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Lect>  Speech Intro

From _L/’l?uis-é ic. part . We Know howto Voice2 letter:
Acoustic Wave — S peetrogram — phoreme S wor d
lexicon - 45 444 Eg G OWTUW— "go w”

From Iette rS to SO u ndS /r Phonology are the grammatical rules that phonemes of a language follow
Lexical Phonology: Study of rules that govern the organization of sounds in a
» Pronunciation dictionaries (often made by linguists) give the language ( Phonemes —> Syllables —> Words)

syllables and phonemes within each word in vocabulary Lexical Stress (project (noun) vs project (verb))

> CMU Phonetic Dictionary gives the syllabic and phonetic

llings for >110K words in English Allophones
speflings for > words In Englis (rand /in Japanese; p and b in Arabic; t and k in Hawaiian)
» ML based phonetizers are built on such phonetic dictionaries

Phonological changes in continuous speech

Graphemes She just had a baby Westside vs Westend
IPA Jii  dnst heed o ‘berbi Intonational Phonology: Study of the Fundamental Frequency (F0) in
Arpabet shiyjhahsthaedahb eybiy relation to the intended meaning of an utterance
Arpabet is an ASCII friendly representation of IPA I never said she stole my money (Emphasize each word for different meanings)

[ etter2 Sgw ’%’i)”f} how ’)é% ->%j[5 - woﬂ’(

What technologies fall under spoken language research ?

Have you got enough blankets? 1 "’:‘3""""“"’
WorG

« Speech recognition « Speech enhancement

. ) ) hivy gar |1f |Af bleen kits sy
« Speech synthesis » Microphone array processing
+ Voice conversion + Audio event classification and -

" detection hivygarisafbleenkits phoneme
« Speaker recognition

» Language recognition * Speech separation

] : -
« Speech emotion recognition « Spoken language understanding “g %vg spectrotemporal

« Speaker diarization + Spoken dialogue systems (frequency decompesition)

« Speech coding « Speech translation

* Speech perception * Multimodal processing AMM——— acoustic vibration

MOW we're [Vl‘tefested 7 SPeeCh Eecoﬁtnh‘,ion, (/4“_1{“40,”0“5 Me.‘ASR)
From the fique:  can be one solution Challenges
Ancther early tmditional solution : _fém[)late Mottching 20"

. . P . T COMPLEXI
Some applications only have limited vocabulary — Voice Dialing System e e \yoically 32000 byles per second (16khz)

class inventory: 50 phonemes, 5000 sounds, 100.000 words
combinatorial explosion: exponential growth of possible sentences

)[TAP[)H wtion Scenario Map utterance  sosomo

our perception: Phones, syllables, words, sentences
« We change durations { 0 emﬂ m actually there are: no boundary markers, continuous flow of samples
* two utterances are never the same i .
VARIABILITY
Dynamic Time Warpin speaker: anatomy of vocal tract, speed, loudness, acoustic
ynamic Time Warping z E [ o stress, mood, dialect, speaking style, context
l u channel, environment: noise, microphones, channel conditions
- AVBIGUITY
Template = u CIN Homophones: two vs. too,
- = Word Boundaries: interface vs. in her face,
i = u i Semantics: He saw the Grand Canyon flying to New York,
Template o - u -~ S o , Can be Pragmatics: Time flies like an arrow.
EE] s|s|P[E[E[n][H
1 T n

Sample Time —=

s UL -{eM()Iate with Spea ker 1D combined,

« Dist(templatefi],.samplelj]) +
smallest_of (Dist(template[i-1],sample[j])
Dist(template[i],samplej-1])
Dist(templateli-1],sample[j-1])
Remember which choice your took (count path)



+ Compare against each
+ Find closest
+ Need to normalize scores
« (divide by length of matches)

Template Library

Sample

Word0
Word1
Word2

For Word in Templates
Score = dtw(Template[Word], Sample);
if (Score < BestScore)
BestWord = Word;
DoAction(Action[BestWord])

¢ Distance metric
— Euclidean

¢ Advantages

o Works well for small number of templates (<20)

« Language independent

« Speaker specific

« Easy to train (end user controls it)
¢ Disadvantages

« Limited number of templates

« Speaker specific

« Need actual training examples

¢ Instead of Euclidean distance

— Doesn’t care about the standard deviation

(1 —5;)?

J"/.

\i
* But some distances are bigger than others

S (T, - S,
NSt
_ Silence is pretty similar ¢ Use Mahalanobis distance

.. . — Care about means and standard deviation
— Fricatives are quite larger

* A longer fricative might give large score —
1\: ((/’1 - ‘Sl)j._)
Vi o

Here we intrduce non-end--to-end ASR

wanowo * MIAP decision theory: Estimate the most probable
e H |l word sequence  among all possible word sequences
EEE (I'll omit the domain sometimes) W

4%
W = argmax p(W|0O)
wew

* A longer vowel might give smaller score

ASR

But nowaoloys :

— Instead of starting from the waveform, we will often start from speech
features (MFCC, etc.) through the feature extraction module

— Let’s think of the conversion from speech feature o to text w

We handle  acoustic uaveforms Jerture . (Ve want orgmatlo)

« Please specify the domain of variables * T-length speech feature sequence (D-dimensional

« D-dimensional continuous vector:o ¢ R” vector)
* (D x D)-dimensional matrix: 3 ¢ RP*D 0 =
« Word with vocabulary)) : ¢y ¢ V

(o; eRP|t=1,...,T)

« Set: calligraphic font, upper case, a set of elements are * N-length word sequence with vocabulary v
represented with curly brackets W= (w, €Vn=1,...,N)

V = {"one”, "two”, "three”,--- }
Notations /7?%///@ |
Howto model pwio) >

W = argmax p(W|0)

« Sequence: italic font, upper case, a sequence of elements are
represented with round brackets

02(01702,~-.) O:(OtGRD‘tzl,,T)

« Factorize the model with phoneme

* L8t L= (e {/AA/, /AE/, - Yi=1,- ., ]) bea o wew “Iwant o go'to
phoneme sequence Feature Acoustic Language campus”
extraction modelin Lexicon el
v ] modeling
arg n%ﬁxp(IWO) = argmax Z[}(I/V, L|O) Sum rule AER

argmaxp(W|0) = argmaxp(OI W)p(W') ~ argmax Z p(Ol L)p(L|W)p(W)
w w w 3

= arg m ax Z P(OIW, L)p(LIW)p(W) Bayes+ Product rule

p(0)
Ignore p(0) as it

= arg lnapr O|W, L)p(L|W)p(W) does not depend « Speech recognition
w
L

onw s pO|L): Acoustic model (Hidden Markov model)
= arg n%?:XZp(()\L)p(LHV)p(W’) Conditional .« pL|wy: Lexicon
L independence
assumption_ o pW): Language model (n-gram)

0l
pCw)  pcLlw) P(/n L

—featue

%fW
veobor

Three ke 2y comporent -

How o mode| -them L sequence.



Waveform to speech feature

WM o. Feature
extraction

« Performed by so-called feature extraction module

« Mel-frequency cepstral coefficient (MFCC), Perceptual Linear
Prediction (PLP) used for Gaussian mixture model (GMM)

\\ N campus”
Feature Acoustic . Language
" " Lexicon .
extraction modeling modeling
Aol

GOWTUW
GOWZTUW

“I want to go to

“go tO”
“90 two”
“go t00”
“goes to”
“goes two”
“goes too”
g

argman O|L)p(L|W)p(W
“E»J;U“XL:I’( [L)p(LIW)p(W)

 Log Mel filterbank used for deep neural network (DNN)

p(OIL)  p(LIW)  p(W)

» Time scale
« 0.0625 milliseconds (16kHz) to 10 milliseconds

» Type of values
« Scalar (or discrete) to 12—40 dimensional vector

Speech feature to phoneme

il

po! L)

« Performed by so-called acoustic modeling module
« Hidden Markov model (HMM) with GMM as an emission probability function
« Hidden Markov model (HMM) with DNN as an emission probability function
« Time scale
« 10 milliseconds to ~100 milliseconds (depending on a phoneme)
« Type of values

e Oand L are different lengths

« Align speech features and
phoneme sequences by using

6-8-8

un, [ u, - OF ) ; ) ) )
« 12-dimensional continuous vector to 50 categorical value (~6bit)
« Provide p(0| L) based on this i I « The most critical component to get the ASR performance
alignment and model y e s « It can be a probability of possible phoneme sequences, e.g.,

« The most important problem in
speech recognition

Word to text

IG ow T UW‘ or‘G owzT UW|with some scores

/]\ p(W)-,[a/;Me mocel, |ike n-Gram
For pcC LW we an use

“go to”
« » Language “go to”
go two g

“go too”

* Performed by language modeling module p(w)
* N-gram
« Neural language model (recurrent neural network or transformer)
« From training data, we can basically find how possibly "to”,
“two”, and “too” will be appeared after “go”
« Part of WSJ training data, 37,416 utterances
« “goto”: 51 times
« “gotwo”:
« “gotoo”:

+tle [exicon mentioned above
¢ letter » sound)

ln rext lecture, we irrt:i’ooluce, end 0 —end ASR

How to describe the phrase “go to”?

« Word
Lec [5 M -or”go" and “to”

« More semantic/syntactic
* Very large vocabulary size, e.g., | 7°| would be 100K

Mel above * Out of vocabulary issue ®

» The length (N = 2) is very short. Less computational cost, but
larger mismatch between the input and output lengths

« Phoneme

* “goto” > “GOWTUW”

« More acoustic

« The phoneme vocabulary size is not very large in general

* The length (N =5) becomes long (like the discussion in the (Roman) character).

+ We need a dictionary

« If we use a phone, we can make this part language-independent
« State (hidden Markov model state)

+  We further decompose a phoneme into several states

« Furthermore acoustic

« Classically, we use this representation a lot (e.g., 3-state HMM)

« Character

‘S Compl‘ca-wd o “g”“0” “_““t” and “0” (“_" means the space)
« The vocabulary size is not large in general. ~30 in the Roman
script, ~10K in the Chinese script
Md ho,d ‘to No out of vocabulary issue (rarely happens) ©
The length (N = 5) becomes longer. More computational cost,
but relaxing the mismatch between the input and output lengths
train ¢ Can we *Mow we want -this
« Something between, we can also control the vocabulary size /I\
In general, we do not specify which unit we use in our lecture since this
do edz end " is one of the model configurations. , gp"t o ? E)E m { .(
!
- : [
Fi rs—l:l)/ . Have o decide how 4o represent text!
Emper cal Solution : =

W = argmax p(W|0) ¥
Wew

« It will be introduced later in HMM
« BPE: Byte Pair Encoding (sentence piece)
. “goto” D> “_g"“0"“ 10" (N =3)

» Mostly, we use BPE (or sentence piece)

« We need to set the maximum number depending on the training
data
w “I want to go to

] campus”

 Character for the low-resource case or Chinese and Japanese
« Chinese/lapanese has ~10,000 characters

Speech recognition

« Some languages do not have scripts
* Phoneme, phone
« Translation to the other languages (not ASR but speech translation)

0]
o ,| Feature |—-|
extraction
b

GOWTUW

« It makes the unit further longer and the mismatch between the input and output lengths is further relaxed



* Direct mapping function from speech feature sequence o

Y1 Yo Y3 Ya Y5 Y6 Y7 Y8 Yo Ym
to text w - it i
. : A‘ﬂ‘éﬂf(ﬂh' RERER NN
« Usually, it does not deal with the phoneme-based € DECODER )
intermediate representation bﬂ}ed'—'—) ENGODER I.I I ] l I I ] rL T

Shorter sequence X X{ .. X

« Mainly three architectures
80-dimensional f

+ Attention-based /MD 5t ", logMel spectrum fy ..t
er frame
« Decoder-only is also included here (not fully end-to-end) g

« Connectionist temporal classification (CTC) Hﬂﬂ 1;0 a’gn 7 ,__...._T.“_

« Recurrent neural network transducer (RNN-T)

W PSP ER]  Schematic architecture for an encoder-decoder speech recognizer.

* Our staring point p(w|0)

« INput: 0= (oIt =1,....7) a[ nment | ——)
—
« Itis difficult to deal with w= (v, e 7|i=1....N) S‘Qj‘t ‘9 b

*T#N

* Instead, we factorize p(W| O) as follows based on a probabilistic chain rule Dz>t OT a

5 Autoregressive. wod o all frames, EEEEEEEEEEE@EE

N
p(W[0O) = H p(wi|wii—1,0)
i=1

J (« 7\\\
How many % (vs) o o
“s” is aligned?

« This neural network is handled by an attention-based method to align the
input and output (soft alignments) 12 3 4 5 6 7 8 9 101112 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35

« We usually do not use the phoneme

A= (aj, e [0.1] |z = 1,...,T) Ahoﬁqg{"-‘ harp[ QW s agned? © @ ¢

a;, >0, E a,=1 T35 45 6 78 9 1010121314 15 16 17 18 13 20 21 22 73 24 25 26 27 28 79 %0 1 2 33 4 3

Attention-based approach FOf CT C CCOMQCt{O"\iS't * Again, our staring point p(w|0)
js based on the soft » We introduce a hard alignment path

RUghment TemFofal Cla))iTiCQ'tiOfI) as a random variable:
Y(ouput) [df i n]nlelr Z == ¢ %/ - 1,...,T
o Eﬁu%u@@m a'd PNN __T,. (z, € 7|t )

mege asictes (TSI A =lmlel—F =] » We consider the following equations

A Galignment) [d][T [ ]ln]ln]l I e e iCriCrr L]

v B Bl lh-tele stm the dist

The CTC collapsing function B, showing the space blank character ; re- p ( W |O) = § p ( zZ,W |O)
Z

peated (consecutive) characters in an alignment A are removed to form the output ¥.

