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Speech recognition

» Task: convert audio (sound wave) > text
» generally just words, no punctuation or capitalization used

e Audio: waveform

* wave position in time (samples) PN .
« 8kHz - 44 kHz frequency TN 0 = TS
(teleph0n99CD ClualltY) Forf—t—4 :-(i;: ot @’©@1)-|—|—I—l—2ﬁ-l—l—l—l—i—?g| : 3@ @‘“}l‘ i _:.4@4_—1%
] ® ® ® | | ® ® Ol
» 8-16 kHz mostly used for speech 4 bod ey r
* quantlzed (:8_b|t/16_blt number) .. https://en.wikipedia.org/wiki/Quantization %28signal processing%29

* lot more than just words:
 speaker identity (age, gender, dialect, speech defects), emotional state (pitch, loudness, health)
* environment, noise (reverb, distance, channel effects)

* ASR is basically very harsh lossy compression
 from ~ 64 kbps (8 kHz, 8-bit) to ~ 50 bps (text)
* for context, low-bitrate audio codecs are ~ 500 bps at least
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Speech

« composed of phones (distinct sounds) / phonemes (meaning-distinguishing)
* phones are realizations of phonemes
« different phonemes: catvs. bat, phones: the same [k] in cat said twice

* compound sound wave, composed of many frequencies
« spectrogram - frequency-time-loudness graph\
* FO - vocal cord frequency (voice pitch)

» formants - loud multiples of FO
(distinct for different phonemes)

* noise - broad sound spectrum
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ASR History

* First commercial success in “ASR”: Radio Rex (1920)
* spring triggered by 500 Hz audio (~F1 formant of [¢] in “Rex”)

e 1950°-60’s - rule-based formant detection
* digit recognition, isolated words

* 1970’s - first statistical modelling, HMMs
* 1980’s - larger models, adding language models

* 1990’s ~ first practically usable, large-vocab, continuous speech
* 2000’s - early neural approaches
* late 2010’s - fully neural, end-to-end ASR
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Conventional ASR
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Speech Activity Detector

https://docs.nvidia.com/deeplearning/nemo/user-guide/docs/zh/latest/voice activity detection/tutorial.html

Preprocessing step in ASR T T TN VR T TT
» Save CPU: run ASR only when _ AL REATA 2
there is speech S 5e B = 2w =
* Avoid confusing ASR with ) Fle: welcome noisyway
non-speech sounds f Pt
 Handcrafted (now obsolete)

Mel-frequency spectrogram

* Track signal amplitude contours e T oo
* Simple, for low-resource tasks, o | — o
assumes low noise g 1 — : =: 4

e Statistical / neural

 Trained on large corpora to tell speech from other sounds - binary classifier
* Input features same as ASR (> )
 Accurate but more CPU-demanding

* basic smoothing needs to be applied


https://docs.nvidia.com/deeplearning/nemo/user-guide/docs/zh/latest/voice_activity_detection/tutorial.html

Wake words

* trigger to “start listening” (i.e. run full-scale ASR)

» simpler & more precise than VAD - detecting specific wake word
* OK Google, Alexa, Hey Siri
* simpler than to recognize that user is speaking to the system
 simpler to distinguish from background noise

* basically a small-vocabulary ASR problem
* ASR system running continuously
* low-power, low-accuracy, but good enough for wake word

(small feed forward/convolutional)

Input speech signal Speech features Neural network
- : | 1 [
02 10 ! 0.91 “Hey computer”
. 0.1 E 0.01 “Stop”
§ 0 > g 5 : 0.03 Non-speech
0.1 ' .
-0.2 . 0
0 0.5 1 0 0.5 1
Time (s) Time (s)
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https://haythamfayek.com/2016/04/21/speech-processing-for-machine-learning.html

Features for ASR - Preprocessing

* In: Raw waveform ~ 1 number per 0.125 ms (8 kHz)
* current pos. of the sound wave (~continuous) - sample, 8-bit/16-bit quantized

* Out: Mel Frequency Cepstral Coefficients ~ 40 features per 10 ms
* step-wise (~discrete), dissected to frequency loudness & trends

