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Components of Machine Learning

Examples
Input Output

Optimisation Algorithms 
How do we find the best setting of switches  

to match the data?

Typically difficult to 
solve exactly. But many 
clever algorithms that 
work well in practice.

Model

Actually, not binary 
switches, but knobs that 

can be turned 
continuously

Data 
Lots of it!

• Mathematics is essential to understanding what this optimization entails
• Optimization is integral to machine learning



Many Courses on Mathematics for ML



Why is Probability Important for ML Speech Processing?

• Noisy data


• Unpredictable environment


• Incomplete data


• Model is incomplete


• New domain

Many sources of variability when dealing with a task



Automatic Speech Recognition (ASR)

• Problem statement: Transform a spoken utterance into a sequence of 
tokens (words, syllables, phonemes, characters)


• Many downstream applications of ASR. Examples:

- Spoken language understanding


- Spoken translation


- Intelligent video editing


- ASR from brain signals


• Speech demonstrates variabilities at multiple levels: Speaker style, 
accents, room acoustics, microphone properties, etc. 



ASR Performance Over the Years
NIST STT Benchmark Test History
http://www.itl.nist.gov/iad/mig/publications/ASRhistory/
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Why is the problem so di�cult

Background noise, “cocktail party” e↵ect.

Channel di↵erences between training and testing: Head-mounted vs.
desktop mic: 10% vs. 70% WER for a speaker-trained commercial
system

Read versus spontaneous speech:

yeah yeah I’ve noticed that that that’s one of the first things

I do when I go home is I either turn on the t v or the radio

it’s really weird

Play file://read2n.wav vs. file://spon2n.wav

Speaker variability: accent, dialect, situational (motherese), age (child
vs. older speaker), and natural variability between humans (idiolect).

Prof. Je↵ Bilmes EE516/Spring 2013/Speech Proc – Lecture 1 - April 2nd, 2013 L1 F32/62 (pg.32/62)

Image from: http://www.itl.nist.gov/iad/mig/publications/ASRhistory/ 
2018



Recall Bayes’ Theorem

P(Y |X) =
P(X |Y)P(Y)

P(X)

Of great interest in machine learning, where we often want to infer about unobserved 
random variables given we have observations for other random variables

Posterior
Likelihood Prior

Employed in traditional/statistical ASR systems



Statistical Speech Recognition

Pioneer of ASR technology, Fred Jelinek (1932 - 2010): Cast ASR as a 
channel coding problem

Let  be a sequence of acoustic features corresponding to a speech signal. 
That is, , where  refers to a d-dimensional 
acoustic feature vector and  is the length of the sequence. 


O
O = {O1, …, OT} Oi ∈ ℝd

T

W* = arg max
W

Pr(W |O)

= arg max
W

Pr(O |W) Pr(W)

Let  denote a word sequence. An ASR decoder solves the foll. problem:W



Simple Example of Isolated Word ASR

• Task: Recognize utterances which consist of speakers saying either “up" or 
“down" or “left” or “right” per recording.


• Vocabulary: Four words, “up”, “down”, “left”, “right”


• Data splits

- Training data: 30 utterances from different speakers containing “up”, “down”, “left”, “right”


- Test data: 20 utterances from a disjoint set of speakers


• Let’s parameterize  using a hidden Markov model with parameters Prθ(O |W) θ



Transition probabilities going from state i to state j 


Probability of generating  from state j

Compute    where  is the hidden-state sequence 

aij →

bj(Oi) → Oi

Prθ(O | "up") = ∑
Q

Prθ(O, Q | "up") Q

St-1 St St+1

Pht-1 Pht Pht+1

Trt-1 Trt

Ot-1 Ot Ot+1

1 2 3

O1 O2 O3 O4 OT....

0 4

b1( ) b2( ) b3( )

a01 a12 a23 a34

a11 a22 a33

Figure 2.1: Standard topology used to represent a phone HMM.

sub-word units Q corresponding to the word sequence W and the language model

P (W ) provides a prior probability for W .

Acoustic model: The most commonly used acoustic models in ASR systems to-

day are Hidden Markov Models (HMMs). Please refer to Rabiner (1989) for a com-

prehensive tutorial of HMMs and their applicability to ASR in the 1980’s (with

ideas that are largely applicable to systems today). HMMs are used to build prob-

abilistic models for linear sequence labeling problems. Since speech is represented

in the form of a sequence of acoustic vectors O, it lends itself to be naturally mod-

eled using HMMs.