The CTC ing function is -t ; lots of different alignments map " I a r am 0 V@r l ettev‘)
to the same output string. For example, the alignment shown in Fig. 15.13 is not - E p(Z | O)p(W | Z, O)
the only alignment that results in the string dinner. Fig. 15.14 shows some other 7
— C C . .
Cfor [C., induding u

alignments that would produce the same output.

[d]lilli)n]u)n]n]elle]e]ir]lrilr]a]
[d]id]li)n in]u]n e llr fru]fullullu]
[d]ldlid][i]n]u]n]in][u]u e ]lr]r]

Three other legitimate alignments producing the transcript dinner.

/';h, "e" )
\_
HMM, CTC, and RNN (=) (= e
We can represent a path ,» L1 an - _J How to represent this
asasequence variable  z,=“",5,="s", .., z = “€”, ..., z, = “e” Transducer are based on information
This is called a hard alignment= z, e (“s”, “e”, ..}t =1,..., ) the hard alignment mathematically?

« The most difficult issue in speech recognition: the input and

output lengths are different We Wi” Cle[l/ﬂ it
» We need some alignments MW/ CTC RIUIV T

» The soft alignment case
« We use an attention-based neural network (this will be introduced Wld H/WM"DOSQJ

later). .
 The hard alignment cases MOdel dO alﬂnmm{:

* We explicitly introduce an alignment path z. ]70L‘th
« We can use it for CTC, RNN-transducer, and HMM-based approach



CTC" need <b> to handle dufl'lcate letter case !

« First, we insert <b> to the character sequence “see”

—_— 9 W II ” II 7 lle”)’ Where |W| =J
» Hard alignment examples % ‘ ‘ ‘ ‘ ‘ ‘ * Then, expand w' to the frame length Tto form z
« How to distinguish them? Z ssssoecncoccoscccocccccocnsccocooce » Assuming that 7 > J in general: We cannot use CTC if it is not satisfied
o (“s” “e” “e”) « All tokens and <b> can be repeated to adjust the length
VS, « For example, if “e” is repeated three times ‘ Eg ‘ E
. (5", ) R G L cl
« Both are written as P — T WeTetD z= (e e b
. ) . ‘ W' > 7= (e, “<bs”, “<b>")
. = (sssseeeeeeeeeeeeeeeee. .. |
. H | . <b> must be inserted between repeated character
» We introduce the blank symbol! HHEH | " o Pebs” e
Z s888000006000dos80000060 800088000008 o w=("e","“e"), then z=(." <b>”", "e”...): we cannot skip <b>
® Z = (sssseeeceeeee < b > eee...) - o w=("s",“e"), then, z=¢... ”5” “e”...): we can skip <b>

“see” (only 5'frantes)
All possible path with <b> v fttin ! EW/"¢7 usage gf <> L
Trellis of z& Sp udion ¢ v I I E

<b> e ° ° ° )
1. Must start at the first <b>or s s e or
’ ’ ’ ’ i
2. Must end at the last <b>or e > s e <b> e
3. All characters can be repeated This is an alignment problem
4. <b> can be skipped except when
it is inserted between repeated Note that
* f:Z - w: many to one mapping
character 1) Remove repeated tokens
. 2) Remove the blank token <b>
o 5", "<b>" "e"”: we can skip . i o ’ )
* /7't W - z:0one to many mapping
< b> « How to efficiently represent it? We use the trellis representation

. “e” "<b>” "e”: we cannot
skip <b>

* We define an alignhment variable as z=(z;e 7 u<b> |1 =1,...,T)

.
t - |7]=]o|=T
m(e ‘S )ml?orm . Thevt‘:ca‘hularyset is augmented by the blank symbol <b> ( ! <

« We incorporate this random variable to »(w |0) as follows:

RA/N—’T T,e “ LS W lt h no <& b >£ S e(,la( »(W10) = ZHZ](W)II(Z‘O) « f'ow): all possible z representing w
( n C TC) rules B T ¢ Useachain rele to fertherfactorize z

« Alternative alignment paths = > IIrtlze1.0) | perform conditional independence

Zef-1 (W) t=1

W=, .... w): -length label sequence - assumptions and ignore the
* 0=(, ... op: T-length input . .
© = (e . op) Flength input sequence e 0 = Y Ile=o) dependency of previous alignments
« Similar to CTC, consider all possible paths in the right- ZejTwy =1 (this i imation)
side trellis zl, , (this is an approximation
- Start: left bottom corner, i.e., <s> (start of sentence)
atr=1 * p(z10) is represented by a neural network (Bldlre ona?gﬁgl Sé?'s\éﬁ tﬁ n')|muzat|on
- End: top right corner R over all possible paths Y
. f't‘: output token ()it does not consume the input z
rame, unlike CTC)! .
¢ < Exponential
+ :no output (o) <s€ N ponentia
sEW=('S, ') > Z=(e, 'S, 0, 0, '€, '€, 0, 0), (S, i1 =2 -3 t—4 =5
VZ)GVZ)@GEQ]E(CIflfSEndJ 3 - - o o -
* f:z-wis amany to one mapping (we can just
remove @
« Consider all possible paths including the case that it
allows the output of the token w
e 1 milm
* We define an alignment variable as z= (z, e 7 u@ |k = 1.....T+J) : ? Then M He
s
* Vocabulary set is augmented by the blank symbol @ ° 4 Z=(2.5.0.0.'¢.¢.8.9), Or = e
* Note that |z| =T+J, not T . * Z=(5.0.¢.0.0.0..0)0r O O
« We can introduce the following equations et el _ 2 o 2 % o
, I ibl A This is an alignment problem
. .
V0= S wzI0) ~'ow): all possible z representing w o or
ZE£71W) * Use a chain rule to further factorize z H oA
T+J
= > IIpGlzs-1,0) *  f(z14_) represents the partial token OO0 O
Zef~H (W) k=1 sed M €
s sequence up to k — 1 OO O
= > I rGlfzra-1),0) H H oK
Zef~1 (W) k=1 = 1 [
[%] %] %] @ %)

‘'~

HMM = 3 stptes - Still - pLolL)PCLiW) pa) 3 Jonesme o alipn

« Two differences
« Phoneme sequence 1. instead of word sequence w A H . A 3 5W
« p(o|L)instead of p(L|0) or p(w|0) due to the Bayes theorem 55 um (on . EW% /Dhoneme a)

1. Decompose the word sequence to the phoneme sequence by using a pronunciation dictioriary

“one/ “two” > W/, AW/, /N, [T/, /UW/ . . ; . -7
2. Introduce the silence related symbols / OSSI b@ (oﬂ as’ hm
« Silence begin (/SilB/): placed in the beginning of the sentence N
« Silence end (/SilE/): placed in the end of the sentence
« Short pause (/SP/): placed between the words (can be skipped) ( Mh/ %ﬂ/ﬂ .(
/W/, [AH], INJ, [T/, [OW/ > /SilB/, /W/, [AH/, [N/, [SP/, [T/, [UW/, [SilE/
Expand each phoneme with three states
/SilB/, /W/, [AH/, IN/, [SP/, [T/, JOW/, /SilE/

> /[SilB/, [SiIB/y, [SilB/s, ..., [T/1, [T)5, [T]5, [UW/,, [UW/,, JUW/, ...
« This structure is widely used, but there are some variants (e.g., short pause can be one state)



« Left-to-right HMM without skip 8_ 8’ 8 C !
 Each state must have at least one frame A

« Example, 3 state left-to-right HMM (/UW,/, /UW,/, / C °
UW,/) S = (s € {/UW, /. JUW,/. /UW,/}|t = 1.2.3.4.5) quences C

c@. L] L] L] L]

CO. E E b H =1 =2 =3 =4 t=)>5
Cé) . . . . . « It must start at the initial state (/UW,/)
p=hor=rr=3 = =S « Itmust end at the final state (/UWS,/)
« CTC * RNN transducer
e B o o= X e Which part is similar?
= ZQZWJ 113 Plt] 21e=T, 0) = ZE/ZW iljl"(“"‘”’" 0)

< Allarebasedon ) []s®

T T+J
- 2|0 = > I rGEdGu-).0)
ZE‘;'(“’)EP( ) ZETHW) k=1
ZorS t

-  We can compute them based
on the dynamic programming

« HMM

p(W[0) x Y~ p(OIL)p(LIW)p(W)
z

=22 PO SIL)(LIW)p(W)
L s

T
= 3 porfse, Dp(si L) T (0ulse. Lyplselsior. L)p(LIW)p(W)

SMWI .+ CTC, RNN-transducer, and HMM are represented by a similar
8 function form, i.e., Z Hf(t)

ZorS t
« All possible alignments are constrained by each method

» The most difficult issue in speech recognition: the input and output
lengths are different
» We need some alignments

« The soft alignment case _
« We use an attention-based neural network (this will be introduced later).

» The hard alignment cases

» We explicitly introduce an alignment path z.
e We can use it for CTC, RNN-transducer, and HMM-based approach

Lec 4 @tfSupervised AR

The setting: . ’ .
1. Afamily of downstream tasks in mind (The main FO)" SuFerlSEd one., IMPafw’lt Seﬁf/ﬂ S

motivational difference).

2. Lots of unlabeled in-domain data. e as tl;\Q_ le‘ff Tigwes

3. Asmall fraction of labeled data.

...............

CEE What g‘ we can selj - Supervise 1 Sa
ol 7 1z we an (equge bunch of~ unlabeled dota!

Some imFortan-(; FmPer(y aj' 5{)@30/\:
Speech inputs have a variable number of lexical units per

sequence. %

Speech is a long sequence that doesn't have segment OM /70551613 fflj - Sdferl/tse ‘t"ainihj .

boundaries.

Speech is continuous without a predefined dictionary of units — o Distinguish correct (positive) samples from wrong
to explicitly model in the self-supervised setting. ;
Speech processing tasks might require orthogonal (negatlve) ones.

information, e.g., ASR and Speaker ID.



Contrastive Predictive Coding (CPC) CO)’ItVQSt[I/e
e The first successful representation learning approach for
speech data.

A-Pproadles -@QCpPC

Fe(Teqk, ) = exp (thj{—kaCt) Ct

Predictions
e |t triggered lots of research in speech representation
learning. ' o
e Distinguish correct (positive) samples from wrong an Wae B Maes
(negative) ones. P P N N
| ™3 | T2 | Tp—1 | Ty Tegl | P42 | P43 | Tiqa

Pirdme‘ Wart learned latent <
variable related to later input si ﬂnal

Baevski et al, 2020 “wav2vec 2.0: A Framework for Self-Supervised Learning of
Speech Representations”

e The first approach to show significant improvements for
low-resource ASR.
Impressive results on multilingual representations.
Strong performance on a wide range of downstream /
speech tasks.

@ wavzvec 2.0 L

and + Q/ o feonstut  ————,
Product gdantization with more than one

codebook yields better results. .Ly 56 :

An entropy loss is added to the Gumbel .
softmax distribution to maximize )?360” struction
codebook diversity.

Negative examples are chosen from

masked segments in the same utterance

that don’t belong to the same codeword.

Ly =

Frarlictive Approackes : HuBeﬂ:

‘ K-means Quantizer

@& ﬁi é&

Lk @é ﬁ% e

st i

HUBERT: Implementation details

e A small codebook size, e.g., 50, 100, is
used for the initial training iteration to focus
on phonetic differences rather than
speaker and style.

e For the subsequent two iterations, layers 6
and 9 of the base architecture (12 layers)
are used for the clustering steps. They
found empirically to contain higher quality
features over many speech tasks.

For tasks like 'ideﬂb’fg
each number spoken (s /] 7’

K-means £ WN +o all
" Teacher & Student  faradigm’

" features 1 Wieth learmed
4PFG-V-IGUﬁ—I¥B¥aﬂ0FI7

K-means Quantizer

bebd L

e The K-means
quantizer produces
frame-level labels.

ike bert,K madk f& containg information
epre

The goal is to maximize T &I
the similarity between the

learned contextual @
representation and the

quantized input features

—log

\rm «.WWWWW et

It~ *“\W\W'ﬁ
P".‘»‘t"y“i sh I."md \;e:;d?:tr‘\veo%rg;;:r 2019 “Representation Learning with Contrastive

> g‘ generatin
InfoNCE mfaximizes the mutu Lx=—E |log M]
X

information between the input z;EX Jr(@s;ce)

{ signal and the learned latent

variables C.

Strategies for sampling
negative and positive examples
determine the nature of
representations, e.g., whether
they are good for ASR or
Speaker ID.

Ti-3

WM’%”“‘ I

T2

| om

Tet1

w-("mi‘ e

| @2 | Tew | T |

e

iven _szeech

Transformer

@@Iﬁ Lo @fiﬂ

CNN Encoder

o

exp(sim(ct,qr)/kK)
> d~q. exp(sim(c,, &)/k)

Hsu et al 2021, “HUBERT: Self-Supervised Speech Representation Learning by Masked
Prediction of Hidden Units”

A simple method to apply BERT style representation
learning for speech.

Matched or beat the SOTA on ASR while being the best for
many speech tasks.

With its high-quality discrete units, HUBERT facilitated
Textless NLP research.

HUBERT: The pretext task

K-means Quantizer

b ot -
Tt

‘ Transformer

PP . g @@

X X
‘ CNN Encoder

,.,‘,r“wv,mw;m;m,] RS

Hsu et al 2021, “HUBERT: Self-Supervised Speech Representation Learning by Masked
Prediction of Hidden Units

Then the process can
be repeated using
learned HUBERT
features from a
previous iteration.

uBERT Fogture, con cntinue i-te/crﬁng !



leclS: Text to SFeach

?Vlaslui?:Z?u:ral? This task seems easy. But there_can be critical

* |sitintelligible ?