* Inspired by humans:
* information for 1 phone spans 250-400ms (coarticulation)
* need to follow at least 4-7 freq. channels for intelligibility (10+ for better fidelity)
* speech ~ 2-10 phones/sec (peak 4), auditory cortex reaction ~ 2-20 Hz

cut shift to normalize

i : +trends/speeds

soeech equalize cut time frequency human scale loudness rate of changeMFcc 12 /sp 12 MFCC
signal Med filtar- coefficients 12 AMFCC
—| "L gl window —=| DFT —=| M0 O L gl jog —e| IDFT  f————| deltas — 12 AAMFCC

emphasis bank 1 anergy

1 & energy
f 1 &d energy

——=| energy 1 energy feature
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Features for ASR

[a:]
* Preemphasis :
* boost higher frequencies R
(equalization)

* Windowing ~ frames
* sliding: 25 ms / each 10 ms - overlapping
* Hamming window - middle is emphasized

* Energy = overall loudness (+A, AA)

..‘.”” n .h.-“lH * URAAARRAT
ML RARRARKAR i

(Jurafsky & Martin, 2009)

lr I | I ; | \ | )h r | |I' ) } lr l [ - L ““"‘I ) 4 DaTSE
Rectangular window .-~~~ - *--.Hamming window
Window , - - e
25 ms et
St Window | 7
ms | 25 mMs- et o
ST Window
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Features for ASR

sound wave spectrum (~ after FT)

0.04414

[as]
=]

» Spectrum - Fourier transform
* loudness at different frequencies AN AN N

* Mel bank filter
* loudness at ~12-16 mel banks o Foqunc )
(i.e. frequency ranges) |
* using triangular frequency filters 2 /MMMMA’W\M/\/\ AMAAAAN -
<]

(sum everything within the filter)

Sound pressureLve (dB/Hz)
|
=

n
Q

BODO

o

* ranges equal on mel scale I . P
M . ST requency (Hz IS
(get wider in terms of normal frequency) N
. . melspectrum | My | my | | My |
* mel scale - logarithmic
 corresponds to human perception of pitch 2500
2000
: | = 2959 - logao (1 + o3
E_]SU(]* mel = 0210 700
gmuo—

500

2 ' ;
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Features for ASR

wave .
* Logarithmic volume
* ~human-like, robust to loudness variation | B
e Cepstrum - another (inverse) Fourier transform
» ~“spectrum of log spectrum”
* “rate of change in various spectral bands” spectium 2,
* decorrelated (unlike filterbanks, which are overlapping) | o
* slow changes - relevant to phones
« ~formants, other properties log spectrum
 usual speech: 2-10 phones per sec.
» ~only keep coeffs 2-13 (or thereabouts) info about slowly changing =
* high range - harmonics (F0) features oflogspectruQl oY e (
e A, AA: (x 3 features) - trends, speed of trends cepstrum

https://medium.com/@derutycsl/intuitive-understanding-of-mfccs-836d36a1f779
http://practicalcryptography.com/miscellaneous/machine-learning/guide-mel-frequency-cepstral-coefficients-mfccs/

https://medium.com/prathena/the-dummys-guide-to-mfcc-aceab2450fd ) L :
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Features for ASR

spectrogram mel filtered spectrogram

Frequency (kHz)
Mel-frequency
Index

0.5 1 1.5 2 2.5 0.5 1 1.5 2) 0.5 1 1.5 2 2.5
Time (ms) Time (ms) Time (ms)
hard to interpret,
less detail wider in low frequencies, uncorrelated

general shape preserved narrower in higher frequencies

* MFCCs used mainly in older/low-resource systems
* newer: mel spectrograms (filterbank) / raw spectrograms / raw audio

NPFL123 1102025 https://wiki.aalto.fi/display/ITSP/Cepstrum+and+MFCC
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Conventional ASR

* We want to model P (text|audio)

* Can’t model directly, so using Bayes:
P(audio|text) P (text)

P(text|audio) = P (audio)

* P(audio) is a constant, we’re ignoring that
* P(audio|text) ~ acoustic model P4
* P(text) ~language model P,

 decoder then combines information from both

NPFL123L10 2025
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Acoustic model

* P, = P(audio|text), where
 audio = ASR features, i.e. spectrograms
* text = sequence of phone[me]s

* assuming independence between audio frames:
P(audio|text) = HP(al-|tl-)
i

* | —time (frame no.)
* a; - audio feature vector (~ spectrum)
* t; —acoustic class (~ phone[me], context-dependent phone)

NPFL123L10 2025
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Acoustic model

time (audio frames)

v
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Acoustic model

Jurafsky & Martin, 2009)

* Representing each phone by an HMM 2 s ah
« start - mid - end, with loops (~ different lengths) \)_\)_NJ_N;\)/:\)
* Original: GMM - Gaussian mixtures WA

e each HMM transition/emission is a multivariate Gaussian
* clustering, as there are too many options

* Improvement: DNN 0
(=feed forward neural net) instead of GMM ...