The HMM is defined by specifying transition probabilities (aj

i
) and observation

(or emission) probability distributions (bj(Oi)) (along with the number of hidden

states in the HMM). An HMM makes a transition from state i to state j with a

probability of aj

i
. On reaching a state j, the observation vector at that state (Oj)

20

Model for 

“up”

} θ

Word-based Acoustic Model
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right

acoustic  
features 
O

Pr(O |"up")

Pr(O |"down")

Pr(O |"left")

Pr(O |"right")

Compute arg max
w

Pr(O |w)



Small Tweak

• Task: Recognize utterances which consist of speakers saying either “up" 
or “down" multiple times per recording.
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Small Vocabulary ASR

• Task: Recognize utterances which consist of speakers saying one of 1000 
words multiple times per recording.


• Not scalable anymore to use words as speech units


• Model using phonemes instead of words as individual speech units

- Phonemes are subword speech units analogous to the written alphabet for text


• What's an advantage of using phonemes over entire words?  
Hint: Think of words with zero coverage in the training data.



Let  be a sequence of acoustic features corresponding to a speech signal. 
That is, , where  refers to a d-dimensional 
acoustic feature vector and  is the length of the sequence. 


O
O = {O1, …, OT} Oi ∈ ℝd

T

Let  denote a word sequence. An ASR decoder solves the foll. problem:W

W* = arg max
W

Pr(W |O)

= arg max
W

Pr(O |W) Pr(W)

Statistical Speech Recognition



Let  be a sequence of acoustic features corresponding to a speech signal. 
That is, , where  refers to a d-dimensional 
acoustic feature vector and  is the length of the sequence. 


O
O = {O1, …, OT} Oi ∈ ℝd

T

Let  denote a word sequence. An ASR decoder solves the foll. problem:W

W* = arg max
W

Pr(W |O)

= arg max
W

Pr(O |W) Pr(W)

≈ arg max
W ∑

Q

Pr(O |Q) Pr(Q |W) Pr(W)

Language  
Model

Acoustic  
Model

Pronunciation  
Model

Statistical Speech Recognition



A language model can be characterized by a probability distribution  that: 

• provides information about word reordering 
 

• provides information about the most likely next wor


P

Why do we need a language model? 


Consider recognizing speech corresponding to the following two sentences:  
 
                                 “i know you” 
                                 “eye no you”

Language Models

(“she class taught a”) < (“she taught a class”)P P

(“she taught a class”) > (“she taught a speech”)P P



• Given a word sequence, ,  what is ? 
 
Decompose  using the chain rule:

W = {w1, …, wn} P(W)

P(W)
P(w1, …, wn) = P(w1)P(w2 |w1)P(w3 |w1, w2)…P(wn |w1, …, wn−1)

• How do we estimate these probabilities? Compute normalized counts 
• E.g. Pr(“class | she taught a”) = count(“she taught a class”) 

         
  count(“she taught a”)

• Ngram models: Use a limited memory of previous word history. Specifically, only  
the last  words are included in an gram model.


• Bigram models:
m − 1 m

Pr(w1,w2,…,wn-1,wn) ≅ Pr(w2|w1,<s>) Pr(w3|w1,w2)…Pr(wn|wn-2,wn-1)

Statistical Language Models



Word Representations
• In gram models, words are represented in the discrete space involving the vocabulary


• 1-hot representation: Each word is given an index in {1, … , V}, V is the vocabulary size


• Limits the possibility of truly interpolating probabilities of unseen grams


• Can we build a representation for words in the continuous space? 

n

n

• Word embeddings: Each word is associated with a dense vector.  
E.g. dog → {-0.02, -0.37, 0.26, 0.25, -0.11, 0.34}


• Trained using principles based on the “distributional hypothesis”:  
Firth 1957 summarised this as “you shall know a word by the company it keeps”

• Word embeddings capture semantic properties (such as man is to woman as boy is to girl)  
and morphological properties (glad is similar to gladly).



Recurrent Neural Network (RNN)-based  Language Model

the cat sat onwords
w1 w2 w3 w4

hidden layer: 
ht = tanh(Uet + Vht−1 + b)

output probability: 
ŷt = softmax(Wht + b′ )

e1 e2 e3 e4

U
h1

U

V
h2

U

V
h3

U

V
h4

W

cat

dog

zebra

W

ran

sat

W

on

among

W

the

a



Let  be a sequence of acoustic features corresponding to a speech signal. 
That is, , where  refers to a d-dimensional 
acoustic feature vector and  is the length of the sequence. 