&
* |s it close to the target speaker/style Cf l'(jer(on 'bo eVl Mu‘b& a SFeeCl’l

Formant Synthesis / Ln ,H,% m‘tVOdMC’tLW‘ o-f' gtyedypymm

* How does it work?
» produce speech by mimicking the formant structure and other d 't n__é
spectral properties of natural speech an rm / armw‘t Sy h €S { S Aag
» using additive synthesis and an acoustic model (with parameters like

voicing, fundamental frequency, noise levels) 6 o a g
00 al)proach
¢ Advantages:
» highly intelligible, even at high speeds (= /P ros & Co n) —ﬂl 2 >
+ well-suited for embedded systems, with limited memory an
computation power
S Text Linguistic [ Acoustic | Acoustic
¢ Limitations: Text Analvsis W Teatures Vocoder Speech
» not natural, produces artificial, robotic-sounding speech, far

from human speech
« difficult to design rules that specify model parameters * Popular use case : Text-to-Speech conversion

MOdQﬂ’l ClaSSt (.T TS Sys-wm -;) . TextAnaIysis

* Strings of characters to words
Fof -te Z"t Ma[}l‘be ‘two Cha “ 2’193) e Linguistic Analysis
* Words to Pronunciation and Prosody
@ Non S_ta"dard Word * Waveform Synthesis

Words not in the lexicon * From pronunciations to waveforms
NSWs in regular text

Text Type  %NSW

Novels  1.5% @ /’/0”10‘(7)0)17/1} C Same. 7001’”7 dﬁw

Press wire 4.9%

Email  10.7% mg) i ke read 4 cur/en'tﬂ Pfd’g'
Reoipes  13.7% Q[""”' ) Homographs

Classifieds 27.9% . Same writing, different pronunciation
(Homophones: same pronunciation different writing. “to” “two” “write” “right”)

M 20.1%
¢ How hard are they? ' E”gtl'Sh: nr?:tr(:lany;v o)
- ress shi oun/Verl
* Flndlpg.them Segment, project, convict
¢ |dentifying them e Semantic
¢ Expanding them ¢ Bass, read, Begin, bathing, lives, Celtic, wind, Reading, sun, wed, ...
e Current processing techniques * Roman Numerals

Ignored

Lexical lookup Homyfal?h D“S GMDguFflm :

L]
L]
¢ Hacky hand-written rules
L]
L]

(not so) Hacky hand-written rul : :
Srlgtiz'?icall";‘/(:tr;/in?odvevlns (ear;;uhzscky hand written rules) ° Same tOkenS In dlﬁ:erent ConteXtS
[ ¢ |dentify target homograph
A(SO an nse mark - ut’ mguage e E.g. numbers, roman numerals, “St”
Mark-up Languages Find instances in large text corpora
Add explicit markup to text Hand label them with correct answer

SSML (Speech Synthesis Markup Language)

¢ Choice voices, languages SSML can BKFI(.C/Hreb/ (,0““:/0[ _tm

¢ Give pronunciations

* Specifiy breaks, speed, pitch Syn-{;hegfg qu $f€€d’1

¢ [nclude external sounds



L:OF ,Linguis'ti C AM/)’S s O Bronun ciation O b mly
How the phonemes will be said

Here introduce  Produs (44 ﬁ): Four aspects of prosody
. 8 o rasing: where the breaks will be
%] é{b{w}‘{’q&’l{i&% ﬁp/%% ﬁa-ﬁ o Intonatic?n: pitch accents and FO generation
! e Duration: how long the phonemes will be
ﬁm m ﬁ@ K é V&\ P e Power: energy in signal
Need to take a breath
l’ U’S/ FhVOrS“A ( l%((@ ) :> NZZd tg cjwuer_\i rerleee\]/ant parts together
Secondly : Intommn (#iR) B 7 itch . Scprnord

e Accents and Boundaries (%m First approximation .
¢ At punctuation (comma, semicolon, etc.)

e Where are the important changes in FO? éACCeWC) e Too little
* Accents on syllables Second approximation
E’Identlﬂes ‘important” words é cé’z} e At each (or some) of the content/function words
¢ |t will be RAINY today in Boston ¢ Too much

¢ |t will be rainy TODAY in Boston

e |t will BE rainy today IN Boston (strange) B ¢ Tones and Break Indices
e On important words Al'so lllave- TD l -’7. ¢ Alabeling for intonation (English)

¢ First approximation . )0 Different accent types
¢ On stressed syllables in content words LTOM.QS w'w[ Bfeak I”ddq’ e H* IH,L* L+H*
* It WILL be RAINY TODAY in BOSTON

. ifferent boundary types
s e s e weer  AAATT Ky R IRARD L v v
¢ Content, proper nouns, POS, position in text e Each phone needs a duration
¢ (not semantic information) e Make it 80ms
;O\Byrirule - ¢ \owels are typically longer than consonants
e Emphasis/accent/stress lengthens them
¢ Initial and final phones are longer

o Kiatt rules

e By ML training (using features)
e linear regression

e Easy to get reasonable durations LGS’L“[}/, dl&b"&'{;ion, EVe‘y‘ Plt(mﬁ M@QOI
* Hard to get very good d){l@tlons a cfwa-t(on Eﬁ VoWQlS > Consonant
Can_be Pmdw’ced with s or ML trainig

spectrogram
) HMM-based [416, 356, 415, 357]
(Linguistic—Acoustic }— DNN based [426, 284] Vocoder in SPSS —{ STRAIGHT [155], WORLD [238]
RNN based [78, 422], Emphasis [191] J: — —
I [ WaveNet [254], Par.WaveNet [255]
Acoustic Model ARST [375], DeepVoice 3 [270] (Vocod Linguistic>Wav__J— wayeRNN [150], GAN-TTS [23]
Tacotron 1/2 [382, 303], DurlAN [418] b
| FastSpeech 12 290, 292], DCTTS [332] (LPCNet [363], WaveGlow [279]
Char/Phone—ACOUSHC)— 1y formerTTS [192], VoiceLoop [333] W FloWaveNet [163], MelGAN [178]

ParaNet [268], Glow-TTS [159] "] Par.WaveGAN [255], HiFi-GAN [174]
 Grad-TTS [276], PriorGrad [185]  DiffWave [176], WaveGrad [41]

For the acoustic model : Gd to End: EZFHAE ﬁ%%ﬁfﬂ@j/ﬂd}
vocode” mode] : /_'5%‘/?3’1;_.@9 Meﬁ)") 7%}7&‘5//
RV 7 Cots / Transformer — bosed

\)Awboy%wa/ Fluww/Gan [ UaE [Dffusion based




Dwta.  Conversion Pipelines

TN + WordSeg + POS 4fProsody+ G2P

inguistic, - Acoustic
[ 0: Character —-[ Text Analysis ]ﬁures’[ Acoustic Model ]mv[ Vocoder ]» Waveform

Linguistic
te Acoustic
1: Character/Phoneme -'[ Acoustic Model ]m-[ Vocoder}- Waveform
. Linguistic
HMM/DNN basedkspss Tacotron 2 2: Character —’[ Text Analysis ]m-[ Vocoder ]» Waveform
- Mel-
eech 1/2 3: Character/Phoneme -'[ Acoustic Model ]Wn'[ Vocoder ]» Waveform
| charzwav
ClariNet 4: Character/Phoneme -[ Fully End-to-End TTS Model J- Waveform
Pl 3 wavenet  (LSPMCCMGC+F0+BAP | ([ Lins ] [ Mels ] FastSpeech 2
i ar.WaveNet A EATS .
Features Wave-Tacotr _StAZE | Models

EfficentTls (| SPSS [418, 358,417, 427, 359]

WaveGrad 2 1 ARST [377]

2 WaveNet [255], DeepVoice 1/2 [8, 88], Par. WaveNet [256], WaveRNN [151], HiFi-GAN [23]

3 DeepVoice 3 [271], Tacotron 2 [304], FastSpeech 1/2 [291, 293], WaveGlow [280], FloWaveNet [164]
4 Char2Wav [316], ClariNet [270], FastSpeech 2s [293], EATS [70], VITS [161], NaturalSpeech [346]

FlgfvaveNet

Par.
HiFi-GAN
Diffwave
WaveGrad

Waveform

TTS Tutorial @ ICASSP 62
0 2022

lecly: Newral TTS+ Sfoken LM
RECAP — THE TTS PROBLEM gs::g:;ldentl - .&7 g .
N T *m BIpR TS R+ 7 &,
\ / N | | i@ Discrete teat = Cortinuous  Sound
™ e Ambiguity - B =4 257 i 7
6 .. G ey ® Alignment : % 2%/25) ~ #E M Fg)
e e BEAQ Unit Selection AEEHE
oo L 0 Wil AR | Xl

Context-dependent Next Nowt
YYord position: 1 ,__> @ S’ta:t (St Lca/(_ Pafaﬂ@tr‘l C /X’GCA g
S\ EF/D/D AH [ MEYDDHAH[]MAARMAHL M

|| A B S sark S s

Next Next phone: AH
labels (or Ilngwstlc
PecisionTree
Marianna made the marmalade %éf' \d KQ& fe&Slon HDDDDDDDDHDDDDHHHHHHH Dec"s'l'onﬂﬂger(lr;ﬂﬂﬂﬂ

- Vowel?

Y
. Phone is AA?

Statistical parametric speech synthesis
(5759) Q) Statistial £ Dy

HMM model
(state)

1. Parametric: speech parameterized as —
acoustic features vectors % % —_— %/\ /U/\/ SAE} AZ'D’\)]
N A

2. Statistical: decision trees, HMM, and
DNN for input-to-output mapping - @

1f MEY boHp [ MAAR MAHLEY]
Marianna made the marmalade

i - (000000o00noooo00noo00n .-~ DoooOOboo
DufatLOh Pfe dl (:e LOI\ b DNN C FFN) Regression is much simpler ﬁ

C Waueform Grereration Cvocoder) NN

[ DD i e

Marianna made the marmalade



Segy —to — Seq, Wé) # %o
JWW&“‘WMF o b Rocont method :
(0000000000000000000000 - CODODOOOO0 . Ak e i

— . { | Neural vocoder |
A AL, T 2287 ¢ Acoustc. INNODO000NA000000 - 00000
Single neural network for H

Expllcn duratlon predlctlon
(alignment for generation)

DL

inguistic feature extractionh MAHL_ M

Joint alignment & regression & linguistic analysis

(Sequence-to-sequence)
Acoustic model Marianna made the marmalade

Input text M@ .. medeE e, DEdE Speaker
Marianna made the marmalade i

* Predict acoustic features from linguistic features Se g-to-seq mo del

Text ) Linguistic [ ACOUSHC | Acoustic -
Text . Vocoder Speech i . Lo .
Analysis ) Teatres | _Model J Teatures 1. Derive linguistic features from input

: Attention
2. Learn & generate alignment mechanism
;mg DNN | L‘Q:ijd[?z'«:'zﬁ' s \ 3 (. _Ge_n_era_te_ QUtD_U_t sequence
\RNN based [78, 422], Emphasis [191] [ I
“Acoustic Model ( eepVoice 3 ) 1
== . Tacotron 172 (383 303], DurIAN [415] - Attention Co = Z g, mhm Yo
{ Char/Phone—Acoustic)— .?3;;?5;22&@5[2332]29\2/{) igEE:[ggZ]] m—1 yl :N
ParaNet [268], Glow-TTS [159]
Grad-TTS [276], PriorGrad [185]
SEQ-TO-SEQ MODEL
1 Encoding-decoding DeCOder
v Simple & effective for Yun (\ 21y , Q. \1
short sequence
>Single code ¢ Soﬂtmq
>Long sequence? \ S1
O ascalar or vector h (¢]
. o
Encoder N LM °
P(YrnlTrm) = HP YnlYnr € )
n=1
Cc = RNN(itl Y\[) / ;
T1:Mm l L1:M
) ‘ TACOTRON . /h
— ﬁer d [ ;ﬂiﬂ fti ‘ Acoustic feature vfcto
moae | z_ on mechw’l Lsm 4 TTS systems Yi.n

Griffin-Lim reconstruction

Tacotron : 4ER encder - decoder2t- Tocatron

Linear-scale
spectrogram

ﬁ a CBHG
AR fo 2L 1A J%:fxzf A-B$Pg @] | BEOEO0 =
with =3
CBHG \ 5\
ﬂf}ﬁ /: {H ?:t/h\ uf 77 / HH? \ﬁ /Lo 000o0o {0 N N o
Attention is applied — RTN ".. -
Pre-net to all decoder steps [remer] [Fewr] [[rene]
, . : : s
TN [317, 230, 439], G2P [412, 327, 328] NEEENE ﬂ : \J] ' ﬁ
” - N - — Prosody Prediction [319, 141, 284, 258] Character embeddings <G> frame R . 7
— Text Analysis  }—{ Char—Linguistic ™ Unified Model [259, 446] Atfention"
DeepVoice 1/2 [8, 88] ) Ti D D |j |J_-| |J_-| |j Encoder
_ ) __ [HMM-based [418, 358, 417, 359] ‘ Phoneme / characters
( Linguistic—Acoustic }— DNN based [428, 285]
\RNN based [79, 424], Emphasis [192] )
({Acoustic Model } ARST [377], DeepVoice 3 [271] ) Com Oneﬂu H’l l TS !
Tacotron 1/2 [384, 304], Durl AN [420]
o3~ | FastSpeech 1/2 [291, 293], DCTTS [333]
(Char/Phone— Acoustic}— . cerimerTTS [193], VoiceLoop [334] CO(,(SISLC MWL@L
ParaNet [269], Glow-TTS [160]
s | | Grd-TTS [277), PriorGrad (136] Acousﬂc model
(Vocoder in SPSS —{STRAIGHT [156], WORLD [239] s
— o ~ | WaveNet [255], Par.WaveNet [256] : H
B - — “Linguistic—Wav | WaveRNN [151], GAN-TTS [23] . ACOUSt!C model |r.1 S RN .
T * Acoustic models in end-to-
A eonsic S Wav | EanﬂveNe( [164], MelGAN [179] end TTS CNN
\ /7| Par.WaveGAN [256], HiFi-GAN [175] . RNN-based T
DiffWave [177], WaveGrad [41] .d-ba) (e.g., Tacotron
: series
"Char2Wav [316], FastSpeech 2s [293] T
L Fully E2E Modell Char/Phone—Way ) ClariNet [270], EATS [70], VITS [161] * CNN-based (e.g., Fansformer §
5 y / /| Wave-Tacotron [387], EfficientTTS [236 Deep\Voice series)
WaveGrad 2 [42], NaturalSpeech [346] Flow
2022 B * Transformer-based (e.g., FastSpeech
series) VAE
« Other (e.g., Flow, GAN, VAE, GAN
Diffusion) Diffusi
ISion




