from
a wide range of speakers, code-switched speech requires bilingual or multilingual speakers who
naturally mix languages in conversation (Auer, 2013). Additionally, code-switching tends to occur
sporadically and unpredictably, making it dif cult to capture in large, curated datasets. Even when
data is available, standardizing it across language pairs presents another challenge. These factors
make it dif cult to create a single, broadly representative dataset of code-switched speech; instead,
practitioners have focused on constructing dedicated corpora for their particular communities of
interest (Deuchar et al., 2014; Lyu et al., 2010; van der Westhuizen and Niesler, 2018; Chowdhury
et al., 2021; Diwan et al., 2021a; Hamed et al., 2022; Ugan et al., 2024).

In this work, we take an alternative approach: rather than relying on the collection of natural
conversational code-switched speech, we use a combination of read speech and synthetic speech
over synthetically generated code-switched text. Although our approach does not capture code-
switched speech that occurs in conversation, we are able to use (1) standard code-switching
patterns, (2) a standard textual domain, and (3) a standard audio domain across language
pairs. By controlling for these naturally occurring variations when constructing the dataset, we can
then ask: how do models perform on code-switched speech across different language pairs?

We present CS-FLEURS: a massively multilingual and code-switched ASR and ST dataset
consisting of 52 languages and 113 unique code-switched pairs across three subsets:

* CS-FLEURS-READ: 14 X-English pairs, read speech
* CS-FLEURS-XTTS: 76 pairs across 17 langs, generative TTS
* CS-FLEURS-MMS: 45 X-English pairs, concatenative TTS

To the best of our knowledge, this is the broadest single collection of code-switched speech data
both in terms of languages covered and number of unique code-switched pairs.

This dataset supports model benchmarking across 113 diverse pairs and model training across
16 X-English pairs. Figure 5.1 illustrates the language coverage and Table 5.1 summarizes the
dataset with comparison to other code-switched corpora. In addition to the dataset, this work also
describes several empirical ndings. First, we show that Whisper (Radford et al., 2023) struggles
with transcribing code-switched speech, especially for language pairs with distinct scripts. How-
ever, we also show that Whisper is relatively robust at translating code-switched speech to English,
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Figure 5.1: Illustration of where the 52 languages covered by CS-FLEURS are spoken around the
world.

Table 5.1: CS-FLEURS vs other code-switched speech corpora.

Dataset Langs CS-Pairs Domain Speech Type Hours
ArzEn (Hamed et al., 2022) 2 1 Conversation Spontaneous 12
Bangor Miami (Deuchar et al., 2014) 2 1 Conversation Spontaneous 35
SEAME (Lyu et al., 2010) 2 1  Conversation Spontaneous 192
ESCWA (Chowdhury et al., 2021) 3 2  Conversation Spontaneous 3
MUCS (Diwan et al., 2021a) 3 2 Lecture Structured 160
Soapies (van der Westhuizen and Niesler, 2018) 5 4 TV Scripted 14
CS-FLEURS 52 113  Wikipedia Read/Synthetic 294

suggesting that code-switched ST is an easier task than ASR. Finally, we show that synthesizing
code-switched speech data is an effective form of training data augmentation, improving model
performance on both seen and unseen language pairs.

5.2 Dataset

CS-FLEURS builds upon a line of prior works. The FLoRes-101 dataset (Goyal et al., 2022) con-
sists of 3001 sentences from English Wikipedia translated in 101 languages by human translators.
Then, the FLEURS dataset (Conneau et al., 2023) took 2009 of those sentences from FLoReS-101
and recorded read speech in 102 languages with three speakers per language. Now, CS-FLEURS
takes the 2009 utterances from FLEURS to generate code-switched text and speech across 113
language pairs, keeping the same train/dev/test splits from FLEURS.
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Table 5.2: The 113 code-switched language pairs covered.

CS-Pairs  Matrix |  Embedded |ReadXTTS|MMS
. ara deu fra hin eng x | x | x
por rus spa
5 ces cmn ita jpn eng x | x
kor
2 | slk tel | eng | X | |
3 | nidpoltur | eng | | X | X
1 hun | eng | X
ara fra deu ita por
60 | ara cmn hin spa pol tur rus nl.d X
ces spa cmn jpn
hun kor hin
ben bul cat ceb
cymell nguj
heb hun ind isl
jav kan kaz kir
35 | lav lug mal mar eng X
mya pan ron swe
swh tam tel tgk
tgl tha ukr urd
uzb yor zlm

We follow the Matrix Language-Frame model (Myers-Scotton, 1997); for each code-switched
pair, one language, referred to as Matrix, provides grammatical structure while a second language,
referred to as Embedded, provides words or morphological units that are inserted within the sen-
tence. We refer to language pairs as Matrix-Embedded; for instance, Mandarin-English refers to
a Mandarin matrix sentence with English words embedded. Table 5.2 shows a breakdown of the
code-switched language pairs covered by CS-FLEURS across the CS-FLEURS-READ, CS-FLEURS-
XTTS, and CS-FLEURS-MMS subsets. Table 5.3 provides additional summary statistics.
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Table 5.3: Summary statistics for CS-FLEURS.

READ XTTS MMS
Statistic Test | Train Dev Testl Test? Test

Duration (hours) 17 | 128 15 36 42| 56
Tokens (words) 128k | 889k 105k 257k 300k 315k

Matrix Langs 14 16 16 16 4 | 45
Embedded Langs 1 1 1 1 15 1
Total CS Pairs 14 | 16 16 16 60| 45

Same-Script Pairs | 7 10 10 10 9| 22
Distinct-Script Pairs 7 6 6 6 51| 23

Collecting Read Speech Across 14 Language Pairs

CS-FLEURS-READ consists of read speech from bilingual speakers across 14 X-English language
pairs (1-4 speakers per language pair, 2:1 M:F ratio overall). CS-FLEURS-READ is generated using
the test set of FLEURS and is intended for model benchmarking. As such, this set has been human
validated. In terms of language coverage, the limiting factor for constructing this set was the
availability of bilingual readers. Finally, in this set we regard the 14 non-English languages as
Matrix and English as Embedded.

Generating accurate and uent code-switched text

We use a large language model (LLM) backbone for generating code-switched text for CS-FLEURS-
READ. Speci cally, by utilizing X-English parallel monolingual sentences from FLEURS test set,

we prompt GPT-40 (Hurst et al., 2024) to generate the equivalent code-switched sentences in three
different manners:

* GPT-Base: feeding only the paired monolingual sentences

» GPT-EC: feeding paired monolingual sentences and a set of valid English words to be em-
bedded, determined by the Equivalence Constraint theory (Poplack, 1980) so as not to violate
the syntactic rules of both languages, as implemented in (Kuwanto et al., 2024)

» GPT-Pred: feeding paired monolingual sentences and a set of valid English words to be
embedded, determined by a predictive model (Hamed et al., 2023), which given an English
sentence, predicts the plausible English words to be embedded in a corresponding code-
switched sentence
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Table 5.4: The prompt consists of three main parts: (1) task description and the paired monolingual
sentences to be synthesized (outlined in black); (2) the set of valid English words in the case of
GPT-EC and GPT-Pred (outlined in blue); and (3) morphological code-switching example in the
case of languages where this type of switching is common (outlined in purple).

You are a bilingual Spanish-English speaker, you will help translate Spanish and English sentences into a code-mixed
sentence. The code-mixed sentence should contain words from both languages, each written in the correct language
script. We will provide you with both Spanish and English sentences in addition to some English keywords that need
to be present in the produced code-mixed sentence.

You need to produce morphological code-switching when appropriate to achieve better uency. The following is an
example:

Spanish: Mi amigo se enojé cuando le revelaron el nal de la pelicula.

English: My friend freaked out when someone spoiled the end of the movie. English keywords: freak out, spoiled

A uent code-mixed sentence would be: Mi amigo se frickeo cuando le spoilearon el nal de la pelicula.

Please produce the code-mixed sentence for the following:

Spanish sentence: {Spanish_sentence}

English sentence: {English_sentence}

English keywords: {English_keywords}

Only provide the code-mixed sentence without explanation or extra text.

Table 5.4 shows an example of a full prompt for a given sentence pair. GPT-EC and GPT-Pred
prompts include English keywords for embedding into the matrix language. Further, to encourage
morphological code-switching, where more than one language occurs within the same word, we
prompt GPT-40 with an in-context example, as illustrated in the table. 10 out of 14 languages were
prompted as such.

The resultant generations are not guaranteed to be (1) code-switched, (2) accurate, preserving
the meaning of the original monolingual sentences, or (3) uent, plausibly produced by a human.
We ask our bilingual readers to reject sentences which are not code-switched or not accurate. Sen-
tences are not rejected on uency, but we collect ratings from 0-2, with 0 indicating unnaturalness,

1 indicating somewhat natural, and 2 indicating perfect naturalness.

As shown in Table 5.5, the reject rate was fairly consistent across the different prompts. In
terms of uency, GPT-Pred scored highest while GPT-EC was lowest; this result correlates with
the frequency of switching, as measured by the Code-Mixing Index (CMI) (Gamback and Das,
2014). We also noted that GPT-EC embeds function words a high rate, which bilingual readers
found to be rather unnatural. GPT-Pred on the other hand primarily embeds content words, which
resulted in over over 80% of generations to be rated somewhat or perfectly natural.

110 w/ morphological example: ara, ces, deu, ita, kor, por, rus, slk, spa, tel, tam; 4 w/o: cmn, fra, hin, jpn
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Table 5.5: Human validation on LLM-generated code-switched text across 14 X-English pairs.
CMI=Code-Mixing Index.

Fluency
Prompt |Reject(%) 0(%) 1(%) 2(%) Avg CMI

GPT-Base 8.54 |31.66 25.44 34.36 1.025.50
GPT-EC 12.15 |44.71 21.22 21.92 0.7480.98
GPT-Pred 11.76 |19.26 25.25 43.73 1.221.05

Reading and recording code-switched speech

To facilitate the collection of read speech, we developed an open-source fodkitdistributed
generated code-switched text to 21 bilingual readers. For each sentence, we randomly selected one
of the three aforementioned prompts, standardizing the selection across all language pairs. The
bilingual readers were provided with the monolingual references along with the code-switched
sentences. They were instructed to 1) verify that the sentence is indeed code-switched, 2) the sen-
tence has the same general meaning as the monolingual reference, 3) read and record the sentence,
and 4) rate the uency of the sentence. Recordings were then validated by a human listener.

Synthesizing Speech Across 111 Language Pairs

Next, we describe two synthetic speech sets designed to complement CS-FLEURS-READ by cover-
ing additional language pairs and providing code-switched training data.

CS-FLEURS-XTTS consists of synthetic speech from the XTTS-v2 model (Casanova et al.,
2024), which supports 17 languages, across 16 X-English language pairs as well as 60 non-English
language pairs (15 Arabic-X, 15 Hindi-X, 15 Mandarin-X, 15 Spanish-X). For the 16 X-English
language pairs, we generate train, dev, and test sets, regarding the 16 non-English languages as
matrix and English as embedded — 12 of these language pairs overlap with CS-FLEURS-READ.
The 60 non-English language pairs are test-only and we regard Arabic, Hindi, Mandarin, or Span-
ish as the matrix and the other language as embedded — none of these language pairs overlap with
the other two subsets.

CS-FLEURS-MMS consists of synthetic speech from MMS TTS models (Pratap et al., 2024)
across 45 X-English language pairs, many of which are lower-resourced — only 10 of these lan-
guage pairs overlap with the other two subsets. This set is test-only and we regard the non-English
languages as matrix.

2Toolkit reference redacted for anonymity
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Table 5.6: Comparison of the code-switching frequency, as measured by Code-Mixing Index
(CMI), of text generated by LLM prompts and align-then-swap (Swap) across 12 X-English lan-
guage pairs. M=Mean; SD=Standard Deviation.

Type\ara ces cmn deu fra hin ita jpn kor por rus $pa SD
LLMAlZ.B 304 24.1 27.836.018.537.018.5 7.0 37.2 17.339..810.8

Swap20.420.114.1116.815.013.616.811.225.917.0 20.6115%5 4.0

Both sets are not human validated due to lack of bilingual speakers. Instead, we use language-
universal forced alignment to Iter low quality generations.

Cheaply and exibly generating code-switched text

While the LLM backbone described in 85.2 can generate natural and morphologically rich code-
switching, there are also a number of drawbacks which limit scalability aside from the high com-
putational (or API) cost. The LLM-based methods required human validation to rejected around
10% of the sentences across 14 X-English language pairs; it is reasonable to expect a higher reject
rate for lower resourced languages.

Further, we found that the LLM-based methods produced a wide range of code-switching fre-
guency, as measured by CMI (Gambéck and Das, 2014), across language pairs. This variance is
shown in the rst line of Table 5.6: the standard deviation of the CMI across 12 language pairs
in the human validated cs-FLEURS-READ is 10.8. We therefore opt for a more simple and rigid
method for generating the code-switched text in CS-FLEURS-XTTS and CS-FLEURS-MMS, referred
to as align-then-swap.

The align-then-swap procedure is simple. We rst obtain word-level alignment using Awe-
someAlign (Dou and Neubig, 2021), a 104 language mBERT model (Devlin et al., 2019) ne-tuned
towards word alignment objectives using parallel text across ve language pairs. Notably, Awe-
someAlign generalizes to other languages that were part of the mBERT pre-training but unseen
during the word alignment ne-tuning stage (Dou and Neubig, 2021). Next we randomly select
30% nouns, verbs, abverbs, and adjectives, tagged using Stanza (Qi et al., 2020), to be swapped
with the aligned embedded language words.

Additionally, we take care of one-to-many word alignments (matrix-to-embedded) by inserting
words in the order that they originally appeared in the monolingual embedded language sentence.
We also take care of character-based languages (Mandarin and Japanese) by rst re-segmenting to
words using Stanza (Qi et al., 2020); Korean text in FLEURS was already word segmented, so this
extra step was not necessary.
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As shown in Table 5.6, the resultant CMI from align-then-swap (Swap) is more consistent
across language pairs than its LLM-based counterpart: the standard deviation is only 4.0, which is
60% lower. This simpler, yet more consistent, method of generating code-switched text is therefore
preferable for the long tail of lower resourced languages and rare language pairs.

Generative code-switched synthesis with XTTS

XTTS-v2 (Casanova et al., 2024) is a multilingually trained TTS model based on a GPT-2 encoder
that predicts VQ-VAE units which then latently condition a HiFi-GAN decoder. The model was
trained on 17 languages, which are distinguished by appending a language 1D token (e.g. [en]) at
the start of textual inputs. XTTS-v2 also incorporates a voice conversion component by condition-
ing both the GPT-2 encoder and VQ-VAE decoder on speaker information; in practice only single
utterance from the target speaker is necessary to enable voice conversion.

To synthesize code-switched speech using XTTS-v2, we feed generated code-switched text to
the model with the matrix language ID tok&Mandarin, Japanese, and Korean text is romanized,
in the same manner as the original XTTS-v2 training. We use a matrix language speaker from the
FLEURS dataset for the voice conversion component. XTTS-v2 produces 24khz speech, which
we then down-sample to 16khz.

Concatenative code-switched synthesis with MMS-TTS

To cover additional language pairs, we use a concatenative approach that generates monolingual
TTS in segments using MMS-TTS (Pratap et al., 2024). We concatenate the monolingual segments,
inserting 100ms of silence in between. Since MMS-TTS is a single-speaker VITS style model,
the resulting concatenated code-switched speech contains unnatural artifacts and speaker changes;
however the content is correct. Unlike the XTTS-v2 outputs, MMS-TTS outputs do not contain
any accented speech.

Universal forced alignment ltering

To perform quality control, we use a universal forced alignment model, MMS-ZS (Zhao et al.,
2024), which was trained to align speech in thousands of languages to romanized text - this model
provides a language-universal measure of intelligibility. Utterances with the 5% lowest length-
normalized forced alignment score (FAS) are ltered within each language pair.

In Table 5.7, we report the average FAS of the Itered vs accepted portions of XTTS-TEST1
and MMs-TEST, along with Whisper-Large-v3 (Radford et al., 2023) character error rate (CER),

3We found anecdotally that the synthesized speech of the embedded language contains elements of native-language
in uence from the matrix language, as in human accented speech.
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Table 5.7: Comparison of the Itered vs accepted synthetic speech. Filtering was done by forced
alignment score (FAS).

XTTS-TEST1 MMS-TEST
Subset |FAS" CER# UTMOS" SCD#FAS" CER# UTMOS" SCD#

Filtered |-0.68 32.95 2.46 1.12-0.96 43.10 3.02 1.90
Accepted-0.26 18.46 2.64 1.07-0.47 40.07 3.04 1.87

the UTMOS (1-5) (Saeki et al., 2022) automatic naturalness metric, and the number of speakers
changes identi ed by the Pyannote-3.1 (Bredin, 2023) diarization model (SCD). For XTTS-TEST1,
Itering has a large effect on Whisper CER and a moderate effect on UTMOS, indicating that
the generative synthesis method is prone to producing unintelligible and unnatural speech. On the
other hand for MMS-TEST, ltering has less effect on CER and UTMOS, indicating that concatena-
tive synthesis is less error prone; however, SCD shows that this method results in frequent speaker
changes.

5.3 Experiments

In this section, we describe several empirical ndings based on CS-FLEURS. For ASR, we mea-
sure case insensitive and unpunctuated character error rate (CER). For ST (to English), we measure
case insensitive and unpunctuated BLEU (Post, 2018).

Benchmarking

How does Whisper perform on code-switched speech as compared to monolingual speech? To
answer this, we compare ASR and ST (to English) performance on each CS-FLEURS test set with
two monolingual control sets consisting of monolingual speech from all matrix languages in each
respective CS-FLEURS set: 1) the original FLEURS and 2) a TTS version of FLEURS, which

is monolingual. The latter, referred to as TTS FLEURS, allows us to compare results on TTS-
based code-switched speech with the matching TTS-based monolingual speech, eliminating the
possibility that Whisper simply is not robust to XTTS or MMS-TTS speech.

As shown in Figure 5.2, ASR CER is over 2x higher on CS-FLEURS than the original mono-
lingual FLEURS - this degradation is largest on the non-English language pair set (XTTS-TEST2).
However, the discrepancy between ST performance on monolingual and code-switched speech is
low for XTTS and MMS sets. Further, Whisper actually performs better on READ-TEST than the
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READ-TEST XTTS-TEST1  XTTS-TEST2 MMS-TEST

Y 36:06 40:07
) 19:83 18:46 22:0322:3
< 8:44. 571 7:56.
[ ] I
47:27
(IT) 202 28:31.2730423:81 24:3026:3% 65 | | 2389180, _

] ORIGINAL FLEURS B TTS FLEURS B CS-FLEURS

Figure 5.2: Whisper-Large-v3 ASR (CER#) and ST to English (BLEU") on CS-FLEURS test sets
(blue). Performance on two monolingual control sets are shown for comparison (gray).

Table 5.8: Comparison of Whisper-Large-v3 ASR (CER#) performance on same-script vs distinct-
script language pairs.

XTTS
Testl Test2

8.49 9.92
37.17 40.67|

READ
Test

7.32
32.33

MMS
Test

28.26
51.62

CS Pair Type

Same Script
Distinct Script

original FLEURS - this can be attributed to the high rate of X-English code-switching (see Ta-
ble 5.6). These results indicate that directly translating code-switched speech is less erroneous
than relying on transcription, although we leave benchmarking ST for non-English targets to
future work.