O
O = {O1, …, OT} Oi ∈ ℝd

T

Let  denote a word sequence. An ASR decoder solves the foll. problem:W

W* = arg max
W

Pr(W |O)

= arg max
W

Pr(O |W) Pr(W)

≈ arg max
W ∑

Q

Pr(O |Q) Pr(Q |W) Pr(W)

Language  
Model

Acoustic  
Model

Pronunciation  
Model

Statistical Speech Recognition



Architecture of a Cascaded ASR System

speech 
signal 

Acoustic 
Feature 

Generator
SEARCH

Acoustic 
Model (phones)

Language 
Model

word sequence 
W*

O

Pronunciation 
Model



Cascaded ASR  End-to-end ASR⇒

speech 
signal 

Acoustic 
Feature 

Generator
word sequence 

W*
O

Single end-to-end model that directly learns a mapping from speech to text



End-to-End ASR Systems

• All components trained jointly as a single end-to-end model


• Trained using pairs of speech clips and their corresponding 
text transcripts


• End-to-end models, with sufficient data, outperform 
conventional ASR systems

Speech Waveform

Acoustic Analysis

Frame # Acoustic Features

1

2

3

4

5

:

Acoustic Features

u

Output Transcription

dev test

DNN-HMM 4.0 4.4

E2E 
(Attention)

4.7 4.8

dev test

DNN-HMM 5.0 5.8

E2E 
(Attention)

14.7 14.7

Librispeech-960 Librispeech-100
Results from: Luscher et al., https://arxiv.org/abs/1905.03072, 2019



The LAS Model

x1 x2 xT

hUh1

x3 x4

h = (h1, . . . , hU)

y2 y3

hsosi

heosi

y2 y3

y4

yS�1

c1 c2

Speller

Listener

s1 s2

h h h

Fig. 1: Listen, Attend and Spell (LAS) model: the listener is a pyra-
midal BLSTM encoding our input sequence x into high level fea-
tures h, the speller is an attention-based decoder generating the y
characters from h.

consumes h and produces a probability distribution over character
sequences:

h = Listen(x) (2)
P (yi|x, y<i) = AttendAndSpell(y<i,h) (3)

Figure 1 depicts these two components. We provide more details of
these components in the following sections.

2.1. Listen

The Listen operation uses a Bidirectional Long Short Term Memory
RNN (BLSTM) [15, 16, 2] with a pyramidal structure. This modi-
fication is required to reduce the length U of h, from T , the length
of the input x, because the input speech signals can be hundreds to
thousands of frames long. A direct application of BLSTM for the
operation Listen converged slowly and produced results inferior to
those reported here, even after a month of training time. This is
presumably because the operation AttendAndSpell has a hard time
extracting the relevant information from a large number of input time
steps.

We circumvent this problem by using a pyramidal BLSTM
(pBLSTM). In each successive stacked pBLSTM layer, we reduce
the time resolution by a factor of 2. In a typical deep BLSTM
architecture, the output at the i-th time step, from the j-th layer is
computed as follows:

h
j
i = BLSTM(hj

i�1, h
j�1
i ) (4)

In the pBLSTM model, we concatenate the outputs at consecutive
steps of each layer before feeding it to the next layer, i.e.:

h
j
i = pBLSTM(hj

i�1,

h
h
j�1
2i , h

j�1
2i+1

i
) (5)

In our model, we stack 3 pBLSTMs on top of the bottom
BLSTM layer to reduce the time resolution 23 = 8 times. This
allows the attention model (described in the next section) to extract
the relevant information from a smaller number of times steps. In
addition to reducing the resolution, the deep architecture allows the
model to learn nonlinear feature representations of the data. See
Figure 1 for a visualization of the pBLSTM.

The pyramidal structure also reduces the computational com-
plexity. The attention mechanism in the speller U has a computa-
tional complexity of O(US). Thus, reducing U speeds up learning
and inference significantly. Other neural network architectures have
been described in literature with similar motivations, including the
hierarchical RNN [17], clockwork RNN [18] and CNN [19].

2.2. Attend and Spell

The AttendAndSpell function is computed using an attention-
based LSTM transducer [10, 12]. At every output step, the trans-
ducer produces a probability distribution over the next character
conditioned on all the characters seen previously. The distribution
for yi is a function of the decoder state si and context ci. The de-
coder state si is a function of the previous state si�1, the previously
emitted character yi�1 and context ci�1. The context vector ci is
produced by an attention mechanism. Specifically,

ci = AttentionContext(si,h) (6)
si = RNN(si�1, yi�1, ci�1) (7)

P (yi|x, y<i) = CharacterDistribution(si, ci) (8)

where CharacterDistribution is an MLP with softmax outputs
over characters, and where RNN is a 2 layer LSTM.

At each time step, i, the attention mechanism, AttentionContext
generates a context vector, ci encapsulating the information in the
acoustic signal needed to generate the next character. The attention
model is content based - the contents of the decoder state si are
matched to the contents of hu representing time step u of h, to
generate an attention vector ↵i. The vectors hu are linearly blended
using ↵i to create ci.