* Tacotron 2
« Evolved from Tacotron
* Text to mel-spectrogram

Mel Spectrogram

5 Conv Layer
let

* FastSpeech 2 [292]
* Improve FastSpeech
» Use variance adaptor to
predict duration, pitch,

FasiSpeech 25
! 4

(Mel ): Al

energy, etc

Decoder

. Predictor

* Simplify training pipeline of

Energy Predlclm

FastSpeech (KD)

generation
+ LSTM based encoder and e
re-Net ayers =
decoder
* Location sensitive soie
attention woaten | e }+{ o ()

 FastSpeech 2s: a fully end-

* \WaveNet as the vocoder

]ZA)?\J - based

Pllch Predictor

Pitch

to-end parallel text to wave

[Duration Predictor

([ Phoneme Embedding )
+

Phoneme

/7 model

’ (a) FastSpeech 2 (b) Variance adaptor
'ans ’0 “ le‘ wgd o Other works
\ / ’_) &:tt// . FaStP|tCh [1 81] Eéjz'utor al @ ICASSP 36
0 Codef . %/? AN = A4 « JDKT[197], AignTTS [429]
Mel) —
m Vocoder | nput AR/NAR Modeling _ Architecture
° Autoreg reSS|Ve WaveNet [260] Linguitic Feaure AR / CNN
: SampleRNN [239] AR / RNN
Acoustic \/ocoder— Speech I .
VOCOd e r LPCNet [370] BFCC AR / RNN
Featu res AR Univ. WaveRNN [221] | Mel-Spectrogram AR / RNN
SC-WaveRNN [271] | Mel-Spectrogram AR / RNN
MB WaveRNN [426] | Mel-Spectrogram AR / RNN
* Flow-based et | Con T AR ow
(Vocoder in SPSS ‘—'STRAIGHT [155], WORLD [238] iSTFTNet [153] Mel-Spectrogram ~ NAR / CNN
VOCOd er Par. WaveNet [261] | Linguistic Feature  NAR Flow CNN
Tnsaisto = Wav Net [254], Par.WaveNet [255] WaveGlow [285] Mel-Spectrogram  NAR Flow Hybrid/CNN
(Vocoder = | WaveRNN [150], GAN-TTS [23] Flow FloWaveNet [166] Mel-Spectrogram  NAR Flow Hybrid/CNN
. o GAN_based WaveFlow [277] Mel-Spectrogram AR Flow Hybrid/CNN
"LPCNet [363], WaveGlow [279] SqueezeWave [441] Mel-Spectrogram ~ NAR Flow 1
j . FloWaveNet [163], MelGAN [178] WaveGAN [69] / NAR GAN CNN
Acoustic—Wav /| Par.WaveGAN [255], HiFi-GAN [174] VOCOd er GELP [150] Mel-Spectrogram  NAR GAN CNN
DiffWave [176], WaveGrad [41] GAN-TTS [23] Linguistic Feature  NAR GAN CNN
\ / MeIGAN [182] Mel-Spectrogram ~ NAR GAN CNN
L4 \/)AE—based Par. WaveGAN [410] | Mel-Spectrogram  NAR GAN CNN
- GAN  iFi-GaN[178] Mel-Spectrogram ~ NAR GAN Hybrid/CNN
VocGAN [416] Mel-Spectrogram ~ NAR GAN CNN
Awb()re ressije vocoder Yot
Fre-GAN [164] Mel-Spectrogram ~ NAR GAN CNN
° lefUS|on_based VAE Wave-VAE [274] | Mel-Spectrogram  NAR VAE CNN
. : : : WaveGrad (41] Mel-Spectrogram ~ NAR Diffusion  Hybrid/CNN
» WaveNet: autoregressive model with dilated causal DiffWave 150) Mol Specrogram  NAR  Diffusion  HybridCNN
. VOCOder . PriorGrad [189] Mel-Spectrogram  NAR Diffusion  Hybrid/CNN
convolution [Van den oord et al 201 6] Diffusion  SpecGrad [176] Mel-Spectrogram  NAR Diffusion  Hybrid/CNN

© 6 6 6 0 o

Output
Dilation = 8

O O O 0O 0 O O Hidden Layer
Dilation = 4
o O O O O O Hidden Layer
Dilation = 2
o %’ % ﬂ { Hidden Layer
Dilation = 1
A0

GAN ’BOSQC{ . jf_ ]‘/%L_ :>.

#4501 @fully Controllable TT

® Edge Deployable
@ Multi Modality .

Mel-Spectrogram

ResBlock[1]
kernel: k,[1]
dilations: D, [1]

ky[1] x1 ConvTranspose
stride: k,[1]/2, channels: h, /2 \ 1
1

I

1

1

|

1 Leaky RelU
il 1
(Al

(Al

I

I

1

Tox1 Gom )

dilation: D, [n,m,1] !
1

Raw Waveform

Figure 1: The ples mel-spec up to |k, | times to match the temporal resolution
of raw waveforms. A MRF module adds features from || residual blocks of different kernel sizes
and dilation rates. Lastly, the n-th residual block with kernel size k. [n] and dilation rates D, [n] in a
MRF module is depicted.

* GANs: Simultaneously train generative + adversarial nets

S

* Generator: produce audio from the spectrogram.

Discriminator: distinguish generator outputs from real audio

« Faster and high quality than Autoregressive

40



o General proble

L_ec,-l S—bmc—tWQC! b reOPlC‘t

we want to learn a (possibly e Multi-class classification:

conditional) distribution over some output space with Wha:t « Output is a set of classes

structure to it
¢ Classes may not be independent: some classes are likely

e Structure: output space is a composition of variables * O{ to co-occur, and others never co-occur
whose values depend on each other’s values /C\ . ; ‘ ; f(,(C (,W’Q
Language modeling:

Not structured prediction: simple classification tasks ( o{
lyl) l(ﬂ. StruCer e Output is a sequence of tokens

e Document classification (output space is set of classes . . .
e There might be long-distance dependencies between

o Next-token prediction (output space is vocabulary) Fred l(,-t (On words across the sequence
Part-of-speech (POS) tagging Output space might be exponentially

/} é’: large, which makes search difficult at
e Output is a sequence of POS tags a[( 95 . g€, .
inference time
e Tags may depend on each other under lexical ambiguity
Fed raises interest rates 0.5 percent OP()OF‘{?U!\ Tt'lgs But, known dependence between output
| | ™ : variables might help narrow down the
noun verb noun verb noun verb search at inference time

Sequence tagging problems: f : YN N

Where we also have 2 prior over posmble output tag Part 130 SFQQd’] A 53?%%03 E{W/l’% WL

sequences p € A 6[)
g {’ e V 0-(565 -0 Lexical ambiguity
noun—-—/"Jek.o-d/

Sequence tagging tasks:
/

e Part-of-speech tagging I:V(lfy Wor d assume LS known g- record\‘verb—»/,u‘k(ud/
» Named entity recognition POS dtS’[}r‘lbW'ZLOI’l . B‘/Ct- Fed raises interest rates 0.5 percent

Fed raises interest rates 0.5 percent NNP NNS NN NNS D NN
VBD VBZ VB VBZ

NNP NNS NN NNS ~CD— NN

VBD —VBZ—— VB — VBZ x we want to choose the  ven vBP

VBN VBP

knowledge about output classes: . .

a long sequence of verbs is very unlikely best Om Fed raises interest rates 0.5 percent
NNP—>NNS\ NN NNS —CD — NN

Fed raises interest rates 0.5 percent VBD VBZ VBZ &)

NNP._ NNS NN — NNS —CD — NN VBN VBP

VBD VBZ VB VBZ prior knowledge about the relationship between input and output:
“rates” cannot be the object of “interest”

VBN VBP
Simplification: independently predict each POS tag:

p(Y: | 7,1) Further —formulation. and essumption

« Eg.,embed token ¢(z;) € R?

o Then classify each embedding p(Y;) = f(¢(x;)) C{asstfﬂ bQﬁ@O{ on Qn’lbedo(lng‘ )
AP

e interest —> 55% NN, 35% VB, 10% VBN HOW can We mOdg[ —bhu tas k, 7‘

¢ Preliminary: generative vs. discriminative models

e Generative model: parameterizes a joint distribution over random .(M()Or'JWVI’C Pfel‘m Marér ’

variables X and Y

e Discriminative model: parameterizes a conditional distribution of Gl@ﬂ@m'tll/e, V. S. D(.ﬁ (J'lmmwma
target Y given observation X
One hoti candidate mode/: HUM

e Classification: X = instance features, Y = instance class
e Tags: ¥i € P

e Language modeling: o Words: z; € V

% 7 1 . —_
e “True” language modeling: Y = sequence of tokens « HMM generative model gives us P(Z, 7)

o Autoregressive approximation: X = previous tokens, Y = next token p(y)p(z1 | y1)p(y2 | y1)p(z2 | y2) - .. p(STOP | yn)
¢ Part-of-speech tagging: X = sequence of tokens, Y = part of speech . NS B<, Markov process:
p gging q p p Generative story: e yiis conditionally
tags mdependent of
1 x STOP Y1 - —2given
O Yi—1

Words are conditionally
independent of one another
given their parts of speech



p(y1)p(z1 | y1)p(y2 | y1)p(@2 | Ya) - -
" 'Lmnsrtl"
Generative story: )/
r1 x STOP

Distribution over first-token POS tag p(y;) €

Emission probabilities £ ¢ AP <V
T e A'PXP

Probability of stopping after seeing POS tag p(STOP | y)

Two core questions:

- how to determine these probabilities? (parameter estimation)
- how to use this model to map from a sentence to a sequence of POS

Ja 4%
E.g\l/

training data

tags? (inference)
Similar to count-based n-gram models: just count and
normalize occurrences:

e How often does the first token have POS tag p?

o How often does the sentence stop if we just had tag p?

e If our current POS tag is p, how often is it followed by p’? theycan they fish

N

o If our current POS tag is p, how often does it “emit” word start probabilities

x?

they can fish P(y,T) =

-(STOP | yn)

& With Merkos Hropesttion
emssion  anng Opective Y,

Labeled training data: { (E(i) , y(i)> }
i=1

Training objective: maximize joint likelihood of training
data (maximum likelihood estimation)

3 logP (gmj(i))

(2
N 9]
=1

= Z log P (yy)) + Z log P (.z;-’) | yy))

— =1

AP
First-token POS tag
Emission probabilities

Probability of stopping

)

(m,y\ . R éﬂ’brﬁ% Tl’”l‘f}fet?ﬂﬁ}

l:2 with S moothin ﬁé&/i +)
transiti probab1llt1es v

1

[P
€ R[O:l]

e
+ Z log P (1/1 1/5 )1) +log P (STOP | yl@()‘)

training data

transition probabilities

they can  they fish
N V N V

N v | sToP

N o 2 o

N V V

v NV v 1 1 3
[ J 2 Py
start probabilities ( R ‘ i )
P p(y; | yi-1) T [ com P(y1) PW; | Yi—1
count P(y1) N v Tsror| L (Y1) N v | stop
N 2 19 : : : { N 3 0.75 : : : |
N |08 | 16 | 68 N 02 | 86 | 62
v [ 0.8
| v 60 | 08 | 16 M ! 825 v 02 0.2 0.6
emission probabilities o(x P P
P p(; | y;) emission probabilities p(z; | yj)
they can fish they can fish
1 . . i | | | they can fish they can fish
N 2 [ o — N 10 0.8 0.6
" o ] ; v oo o5 | o5 | n 3 11— N 66| 62|02
v 1 v 02 | 04 | 04

-‘ﬁ’ @a
ﬂ%

P@,y) = py)p(r [ y)p(yz | y)p(e2 [ y2) .. STUPIyn
o Problem: find argmax P(y | Z) = arg max L0 2) =) ) (Bayes
y v rule)

— arg max P(y, a:)
]

= argmaxlog P(Y,T)
]

)

=arg max (log P(g1) +log P(z1 | 1) + log P(G2 | 71) - - -

Y1,--3Yn

Problem: can't just search over all possible §

D 8 = logP(%ol q

+ maﬂgfrw(’g
Emission

l ransition

To compute mgax 10g P(x, y):
v = oTIxIP]
for 1 =1 |f|
for ﬂ in P
if 1 == 1:
o(§) = log Pla1 | ) + 1of P(§)
else:

vi(g) =

return Ujz|+1 (STOP)

prev

W ’5% CFist token ,tmnsition
40) = PCH-/AN) AP (They yx pCURTAW)x peeanlv)
% P V—,@‘F T V) x chzshll/)x P(STOpZ T | V)

e Recurrence:

l pevyta (f [rprev]) i)

keep track of this over time

maximum-probability

,emission . Sﬂypﬂg/)éa(

o BEZ given T, § o] Zaurd
L/}%/k}t@h search spac@ ﬂEIF%K )

Main principle: dynamic programming
How-to sol ?

