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What is natural language generation?

* One view:NLP =
natural language understanding (NLU) +

natural language generation (NLG)

* Focused on building systems that
automatically produce coherent and

useful text for human consumption

* lLarge Language Models (the consumer

product) are (mostly)
NLG systems!
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Machine Translation

S-Curves in the History of Machine Translation

Korean English

Mdll = F0| 2oM|L2] X happy new year!

sachae bog manh-i bad-euseyo!

RLHe»baseciNYT

Quality (Accuracy and Fluency)

1940s 1950s 1960s 1970s 1980s 1990s 2000s 2010s
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Dialogue Systems




Summarization

Document Summarization
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Summarization

Document Summarization Email Summarization
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= USCUS H-1B Visa Application Status
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— -— : FRANCISLO, LEGAL, LULY, & YOU SUMMARY © 4 min sevec
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ot Lucy’s H-1B visa petitior has been se ected. The
- 0 Francisco Gallegos next step is for the firm tc file Ferm F129. You
:‘ e — The H-1B cap situation ar  need to provide Lucy’s officiel cffer letter anc
O ———— sy LI R - e e e ol - b o
TN o —— petition has been selectt  record of working hours by May Ist.

Per the USCIS regulaticns, the next step in the prccess is for our
office to file the Form |-129. According to 8 C.F.R. § 27412 (b) (20), if

the H-1B applicant is currently in H-1B status with their accredited
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university, it is possible to get an extension while searching for work
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Summarization

Document Summarization Email Summarization Meeting Summarization

Speaker 1: We'lldo it on 1¥ is fine.
Speaker 4: Okay
Speaker 7. Alex Vasquez will gel the slep orwerd

— - - . . . .
EEEEEEE— Speaker C:  (ood evening, Mayor and city council. I'm gaing to turn it over to
> — Jolene Richardson.

Speaker 1: 5She's ocur nsk manager anc she'll give @ brief overview of this

pa-ticular report. Even the mayd” and council. This s for tre city's
annual renewal, for the excess werkers compensation insurance,
which is impertart for us %o continue to prov ce coverage fer cur
employees. It alsc helos us to reduce our negetive firancial
consecuencas for our high exposures or losses that may resul: from
njuries or deaths due to accidents, fire o~ terrorist attacks and
earthquakes during work hours. This coverage will be obtained
through the city's casualty.

Spcaker C: Broker for a recerd.

Speaker 1: Alliant Insurance Services. This year's palicy for excess workers
rompensation will cantinue tn provide 150 millien and coverage
access of 5 milion sef-insured retention at a premium of

FQOO0 vV

USCUS H-1B Visa Application Status

FRANCISUO, LEGAL, LULY, SUMMARY ® 4 min sevec

Lucy’s H-1B visa petitior has been se'ected. The
@ Francisco Gallegos next step is for the firm tc file Fcrm F129. You

The H-1B cap situation ar - need to provide Lucy’s officiel offer letter and
record of working hours by May Ist.

Illlllllllllll

g

Per the USCIS ragulaticns, the next step in the prccess is for our
office to file the Form |-129. According to 8 C.F.R. § 27412 (b) (20), if

the H-1B applicant is currently in H-1B status with their accredited

5505,134, which represents an increase of approximately 6.6%
from the expiring policy due 1o ircarease in city's payroll. | think if
there's any quastions, we'd ke happy to answer ...

A — " ———— — ——— —— = — — — - — _— = —— — - - — o——— - —— —— —_

university, it is possible to get an extension while searching for work

490 +os s S : Reference Summary: Recommendation to authorize City Manager, or designee, :
' i Lo purchase, through All ant Insurance Services, 2xcess workers' compernsaion
© techcrunch.com ' insurance with Safaty National Casualty Cerporation, “cr a total pramium amount
i not to exceed $505,134, “cr tha period of July 1, 202C through July 1, 2021 !

|
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Hu et al., 2023
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ore interesting NLG uses

Creative Stories

® big bird's birthday celebration
® cookie monster eats
9
®

Story
/ Outline

Plot dynamics

roller skating rink
big birthday cake

00

P! = paragraph i

Outline-conditioned Story Generation

It is Big Bird's birthday, and he goes to the roller
skating rink with his friends.

Back at Sesame Street, Maria and Susan take out the big
birthday cake and leave it on a table.

Cookie Monster sees the cake, but instead of eating it
and spoiling the party, he eats a chair and other things all
over Sesame Street.

Big Bird and the other skaters return to Sesame Street
and are shocked at what Cookie Monster ate, though the
cake is safe.

Gina and Count Von Count presents the cake to
it has 548 candles even though | is 6 years old.

At the end, when Gina announces the sponsors, Cookie
Monster eats them along with his cake.

Rashkin et al., EMNLP 2020



Creative Stories

® big bird's birthday celebration

Outline

® cookie monster eats
e roller skating rink

Story

Plot dynamics

[ o N

P! = paragraph i

Outline-conditioned Story Generation

More interesting NLG uses

Data-to-Text Generation

It is Big Bird's birthday, and he goes to the roller
skating rink with his friends.
Back at Sesame Street, Maria and Susan take out the big
birthday cake and leave it on a table.
Cookie Monster sees the cake, but instead of eating it
and spoiling the party, he eats a chair and other things all
over Sesame Street.

Big Bird and the other skaters return to Sesame Street
and are shocked at what Cookie Monster ate, though the
cake is safe.