How does Whisper perform on code-switched speech across different language pairs? As
shown in Table 5.8, performance on distinct-script language pairs is signi cantly worse than same-
script language pairs - on average CER is 3x higher. These results suggest that code-switched
ASR performance is limited by the ability to interchangeably produce two distinct scripts
within a single utterance-level decoding.
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Table 5.9: Results on the effect of training data augmentation.

Data FLEURS CS-FLEURS-READ
Augment| 12 Seen 2 Unseenl2 Seen 2 Unseen

14.38 8.93 31.77 29.62

X 12.67 8.51 26.24 27.77

Training

Finally, we investigate the question: how useful is synthetic data for training models? To answer
this, we train two models using the ESPnet toolkit (Watanabe et al., 2018): one using the original
FLEURS training data and a second using the original FLEURS plus CS-FLEURS (XTTS-TRAIN).
Both models are trained for the same number of iterations following the self-conditioned XLSR-
based recipe described in (Chen et al., 2023). We then evaluated on READ-TEST, which consists
of 14 language pairs; 12 of these are seen in XTTS-TRAIN and 2 are unseen. We also report the
monolingual FLEURS result for the matrix languages of these 12 seen and 2 unseen language
pairs. As shown in Table 5.9, training on synthetic code-switched data improved performance

on both seen and unseen language pairs.

5.4 Conclusion

CS-FLEURS is a hybrid read/synthetic speech dataset for developing and evaluating code-switched
systems across 52 languages and 113 unique code-switched language pairs. By using this dataset,
which controls for in code-switching patterns, text domain, and audio domain, we nd that tran-
scribing speech across distinct-script language pairs remains dif cult.

This chapter provides a data setting and baselines for massively multilingual code-switched
speech recognition. Next, we discuss proposed work which aims to utilize these resources to
enable parallel, temporal multi-sequence modeling for massively multilingual models.
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Chapter 6

CS-YODAS: A Mined Dataset of
In-the-Wild Code-Switched Speech

Summary

In this chapter we present CS-YODAS, a Creative Commons-licensed dataset of in-the-wild code-
switched speech mined from multilingual YouTube data. Code-switching (CS), or the alterna-
tion between languages within an utterance or conversation, is common in multilingual settings
but remains underrepresented in existing CS speech resources, which are typically small, domain-
speci ¢, or arti cially constructed. Building on the YODAS corpus, we develop a scalable, human-
in-the-loop pipeline for identifying and validating naturally occurring code-switching. The result-

ing dataset, which totals 313 hours and spans 7 matrix languages, provides diverse, real-world
examples of spontaneous code-switched speech. We further analyze the distribution and charac-
teristics of code-switching in the wild, examining language-pair frequencies and switching pat-
terns, and report baseline results for spoken language identi cation. We hope that CS-YODAS
will encourage broader and more comprehensive research on code-switched speech. Dataset link:
https://huggingface.co/datasets/byan/cs-yodas.

6.1 Introduction

In the current era of large-scale multilingual speech processing, models such as Whisper (Radford
et al., 2023), MMS (Pratap et al., 2024), and OWSM (Peng et al., 2025) enable automatic speech
recognition (ASR) and language identi cation (LID) across hundreds of languages. These ad-
vances are supported by massive collections of speech, providing broad coverage across languages
and domains (Kahn et al., 2020; Pratap et al., 2020b; Ardila et al., 2020; Wang et al., 2021; Li
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et al., 2023b).

Yet despite this progress, most large-scale speech resources remain monolingual by design:
utterances are assigned a single language label, and data mining pipelines are typically optimized
to exclude mixed-language content. Consequently, a core feature of multilingual communication,
code-switching, or the alternation between languages within an utterance or conversation, is largely
absent from these corpora.

Collecting code-switched speech at scale presents unique challenges. Unlike monolingual data,
it requires bilingual or multilingual speakers who naturally alternate between languages, often in
informal or situational contexts. Existing code-switched datasets are therefore limited in scope:
they tend to be small, domain-speci c, or based on elicited rather than spontaneous speech (Lyu
et al., 2010; Deuchar et al., 2014; van der Westhuizen and Niesler, 2018; Chowdhury et al., 2021;
Diwan et al., 2021a; Hamed et al., 2022). While synthetic approaches have been proposed to |l
this gap, they often fail to capture the spontaneity, prosody, and sociolinguistic nuances of naturally
occurring multilingual speech (Hussein et al., 2024b; Yan et al., 2025a).

In this work, we introduce CS-YODAS, a dataset of naturally occurring, in-the-wild code-
switched speech mined from multilingual YouTube recordings. Our core motivation is based on
the premise that better, more natural code-switched speech data will beget better, more natural
code-switched speech systems. We envision that this dataset can be used as a comparison point for
synthetically generated code-switching, helping practitioners identify avenues to improve the nat-
uralness of their systems, or as training data for spoken LID systems, improving model robustness
beyond what existing domain-speci ¢c and synthetically generated data can attain.

Our contributions are summarized as follows:

» A scalable, human-in-the-loop data mining procedure which enables high-precision code-
switched detection on in-the-wild data

» The mined code-switched speech dataset, which consists of 313 hours of transcribed speech
across 7 matrix languages

» Empirical characterizations of code-switching in the wild, along with baseline evaluations
for CS-aware LID systems

Identifying code-switching in large, web-mined corpora presents a major challenge: spontaneous
code-switched speech is rare and dif cult to detect automatically. Off-the-shelf LID tools struggle
with identifying multiple languages within utterances, particularly for noisy in-the-wild data, lead-
ing to high false-positive rates. To address this, we design a scalable, human-in-the-loop pipeline
that iteratively re nes Large Language Model (LLM)-based code-switched detection using hu-
man validation. Human feedback is used to guide the LLM via in-context learning, substantially
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improving the precision of detected code-switched segments while maintaining scalability across
web-scale speech data.

The resulting CS-YODAS dataset re ects a wide range of real-world contexts, including con-
versational, entertainment, and educational domains, capturing both spontaneous and semi-scripted
multilingual interactions. This dataset aims to facilitate future research into both the mechanisms
and modeling of natural code-switched speech.

6.2 Dataset Construction

Source Corpus and Motivation

CS-YODAS is derived from the YODAS corpus (Li et al., 2023b), a large-scale multilingual speech
resource collected from publicly available YouTube content — by implication, CS-YODAS is under
the Creative Commons license. Speci cally, we use the cleaned YODAS from the OWSM v4
project (Peng et al., 2025) which consists of 166k hours of audio spanning 75 languages, with
speech segments paired to automatic transcripts. While the original corpus organizes data by a
single language label, preliminary inspection revealed the presence of code-switching, motivating
a systematic effort to identify and extract these examples.

Overview

As shown in Figure 6.1, we apply a LLM-based pipeline to identify code-switched segments: rst

a text-based LID stage produces a set of candidate segments (mine_iter0) and then a human-in-
the-loop validation stage produces the nal CS-YODAS set (mine_iterl). In the remainder of this
section, we describe each stage of the pipeline in detail. We also provide example prompts in 86.5.

Mining of Candidate Segments

Each transcript line from YODAS is passed to a multilingual LLWhich is prompted to infer the

set of languages present in the text. The model outputs both a primary language (the dominant or
matrix language) and a list of all other detected languages. Segments where two or more distinct
languages are detected are retained as candidate code-switched utterances. This approach leverages
the LLM's contextual reasoning and language knowledge to capture switching phenomena that
may not be easily identi ed through token-level LID, such as transliteration, named entities, or
embedded phrases.

Ihttps://huggingface.co/Qwen/Qwen3-14B
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Figure 6.1: Data mining pipeline: we use human feedback on 700 mine_iterO utterances as
in-context examples while prompting the LLM to validate all of mine_iterO, thus producing
mine_iterl.

However, the in-the-wild nature of the source YODAS data introduces many distractors: noisy
or imperfect transcripts can falsely mix languages, and borrowed words or named entities often
resemble code-switching without representing genuine language alternation. Table 6.1 presents
examples of the three most common types: transcription errors, proper nouns, and cognates.

Human-in-the-Loop Validation

To improve precision, we introduce a human-in-the-loop validation procedure. We sample 100
candidate segments across 7 matrix languages for human validation: Arabic, Chinese Mandarin,
Czech, French, Hindi, Japanese, Russian. For each segment, annotators are asked 5 questions:

1. Is the transcript correct?

2. Does the segment contain <lang1>?
3. Is <langl> the matrix language?

4. Does the segment contain <lang2>?

5. Are all <lang2> words proper nouns?
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Types Examples

Transcript Errors  param (*S' )® -

Proper NGk QHH

Cognates moment la pour la phase 2 seulement deux

Table 6.1: Examples of common non-CS distractors: words in red caused text-based LID to incor-
rectly predict the presence of English.

Set Samples Evaluated Precision
mine_iter0 700 18.0%
mine_iterl 120 70.0%

Table 6.2: Precision of samples selected from mine_iter0 vs mine_iterl, measured via agreement
with human evaluations.

Each of these must be answered with “Yes”, “No”, or “I can't tell”. Additionally, we solicit
comments for each segment where any of Q1-4 were not answered with "Yes".

This human feedback is then utilized via in-context learning when prompting the LLM to gen-
erate responses to the same 5 questions for all candidate segments (see 86.5 for example prompts).
Note: we also allow the LLM to generate comments. We then Iter the candidate segments us-
ing the following criteria: Q1-4 = "Yes" and Q5 = "No". The resulting set is taken as the nal
CS-YODAS set (mine_iterl).

Evaluating the Pipeline

We conducted human evaluation on 200 candidate segments drawn from the mine_iterO set for
each of the seven aforementioned matrix languages. Of these, 100 samples were used as in-context
examples for the LLM-based validation round, while the remaining 100 were passed through the
full data mining pipeline, with some ultimately appearing in the nal validated set, mine_iter1.

As shown in Table 6.2, 700 candidate segments from mine_iterO were evaluated and only
18% were con rmed to be true instances of code-switching. Following the human-in-the-loop
validation, the resulting mine_iterl set reached 70% precision across 120 segments identi ed as
code-switched.

Table 6.3 further breaks down the effect of human-in-the-loop validation, providing the full
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Lang TP FP FN TN Pre. (%) Rec. (%)

ara 16 13 20 51 55.2 44.4
ces 1 1 1 97 50.0 50.0
cmn 20 6 7 67 76.9 74.1
fra 9 6 13 72 60.0 40.9
hin 34 7 8 51 82.9 81.9
jpn 2 3 10 50 40.0 16.7
rus 2 0 28 70 100.0 6.7

all 84 36 87 458 70.0 49.1

Table 6.3: Full confusion matrix breakdown of the human-in-the-loop stage of the data mining
pipeline. TP = True Positive, FP = False Positive, FN = False Negative, Pre. = Precision, Rec. =

Recall.

confusion matrix across the 7 matrix languages. Hindi, Chinese, and Arabic yielded the most
true positive code-switched samples at precision rates of 82.9%, 76.9%, and 55.2% respectively.
Japanese and Russian yielded very few true positives; we found that samples with only proper
nouns in the embedded language made up a large portion of the false negatives, indicating some an-
notator disagreement with our Itering methodology (hamely requiring Q5 = “No”). These results
highlight variation in the reliability of automatic code-switch detection across matrix languages,
underscoring the importance of gathering language-speci ¢ human feedback.

Limitations: Recall and Representativeness

While the previous analysis demonstrates substantial gains in precision, evaluating recall in this
setting is signi cantly more challenging. The pipeline operates over a large, weakly supervised
corpus of web audio, where the total number of true code-switched segments is unknown. As a
result, it is not possible to directly measure how many valid instances of code-switching are missed.
The reported recall should therefore be interpreted only with respect to the evaluated subset, rather
than as a measure of absolute coverage.

More importantly, recall is shaped by the design of the retrieval pipeline itself. Our approach
relies on transcript-based Itering and text-based language identi cation (LID), which introduces
several sources of bias. First, transcripts must be available and suf ciently accurate, which is
not guaranteed in many multilingual or informal settings. Second, text-based LID favors segments
with clear lexical evidence of multiple languages, and may fail to detect more subtle or phonetically
integrated instances of code-switching. Third, alignment quality plays a critical role: short or rapid

70



Lang CS Duration Total Duration CS Rate (%)

ara 0.6 2.8 21.4
ces 0.0 0.3 13.7
cmn 0.5 4.1 12.1
fra 28.5 273.7 10.4
hin 6.3 21.2 29.7
jpn 0.3 2.0 15.0
rus 1.1 8.9 12.4
all 37.3 312.7 11.9

Table 6.4: Durations (hours) per matrix language: "CS Duration" refers to intra-sentential CS
segments while “Total Duration” refers to contextual chunks (CS segment + 15 sec of left/right
pad). CS Rate = CS Duration / Total Duration.

switches may be missed if they are not well aligned to the transcript.

These modeling choices implicitly determine what types of code-switching are recoverable.
For example, segments containing short insertions, named entities, or phonologically adapted bor-
rowings are more likely to be Itered out, even if they re ect genuine multilingual usage. Con-
versely, segments with more explicit lexical mixing are more likely to be retained. As a result, the
nal dataset may not fully re ect the distribution of code-switching observed in the wild.

Taken together, these limitations suggest that CS-YODAS should be viewed as a partial sample
of spontaneous code-switched speech. Future work may improve recall and coverage by incorpo-
rating speech-based LID, relaxing transcript requirements, or explicitly modeling uncertainty in
alignment and segmentation.

Capturing Code-Switching Context

With CS-YODAS, we aim to facilitate the study of when and where code-switching arises in real-
world communication contexts. To this end, we construct CS-YODAS in a contextual manner
as follows. As described in the previous sections, we rst mine a set of target segments with
intra-sentential code-switching — these are typically short (<5 sec) utterances. We then extract the
surrounding contexts (15 sec before and after) for these target segments and concatenate, producing
a contextual chunk. In the case that multiple target segments are within 30 seconds of each other,
we simply merge them into one contiguous contextual chunk.

As shown in Table 6.4, the total duration of contextual audio for the seven matrix languages
is 312.7 hours. Of this, 37.3 hours (11.9%) correspond to intra-sententially code-switched speech.
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Certain languages, such as Arabic and Hindi, exhibit a higher code-switching rate.

Dataset Statistics

Dataset Matrix Langs Domain Speech Type  Hours
ArzEn 1 Conversation  Spontaneous 12
Bangor Miami 1 Conversation  Spontaneous 35
SEAME 1 Conversation  Spontaneous 192
ESCWA 2 Conversation  Spontaneous 3
MUCS 2 Lecture Structured 160
Soapies 4 TV Scripted 14
CS-FLEURS 52 Wikipedia  Read/Synthetic 294
- read-set 14 Wikipedia Read 17

- xtts-set 16 Wikipedia Synthetic 221

- mms-set 45 Wikipedia Synthetic 56
CS-YODAS 7 Youtube Spontaneous 313

Table 6.5: Summary of CS-YODAS vs. CS-FLEURS.

Summary statistics are presented in Table 6.5. The nal CS-YODAS release comprises 313
hours of speech across 7 matrix languages.

CS-FLEURS vs CS-YODAS Comparison:

Existing code-switched speech corpora fall along a clear trade-off between linguistic realism and
language coverage. Prior spontaneous datasets such as ArzEn, Bangor Miami, and SEAME consist
of conversational speech, but are limited to one or two language pairs and relatively narrow do-
mains. Other datasets expand coverage modestly (e.g., Soapies, MUCS), but often rely on scripted
or structured speech rather than naturally occurring interactions.

More recent efforts, such as CS-FLEURS (Yan et al., 2025a), signi cantly increase language
coverage by constructing code-switched data at scale. CS-FLEURS spans dozens of languages (up
to 52 matrix languages) and hundreds of hours by generating code-switched text from Wikipedia
and realizing it through read speech and text-to-speech synthesis. This enables controlled evalua-
tion across many language pairs, but the resulting speech re ects the constraints of its construction:
it is read or synthetic, tied to a written domain, and lacks the spontaneity of real conversational
code-switching.
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In contrast, CS-YODAS focuses on capturing code-switching as it occurs in practice. It consists
of over 300 hours of naturally occurring speech from YouTube across multiple domains, including
informal conversation, commentary, and mixed-media content. While its language coverage (7
matrix languages) is smaller than CS-FLEURS, it provides spontaneous, in-the-wild examples
of when and how speakers switch languages, including phenomena that are dif cult to simulate
through text generation alone.

Taken together, these datasets occupy complementary positions. CS-FLEURS enables large-
scale, controlled evaluation across many languages, while CS-YODAS captures the variability and
unpredictability of real-world code-switching. This distinction is critical: models that perform well
on synthetic or read code-switching do not necessarily generalize to spontaneous settings, where
language alternation is driven by discourse, context, and speaker intent rather than prede ned text.

6.3 Dataset Analyses

Overview

The primary motivation of our dataset analysis is to augment the dataset with additional metadata,
such as language roles, parts-of-speech, and text or audio domains. In this section, we describe our
methodology for generating metadata and summarize the metadata distributions.

Please be aware that the following analyses are based on data which we estimate to be of 70%
precision (as described in section 86.2). Please also refer to §86.5 for further discussion of the
limitations of this dataset.

Language Distributions

First, let's address the obvious question: how often did code-switching occur in-the-wild? Given
that our method prioritizes precision over recall we cannot directly answer this question. Instead,
we try to provide a lower-bound estimate by reporting the data mining yield rate (i.e. the number
of segments identi ed as code-switched out of the total number of source segments) — we expect
that the actual rate of code-switching in-the-wild is somewhat higher than the yield rate. As shown
in Figure 6.2, the yield varied greatly across matrix languages, ranging from 0.01% for Russian
to 6.87% Hindi. Arabic (1.64%), French (0.66%), and Chinese (0.52%) also exhibited moderate
yield rates.

Next, let's examine the distribution of embedded languages. English is by far the most com-
mon embedded language, accounting for 85.6% of the data. Figure 6.3 shows the English vs.
Non-English embedded language breakdown across the 7 matrix languages. Arabic (27.6%) and
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Figure 6.2: Yield (%) of segments identi ed as code-switched out of the total number of segments
across matrix languages.

French (14.6%) exhibit the highest rates of code-switching with non-English languages. For Ara-
bic, Egyptian Arabic accounted for the highest proportion of non-English code-switching. For
French, Arabic accounted for the highest rate of non-English code-switching.

Lexical Distributions

Next, we examine the lexical distribution of the embedded English words to better understand
the conversational purpose of code-switching. Our analysis focuses on English words to ensure
reliable part-of-speech (POS) tagging. We rst extract all English words and run POS tagging
using spaCy. Each word is then assigned to one of four categories: content words, function words,
proper nouns, and discourse markers. Content words include nouns, verbs, adjectives, and adverbs.
Proper nouns are treated as a separate category. Function words include determiners, adpositions,
conjunctions, particles, and auxiliaries. Finally, discourse markers include interjections such as
“yeah”, “like”, “well”, etc.