Define v € le‘xm, where Uz(fj) is the score of the best
path ending in g at time 7

Base case: v1(y) = log P(z1 | g) + log P(9)

logP(:ci | g) + max (log P(g | gprev) + Ui—l(gprev))

Yprev

> Same formab

P \Vrterbi gorrW’l
*—Ié/‘v'i__ B4 f in
Py v, d4ibh
/LFT“H'J” (x1) 'f;.ﬁ VL’('(W

to reconstruct the

sequence
arg max log P(7,7)

logp(xz ’ y) + max (1OgP(y | yprev) + vi— 1(yprev)



Our parameters were determined by counting over a States: set of possible underlying states (hot or cold)
labeled dataset:

* How often the first token has a particular POS tag Observations: set of possible outcomes (1, 2, or 3 ice
e How often one POS tag follows another (including STOP)

creams)
e How often each POS tag “generates” each wordtype
But what if we don’t have labeled data? HMM 1s parametenzed by:
) . o Initial distribution: probability distribution over first
UH}IWWCQ qMQSt‘O” state’s value
: ; : CM[)OV[@ pts = Transition probabilities: probability of moving from
HMM FOMU(af‘On K%H C one underlying state to another
) s ) o Emission probabilities: probability of observing a
@ y @ particular outcome given an underlying state
F,mc:;) z P(”Hof)’ 3 1. Likelihood: given a sequence of observations, how likely is
[Eglggtgi]:[:;‘] [555!28%] - [ﬁ] that sequence according to the HMM?
Easy — just compute using our decomposition of P(x, y)

2. Decoding: given a sequence of observations, what's the

most likely sequence of hidden states?
HMM T(ZSKS DQCOdTg l‘lLEf b | Easy — us% Viterbi

3. Learning: given a sequence of observations and the set of

ossible states, what are the HMM parameters that
| kelihood * Foruterol i i

equence of obserVaions TsweWantTo compute p(7) maximize the probability of the seqyence?
o If we had access to the sequence of labels 7, this is just Easy — compute I Counﬁalﬁllgﬁo;ﬁJason Eisner, in Jurafsky and
the product of the emission probabilities: ¢ Also dynamic programming — similar to Viterbi but we are
_ - trying to find the sum over possible latent sequences
p(T) = Hpe zi | yi)

rather than the maximum
e But we don’t actually know the labels! So we need to

|z|x|S]|
consider all possible latent label sequences y o€ Rog:cl
a1(S) = Pp;lS x S
p(x.7) =pE|7)p Hpe:m% Hptmu“ 1(s) = pils)p(as | 5)
Pyl [ 0) = pily) 04»5(8) = Z ai—l(sl)pt(s ‘ Sl)pe(xi ’ 8)
« Then, p(z) = > p(@7) = Y p(@ | 7)) oS

ot To compute P(T):

Y'€Y Eyponential...
alpha = O|E‘X|S|

(oo = A ITARRLs <ol
i fi olicss. Hx#E sequence ot s = pie(on |8

else:
for s’ in states:
(ikeltl’tOOd %\ zses OC[X[ (s) alphali, s] += alphali-1, s’ 1pi(s]| s )pe(wi| s)
. Learning algorithm: forward-backward, aka Baum-Welch

return sum([alpha[[ﬂ, s] for s in states])
. Intuition:

o Parameters are computed using counts of co-occurrences of
hidden states and observations A/O(,U Md( ‘bo m,mte ?”emorl
N C(s—¢) C(s,x)
pi(s|s) = —zr5— pel@ls)=—7r5 7 ‘
C C —to
e But, we don’t have act(usa)l counts (S) rf VI'O Iabg/ C h‘dden gmj ‘ /Dw /m

. Expectation-maximization (EM) approximation:

qu o - 7
o E-step: let’'s assume our current transition and emission l a UMS (/[73)"(/'5301 Q hlon )

probabilities are correct. If they were, what would our counts Helper function: backward algorithm for computing p(Z)
be?

o M-step: let’s assume our current counts are correct. Then ¢ Also dynamic programming, Where we are building up
let’'s compute the empirical transition and emission

|90| XS
probability trellis 5 € R,
probabilities as above. 3{6}70 ‘-nftla/‘ie

Step ¢ Need  fics> Fecxls) L e (SIS )
. . ) . . ¢ Recurrence relation: 51 Z Me T | S 5z+1( )
irformation = ( Like dic),

s'eS
Termination: p sz(s pe x1 | 3)51( )

Simply backwards). T b fr

Base case: Biz|(s) =1

s'|s)



S't(’,Pl: &(3’8/) _ p(ss = 8, 8441 = sfyf) _ éi(S,s’) //{é La’j'é:'\l % (;‘H 7‘?5‘9\5'

p(T) p(T) o
. sum over all 7 q
_ fz'(sa 5’) other possible ﬁ% 7 izl
Tres Tres 66.5) mslonsst  Clacs )=y o)
=1
_ pe(s, 8" )pe(i | 8)ei(s)Biv1(s") |z]
> ses 2ozres Pr(8: 8 )pe(wi | 8)ai(5)Bit1(8) Cls)~ Y > &(s,s)
seS 1=1
N\
/ )
sep3 B Suss) BA] fusls) e
! p(s; =5, a;(8)Bi(s pi(s]s) = =
Glepgs () =plss = 7) = P = R P aes Dih &i(s.9)
) = initialize Pi(s]s’) and p.
%‘ ]5 (x ‘ S) . ZL:ll,mi:m ’Yi(s) until converﬁgence, itergt(g Lf/)er examples T:
€ - z E-step: assumin robabilities are correct,
@(/Xfls) lell ’Yi(s) 8 computegpieudocounts

compute & and 5 for T using current probs

. - compute temporary counts
Overoll algorithm = g )
A fs19h 58 Fves AL

é ?2\ pi(s,s)p El‘z s)ai(s)Bit1(s")
7[’%% ] éﬁ i ~. i

o e (i |
ils,s) = > ses 2uges Pi(8, 8 )be(wi | §)i(5)Bit1(5)

M-step: assuming counts are correct,
recompute probabilities
i (s)
o 1=1l,x;,=x Yi

Do) )
Ses O &i(s,8) S i)

pi(s|s’) =

| ec 1§ ?ratmu’n M

Let's say we want to create a language technolo8 fora * Initializing model parameters to start in a “good” place makes

new task learning easier for downstream tasksf ~ ‘/ 4‘:
. _ . IR
We don't have a ton of data available on the new task + SGD will stick relatively close to prétrained parameters
But, we have a lot of general-domain language data + Gradients of finetuning loss near pretrained parameters
available outside of the task (books, newspapers, etc.) propagate nicely ,
We can take advantage of general-domain language . U GVISTCf [eam‘nZ/ .
data by computing and using “pretrained” + We don’t necessarily have enough data availablé to train on the
representations downstream task alone

Tr(/()hy VVQ‘U’CUV!? Syec‘rflc Domain data may | lbe scarce, bt
Gereral Domain Dt can be  abundant. l?fggcu‘ning( b 7%
* One popular pre-LLM approach ) Pyg—tfain ? [ﬁé Em 69 d 0’,‘“ : C%Fﬂ ?‘),e-azﬂm

. 59 ISkiz-Gram,_(_EII(_)Ve — just m‘ .
e LI ) g embedding A4, @t prevrain P

embeddings

ed knowledge
T o s Calis in , California
» Then train the model for your t
... the movie was ...

target task I put fork down on the table

ﬁzl]l’l:_ | Z;VZ'CV am% g\lj The woman walked across the syntax

+ If you want, fine-tune the word street, checking for traffic over

embeddings, or keep them 17'3 shoulder
q:] /5 (_te’&'b ) ! coreference | went to the ocean to see the fish,

frozen
turtles, seals, and

Overall, the value | got from the lexical semantics

@ know [@dg e @ S.yn‘bap( @ G),’e'ﬁfg’lce‘ two hours watching it was the sum

total of the popcorn and the drink. ]
The movie was reasoning

@ lexial emontics (3 sentiment (B reasondy™ I e v



1. Collect some data HOW —bo ’f’Q CU/, 7 F“(—tef‘ fg%@ E)?‘r&o
2. Preprocess it (filtering, tokenization, etc.) A/ COP)’FI kt/ giﬁ% /{f ’Zﬁ-(:/amm

« Remove duplicate documents

3. Apply the relevant pretraining objective (autoregressive, Exam [e = _
masked language modeling, etc) Remove junk
Text that is very unlikely according to a simple n-gram

* Most LLMs use byte-pair encoding ?&_T"b{)k@h [Zep (% m .BPE . Text

+ Some experiments on simply using bytes as input, but this - Remove pages that are uninterestin
isn’t standard (why is this harder?) Y:‘ -j- S eeCh LM : Pages’:h:t have few in-links 9

* Speech language models "tO [‘enl Zet" £ - wt kﬁ% 5& « Remove non-English data using a language classifier

+ Vector Quantized codes (HUBERT)

If you want to train a language model from scratch, no need
+ Encodec or SSL-based discrete codes 75 /j;\
to scrape the Internet yourself!
Dataset Origin Model Size (GB)  # Documents # Tokens
’b m “ OpenWebText  Gokaslan & Cohen (2019)  GPT-2* (Radford et al., 2019) 41.2 8,005,939 7,767,705,349
O O% w Cc4 Raffel et al. (2020) T5 (Raffel et al., 2020) 838.7 364,868,892 153,607,833,664
mC4-en Chung et al. (2023) umTS5 (Chung et al., 2023) 14,694.0 3,928,733,374 2,703,077,876,916
OSCAR Abadji et al. (2022) BLOOM* (Scao et al., 2022) 3,327.3 431,584,362 475,992,028,559
- The Pile Gao et al. (2020) GPT-J/Neo & Pythia (Biderman et al., 2023) 1,369.0 210,607,728 285,794,281,816
gr - 0“ w {\. RedPajama Together Computer (2023) LLaMA* (Touvron et al., 2023) 5,602.0 930,453,833  1,023,865,191,958
co C S20RC Lo et al. (2020) SciBERT* (Beltagy et al., 2019) 692.7 11,241,499 59,863,121,791
peS2o Soldaini & Lo (2023) - 504.3 8,242,162 44,024,690,229

LAION-2B-en  Schuhmann et al. (2022) Stable Diffusion* (Rombach et al., 2022) 570.2  2,319,907,827 29,643,340,153

@ E nc Od ey - Mder On l‘d/ 'S tack S KocetKovjetall(2023) NN star Coderyl (et al 72023) 78308 544750672 1,525618.728,620
Pretraining Objectives /|y [}

Encoder-only

Masked language modeling objective: probability of
each word depends on every other word in the
sequence

p(x;) o f(<$1,---7Ii—1,-$i+17-<-7$|5\>)

+ Really useful for learning high-quality text embeddings,
because the representations of each word depend on
previous and future words

Encoder-decoder

Each output token is dependent on all of the input
tokens, and whatever outputs have been generated
so far

p(yl) X f (<l‘1,. .. ,l’|5‘> 5 <y1,. .. »yi—1>)

- Input sequence is bidirectionally encoded, but a decoder
can generate outputs token-by-token

+ Training objective: span corruption and reconstruction

+ Not useful for generating sequences token-by-token thank you fornviting me to your party-tast week
(why?) ‘ s1 yourpary s2

« Representative model: BERT (Devlin et al. 2018) - Representative model: T5 (Raffel et al. 2018)

Decoder-only .
Probability of each word depends only on the S I g U p
previous tokens generated so far -" Ca‘ I n I"

p(yi) o< f ({y1, -+, 0i-1))

- o D/5.4-1013)-09% | 5.6 —— L=(N/8.8-10%3)007
' ._r) 6 7 — L=(D/5. ) ¥
Call aw = g =
§ 4 " oS 20
- Easy and fast token-by-token generation 9 33 0
© 3
3.0 :
+ Basically all major pretrained language models are (/ L= (Crn/2.3+108)-005% e
decoder-only models T T T = BT =T S 100 10° 10° 107 10°

Compute Dataset Size Parameters
PF-days, non-embedding tokens n-embedding
- Representative model: GPT series (Radford etal. 2018) g /7&\ . J M/y:ﬂ R e ik ottt

etter at language modeling when we train for longer, increase

l T 2% ?é_ ;_LT’ "’?__1] our dataset size, and increase the model size
1 Scaling laws tell us what test loss to expect given the amount of

+ One conclusion: we can reliably |mprove performance if we compute, data, and parameters.
keep scaling up (data, model size, time for training) « Discussion question: why non-embedding parameters?
* (Where) might we hit a limit? \ + Pretraining: collect a bunch of web data, preprocess it,
» Another conclusion: we can experiment with smaller \/ then apply the language modeling objective of your choice

models, and trends will probably generalize to larger

models + Some work hypothesizes scaling laws that govern the
« Useful for prototyping, before Spending millions of relat|0n3h|p between mOdel Size, amount Of data, al"ld
dollars on a pretraining run training time, and the resulting language modeling ability
Training Costs | Pre-Training Context Extension Post-Training | Total
in H800 GPU Hours |  2664K 119K 5K wesk  * Keep in mind: pretraining is really expensive, and the
in USD $5.326M S0.238M S0M_[$5576M - data you train on might not be yours to use!