Gina and Count Von Count presents the cake to

it has 548 candles even though Big | is 6 years old.

At the end, when Gina announces the sponsors, Cookie
Monster eats them along with his cake.

Rashkin et al., EMNLP 2020
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Creative Stories

® big bird's birthday celebration
® cookie monster eats

e roller skating rink
e big birthday cake

Story
Outline

oooD

Plot dynamics

P! = paragraph i

Outline-conditioned Story Generation

More interesting NLG uses

Data-to-Text Generation Visual Description

It is Big Bird's birthday, and he goes to the rolier
skating rink with his friends.

Back at Sesame Street, Maria and Susan take out the big
birthday cake and leave it on a table.

Cookie Monster sees the cake, but instead of eating it
and spoiling the party, he eats a chair and other things all
over Sesame Street.

Big Bird and the other skaters return to Sesame Street
and are shocked at what Cookie Monster ate, though the
cake is safe.

Gina and Count Von Count presents the cake to Big Bird.
It has 548 candles even though Big Bird is 6 years old.

At the end, when Gina announces the sponsors, Cookie
Monster eats them along with his cake.

Rashkin et al., EMNLP 2020
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Categorization of NLG tasks

Spectrum of open-endedness tor NLG tasks
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Machine

, Summarization
Translation

Source Sentence: Alaf] = 0| HIo M|

Reterence Translations:
1. Happy new year!
2. Wish you a great year ahead!

3. Have a prosperous new year!

The output space is not diverse.
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Categorization of NLG tasks

Spectrum of open-endedness tor NLG tasks
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Machine . Task-driven Chit-Chat
, Summarization , ,
Translation Dialog Dialog

Input: Hey, how are you doing?

Reference Outputs:

1. Good, you?

2. | just heard an exciting news, do you want to hear it?

3. Thanks for asking! Barely surviving my homeworks.

The output space is getting more diverse...
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Categorization of NLG tasks

Spectrum of open-endedness tor NLG tasks
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Machine o Task-driven Chit-Chat Story
, Summarization . . .
Translation Dialog Dialog Generation

Input: Write a story about three little pigs?

Reference Outputs:

... (so may options)...

The output space is extremely diverse.




Categorization of NLG tasks
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, Summarization , , ,
Translation Dialog Dialog Generation
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Categorization of NLG tasks

Less open-ended More open-ended
Machine o Task-driven Chit-Chat Story
, Summarization , , ,
Translation Dialog Dialog Generation

Less open-ended generation: the input mostly determines the correct output generation.

More open-ended generation: the output distribution still has high degree of freedom.

Remark: One way of formalizing categorization is entropy.

Tasks with different characteristics require different decoding and/or training approaches!
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Basics of natural language generation

* |n autoregressive text generation models, at each time step t, our model takes in
a sequence of tokens as input {y}_, and outputs a new token, ,
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Basics of natural language generation

* |n autoregressive text generation models, at each time step t, our model takes in
a sequence of tokens as input {y}_, and outputs a new token, ,

9ﬂ yﬂ i

| |

- X
- Text Generation Model
\\ A A A A 3 Y //

Yt—4 Yt-3 Yt—2 Yt—1 \\jt \34_1




A look at a single step

* |n autoregressive text generation models, at each time step t, our model takes in
a sequence of tokens as input {y}_, and outputs a new token, ,

A\

Vi

A

- Text Generation Model

A A A A

Yi—4 Yt—3 Yi—2 Yi—1
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Basics of natural language generation

e Ateachtime stept, our model computes a vector of scores for each token in our
vocabulary, S e R" :

S =f({y}:0)

f(-;0)is your model

e Then, we compute a probability distribution P over w € V using these scores:

exp(S,,)

P(y,=wl|{y,}) = m
w'eV w’



A look at a single step

e Ateach time stept, our model computes a vector of scores tfor each token in
our vocabulary, S € R". Then, we compute a probability distribution P over

w € V using these scores:

Py, | {y<})

=

S
T

I

Yi—4 Yi-3 Yi—2 Yi—1
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Training and Inference

e Atinference time, our decoding algorithm g defines a function to select a token

from this distribution:

* An "obvious" decoding algorithm is to greedily choose the token with the highest probability at

yt — g(P(yt‘ {Y<t}))

each time step

e Attrain time, we train the model to minimize the negative log-likelihood of the

next token in the given sequence:

Remark:

» The label at each step is y* in the training sequence.

o T
o T

nis token is often called "gold" or "ground-truth" token.

nis algorithm is often called "teacher-forcing”.

2( - ) is your decoding algorithm

L,=—log P(y*|{y*})

e This is just a classitfication task where each w € V as a class.



