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Broad Spectrum of NLG Tasks
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Language Generation: Inferenibecoding

AAt Inference time, our decoding algorithm defines a function to select a token from this

distribution:
/ Inference / Decoding Algorithm
U

w Q0 W

A The oobvi ous o0 degeeedldychnoge thee lIhighest probabilty nexs tokenaaccordir
to the model at each time step

Q AOCa O
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Greedy Decoding: Issues

A Greedy decoding has no wiggle room for errors!
A Input: the green witch arrived
A Output: llego
A Output: llego la
A Output: llego laverde
A How to fix this?

A Need a lookahead strategy / longeterm planning
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Exhaustive Search Decoding

Aldeally, we want to find a (length T) trar

P(y|z) = P(y1|z) P(y2|y1, =) P(y3|y1,y2,2) - - -, P(yr|y1, - - -, YT—1,T)
T
= [ Pwlvs,- - yi-1,2)
t=1
AWe could try computdwng al | possli bl e sequer

AThis means that on ed@eht sleds highhlf e t haer tdie
whewies vocab size

AThi e complexity is far too expensi ve!
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Beam Search Decoding

A Core idea: On each step of decoder, keep track of the k most probable partial translations (which we
hypotheses)

A K Is the beam size (in practice around 5 to 10, in NMT)
AA hypothesis has a score which is its log probability:

t
score(y1,...,yt) = log PLm(y1,--.,Yt|T) = ZlogPLM(yﬂyl, ey Yi—1,T)
i=1

A Scores are all negative, and higher score Is better
AWe search for higiscoring hypotheses, tracking top k on each step

A Beam search Is not guaranteed to find optimal solution

A But much more efficient than exhaustive search!
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Beam Search Decoding: Example

Beam size = k = 2. Blue numbers = score(yi,...,y:) = Z log Pov(vilyy - -, Yio1, )
i=1

<START>

Calculate prob
dist of next word

8 e credit: Chris Manning
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Beam Search Decoding: Example

Beam size = k = 2. Blue numbers = score(yi,...,y:) = Zlog Pim(vilyl, -3 Yio1,X)
i=1

-0.7 =log P\ (he|<START>)
he

-

<START>

N\

.~'
0.9 = log P (/| <START>)

Take top k words
and compute scores

9 —ieee —.__.z Chris Manning
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USC Viterbi

Beam size = k = 2. Blue numbers = score(y, ..

10

Beam Search Decoding: Example

-0.7

-1.7 =log P ulhit| <START> he) + -0.7

hit

/he

<START>

N

&

struck

-2.9 = |log P\ (struck| <START> he) + -0.7

-1.6 = log P y,(was|<START> [) + -0.9

/

wdas

-0.9

&

got

-1.8 =log P s (got|<START>I) + -0.9

For each of the k hypotheses, find
top k next words and calculate scores

1=1

S Yt) = ZlOgPLM(%\yh ey Yim1,T)

Slide credit: Chris Manning
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Beam Search Decoding: Example

Beam size = k = 2. Blue numbers = score(yi,...,y:) = Zlog Pim(vilyl, -3 Yio1,X)
=1

-1.7
U7 hit
he

/' struck

-2.9

<START>
\ -1.6
was
/
ot
-0.9 g
-1.8

Of these k? hypotheses,

just keep k with highest scores
11 Slide credit: Chris Manning

B e et
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B e a m Search Decoc

Beam size = k = 2. Blue numbers = score(yl, T Zlog Pim(vilyl, -3 Yio1,X)
1=1

-2.8 = log P\ (a| <START> he hit) + -1.7

-1.7 q
N
he <1 me
/ struck 2.5 = log Py,(me|<START> he hit) + -1.7
-2.9
<START> -2.9 = |log P (hit|<START> | was) + -1.6
-1.6 .
hit
\. was <
~Nd
I struck
got
-0.9 -3.8 = log P, \(struck|<START> | was) + -1.6
-1.8

For each of the k hypotheses, find
12 top k next words and calculate scores je credit: Chris Manning

B aane —etemstbnT
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B e a m Search Decoc

Beam size = k = 2. Blue numbers = score(yl, T Zlog Pim(vilyl, -3 Yio1,X)

1=1
-2.8
-1./7
a

0.7 hit é
N

he < me

struck

/ 2.5
2.9

<START> -2.9
0 hit
was a
N
I < struck
0.9 got 3.8
-1.8

Of these k? hypotheses,

just keep k with highest scores
13 Slide credit: Chris Manning
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Beam Search Decoding: Example

Beam size = k = 2. Blue numbers = score(yi,...,y:) = Zlog Pim(vilyl, -3 Yio1,X)
j—1