Bao8 B w, B, MURA WP 1 TR sk Bkt i A 1 2.
£g. Pretroin % Syntax. 72 [0S togging (EEIN



NLP working assumptions pre-2018

What happened to our pre-2018 assumptions?

+ We first need to understand the atomic units (which ones?),

then we can study how they are composed to give rise to
meaning

« These compositional processes need to be modeled explicitly

+ If we want to do something beyond language modeling, we

need to train a specialized model

+ Eventually, we can combine everything into an end-to-end

dialogue system...

As we run inference on a model to predict the next word,
we compute intermediate vector representations (e.g.,
values at different transformer layers)

Do these intermediate values contain the information
relevant to an NLP task?
POS tag given intermediate

oz reproserationts
COCeanCcCHOHCo
COCOhasCHOHCD
dCOdChaeaeCHCD

cCOhdCheaC D C>O
| put <MASK> fork down

Probing MLP: trained to predict

+ So our model learns what it needs for all of these tasks,
but how do we get it to do those tasks?

+ Fine-tuning: e.g., train a simple MLP classifier on top of
BERT sentence embeddings — immediate SOTA on many
NLP tasks

+ For autoregressive models:
» Template-based prompting

+ Few-shot prompting

|_ec lci Pos*t Tmln[ng_
With Pretraining , now:
Y

e Low perplexity on test data (i.e., better fit)

e Really good language models

e Even better than humans?

e Internal representations that reflect underlying linguistic
structure

e (Somewhat awkward) interface for multitasking
e Template-based prompting
e Few-shot prompting
To address the interface problem: instruction tuning

e Fine-tune model to produce responses conditioned on natural
language instructions, rather than on text prefixes

o Use instruction data: text instructions paired with demonstrations
of instruction-following

To address the alignment problem: reinforcement learning from
human feedback

e Fine-tune model to adjust its response distribution away from or
towards certain types of responses

o Use preference data: have annotators rate candidate responses
from the instruction-tuned model, and learn (from) a model of
human preferences

[

E.g.m

1]

The dog chased a squirrel at the park.@ﬁ/m\zﬁj NEEE—

I was late for class@fti%i&ﬂ?o

The hippopotamus ate my homework.

What we learn from language modeling looks a lot like
what need for traditional NLP tasks!

Self-supervised approaches showed we might not need to
independently learn word and sentence representations

(In fact, we can recover a lot of the structural features we
were explicitly modeling before from these
representations!)

OMQ mmd : Pfobing, Take ovt

ntermediate. —featuwe jor olownstream :@

Shockin

(a) he smoked toronto T the playoffs with six hits, seven
walks and eight stolen bases ...

task Result:

212, 3) "toronto”

ERT rediscovers the
classical NLP pipeline” (2019)

012345678 9101112

(b) china today blacked out a cnn interview that was ...

Intermediate representations
of BERT at different layers

H N

contain sufficient information .gw

ther

to perform well on NLP tasks, -

wn_hgut any task-specific o
tra|n|ng! [l ARGM-TMP

! ARGO

[ Other

012345678

9 10 11 12

asking — natural langodge dialogue!

But —for I/"Ml'titaskmﬁ

e More natural interface for m
¢ The interface problem
e Control over what the model should or shouldn’t generate for certain
tasks:
e Responses that reflect certain social values
e Responses that help users do something dangerous
e Incorrect information

e The alignment problem

Tnterface froblem So|

¢ Recall: base (pretrained) language models are good at
modeling documents

e To get them to do what we want, we have to format the
context we condition them on as if it was a web document

India’s moon rover completes its walk. Scientists analyzing data looking for signs of frozen
water

BEW DELHI — India’s moon rover has completed its walk on the lunar surface and been put into
sleep mode

-—

India is planning its first mission to the International Space Station next year,
collaboration with the United States.

in

nts and gone to sleep mode af:
landed the rover and und:




¢ Basic premise: adjust language model probabilities to be

e Probing experiments show that learned representations A goof'l conditioned on inputs generated in a more human-friendly

contain information necessary to complete many tasks

interface
e One “task” they can do is to identify the task exhibited in lyl‘tef‘l[a(& e Human-friendly interface: dialogue
few-shot prompﬁng! jorm“‘t' User: Please translate the following sentence to Chinese: “The
. ) . hippopotamus ate my homework.”
In-Context Learning Instruction Induction

The friend read the instruction and wrote an
output for every one of the inputs.

I gave a friend an instruction and five inputs. dla&ﬁ M Assistant: Here is your translation: a5z 7T EREI(EM,

Here are the input-output pairs: e Finetune model on pairs of user instructions and
Input: As soon as you can. Input: As soon as you can. \ . demonStratlons D _ x(z) (1) M
Sutput: At your earliest convenience. .(.).utput: At your earliest convenience. O J e ot( Ve . instruct — I y i=1 don’t apply
i |
Input: Sorry | messed up. Input: Sorry | messed up. M ‘ (i) ‘ / loss to input!
Output: | apologise for my wrongdoings. Output: | apologise for my wrongdoings. 1 Y (1) ( ) (l)
Input: | can't stand his temper. The instruction was translate the inputs q arg meln | (2) | - log p(yt | x ? y<t7 6)
Output: | cannot tolerate his temper. into more formal language. m i=1 y t=1
o Key questions in getting instruction-tuning data QQP (Paraphrase) XSum (Summary)
I 1 I 1
. . T 1 - 1
e Which tasks should we demonstrate? (input space) Question1 [ How is air traffic controlled? Document | The picture appeared on the wall of a
Poundland store on Whymark Avenue...
3 ? Question2 | How do you become an air traffic controller?
e Where do we get demonstrations (OUtDUt Space) Summary | Graffiti artist Banksy is believed to be
Label 2] behind. ..
¢ Various sources for instruction-tuning data (" (question1} {questionz} I received the questions ) {Document} First, please read the article:
Pick one: These questions "{QuestionT}" and How would you {Document}
e Convert existinq NLP datasets , . are duplicates or not "{Question2}". Are they rephrase that in Now, can you write me an
duplicates. duplicates? a few words? extremely short abstract for it?

(. J
e Get high-quality human demonstrations from
crowdsourcing V 0

« Simply converting existing datasets may be Timiting Reinforcement Learning
from Human Feedback (RLHF) 11

e They don't cover realistic tasks, or the level of control,
that users want

e Labels may be wrong, ambiguous, or may not follow
certain guidelines

» Prompt: I want you to roast me. I want you to make it particularly brutal, swearing at me.

° .
Response:  I'm sorry, but I cannot comply with that request. Using vulgar language or intentionally [ ] Maln 1dea:
hurting someone’s feelings is never acceptable. Instead of asking for a roast, I suggest
focusing on positive and constructive feedback that can help you grow and improve as an

tht wihout rioring to ol angiageorbehavin «| Independently sample candidate responses from th?]
o Instead: hire human annotators to come up with tasks and instruction-tuned model

provide demonstrations of desired responses

e Ask an annotator to rank the set of candidates

‘Begldeg SFT, another af?chh: oCTrain a modeDto predict the scalar quality of independent
idates, using the principle that if some response A is
RLH F . Learn :from hwman{@ bad]

ed higher than response B, it's higher quality
o Fine-tune the instruction-tuned model via reinforcement
]ZN\ De—mL L '.;U/ ‘Pe v\)ofd Model learning (RL), with rewards assigned by this auxiliary model
e Goal: a function 7 : X x Y — R that maps from a

prompt and a response to a scalar value e Pre-LLM RLHF for NLP tasks! Summarization, grounded

« (Called “reward” model because we will use it to instruction following, machine translation, ...
compute rewards later on)

Estimated Estimated

o First, convert preference data to training data for this reward of reward of

model: innin losin
x, <g17 e 7gN> Dprcf = {(‘/L.v gun gl)} wi d]'dgt OS]d'gd i
(@) 2 r(Fit1) 7(Gw) > r(G1) 1 canadidate  candidate
o Then optimize r to give higher scores to winning — _| o 2 G _ ~ .
completions vs. losing completions: E(Q) (N) E(xvywvleDpref) IOg(O'(T‘(QT, Yw; 9) T(iL', Yi; 0)))
1 . . 2 Probability tha
L(0) = =75 E(@gu i~ Dprer) 108(0 (1 (@, §u; 0) — 7(2, §130))) i . S
() (e Bore) ,  winning candidatg between winning and

“beats” losing\psing candidates

MDY How o decde wider Scenario cnsiden candidate according -
O reward mode
Markov Decision Process ({]\RL scenario -

e In practice (e.g., InstructGPT), architecture is transformer with
projection layer replaced with an MLP that gives a scalar value

S environment states

A environment actions

T Sx A AS transition funct_:;on — tells us what e Model weights initialized as a small base language model
. X N might happen if we execute some

s . Main principle: we want t ign higher pr ility m
action in some state ¢ Main principte: we want 1o assig gher probability mass

to (“reinforce”) actions that give us higher reward A
reward function — tells us how good it U da—te P [ 46
R . S X -’4 — R is to take some action in some state o Simple policy gradient / REINFORCE algorithm: F o ‘C)} o
olicy — tells us what actions to take e Sample and execute a trajectory from the current policy,
S = AA policy p j y policy

in some state computing action-level rewards h h( W
grn a0 n=Rages)  [CAC ﬂ rew

iteratively sample actions from
policy and execute them o For each action, weight its loss by the reward it was

ar ~w(se) Te=R(si,ar) ser ~Tspa) o ) (LCQH‘I:? 74'0?14- Wd)

1 - .
01 = 0; + O‘M z;r,;Vgi log w(3; | ©, J<i; 01
=



Lots of variations beyond simple policy gradient / REINFORCE

Mostly focus on stabilizing training

RLHF objective .

e What data do we see during training? —> depends heavily on 8

what we sample, especially early on!
o When the output space is huge (i.e., natural language tokens...)
we might only see those actions a few times during training

RL is notorious for being really hard to get working... why is
everyone talking about it now?

Won't go into details of these variations — see discussion

tomorrow!
4\

Pitfalls and Limitations
of RLHF

Reward hacking — exploiting errors in the reward model to achieve high

estimated rewards

e E.g., longer outputs get higher reward, regardless of quality otherwise

Hallucination and miscalibration

e No examples of abstention to questions, so model will never know what it
“doesn’t know”

Off-policy reward model

e Our reward model isn’t trained on outputs the model is likely to produce

now, after finetuning a bit through RLHF

Generalization of preferences

« Can we learn when preferences are relevant or not? E.g., refusals to “kill a @ &Qnem

linux process”

Lec2o  Adaptor
The methods we have now -

1. Pretraining

1. Collect training documents and preprocess them

2. Optimize language modeling objective
3. Outcome: really good language model, but:

1. Doesn’t have a useful (natural language) interface
2. Doesn’t necessarily exhibit desired behavior (alignment)

Bwtj"orsome SFecijic compleﬁ tasks,

Model might be bad at some target task, for example:
+ Really challenging math problems

+ Very domain-specific problems, e.g., medical reasoning, new
programming languages, etc. 2' % |

Running inference may be inefficient oEimpossible due to model

DKt L78
Cdan we solve these problents without respending all of the
compute we used to get our instruction-tuned model?

Chain-of-Thought Prompting (/| ‘
Main idea: “prime” model to generate step- . O}'le W -
Another : COT-

by-step solution to input problem

Q: Roger has 5 tennis balls. He buys 2 more cans of tennis é
balls. Each can has 3 tennis balls. How many tennis balls does
he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls each i.
6 tennis balls. 5 + 6 = 11. The answer is 11.

Q:
A: The cafeteria had 23 apples originally. They used 20 to make

lunch. So they had 23 - 20 = 3. They bought 6 more apples, so
they have 3 + 6 = 9. The answer is 9.

prompt, model output

A
T:SxA— AS

R:SxA—=R
7

3.

For complex tasks, model may not “know” the best way to solve it

Each can has 3 tennis balls.
T CL :) he have now?

53 ’T'E’%%’/@%
@ Rompt )R

Ay ~ 7T(St)
St41 T(St, CLt)
Ty = R(St, Cl,t)

)

'S 5 AA

Objective to maximize:

E(m,g) (s — Blog <

XT ~ Dprompts G [ 2.0)
’71'(:1] | xz; einstruct)

Yi ~ 7T(‘ | xag<t;0)

s = 7“(55 s 9reward) Reward KL divergence with
maximization  instruction-tuned model
HEzeDyretrain 108 T(2; 0) Base LM objectiv

Xb: ?ltfﬂ//( !Lljmﬂwéfon
Q@ Rewarol Hack
@ Offt- poliey rewsrt| Mode.

@ Helluc ingtion

lizatin p/&fe/ences

Instruction-tuning to solve the interface problem

1. Collect examples of natural language instructions paired with
demonstrations

2. Fine-tune base language model to generate response conditioned on
instruction

Posttraining
1.

Reinforcement learning from human feedback to solve the alignment
problem

1. For some new instructions, sample candidate responses from the
instruction-tuned model

Ask human annotators to rank the set of candidates

Train a reward model to, for a pair of candidates, assign a higher
score to the candidate that the annotator ranked higher

Fine-tune the instruction-tuned model via RL, using reward model

2.
3.

4.

vt

D

If they used 2 to make dinner and
how many oranges do they have?

Outcome: model that follows natural language instructions directly
we may need some.

'{;rnining /for
Recall:
In-Context Learning

Zero-shot prompting (base LM)

size

The restaurant had 15 oranges.
bought 3 more,

Few-shot prompting
Q: Roger has 5 tennis balls.
balls.

He buys 2 more cans of tennis
How many tennis balls does

A: The answer is 11.