8000 Hz| T \ i

* Training - Baum Welch force-alignment 1

« start from equal lengths of all phonemes, .| P, 4y
iteratively shift & increase likelihood |

* GMMs used to produce alignment to train DNN

1

words

= 1| please say bus again (3/5)

2PLliy|z|s| EY | B |aH| s |AH|G|EH| N 51‘:’1“;"99

annotation
3 v | obs
(4)

NPFL123 L10 2025 https://www.cs.mcgill.ca/~acoles/Forced Phonetic Alignment Coles.pdf 16
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Language model

* P(text), where text ~ sentence, consisting of words wy, ... w,,
* sequence probability modeled with a LM:

PT(teXt) — HP(Wilwi—lJWi—ZJ )
i

* words given preceding context
e traditionally n-gram LMs
* more recently neural LMs

» Words w; mapped to acoustic classes t; using a pronouncing dictionary
* orrules - essentially reverse of TTS’s grapheme-to-phoneme conversion (snext time)

* multiple pronunciation variants considered
e.g. SEHVAXRAXL ['sevasal] vs. SEHV RAX L [‘sevual]

NPFL123L10 2025
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Decoder

 Text encoded into acoustic signal / audio features - decoding back
* Hidden Markov Models

» decoding word sequence from observed sequence of features
* Dynamic programming (Viterbi)
* Finding the best path through a finite state transducer
composed of acoustic model & language model & pronouncing dictionary

P_A(fS) P_A(flEH)
—W 2 0:0:..0q = WiW:.. Wa

Analog Observation Best word
speech sequence sequence

1
1
1
1
[ P_{Pron}(S.EH.V.R.AX L|several)
1
1
1
1
1

L
1
1
1 ]
1 '
: s oot Efrop LR P_{LM}(thunderstorms|several)
: g Training 1
I
I
I
I
I
I
I

Language Acoustic

1
1
1
| |
model model : P_{LM}(l|several)
1

NPFL123L10 2025
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End-to-End ASR: Encoder-decoder

* Models P(text|audio) directly

* Attention encoder-decoder (AED) as in language tasks
* a.k.a. listen-attend-spell (LAS)
1. encode audio features

V1 5"2 Yq ¥4 ¥5 Y Y7 Yg Vg ¥Ym
S time

TtTfTTTTT 4t

DECODER

<S>

2. decode text character-by-character CE e ) T 1 RERREE

Shorter sequence X 1

* RNN (LSTM) + attention / Transformer P \

* Audio is too fast/long - slowing it down i T I ]
(“IOW frame rate”) eature cTJrnputatlon
* e.g. concatenate every 3 frames of audio o
~ 40-dim > 120-dim at %5 speed

* Optional external language model: beam search & rerank

NPFL123L10 2025

‘s t i m

(Jurafsky & Martin, 2023)
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Encoder-decoder ASR Pros & Cons

 Easier to train
« pronunciation not modeled explicitly — direct audio to letter
* no need to align phones & audio frames
* audio & transcript is enough to train

* Easier to run - simpler decoder ~fh—

Analog Best word

——————————————————

* Inaccurate word/character timestamps | seence

* Not low-latency ' .
* assuming whole sentence input > output L T — |

* Harder to customize: retrain everything
* dictionary - unknown words may be guessed well as-is
* language model - can use beam search & rescoring by an external LM

NPFL123L10 2025 20



(Hannun, 2017)

CTC (Connectionist Temporal Classification)  heodsipuwronc

* Alt. idea: predict something for every input frame

« [e(“blank”) for silence & double letters

. Y(output) |d|i|[n|nje]r
 collapse duplicates & remove blanks later
remove blanks di i n nie r
* Problem: many-to-one alignments merge duplicates [T TSI n Tolmile - -
* Many predicted sequences align A @lignment) [ [ ][n]in]la|n]le]lrr]rr]lalla
to the same collapsed output
X (input) X1 X2 || X[ Xa)[Xs]| X5 X7 || X5 || Xa | X10] X114/ X12/X13 X124