4.0
tart
-2.8 :
17 - pie
0.7 : d -3.4
hft \\
he <
struck

me 23
/‘ 2.5 with
-2.9

<START> -2.9 on

L6 hit 3.5
was a

Nd
I < struck
got

0.9 -3.8
-1.8

For each of the k hypotheses, find
top k next words and calculate scores

14 Slide credit: Chris Manning

B e et
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Beam Search Decoding: Example

Beam size = k = 2. Blue numbers = score(yi,...,y:) = Zlog Pim(vilyl, -3 Yio1,X)

1=1
-4.0
tart
-2.8 :
17 - pie
0.7 hit < 24
W
he < me 3.3
/- struck Hc with
-2.9
<START> ‘ -2.9 on
e hit -3.5
was <
N
| < struck
0.9 got 3.8
-1.8

Of these k? hypotheses,
just keep k with highest scores
15 Slide credit: Chris Manning

B e et
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Beam Search Decoding: Example

Beam size = k = 2. Blue numbers = score(yi,...,y:) = Zlog Pim(vilyl, -3 Yio1,X)

1=1
4.0 -4.8
tart in
-2.8 : / :
17 pie with
| a
0.7 1 3.4 45
hit \\‘.
he <
struck

me 3.3 3.7
/ 2.5 with a
2.9 \_\
<START> -2.9

on one
\ L0 A hit 3.5 4.3
was
I < N struck
0.9 got 3.8
1.8

For each of the k hypotheses, find
16 top k next words and calculate scores Slide credit: Chris Manning

B e et
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Beam Search Decoding: Example

Beam size = k = 2. Blue numbers = score(yi,...,y:) = Zlog Pim(vilyl, -3 Yio1,X)

=1
4.0 -4.8
tart in
-2.8 : / :
17 pie with
' a
0.7 1 34 45
h.ft \\‘.
he <
struck

me 3.3 -3.7
/ 2.5 with a
-2.9 ‘:
<START> -2.9 on one

\ L6 A hit 3.5 4.3
was
I < N struck
0.9 got 3.8
1.8

Of these k% hypotheses,

17 just keep k with highest scores Slide credit: Chris Manning

B e et
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Beam Search Decoding: Example

Beam size = k = 2. Blue numbers = score(yi,...,y:) = Zlog Pim(vilyl, -3 Yio1,X)

1=1
4.0 -4.8
tart in
-2.8 i
17 pie with 43
. o .
0.7 — 1. 3.4 4.5 pie
hit \
he < me -3.3 -3.7 tart
/ struck 2.5 with a 4.6
-2.9 ;
<START> -2.9 on one -5.0
\ 1.6 A hit 3.5 4.3 pie
was
I < N struck tart
0.9 got 3.8 5.3

-1.8

For each of the k hypotheses, find

top k next words and calculate scores
18 Slide credit: Chris Manning

B e et
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Beam size = k = 2. Blue numbers = Score(yl, .

19

B e a m Sear ch

ZlogPLM(%\yh---

. 1yt
=1
4.0 -4.8
tart in
-2.8 i
17 Z pie with 4.3
. o .
0.7 — 1 3.4 45 pie
hft \\
he < me 3.3 -3.7 tart
/ struck -2.5 with a 4.6
-2.9 ;
<START> -2.9 on one -5.0
was
I < N struck tart
0.9 got 3.8 5.3
-1.8

This is the top-scoring hypothesis!

USC Viterbi
De C 0 (

» Yi—1, m)

Slide credit: Chris Manning
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B e a m Search Decoc

Beam size = k = 2. Blue numbers = score(yl, T Zlog Pim(vilyl, -3 Yio1,X)

1=1
4.0 -4.8

tart in
-2.8 /
17 Z pie with 4.3
0.7 | ! 3.4 4.5 pie
-0 hit < - | |
K me ] i

he 3.3 3.7 tart
/ struck 55 with ; e
-2.9 | | ;
‘ <START> ‘ -2.9 0 5

on

ne 5.0
-1.6 . i
hit -3.5 -4.3 pie
\ was é X
I N

< struck tart
ot
09 g 3.8 5.3
-1.8
20 Backtrack to obtain the full hypothesis Slide credit: Chris Manning

B e et
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Beam Search Decoding: Stopping Criteric

A Greedy Decoding is done until the model produces an </s> token
A For e.g. <s> he hit me with a pie </s>
A In Beam Search Decoding, different hypotheses may produce </s> tokens at different time steps
A When a hypothesis produces </s>, that hypothesis is complete.
A Place it aside and continue exploring other hypotheses via beam search.
A Usually we continue beam search until:
A We reach time step T (where T Is somedafaned cutoff), or
A We have at least n completed hypotheses (where n idgifteed cutoff)

