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● Deep neural network acoustic models and HMM-DNN ASR
● Connectionist temporal classification (CTC)

○ Lexicon-free CTC
● Listen, Attend, & Spell (LAS)

○ Combining CTC and LAS
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● Probabilistic implication: Pick the highest prob word sequence W:

● We can use Bayes rule to rewrite this:

● Since denominator is the same for each candidate sentence W,
 we can ignore it for the argmax:

3

The Noisy Channel Model



4

CS 224S / LINGUIST 285
Spoken Language Processing

Lecture 8: 
ASR with neural nets 4

Speech Architecture Meets Noisy Channel

Decoding 
Search

Acoustic Model 
+ Lexicon

Language 
Model

Feature 
ExtractionO

P(O|W)

P(W)

W
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HMM-GMM ASR Model

942 942

GMM models:
P(o|q)
o: input features
q: HMM state

Acoustic Model:

Audio Input:

Hidden Markov 
Model (HMM):

Transcription:
Pronunciation:

Sub-phones:

Samson
S – AE – M – S –AH – N
942 – 6 – 37 – 8006 – 4422 …

Features Features Features 

6
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DNN Hybrid Acoustic Models

942 942

Use a DNN to approximate:
P(s|x)

Apply Bayes’ Rule:
P(x|s) = P(s|x) * P(x) / P(s)

DNN * Constant / State prior

Acoustic Model:

Audio Input:

Hidden Markov 
Model (HMM):

Transcription:
Pronunciation:

Sub-phones:

Samson
S – AE – M – S –AH – N
942 – 6 – 37 – 8006 – 4422 …

Features (X1) Features (X2) Features (X3)

6

P(s | X1) P(s | X2) P(s | X3)
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HMM-DNN ASR 
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● Supervised learning, minimize our classification errors

● Standard choice: Cross entropy loss function
○ Straightforward extension of logistic loss for binary

● This is a frame-wise loss. We use a label for each frame from a forced alignment

● Other loss functions possible. Can get deeper integration with the HMM or word error rate

8

Objective function for DNN training: 
per-frame classification
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Neural nets for acoustic modeling goes back to early speech

Front End

Training

Speech Features

Targets

Estimated 
Phone LabelsMLP

Front End

Recognition

Speech Features Estimated 
Phone LabelsMLP

Word Sequence

Viterbi Alignment (HMM)

Figure: Renals, Morgan, Bourland, 
Cohen, & Franco. (1994)
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Early neural network approaches
Speech tasks motivated some of the original backpropagation work

Waibel, Hanazawa, Hinton, Shikano, & Lang. 1988 McClelland, & Elman. 1985
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Hybrid MLPs on Resource Management dataset in 1994

Table: Results using the three test sets with the 
perplexity 60 wordpair grammar. (CI-MLP is the 
context-independent MLP-HMM hybrid system, 
CD-HMM is the full context-dependent Decipher 
system, and the MIX system is a simple 
interpolation between the CD-HMM and the 
CI-MLP.)

(Renals, Morgan, Bourland, Cohen, & Franco. 1994) 
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Hybrid systems took over ASR around 2012-2015

Hinton et al. 2012
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● Context-dependent HMM states 

● Deeper nets improve on single hidden layer nets 

● Hidden unit nonlinearity 

● Many more model parameters (scaling up) and large datasets

● Specific depth (e.g. 3 vs 7 hidden layers)

● Fast computers = run many experiments

● Architecture choices (easiest is replacing sigmoid)

● Pre-training does not matter* 
○ Initially we thought this was the new trick that made things work

13

What’s made modern DNNs successful?
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Recurrent DNN hybrid acoustic models

942 942

Acoustic Model:

Audio Input:

Hidden Markov 
Model (HMM):

Transcription:
Pronunciation:

Sub-phones:

Samson
S – AE – M – S –AH – N
942 – 6 – 37 – 8006 – 4422 …

Features (X1) Features (X2) Features (X3)

6

P(s | X1) P(s | X2) P(s | X3)
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Deep recurrent networks

Input: x1= [o,x1,x2]

 h(1)(x1)

  h(2)(x1)

ŷ1

 (W(1), b(1))

 (W(2), b(2))

 (V, c)

 x2= [x1,x2,x3]

 h(1)(x2)

  h(2)(x2)

ŷ2

 (W(1), b(1))

 (W(2), b(2))

 (V, c)

 (U)

x

Hidden layer:  h(1)(x2) = σ (W(1)x2+ b(1) + Uh(1)(x1)) 

 h(2)(x2) = σ (W(2)h(1)(x2) + b(3)) Hidden layer:

Output layer: ŷ2= Vh(1)(x2) + c
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RNNs for acoustic modeling in 1996
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Adding more parameters 25 years ago
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Scaling Total Parameters on Switchboard