* solution: clever summing

* training: minimizing CTC loss
* sum over all possible alignments
« computed by dynamic programming (forward-backward algorithm)

* inference: modified beam search
* beam of output prefixes after collapsing

NPFL123L10 2025

(Jurafsky & Martin, 2023)
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https://distill.pub/2017/ctc/

CTC Model

* Encoder + softmax classifier only
 output something for every step

* Great for low latency
* can work in parallel too

* Worse performance overall
* strong assumption: outputs independent
of each other (non-autoregressive)
* Can be combined with encoder-decoder

e CTC as additional encoder loss
* inference: combine probs. from both

NPFL123L10 2025

uutputlette:: Ye YaV¥a¥g ¥5 ... ¥,
sequence .
A i ii ottt
Classifier g
+softmax
ENGDDEH
Shorter input
sequence X *“1 xn
| |
_— Subsampling S~
4 4
t

log Mel spectrum f1 f
|

Feature Computation

t

4-—»&-*—-——

(Jurafsky & Martin, 2023)
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Transducers (RNN-T): Low-latency & accuracy

* Remove output independence

* Add RNN prediction network conditioned on prev. output
* i.e. alanguage model component

* (RNN) acoustic model & RNN LM - joint (feed-forward) decoder
* Still predicts 1 output per frame

e All trained with CTC loss - " Ot iYoo)

* You can retrain LM & keep acoustics \ ‘ \ feed forward
SOFTMAX /

* Transformer variant fz,
(s/RNN/ Transformer/g) (__JOINT NETWORK _ } DECODER

PREDICTION
NETWORK | pprea

—T u T hen ct
Yu-1
ENCODER )
t
X
https://lorenlugosch.github.io/posts/2020/11/transducer/ RNN (acoustic model)

(He etal., 2019) http://arxiv.org/abs/1811.06621
NPFL123 1102025 (Zhang et al., 2020) https://arxiv.org/abs/2002.02562 23
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Conformer - better representation

https://towardsdatascience.com/types-of-convolutions-in-deep-learning-717013397f4d

* Transformer-like architecture, but with convolutions
* CNN: applying same parameters (kernel) repeatedly over shifted inputs

 CNN for local interaction

40 ms rate
o
----------------
] \ -

* Transformer-like for global ; [m i J §
* Used as acoustic model SR S
(encoder) in a Transducer e oo foruard
omewe  f — splitinto two
~embeddings — o 1 )
lower frame rate // | e
by convolution (over time) 10 ms rate sz 7
> spechug | P Forwerd Modu convolution module added
warping/masking / S 3 ‘—T:’
for robustness - { \

tivilst?on . E-}on\r&e. RODOLL | ’+\/’
NPFL123L10 2025 (Gulati et al., 2020) https://arxiv.org/abs/2005.08100 24
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Transformers & Streaming

* Problem: attention is costly & assumes whole sequence
* Solution: attention masking Fn B R R G B b B e fa fs

a) Mask out all future & distant past
* visible history gets longer over layers

b) Tiny lookahead: split into chunks
* only attend to the future within a chunk
* history longer into past, not into future
 reasonable latency & better performance

X10 X113 X1z Xq3 g

(image: Li, 2023)

(Chenetal.,2021)

NPFL123 L10 2025 https://ieeexplore.ieee.org/abstract/document/9413535 25
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Self-supervised models

* Learning from large data without transcriptions

e ~1000s of hours of audio

* input: raw audio & convolutions

* creating some inventory of pseudo-phonemes
* HUBERT - clustering based on MFCC
* Wav2Vec2 - jointly trained quantization

* masking out some pseudo-phonemes

& learning to predict them

* Finetuning on transcriptions (CTC loss)
« works with ~ minutes of labeled data

e usable with Transducers / attention too

NPFL123L10 2025

(Baevski et al., 2020) http://arxiv.org/abs/2006.11477

(Hsu et al., 2021) http://arxiv.org/abs/2106.07447

HUBERT e |

Acoustic Unit Discovery System
(e g., K- means on MFCC)

|z||z||z||z||z||z|§

/ HUBERT |
Transformer l 5
[x | [Mskd [msk] [Msk [ x| [x ]| |
| CNN Encoder | “
1 e |
-
Wav2Vec2
Contrastive los
Context
representations C I%l / ﬁ |%| F
Transformer
Masked
Quantized ‘
representations Q
Latent speech 2
representations m
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Weak supervision & multi-tasking