Figure 6.4 plots the proportions of the four lexical categories for both CS-YODAS and CS-
FLEURS; the denominator here is the total count of embedded English words. Both sets contain
mostly content words and proper nouns among their embedded English words. However, CS-
YODAS shows a much smaller proportion of function words, nearly half that of CS-FLEURS - this
suggests that the lexical pattern of the synthesized CS-FLEURS text may be unnatural. This nding
aligns with linguistic theory, which suggests that function words should be least commonly used
in the embedded language (Myers-Scotton, 1993). Finally, CS-YODAS includes some discourse
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Figure 6.3: Proportions (%) of examples with English vs. Non-English as the embedded language
across matrix languages.

markers, which are typical in conversational speech, whereas CS-FLEURS has none, consistent
with its synthetic nature.

Domain Distributions

To further characterize the dataset, we obtain topical domain labels by feeding transcripts to a
multilingual text-based domain classi cation modelve then use these domain labels to estimate
where code-switching tends to occur. To do so, we compare the proportional representation of
each domain in CS-YODAS to that in the original YODAS corpus. For each domain, we compute
the ratio between its relative frequency in CS-YODAS and its relative frequency in YODAS. A
value greater than one indicates that the domain is over-represented in CS-YODAS relative to
the source YODAS data, while values below one indicate under-representation. This approach
normalizes for overall corpus composition and highlights domains where code-switching occurs
disproportionately often.

As shown in Figure 6.5, informal and tech-oriented domains such as Games, Internet and
Telecom, and Computers and Electronics show the strongest over-representation, suggesting that
code-switching frequently arises in conversational, online, and technology-related contexts. Mod-
erately elevated ratios are also observed in Sports, Business, and News, where English terms or
expressions are often borrowed. In contrast, more formal or topic-speci ¢ domains, such as Law

2https://huggingface.co/nvidia/multilingual-domain-classifier
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Figure 6.4: Proportions (%) of embedded English words across 4 categories: content words, proper
nouns, function words, and discourse markers.

and Government, Health, Science, and People and Society, show lower ratios, indicating that code-
switching is less common in structured or institutional settings.

6.4 Baseline Experiments

CS-FLEURS
Train Set FLEURS READ
XTTS1 MMS 3 .
ara-eng cmn-eng fra-eng hin-eng jpn-eng rus-eng
w/o CS-YODAS 97.4 99.7 99.9 0 0 0 0 0 0
w/ CS-YODAS 96.3 99.5 99.8 0 0.3 51.1 19.3 0 0

Table 6.6: Comparison of spoken LID models with and without CS-YODAS training data. Accu-
racy (%) is reported on FLEURS and CS-FLEURS.

Overview

Modern multilingual speech recognition and translation systems rely on accurate spoken LID both
for curating large-scale training datasets (Valk and Alumae, 2021; Peng et al., 2025) and for routing
input to the language-speci ¢ modules (Radford et al., 2023; Pratap et al., 2024). However, current
spoken LID systems (Jia et al., 2023; Wang et al., 2025) are almost exclusively trained under the
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assumption that utterances are purely monolingual, ignoring the possibility that a single utterance
may contain multiple languages. Prior work has shown that this monolingual bias greatly limits the
quality of downstream speech processing for code-switched speech (Peng et al., 2023; Yan et al.,
2025a).

This limitation re ects a broader gap in LID research. Burchell et al. (2024) show that even in
the text domain, utterance-level code-switched LID remains challenging. In the spoken domain,
prior LID studies (Rangan et al., 2020; Li et al., 2023a) are limited to only a few language pairs.
We argue that this gap primarily stems from a data bottleneck: large-scale multilingual speech
corpora with natural code-switching and reliable language labels have been lacking.

In this work, we leverage CS-YODAS alongside the monolingual FLEURS dataset and the
synthetic code-switched CS-FLEURS dataset to establish baseline LID systems that explicitly ac-
count for both monolingual and code-switched utterances. Our ndings show that synthetic code-
switched training data alone is insuf cient to support robust generalization, and that exposure to
spontaneous, naturally occurring code-switching is essential. These results highlight the impor-
tance and feasibility of curating large-scale spontaneous code-switched resources to enable more
realistic spoken LID in the wild.

Experimental Setup

We compare two training data con gurations: (1) simply combining the FLEURS (Conneau et al.,
2023) training set with the XTTS-generated training data from CS-FLEURS and (2) further in-
cluding CS-YODAS datd.Both con gurations contain 102 monolingual languages and 16 code-
switched language pairs. The 16 pairs originate from CS-FLEURS, with 6 of them further sup-
plemented by data from CS-YODAS. We refer to these settings as “w/o CS-YODAS” and “w/
CS-YODAS" respectively.

Our LID models are based on self-supervised representations, with MMS (Pratap et al., 2024)
as the upstream encoder and ECAPA-TDNN (Desplanques et al., 2020) as the downstream embed-
ding extractor. Classi cation is performed using the AAMSoftmax loss (Deng et al., 2019) with
the sub-center enhancement (Zhao et al., 2021), following the ESPnet-SPK implementation (Jung
et al., 2024). For code-switched utterances, each language pair is treated as a distinct class (i.e.
“cmn” and “cmn-eng” are distinct). Training hyperparameters and optimization settings are kept
consistent with the VoxLingual07-only setup described in Wang et al. (2025). The nal models
are selected based on the best accuracy on the FLEURS dev set and CS-YODAS XTTS1 test set.
Models are evaluated on FLEURS and CS-FLEURS test sets.

3We only use the examples with English as the embedded language for this experiment, and exclude ces due to its
limited data.
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Results and Discussion

As shown in Table 6.6, the model “w/o CS-YODAS” performs well on in-domain settings, includ-
ing FLEURS and the CS-FLEURS XTTS1, as well as the out-of-domain synthetic CS-FLEURS
MMS. However, the model fails across all languages in CS-FLEURS READ; the model is unable
to distinguish code-switched utterances. We posit that this is due to a domain mismatch resulting
from a lack of natural code-switched training data.

After incorporating the CS-YODAS training data, performance improves on the fra—eng (0% to
51.1%) and hin—eng (0% to 19.9%) subsets of the CS-FLEURS READ. This zero-to-one improve-
ment demonstrates that exposure to in-the-wild code-switched speech enables models to begin
generalizing to natural switching patterns beyond what synthetic data can support.

As shown in Figure 6.6, there is a clear trend between code-switched training data duration and
code-switched LID performance: accuracy does not rise past O until after 5 hours of code-switched
training data is available.

Our hope is that these baselines demonstrating the impact of in-the-wild code-switched training
data motivates future dataset construction efforts, as our belief is that solving the data problem is
critical towards building effective code-switched spoken LID systems.

6.5 Conclusion

In summary, our work introduces CS-YODAS, a large-scale dataset of spontaneous, naturally oc-
curring code-switched speech. Using CS-YODAS along with the existing CS-FLEURS, we are
able to show that synthetically generated code-switching has yet to thoroughly mimic the patterns
observed in the wild. Further, we show that synthetic code-switched training data has yet to obviate
the need for collecting spontaneous code-switched speech. Our hope is that CS-YODAS facilitates
future research towards building robust spoken LID systems capable of handling all nuances of
multilingual communication.

Limitations

While CS-YODAS represents a signi cant step toward large-scale, naturally occurring code-switched
speech resources, several limitations remain.

First, the underlying source corpus, YODAS, is based on Creative Commons YouTube content,
which inherently biases the dataset toward publicly available and broadcast-style material, such
as news, educational talks, and announcements. While the dataset still captures code-switching in
daily, informal contexts, we suspect that the casual setting may be underrepresented.
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Second, while we implemented a human-in-the-loop validation pipeline to improve the preci-
sion of mined code-switched examples, the scale of the data precludes exhaustive manual veri -
cation. We also acknowledge other the presence of residual noise from the source corpus, such as
transcription and audio segmentation errors.

Finally, reliable evaluation of code-switching requires skilled bilingual annotators. This re-
liance on language-speci ¢ expertise is a limiting factor against scaling coverage, and thus this
release of CS-YODAS spans only 7 matrix languages.

Ethics Statement

This dataset is a mined subset from an already publicly released dataset, so we do not foresee any
harm arising from its content. Annotators were recruited for this project on a volunteer basis and
were made aware of our data mining approach and thus agreed to the use of their feedback to re ne
the dataset.

Example LLM Prompts

Overview

This section provides examples of the prompts used for text-based LID and human-in-the-loop
Validation, supplementing the main description of the LLM-based data mining pipeline in 86.2.

Text-based LID

Table 6.7 illustrates an example prompt used for the rst stage of our data mining pipeline. We
task the LLM with identifying all languages that appear in the segment. We use only 3 in-context
examples in this stage; this choice was made in an attempt to maximize throughput.

Human-in-the-Loop Validation

Table 6.8 illustrates an example prompt used for the second stage of our data mining pipeline. We
task the LLM with replicating the human feedback pattern. We use 100 in-context examples in this
stage, sourced from the human feedback on same-language samples; this choice was made in an
attempt to maximize accuracy.
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(System) You are performing text-based language identi cation. We are trying to identify code-mixed or code-
switched utterances.

(User) Text: “U>0: %8 often X(1a0,1” “alsoy#0O0€" z

For the given text in triple backticks identify ALL languages that appear. There may be only a single language or
multiple languages that are code-mixed together. Your nal answer should list the languages in order of prevalence.
Code-mixing, or code-switching, is de ned as the alternation of two languages within a single discourse, sentence,
or constituent. Double check whether the text contains code-switching by reviewing word-by-word. Do not simply
glance at the overall sentence and only write down the dominant language.

Format your response as a json object.

(Assistant) {"languages": ["Chinese", "English"]}
... 3 in-context examples are provided in total ...

(User) <Prompt with target segment>
(Assistant) <Text-based LID output>

Table 6.7: Example prompt used for text-based LID. In-context examples are depicted in blue and
target segment prompt/response are depicted in violet.

(System) You are performing data validation. We are looking for code-switched speech examples by examining
transcript text.

(User) Text: “*adx00,]*K 14h,/C Authority*

For the given text in triple backticks, answer the following 5 questions:
1. Is the transcript correct?

2. Does the speech contain Chinese?

3. Is Chinese the matrix language?

4. Does the speech contain English?

5. Are all English words proper nouns?

(Assistant) {"Q1": "Yes", "Q2": "Yes", "Q3": "Yes", "Q4": "Yes", "Q5": "No", "Comments": "}
... 100 in-context examples are provided in total ...

(User) <Prompt with target segment>
(Assistant) <Human-in-the-loop Validation output>

Table 6.8: Example prompt used for human-in-the-loop validation. In-context examples are de-
picted in blue and target segment prompt/response are depicted in violet.
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Figure 6.5: CS likelihood by domain (CS-YODAS proportion / YODAS proportion): values
greater/less than 1 suggest higher/lower CS likelihood.
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Figure 6.6: Accuracy (%) on CS-FLEURS READ vs. Duration (hours) of CS-YODAS training
data.
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Chapter 7

CS-Anything: Towards Massively Scaling
Language-Factorized ASR

Summary

Massively multilingual speech models support over 100 languages, yet still underperform on code-
switched speech. We argue that this gap is structural rather than purely data-driven: systems such
as Whisper select a single language mode for the entire utterance, presuming that language iden-
tity never changes within a sequence. We present a scalable language-factorized ASR framework
that combines frame-level Language Diarization with Language-Diarization-Conditioned Whis-
per (LaDiCoW). Experiments on 18 languages across CS-FLEURS and additional conversational
benchmarks show that modeling language identity over time signi cantly reduces the performance
gap between monolingual and code-switched speech.

7.1 Introduction

In the current era of massively multilingual speech foundation models (Li et al., 2022b; Radford
et al., 2023; Omnilingual et al., 2025) that operate on 100+ languages, is code-switched speech
recognition already solved? On the surface, it seems that any entity (human or machine) that has
mastered N languages would also be capable of understanding any @f tbede-switching com-
binations. Yet recent investigations (Yan et al., 2025a) indicate that state-of-the-art transcription
models such as Whisper (Radford et al., 2023) still perform signi cantly worse on code-switched
speech compared to monolingual speech with identical topical domains and audio conditions. This
performance discrepancy motivates the core question behind this work: what is prohibiting mod-
ern transcription systems from mastering code-switching?

83



A simplistic answer would be data scarcity: a recent study (Yan et al., 2026) estimated that less
than 2% of publicly available YouTube data contained code-switching. One may argue that since
code-switching is rare and only found in particular bilingual conversational settings, it should not
be surprising that models trained on web-scale data under-perform on this corner case of speech —
in this work we offer an alternative to this status quo.

Our view is that modern transcription systems under-perform for code-switching because they
lack language diarization, or the ability to determine what language is being spoken and when.
Therefore, in this work we seek to demonstrate that language diarization is the critical compo-
nent needed to unlock massively multilingual code-switched transcription.

To illustrate why language diarization is critical, we need to rst highlight the fundamen-
tal incompatibility of modern multilingual system design with code-switched speech. Systems
like Whisper rely on language-speci c transcription modes, commonly implemented via language
ID tokens which auto-regressively condition transcript generation, which are statically set at an
utterance-level (as opposed to a more ne-grained frame-level). Workarounds like setting multiple
utterance-level language IDs at once can improve performance (Peng et al., 2023), but not to the
degree where transcriptions are reliable.

Alternatively, if a system has language diarization then it can apply the appropriate language-
speci c transcription modes on the respective portions of the code-switched utterance. These inter-
mediate monolingual transcriptions are then merged into the ultimate code-switched transcription.
This approach, coined as language-factorized ASR, was rst demonstrated on the bilingual set-
ting (Yan et al., 2022b). In fact, it was shown that such systems can be constructed with minimal
code-switched data (Yan et al., 2023c), refuting the aforementioned view that code-switched ASR
is entirely bottle-necked by data scarcity. The key intuition of the approach, which is to break the
bilingual task into monolingual parts, was also validated in related prior works (Lu et al., 2020;
Zhou et al., 2020b; Dalmia et al., 2021a; Tian et al., 2022; Song et al., 2022), and several works
already shown that bilingual decomposition can be done using language diarization (Liu et al.,
2021, 2023, 2025).

In this work we make the following contributions:

» Formulation of large-scale language-factorized ASR, leveraging the 100+ language Whisper
foundation model

» Empirical validation on the broadest existing code-switched ASR benchmark, CS-FLEURS
(Yan et al., 2025a), along with additional bilingual conversational sets, for a total of 18
language’s

There is potential for supporting 100+ languages, but this work was limited by the coverage of synthetic code-
switched training data.
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» Release of open-source models, data, and infrastructure

Our hope is that these efforts encourage further developments of exible multilingual speech pro-
cessing models which are robust to any and all types of code-switched speech (Auer, 2013).

7.2 Background and Motivation

Language-Factorized Bilingual ASR

We rst review the conditionally factorized framework for bilingual ASR proposed in (Yan et al.,
2022b). Let X denote speech features and Y 7 & (VM [V B)jn = 1;:::; Lg denote bilingual
transcriptions, where ¥/ and \F are the Mandarin and English vocabularies, respectively. The
transcription Y may be purely monolingual or code-switched.

Rather than directly modeling p(Y jX), the key idea is to introduce monolingual label-to-frame
alignment sequencesMZ = fz M 2 vM [f2gjt = 1;::;;Tgand Z B =fz F 2 VE [f2gjt =
1;:::; Tg, where ? denotes the CTC blank symbol. Under the assumption thaaid Z& are
conditionally independent given X, Viterbi approximation yields:

. X .
7 =arg max  logp(zjX); 2 fM;Eg: (7.1)

t=1

The nal transcription Y is then obtained by deterministically mergfty and2E. Given these
monolingual alignments, no additional information from X is required to determine the output Y,
a property we refer to as language-factorized.

Limitations of the Bilingual Formulation

While the bilingual conditional factorization is elegant, it faces fundamental scalability limitations.
The framework requires one monolingual encoder per language, meaning that supporting N lan-
guages would require N separate encoders in addition to a bilingual decoder for each 'g)f the
possible pairs.

Moreover, the original formulation relies on CTC-based label-to-frame synchronization to pro-
vide ordering information, which constrains the choice of ASR architecture to CTC models. Mod-
ern large-scale ASR foundation models such as Whisper (Radford et al., 2023) use an encoder-
decoder attention architecture which fundamentally differs from the non-autoregressive CTC mod-
els.

These limitations motivate our reformulation, which replaces CTC-based bilingual synchro-
nization with explicit language diarization and leverages Whisper as the ASR backbone.
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7.3 Proposed Framework

Overview

Our goal is to preserve the principle of language factorization while removing the aformentioned
scalability bottlenecks (87.2). Instead of implicitly separating languages through monolingual
encoders and CTC alignment, we make frame-level language identity an explicit, standalone clas-
si cation problem. This leads to a two-stage decomposition that scales more naturally to 100+
languages.

Stage 1: Language Diarization (LaDi)

We de ne language diarization as frame-level language ID. Let L denote the set of known lan-

or a non-speech label. The language diarization network is initialized from the Whisper encoder,
which produces 50 frames per second, and uses a frame-level projection head to produce D via

argmax.
The diarization output D is then segmented into per-language time intervals. For a language * 2
L acive We derive language-speci ¢ segments B [(s1;€1);:::; (Sk ; & )] consisting of K time

intervals (start, end) where language " is active. These segments serve as the language diarization
conditioning signal for the downstream ASR model.

Stage 2: LaDi-Conditioned Whisper (LaDiCoW)

We adapt the DiCoW (Diarization-Conditioned Whisper) architecture (Polok et al., 2026), origi-
nally designed for speaker-attributed ASR, to our language-factorized ASR setting. In the orig-
inal DiCoW, frame-level speaker diarization masks indicating Silence-Target-Non-target-Overlap
(STNO) categories are injected into each Whisper encoder layer via frame-level diarization-dependent
transformations (FDDT). FDDT applies category-speci ¢ af ne transformations weighted by the
diarization probabilities at each frame. We re-purpose this mechanism for language conditioning.
For a given target language °, we construct a language diarization mask analogous to the speaker
STNO mask, where frames are categorized as: silence (no speech), target language °, or non-target
language (any other languageJhe FDDT layers then adapt the encoder representations to focus

on the target language, enabling target-language ASR.

2Unlike in speaker diarization, we do not expect any overlaps in our formulation of language diarization.
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For each language detected in the diarization output, " 2t LaDiCoW performs target-
language ASR producing segment-level alignment sequenggs # .., 2 V [ftime-stampsg j
k = 1;:::;Kg, where each g, represents a segment of transcription and with predicted time-
stamps. The sequence is obtained via auto-regressive decoding:

\ X . \
Zseg: arg max Iog p(zseg;kl Zseg;<k; X; D ): (7.2)

%9 k=1
This new formulation in equation 7.2 differs from equation 7.1 in two critical ways:

« Language diarization outputs, Dare now additionally provided as a conditional variable.

» Segment-level alignment sequences for each Iangua;\ggea;?e now produced auto-regressively.

In other words, we've reformulated the task of generating monolingual target-language alignment
sequences to be compatible with the LaDiCoW backbone. The nal code-switched transcription
Y is then composed by interleaving the sets of segment-to-frame alignmgga,tacioss all ac-

tive languages, Leiver @according to the chronological order of the predicted time-stamps for each
segment.