Q:
A: The answer is 27.

prompt, model output

8 S 2



Main idea: format input to prime model to

generate a step-by-step solution @ Pfompt ‘1"%;12 $tep b’ StEF
Structured Prompting (/

A: Let’s think step by step. The cafeteria had 23 apples : Why are we expectlng the models to do arithmetic

originally. They used 20 to make lunch. So they had 23 - 20 = 3. direCtly? Why nOtjUSt give them a calculator?
They bought 6 more apples, so they have 3 + 6 = 9. The answer is . « » . .
g v PP v - Main idea: prompt LMs to “call” tools, e.g., by interleaving

language output with calls to a calculator:
A: The bakers started with 200 loaves.

Awef fpproch: e AR AMLA = TN

loaves_sold morning = 93

loaves sold afternoon = 39

Instead of designing a prompting method ourselves, why -

nOt traln a model ’[O do Itf) The grocery store returned 6 loaves.
loaves_returned = 9

The answer is

+ Training data: examples from our target task answer = loaves baked - loaves_sold morning -

loaves_sold afternoon + loaves_returned

+ Goal: use the training data to find a prompt that, for some prompt, model text output, model program output
particular model, we perform as well as possible on held-

| ouweskdaw 5\4,@, 2 Pompt tuning.

. Space of prompts: sequences of wordtypes'V

+ Goal during training: find a prompt that maximizes some Amh’oach @ Pl5Cl’ew fl‘d SE?MGMes
reward (e.g., accuracy) over the training dataset Al L —
b BX& /
arg max & R(y ~ LLM(pa) of wordtype that best KK TRE.
: : Approach @: Continuous
Continuous Prompt Tunin 1 Enteddedd Bompt &), ok —
word embeddings ' ' ' ' ' ' g\ﬁﬂ m ﬁ_’?‘%, %%%% en”bedded
summarize The last time we went ‘i?r ompt“ fa’% ‘H'a-t bQS‘(T ;%%‘ﬁﬂ

+ What if our “prompts” are just embeddings in the same
? .
space as all of the other wordtypes? word embeddings
+ Optimize:

The last time we went
argmax £ LLM(y | [p; ¢())) . o | |
pER? (z,y)€D + Initialize prompt embeddings with pretrained embeddings
corresponding to the task (e.g., “summarize”)

+ At inference time,

+ Embeddings are very small, and we don’t need to finetune

R any model parameters, so easy to learn
([ From[ﬂ: Sensruvrb?f = 4R

Models are more sensitive to prompt changes for controversial vs. 'g-lowever "ﬁ' “(rtbe SIO\;ver to converge than fully
non-controversial social questions inetuning a model (why?)

Chat (instruction-tuned) models are more sensitive than base . .

models! Full Fine-Tuning £
@ . g * Yet another phase of fine-tuning, except this time we train on input/
(S % 3 : de,{' F"ne— "L‘L(n mg/ output pairs from our target task

- 4 = - + Basic setup: allow all model parameters to be updated
2 7~
L 9% ¢ PEF] JtHP iR

» However, this can be expensive (why?)

AFFroaC h @ s /ﬁ Tmngroﬂngr‘ q’% + Instead, to speed up convergence, we can “freeze” a subset of

parameters (“parameter-efficient fine-tuning”, PEFT)
4 ) p) . . . ’ . .
— P ll 2 ZJ at + Keep their values fixed during fine-tuning (though allowing
éb y\ M L/-—{ 3'2—_—_. backpropagation through them)
- I + Which parameters to freeze? Some work proposes to just learn a
% % ’lllll ’Z! i %\ ﬁé{ /‘;,2 ° second network from scratch whose parameters represent a “diff” of
,/ ° the original network, regularized to have values of mostly 0
(DiffPruning, Guo et al. 2021)




+ Modify the network directly by injecting

+ Initialize the adapter as an identity

+ But adding layers makes the model

Adapters

additional parameters into transformer
cells

function

+ Let’s say we want to fine-tune some weight matrix W €

Rdxk

+ We can express the new value adV’ = W + AW
+ In DiffPruning: we’d just learn AT/ directly

+ Can we learn even fewer parameters?

At the beginning of

AW = BA . . C o
+ Finetune only the adapter parameters, d finetuning, initialize:
keeping everything else frozen B € R**" B=0
; 2
« Pretty fast to train (especially compared Multi-Head AcR<k A~ N(O, o )

to full fine-tuning) Attention

larger, and inference slower

AyProach @: LoRA:
% - A% R - Model compyession

+ Main problem: model is too big!

Low-rank: r < min(d, k)

(so that AW behaves as
identity function)
AW = BA
B eR™”
Ae Rrxk

Low-rank: 7 < min(d, k)

- Significantly fewer parameters to fine-tune than full fine-

tuning or adapters

+ But still roughly approximates full fine-tuning, as long as r

+ Inference takes too long

+ Model doesn’t fit on the device (e.g., VRAM on GPU; .
CPU on a mobile device)

+ Can we take a big model and make it smaller?

A[?proach 0K F/omz’r? ( ﬁi{ﬁ F/OFS)

+ Not all model parameters are necessary to keep for some
target task

+ We could identify the important parameters using a

binary mask: i
. y be{0,1} Pr i

* Which parameters to keep? 8

- Lottery ticket hypothesis: dense, randomly-initialized
models contain subnetworks that, when trained in
isolation, reach test accuracy comparable to the original
network in a similar number of iterations

» Remove lowest-magnitude weights (set values to 0)

» Re-train network (freezing removed weights)

« lterate between pruning and re-training

{\ Initial {\ Re-training

T S 4

Pruning
One-shot pruning

{\ Re-training

Iterative pruning

Approach @ Quantization '
(ﬁ;ffa dato- float tyre 7 Y

is the “intrinsic rank” of the original weight matrix

No additional inference latency because we can
precompute 1/ = W + BA
In practice: adapt attention weights
AW = BA
Be Rdxr
Ae Rk

«+ Significantly fewer parameters to fine-tune than full fine-
tuning or adapters

Low-rank: © < min(d, k)

+ But still roughly approximates full fine-tuning, as long as r
is the “intrinsic rank” of the original weight matrix

+ No additional inference latency because we can
precompute |/ = W + BA

* In practice: adapt attention weights

Quantization

(

+ Main principle: use lower-precision representations of
network parameters during inference

+ Reduces the space required to store the model during
inference

float32 (single-precision) —> 260 GB

%X + If your model has 65B parameters...
O

float16 (half-precision) —> 130 GB

+ Usually doesn’t influence performance significantly!
1-byte precision —> 65 GB

1-bit precision —> 8.1 GB

AG m type)

48,75 A3 feqcomm ce  degradation

X Fﬂquarﬁc@ed 4
e

jnferen o [oss.
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1.

OBEXEREFMNEHEAR, BERERASHFHRMFER,

2.

+ Why might training quantization at inference time cause
degraded performance?

+ Activations at input to each layer will be increasingly out-
of-distribution!

* Instead: train model to expect quantized inputs at each
layer
+ Forward pass: quantize

+ Backward pass: don’t quantize

Alypraach@ Distillation gﬁﬁ

J2% l?ig models data pair SFT. .

’@’j@/g‘ | output distributin
4 5 48

Lecx2 ken Dia]gﬁue,
idns)

¥ 5 R R E (Overview & Applic

FTERASE:

o WREK:EMIE&. XX EEA (Social Chatbots, 4 Alexa Prize),
#%& B, MOOCs itHieHHE.

BEST MERAEA YT . RIBE/RAEFERY. BREF,

ERRS ESER. MITREGTE. &K ).

MNBASE. PEHENSBA,

o o0 o o

R %452 (Types of Systems)

XRZALHAE I ROLA X, RiIFEFTLTRE:

3.

%55 ME (Task-Oriented Systems) '

o BNR:-AFPMRSFALRMN. BHEMER.
o BIFATHE.ITEFT., EWAK,

o HAUMEMRE EERMES.
#RZEHIEA (Social Chatbots) 2

o BiR:EESEMARREMEERD) .

o HIF MEINIK, Replika,

o BRIIESHE. BROEEMX ENHSE,
o X HGEESEHIVENRERSRETRN,

AEXMNEMEMETL (Human Conversation Theory)

EUNBPUIE, FAEERARMARR.

HEH R (Turn-taking) *

o XEH“RR"ARK. AFEBEILFEN (Adjacency Pairs) 4 R FE #FSHE (40 2HE-@
&, [A{E- )4, K- o

o MM RFRMERIM A e E E %5 (Endpoint detection) o
E1517 (Speech Acts) °

o HILBE HEREMI T (Austin & Searle).
o k.
1. S (Assertives): R EX (B, KE),
2. 5% (Directives): itITHME (@F. EXK).
3. &I (Commissives): &R EATE (B, THH]).
4. &K (Expressives): &RADERS (B, EHK),
5. B4 (Declarations): st KA (FHER. RE) .
it / #£IRK AL (Grounding) ©

o XNERNAEILFER (Common Ground) HIEKITH.

o WEEFEMANECEMZESSL, 5. "BEERA) .

o RERUERR: RELAAAFHAXRER (478, HERMTEBHRENE.."), X
R SR RSN,

&I AN (Grice’s Maxims) 7

Distillation

Main idea: just train a new network (possibly from

scratch) on task-specific data sampled from a much larger
model

No need for access to larger model’s weights or output
probabilities, just its outputs

You can get a much smaller network that you have full
control over and access to!

Why not just train on “naturally-available” task-specific
data?

4. RE RS2 (Conceptual Architecture)
P R (Pipeline) 464, BB EAEBMR .

1. ASR (BZhiEZRE):EF $\rightarrow$ XA,

2. NLU (BRIESE#E): UK $\rightarrow$ & L EB/HEHL,
3. DM (MiFEE): 25 ME R, £ RS, 5FIHAPIRE,
4. NLG (BREBEERK) ENLER $\rightarrow$ B & XK,
5. TTS (XAHEE): XK $\rightarrow$ EE .

5. XMiEEEE5 T 5 (Dialog Management & Initiative)
AR HIT E TR 7 °

o RKES (System Initiative): REIRE, AFAEE.
o {Ls:fE#, ASR/INLU BHALE (FNER/N) .
o WA:FABER AFZRURER).
o AP XS (User Initiative): AP XSS,
o fIF EEEER ("EREARCHER).
o ERA:RARMELE F R VEBRKER.
o E&ES (Mixed Initiative) °

o RERE ELAENE WNAHASS.
o FPAR BEHEETFIEZR (Frame-based),

HTHEEMZAL (Frame-based Agents) ©

e GUS %45 (1977): MARIBZELF (Siri, Alexa) B 248,
o HILEH:
o #EZE (Frame): — a8 £ MEfL (Slots) AU%RIE L4 (40 & K, B a9t B4EH ) ,
o W RAENREEFEEL —BEANRTRIEEENR,
o REM MBAF—RFEHSMERCHERXERLTW ). RALKFEHEA K&
Byt B AL, SRS ERREE.

6. BB S AR (NLV) 42

NLU AESENEPERM=F "

1. 44 2 (Domain Classification): PR EPI 4 ? (RS2 ITE?HH#? )

2. EEME (Intent Determination): A R 4 2 (EHEIE vs. BUEMID .

3. #EfIE I (Slot Filling) : IR EXE A5 % ("San Francisco" $\rightarrow$ Destination) ,
o HARSEH /A 10B #55% (Inside-Outside-Beginning) 2%,

o fIF:1(0) want(O) to(O) fly(O) to(O) Boston(B-City) tomorrow(B-Date).
7. 8RB IHEIE E N TIES! (State-of-the-Art)

TR & EAER IF 75 M35 B IR A RUR
e 2T (Full-Duplex) *:

o MR ERNT"(RAEF—AYE), EXNIAVEEEMNITHE, X5 A0ITE
(Interruption)
e Moshi (Audio LLM) 4141414

o —MTBESHMELSTIMESHE,
o R
m  Helium: AT XAAE SEAZR LLM,

_ o JEp— = Mimi: X MEFMRMBIBIE (Codec), LEFFHHE.

o ; Egualrjttlt)y)_:gfi j_;i;i;" © o Sesame ™S UIg15E AT PyAnnote #4T Bi2{t (Diarization) AR & @ & A EE#
o uality): & ™ e 1R o

o %% (Relation): HEHE %, o #TF Moshi #J Mimi Codec I8 KAXAFE Transformer”,

o Fzt (Manner): EMiEE Y. o HEHRIFXANEE Token XAK—iE, LRBEERBETHENUXAFLFERE

B

8. FAZE Hk A (Research Challenges)

o L TFXRER (Context tracking).
e HIEEZ (Data scarcity)o
o IFEEME ELITEEAX-HHSEXNE).