Maximum Likelihood Training (i.e. teacher-forcing)

e Trained to generate the next word y* given a set of preceding words {y*} _,
L = —log Py |¥5)

P

A

- Text Generation Model




Maximum Likelihood Training (i.e. teacher-forcing)

e Trained to generate the next word y* given a set of preceding words {y*} _,

L=- (IOg P(yF|yy) + log P(y; \y{f,y;k))

A Y5

A A

- Text Generation Model




Maximum Likelihood Training (i.e. teacher-forcing)

e Trained to generate the next word y* given a set of preceding words {y*} _,

L=-— (1ogP(y;*< 1 yy) +1og POy, i) + log P(y3 ‘y§»yf’y§))

oK K k
Y] Vi Y
A A A

- Text Generation Model

Yo y Y3y



Maximum Likelihood Training (i.e. teacher-forcing)

e Trained to generate the next word y* given a set of preceding words {y*} _,

T
L=-— Z log P(y* | {y*} <))
=1

/// . A
- Text Generation Model
AN /

I I

Yo y Y3y Yo Vi Vi




Generation Algorithms
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Decoding: What is it all about?

e Ateach time stept, our model computes a vector of scores for each token in our
vocabulary, S € RY:

S =f({y}:60)

f(-;0)is your model

e Then, we compute a probability distribution P over w € V using these scores:

exp(s,,)
ZW'EV eXp(Sw')

e Qur decoding algorithm defines a function to select a token from this distribution:

Y, = 8Py {y )

g( - ) is your decoding algorithm

P(yt = w| {y<t}) —
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How to find the most likely string?

e Obvious method: Greedy Decoding
* Selects the highest probability token according to P(y,|y.,)

y,=argmax _. P(y,=w]|y.)

e Beam Search

* Also aims to find the string with the highest probability, but with a wider exploration of
candidates.
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e Greedy Decoding
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e Greedy Decoding

* Choose the "currently best" token at each time step
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Greedy Decoding vs. Beam Search

e Greedy Decoding

* Choose the "currently best" token at each time step

yd
0.05
Step 2: ang
The great woman (score: 0.5 + 0.4) runs r——m
0.4 has
dog 0.9
e
woman 0.4
Th t
€ 9req [ 5l&house 53]
guy
0.3
car N e
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0.1 drives
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Greedy Decoding vs. Beam Search

e Beam Search (in this example, beam_width = 2)

* At each step, retain 2 hypotheses with the highest probability

e
. 0.05
Step O (Initial): ang

runs
The 0.05-

10.4 has
dog .- 0.9

s v
woman 2:4
The reat
) g 05 house 0.3k
guy
0.3
car ~ P
_ 0.3
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0.1 drives
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0.2
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Greedy Decoding vs. Beam Search

e Beam Search (in this example, beam_width = 2)

* At each step, retain 2 hypotheses with the highest probability

yd
0.05
Step 1 hypotheses: ang
The great (score: 0.5) runs o=
The dog (score: 0.4) Jo.4” has
dog - 0.9
é" ¢
'," woman 24
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Greedy Decoding vs. Beam Search

e Beam Search (in this example, beam_width = 2)

* At each step, retain 2 hypotheses with the highest probability

yd
0.05
Step 2 hypotheses: ang
The dog has (score: 0.4 + 0.9) runs r——m
The great woman (score: 0.5 + 0.4) 0.4 as
dog 0.9
woman, 0.4
Th Rt
° UL (0.5} <POUSe [y 51
guy
0.3
car N e
0.3
IS
0.1 drives

turns

0.2
N
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* Compared to greedy decoding, beam search gives a better approximation of
brute-force search over all sequences



How to find the most likely string?

e Beam Search

* Aform of best-first-search for the most likely string, but with a wider exploration of
candidates.

* Have you seen similar algorithms before?

* Compared to greedy decoding, beam search gives a better approximation of
brute-force search over all sequences

* Asmall overhead in computation due to beam width
Time complexity: O(beam width * vocab size * generation length)

* Naive brute-force search: O(vocab size  generation length), hence intractable!



How to find the most likely string?

e Diverse Beam SearCh (Vijayakumar et al., 2016) ,, Beam Search

wmg e e mea A steam engine train travelling down train tracks.
tar ; A steam engine train travelling down tracks.
. . ) *  Asteam engine train travelling through a forest.
[ B e a m h Ot h e S e S te n d 'tO et S I m I | a r to e a C h . o i A steam engine train travelling through a lush green forest.
y p 9 S e mes A gteam engine train travelling through a lush green countryside
| ' A train on a train track with a sky background.

other, as generation length increases | Dierse Boam Serc

iy e A gteam engine travelling down train tracks.
wupra_boset A gsteam engine train travelling through a forest.
An old steam engine train travelling down train tracks.

o | m p rove d ive rS ity by d iVi d i n g bea m S i nto g rO u pS : :r -..-.u-n """”,w Y An old steam engine train travelling through a forest.

A black train is on the tracks in a wooded area.
A black train is on the tracks in a rural area.

and enforcing difference between them .



How to find the most likely string?

e Diverse Beam Search (Vijayakumar et al., 2016) ,, Beam Search

wmg e e mea A steam engine train travelling down train tracks.
wrar ; A steam engine train travelling down tracks.
. . ain ::: . A steam engine train travelling through a forest.
o B h h d | h . e A steam engine train travelling through a lush green forest.
e a m y p Ot e S e S te n tO 9 et S I m I a r tO e a C aoan S0 B e o mea A steam engine train travelling through a lush green countryside

A train on a train track with a sky background.

other, as generation length increases | Dverse Beam Searc

iy e A gteam engine travelling down train tracks.
treuga o foset A steam engine train travelling through a forest.
An old steam engine train travelling down train tracks.