7.4 Experimental Setup

Datasets

The same data is used for Stage 1: LaDi and Stage 2: LaDiCoW. Experiments are based on a
diverse set of code-switched benchmarks which are summarized as follows.
In total, there are 7 different test sets (14 languages):

« CSFL-READ (Yan et al., 2025a): consists of 12 matrix langu&ge#h English embed-
ded. This is the broadest single set of code-switched speech across languages, collected via
read speech on generated Wiki-domain text; we use this set to compare performance across
languages without interference from topical domain or audio condition differences.

* SEAME (Lyu et al., 2010): consists of the SGE set which is matrix (Singaporean) English
with embedded Mandarin and the MAN set which is matrix Mandarin with embedded En-
glish. The speech is conversational.

* ARZN (Hamed et al., 2022): matrix Egyptian Arabic with embedded English. The speech
is conversational.

3Arabic, Czech, Mandarin, German, French, Hindi, Italian, Japanese, Korean, Portuguese, Russian, Spanish
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* MUCS (Diwan et al., 2021a): consists of the HIN set which is matrix Hindi with embedded
English and the BEN set which is matrix Bengali with embedded English. The embedded
English found in these lecture-style sets are often technical or otherwise rare terms.

We consider two training data settings:

* CSFL (17 langs): training only on the CSFL synthetically generated data. Note that the
CSFL training data covers all the languages in the conversational sets except for Bengali.

 All (18 langs): training on CSFL, SEAME, ARZN, MUCS.

These two data settings allow for the comparison of in-domain versus out-domain performance on
the SEAME, ARZN and MUCS sets; furthermore, it can demonstrate the ef cacy of synthetic-only
training data towards general performance.

Data Preparation

All of our code-switched corpora were created originally for code-switched ASR: the corpora pro-
vide speech segments with their corresponding transcripts. To support the training and evaluation
of LaDi and LaDiCoW systems, we rst constructed silver language diarization labels using the
following strategy:

1. We rst align speech to tokenized transcripts using the MMS universal forced alignment
model (Pratap et al., 2024). This CTC-based alignment model operates on Romanized text
and was trained on thousands of languages. We therefore consider this to be a multi-lingually
robust choice for our code-switched data.

2. We then run text-based language ID using the FastText (Joulin et al., 2017) model on indi-
vidual tokens, restricting the classi cation to the expected languages for each set.

Combining token-to-speech alignment (step 1) with token-level language ID (step 2) yields lan-
guage diarization labels - we label these as “silver” rather than “gold” since they were not produced

directly via human annotation.

Metrics

For language diarization, we report Jaccard Error Rate (JER#) (Ryant et al., 2019; Watanabe
et al., 2020). Let Rand P denote the reference and predicted time regions for language ". JER is
de ned as one minus the mean intersection-over-union across all L languages:

1 X jRAP

L, IR [P 73
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Unlike diarization error rate, which is dominated by majority classes, JER's intersection-over-
union formulation balances performance across languages regardless of how much they are spoken.
This is particularly important in code-switched speech, where embedded languages often occupy
substantially less duration than the matrix language.

For ASR, we report Character Error Rate (CER#Y. We select CER rather than Word Error
Rate because it provides a consistent unit of measurement across languages with different writing
systems and tokenization conventions. CER enables direct comparison and aggregation across
languages without relying on language-speci c tokenization rules.

Comparisons

We compare our LaDi systems to two baselines:

 ECAPA-TDNN (Ravanellietal., 2021): a spoken language ID system run with two temporal
resolutions (0.25s and 8s windows).

» Whisper Pipeline: a baseline which rst runs default Whisper ASR and then derives lan-
guage diarization predictions via forced alignment and token-level language ID (using a
similar process as described for silver labels §7.4).

These baselines are limited: (i) neither are not trained on code-switched data and (ii) ECAPA-
TDNN is an utterance-level language ID model. We therefore also provide two hypothetical sys-
tems (referred to as strawmen) for comparison:

» Matrix Language: predicts the matrix " for all frames.
* Embed Language: predicts the embedded " for all frames.

The Matrix Language strawman is a proxy for the best that an utterance-level spoken language ID
system could do on the code-switched language diarization task.
For ASR, we compare with four baselines:

» Whisper (Seg): a baseline which rst uses silver language diarization to segment utterances
and then runs Whisper ASR on those monolingual segments individually.

* Whisper (Utt): a baseline which runs Whisper ASR on code-switched utterances. We force
Whisper to use the matrix language mode rather than relying on Whisper's language 1D
predictions which can be unreliable (Yan et al., 2025b).

4Evaluation is performed after removing punctuation, casing, and white-space to avoid penalizing formatting differ-
ences.
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» Whisper-FT (CSFL): Whisper ne-tuned on CSFL only.
* Whisper-FT (All): Whisper ne-tuned on all data.

The two ne-tuned Whisper models are the main comparison points since they utilize the same
training data, but the other two baselines are nonetheless useful points of reference.

7.5 Results and Analyses

We rst present results on language diarization and ASR individually, where diarization-conditioned
ASR systems utilize only silver diarizations. We then present results on the cascade, where
diarization-conditioned ASR systems utilize predicted diarizations. Breakdowns by language are
also presented.

Language Diarization

Table 7.1: Language Diarization (JER#) Performance. Lighter Cells = Out-Domain. Darker Cells
= In-Domain.

CSFL SEAME ARZN MUCS
READ SGE MAN ARA HIN BEN

Straw Matrix Language 67.45 43.29 59.00 47.73 53.27 59.29
Straw Embed Language 82.40 80.26 75.42 86.69 86.23 84.28

Base EcapaTDNN (8s) 65.32 91.2981.90 69.28 70.0358.17
Base EcapaTDNN (0.25< 99.00 98.28 97.51 99.05 99.6699.14
Base Whisper Pipeline 41.52 31.18 34.25 49.59 44.2379.35

Ours LaDi (CSFL) 27.59 61.6148.08 47.49 56.0796.26
Ours LabDi (All) 19.61 16.4716.19 22.05 28.2521.77

Type Model

In Table 7.1, we compare LaDi to several strawmen and baseline systems (described in §7.4).
As expected, while neither strawman performs well, predicting the matrix language results in
a lower JER than assigned to the embedded language. The baselines using the EcapaTDNN
utterance-level spoken language ID system also perform poorly: choosing a wide window of 8s
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mimics the matrix language strawman to a certain degree, albeit with additional language con-
fusions, while choosing a narrow window of 0.25s results in a highly noisy diarization which
suggests that the system requires more context to make reliable classi cations. The strongest base-
line is the Whisper Pipeline, which can successfully diarize portions of code-switched speech but
only if Whisper produced correct code-switched transcriptions, which is not guaranteed.

The performance of the LaDi systems exhibit a large effect of in-domain training. For instance,
LaDi (CSFL) is signi cantly worse on the SEAME-SGE set compared to LaDi (All): this can be
partly attributed to the mismatch between the Mandarin-English data seen during training (matrix
Mandarin) and testing (matrix English). Other factors such as audio conditions and speaker differ-
ences (particularly accents) likely also contribute to the lack of out-domain generalization shown
by LaDi (CSFL). On the other hand, the LaDi (All) system exhibits relatively low JER across all
sets.

ASR

Table 7.2: ASR (CER#) Performance. Lighter Cells = Out-Domain. Darker Cells = In-Domain.
Language Diarization (LD) column indicates use of (S)ilver or (P)redicated.

CSFL SEAME ARZN MUCS
READ SGE MAN ARA HIN BEN

Base Whisper (Seq) S 23.84 37.4443.45 39.69 75.10 167.3
Base Whisper (Utt) - 14.25 63.76 74.46 90.91 53.17 91.43

Base Whisper-FT (CSFL - 6.91 36.8631.31 28.87 56.70103.18
Base Whisper-FT (All) 6.68 12.2710.88 14.06 30.98 20.80

Ours LaDiCoW (CSFL) S 5.01 38.9130.86 25.54 37.44 51.02
Ours LaDiCoW (All) S 3.86 10.90 8.47 12.61 21.08 13.23
Ours LaDiCoW (All) P 7.99 13.5711.82 16.25 33.59 30.55

Type Model LD

In Table 7.2, we compare LaDICoW to several Whisper-based baseline systems (described in
§7.4). Surprisingly, the Whisper (Seg) baseline performed worse than Whisper (Utt) despite the
former utilizing silver diarizations to segment each utterance into monolingual segments. Error
analysis revealed that Whisper (Seg) was negatively impacted by high insertion error rates which
occurred for many short (< 0:5s) segments of embedded language; we attribute the root cause of
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this failure mode to noise in the silver labels resulting in slightly truncated words and Whisper's
tendency to hallucinate given a noisy input. The Whisper-FT baselines performed much better
in comparison. The improvement of Whisper-FT (CSFL) versus Whisper (Utt) demonstrates the
general ef cacy of the synthetic CSFL training data: all sets showed substantial improvements
after ne-tuning except MUCS (a more technical domain and Bengali is unseen).

LaDiCoW systems performed the best overall. Comparing LaDiCoW (CSFL) with the Whisper-
FT (CSFL) baseline, the improvements on the MUCS sets were the most signi cant: the im-
provement on the unseen Bengali-English language pair highlights that our language-factorized
approach generalizes better across languages than the baseline approach. Comparing LaDiCoW
(All) with the Whisper-FT (All) baseline, there are consistent improvements across all sets: this
demonstrates that even in the setting where in-domain code-switched training data is available,
conditioning ASR on silver language diarization is more powerful than statically setting lan-
guage ID at an utterance-level.

Finally, the comparison of LaDiCoW with predicted versus silver language diarization exhibits
a gap across the board; as expected the performance of LaDi limits the overall performance of
LaDiCoW. If language diarization is perfect, then LaDiCoW signi cantly outperforms Whisper-FT
baselines. However, in practice the errors in predicted language diarization are propagating errors
in transcription — currently conditioning ASR on predicted language diarization signi cantly
degrades performance. Next, we'll address the key follow-up question: how much better would
ASR get if language diarization improved by X%.

% — LaDiCow
=)

ot - - Whisper-FT
) - Breakeven

JER (%#)

Figure 7.1: Cascaded Performance Trendline: LaDiCoW performance (CER) as a function of LaDi
performance (JER).

In Figure 7.1, the left-most blue dot represents LaDiCoW given silver language diarization
(JER=0) and the right-most dot represents LaDiCoW given predicted language diarization (JER=19:61).
The remaining blue dots represent LaDiCoW given simulated language diarizations with linearly
decreasing JER: this trend-line estimates that LaDiCoW surpasses the Whisper-FT baseline on
CSFL-READ if JER is less than 8:1. This analysis suggests that any future improvements to
language diarization are expected to yield linear improvements to ASR performance.
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Breakdowns by Language
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Figure 7.2: Language Diarization by Language (CSFL-READ).

In Figure 7.2, we breakdown the language diarization performance of LaDi (All) across the 13
languages (12 matrix, 1 embedded) of the CSFL-READ set. Compared to the Whisper Pipeline
baseline, LaDi's performance is far more consistent across languages. Unsurprisingly English, the
only embedded language, had highest JER for LaDi in this breakdown.
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Figure 7.3: ASR by Language (CSFL-READ). Code-switched language pairs with distinct writing
scripts are colored red.

In Figure 7.3, we breakdown the ASR performance of LaDiCoW (All) across the 12 code-
switched language-pairs of the CSFL-READ set. Compared to the two Whisper baselines, LaDi-
CoW performed signi cantly better on language pairs with distinct writing scripts, high-
lighting the bene t of LaDICoW's ability to switch between language-speci ¢ transcription modes
within an utterance.
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7.6 Conclusion

We demonstrate that by conditioning Whisper on language diarization, rather than statically setting
an utterance-level language 1D, code-switched transcription performance improves signi cantly.
Our results also indicate that synthetic code-switched data can enable the construction of reason-
able language diarization and language-diarization-conditioned ASR systems, but does not obviate
the need for the collection of naturally occurring code-switched speech. We hope that this proof of
concept affects future development towards new speech systems that can “code-switch anything”.

94



Part Il

Sequential, Non-Temporal Multi-Sequence
Modeling
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Chapter 8

Multi-Decoder: End-to-End Differentiable
Cascaded Speech Translation

Summary

This chapter delves into sequential, non-temporal multi-sequence modeling which is required for
speech translation with an end-to-end model.

End-to-end approaches for sequence tasks are becoming increasingly popular. Yet for complex
sequence tasks, like speech translation, systems that cascade several models trained on sub-tasks
have shown to be superior, suggesting that the compositionality of cascaded systems simpli es
learning and enables sophisticated search capabilities. In this chapter, we present an end-to-end
framework that exploits compositionality to learn searchable hidden representations at interme-
diate stages of a sequence model using decomposed sub-tasks. These hidden intermediates can
be improved using beam search to enhance the overall performance and can also incorporate ex-
ternal models at intermediate stages of the network to re-score or adapt towards out-of-domain
data. One instance of the proposed framework is a Multi-Decoder model for speech translation
that extracts the searchable hidden intermediates from a speech recognition sub-task. The model
demonstrates the aforementioned bene ts and outperforms the previous state-of-the-art by around
+6 and +3 BLEU on the two test sets of Fisher-Call[Home and by around +3 and +4 BLEU on the
English-German and English-French test sets of MuST-C.

8.1 Introduction

The principle of compositionality loosely states that a complex whole is composed of its parts and
the rules by which those parts are combined (Lake and Baroni, 2018). This principle is present
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in engineering, where task decomposition of a complex system is required to assess and optimize
task allocations (Levis et al., 1994), and in natural language, where paragraph coherence and dis-
course analysis rely on decomposition into sentences (Johnson, 1992; Kuo, 1995) and sentence
level semantics relies on decomposition into lexical units (Liu et al., 2020c).

Similarly, many sequence-to-sequence tasks that convert one sequence into another (Sutskever
et al., 2014) can be decomposed to simpler sequence sub-tasks in order to reduce the overall com-
plexity. For example, speech translation systems, which seek to process speech in one language and
output text in another language, can be naturally decomposed into the transcription of source lan-
guage audio through automatic speech recognition (ASR) and translation into the target language
through machine translation (MT). Such cascaded approaches have been widely used to build prac-
tical systems for a variety of sequence tasks like hybrid ASR (Hinton et al., 2012), phrase-based
MT (Koehn et al., 2007b), and cascaded ASR-MT systems for speech translation (ST) (Pham et al.,
2019a).

End-to-end sequence models like encoder-decoder models (Bahdanau et al., 2015; Vaswani
et al., 2017), are attractive in part due to their simplistic design and the reduced need for hand-
crafted features. However, studies have shown mixed results compared to cascaded models par-
ticularly for complex sequence tasks like speech translation (Inaguma et al., 2020) and spoken
language understanding (Coucke et al., 2018). Although direct target sequence prediction avoids
the issue of error propagation from one system to another in cascaded approaches (Tzoukermann
and Miller, 2018), there are many attractive properties of cascaded systems, missing in end-to-end
approaches, that are useful in complex sequence tasks.

In particular, we are interested in (1) the strong search capabilities of the cascaded systems that
compose the nal task output from individual system predictions (Mohri et al., 2002; Kumar et al.,
2006; Beck et al., 2019), (2) the ability to incorporate external models to re-score each individual
system (Och and Ney, 2002; Huang and Chiang, 2007), (3) the ability to easily adapt individual
components towards out-of-domain data (Koehn and Schroeder, 2007; Peddinti et al., 2015), and
nally (4) the ability to monitor performance of the individual systems towards the decomposed
sub-task (Tillmann and Ney, 2003; Meyer et al., 2016).

In this paper, we seek to incorporate these properties of cascaded systems into end-to-end
sequence models. We rst propose a generic framework to learn searchable hidden intermediates
using an auto-regressive encoder-decoder model for any decomposable sequence task (88.3). We
then apply this approach to speech translation, where the intermediate stage is the output of ASR,
by passing continuous hidden representations of discrete transcript sequences from the ASR sub-
net decoder to the MT sub-net encoder. By doing so, we gain the ability to use beam search
with optional external model re-scoring on the hidden intermediates, while maintaining end-to-end
differentiability. Next, we suggest mitigation strategies for the error propagation issues inherited
from decomposition.
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Figure 8.1: The left side present the schematics and the information ow of our proposed frame-
work applied to ST, in a model we call the Multi-Decoder. Our model decomposes ST into ASR
and MT sub-nets, each of which consist of an encoder and decoder. The right side displays a Multi-
Sequence Attention variant of the DECODg#hat is conditioned on both speech information via

the ENCODERgg and transcription information via the ENCOD&R

We show the ef cacy of searchable intermediate representations in our proposed model, called
the Multi-Decoder, on speech translation with a 5.4 and 2.8 BLEU score improvement over the
previous state-of-the-arts for Fisher and CallHome test sets respectively (§88.6). We extend these
improvements by an average of 0.5 BLEU score through the aforementioned bene t of re-scoring
the intermediate search with external models trained on the same dataset. We also show a method
for monitoring sub-net performance using oracle intermediates that are void of search errors (88.6).
Finally, we show how these models can adapt to out-of-domain speech translation datasets, how
our approach can be generalized to other sequence tasks like speech recognition, and how the
bene ts of decomposition persist even for larger corpora like MuST-C (88.6).

8.2 Background and Motivation

Compositionality in Sequences Models

The probabilistic space of a sequence is combinatorial in nature, such that a sentence of L words
from a xed vocabulary V would have an output space S of siz&.j\ij order to deal with this
combinatorial output space, an output sentence is decomposed into labeled target tokens, y =

. V .
Plyjx) = PiiX;ywii)

i=1
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An auto-regressive encoder-decoder model uses the above probabilistic decomposition in sequence-
to-sequence tasks to learn next word prediction, which outputs a distribution over the next target

is the input sequence length. In the next sub-section we detail the training and inference of these
models.

Auto-regressive Encoder-Decoder Models

Training: In an auto-regressive encoder-decoder model, the ENCODER maps the input sequence

The DECODER then auto-regressively maps and the preceding ground-truth output tokens,
Y111, to hP, where IP 2 R9. The sequence of decoder hidden representations férn=h

denotes an af ne projection ofthto V followed by a softmax function.

hE = ENCODER(X)
P = DECODER(h®;$141 ) (8.1)
P(y1 j 9111 ;hF) = SoFTMAXOUT(AP) (8.2)

During training, the DECODER performs token classi cation for next word prediction by consid-
ering only the ground truth sequences for previous tokens Y. We refer t6this oracle decoder
representations, which will be discussed later.

Inference: During inference, we can maximize the likelihood of the entire sequence from the
output space S by composing the conditional probabilities of each step for the L tokens in the
sequence.

hP = DECODER(N® ;Y11 ) (8.3)
P(ijXy1i1 )= SOFTMAXOUT(h )
Y’_
¥ :argrzgax P(ijX;ywi1) (8.4)
y

i=1

This is an intractable search problem and it can be approximated by either greedily choosing
argmax at each step or using a search algorithm like beam search to approximate y. Beam search
(Reddy, 1988) generates candidates at each step and prunes the search space to a tractable beam
size of B most likely sequences. As B ! 1, the beam search result would be equivalent to
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equation 8.4.

GREEDYSEARCH:= argmaxP (y; j X; Y111 )
Yi

BEAMSEARCH = BEAM(P (Y | X; Y111 ))

In approximate search for auto-regressive models, like beam search, the DECODER receives al-
ternate candidates of previous tokens to nd candidates with a higher likelihood as an overall
sequence. This also allows for the use of external models like Language Models (LM) or Connec-
tionist Temporal Classi cation Models (CTC) for re-scoring candidates (Hori et al., 2017b).