Specifically, at each decoder timestep i, the AttentionContext
function computes the scalar energy ei,u for each time step u, using
vector hu 2 h and si. The scalar energy ei,u is converted into
a probability distribution over times steps (or attention) ↵i using
a softmax function. The softmax probabilities are used as mixing
weights for blending the listener features hu to the context vector ci
for output time step i:

ei,u = h�(si), (hu)i (9)

↵i,u =
exp(ei,u)P
u0 exp(ei,u0)

(10)

ci =
X

u

↵i,uhu (11)

����

• The Listen, Attend & Spell (LAS) architecture is a 
sequence-to-sequence model consisting of


• a Listener ( ): An acoustic model encoder. 
Deep BLSTMs with a pyramidal structure: 
reduces the time resolution by a factor of 2 in 
each layer.


• a Speller ( ): An attention-based 
decoder. Consumes  and produces a 
probability distribution over characters.
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Fig. 1: Listen, Attend and Spell (LAS) model: the listener is a pyra-
midal BLSTM encoding our input sequence x into high level fea-
tures h, the speller is an attention-based decoder generating the y
characters from h.

consumes h and produces a probability distribution over character
sequences:

h = Listen(x) (2)
P (yi|x, y<i) = AttendAndSpell(y<i,h) (3)

Figure 1 depicts these two components. We provide more details of
these components in the following sections.

2.1. Listen

The Listen operation uses a Bidirectional Long Short Term Memory
RNN (BLSTM) [15, 16, 2] with a pyramidal structure. This modi-
fication is required to reduce the length U of h, from T , the length
of the input x, because the input speech signals can be hundreds to
thousands of frames long. A direct application of BLSTM for the
operation Listen converged slowly and produced results inferior to
those reported here, even after a month of training time. This is
presumably because the operation AttendAndSpell has a hard time
extracting the relevant information from a large number of input time
steps.

We circumvent this problem by using a pyramidal BLSTM
(pBLSTM). In each successive stacked pBLSTM layer, we reduce
the time resolution by a factor of 2. In a typical deep BLSTM
architecture, the output at the i-th time step, from the j-th layer is
computed as follows:

h
j
i = BLSTM(hj

i�1, h
j�1
i ) (4)

In the pBLSTM model, we concatenate the outputs at consecutive
steps of each layer before feeding it to the next layer, i.e.:

h
j
i = pBLSTM(hj

i�1,

h
h
j�1
2i , h

j�1
2i+1
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) (5)

In our model, we stack 3 pBLSTMs on top of the bottom
BLSTM layer to reduce the time resolution 23 = 8 times. This
allows the attention model (described in the next section) to extract
the relevant information from a smaller number of times steps. In
addition to reducing the resolution, the deep architecture allows the
model to learn nonlinear feature representations of the data. See
Figure 1 for a visualization of the pBLSTM.

The pyramidal structure also reduces the computational com-
plexity. The attention mechanism in the speller U has a computa-
tional complexity of O(US). Thus, reducing U speeds up learning
and inference significantly. Other neural network architectures have
been described in literature with similar motivations, including the
hierarchical RNN [17], clockwork RNN [18] and CNN [19].

2.2. Attend and Spell

The AttendAndSpell function is computed using an attention-
based LSTM transducer [10, 12]. At every output step, the trans-
ducer produces a probability distribution over the next character
conditioned on all the characters seen previously. The distribution
for yi is a function of the decoder state si and context ci. The de-
coder state si is a function of the previous state si�1, the previously
emitted character yi�1 and context ci�1. The context vector ci is
produced by an attention mechanism. Specifically,

ci = AttentionContext(si,h) (6)
si = RNN(si�1, yi�1, ci�1) (7)

P (yi|x, y<i) = CharacterDistribution(si, ci) (8)

where CharacterDistribution is an MLP with softmax outputs
over characters, and where RNN is a 2 layer LSTM.

At each time step, i, the attention mechanism, AttentionContext
generates a context vector, ci encapsulating the information in the
acoustic signal needed to generate the next character. The attention
model is content based - the contents of the decoder state si are
matched to the contents of hu representing time step u of h, to
generate an attention vector ↵i. The vectors hu are linearly blended
using ↵i to create ci.