* Improve diversity by dividing beams into groups ISRl e o soem togine i mueling g oret

A black train is on the tracks in a wooded area.
A black train is on the tracks in a rural area.

and enforcing difference between them S S

e Lexically-Constrained Beam Search Concept-Set  food | table | sit | front

Constraints
(Anderson et al.,, 2016, Lu et al., 2021) (food V foods) A (table V tables) A

. . (sit V sits V sat V sitting) A (front V fronts)
* Enforce hard constraints during beam search Scenario

The man sat with his food at the front of the table
The food is in front of you sit at the table.
a table of food sits in front of three people

input

output

to include (exclude) a given set of keywords



How to find the most likely string?

®
o . Beam Search
D Ive rse Bea m Sea rCh (Vljaya kumar et a/" 20 7 6) " wmg e e mea A steam engine train travelling down train tracks.
trar , A steam engine train travelling down tracks.
. . A A steam ang!ne tra!n travell!n through a forest.
* Beam hypotheses tend to get similar to each a5 Lk team ongine e ravellng through a Leh reen countysid

A train on a train track with a sky background.

other, as generation length increases | Dverse Beam Searc

iy e A gteam engine travelling down train tracks.
treupy A foeset A steam engine train travelling through a forest.
. . . . . . b o An old steam engine train travelling down train tracks.
® | m p rove d IVers |ty by d AVA d 18 9 bea ms | ﬂto g rou pS T eogn An old steam engine train travelling through a forest.
e dar A black train is on the tracks in a wooded area.
) ek e A black train is on the tracks in a rural area.

and enforcing difference between them o
e Lexically-Constrained Beam Search JJ Concent-Set food | table | sit | front
-8 Constraints
(Anderson et al.,, 2016, Lu et al., 2021) ,E‘ (food V foods) A (table V tables) A

. , (sit V sits V sat V sitting) A (front V fronts)
* Enforce hard constraints during beam search Scenario

The man sat with his food at the front of the table
The food is in front of you sit at the table.
a table of food sits in front of three people

output

to include (exclude) a given set of keywords

Note: Overall, greedy / beam search is widely used for low-entropy tasks like MT and summarization.

But, are greedy sequences always the best solution? (&)



Most likely sequences are repetitive

Context:

Continuation:

In a shocking finding, scientist discovered a herd of unicorns
iving in a remote, previously unexplored valley, in the
Andes Mountains. Even more surprising to the researchers
was the fact that the unicorns spoke perfect English.

The study, published in the Proceedings of the National
Academy of Sciences of the United States of America (PNAS),
was conducted by researchers from the Universidad
Nacional Autonoma de México (UNAM) and the
Universidad Nacional Autonoma de México (UNAM/
Universidad Nacional Auténoma de México/

Universidad Nacional Auténoma de México/

Universidad Nacional Auténoma de México/

Universidad Nacional Auténoma de México...
(Holtzman et al. ICLR 2020)



Most likely sequences are repetitive

Negaztive Loglikelihood

_L_s_a_;-a_a_a_n_s_ABN
QO = NW OO NP b

S = NWsH& OO ~N®

| don't know.
-
& L 2 pu
. 4
d .
N
:co nt Z2-Know 3
Timestap

-@- openzi -@- Istm

(Holtzman et al. ICLR 2020)



Most likely sequences are repetitive

| don't know. | don't know. | den't know. | don't know. | don't know. | don't know. | don't know.
21
1o "g e
-9
19 7.;
18 88
17 5.4
16 6.2
15 28
” 3 33 &
213 2 43
5 - i *
E, 11 gn . @
= 10 - 3.3
g 6 5 3
- 7 = 58 '."QJ
6 §:§
0 ° }'6
4 :
3 ¢ - ® ]-g o :': | ‘
0.
2 ®
. 38 o .
:) o ¢ 0.2 @ " - 1 t
0:do 1Nt 2*KNOW 3 0:00:@KN0@:. 4:15:dB:TKNOE:. 9:10:dIZKNOS:.1415:00ITKNONG:.. 1920123 KN@AS: 2425 AT KN@S:.
Timestep Timestep
-@- openzi -@- Istm -&- odenai @~ Istm

Probability of "l don't know" increases with each repetition, creating a positive
feedback loop.

(Holtzman et al. ICLR 2020)



@ Mcdel: Code Interpreter

And it keeps going... —

@ Sure, | can help you with that. However, | need to clarfy which programming language you

want mea te use. Forexamp e, & simple "Helle, World!" crogram can Icok cifferent depending

on the language:

I'm tired. I'm tired. I'm tired. I'm tired. I'm tired. I'm tired. I'm tired. I'm tired. I'm tired. I'm tired. I'm tired * In Python, itwould b “print("Hello. Werld!™) .
* In JavaScript, twould be "censole.log("Helle, World!") .
*InC, itwould ba “printf("Helln, World!"); ', andsaon.

° Could you spacify which programming language you want to usa?

use code Interpreter

@ Sure, in this 2nvironment. | can run Python code. Here's how vou can print *Hello, World
Python:

p','f.hor‘l

Let's executeit.

Sure, let's run the Fython code o pr ello, World!".

OB 00— NB XN N OO LONIE CN00 S B NCOU) 5 OO e~ 55 Ch00 00

Sure, let's run the Fython code To pr ello, World!".

sure, let's run the Fython code To pr ello, World!".

fJ!'””“!;ﬂt}}hkk‘kpﬁLLLLLL

-&- openal -@- Istm

Sure, let's run the Fython code to print "Hella, Word!".