8.3 Proposed Framework

In this section, we present a general framework to exploit natural decompositions in sequence tasks
which seek to predict some output C from an input sequence A. If there is an intermediate sequence
B for which A ! B sequence transduction followed by B ! C prediction achieves the original

task, then the original A ! C task is decomposable.

In other words, if we can learn P(B j A) then we can learn the overall task of P(C | A)
through max(P(C j A; B)P(B j A)), approximated using Viterbi search. We de ne a rst
encoder-decoder Syg NET to map an input sequence A to a sequence of decoder hidden states,
hPe. Then we de ne a subsequent Sgi@ NET to map e to the nal probabilistic output space
of C. Therefore, we call?¢ hidden intermediates. The following equations shows the two sub-
networks of our framework, Sug NET and Su,c NET, which can be trained end-to-end
while also exploiting compositionality in sequence tasks.

SuBag NET:
hE = ENCODER, (A)
fiPe = DEcoperg(h®;9E; )
P(yE 98, ;hE)=SorTmMaxOuT(hD®) (8.5)
SuUBgic NET:
P(CjhP®) = SuBgc NET(AP®) (8.6)

Note that this framework does not use locally-normalized softmax distributions but rather the hidden representations,
thereby avoiding label bias issues when combining multiple sub-systems (Bottou et al., 1997; Wiseman and Rush,
2016).
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Note that the nal prediction, given by equation 8.6, does not need to be a sequence and can be a
categorical class like in spoken language understanding tasks. Next we will show how the hidden
intermediates become searchable during inference.

Searchable Hidden Intermediates

As stated in section 88.2, approximate search algorithms maximize the likelihood, P (y j x), of
the entire sequence by considering different candidatas gach step. Candidate-based search,
particularly in auto-regressive encoder-decoder models, also affects the decoder hidden repre-
sentation, R, as these are directly dependent on the previous candidate (refer to equations 8.1
and 8.3). This implies that by searching for better approximations of the previous predicted to-
kens, 1 = (Y sean)i1 , We also improve the decoder hidden representations for the next token,
hP = (h2.,,)i- As Yeeaw ! ¥, the decoder hidden representations tend to the oracle decoder
representations that have only errors from next word predictifn,,h AP. A perfect search is
analogous to choosing the ground truth ¥ at each step, which wouldffeld

We apply this beam search of hidden intermediates, thereby approxinfiétingith hCg, .
This process is illustrated in algorithm 1, which shows beam searctpfgy, that are subsequently
passed to the Sy NET.2 An external model like an LM or a CTC model can be used to gen-
erate an alternate sequence likelihoog B/ F), which can be combined with the Swg NET
likelihood, Ps(y B j x) , with a tunable parameter .
We can monitor the performance of the SyB NET by comparing the decoded intermediate
sequence §.,,, to the ground truth $. We can also monitor the Sgg NET performance by
using the aforementioned oracle representations of the intermedi&eswhich can be obtained
by feeding the ground truth8to DECODER;. By passindiPe to Sussic NET, we can observe
its performance in a vacuum, i.e. void of search errors in the hidden intermediates.

Multi-Decoder Model

In order to show the applicability of our end-to-end framework we propose our Multi-Decoder
model for speech translation. This model predicts a sequence of text translatidrsy an input
sequence of speech x and uses a sequence of text transcriptidressyan intermediate. In this

case, the Sugg NET in equation 8.5 is speci ed as the ASR sub-net and thegrUBIET in

eqguation 8.6 is speci ed as the MT sub-net. Since the MT sub-net is also a sequence prediction
task, both sub-nets are encoder-decoder models in our architecture (Bahdanau et al., 2015; Vaswani
etal., 2017). In Figure 8.1 we illustrate the schematics of our transformer based Multi-Decoder ST

2The algorithm shown only considers a single top approximation of the search; however, with added time-complexity,
the nal task prediction improves with the n-best,, for selecting the best resultant C.
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Algorithm 1 Beam Search for Hidden Intermediates: We perform beam search to approximate
the most likely sequence for the sub-task A ! B, §,,,, while collecting the corresponding
DECODER; hidden representationshh,,. The output 52, is passed to the nal sub-network to
predict nal output C and §.,,, is used for monitoring performance on predicting B.

Initialize: BEAM fsosg; k beam size

hE~r  ENCODER A (X)

1. Forl=1to maxsreps
(@) Foreachf, 2 BEAM:

i. Compute decoder hidden statg’®h DECODER g(h&*;yf, )
i. For each candidate token¥2y P, +fVg:
A. Compute score;s P ag (YEjX)! Pexr(YP)
B. Store hypothesis: H (s|;y,B;h,DB)
(b) Update beam: BEAM arg‘max(H)

(sB;yB .;hot.,) argmax(BEAM)
ReturnyB_,,, ! SUB ag NET Return hDe,, ! Final SUB gic NET

model which can also be summarized as follows:

hEss® = ENCODERxsr(X) (8.7)
AP+ = DECODERsr(h E*; $457 (8.8)
hEs = ENCODERg(AP#") (8.9)
APsT = DECODERg(hE="; 95T, (8.10)

As we can see from Equations 8.9 and 8.10, the MT sub-network attends only to the decoder
representationd)®+s=, of the ASR sub-network, which could lead to the error propagation issues
from the ASR sub-network to the MT sub-network similar to the cascade systems, as mentioned
in 88.1. To alleviate this problem, we modify equation 8.10 such that DEcgpatends to both

hEst and hFss=:

APS" = DECODERZA(hEsr; hExse; 95T, (8.11)

We use the multi-sequence cross-attention discussed by Helcl et al. (2018), shown on the right side
of Figure 8.1, to condition the nal outputs generatedf’chT on both speech and transcript infor-
mation in an attempt to allow our network to recover from intermediate mistakes during inference.
We call this model the Multi-Decoder w/ Speech-Attention.
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8.4 Baseline Encoder-Decoder Model

For our baseline model, we use an end-to-end encoder-decoder (Enc-Dec) ST model with ASR
joint training (Inaguma et al., 2020) as an auxiliarly loss to the speech encoder. In other words, the
model consumes speech input using the ENCoRERto produce &#s:, which is used for cross-
attention by DECODERsr and the DECODERy. Using the decomposed ASR task as an auxiliary
loss also helps the baseline Enc-Dec model and provide strong baseline performance, as we will
see in Section 8.6.

8.5 Data and Experimental Setup

Data: We demonstrate the ef cacy of our proposed approach on ST in the Fisher-CallHome
corpus (Post et al., 2013) which contains 170 hours of Spanish conversational telephone speech,
transcriptions, and English translations. All punctuations except apostrophes were removed and
results are reported in terms of detokenized case-insensitive BLEU (Papineni et al., 2002; Post,
2018). We compute BLEU using the 4 references in Fisher (dev, dev2, and test) and the single
reference in Call[Home (dev and test) (Post et al., 2013; Kumar et al., 2014; Weiss et al., 2017).
We use a joint source and target vocabulary of 1K byte pair encoding (BPE) units (Kudo and
Richardson, 2018a).

We prepare the corpus using the ESPnet library and we follow the standard data preparation,
where inputs are globally mean-variance normalized log-mel lterbank and pitch features from
up-sampled 16kHz audio (Watanabe et al., 2018). We also apply speed perturbations of 0.9 and
1.1 and the SS SpecAugment policy (Park et al., 2019).

Baseline Con guration: All of our models are implemented using the ESPnet library and trained
on 3 NVIDIA Titan 2080Ti GPUs for 12 hours. For the Baseline Enc-Dec baseline, discussed in
88.4, we use an ENCODEEg consisting of a convolutional sub-sampling by a factor of 4 (Watan-
abe et al., 2018) and 12 transformer encoder blocks with 2048 feed-forward dimension, 256 at-
tention dimension, and 4 attention heads. The DEcqogEand DECODER; both consist of 6
transformer decoder blocks with the same con guration as ENCQaER here are 37.9M train-

able parameters. We apply dropout of 0.1 for all components, detailed in the Appendix (8.9).

We train our models using an effective batch-size of 384 utterances and use the Adam optimizer
(Kingma and Ba, 2015) with inverse square root decay learning rate schedule. We set learning rate
to 12.5, warmup steps to 25K, and epochs to 50. We use joint training with hybrid CTC/attention
ASR (Watanabe et al., 2017b) by setting mtl-alpha to 0:3 and asr-weight to 0:5 as de ned by
Watanabe et al. (2018). During inference, we perform beam search (Seki et al., 2019b) on the ST
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sequences, using a beam size of 10, length penalty of 0.2, max length ratio of 0.3 (Watanabe et al.,
2018).

Multi-Decoder Con guration: For the Multi-Decoder ST model, discussed in 88.3, we use the
same transformer con guration as the baseline for the ENCQRERECODER,sg, and DECODER;.
Additionally, the Multi-Decoder has an ENCODgRconsisting of 2 transformer encoder blocks
with the same con guration as ENCODER, giving a total of 40.5M trainable parameters. The
training con guration is also the same as for the baseline. For the Multi-Decoder w/ Speech-
Attention model (42.1M trainable parameters), we increase the attention dropout of the ST decoder
to 0.4 and dropout on all other components of the ST decoder to 0.2 while keeping dropout on the
remaining components at 0.1. We veri ed that increasing the dropout does not help the vanilla
multi-decoder ST model.

During inference, we perform beam search on both the ASR and ST output sequences, as
discussed in 88.3. The ST beam search is identical to that of the baseline. For the intermediate
ASR beam search, we use a beam size of 16, length penalty of 0.2, max length ratio of 0.3. In
some of our experiments, we also include fusion of a source language LM with a 0.2 weight and
CTC with a 0.3 weight to re-score the intermediate ASR beam search (Watanabe et al., 2017b).
For the Speech-Attention variant, we increase LM weight to 0.4.

Note that the ST beam search con guration remains constant across our baseline and Multi-
Decoder experiments as our focus is on improving overall performance through searchable inter-
mediate representations. Thus, the various re-scoring techniques applied to the ASR beam search
are options newly enabled by our proposed architecture and are not used in the ST beam search.

8.6 Results

Table 8.1 presents the overall ST performance (BLEU) of our proposed Multi-Decoder model. Our
model improves by +2.9/+0.3 (Fisher/CallHome) over the best cascaded baseline and by +5.6/+1.5
BLEU over the best published end-to-end baselines. With Speech-Attention, our model improves
by +3.4/+1.6 BLEU over the cascaded baselines and +7.1/+2.8 BLEU over encoder-decoder base-
lines. Both the Multi-Decoder and Multi-Decoder w/ Speech-Attention on average are further
improved by +0.9/+0.4 BLEU through ASR re-scorihg.

Table 8.1 also includes our implementation of the Baseline Enc-Dec model discussed in 88.4.
In this way, we are able to make a fair comparison with our framework as we control the model and
inference con gurations to be analagous. For instance, we keep the same search parameters for the

3We also evaluate our models using other MT metrics to supplement these results, as shown in the Appendix (8.9).
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Uses Speech Fisher CallHome

Model Type Model Name Transcripts  dev(") dev2(") test(") dev(") test(")
Cascade Inaguma et al. (2020) 3 41.5 43.5 42.2 19.6 19.8
Cascade ESPnet ASR+MT (2018) 3 50.4 51.2 50.7 19.6 19.2
Enc-Dec Weiss et al. (2017) 7 46.5 47.3 473 164 16.6
Enc-Dec Weiss et al. (2017) 3 48.3 49.1 48.7 16.8 174
Enc-Dec Inaguma et al. (2020) 46.6 47.6 46.5 16.8 16.8
Enc-Dec Guo et al. (2021) 48.7 49.6 47.0 18.5 18.6
Enc-Dec Our Implementation 49.6 50.9 49.5 19.1 18.2

52.7 53.3 52.6 20.5 20.1
53.3 54.2 53.7 21.1 20.8
54.6 54.6 54.1 21.7 21.4
55.2 55.2 55.0 21.7 215

Multi-Decoder Our Proposed Model
Multi-Decoder +ASR Re-scoring

Multi-Decoder  +Speech-Attention
Multi-Decoder +ASR Re-scoring

W Wy | ww,

Table 8.1: Results presenting the overall performance (BLEU) of our proposed multi-decoder
model. Cascade and Enc-Dec results from previous papers and our own implementation of the
Enc-Dec are shown for comparison. The best performing models are highlighbeghlemented

with LSTM, while all others are Transformer-based.

nal output in the baseline and the Multi-Decoder to demonstrate impact of the intermediate beam

search.

Bene ts
Sub-network Performance Monitoring

An added bene t of our proposed approach over the Baseline Enc-Dec is the ability to monitor the
individual performances of the ASR (% WER) and MT (BLEU) sub-nets as shown in Table 8.2.
The Multi-Decoder w/ Speech-Attention shows a greater MT sub-net performance than the Multi-
Decoder as well as a slight improvement of the ASR sub-net, suggesting that ST can potentially

help ASR.

Beam Search for Better Intermediates

The overall ST performance improves when a higher beam size is used in the intermediate ASR
search, and this increase can be attributed to the improved ASR sub-net performance. Figure 1
shows this trend across ASR beam sizes of 1, 4, 8, 10, 16 while xing the ST decoding beam size
to 10. A beam size of 1, which is a greedy search, results in lower ASR sub-net and overall ST
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Overall | Sub-Net Sub-Net
Model ST(") | ASR#) MT("

Multi-Decoder 52.7 22.6 64.9
+Speech-Attention  54.6| 22.4 66.6

Table 8.2: Results presenting the overall ST performance (BLEU) of our Multi-Decoder models,
along with their sub-net ASR (% WER) and MT (BLEU) performances. All results are from the
Fisher dev set.

performances. As beam sizes become larger, gains taper off as can be seen between beam sizes of
10 and 16.

External Models for Better Search

External models like CTC acoustic models and language models are commonly used for re-scoring
encoder-decoder models (Hori et al., 2017b), due to the difference in their modeling capabilities.
CTC directly models transcripts while being conditionally independent on the other outputs given
the input, and LMs predict the next token in a sequence.

Both variants of the Multi-Decoder improve due to improved ASR sub-net performance using
external CTC and LM models for re-scoring, as shown in Table 8.3. We use a recurrent neural
network LM trained on the Fisher-CallHome Spanish transcripts with a dev perplexity of 18.8
and the CTC model from joint loss applied during training. Neither external model incorporates
additional data. Although the impact of the LM-only re-scoring is not shown in the ASR % WER,
it reduces substitution and deletion rates in the ASR and this is observed to help the overall ST
performance.

Error Propagation Avoidance

As discussed in §8.3, our Multi-Decoder model inherits the error propagation issue as can be seen
in Figure 8.3. For the easiest bucket of utterances with < 40% WER in Multi-Decoder's ASR sub-
net, our model's ST performance, as measured by the corpus BLEU of the bucket, exceeds that
of the Baseline Enc-Dec. The inverse is true for the more dif cult bucket of [40; 80)%, showing
that error propagation is limiting the performance of our model; however, we show that multi-
sequence attention can alleviate this issue. For extremely dif cult utterances in the 80% bucket,
ST performance for all three approaches is suppressed. We also provide qualitative examples of
error propagation avoidance in the Appendix (8.9).
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Figure 8.2: Results studying the effect of the different ASR beam sizes in the intermediate rep-
resentation search on the overall ST performance (BLEU) and the ASR sub-net performance
(% WER) for our multi-decoder model. Beam of 1 is same as greedy search.

Generalizability

In this section, we discuss the generalizability of our framework towards out-of-domain data. We
also extend our Multi-Decoder model to other sequence tasks like speech recognition. Finally, we
apply our ST models to a larger corpus with more language pairs and a different domain of speech.

Robustness through Decomposition

Like cascaded systems, searchable intermediates provide our model adaptability in individual sub-
systems towards out-of-domain data using external in-domain language model, thereby giving
access to more in-domain data. Speci cally for speech translation systems, this means we can use
in-domain language models in both source and target languages. We test the robustness of our
Multi-Decoder model trained on Fisher-CallHome conversational speech dataset on read speech
CoVost-2 dataset (Wang et al., 2020b). In Table 8.4 we show that re-scoring the ASR sub-net
with an in-domain LM improves ASR with around 10.0% lower WER, improving the overall ST
performance by around +2.5 BLEU. Compared to an in-domain ST baseline (Wang et al., 2020a),
our out-of-domain Multi-Decoder with in-domain ASR re-scoring demonstrates the robustness of
our approach.
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Overall | Sub-Net

Model ST(") | ASR(#)
Multi-Decoder 52.7 22.6
+ASR Re-scoring w/ LM 53.2 22.6
+ASR Re-scoring w/ CTC 52.8| 221
+ASR Re-scoring w/ LM 53.3 21.7
Multi-Decoder w/ Speech-Attn. 54.6| 22.4
+ASR Re-scoring w/ LM 55.1 22.4
+ASR Re-scoringw/ CTC 54.7| 22.0
+ASR Re-scoring w/ LM 55.2 21.9

Table 8.3: Results presenting the overall ST performance (BLEU) and the sub-net ASR (% WER)
of our Multi-Decoder models with external CTC and LM re-scoring in the ASR intermediate rep-
resentation search. All results are from the Fisher dev set.

Decomposing Speech Transcripts

We apply our generic framework to another decomposable sequence task, speech recognition, and
show the results of various levels of decomposition in Table 8.5. We show that with phoneme,
character, or byte-pair encoding (BPE) sequences as intermediates, the Multi-Decoder presents
strong results on both Fisher and CallHome test sets. We also observe that the BPE intermediates
perform better than phoneme/character variants, which could be attributed to the reduced search
capabilities of encoder-decoder models using beam search on longer sequences (Sountsov and
Sarawagi, 2016) like in phoneme/character sequences.

Extending to MuST-C Language Pairs

In addition to our results using the 170 hours of the Spanish-English Fisher-CallHome corpus, in
Table 8.6 we show that our decompositional framework is also effective on larger ST corpora. In
particular, we use 400 hours of English-German and 500 hours of English-French ST from the
MuST-C corpus (Di Gangi et al., 2019). Our Multi-Decoder model improves by +2.7 and +1.5
BLEU, in German and French respectively, over end-to-end baselines from prior works that do
not use additional training data. We show that ASR re-scoring gives an additional +0.1 and +0.4
BLEU improvement?

By extending our Multi-Decoder models to this MuST-C study, we show the generalizability of
our approach across several dimensions of ST tasks. First, our approach consistently improves over

4Details of the MuST-C data preparation and model parameters are detailed in Appendix (8.9).
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Figure 8.3: Results comparing the ST performances (BLEU) of our Baseline Enc-Dec, Multi-
Decoder, and Multi-Decoder w/ Speech-Attention across different ASR dif culties measured using
% WER on the Fisher dev set (1-ref). The buckets on the x-axis are determined using the utterance
level % WER using the Multi-Decoder ASR sub-net performance.

baselines across multiple language-pairs. Second, our approach is robust to the distinct domains
of telephone conversations from Fisher-CallHome and the TED-Talks from MuST-C. Finally, by
scaling from 170 hours of Fisher-CallHome data to 500 hours of MuST-C data, we show that the
bene ts of decomposing sequence tasks with searchable hidden intermediates persist even with
more data.