21
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Beam Search Decod]

AWe have our list of completed hypotheses. Now how to select top one?
Each hypothesis B hw on our list has a score

score(yi,...,yt) = log Pom(y1, ..., ylx) = ZlﬂgPLM(yi\yl, ey Yio1,T)

AProbIem with this: longer hypotheses have lower score

AFix: Normalize by length. Use this to select top one instead

| But this is expensive!|

i
1
E ZlﬂgPLM(yilyln IO wyi—la'm)

1=1

2 2
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Issuesvith MaximizatiorBased Decoding

AEither greedy or beam search
ABeam search can be more effective with large beam width, but also more expensive

AAnother key Issue:

Context: |nashocking finding, scientist discovered a herd
of unicorns living 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.

an be Coptinyatipry Thegtugy, pu 'is%edggcé;et”?cefdirgvfg:h;ates y

C National Academy o nces of the Unite

e d d e gener a I e émerica (PNAS), was conducted by researchers from the
Universidad Nacional Autonoma de México (UNAM)
and the Universidad Nacional Auténoma de México
(UNAM/Universidad Nacional Auténoma de México/
Universidad Nacional Auténoma de México/
Universidad Nacional Auténoma de México/
Universidad Nacional Autonoma de México...

Generati on
(al so call

Holtzmann et al., 2020

23  mm— e
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Degenerate Outputs

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.

Negative Loglikelihood

M‘H i R AR R RRR

\
7 1. .‘

CO0O ————t NIUNN WUWW BABE UUUL OO0M NN
ONE 00 =N OON NE OO LNE OO AN AU AN A0~ A0

Holtzmann et al., 2020
ey e————

-&- openai @ Istm

Scale doesn’t solve this problem: even a 175 billion parameter LM still repeats when we

decode for the most likely string.
2 4
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Why does repetition happen?

AProbabiIity amplification due to maximization based decoding

AGeneration fails to match the uncertainty distribution for human written text

1

]
AWl

Perhaps we should not really be maximizing! 40
What else could we do? Timestep

-
oo

Probability
-) -
SR o~

-
N

Beam Search

CEEE——— H UMman HOltzmann et al., 2020
25 ——— ——
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~Y

Sol uti1 on: Donot M a

A Sample a token from the distribution of tokens.
A But this Is not a random sample, it is a sample for the learned model distribution
A Respects the probabilities, without going just for the maximum probabllity option

A Many good options which are not the maximum probability!

He wanted e bathroom
to go to the

2 6
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Modern Generation:
Sampling
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28

ASampI e

Ast il |
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AOften

diuwo

has
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t he
| 1t
S

Pure Sampling

ectl vy

aCCe€SS

mo d e |
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we | |

rd ou imtesl Igre

ANO guar antee of

from
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e He wanted
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I

~y
J
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USC Viterbi

A DY
B. AOY
— bathroom
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TopL Sampling .. oo

i A —

A ProblemPuresampling makes every token in the vocabulary an option
A Even if most of the probability mass in the distribution is over a limite
of options, the tail of the distribution could be very long and in aggre: |
have considerable mass oo P(w‘qu)

A Many tokens are probably really wrong in the current context. Yet, w

. C g : > wevi. . Pw|“The”, “car”) = 0.99
give them individually a tiny chance to be selected. i

A
- N

A But because there are many of them, we still give them as a group &
chance to be selected.

Heavy-tailed

A Solution: Tep sampling distributions

C—d e

AOnIy sample from the top tokens in the probability distribution ves = tams sops down s net e small o
P(w‘ CCThe”, “CELI‘”)

Fan et al., ACL 2018; Holtzman et al., ACL 2018 Image Source: Huggingface

29
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Topuv Sampling: Value aj

ASqut'H‘)osna:mpTIdpng
AOnI y sampl evtforkoenrm st hien ttohpe probabil ity di str

ACommon vakEBBs are

He wanted — bathroom
to go to the

AI ncroeyaiseel ds more diverse, but risky output
ADecréyiseI ds more safe but generic output s

30
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Topuv Sampling: Issues

0,5 1210 sesrsssstssssmssssessssessomsmssssosssspassssassasssunsspesssossssassasassssssssspasasssssss thought —
| knew [
had Il
saw [0
did Il
said Il
wanted [

TopL sampling can cut off too quickly told I

Distribution liked [
got B

0.8
Jod F
warm i
cooling I
on ||
B _ _ _ heating |

She said " | never

TopL sampling can also cut off too slowly! | ate the pizza while it was st Grsh

cold
warming
burning
cooking

Narrow

We can do better than having one-size-fits-all: a Distribution

fixed K for all contexts

R ————————————— Image Source: Holtzmann et al., 2019

31 R — st A
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Modern Decodl ng:

A Problem: The probability distributions we sample from are dynamic
A When the distribution is flatter, a limited) removes many viable options