Figure: Maas, Qi, Xie, Hannun, 
Lengerich, Jurafsky, & Ng. (2017)
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Combining speech training corpora

2,000 hours

23,394 
speakers

300 
hours

4,870
speakers

Switchboard Fisher

Combined corpus baseline system now available in Kaldi
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Framework + Isolated training limitations

Figure: Maas, Qi, Xie, Hannun, 
Lengerich, Jurafsky, & Ng. (2017)
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How can we improve upon HMM-DNN?
● Lexicon introduces too many pronunciation assumptions. Requires hand engineering

● Iteratively building HMM systems requires complex “recipes” to progressively improve alignments 
+ acoustic models

● HMM-DNN systems perform better, but still require the above
○ … can we use deep learning approaches to replace the HMM-based approaches so far?
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HMM-Free Recognition

942 942

Use a DNN to approximate:
P(s|x)

Apply Bayes’ Rule:
P(x|s) = P(s|x) * P(x) / P(s)

DNN * Constant / State prior

Acoustic Model:

Audio Input:

Hidden Markov 
Model (HMM):

Transcription:
Pronunciation:

Sub-phones:

Samson
S – AE – M – S –AH – N
942 – 6 – 37 – 8006 – 4422 …

Features (X1) Features (X2) Features (X3)

6

P(s | X1) P(s | X2) P(s | X3)
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Connectionist Temporal Classification

Question: How is transcription (audio -> words) similar to or different 
from machine translation?

23
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HMM-Free Recognition with CTC

Use a DNN to approximate:
P(a|x)

The distribution over 
characters

Acoustic Model:

Audio Input:

Transcription:
Characters:

Collapsing function:

Samson
S A M S O N

SS___AA_M_S___O___NNNN

Features (X1) Features (X2) Features (X3)

P(a | X1) P(a | X2) P(a | X3)

S S _
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Example CTC results. No word lexicon (WSJ corpus)

YET A REHBILITATION CRU IS ONHAND IN THE BUILDING LOOGGING BRICKS PLASTER AND BLUEPRINS FOUR FORTY TWO 
NEW BETIN EPARTMENTS  

YET A REHABILITATION CREW IS ON HAND IN THE BUILDING LUGGING BRICKS PLASTER AND BLUEPRINTS FOR FORTY TWO 
NEW BEDROOM APARTMENTS 

THIS PARCLE GUNA COME BACK ON THIS ILAND SOM DAY SOO  

THE SPARKLE GONNA COME BACK ON THIS ISLAND SOMEDAY SOON

TRADE REPRESENTIGD JUIDER WARANTS THAT THE U S WONT BACKCOFF  ITS PUSH FOR TRADE BARIOR REDUCTIONS  

TRADE REPRESENTATIVE YEUTTER WARNS THAT THE U S WONT BACK OFF ITS PUSH FOR TRADE BARRIER REDUCTIONS 

TREASURY SECRETARY BAGER AT ROHIE WOS IN AUGGRAL PRESSED FOUR ARISE IN THE VALUE OF KOREAS CURRENCY  

TREASURY SECRETARY BAKER AT ROH TAE WOO’S INAUGURAL PRESSED FOR A RISE IN THE VALUE OF KOREAS CURRENCY 
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CTC loss function
● Labels at each time index are conditionally independent (like HMMs)

● Sum over all time-level labelings consistent with the output label

● T=3, transcript: HI

● Time-level labelings: HI_, H_I, _HI , HHI, HII

● Final loss maximizes probability of transcript y*
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CTC loss function: Dynamic programming

x1 x2 x3 x4 x5 x6

a

∈

∈

∈

b

Output
Y = [a,b]

Input x

Two final 
nodes

Node (s,t) in the diagram represents as,t - the CTC score of the 
subsequence Z1:s after input t steps
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Collapsing example

After collapsing:

YET A REHBILITATION CRU IS ONHAND IN THE BUILDING LOOGGING BRICKS PLASTER AND BLUEPRINS FOUR FORTY TWO
NEW BETIN EPARTMENTS 

YET A REHABILITATION CREW IS ON HAND IN THE BUILDING LUGGING BRICKS PLASTER AND BLUEPRINTS FOR FORTY TWO 
NEW BEDROOM APARTMENTS 

Reference
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Decoding CTC with a lexicon-based language model

Character 
probabilities:

Lexicon:

Language model:

[a, …, zebra]

p(“yeah” | “oh”)

__oo_h__y_e_aa_h
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CTC inference: Simple beam search



31

CS 224S / LINGUIST 285
Spoken Language Processing

Lecture 8: 
ASR with neural nets 31

CTC inference: Beam search over collapsed outputs
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Recurrence matters for CTC performance

Features (X1) Features (X2) Features (X3)

P(a | X1) P(a | X2) P(a | X3)

S S _

Architecture CER

DNN 22
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Earlier work on CTC with phonemes

Table: Label Error Rate (LER) on TIMIT. 
CTC and hybrid results are means over 5 
runs, ‡ standard error.All differences were 
significant (p < 0.01), except between 
weighted error BLSTM/HMM and CTC 
(best path).