Furthermore, the performance of our Multi-Decoder models trained with only English-German
or English-French ST data from MuST-C is comparable to other methods which incorporate larger
external ASR and MT data in various ways. For instance, Zheng et al. (2021) use 4700 hours
of ASR data and 2M sentences of MT data for pretraining and multi-task learning. Similarly,
Bahar et al. (2021) use 2300 hours of ASR data and 27M sentences of MT data for pretraining.
Our competitive performance without the use of any additional data highlights the data-ef cient
nature of our proposed end-to-end framework as opposed to the baseline encoder-decoder model,
as pointed out by Sperber and Paulik (2020).
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Overall | Sub-Net

Model ST(") | ASR(#)
IN-DOMAIN ST MODEL
Baseline (Wang et al., 2020b) 12.Q -

+ASR Pretrain (Wang et al., 2020b) 23.0 16.0

OuUT-OF-DOMAIN ST MODEL

Multi-Decoder 11.8 46.8
+ASR Re-scoring w/ in-domain LM 14.4) 36.7
Multi-Decoder w/ Speech-Attention 12.6 46.5

+ASR Re-scoring w/ in-domain LM 15.0| 36.7

Table 8.4: Results presenting the overall ST performance (BLEU) and the sub-net ASR (% WER)
of our Multi-Decoder models when tested on out-of-domain data. All models were trained on the
Fisher-CallHome Es!En corpus and tested on CoVost2 Es!En corpusPretrained with 364
hours of in-domain ASR data.

8.7 Discussion and Relation to Prior Work

Compositionality: A number of recent works have constructed composable neural network mod-
ules for tasks such as visual question answering (Andreas et al., 2016), neural MT (Raunak et al.,
2019), and synthetic sequence-to-sequence tasks (Lake, 2019). Modules that are rst trained sep-
arately can subsequently be tightly integrated into a single end-to-end trainable model by passing
differentiable soft decisions instead of discrete decisions in the intermediate stage (Bahar et al.,
2021). Further, even a single encoder-decoder model can be decomposed into modular compo-
nents where the encoder and decoder modules have explicit functions (Dalmia et al., 2019).

Joint Training with Sub-Tasks: End-to-end sequence models been shown to bene t from in-
troducing joint training with sub-tasks as auxiliary loss functions for a variety of tasks like ASR
(Kim et al., 2017), ST (Salesky et al., 2019; Liu et al., 2020b; Dong et al., 2020; Le et al., 2020a),
SLU (Haghani et al., 2018). They have been shown to induce structure (Belinkov et al., 2020) and
improve the model performance (Toshniwal et al., 2017), but this joint training may reduce data
ef ciency if some sub-nets are not included in the nal end-to-end model (Sperber et al., 2019;
Wang et al., 2020c). Our framework avoids this sub-net waste at the cost of computational load
during inference.
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Fisher CallHome

Model Intermediate ASR(#) ASR(#)
Enc-Dec - 23.2 45.3
Multi-Decoder Phoneme 20.7 40.0
Multi-Decoder  Character 20.4 39.9
Multi-Decoder BPE100 19.7 38.9

Table 8.5: Results presenting the % WER ASR performance when using the Multi-Decoder model
on decomposed ASR task with phoneme, character, and BPE100 as intermediates. All results are
from the Fisher-CallHome Spanish corpugWeiss et al., 2017)

Speech Translation Decoders: Prior works have used ASR/MT decoding to improve the overall
ST decoding through synchronous decoding (Liu et al., 2020b), dual decoding (Le et al., 2020a),
and successive decoding (Dong et al., 2020). These works partially or fully decode ASR transcripts
and use discrete intermediates to assist MT decoding. Tu et al. (2017) and Anastasopoulos and
Chiang (2018) are closest to our multi-decoder ST model, however the bene ts of our proposed
framework are not entirely explored in these works.

Two-Pass Decoding: Two-pass decoding involves rst predicting with one decoder and then re-
evaluating with another decoder (Geng et al., 2018; Sainath et al., 2019; Hu et al., 2020; Rijhwani
et al., 2020). The two decoders iterate on the same sequence, so there is no decomposition into
sub-tasks in this method. On the other hand, our approach provides the subsequent decoder with a
more structured representation than the input by decomposing the complexity of the overall task.
Like two-pass decoding, our approach provides a sense of the future to the second decoder which
allows it to correct mistakes from the previous rst decoder.

Auto-Regressive Decoding:  As auto-regressive decoders inherently learn a language model along
with the task at hand, they tend to be domain speci ¢ (Samarakoon et al., 2018; Miiller et al., 2020).
This can cause generalizability issues during inference (Murray and Chiang, 2018a; Yang et al.,
2018), impacting the performance of both the task at hand and any downstream tasks. Our ap-
proach alleviates these problems through intermediate search, external models for intermediate
re-scoring, and multi-sequence attention.

111



En!De En'Fr
Model ST( | ST(

NeurST (Zhao et al., 2020) 229 33.3
Fairseq S2T (Wang et al., 2020a) 22.7 32.9
ESPnet-ST (Inaguma et al., 2020) 22.9 32.7
Dual-Decoder (Le et al., 2020a) 23.6 33.5

Multi-Decoder w/ Speech-Attn. 26.3| 37.0
+ASR Re-scoring 264 | 374

Table 8.6: Results presenting the overall ST performance (BLEU) of our Multi-Decoder
w/ Speech-Attention models with ASR re-scoring across two language-pairs, English-German
(En!De) and English-French (En!Fr). All results are from the MuST-C tst-COMMON sets.

All models use speech transcripts.

8.8 Conclusion and Future Work

We present searchable hidden intermediates for end-to-end models of decomposable sequence
tasks. We show the ef cacy of our Multi-Decoder model on the Fisher-CallHome Es!En and
MuST-C En!De and En!Fr speech translation corpora, achieving state-of-the-art results. We
present various bene ts in our framework, including sub-net performance monitoring, beam search
for better hidden intermediates, external models for better search, and error propagation avoid-
ance. Further, we demonstrate the exibility of our framework towards out-of-domain tasks with
the ability to adapt our sequence model at intermediate stages of decomposition. Finally, we show
generalizability by training Multi-Decoder models for the speech recognition task at various levels
of decomposition.

We hope insights derived from our study stimulate research on tighter integrations between
the bene ts of cascaded and end-to-end sequence models. Exploiting searchable intermediates
through beam search is just the tip of the iceberg for search algorithms, as numerous approximate
search techniques like diverse beam search (Vijayakumar et al., 2018) and best- rst beam search
(Meister et al., 2020) have been recently proposed to improve diversity and approximation of the
most-likely sequence. Incorporating differentiable lattice based search (Hannun et al., 2020) can
also allow the subsequent sub-net to digest n-best representations.

We've now established the ef cacy of sequential, non-temporal multi-sequence modeling for
speech translation on a number of high resourced language pairs. Next, we consider a more re-
source constrained setting.
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Model / Source \ ASR Output \ ST Output

Ground-Truth ... porgue tengca mis dos hijos acéa ... because i hav my two children here
Multi-Decoder ... porque tengtmis dos hijos aca ... because i havtwo kids here

+Speech-Attention ... porgque tengimis dos hijos acé ... because i hav my two children here
Ground-Truth puedes ayudar para g se haga justicia mas rapidoyou can helf so that justice is served quickly
Multi-Decoder puedes ayudar para g sea justicia mas rapido | you can helgsoit's faster

+Speech-Attention puedes ayudar para g sea justicia mas rapido | you can helgso that it's faste justice

Ground-Truth pero tiene muchas cosas muy bonitas but there are many beautiful things
Multi-Decoder pero tienen muchas cosas muy bonitas but they have a lot of nice things

+Speech-Attention perojtienen muchas cosas muy bonitas but there are many very beautiful things
Ground-Truth acampar ir a pescary ir a las montafias a esquialcamping and shing and going to the mountains to ski
Multi-Decoder acampar y a pescary y de las montafias esquiar .camping and shing and and the mountains skiing

+Speech-Attention 'a campar y ir a pescar y ir a las montafias a esqu camping and go shing and go to the mountains to ski

Table 8.7: Examples where the Multi-Decoder and Multi-Decoder w/ Speech-Attention models
make errors in the ASR portion of Spanish-English ST. In these cases the Speech-Attention com-
ponent alleviates ASR error propagation, producing correct translations despite mistakes in tran-
scription. Words that are transcribed/translated correctly are highlightgreen and those that

are incorrect are i pink .

8.9 Appendix

Training and Inference hyperparameters

We tune training and inference hyperparameters using only the dev sets. We rst determined the
best hyperparameters for our baseline Enc-Dec implementation and xed all settings not pertain-
ing to the unique searchable hidden intermediates of our Multi-Decoder. Then, we nd the best
hyperparameters for our proposed models under these constraints to demonstrate a true compar-
ison against the baseline. For our Speech-Attention variant, we found that increasing attention
dropout in the ST sub-net decoder to 0.4 improved performance, which we veri ed was not true
for the vanilla Multi-Decoder model. For our external model re-scoring, we found that a CTC
weight of 0.3 is best for all Multi-Decoder and Multi-Decoder w/ Speech-Attention. The best
LM weight for the Multi-Decoder was 0.2, while the best LM weight for the Multi-Decoder w/
Speech-Attention was 0.4. For both of these re-scoring hyperparameters, we tried [0:2; 0:3; 0:4].
For deciding the beam size, we use the experiment demonstrated in Figure 8.2 which uses beam
sizes of [1; 4; 8; 10; 16].
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Fisher test Call[Home test

Model BLEU (") METEOR(") TER®#) BLEU (") METEOR(") TER(#)
Baseline Enc-Dec 49.5 37.9 42.7 18.2 22.9 68.7
Multi-Decoder 52.6 39.7 40.5 20.1 24.6 66.5
+ASR Re-scoring 53.7 40.0 39.6 20.8 24.9 65.3
+Speech-Attention 54.1 40.2 39.2 21.4 25.2 65.3
+ASR Re-scoring 55.0 40.4 38.5 21.5 254 64.2

Table 8.8: Results presenting the performance of our Baseline Enc-Dec implementation and our
Multi-Decoder models as evaluated by three metrics: BLEU, METEOR, and Translation Edit Rate
(TER). These are the same models as in Table 8.1, which uses BLEU. All results are from the
Fisher-Call[Home Spanish-English test corpus.

Multi-Decoder ST Performance Across Other Automatic MT Metrics

To supplement our overall ST results on the Fisher/CallHome corpus in Table 8.1, which shows
BLEU scores, we also evaluated the same Multi-Decoder and Baseline Enc-Dec (Our Implementa-
tion) models on two additional metrics: METEOR (Banerjee and Lavie, 2005) and Translation Edit
Rate (TER) (Snover et al., 2006). Performance across all three metrics show consistent trends, with
the Multi-Decoder outperforming the Baseline Enc-Dec model on all metrics. We see that both the
Multi-Decoder and Multi-Decoder w/ Speech-Attention models are improved through ASR Re-
scoring. Further, the models with Speech-Attention perform better than those without.

Qualitative Examples of Error Propagation Avoidance

To supplement our qualitative analysis of the error propagation avoidance of the Multi-Decoder
with Speech-Attention model in §88.6, we also show four qualitative examples in Table 8.7. In the
rst three examples, the Multi-Decoder and Multi-Decoder with Speech-Attention models both
make the same mistakes in the ASR portion of Spanish-English translation, but the model with
Speech-Attention recovers by producing correct English translations despite mistakes in the Span-
ish transcription. On the other hand, the model without Speech-Attention propagates the Spanish
transcription errors into English translation errors. In the fourth example only the Multi-Decoder
w/ Speech-Attention makes a mistake in Spanish transcription, but the English translation still
recovers.
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MuST-C Data Setup and Model Details

Data: We extend our approach to other language pairs from the MuST-C speech translation cor-
pus (Di Gangi et al., 2019). These are recordings of TED talks in English with translations in
various target languages. In our experiments we show results on two language pairs, namely,
English-German and English-French. We use the provided dev set for deciding the training and
inference hyperparameters, as mentioned in Appendix (8.9). We report detokenized case-sensitive
BLEU (Post, 2018) on the tst-COMMON set. We apply the same text processing as done in (In-
aguma et al., 2020) and use a joint source and target vocabulary of 8K byte pair encoding (BPE)
units (Kudo and Richardson, 2018a). Similar to 88.5, we use the ESPnet library to prepare the
corpus, and apply the same data preparation and augmentations.

Multi-Decoder Con guration: For the MuST-C experiments, we scaled our Multi-Decoder w/
Speech-Attention con g from the Fisher-CallHome experiments by increasing the ENGOER
contain 4 transformer encoder blocks. We increased the attention dim and attention heads of the
ENCODERsr and DECODERgg t0o 512 dimension and 8 heads respectively, while only increasing
the attention dimension to 512 for ENCcoDERNd DECODER;. This increased the total trainable
parameters to 135M, which we trained on 4 NVIDIA V-100 GPUs for 3 days. We also found
that increasing the attention dropout of ASR decoder to 0.2 helped with the increased parameters.
We kept the remaining dropout parameters the same as our previous experiments. We also keep the
remaining training con gurations the same like the effective batch-size, learning rate and warmup
steps, loss weighting and SpecAugment policy.

During inference, we use the same beam sizes from our Fisher-CallHome experiments and we
perform a search across the length penalty and max length ratio settings using the MuST-C dev
sets. In the intermediate ASR beam search we use a length penalty of 0.1 and 0.2 for English-
German and English-French respectively. In the ST beam search we use a max length ratio of 0.3
and length penalties of 0.6 and 0.5 for English-German and English-French respectively. For our
experiments with ASR re-scoring, we use a LM weight of 0.1 and a CTC weight of 0.1. In these
re-scoring experiments we also set the ASR length penalty to 0.6 and the ST length penalty to
0.5, while increasing the ST max length ratio to 0.5. The LMs used were trained on the English
transcripts of the MuST-C English-German and English-French corpora, with dev perplexities of
32.7 and 23.2 respectively.
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Chapter 9

Application of Multi-Decoder to Dialectal
Speech Translation

Summary

This chapter applies the Multi-Decoder approach introduced in Chapter 6, a sequential, non-
temporal multi-sequence model, to a resource constrained setting.

This chapter describes CMU's submissions to the IWSLT 2022 dialect speech translation (ST)
shared task for translating Tunisian-Arabic speech to English text. We use additional paired Mod-
ern Standard Arabic data (MSA) to directly improve the speech recognition (ASR) and machine
translation (MT) components of our cascaded systems. We also augment the paired ASR data
with pseudo translations via sequence-level knowledge distillation from an MT model and use
these arti cial triplet ST data to improve our end-to-end (E2E) systems. Our E2E models are
based on the Multi-Decoder architecture with searchable hidden intermediates. We extend the
Multi-Decoder by orienting the speech encoder towards the target language by applying ST super-
vision as hierarchical connectionist temporal classi cation (CTC) multi-task. During inference,
we apply joint decoding of the ST CTC and ST autoregressive decoder branches of our modi ed
Multi-Decoder. Finally, we apply ROVER voting, posterior combination, and minimum bayes-
risk decoding with combined N-best lists to ensemble our various cascaded and E2E systems. Our
best systems reached 20.8 and 19.5 BLEU on test2 (blind) and testl respectively. Without any
additional MSA data, we reached 20.4 and 19.2 on the same test sets.
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9.1 Introduction

In this chapter, we present CMU's Tunisian-Arabic to English ST systems submitted to the IWSLT
2022 dialectal ST track (Anastasopoulos et al., 2022). One of our goals is to investigate dialectal
transfer from large MSA ASR and MT corpora to improve Tunisian-Arabic ST performance. We
also view this task as setting for extending the sequence-level knowledge distillation (SegKD) (Kim
and Rush, 2016a), E2E Multi-Decoder architecture (Dalmia et al., 2021b), and system combination
methods in our IWSLT 2021 of ine ST systems (Inaguma et al., 2020).

In particular, our contributions are the following:

Dialectal transfer from large paired MSA corpora to improve ASR and MT systems (89.3)
MT SegKD on MSA ASR data for arti cial ST triplets to improve E2E ST systems (89.3)
Multi-Decoder with hierarchical CTC training for target-oriented speech encodings (89.3)
Multi-Decoder with CTC beam search hypothesis re-scoring during ST inference (89.3)
Multi-Decoder with surface and posterior-level guidance from external models (89.3)

S e o

Joint minimum bayes-risk decoding as an ensembling method (89.3)

Results on the blind test set, test2, and ablations on the provided test set, testl, demonstrate the
overall ef cacy of our systems and the relative contributions of the aforementioned techniques
(89.5).

9.2 Task Description and Data Preparation

The Arabic language is not a monolith. Of its estimated 400 million native speakers, many speak
in colloquial dialects such as, Tunisian-Arabic, that have relatively less standard orthographic rules
and smaller ASR and MT corpora compared to formal MSA (Hussein et al., 2022). Both of these
realities present challenges to building effective ST systems, and as such the dialectal speech trans-
lation shared task is an important venue for tackling these research problems.

Table 9.1 shows the corpora relevant to the shared task. The IWSLT22-Dialect corpus consists
of ST triplets where 160 hours of 8kHz conversational Tunisian-Arabic speech are annotated with
transcriptions and also translated into English. The MGB2 corpus (Ali et al., 2016) consists of
1100 hours of 16kHz broadcast MSA speech and the corresponding transcriptions. The OPUS
corpus (Tiedemann et al., 2020) consists of 42M MSA-English translation pairs across several
domains. Any systems that use MGB2 or OPUS data for pre-training, ne-tuning, or any other
purpose are designated as dialect transfer systems.

We do not use self-supervised representations, morphological analyzers, or any other resources reliant on data other
than the three aforementioned corpora.
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#Hours #Sentence

of Speech Arabic English

IWSLT22-Dialect 160 0.2M 0.2M
MGB2 1100 1.1M -
OPUS - 42M 42M

Table 9.1: Statistics for the three corpora included in the IWSLT 2022 dialect ST shared task.
IWSLT22-Dialect has triplets of speech, source Arabic transcription, and target English translation.
MGB2 and OPUS have only pairs for ASR and MT respectively.

Following the shared task guidelines, punctuation is removed and English text is lower-cased.
Buckwalter one-to-one transliteration of Arabic text (Habash et al., 2007) was applied to help
non-Arabic speakers with ASR output interpretation. English sentences were tokenized with the
tokenizer.perl script in the Moses toolkit (Koehn et al., 2007b) for training and detokenized
for scoring. Language-speci ¢ sentence-piece vocabularies were created using the byte pair en-
coding (BPE) algorithm (Sennrich et al., 2016) with the sentencepiece toolkit> Speech data
was up-sampled by a factor of 3 using 0.9 and 1.1 speed perturbation ratios (Ko et al., 2015). The
IWSLT22-Dialect data was upsampled to 16kHz for consistency using the sox tdolkit

9.3 Proposed Methods

In this section, we describe our cascaded (89.3) and E2E systems (89.3). Then we describe methods
for integrating both approaches §9.3.