Specifically, at each decoder timestep i, the AttentionContext
function computes the scalar energy ei,u for each time step u, using
vector hu 2 h and si. The scalar energy ei,u is converted into
a probability distribution over times steps (or attention) ↵i using
a softmax function. The softmax probabilities are used as mixing
weights for blending the listener features hu to the context vector ci
for output time step i:

ei,u = h�(si), (hu)i (9)

↵i,u =
exp(ei,u)P
u0 exp(ei,u0)

(10)

ci =
X

u

↵i,uhu (11)
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Fig. 1: Listen, Attend and Spell (LAS) model: the listener is a pyra-
midal BLSTM encoding our input sequence x into high level fea-
tures h, the speller is an attention-based decoder generating the y
characters from h.

consumes h and produces a probability distribution over character
sequences:

h = Listen(x) (2)
P (yi|x, y<i) = AttendAndSpell(y<i,h) (3)

Figure 1 depicts these two components. We provide more details of
these components in the following sections.

2.1. Listen

The Listen operation uses a Bidirectional Long Short Term Memory
RNN (BLSTM) [15, 16, 2] with a pyramidal structure. This modi-
fication is required to reduce the length U of h, from T , the length
of the input x, because the input speech signals can be hundreds to
thousands of frames long. A direct application of BLSTM for the
operation Listen converged slowly and produced results inferior to
those reported here, even after a month of training time. This is
presumably because the operation AttendAndSpell has a hard time
extracting the relevant information from a large number of input time
steps.

We circumvent this problem by using a pyramidal BLSTM
(pBLSTM). In each successive stacked pBLSTM layer, we reduce
the time resolution by a factor of 2. In a typical deep BLSTM
architecture, the output at the i-th time step, from the j-th layer is
computed as follows:

h
j
i = BLSTM(hj

i�1, h
j�1
i ) (4)

In the pBLSTM model, we concatenate the outputs at consecutive
steps of each layer before feeding it to the next layer, i.e.:

h
j
i = pBLSTM(hj

i�1,

h
h
j�1
2i , h

j�1
2i+1

i
) (5)

In our model, we stack 3 pBLSTMs on top of the bottom
BLSTM layer to reduce the time resolution 23 = 8 times. This
allows the attention model (described in the next section) to extract
the relevant information from a smaller number of times steps. In
addition to reducing the resolution, the deep architecture allows the
model to learn nonlinear feature representations of the data. See
Figure 1 for a visualization of the pBLSTM.

The pyramidal structure also reduces the computational com-
plexity. The attention mechanism in the speller U has a computa-
tional complexity of O(US). Thus, reducing U speeds up learning
and inference significantly. Other neural network architectures have
been described in literature with similar motivations, including the
hierarchical RNN [17], clockwork RNN [18] and CNN [19].

2.2. Attend and Spell

The AttendAndSpell function is computed using an attention-
based LSTM transducer [10, 12]. At every output step, the trans-
ducer produces a probability distribution over the next character
conditioned on all the characters seen previously. The distribution
for yi is a function of the decoder state si and context ci. The de-
coder state si is a function of the previous state si�1, the previously
emitted character yi�1 and context ci�1. The context vector ci is
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using ↵i to create ci.
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vector hu 2 h and si. The scalar energy ei,u is converted into
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Fig. 1. Diagram of our hybrid architecture employing a deep neural network.
The HMM models the sequential property of the speech signal, and the DNN
models the scaled observation likelihood of all the senones (tied tri-phone
states). The same DNN is replicated over different points in time.

A. Architecture of CD-DNN-HMMs

Fig. 1 illustrates the architecture of our proposed CD-DNN-
HMMs. The foundation of the hybrid approach is the use of a
forced alignment to obtain a frame level labeling for training the
ANN. The key difference between the CD-DNN-HMM archi-
tecture and earlier ANN-HMM hybrid architectures (and con-
text-independent DNN-HMMs) is that we model senones as the
DNN output units directly. The idea of using senones as the
modeling unit has been proposed in [22] where the posterior
probabilities of senones were estimated using deep-structured
conditional random fields (CRFs) and only one audio frame
was used as the input of the posterior probability estimator.
This change offers two primary advantages. First, we can im-
plement a CD-DNN-HMM system with only minimal modifica-
tions to an existing CD-GMM-HMM system, as we will show
in Section II-B. Second, any improvements in modeling units
that are incorporated into the CD-GMM-HMM baseline system,
such as cross-word triphone models, will be accessible to the
DNN through the use of the shared training labels.

If DNNs can be trained to better predict senones, then
CD-DNN-HMMs can achieve better recognition accu-
racy than tri-phone GMM-HMMs. More precisely, in our
CD-DNN-HMMs, the decoded word sequence is determined
as

(13)

where is the language model (LM) probability, and

(14)

(15)

is the acoustic model (AM) probability. Note that the observa-
tion probability is

(16)

where is the state (senone) posterior probability esti-
mated from the DNN, is the prior probability of each state
(senone) estimated from the training set, and is indepen-
dent of the word sequence and thus can be ignored. Although
dividing by the prior probability (called scaled likelihood
estimation by [38], [40], [41]) may not give improved recog-
nition accuracy under some conditions, we have found it to be
very important in alleviating the label bias problem, especially
when the training utterances contain long silence segments.