Negative Loglikelihood
OO00 =deit NN WG BBBE IO OOXDN NS

Sure, let's run the Fython code to print "Hella, Wordd!".
Sure, let's run the Fython code to print "Hella, Word!".
Sure, let's run the Fython codato print "Halla, Word!".

Sure, lat's run the Fython coda to print "Halla, Waord!".

Scale doesn't solve this problem - even GPT-4 can fall
i ntO a r e p etiti O n ‘ O O p . @ :Ap,-mn; as for any canfusion. Lat's run tha Python code ta print "Hello, World!".

Apologias for any canfusion. Lat's runtha Python codea ta print "Hello, World!".

Apologias for any canfusion. Lat's run tha Python cada ta print "Heallo, World!".

https://chat.openai.com/share/4d8eb91f-fe1c-430e-bdd3-cafd434ec3d4



https://chat.openai.com/share/4d8eb91f-fe1c-430e-bdd3-cafd434ec3d4
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Simple option:

* Heuristic: Don't repeat n-grams

More complex:
* Modity training objective:
* Unlikelihood training (\Velleck et al., 2020) penalizes generation ot already-seen tokens

* Coverage loss (See et al.,, 2017/) prevents attention mechanism from attending to the same
words



How to reduce repetition?

Simple option:

* Heuristic: Don't repeat n-grams

More complex:
* Modity training objective:
* Unlikelihood training (\Velleck et al., 2020) penalizes generation ot already-seen tokens

* Coverage loss (See et al.,, 2017/) prevents attention mechanism from attending to the same
words

* Modity decoding objective:
e Contrastive decoding (Li et al., 2022) searches for sequence x that maximizes

lOg P large LM(X) o lOg P small LM(X)



Are greedy methods reasonable for open-ended
generation?

l

LI

Timestep

Probability
O O O
~ ) oo

O
N

Beam Search

Greedy methods fail to capture the variance of human text distribution.

(Holtzman et al. ICLR 2020)
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Time to get random: Sampling

* Sample a token from the token distribution at each step!

y,~ Py, =wl{yl)



Time to get random: Sampling

* Sample a token from the token distribution at each step!

y,~ Py, =wl{yl)

* [t's inherently random so you can sample any token.

He wanted
to go to the

m

restroom
grocery
store
airport
bathroom
beach
doctor
hospital
pub

gym
his



Decoding: Top-k Sampling



Decoding: Top-k Sampling

* Problem: Vanilla sampling makes every token in the vocabulary an option

e Even it most of the probability mass in the distribution is over a limited set of options, the
tail of the distribution could be very long and in aggregate have considerable mass

(statistics speak: we have “"heavy tailed” distributions)
* Many tokens are probably really wrong in the current context.

* Although each of them may be assigned a small probability, in aggregate they still get a
high chance to be selected.
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* Problem: Vanilla sampling makes every token in the vocabulary an option

e Even it most of the probability mass in the distribution is over a limited set of options, the
tail of the distribution could be very long and in aggregate have considerable mass

(statistics speak: we have “"heavy tailed” distributions)
* Many tokens are probably really wrong in the current context.

* Although each of them may be assigned a small probability, in aggregate they still get a
high chance to be selected.

» Solution: Top-k sampling (Fan et al., 2018)

* Only sample from the top k tokens in the probability distribution.
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Decoding: Top-k Sampling

e Solution: Top-k sampling (Fan et al., 2018)

* Only sample from the top k tokens in the probability distribution.
e Common values for k = 10, 20, 50 (but it's up to you!)

restroom
grocery
store
airport

bathroom
He wanted heach
to go to the doctor

hospital
pub

gym
his



Decoding: Top-k Sampling

e Solution: Top-k sampling (Fan et al., 2018)

* Only sample from the top k tokens in the probability distribution.
e Common values for k = 10, 20, 50 (but it's up to you!)

restroom
grocery
store
airport

bathroom
He wanted heach
to go to the doctor

hospital
pub

gym
his

* Increasing k yields more diverse, but risky outputs

* Decreasing k yields more safe but generic outputs



Issues with Top-k Sampling

thought
knew [0
had 0
Sj,"(;’ — For flat distribution,
Shesaid , “ | never e : .
| Y said I Top-k Sampling may cut off too quickly!
wanted [0
told I
liked

got i



Issues with Top-k Sampling

thought
knew I

had ——

" For flat distribution,

said Top-k Sampling may cut oft too quickly!
wanted [

told i

liked [

got =

hot I
warm Il
cooling I —_ :
on & For peaked distribution,
B _ - _ heating |

She said “ | never

| ate the pizza while it was still frelsdh T()p—/( Samp‘lng may also cut off too SIOWIY'
CO

warming
burning
cooking
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Decoding: Top-p (Nucleus) Sampling

* Problem: The token distributions we sample from are dynamic

* When the distribution P, is tlat, small kK removes many viable options.

* When the distribution P, is peaked, large k allows too many options a chance to be
selected.
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* When the distribution P, is tlat, small kK removes many viable options.

* When the distribution P, is peaked, large k allows too many options a chance to be
selected.

e Solution: Top-p sampling (Holtzman et al., 2020)

e Sample from all tokens in the top p cumulative probability mass (i.e., where mass is
concentrated)

e Varies k according to the uniformity ot P,
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Decoding: Top-p (Nucleus) Sampling

e Solution: Top-p sampling (Holtzman et al., 2020)

e Sample from all tokens in the top p cumulative probability mass (i.e., where mass is
concentrated)

e Varies k according to the uniformity of P,

Py =wl iy} POz wlivic) Pl =l {y] <)
. : = = S ;
0=0.2 p=0.12 p=0.8



Beyond Top-k and Top-p

» Typical Sampling (Meister et al., 2022)

+ Re-weights the scores based on the entropy of the distribution.