Cascaded ASR!MT Systems
ASR

To train ASR models for our cascaded system, we use the ESPnet (Watanabe et al., 2018) frame-
work. Our ASR architecture is based on hybrid CTC/attention approach (Watanabe et al., 2017b)
with a Conformer encoder (Gulati et al., 2020). The Conformer, which employs convolutions to
model local patterns and self-attention to model long-range context, has shown to be effective on
both ASR and E2E ST tasks (Guo et al., 2021; Inaguma et al., 2020). We also use a bidirectional
LSTM (Hochreiter and Schmidhuber, 1997; Graves and Schmidhuber, 2005) language model (LM)

2https://github.com/google/sentencepiece
3http://sox.sourceforge.net
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to re-score beam search hypotheses during inference. We ensemble multiple ASR systems with
varying hyper-parameters using Recognizer Output Voting Error Reduction (ROVER) with mini-
mal word-level edit-distance alignment (Fiscus, 1997).

MT

To train MT models for our cascaded system, we use the Fairseq (Ott et al., 2019) framework
to train transformers encoder-decoder models (Vaswani et al., 2). To mitigate the exposure bias
of training with ground-truth data and using ASR outputs at test time, we introduce ASR mixing,
where during training, for each sample in the training set, the model maximizes the log-likehood
of translation from both the ground-truth source and the ASR source from an ASR system. This is
possible because we have triplet data for training set as well. We use the same system used in the
cascaded system to generate ASR outputs for the training set. We ensemble multiple MT systems
with varying random seeds using posterior combination of hypotheses during beam search.

We also train an MT model using the ESPnet toolkit (Watanabe et al., 2018) as an auxiliary
model used for posterior combinations with our E2E ST systems as described in 89.3. These
models use BPE vocabulary sizes that are optimal for E2E ST, which we found empirically to be
smaller than for MT.

Direct Dialectal Transfer

To leverage MSA annotated speech data to improve our ASR system, we select a subset of the
MGB2 data as an augmentation set to be added to the IWSLT22-Dialect data. We rst use an ASR
model trained on IWSLT22-Dialect data only to compute the cross-entropy of the utterances in the
MGB2 data. We then select a percentage of the MGB2 utterances with the lowest cross-entropy.
Similar cross-entropy based data selection has shown to effectively reduce noise resulting from
domain mismatches in language modeling (Moore and Lewis, 2010) and MT (Junczys-Dowmunt,
2018). After pre-training on the mixture of MGB2 and IWSLT22-Dialect data, we then ne-tune

on IWSLT22-Dialect data only.

To leverage the MSA translation data to improve our MT system, we use the OPUS corpus,
cleaning sentences longer than 200 subwords. This results in about 30M sentence pairs of training
data for MSA-English. We then train a larger transformer for 20 epochs on this training data. We
the use ne-tune this model on the IWSLT22-Dialect data.
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Figure 9.1: The left side presents the original Multi-Decoder architecture with searchable hidden
intermediates produced by the ASR Decoder. The red lines indicate joint CTC/Attention decod-
ing of beam search hypotheses produced by an autoregressive decoder. The right side presents a
modi ed Multi-Decoder with both a hierarchical ASR to ST Speech Encoder optimized via CTC
objectives and joint CTC/Attention ST inference.

E2E ST Systems
Multi-Decoder Architecture

Multi-decoder model (Dalmia et al., 2021b) is an end-to-end sequence model that exploits de-
composition of a complex task into simpler tasks in it's model design. For speech translation it
decomposes the task into ASR and MT sub-nets while maintaining the end-to-end differentiability.
To train Multi-Decoder models, we modi ed the ESPnet framework (Watanabe et al., 2018).

As shown in gure 9.1.a, the speech signal, X = fx2 RPjt = 1;:::;Tg, is mapped to
encoder representations by the Speech Encoder which are then in turn mapped autoregressively
to decoder representations corresponding to the source language transcripfidr fiy SR 2
Vjl = 1;:::;Lg, by the ASR Decoder. These ASR Decoder representations, referred to as search-
able hidden intermediates, are passed to the downstream ST Encoder-Decoder. In order to avoid
error-propagation, the ST Decoder performs cross-attention over both the Speech Encoder and ST
Encoder representations. The network is optimized with multi-tasking on cross-entropy losses
for both the source and target language&;tand L3[ respectively, along with a CTC (Graves,
2012b) loss B3%:

L= alge™+ olgre+ slee (9.1)

where 's are used for interpolation. During inference, the CTC branch of the Speech Encoder is
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also used to re-score beam search hypotheses produced by the ASR Decoder, following the Hybrid
CTC/Attention method (Watanabe et al., 2017b).

Inaguma et al. (2021a) showed that sampling CTC output instead of always using ground truth
previous token helps the Multi-Decoder model. With a CTC sampling rate of 0:2, which means
that with a probability of 0:2 we would use the CTC output instead of the ground truth during
training. This simulates the inference condition where there would be ASR errors. We found this
technique to be particularly helpful for this dataset.

SegKD Dialectal Transfer

Our Multi-Decoder training objective, equation 9.1, assumes that each speech signal is annotated
with both a source language transcription and target language translation. In order to include
additional paired MSA data into this training regime, we rst generate arti cial speech, transcript,
and translation triplets. To do so, we rst build a MSA MT model using the OPUS data. We
then generate pseudo-translations for the paired MGB2 data by feeding the MSA transcriptions
as inputs to the MT model. This method is based on SegKD Kim and Rush (2016a) and can be
considered as a dialectal application of MT to ST knowledge-distillation. We mix a percentage of
the pseudo-translated data using the same cross-entropy based methodology as decribed in §9.3
with the Tunisian-Arabic data during training. We refer to this data augmentation as MT SegKD in
future sections.

Hierarchical Speech Encoder

CTC loss is often used as auxiliary loss in attention based encoder decoder models (Watanabe et al.,
2017Db). It helps the attention based decoder by inducing monotonic alignment with the encoder
representations (Kim et al., 2017). In this work, we extend this idea by creating a hierarchical
encoder that customizes the ordering of the encoder for the individual sub-tasks by using auxiliary
CTC loss at each sub-task. Here, we use an auxiliary CTC loss with ASR targets and another
CTC loss with ST targets. As shown in gure 9.1.b, the rst 12 layers of the Speech Encoder
produce ASR CTC alignments /2R = fz ASR 2 V [f?gjn = 1;:::;Ng, while the nal 6 layers

produce ST CTC alignments,*Z = fz 5T 2 V [f?gjn = 1;:::;Ng, where [f?g denotes the

blank emission. This creates a hierarchical encoder structure similar to (Sanabria and Metze, 2018;
Lee and Watanabe, 2021; Higuchi et al., 2022). The Multi-Decoder with hierarchical encoder is
optimized with an additional ST CTC lossgk:

_ ASR ASR ST ST
L= 4lcg"+ 2lcyct sLdet 4litc (9.2)
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Note that the ST Decoder now performs cross-attention Speech Encoder representations that are
oriented towards the target language.

Joint CTC/Attention Decoding for ST

The ST CTC branch of the Speech Encoder introduced in the previous section allows us to apply
joint CTC/Attention decoding using the one-pass beam search algorithm (Watanabe et al., 2017b)
during ST inference as well. Although previously only applied to ASR decoding, we found that
joint CTC/Attention inference for the ST Decoder beam search hypotheses were bene cial in this
task. Deng et al. (2022a) show that joint modeling of CTC/Attention is effective for short contexts
of blockwise streaming ST, as far as we know, our work is the rst to show the bene t on long
context. Our conjecture is that speech to translation transduction with attention mechanisms, as
in the original Multi-Decoder, contains irregular alignments between the acoustic information and
the target sequence. The hierarchical encoder and joint CTC/Attention decoding methods may
alleviate these irregularities by enforcing greater monotonicity. We refer to the Multi-Decoder
with hierarchical encoder and joint CTC/Attentionn ST decoding as the Hybrid Multi-Decoder in
future sections.

Integrating E2E and Cascaded Systems
Guiding Multi-Decoder Representations

Since the Multi-Decoder (Dalmia et al., 2021b) uses hidden representations from the autoregressive
ASR Decoder, we can perform search and retrieval over this intermediate stage of the model.
Dalmia et al. (2021b) showed that ST quality improves by using beam search and external models
like LMs to improve the representations the ASR sub-task level. We believe this an important
property to have when building models for complex sequence tasks like speech translation, as
often there is additional data present for the sub-tasks like ASR and MT. In this work, we help
guide our Multi-Decoder model to retrieve better decoder representations by using external ASR
and MT models.

We experimented with two approaches: 1) posterior level guidance and 2) surface level guid-
ance. The former is similar in concept to posterior combination for model ensembling during in-
ference as described in (Inaguma et al., 2020), however the Multi-Decoder allows us to incorporate
both an external ASR and MT model due to the searchable hidden intermediates whereas a vanilla
encoder-decoder ST model would only be compatible with an external MT model. This method
requires beam search over both ASR and MT/ST for multiple models. Alternatively, surface level
guidance can avoid this expensive search over the ASR intermediates by instead retrieving the
hidden representations for an ASR surface sequence produced externally.
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We use the ROVER ASR outputs described in 89.3 as surface level guides for the Multi-
Decoder's ASR intermediates and found this to be more effective than posterior combination with
external ASR models. We refer to this method of retrieval as ROVER intermediates in future sec-
tions. Since ROVER is based on minimal edit-distance alignment, we did not nd it compatible
with translation sequences. For the ST Decoder, we use posterior combination with external ST
and MT models and refer to this as ST/MT Posterior Combination in future sections.

Minimum Bayes-Risk

Rather than nding the most likely translation, Minimum Bayes-Risk (MBR) decoding aims to nd
the translation that maximizes the expected utility (equivalently, that minimizes risk, (Kumar and
Byrne, 2002, 2004; Eikema and Aziz, 2020)). Mebngs Ysamplesb€ Sets containing N candidate
hypotheses and M sample hypothesis. This sets can be obtained from one or multiple model by,
for example sampling or taking the top beams in beam search. Lety)(ipe an utility function
measuring the similarity between a hypothesis y and a reference y (we only consider BLEU in this
work). MBR decoding seeks for

Yuer = argmax EY b (y,? [u(Y; y%] (9.3)

Y2 Y cands

L uy?:y)
We experimented with using MBR as a technique for system combination, in two forms:

» True: the stronger system (the E2E) is used to generate the N candifiaigsand the
weaker system (the Cascaded system) is used to generate M safgplgs This means
that the outputs will guaranteed to generated by the E2E system.

 Joint: in this case, both the E2E and the Cascaded generate N hypotheses, with are then
concatenated to make both the candidate set and samMe.ggts= Ycands With jYcanad =
2N

We explored using beam search and nucleus sampling (Holtzman et al., 2019) with different p
values for both generating candidates and generating samples to compute the expectation over.
Overall we found that, for both settings, using beam search to generate hypothesis for the E2E
model and nucleus sampling with p = 0:9 for the cascaded system vyield the best results. We use
N =M =50 for both settings.
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9.4 Experimental Setup

ASR: We extracted 80-channel log-mel Iterbank coef cients computed with 25-ms window
size and shifted every 7-ms with 3-dimensional pitch feattir€be features were normalized by

the mean and the standard deviation calculated on the entire training set. We applied SpecAug-
ment (Park et al., 2019) with mask parameters (mg; T; F) = (5; 2; 27; 0:5) and bi-cubic time-
warping. We use a BPE vocabulary size of 1000. Our encoder has 2 CNN blocks followed by 12
Conformer blocks following (Guo et al., 2021). Each CNN block consisted of a channel size of
256 and a kernel size of 3 with a stride of 2 2, which resulted in time reduction by a factor of

4. Our decoder has 6 Transformer blocks. In both encoder and decoder blocks, the dimensions of
the self-attention layergqe and feed-forward networkzdwvere set to 256 and 2048, respectively.

The number of attention heads H was set to 8. The kernel size of depthwise separable convo-
lution in Conformer blocks was set to 31. We optimized the model with the joint CTC/attention
objective with a CTC weight of 0.3. We also used CTC and LM scores during decoding. Models
were trained for 60 epochs. We averaged the model parameters of the 10 best epoch checkpoints
by validation loss. Our LM is a BLSTM with 4 layers and 2048 unit dimension. Beam search is
performed with beam size 20, CTC weight 0.2, and LM weight 0.1.

MT: We use SentencePiece (Kudo and Richardson, 2018b) with the Byte-pair Encoding algo-
rithm (Sennrich et al., 2016). We experimented with various vocabularies sizes and found that 4000
vocabulary size to be the best for small models. For the pretrained model, we use a vocabulary size
of 16000. The small transformer model used for the non-dialect submissions has 512 embedding
dimensions, 1024 feedforward dimensions, 6 layers and 4 heads on each layer on both encoder/de-
coder. The large transformer model used for dialect transfer has 1024 embedding dimensions, 4096
feedforward dimensions, 6 layers and 16 heads on each layer on both encoder/decoder. Models
were trained with early stopping by validation loss. We averaged the model parameters of the last
5 epoch checkpoints. Unless otherwise speci ed, we use beam search with beam size of 5 and no
length penalty in beam search.

Multi-Decoder: We use the same feature extraction as for ASR. We use separate BPE vocab-
ularies for source and target, both of size 1000. The ASR sub-net of the Multi-Decoder is also
the same as our ASR con guration, allowing for pre-trained initialization of the ASR encoder, de-
coder, and CTC. The hierarchical encoder adds 6 additional Transformer layers to the original 12
Conformer layers. The MT sub-net of the Multi-Decoder has a 2 layer Transformer encoder and
a 6 layer Transformer decoder. This second encoder has no convolutional subsampling. The MT
sub-net has the samggdei and ¢ as the ASR sub-net. We optimized the model a CTC weight

47-ms shift was found to be helpful due to the presence of many short utterances in the IWSLT22-Dialect data.
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Dialect testl

ID Model Type / Name Transfer WER(#)
Al ASR Conformer 7 50.4
A2 +ROVER Comb. 7 48.1
A3 ASR Conformer 3 50.0
A4+ ROVER Comb. 3 47.5
MT BLEU(")
B1 MT Transformer (Fairseq) 7 21.8
B2  + Posterior Comb. 7 22.8
B3 MT Transformer (Fairseq) 3 22.4
B4  + Posterior Comb. 3 23.6
B5 MT Transformer (ESPnet) 7 21.0

Table 9.2: Results of the ASR and MT components of our cascaded systems, as measured by %
WER and BLEU score on the provided testl set. ROVER and posterior combinations were applied
to ASR and MT respectively.

of 0.3 and an ASR weight of 0.3. Models were trained for 40 epochs. We averaged the model
parameters of the 10 best epoch checkpoints by validation loss. Beam search over the ASR-subnet
uses the same setting as for ASR. Beam search over the MT-subnet uses beam size 5/10 with CTC
weight 0.3/0.1 for the basic/dialect conditions. Length penalty 0.1 was used for all cases.

9.5 Results and Analyses

Submitted Shared Task Systems

Figure 9.2 shows the results for ASR and MT systems used as part of the cascaded system as
evaluated by WER and BLEU score respectively on the provided test set, testl. Dialectal transfer
provides a moderate boosts of 0.4% and 0.6% WER without ROVER and with ROVER respec-
tively. Notably, WER's for all systems are relatively high despite a moderate amount of training
data; this is perhaps due to the non-standard orthographic form of the Tunisian-Arabic transcrip-
tions> Another possible cause for the high WER is the conversational nature of the data, which
may require normalization similar to the Switchboard dataset (Godfrey et al., 1992). For the MT
systems, we see that posterior combination leads to over 1 BLEU point improvements when trans-

SWe found that the WER's decreased by about 4% when removing diacritics from the hypothesis and the reference.
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Child Dialect testl test2

ID Type Model Name System(s) Transfer BLEU(") BLEU(")
Cl Cascade ASR Mixing Cascade Al,B1 7 16.4 -
C2 Cascade + ASR Rover Comb. A2,B1 7 16.7 -
C3 Cascade + MT Posterior Comb. A2,B2 7 17.5 18.6
C4 Cascade ASR Mixing Cascade A3,B3 3 17.3 -
C5 Cascade + ASR Rover Comb. A4,B3 3 17.4 -
C6 Cascade + MT Posterior Comb. A4,B4 3 17.9 19.4
D1 E2E ST Hybrid Multi-Decoder - 7 17.7 -
D2 Mix + ROVER Intermediates A2 7 18.1 19.1
D3 Mix + ST/MT Posterior Comb. A2,B5 7 18.7 19.7
D4 E2E ST Hybrid Multi-Decoder - 3 18.2 -
D5 Mix + ROVER Intermediates A4 3 18.3 19.5
D6 Mix + ST/MT Posterior Comb.  A4,B5 3 18.9 19.8
E1 Mix Min. Bayes-Risk Ensemble C3,D3 7 19.2 20.4
E2 Mix Min. Bayes-Risk Ensemble C6,D6 3 19.5 20.8

Table 9.3: Results of our cascaded, E2E, and integrated cascaded/E2E systems as measured by
BLEU score on the blind test2 and provided testl sets. Dialect Transfer indicates the use of
either MGB2 or OPUS data. Rover, posterior combinations, and minimum bayes-risk ensembling
were applied to both cascaded and E2E systems, with Child System(s) indicating the inputs to the

resultant systems combinations.

lating ground-truth source sentences. Interestingly, while there is some bene t from the dialectic
transfer, the bene ts are relatively small, yielding an additional 0.8 BLEU for the ensembled mod-
els. This might be due to the domain mismatch between the Tunisian-Arabic data and MSA data.
Figure 9.3 shows the results of our cascaded, E2E, and integrated cascaded/E2E systems on

both the blind shared task test set, test2, and on the provided test set, testl. The Hybrid Multi-
Decoder outperforms the ASR Mixing Cascade by 1.3 and 0.9 BLEU on testl without and with
dialectal transfer respectively. Both models are boosted by the use of ROVER. The benet of
ROVER for models without dialectal transfer (0.3 BLEU) was larger than for models with dialectal
transfer (0.1 BLEU), showing some diminishing returns from isolated improvements of the ASR
component of the overall ST task. Posterior combination provided boosts in the range of 0.5-0.8
BLEU across the models. Finally, the Minimum Bayes Risk Ensembling yielded additional gains
of 0.6-1.3 BLEU. The differences between the nal Minimum Bayes Risk Ensembling systems and
the best single systems without any external model integration are 1.5 and 1.3 BLEU without and
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testl

Task MGB2 Training Data WER(#)
ASR none 53.1
ASR 8% w/ random select 52.7
ASR 8% w/ CE lter 52.4
ASR 25% w/ CE lter 52.4
ASR 50% w/ CE lter 53.0
ASR 75% w/ CE lter 53.5
BLEU(")
ST none 16.6

ST 25% w/ CE lIter + MT SeqKD 171
ST  50% w/ CE Iter + MT SeqKD 17.1

Table 9.4: Ablation study on the effects of additional MGB2 data on ASR and ST performance as
measured by WER and BLEU on the testl set respectively.

testl
Model Name ST BLEU(") MT BLEU(")
MT Transformer 16.2 20.9
+ ASR Mixing Training 16.7 21.8

Table 9.5: Ablation study on the effects of ASR mixing on ST and MT as measured by BLEU on
the testl set.

without dialectal transfer respectively.