(Graves, Fernández, Gomez, & 
Schmidhuber. 2006)
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CTC loss during training

Figure: Evolution of the CTC Error Signal During 
Training. The left column shows the output 
activations for the same sequence at various 
stages of training (the dashed line is the 'blank' 
unit); the right column shows the corresponding 
error signals. Errors above the horizontal axis act 
to increase the corresponding output activation 
and those below act to decrease it. (a) Initially 
the network has small random weights, and the 
error is determined by the target sequence only. 
(b) The network begins to make predictions and 
the error localises around them. (c) The network 
strongly predicts the correct labelling and the 
error virtually disappears.

(Graves, Fernández, Gomez, & Schmidhuber. 
2006)
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Lexicon-free CTC with character LM

Character 
probabilities: __oo_h__y_e_aa_h

Character 
language model: p(“yeah” | “oh”)

Character 
probabilities: __oo_h__y_e_aa_h

Character 
language model: p(“yeah” | “oh”)

[a, …, zebra]Lexicon

Out of Vocabulary Words

syriza abo-

schmidhuber

rona

fru–
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Beam search decoding for CTC with character LM
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Lexicon-Free & HMM-Free on Switchboard
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Example results (Switchboard) ~19% CER

i i don'tknow i don't know what the rain force have to do with it but you know their chop a those down af the tr minusrat everyday

i- i don't kn- i don't know what the rain forests have to do with it but you know they're chopping those down at a tremendous rate 
everyday

come home and get back in to regular cloos aga

come home and get back into regular clothes again

i guess down't here u we just recently move to texas so my wor op has change quite a bit muh we ook from colorado were and i 
have a cloveful of sweatterso tuth

i guess down here uh we just recently moved to texas so my wardrobe has changed quite a bit um we moved from colorado where 
and i have a closet full of sweaters that

i don't know whether state lit state hood whold itprove there a conomy i don't i don't know that to that the actove being a state

i don't know whether state woul- statehood would improve their economy i don't i don't know that the ve- the act of being a state
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Transcribing out of vocabulary (OOV) words

Truth: yeah i went into the i do not know what you think of fidelity but

HMM-GMM: yeah when the i don’t know what you think of fidel it even them

CTC-CLM: yeah i went to i don’t know what you think of fidelity but um

Truth: no no speaking of weather do you carry a altimeter slash barometer

HMM-GMM: no i’m not all being the weather do you uh carry a uh helped emitters last brahms her

CTC-CLM: no no beating of whether do you uh carry a uh a time or less barometer

Truth: i would ima- well yeah it is i know you are able to stay home with them

HMM-GMM: i would amount well yeah it is i know um you’re able to stay home with them

CTC-CLM: i would ima- well yeah it is i know uh you’re able to stay home with them



40

CS 224S / LINGUIST 285
Spoken Language Processing

Lecture 8: 
ASR with neural nets 40

Comparing alignments

HMM-GMM phone probabilities CTC character probabilities
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Learning phonemes and timing
● Take all phone segments from HMM-GMM 

alignments (k)

● Align all segments to start at the same time = 0

● Compute the average CTC character 
probabilities during the segment (c, e, k)

● Vertical line shows median end time of phone 
segment from HMM-GMM alignments
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Learning phonemes and timing
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Extending CTC: RNN-Transducer output model
● Add network that reasons over sequence of non-blank characters/tokens (c)

43(Prabhavalkar et al, 2023)

https://ieeexplore.ieee.org/abstract/document/10301513
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Extending CTC: RNN-Transducer output model
● Add network that reasons over sequence of non-blank characters/tokens (c)

44(Prabhavalkar et al, 2023)

https://ieeexplore.ieee.org/abstract/document/10301513


45

CS 224S / LINGUIST 285
Spoken Language Processing

Lecture 8: 
ASR with neural nets 

CS 224S / LINGUIST 285
Spoken Language Processing

Listen, Attend, & Spell

45
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Listen, Attend, and Spell
● Discriminative, character-based encoder-decoder

● Unlike CTC: 
○ Outputs also condition on previous outputs so far
○ No blank/epsilon. LAS just outputs characters

● Attention-based decoder. Precursor to modern encoder-decoder and transformer approaches

From: Chan, Jaitly, Le, & Vinyals. 2015 
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Listen, Attend, 
and Spell

Lecture 8: 
Listen, Attend, & Spell 

Figure: Listen, Attend and Spell (LAS) model: 
the listener is a pyramidal BLSTM encoding 
our input sequence x into high level features 
h, the speller is an attention-based decoder 
generating the y characters from h. 