» Epsilon Sampling (Hewitt et al., 2022)
» Set a threshold to lower-bound valid probabilities.

t(yt = w| {y}q) t(yt = w| {y}q)

0.2 p=0.12

5
|

t(yf = w| {y}q)

0.8



Scaling randomness: Softmax temperature



Scaling randomness: Softmax temperature

» Recall: At time step t, model computes a distribution P, by applying softmax to a vector of
scores § € RV

exp(sS,,)
ZW'EV eXp(Sw’)

P(y,=wl{y,}) =
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» Recall: At time step t, model computes a distribution P, by applying softmax to a vector of
scores § € RV

exp(sS,,)
ZW'EV eXp(Sw’)
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*Here, you can apply temperature hyperparameter 7 to the softmax to rebalance P;:
exp(S,, /1)

Zw,ev exp(S,, /1)

Pt(yt — W‘ {y<t}) —
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» Recall: At time step t, model computes a distribution P, by applying softmax to a vector of
scores § € RV

exp(s,,)
ZW’EV eXp(SW’)

P(y,=wl{y,}) =

*Here, you can apply temperature hyperparameter 7 to the softmax to rebalance P;:
exp(S,, /1)

Zw,ev exp(S,, /1)

* Raise the temperature 7 > 1: P, becomes more uniform

Pt(yt — W‘ {y<t}) —

* More diverse output (probability is spread across vocabulary)

* Lower the temperature 7 < 1: P, becomes more spiky

* ess diverse output (probability concentrated to the top tokens)



Scaling randomness: Softmax temperature

* You can apply temperature hyperparameter 7 to the softmax to rebalance P;:
exp(s,,/7)
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* Raise the temperature 7 > 1: P, becomes more uniform
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* More diverse output (probability is spread across vocabulary)

* Lower the temperature 7 < 1: P, becomes more spiky

* | ess diverse output (probability concentrated to the top tokens)



Scaling randomness: Softmax temperature

* You can apply temperature hyperparameter 7 to the softmax to rebalance P;:
exp(s,,/7)

2 ey €XP(S,,/7)

* Raise the temperature 7 > 1: P, becomes more uniform

P(y,=w|{y,}) =

* More diverse output (probability is spread across vocabulary)

* Lower the temperature 7 < 1: P, becomes more spiky

* | ess diverse output (probability concentrated to the top tokens)

7 =0.5 T =1.0 7 = 10.0




Scaling randomness: Softmax temperature

* You can apply temperature hyperparameter 7 to the softmax to rebalance P;:
exp(s,,/7)

>y €XP(S,/7)

* Raise the temperature 7 > 1: P, becomes more uniform

P(y,=w|{y,}) =

* More diverse output (probability is spread across vocabulary)

* Lower the temperature 7 < 1: P, becomes more spiky

* | ess diverse output (probability concentrated to the top tokens)

NOTE: Temperature is a hyperparameter for decoding algorithm,

not an algorithm itself! It can be applied for both beam search and
sampling methods.
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Toward better generation: Re-ranking

* Problem: What if | already have decoded a bad sequence from my model?

* Decode a bunch of sequences

e« Samplen = 10, 20, 50, ... sequences with the same input given
* Define a score to approximate quality of sequences and re-rank by this score
e Simplest score: (low) perplexity
e Carefull Remember that even the repetitive sequences get low perplexity in general...
e Re-rankers can evaluate a variety of properties:

e Style (Holtzman et al., 2018), Discourse (Gabriel et al., 2021), Factuality (Goyal et al.,
2020), Logical Consistency (Jung et al. 2022), and many more

 Can compose multiple re-rankers together.
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* Problem: Generating with a large LM takes a long time




Speeding-up generation: Speculative Sampling

* Problem: Generating with a large LM takes a long time

* Intuition: Not all tokens are equally hard to generate!

of Washington

Hard to predict:
100B LM Can really make use
of the 100B LM here

Easy to predict:
May be a 1B LM 100B LM
can predict this too

Bruce Lee attended Bruce Lee attended
the University the University of



Speeding-up generation: Speculative Sampling

* Problem: Generating with a large LM takes a long time

* Intuition: Not all tokens are equally hard to generate!

of Washington

Hard to predict:
100B LM Can really make use
of the 100B LM here

Easy to predict:
May be a 1B LM 100B LM
can predict this too

Bruce Lee attended Bruce Lee attended
the University the University of

* Idea: Use a generation from small LM to assist large LM generation

* Same idea independently proposed from DeepMind and Google - see Chen et al., 2023; Leviathan et al., 2023
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Input prefix
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» First, sample a draft of length K(= 5 in this example) trom a small LM M,
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* Then, compute the token distribution at each time step with a large target LM M,

Q( ) ‘X), Q( ) ‘-xayl)a Q( ) ‘xaylayZ)a R Q( ) ‘-xayla °"9y5)
Next token distribution of M, when given x, y;, ¥,
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* Note: This can be computed in a single forward pass ot M, (Why?)