Lec)«‘[’ \/.‘sion I_.Ql/lj(mﬁe.\ Hb(/() text OVlCI Ul&()/l can ge—t comteoted'Z
c:onE}VSJC all  withowt doubt, we peed bo extract the vision TQM =

lutional’Neural Networks

(CNN) Am "[r ad l 't(:Oﬂa l o”e : Vision Transformer (ViT)

Transformer Encoder

Patches

1
I
I
, . MLP
Low-level features Mid-level features High-level features 1
I
CNN |
) 7 ' ’ Transformer Encoder ’ !
¥y |
Mo'e advanced: |
m " batch + Positi 1 -
v e T @5 @5 o @f) | [
. L1409 1x1x 1000 — * Extra learnable - — 1
] [class] embedding [ Linear Projection of Flattened Patches ] |
Tx7x512
Vi | = a=a= [TI T T T 1T |
S wER-  -SNEHERESE
(9 convolution+ReLU s
@ max pooling ey 1 Embedded
1

) fully connected+ReLU

224x224 %64

Sometasks involving both text cmo/ /Maﬁe--*

Image-Text Entailnént |\

0 @ Visual Question Answerinf

e Inputs:
e Inputs: . .
. ) ity e visual observation
o visual observation The left image contains twice the number of dogs as the
right image, and at least two dogs in total are standing.
o natural language e natural language
statement

question

e Qutput: true or false

Who is this mail for?
(binary classification) ? o is this mail fo

e Output: natural Is this a vegetarian pizza

language response
Jmage- Captioning HEE L i 115, Ervb T
:{}/MW&!MOMI '%g( e Counting

ultimodality: model n€eds to be able to jointly process ® Composmonahty
data in different modalities Vision-Language Models . .
(VLMs) e Spatial relations

e Input: visual observation
+ context of caption’s
purpose?

e Output: natural language

statement e Text / language (discrete, small, information-dense)
e Negation
e Visual observations (~continuous, much more data, but
_ . If-redundant i3
o Text alone: P(T) Main problem: how to learn the more self-redundant) e Quantifiers
relationship between these two
* Bag-of-words embedding spaces! * Other structured data? e Comparisons

————— Contrastive Language-Image
. d o Pretraining (CLIP) . .
e Transformer Mlﬁbb(mo L-ué/ ¢ Goal: find image embedding function ¢(I) and text o Perspectlve-taklng
RNN <__.' — 3 embedding function #(T) such that:
L]
Cm“e'ye t’OfMM‘th e For an image I with caption Z, the similarity between
(;5(]) their embeddings is high
e Images alone: N\
9 &, 6001’ > e For any other image-caption pairs that are not attested,
e Convolutional neural networks . the similarity between their embeddings is low

e Vision transformers

e Bag-of-embeddings

e This results in “aligned” embedding functions: ideally, the

embeddings of the image and caption for a known pair
should be interchangeable
Peppgr the Text
aussie pup Encoder l l 0 J@( ‘6 . . L
e e Ore movel for ths : Cattrastive Longuage

LTy | T, | T3 Iy Ty

B = o AR/ e #EEE
/jﬁ%fl%dwtafaéh

o le—
S le—

In | |INT | INTy [INTs | . |INTN




ResNet or Vision Transformer Task: classification
CBOW or Text Transformer —
minibatch of aligned images a

# image_encoder -
# T[n, 1] - minibatch of aligned texts

# text_encoder

# W_i[d_i, d_e] learned proj of image to embed
# W_t[d_t, d_e] - learned proj of text to embed A photo of
| T |1 - | In||# T learned temperature parameter a (.
# extract feature representations of each modality
> I LT LT LT3 LTx | [I_f = image_encoder(I) #[n, d_i]
| T_f = text_encoder(T) #[n, d_t] é od
oint multimodal embedding [n, d_e]

#3
> LT T | BT LTy .{_,: 12_normalize(np.dot(I_f, W_i), axis=1)

12_normalize(np.dot(T_f, W_t), axis=1) T T, Ty Ty

: : : : # scaled pairwise cosine similarities [n, n] 7 -
logits = np.dot(I_e, T_e.T) * np.exp(t) aS xam Image . . E
> Iy | T | INTy | Ty Enoo%er h W T [T e LT

# symmetric loss function
labels = np.arange(n)

loss_i = cross_entropy_loss(logits, labels, axis=8) A photo of
loss_t = cross_entropy_loss(logits, labels, axis=1)
loss = (loss_i + loss_t)/2 -

Task: retrieval

Task: image

captioning evaluation EVQVI COS“ne Slmtlalb' Pepper the

Pepper the T aussie pup jlex!

aussie pup Enaaar Encoder
between LT can
el f o
How »CLIPScore works be u6 ‘Idv ! L LTy
E'nm;:‘,%z, ‘ Encoder L | (BT

CANDIDATE \‘ QC”P cos.
Two dogs run towards each ( o .
e ”“”” Fsm > m Iy || INTy

e Only representation learning — no parameters learned for an'/
S

ion and Language Transformer .
prediction tasks Limitations of CLIP (ViLT) Other arC{/l['ééCtU/ 9/ m @'thod
. R.ep{esinttatick)ns c;nly.kiipd.arour&d information useful for the Goal: fuse representatlons from text and ]mage
similarity task, and mi iscard: .
Y g to learn to perform language grounding tasks

e Language data: word ordering .
o Image data: fine-grained details not mentioned in the text Image Text Matching W= ETTT G ARVt @ | Lj

e Training data: images on the web paired with alt text

Transformer Encoder
Modal-lype embedding

(Llava)@ L avau
e 0.0 8 dﬁmdﬁﬁdﬂﬁﬁmddo -

Language Model f 3 ‘Word Embedding Lmear Projection of Flattened Patches

060 666 | T | “‘“‘“
Projection W Z. %H a stone statue near an [MASK] & ad ‘ l

Vision Encoder

Visual Instruction Tuning /? £ @@ SR ——

X, Image Xq Language Instruction

Synthetic instruction-tuning data: La s{j‘)] d /M 0da (af\

e Multi-turn conversations with “user” asking “assistant” questions
about the image

e Question asking for a detailed description + detailed description / l PFroaCh :

as response

How many muffins can each kid have for it to be fair?

Generated Code

def execute_command(image):
image_patch = ImagePatch(image)
muffin_patches = image_patch.find("muffin")
kid_patches = image_patch.find("kid")
return str(len(muffin_patches) // len(kid_patches))

. v
Execution TaaTpatahes) =
image_patch. find("kid")

e Questions requiring in-depth reasoning + response and reasoning E L ———>
xamp L€

o [VLMs still struggle with some grounding tasks:

ftask b, ZRMBAIESIR

« Comparisons and superlatives

muffin_patches =
image_patch. £ind("muf£in") 2

!
Iy A|

» Len(muffin_patches)=8
» Len(kid_patches)=2

»8//2 =4

R -
; é ' ‘/; I é « But there are structured representations we can use that b
/\7 (%4 J I might give us more precise answers..

« Language models are good at generating code
4 ﬁ /@ And we have pretty robust classical CV models, e.g. for
/i L, ~ object detection
.

¢ Now we have models that can do a lot of the vision-
language tasks pretty well

Lec )_Lf @gﬂ-{: Peason o Image-text entailment Pragmat]CS

e Visual question answering

/MOdel /7‘ {X ET@ ,/é:#éj( y @/’tg ’% « Image captioning

e Referring expression resolution

‘% [;ﬂ ( Fmg"”la'él C‘S); e But recall: language is used in the context of other
=) W@'E‘%}LiTX ?{\iéﬁ ﬁC language users!

A




5.

1. $FRE X (Denotational Semantics) Hefil /2 : 1AHE L& . XRECMAIEA - ERE LT —MiEE (utterance, )

L]
Rat] O n a l S eeC h ACtS H—ANFERRA R (referent, r) ZFAJEFH ERBGICAL . AR [2], &— TS RE. MSEEr G HIDBRAT S,
“lﬁﬁ‘ﬂiiﬁ?ﬁﬁl (O 5 B0 (fB) » REEA: X—PRMUT EFCMEWRE . i, “XR— PR X aE,

o Start with denotational semantics that assigns a score to each

utterance-referent pair, independent of context

Literal listener uses denotational semantics to map each utterance
to the probability of all referents
[]

Listener
PLiteral (T | $) =
Zr/ €ER [[CE']] r!
Pragmatic speaker re-normalizes probabilities over utterances given
the literal listener’s interpretations

Listener
Speaker ) (l’ | 7‘) _ Literall (T | $)
Pragmatic Zx’eX pﬂizigier (,r, | .73/)

Pragmatic listener takes into account alternative utterances that the
speaker could have used to refer to a referent, but didn’t

Speaker
Listener _ pPragmatic (m | 7")
pPragmatic(r | 'T) - Speaker ,
ZT‘/ER pPragmatic (ZC | r )

1. 2. 2 EHE1F (Agents) ?
WUEEENLTEREAKSASE NP ESHEE:

TE W B HER 2 — T EEB RT3 (Actions) 3 &0 L ATAL B S R KA (State) BISEIA,
o X EEMAKE+HEEES (MAGHER) FRERFES BRELTIXERHIN, it
FRRBEEDBHETXPRTRE,

2. BISIELE Ry MMM B /R AT R R S 52 (POMDP)

YA POMDP R RL BREFITH . BE—M"BFEFREWHTF £3HRET
POMDP MJ#ZIL &

o B#F (Goal): | FIRH.

e WMZE (Observation): EE|— M E T FHERAEEIE,
o (% (Belief): FRAFHE R B 7.
.
L]

&{L1T73 (Optimal Action): £iFER AN BEIRHERWFIRERAH .
HihER RS (States). B EH (Transition function). X EIE %% (Reward function),

BIFARA:

Yt X513 T JLA R POMDP 2R 89SKRR 5% :
1. 8RB (Grounded Instruction Following) : 2 CerealBar.

2. ## I 32 (Software Engineering): 1 SWE-Bench, % R 2R 5Bt i GitHub issue,
3. i&&i%%| (Device Control): 10 WebArena, ZEM R EHITES (FIMERITERK)

RIAH#EIEE (Reasoning Models)

W BIREI T G AFHEEMEE.

6.

STaR (Self-Taught Reasoner) :

o GENLENILR: AR CoT MER > HREREE > HEREEMNAERERERH
#9 CoT (Rationalization) -> i 5,,

DeepSeek-R1 (2025F ##8% T1F):

o FEIGRPEN  (ERIMERIEER <A, CoT, 5> > RFEMULT LR -> bR
BRLIRKIERED.

o EMAZRBANLXROHETH . BERIE. FERRE. B (Backtracking) %,

BEEEEREAR

WURGERH T —EFRIEEA:

MERA B IISR (FELREE I ERE o1 RO IEKHIE) 2
FRIHERBEN L EHTRBEA?

KR4 (Long CoT) M EL S IR A2 44 B SR A o AR REHE AN 0] 2
0] I FA #E BB 6 49 11 5 % IR (Inference-time compute) ?

BRG], SMERE, AEFWERELENT - 2. FEVFEH (Literal Listener, Lo) $— 540 HAUiFHEBNE
SENE X XS AMBRER « R IS o At Se TR IE I SORBIREE, Rt R 2R . AUk

B

)= ersnlll‘]]r’

fRE: MUTEIEE N, VTGS e RN S R o X MR T o Wr BEAEBRLL e X PTH AT HER S
EAEZ A (H—1b) - $l7F: Wik B — R —ADLLE, DRy, S RVTEE 2N R R s R
HEH A H9503. B UG & (Pragmatic Speaker, S;) %5 2R AU RE BN BIEE S X XA UG E RGO
" (Theory of Mind) . fZEVEIEHTSBHUNTIRH (WAl LML) 2EAL, HEFRAELIHESE A HIEE. &
S

List
B Li‘&frc;:'lcr (r]

Listener (. | .
Pliteral (7 | 7)

Lorex PRI |2)

R MULIEA AR BIRAN G I, AR E e AOBER o Mk BEIRMAEIL Ly R XL (PListoner) SR )3 .
T BREWAYE —AER, DT . SUEEEREE . WRREAK, L, 2EFMMPEERR (50/50) .
WL, Lo HREEIER (100BHtt, EMBIEHE 2R, FEACEREEKN (Informative) , AETHBREIL - 4.
HHYTi%# (Pragmatic Listener, Ly) WURMEM: REVTH FAN LRI S S X REBUSE R AU il 2 - AN Ur i

Speaker |\ _
Ppragmatic(® | 7) =

TAHESD, SBHEM LS A 208X MATASEMA GEiEfERLS, 7)) - AU
) pSpeaker
Plistener (v | @) = ¢
Yorer Poragmatic(® 1 77)

R o DU md e . ITEZ Ve, [OEMESRERr OB . BoliBRE: “IAIR DR SR, BEH M%
SRR AN FRGAART, MR, FrLURERAR - 7 X RA TR (Implicature) **IHLH] . B45X
ARUF SGEIT ECE AR T URNESE: Lo (Literal Listener): FEFEf#E . S; (Pragmatic Speaker): 9 T ikLy Wi,
W E B RBARIA . L, (Pragmatic Listener): i%tiGERHMER(S)), NS HESHE X

3. BRI SRR AE

TEHE:

WMAREZEZEESEN, MNSERELLZE,

TENRBHARTHE,

iR {&1E (Error Propagation): iR EP, —SHEARSLE SHIEATLANER
e,

BARAE . TEMFEM (Tools)

o FEUERMAAS MBELITER@ERED (RS, 78, HHIR),

o T EaLUBHAMEE(NITEE) . FELZESHMBnER T EHERTE,
H T2 RHEREM (Prompt-Based Agents) @33 1& it Prompt ik # & 3 178%] (Planning)
MRE EEMRAE.

.
o]
o]

o

4. # 1 (Reasoning)

WSRARR T IR AR R B B R -

o [EH#E (Chain of Thought, CoT):
o UBRBESRHSASEMNEAPAEESR.,
o {E& 180T it E et E (Adaptive computation time), B iNE 2 HREHEEITE, HB
FRITEER,
o BB EFHAHKBESTRIATNRF/ZEBES BERNEEIETETERE(
Explanation B2 SE{ER R R2RIEN) .
o B —HM (Self-Consistency): R L HFHERE, BRHIHRESHNERE, Bl
LR SRR T BE
e Ak vs. WiF (Generation vs. Verification): 8 RN ES A HEE, T ESRITIZEGE
HHMEITHHERBFETM) .
o HBHEIF (Self-Refinement):
o EMRIE £ -> Wik > BIE,
o [RE:EFHAEHESRN EREEZIBECHER (GEBEHMEER), SHEREE

REEEARETRE.