(Chan, Jaitly, Le, & Vinyals. 2015) 

Speller

Listener
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Listen, Attend, 
and Spell

Lecture 8: 
Listen, Attend, & Spell 

Figure: Chan, Jaitly, Le, & Vinyals. 2015
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Listen, Attend, 
and Spell

Lecture 8: 
Listen, Attend, & Spell 

Table: WER comparison on the clean and 
noisy Google voice search task. The 
CLDNN-HMM system is the state-of-the-art 
system, the Listen, Attend and Spell (LAS) 
models are decoded with a beam size of 32.
Language Model (LM) rescoring was applied 
to our beams, and a sampling trick was 
applied to bridge the gap between training 
and inference.

(Chan, Jaitly, Le, & Vinyals. 2015) 
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CTC + LAS 
Multi-Task 
Approach 

Lecture 8: 
Listen, Attend, & Spell 

Figure: Our proposed Joint CTC-attention 
based end-to-end framework: the shared 
encoder is trained by both CTC and attention 
model objectives simultaneously. The shared 
encoder transforms our input sequence x 
into high level features h, the location-based 
attention decoder generates the character 
sequence y

(Kim, Hori, & Watanabe. 2017) 

https://ieeexplore.ieee.org/abstract/document/7953075
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CTC + LAS 
Multi-Task 
Approach

Lecture 8: 
Listen, Attend, & Spell 

Table: Character Error Rate (CER) on clean 
corpora WSJ1 (80 hours) and WSJO (15 
hours), and a noisy corpus CHiME-4 (18 
hours). None of our experiments used any 
language model or lexicon information. 
(Word Error Rate (WER) of our model
MTL(1 = 0.2) was 18.2% and WER of [7] was 
18.6% on WSJ1.Note that this is not an exact 
comparison because the hyper parameters 
were not completely same as [7].)

(Kim, Hori, & Watanabe. 2017) 

https://ieeexplore.ieee.org/abstract/document/7953075
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CTC + LAS 
Multi-Task 
Approach

Lecture 8: 
Listen, Attend, & Spell 

Figure: Comparison of learning curves: CTC, 
location-based attention model, and MTL 
with (1 = 0.2, 0.5, 0.8). The character 
accuracy on the validation set of CHiME-4 is 
calculated by edit distance between 
hypothesis and reference. Note that the 
reference history were used in the attention 
and our MTL models.

(Kim, Hori, & Watanabe. 2017) 

https://ieeexplore.ieee.org/abstract/document/7953075
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CTC + LAS Multi-Task Approach

Figure: Comparison of speed in learning alignments between characters (y-axis) and acoustic frames (x-axis) between the location-based attention model (1st row) and our model MTL (2nd 
row) over training epoch (1,3,5,7, and 9). All alignments are for one manually chosen utterance F05_442C020U_CAF_REAL - "THE ONE HUNDRED SHARE INDEX CLOSED SIX POINT EIGHT 

POINTS LOWER AT ONE THOUSAND SEVEN HUNDRED FIFTY NINE POINT NINE") in the noisy CHiME-4 evaluation set. (Kim, Hori, & Watanabe. 2017) 

https://ieeexplore.ieee.org/abstract/document/7953075
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CTC + LAS 
Multi-Task 
Approach

Lecture 8: 
Listen, Attend, & Spell 

Table: Character error rate (CER) for 
conventional attention and hybrid 
CTC/attention end-to-end
ASR. Corpus of Spontaneous Japanese 
speech recognition (CSJ) task.

Figure:The effect of weight parameter \ in 
Eq. (14) on the CSJ evaluation tasks (The 
CERs were obtained by one-pass decoding).

(Hori, Watanabe, Zhang, & Chan. 2017) 

https://arxiv.org/abs/1706.02737
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Data Augmentation

55
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Training 
Augmentation: 
SpecAugment

1. Time warping (image 
warp)

2. Frequency masking

3. Time masking

Mix using different policies

Implementations available for 
PyTorch

Figure 1: Augmentations applied to 
the base input, given at the top. 
From top to bottom, the figures 
depict the log mel spectrogram of 
the base input with no augmentation, 
time warp, frequency masking and 
time masking applied.

Figure 2: Augmentation policies 
applied to the base input. From top 
to bottom, the figures depict the log 
mel spectrogram of the base input 
with policies None, LB and LD 
applied.

(Park et al, ICASSP 2020)

https://arxiv.org/abs/1904.08779
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Training Augmentation: SpecAugment

Table: Switchboard 300h WER (%)

(Park et al, ICASSP 2020)

https://arxiv.org/abs/1904.08779
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Thank You
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