B. Training Procedure of CD-DNN-HMMs

CD-DNN-HMMs can be trained using the embedded Viterbi
algorithm. The main steps involved are summarized in Algo-
rithm 1, which takes advantage of the triphone tying structures
and the HMMs of the CD-GMM-HMM system. Note that the
logical triphone HMMs that are effectively equivalent are clus-
tered and represented by a physical triphone (i.e., several log-
ical triphones are mapped to the same physical triphone). Each
physical triphone has several (typically 3) states which are tied
and represented by senones. Each senone is given a
as the label to fine-tune the DNN. The mapping maps
each physical triphone state to the corresponding .

Algorithmic 1 Main Steps to Train CD-DNN-HMMs

1) Train a best tied-state CD-GMM-HMM system where
state tying is determined based on the data-driven
decision tree. Denote the CD-GMM-HMM gmm-hmm.

2) Parse gmm-hmm and give each senone name an
ordered starting from 0. The will
be served as the training label for DNN fine-tuning.

3) Parse gmm-hmm and generate a mapping from
each physical tri-phone state (e.g., b-ah t.s2) to
the corresponding . Denote this mapping

.
4) Convert gmm-hmm to the corresponding

CD-DNN-HMM – by borrowing the
tri-phone and senone structure as well as the transition
probabilities from – .

5) Pre-train each layer in the DNN bottom-up layer by
layer and call the result ptdnn.

6) Use – to generate a state-level alignment on
the training set. Denote the alignment – .

7) Convert – to where each physical
tri-phone state is converted to .

8) Use the associated with each frame in
to fine-tune the DBN using back-propagation or other
approaches, starting from . Denote the DBN

.
9) Estimate the prior probability , where

is the number of frames associated with senone
in and is the total number of frames.

10) Re-estimate the transition probabilities using and
– to maximize the likelihood of observing

the features. Denote the new CD-DNN-HMM
– .

11) Exit if no recognition accuracy improvement is
observed in the development set; Otherwise use
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Attend and Spell
• Produces a distribution over characters 

conditioned on all characters seen previously


• At each decoder time-step , AttentionContext 
computes a score for each encoder step , which 
is then converted into softmax probabilities that 
are linearly combined to compute 
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Fig. 1: Listen, Attend and Spell (LAS) model: the listener is a pyra-
midal BLSTM encoding our input sequence x into high level fea-
tures h, the speller is an attention-based decoder generating the y
characters from h.

consumes h and produces a probability distribution over character
sequences:

h = Listen(x) (2)
P (yi|x, y<i) = AttendAndSpell(y<i,h) (3)

Figure 1 depicts these two components. We provide more details of
these components in the following sections.

2.1. Listen

The Listen operation uses a Bidirectional Long Short Term Memory
RNN (BLSTM) [15, 16, 2] with a pyramidal structure. This modi-
fication is required to reduce the length U of h, from T , the length
of the input x, because the input speech signals can be hundreds to
thousands of frames long. A direct application of BLSTM for the
operation Listen converged slowly and produced results inferior to
those reported here, even after a month of training time. This is
presumably because the operation AttendAndSpell has a hard time
extracting the relevant information from a large number of input time
steps.

We circumvent this problem by using a pyramidal BLSTM
(pBLSTM). In each successive stacked pBLSTM layer, we reduce
the time resolution by a factor of 2. In a typical deep BLSTM
architecture, the output at the i-th time step, from the j-th layer is
computed as follows:

h
j
i = BLSTM(hj

i�1, h
j�1
i ) (4)

In the pBLSTM model, we concatenate the outputs at consecutive
steps of each layer before feeding it to the next layer, i.e.:

h
j
i = pBLSTM(hj

i�1,

h
h
j�1
2i , h

j�1
2i+1

i
) (5)

In our model, we stack 3 pBLSTMs on top of the bottom
BLSTM layer to reduce the time resolution 23 = 8 times. This
allows the attention model (described in the next section) to extract
the relevant information from a smaller number of times steps. In
addition to reducing the resolution, the deep architecture allows the
model to learn nonlinear feature representations of the data. See
Figure 1 for a visualization of the pBLSTM.

The pyramidal structure also reduces the computational com-
plexity. The attention mechanism in the speller U has a computa-
tional complexity of O(US). Thus, reducing U speeds up learning
and inference significantly. Other neural network architectures have
been described in literature with similar motivations, including the
hierarchical RNN [17], clockwork RNN [18] and CNN [19].