Speeding-up generation: Speculative Sampling

» First, sample a draft of length K(= 5 in this example) trom a small LM M,

yl Np( ) |£)9y2 Np( ) ‘xayl)a "‘,)75 Np( ) |xa)71,)’2,)73,)’4)
Input prefix

* Then, compute the token distribution at each time step with a large target LM M,

Q( ) ‘X), Q( ) ‘-xayl)a Q( ) ‘xaylayZ)a R Q( ) ‘xayla "‘»)’5)
Next token distribution of M, when given x, y;, ¥,

* Note: This can be computed in a single forward pass ot M, (Why?)

* Let's denOtepi =p( ) ‘xayla "'9yi—1) and Qi — Q( ) |x9y19 ”.yi—l)
e.g., ¢, = 4q( - |x,yy), i.e. next token distribution predicted by the target model M,

when given x and y,



Speeding-up generation: Speculative Sampling

* Now, we can compare the probability of each token assigned by draft model M, and target
model M,
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* Now, we can compare the probability of each token assigned by draft model M, and target
model M,

Token )1 Y2 Y3 Y4 Y5
dogs love chasing after cars
Draft model (1B) P; 0.8 0.7 0.9 0.8 0.7

Target model (100B) 4, 0.9 0.8 0.8 0.3 0.8
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* Now, we can compare the probability of each token assigned by draft model M, and target
model M,
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e Starting from y;, decide whether or not to accept the tokens generated by the draft model.
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* Now, we can compare the probability of each token assigned by draft model M;, and target
model M,

Token Y1
dogs love chasing after cars
Draft model (1B) P; 0.8 0.7 0.9 0.8 0.7
Target model (100B) 4, » 0}1.9‘4 0.8 0.8 0.3 0.8

SRR

e Starting from y;, decide whether or not to accept the tokens generated by the draft model.

e Case 1: q; > p;

The target model (100B) likes this token, even more
than the draft model (which generated it).

=> Accept this token!



Speeding-up generation: Speculative Sampling

* Now, we can compare the probability of each token assigned by draft model M;, and target
model M,

Token Y1 Y2 Y3 Y4 Y5
dogs love chasing after cars

Draft model (1B) P; 0.8 0.7 0.9 0.8 0.7
Target model (100B) 4, » 0}1.9‘4 0.8 0.8 0.3 0.8

SRR

e Starting from y;, decide whether or not to accept the tokens generated by the draft model.

e Case 1: q; > p;

The target model (100B) likes this token, even more _
, , Generation after step 1:
than the draft model (which generated it).

=> Accept this token!



Speeding-up generation: Speculative Sampling

* Now, we can compare the probability of each token assigned by draft model M;, and target
model M,

Token Y1
dogs love chasing after cars
Draft model (1B) P; 0.8 0.7 0.9 0.8 0.7
Target model (100B) 4, 0.9 0.8 0.8 0.3 0.8

e Starting from y;, decide whether or not to accept the tokens generated by the draft model.

e Case 1: q; > p;

The target model (100B) likes this token, even more
than the draft model (which generated it).

=> Accept this token!



Speeding-up generation: Speculative Sampling

* Now, we can compare the probability of each token assigned by draft model M;, and target
model M,

Token Y1 Y2 Y3 Y4 Y5
dogs love chasing after cars

Draft model (1B) P; 0.8 0.7 0.9 0.8 0.7
Target model (100B) 4, 0.9 0.8 0.8 0.3 0.8

e Starting from y;, decide whether or not to accept the tokens generated by the draft model.

e Case 1: q; > p;

The target model (100B) likes this token, even more
. . Generation after step 2:
than the draft model (which generated it).

=> Accept this token!



Speeding-up generation: Speculative Sampling

* Now, we can compare the probability of each token assigned by draft model M;, and target
model M,

Token Y1
dogs love chasing after cars
Draft model (1B) P; 0.8 0.7 0.9 0.8 0.7
Target model (100B) 4, 0.9 0.8 0.8 0.3 0.8

e Case 2: q; < p; (accept)
Target model doesn't like this token as much as the
draft model...
qi

=> Accept it with the probability —
Pi



Speeding-up generation: Speculative Sampling

* Now, we can compare the probability of each token assigned by draft model M;, and target
model M,

Token Y1 Y2 Y3 Y4 Y5
dogs love chasing after cars

Draft model (1B) P; 0.8 0.7 0.9 0.8 0.7
Target model (100B) 4, 0.9 0.8 0.8 0.3 0.8

e Case 2: q; < p; (accept)

Target model doesn't like this token as much as the _
Generation after step 3:
dratt model... dogs love chasing

L ! .
=> Accept it with the probability — e ume
Pi

prob=0.8/0.9




Speeding-up generation: Speculative Sampling

* Now, we can compare the probability of each token assigned by draft model M;, and target
model M,

Token )1 Y2 Y3 Y4 Y5
dogs love chasing after cars
Draft model (1B) P; 0.8 0.7 0.9 0.8 0.7

Target model (100B) 4, 0.9 0.8 0.8 0.3 0.8
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* Now, we can compare the probability of each token assigned by draft model M;, and target
model M,

Token Y1 Y2 Y3 Y4 Y5
dogs love chasing after cars

Draft model (1B) P; 0.8 0.7 0.9 0.8 0.7
Target model (100B) 4, 0.9 0.8 0.8 0.3 0.8

e Case 3: q; < p; (reject)
It g; <<< p,, we likely would have rejected it.
In this case, we sample a new token from target model.