Any transcriptions
available

* scraping the web
(even low-quality)

+ speech translation

* + many languages
* aim: no finetuning

Option: pretrain
on non-transcribed

(Radford et al., 2022)
https://arxiv.org/abs/2212.04356

(Zhang et al., 2023)
http://arxiv.org/abs/2303.01037

NPFL123L10 2025

OpenAl Whisper

Multitask training data (680k hours)

English transcription
’ "Ask not what your country can do for "
D Ask not what your country can do for -
Any-to-English speech translation
‘ “El répido zorro marrén salta sobre -7

D The quick brown fox jumps over -

MNon-English transcription

£ o= 200 22t UiceE UL D ge
(=1
™

[ eisl 201 g2t wiaictee qR 9o

No speech

l:h (background music playing)

[T o

Sequence-to-sequence learning

|EN s 0.0 | The |quick brown| ...

Transformer
Encoder Blocks

Sinusoidal
Positional @—K
Encoding A

2 % Conv1D + GELU

e

Log-Mel Spectrogram

Multitask training format

/ B
Language X — X
identification Transcription

4 ‘L r 2
‘LaNGUAGE || | begin | _4 INE "R hegin'H 1y end |
g ] \\ Ly TAG _—b TRANSCRIBE _—} time | text tokens J—) ime | *** | time text tokens time |-
PREV pravious START OF - N ! co h ’ h o o i
| ) text tokens | TRANSCRIFT -, s ’ NO A
] . J /A )
$ | SPEECH | TRAMSLATE .—} TIMESTAMPS | text tokens |
Custom vocabulary ) S T ’ h - |: ]
prompting Y ) T (
" e B Voice activity § X — English Text-onily ranscription
| spacial text timestamp d?{?:g?" i Translation (allows dataset-specific fine-tuning)
| tokens | | tokens | | tokens

cross attention

v

il i

h 4

Ly
next-token
pradiction

sell attention

altantio

el allention

Cross altantian

h J

| SOT | EN

el attantion

|

TRAMNS-

CRIBE 0.0

The |guick

-
\_ Transformer
Decoder Blocks
-4
Leamed
Fositional
Encoding

g1

Tokens in Multitask Training Format

.

Time-aligned transcnption
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Challenges

* Human-human spontaneous speech harder than human-system
 unscripted speech, disfluencies, repairs
* stark topic shifts
* multiple speakers

 Specific domains

* Demographics
* genderimbalances
* non-native speech

* Language coverage
* Noise

* Latency/on-device

Jietal., 2024) https://arxiv.org/abs/2411.13577

d Trend: End'tO-end SpeeCh LI_MS EDefossezetal.,2024) https://arxiv.org/abs/2410.00037

NPFL123 L10 2025 (Szymanski et al., 2020) https://aclanthology.org/2020.findings-emnlp.295/
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Summary

* VAD > features > ASR - text
* Features: MFCCs/filter banks/raw
* Traditional: separate acoustic & language models

* Neural:
* Attention-based
* CTC-based
* Transducers

* Pretrained models
* Weak supervision

NPFL123L10 2025
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Thanks

Contact us:
https://ufaldsg.slack.com/
odusek@ufal.mff.cuni.cz
Zoom/Troja (by agreement)

Get these slides here:
http://ufal.cz/npfl123

References/Inspiration/Further:

 Jurafsky & Martin’s Speech & Language Processing (3™ ed., 2023): https://web.stanford.edu/~jurafsky/slp3/16.pdf
 Jurafsky & Martin’s Speech & Language Processing (29 ed., 2009)

Li, 2022/2023: Recent Advances in End-to-End Automatic Speech Recognition.
https://www.nowpublishers.com/article/Details/SIP-2021-0050
https://www.microsoft.com/en-us/research/uploads/prod/2023/11/ASC2023 E2E-ASR final.pdf

https://en.wikipedia.org/wiki/Speech recognition
https://speechprocessingbook.aalto.fi/Recognition tasks in speech processing.html
https://wiki.aalto.fi/display/ITSP/Introduction+to+Speech+Processing

NPFL123 L10 2025

Labs at 3:40pm
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