2.2. Attend and Spell

The AttendAndSpell function is computed using an attention-
based LSTM transducer [10, 12]. At every output step, the trans-
ducer produces a probability distribution over the next character
conditioned on all the characters seen previously. The distribution
for yi is a function of the decoder state si and context ci. The de-
coder state si is a function of the previous state si�1, the previously
emitted character yi�1 and context ci�1. The context vector ci is
produced by an attention mechanism. Specifically,

ci = AttentionContext(si,h) (6)
si = RNN(si�1, yi�1, ci�1) (7)

P (yi|x, y<i) = CharacterDistribution(si, ci) (8)

where CharacterDistribution is an MLP with softmax outputs
over characters, and where RNN is a 2 layer LSTM.

At each time step, i, the attention mechanism, AttentionContext
generates a context vector, ci encapsulating the information in the
acoustic signal needed to generate the next character. The attention
model is content based - the contents of the decoder state si are
matched to the contents of hu representing time step u of h, to
generate an attention vector ↵i. The vectors hu are linearly blended
using ↵i to create ci.

Specifically, at each decoder timestep i, the AttentionContext
function computes the scalar energy ei,u for each time step u, using
vector hu 2 h and si. The scalar energy ei,u is converted into
a probability distribution over times steps (or attention) ↵i using
a softmax function. The softmax probabilities are used as mixing
weights for blending the listener features hu to the context vector ci
for output time step i:

ei,u = h�(si), (hu)i (9)

↵i,u =
exp(ei,u)P
u0 exp(ei,u0)

(10)

ci =
X

u

↵i,uhu (11)
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Progress in ASR Over the Last Decade

Figure from: “The History of Speech Recognition to the Year 2030” by Awni Hannun,https://awni.github.io/future-speech/ (Extended up to 2023)
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wav2vec

• Encoder network embeds raw audio 
into a latent representation ( ) 
and a context network combines 
multiple encoded representations into 
a contextualised embedding ( )


• Train the model to minimize the 
following contrastive loss:

f : X ! Z
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g : Z ! C
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Image from: https://arxiv.org/pdf/1904.05862.pdf

wav2vec: Unsupervised Pre-training for Speech Recognition

X

Z

C

L1 L2 L3

Figure 1: Illustration of pre-training from audio data X which is encoded with two convolutional
neural networks that are stacked on top of each other. The model is optimized to solve a next time
step prediction task.

Experimental results on the WSJ benchmark demonstrate that pre-trained representations estimated
on about 1,000 hours of unlabeled speech can substantially improve a character-based ASR system
and outperform the best character-based result in the literature, Deep Speech 2, improving WER
from 3.1 % to 2.43 %. On TIMIT, pre-training enables us to match the best reported result in the lit-
erature. In a simulated low-resource setup with only eight hours of transcribed audio data, wav2vec
reduces WER by up to 36 % compared to a baseline model that relies on labeled data only (§3, §4).

2 PRE-TRAINING APPROACH

Given an audio signal as input, we optimize our model (§2.1) to predict future samples from a given
signal context. A common problem with these approaches is the requirement to accurately model
the data distribution p(x), which is challenging. We avoid this problem by first encoding raw speech
samples x into a feature representation z at a lower temporal frequency and then implicitly model a
density ratio p(zi+k|zi . . . zi�r)/p(zi+k) similar to van den Oord et al. (2018).

2.1 MODEL

Our model takes raw audio signal as input and then applies two networks. The encoder network
embeds the audio signal in a latent space and the context network combines multiple time-steps
of the encoder to obtain contextualized representations (Figure 1). Both networks are then used to
compute the objective function (§2.2).

Given raw audio samples xi 2 X , we apply the encoder network f : X 7! Z parameterized as
a five-layer convolutional network (van den Oord et al., 2018). Alternatively, one could use other
architectures such as the trainable frontend of Zeghidour et al. (2018a). The encoder layers have
kernel sizes (10, 8, 4, 4, 4) and strides (5, 4, 2, 2, 2). The output of the encoder is a low frequency
feature representation zi 2 Z which encodes about 30 ms of 16 kHz of audio and the striding results
in representations zi every 10ms.

Next, we apply the context network g : Z 7! C to the output of the encoder network to mix
multiple latent representations zi . . . zi�v into a single contextualized tensor ci = g(zi . . . zi�v) for
a receptive field size v. The context network has nine layers with kernel size three and stride one.
The total receptive field of the context network is about 210 ms.

The layers in both the encoder and context networks consist of a causal convolution with 512 chan-
nels, a group normalization layer and a ReLU nonlinearity. We normalize both across the feature
and temporal dimension for each sample which is equivalent to group normalization with a single
normalization group (Wu & He, 2018). We found it important to choose a normalization scheme
that is invariant to the scaling and the offset of the input. This choice resulted in representations that
generalize well across datasets.