Speeding-up generation: Speculative Sampling
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Draft model (1B) P; 0.8 0.7 0.9
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Speeding-up generation: Speculative Sampling

* Now, we can compare the probability of each token assigned by draft model M;, and target
model M,

Token V1

dogs love chasing a

Draft model (1B) P; 0.8 0.7 0.9
Target model (100B) q; 0.9 0.8 0.8
e Case 3: q; < p; (reject) Sample only from this region!

it g; <<< p,, we likely would have rejected it.
In this case, we sample a new token from target model.

* Specitically, we sample from (g; — p)
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e Case 1: g, > p;
Accept this token.
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Accept it with the probability kL

Pi



Speeding-up generation: Speculative Sampling

» But why specifically (¢, — p;)..”
because our goal: to cover target LM distribution g..

e Case 1: g, > p;

Case 3

Accept this token.

Case 2
. Case 1

e Case 2: g; < p; (accept)

Accept it with the probability kL
Pi
e Case 3: g; < p; (reject)
The only remaining case: it token rejected, we sample

a new token.
(¢; — p;)-. is the only region left to cover ¢!



Speeding-up generation: Speculative Sampling

» But why specifically (¢, — p;)..”
because our goal: to cover target LM distribution g..

e Case 1: g, > p;

Accept this token. A
Case2 .
» Case 2: g; < p; (accept) R
— 1eee 4
Accept it with the probability —
. Pi Note: This sampling procedure, though
e Case 3: qd; < P; (reject) sampling from small LM ( p; ), has the same

effect as sampling from target LM ( g, ).
Formal proof in Appendix | of (Chen et al., 2023)

The only remaining case: it token rejected, we sample
a new token.
(¢; — p;)-. is the only region left to cover ¢!
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Speeding-up generation: Speculative Sampling

» Speculative sampling uses idea of rejection sampling.

* To sample from a easy-to-sample distribution p (small LM), in order to approximate
sampling from a more complex distribution g (large LM).

e Using 4B LM as a draft model and 70B LM as a target model,
we get 2~2.5x faster decoding speed with negligible performance difterence!

e Considerations before use

* M, and M, should be pre-trained with the same tokenization scheme!
(e.g., GPT-2 and GPT- 3 would work, but not GPT-3 and LLaMa-7B)

 Hardware config matters: If you have 100 GPUs, running large model can actually be faster
(rather than waiting for a small draft model that only takes up 10 GPU... => GPU utilization bottleneck, see page 5-6 in Chen et al.)




But is the highest-probability output best?

Outputs with low probability tend
to be worse than those with high
probability

But when you're just comparing the
top outputs... it's less clear

Probability
0.3

0.001

Probability
0.3

0.25

Output
The cat sat down.

The cat grew wings.

Output
The cat sat down.

The cat ran away.



But is the highest-probability output best?

6 outputs:

Probability
0.3

0.149

0.2

0.25

0.1

0.001

Output

The cat sat down.

The cat got out of there.

The cat sprinted off.
The cat ran away.
The cat is very small.

The cat grew wings.

The single most probable
output is that the cat sat down...

But 60% of the probability mass
says something meaning “the
cat left"!

The probability of this is spread
over multiple similar
generations



Then what makes an output good?

5 outputs:

Probability
0.3

0.149

0.2

0.25

0.1

0.001

Output

The cat sat down.

The cat got out of there.

The cat sprinted off.
The cat ran away.
The cat is very small.

The cat grew wings.

“The cat sat down” is high
probability but different from
the other generations...

“The cat ran away" is high
probability and similar to other
generations, so it's lower risk

We want an output that is
high probability and low risk



Minimum Bayes Risk (MBR)

Bickel & Doksum, 1977
Goodman, 1996

. / Kumar & Byrne, 2004
argmin, ?R(y )

argminy'é ?Eybc[L(y oY /)]

‘<
|

argmin ey, ), L Y)p( | )
YEY

Minimize risk (i.e., expected loss) of picking the wrong answer, assuming
data are distributed according to p, the distribution of the model.

Q: What if L(y,y") = o(y,y’) ?



Minimum Bayes Risk (MBR)

The sum over ? is usually intractable, so we sample an evidence set Y o
which may include duplicates, and use It as the empirical distribution, and

a smaller, higher-quality hypothesis set Y,. Conventionally, we also switch
from loss to gain (utility).

A\

Y

argminy,E ?R(y )

%

argmin y)

Y,
S &
argmax, .y, Z G(y,y')

VEY,



MBR variants: output ensembling

We have outputs from multiple models... how do we choose the best output?

Post-Ensemble (Kobayshi 2018): compare pairwise embedding similarity
between outputs across models, choose the output with greatest average

similarity

We want an output that is high probability and low risk



MBR variants: self-consistency (Wang et al., 2023)

1. Prompt for an answer using chain of thought

2. Sample multiple outputs
3. Extract the answer from each (ignore the explanations)

4. Return the most frequently generated answer

We want an output that is high probability and low risk
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Decoding: Takeaways

* Decoding is still a challenging problem in NLG - there's a lot more
work to be done!

* Different decoding algorithms can allow us to inject biases that
encourage different properties of coherent natural language
generation

e Some of the most impactful advances in NLG of the last few years have
come from simple but effective moditications to decoding algorithms