Ablation Studies

To show the individual contributions of our various methods, we present in this section several
ablations. First, we show in gure 9.4 the impact of dialectal transfer from MGB2 data on ASR (as
described in 89.3) and on E2E ST (as described in 89.3). As subset of MGB2 data selected via the
cross-entropy Iter outperformed a randomly selected subset, although both were better than when
no MGB2 data was included. Since the IWSLT22-Dialect utterances were shorter than the MGB2
utterances on average, one effect of the cross-entropy Iter was the removal of long utterances
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testl

Model Name BLEU(")
Encoder-Decoder 16.0
Multi-Decoder 17.1
+ ASR CTC Sampling 17.6
+ Hierarchical Encoder 17.9
+ Joint CTC/Attn ST Decoding (D4) 18.2
+ ASR CTC Sampling 18.4

Table 9.6: Ablation study on the effects of ASR CTC sampling, hierarchical encoder, and joint
CTC/Attn ST decoding as measured by BLEU on the test1 set.

MBR  Dialect testl test2
Model Name Method Transfer BLEU(") BLEU(")
MBR Ensemble True 7 19.0 20.1
MBR Ensemble (E1) Joint 7 19.2 20.4
MBR Ensemble True 3 19.3 20.7
MBR Ensemble (E2)  Joint 3 19.5 20.8

Table 9.7: Comparison of the true vs. joint methods for minimum bayes-risk ensembling as mea-
sured by BLEU on the testl and test2 sets.

test2
Model Name BLEU(") DA Ave. / z-score(")
Hybrid Multi-Decoder (D6) 19.8 66.5/0.119
MBR Ensemble (E2) 20.8 66.5/0.114

Table 9.8: Human evaluation results, as measured by DA average and z-score, showing the impact
of maximizing BLEU score via minimum bayes-risk ensembling.

which appeared to bene t the model. We found that using up to 25% of the MGB2 data was best
for ASR. For ST, both 25% and 50% of the MGB2 data with MT SegKD vyielded 0.5 BLEU gains,
which is slightly less than the 0.8 BLEU gains that our cascaded systems obtained from dialectal
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transfer. This suggests some that there our MT SeqKD method may be improved in the future.

Next, in gure 9.5 we show the results MT and ST systems trained with and without ASR mix-
ing (as described in 89.3), both in the cascaded setting and using ground-truth source sentences.
Overall we see that ASR mixing helps improving the cascaded system. Surprisingly this also im-
proves results for the translating from ground-truth source sentences. We hypothesise that ASR
mixing acts as a form of regularization for the orthographic inconsistencies in the source transcrip-
tions due to the conversational nature of Tunisian-Arabic.

In table 9.6, we show the effects of the ASR CTC Sampling, Hierarchical Encoder, and Joint
CTC/Attention ST Decoding modi cations to the original Multi-Decoder (as described in §9.3). We
found that each of these techniques boosts the overall performance and we also found their effects
to be additive. Table 9.6 also shows the performance of a vanilla encoder-decoder for comparison,
which performed signi cantly worse than the Multi-Decoder. Due to time limitations, we did not
submit the Multi-Decoder with hierarchical encoder, joint CTC/Attention ST decoding, and ASR
CTC sampling for shared task evaluation, but this was our strongest single system as evaluated on
the testl set.

Finally, Figure 9.7 shows the results for the two different settings for system combination
through MBR (as described in 89.3). Using the Joint setting where the hypothesis from both
system are considered as both candidates/samples leads to the best translations compared to the
True setting. Figure 9.8 shows that while effective for maximizing BLEU score, MBR did not
improve according to human evaluation.

9.6 Conclusion

In this chapter, we have presented CMU's dialect speech translation systems for IWSLT 2022. Our
systems encompass various techniques across cascaded and E2E approaches. Of the techniques
we presented, the hierarchical encoder and joint CTC/Attention ST decoding modi cations to the
Multi-Decoder and the minimum bayes-risk ensembling were amongst the most impactful. In
future work, we seek to formalize these methods with additional theoretical and experimental
backing, including extensions to other corpora and tasks such as pure MT.

We've now established the ef cacy of sequential, non-temporal multi-sequence modeling for
of ine speech translation. Next, we consider how to introduce the temporal element, as required
for streaming speech translation.

SHuman evaluation methodology is detailed in (Anastasopoulos et al., 2022)
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Part IV

Sequential, Temporal Multi-Sequence
Modeling
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Chapter 10

Hierarchical CTC: Improving
Auto-regressive Translation with Temporal
Alighment

Summary

This chapter delves into sequential, temporal multi-sequence modeling. We start by proving out
the approach in an of ine setting to demonstrate the general ef cacy; then Chapter 9 evaluates the
approach under a streaming setting.

Connectionist Temporal Classi cation (CTC) is a widely used approach for automatic speech
recognition (ASR) that performs conditionally independent monotonic alignment. However for
translation, CTC exhibits clear limitations due to the contextual and non-monotonic nature of the
task and thus lags behind attentional decoder approaches in terms of translation quality. In this
work, we argue that CTC does in fact make sense for translation if applied in a joint CTC/attention
framework wherein CTC's core properties can counteract several key weaknesses of pure-attention
models during training and decoding. To validate this conjecture, we modify the Hybrid CTC/At-
tention model originally proposed for ASR to support text-to-text translation (MT) and speech-to-
text translation (ST). Our proposed joint CTC/attention models outperform pure-attention baselines
across six benchmark translation tasks.

10.1 Introduction

Automatic speech recognition (ASR), machine translation (MT), and speech translation (ST) have
conspicuous differences but are all closely related sequence-to-sequence problems. Researchers
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from these respective elds have long recognized the opportunity for cross-pollinating ideas (He
and Deng, 2011), starting from the coupling of statistical ASR (Huang et al., 2014) and MT (Al-
Onaizan et al., 1999) which gave rise to early approaches for ST (Waibel, 1996; Ney, 1999). No-
tably in the end-to-end era, attentional encoder-decoder approaches emerged in both MT (Bah-
danau et al., 2015) and ASR (Chorowski et al., 2015; Chan et al., 2015), rising to great prominence
in both elds.

During this same period, there has been another prominent end-to-end approach in ASR: Con-
nectionist Temporal Classi cation (CTC) (Graves et al., 2006). Unlike the highly exible attention
mechanism which can handle ASR, MT, and ST alike, CTC models sequence transduction as a
monotonic alignment of inputs to outputs and thus ts more naturally with ASR than it does with
translation. Still, many interested in non-autoregressive translation have applied CTC to MT (Li-
bovicky and Helcl, 2018) and ST (Inaguma et al., 2021b) and promising techniques have emerged,
shrinking the gap between autoregressive approaches (Saharia et al., 2020; Gu and Kong, 2021;
Chuang et al., 2021; Huang et al., 2022). These recent developments suggest that the latent align-
ment ability of CTC is a promising direction for translation — this leads us to question: can CTC
alignments improve autoregressive translation? In particular, we are interested in frameworks that
leverage the strength of CTC while minimizing its several harmful incompatibilities (see §10.3)
with translation tasks.

Inspired by the success of Hybrid CTC/Attention in ASR (Watanabe et al., 2017b), we in-
vestigate jointly modeling CTC with an autoregressive attentional encoder-decoder for transla-
tion. Our conjecture is that the monotonic alignment and conditional independence of CTC, which
weaken purely CTC-based translation, counteract particular weaknesses of attentional models in
joint CTC/attention frameworks. In this work, we seek to investigate how each CTC property
interacts with corresponding properties of the attentional counterpart during joint training and de-
coding. We design a joint CTC/attention architecture for translation (810.4) and then examine
the positive interactions which ultimately result in improved translation quality compared to pure-
attention baselines, as demonstrated on the IWSLT (Cettolo et al., 2012), MuST-C (Di Gangi et al.,
2019), and MTedX (Salesky et al., 2021) MT/ST corpora (816.6).

10.2 Background: Joint CTC/Attn for ASR

Both the CTC (Graves et al., 2006) and attentional encoder-decoder (Bahdanau et al., 2015)
frameworks seek to model the Bayesian decision seeking the ottputom all possible se-
guences, ¥, by selecting the sequence which maximizes the posterior likelihood P (Y jX),

IModels are are available in ESPnet. For ST, refer to egs2/must_c_v2/stl and for MT refer to egs2/
iwsltl4/mtl.
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CTC | ATTENTION | JOINT CTC/ATTENTION | ASR| MT/ST
. _ X . . _ QL . . . _ . . 1
Pcre(Y jX) = P@iX; 2111 ) | Pan(YiX) = 712y PMiiy1a1 5 X) Paoin(Y JX) =Pcre(YiX) P am(Y iX) 3 3
727 t=1

Hard Alignment Criterion only allows | Soft Alignment Flexible attention{ During Training: Hard alignment objective pro4 3 L1

monotonic alignments of inputs to outbased input-to-output mappings mayuces stable encoder representations allowing the See

puts over t to irregular patterns decoder to more rapidly learn soft alignment pat- §10.3
terns

Conditional Independence Assumes Conditional Dependence Locally nor1 During Decoding: Use of conditionally indet 3 L2

that there are no dependencies betweemalized models with output depeppendent likelihoods in joint scoring eases the gx- See

each output unit given the input dency exhibit label/exposure biases | posure/label biases from conditionally dependent §10.3
likelihoods

Input-Synchronous Emission Each Autoregressive Generation Need to During Decoding: Input-synchronous emissign3 L3

input representation emits exactly oneetect end-points and compare hydetermines output length based on input length See

blank or non-blank output token potheses of different length in beantounteracting the autoregressive end-detection §10.3

search problem

Table 10.1: Description of three reasons why joint CTC/attention modeling is powerful in ASR. In
order to understand whether these positive interactions between properties of the CTC and attention
frameworks are applicable to MT/ST, we must address three corresponding concerns, L1-3, about
the applicability of CTC to translation (810.2).

where X = fx; 2 St = 1;::;;Tgand Y = fy, 2 V9l = 1;:::;;Lg. The source set SCis
a discrete vocabulary in the MT case and a continuous real space in the ST case while the target
set W'is always a discrete vocabulary. Note that the T -length of the input is assumed to be longer
than the L-length output for speech tasks (Graves et al., 2006), but this is not necessarily true for
MT.

What are the critical differences between the CTC and attention frameworks? As shown in the
rst two columns of Table 10.1, CTC and attention offer different formulations of the posterior
likelihood, Pcrc() and Pagn() respectively. First of all, the attention mechanism is a exible
input-to-output mapping function which allows a decoder to perform soft alignment of an output
unit y; to multiple input units x.; without restriction. One downside of this exibility is a risk of
destabilized optimization (Kim et al., 2017). CTC on the other hand marginalizes the likelihoods
of all possible input to alignment sequence, Z 52 V9[f?gjt = 1::: T g, mappings via hard
alignment where each output unif maps to a single input unitn a strictly monotonic pattern.
?is a "blank™ and Z maps deterministically to Y by removing blanks and repeated emissions.

Secondly, the attentional decoder models each output umiitli conditional dependence on
not only the input X, but also the previous output unitgy. In contrast, CTC makes a con-
ditional independence assumption that eachdoes not depend on.g if already conditioned
on X (as denoted by the strike-through in Table 10.1) — this is a strong assumption which allows
for ef cient computation of marginalized likelihoods over all Z 2 Z(Y; T) via dynamic program-
ming. On the plus, since CTC does not model causality between output units it is not plagued by
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the same label and exposure biases that exist in attentional decoders due to local normalization of
causal likelihoods (Bottou, 1991; Ranzato et al., 2016; Hannun, 2019).

Finally, the attentional decoder is an autoregressive generator that decodes the output until a
stop token, <eos>. Comparing likelihoods for sequences of different lengths requires a heuristic
brevity penalty. Furthermore label bias with respect to the stop token manifests as a length problem
where likelihoods degenerate for unexpectedly long outputs (Murray and Chiang, 2018b). In com-
parison, CTC is an input-synchronous emitter that consumes an input unit in order to produce an
output unit. Therefore, CTC cannot produce an output longer than the input representation which
feeds the nal posterior output layer — but this also means that CTC does not require end detection.

As previously shown by (Kim et al., 2017; Watanabe et al., 2017b), jointly modeling CTC and
an attentional decoder is highly effective in ASR. The foundation of this architecture is a shared
encoder, ENC, which feeds into both CTG;7R( ), and attentional decoder g ( ), posteriors:

h = Enc(X) (10.1)
Pcrc(z:jX) = CTC(h +) (10.2)
Patn(V1]X;Y 111 ) = Dec(h;y 141 ) (10.3)

where CTC() denotes a linear projection to the CTC output vocabuld®y| ¥2g, followed

by softmax. DEcC() denotes autoregressive decoder layers followed by a linear projection to the
decoder output vocabulary,'%[ f<eos>g, and softmax. The joint network is optimized via a
multi-tasked objective, £5R = L 23R+ L 43R where interpolates the CTC and decoder cross-
entropy losses.

Joint decoding is typically performed with a one-pass beam search where CTC plays a sec-
ondary role as a joint scorer while attention leads the major hypothesis expansion and end detec-
tion functions in the algorithm (Watanabe et al., 2017b; Tsunoo et al., 2021). However, CTC is
capable of taking over the lead role if called upon (e.g. for streaming applications) (Moritz et al.,
2019).

10.3 Potential CTC Limitations in MT/ST

Why exactly does this joint CTC/attention framework perform so well in ASR? As summarized
in column 3 of Table 10.1, we are particularly interested in three reasons which arise from the
combination of the hard vs. soft alignment, conditional independence vs. dependence, and input-
synchronous emission vs. autoregressive generation properties of CTC and attention respectively.
These dynamics have become well understood in ASR, owing to the popularity of the joint frame-
work (Watanabe et al., 2018) amongst ASR practitioners.
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So can CTC and attention also complement each other when applied jointly to transtation?
ASR, MT, and ST can all be generalized as sequence transduction tasks following the Bayesian
formulation. Attentional decoders have been a predominant technical solution to each of these
tasks. However, the CTC framework appears to have several limitations speci c to MT/ST that are
not present in ASR; this seemingly diminishes the promise of the joint CTC/attention framework
for translation. In this work, we seek to address the following three concerns about MT/ST CTC
which appear to inhibit the CTC/attention framework (please refer back to Table 10.1 as needed).

L1 Can CTC encoders perform sophisticated input-to-output mappings required for translation?

Unlike ASR, translation entails non-monotonic mappings due to variable word-ordering across
languages. Additionally, inputs may be shorter than outputs as mappings are not necessarily one-
to-one. Furthermore, the mapping task for ST is compositional where logically a speech signal
rst maps to a source language transcription before being mapped to the ultimate translation. All
of these complications appear to directly contradict the hard alignment of CTC. If CTC cannot
produce stable encoder representations for MT/ST, then during joint training attention does not re-
ceive the optimization bene tas in ASR (per row 2 of Table 10.1). Fortunately, prior works suggest
that these challenges are not insurmountable. Chuang et al. (2021) showed that self-attentional en-
coders can perform latent model variable word orders for ST, Libovicky and Helcl (2018); Dalmia
et al. (2022) proposed up-sampling encoders that produce expanded input representations for MT,
and Sanabria and Metze (2018); Higuchi et al. (2022) proposed hierarchical CTC encoders that
can compose multiple output resolutions for ASR. In 810.4, we incorporate these techniques into
a uni ed hierarchical CTC encoding method for MT/ST which is capable of sophisticated input-
to-output mappings.

L2 Does CTC-based translation quality lag too far behind attention-based to be useful?

CTC-based ASR has recently shown competitive performance due in large part to improved
neural architectures (Gulati et al., 2020) and self-supervised learning (Baevski et al., 2020; Hsu
et al., 2021), but the gap between CTC and attention for translation appears to be greater (Gu
and Kong, 2021). Perhaps the conditional independence of CTC inhibits the quality to such a
degree in MT/ST where these likelihoods cannot ease the label/exposure biases of the attentional
decoder as they do in ASR (per row 3 of Table 10.1). The relative weakness of non-autoregressive
translation approaches has been well-studied. Knowledge distillation (Kim and Rush, 2016b; Zhou
et al., 2019) and iterative methods (Qian et al., 2021; Chan et al., 2020; Huang et al., 2022) all
attempt to bridge the gap between non-autoregressive models and their autoregressive counterparts.
In 810.6, we address this concern empirically; we nd that even CTC models with 28% relative

2This particular question has not been addressed in literature. For an account of related works, please see §10.8.
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BLEU reduction compared to attention yield improvements when CTC and attention are jointly
decoded.

L3 Is the alignment information produced by CTC-based translation models reasonable?

In ASR, CTC alignments are reliable enough to segment audio data by force aligning inputs to
target transcription outputs (Kurzinger et al., 2020) and exhibit minimal drift compared to hidden
Markov models (Sak et al., 2015). However, CTC alignments are not as well studied in translation.
It is an open question of whether or not the input-synchronous emission of CTC for translation
has suf cient alignment quality to support the end detection responsibility during joint decoding as
it does in ASR (per row 4 of Table 10.1). Ideally, the CTC alignments are strong enough such that
CTC can lead joint decoding by proposing candidates for hypothesis expansion in each beam step
until all input units are consumed (at which point the end is detected), as in an input-synchronous
beam search. More conservatively, the CTC alignments may be too unreliable to take the lead but
could still guide the attentional decoder's end detection by penalizing incorrect lengths via joint
scoring, as in an output-synchronous beam search. In 810.4, we lay out comparable forms for
input and output-synchronous beam search which allows us to examine the impact on translation
guality depending on whether CTC is explicitly responsible for or only implicitly contributing to
end detection.

10.4 Joint CTC/Attention for Translation

Hierarchical CTC Encoding

Per L1 described in 810.3, we seek to build a CTC encoder for translation which handles sophis-
ticated input-to-output mappings. Unlike ASR where outputs are assumed to be 1) always shorter
than inputs and 2) monotonic with respect to inputs, translation needs to account for variability
of lengths and and word orderings. We therefore propose to use a hierarchical CTC encoding
scheme which 1) aligns inputs to length-adjusted source-oriented encodings before 2) aligning to
re-ordered target-oriented encodings, as shown in Figure 10.1. Our encoding process thus consists
of two compartmentalized functions: length-adjustment and re-ordering.

Length-adjustment For MT, we up-sample the lengths of the source-oriented encodings in order

to output sequences longer than the input. For ST, we down-sample the lengths of the source-
oriented encodings to coerce a discrete textual representation of the real-valued speech input. We
enforce source orientations using CTC criteria that seek to align the length adjusted intermediate
layer encoder representations towards source text sequences (for MT this is the same as the input
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Figure 10.1: Hierarchical MT/ST encoders where representations are rst up/down-sampled by
SRCENG7/sT and then re-ordered by TGTENgsT.

and for ST this is the ASR target). By compartmentalizing length-adjustment within this initial
stage, we allow subsequent encoder layers to focus solely on re-ordering.

Re-ordering We then obtain target-oriented encodings with subsequent encoder layers, where
re-ordering is enforced using CTC criteria that seek to align nal layer encoder representations
towards target text sequences. Critically, the underlying neural network architecture must be able
to model latent re-ordering as the CTC criterion itself will only consider monotonic alignments of
the nal encoder representation to the target.

Our proposed MT/ST hierarchical encoders consist of the following components:

hSR¢ = SRCENCysT(X) (10.4)
Pcre(zSRGX) = SRCCTC wrst(h£79) (10.5)
hT¢T = TGTENCur/sT(n =79 (10.6)
Pcrc(z ¢"iX) = TGTCTC wrst(h{®") (10.7)

The hierarchical encoders are jointly optimized with an attentional decoder using a multi-tasked
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