2

Lk = �
T�kX

i=1

log
exp(sim(ci, zi+k))X

z̃

exp(sim(ci, z̃))
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• Algorithm that uses raw audio to learn speech representations (“self-supervised” approach)

https://arxiv.org/pdf/1904.05862.pdf


wav2vec

Image from: https://arxiv.org/pdf/1904.05862.pdf

wav2vec: Unsupervised Pre-training for Speech Recognition
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Figure 2: Pre-training substanstially improves WER in simulated low-resource setups on the audio
data of WSJ compared to wav2letter++ with log-mel filterbanks features (Baseline). Pre-training on
the audio data of the full 960 h Librispeech dataset (wav2vec Libri) performs better than pre-training
on the 81 h WSJ dataset (wav2vec WSJ).

& Hutter, 2016) annealed over 40k update steps for both WSJ and the clean Librispeech training
datasets or over 400k steps for full Librispeech. We start with a learning rate of 1 ⇥ 10−7, and then
gradually warm it up for 500 updates up to 5 ⇥ 10−3 and then decay it following the cosine curve up
to 1 ⇥ 10−6. To compute the objective, we sample ten negatives for each of the K = 12 tasks.

We train the first wav2vec variant on 8 GPUs and put audio sequences amounting up to 1.5M frames
on each GPU. Sequences are grouped by length and we crop each to a maximum size of 150k frames,
or the length of the shortest sequence in the batch, whichever is smaller. Cropping removes speech
signal from either the beginning or the end of the sequence and we randomly decide the cropping
offsets for each sample; we re-sample every epoch. This is a form of data augmentation but also
ensures equal length of all sequences on a GPU and removes on average 25 % of the training data.
After cropping, the total effective batch size across GPUs is about 556 seconds of speech. For the
large model variant, we train on 16 GPUs, doubling the effective batch size.

4 RESULTS

Different to van den Oord et al. (2018), we evaluate the pre-trained representations directly on down-
stream speech recognition tasks. We measure speech recognition performance on the WSJ bench-
mark and simulate various low resource setups (§4.1). We also evaluate on the TIMIT phoneme
recognition task (§4.2) and ablate various modeling choices (§4.3).

4.1 PRE-TRAINING FOR THE WSJ BENCHMARK

We consider pre-training on the audio data (without labels) of WSJ, part of clean Librispeech (about
80 h) and full Librispeech as well as a combination of all datasets (§3.1). For the pre-training exper-
iments we feed the output of the context network to the acoustic model, instead of log-mel filterbank
features.

Table 1 shows that pre-training on more data leads to better accuracy on the WSJ benchmark. Pre-
trained representations can substantially improve performance over our character-based baseline
which is trained on log-mel filterbank features. This shows that pre-training on unlabeled audio
data can improve over the best character-based approach, Deep Speech 2 (Amodei et al., 2016),
by 0.67 WER on nov92. In comparison to Hadian et al. (2018), wav2vec performs as well as
their phoneme-based model and wav2vec large outperforms it by 0.37 WER. The phoneme-based
approach of Ghahremani et al. (2017) pre-trains on the labeled version of Librispeech and then fine-
tunes on WSJ. wav2vec large still outperforms Ghahremani et al. (2017) despite a weaker baseline
model and not using Librispeech transcriptions.

What is the impact of pre-trained representations with less transcribed data? In order to get a bet-
ter understanding of this, we train acoustic models with different amounts of labeled training data
and measure accuracy with and without pre-trained representations (log-mel filterbanks). The pre-
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wav2vec 2.0: Learning Speech Representations from Raw Audio

• Similar to wav2vec. Outputs from 
the encoder are further 
quantized.


• Masks spans of speech 
representations (as in masked 
language modelling for BERT [1])


• Training objective is to recover 
the masked representations 
among a set of distractors.

Image from:https://ai.facebook.com/blog/wav2vec-20-learning-the-structure-of-speech-from-raw-audio/
[1]:  https://arxiv.org/abs/1810.04805

https://arxiv.org/abs/1810.04805


wav2vec 2.0: Results on English

Image from:https://ai.facebook.com/blog/wav2vec-20-learning-the-structure-of-speech-from-raw-audio/
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Many Unsolved Problems Related to ASR

• State-of-the-art ASR systems do not work well on heavy regional accents, dialects.


• Code-switching is hard for ASR systems to deal with.


• How do we deploy such high-capacity ASR systems in low-power devices? 


• How do we rapidly build competitive ASR systems for a new language?  
Low-resource ASR, multilingual ASR and pretrained models.


• How do we recognize speech from meetings where a primary speaker is speaking 
amidst other speakers?