A When the distribution is peakier, a higlv allows for too many options to have a chance of being selected

A Solution: Nucleus Sampling / Tfm@ampling
A Sample from all tokens in the t6pcumulative probability mass (i.e., where mass Is concentrated)

A Varieso depending on the uniformity of

Holtzman et al., ICLR 2020

32
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Nucleus (Tep) Sampling

A Solution: Tep sampling
A Sample from all tokens in the tﬁpcumulative probablility mass (i.e., where mass Is concentrated)

A Varieso depending on the uniformity of

Ptl(yt =w |[{ ¥}<¢) PtZ(LVt =w [{ ¥}<t) PE(Yt =w [{ ¥}<t)
_=

33 Holtzman et al., ICLR 2020

W _w
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Temperature Scalin - Aow
p g U W U —B N A@B’

ARec al | :  Q@n tthiemersotdeep c o mp Wtheys aap pplryoibn gd itshter
to a vectidmrdf scor es

AWe can apply a tempétrattuhe dhogfptemadartammern eb a

o A OB Tt
VD W U m Temperature is a

hyperparameter for
decoding: It can be

AR ise the temperature> 1: 0 becomes more uniform
tuned for both beam

More diverse output (probabillity Is spread around vocab)

ALRNEF the temperature< 1: 0 becomes more spiky search and sampling.
Less diverse output (probabillity is concentrated on top words)

34
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So what's new in my life?
. n 09/11/18 - Just got back from vacation.
Comparing different =
Just got back from vacation.
= = 09/10/18 - Just got back from vacation. Just got back from vacation.
09/09/18 - Just got back from vacation. Just got back from vacation.
09/08/18 - Just got back from vacation. Just got back from vacation.

Beam Search, b=16

01/05/19 - Visited The Subaru Canada Heritage15th Star for my vehicle research.
That was a wonderful experience. Thanks again for your knowledge and support.
- 05/23/19 - | was thrilled to receive my Subaru Legacy character! It fits me perfectly and
74 makes me feel like a kid again!
Pure Sampling 06/15/19 - Just regained my licence for my different coloured 2016 WRX / STI...

Just got back from vacation.
K 09/07/18 - Happy 9th birthday to me! Happy 9th birthday to me!
- 09/01/18 - Sotwidden also! Sofwidden also!
7) 08/25/18 - Happy birthday to me! Happy birthday to me!
- 08/17/18 - Night shift! noNight shift! 00
Sampling, t=0.9  08/17/18 - Lucky me! Lucky me!

A Generate text to continue a given TT271 dustgotback rom vacation

i I 09/03/18 - After more than 40 years, | might have an apartment in Virginia Beach.
t t i i After more than 40 years, | might have an apartment in Virginia Beach.
contex ] | 08/20/18 - Going for a hike at Mount Eerie in Northeast Virginia Spring
Top-k, k=640 Going for a hike at Mount Eerie in Northeast Virginia Spring
P —— Just got back from vacation.

. [ I 3K 09/08/18 - I've gotten really sick. - I've gotten really sick.
O en_ended eneratlon : K : - 09/07/18 - My wife and | are getting married in February.
p g ] [ - My wife and | are getting married in February.
b 09/06/18 - I'm so excited to go back to college this fall.
0, t=0.7 -I'm so excited to go back to college this fall.

Just got back from vacation.

A Same deCOd | ng algorlth mS are 07/12/18 - Hapcsay birthday to Swingu, who is nearly 5 years old. | would like to say hi to

him on the road as well as when | ride with him. You cannot go to work without feeling
aISO USGfUl fOr CIO%nd ed physically sick or psychologically exhausted because you can barely breathe. Even if you
ride on rollercoaster even once, it is easy to recover from the physical side of it.

] Nucleus, p=0.95
g ene ra-tlo N taS kS | just got back from a much needed and really great nine day vacation to my remote
Arizona property. It was a really restful and relaxin%visit. | got a lot accomplished while |
was there, but still found time to just goof off and have fun too. | got to do some
astronomy, even though the weather was pretty cloudy most of the time. Here is a 50
Holtzman et al.. ICLR 2020 WebText minute exposure of M101. It turned out pretty good.
I —-—— e

35
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Modern Decoding: Takeaways

ANaturaI |l anguage di strsoutfnuanxcs | aorne avsesri yg n[se
tokens I n the vocabul ary

AHence we need approachlked tdmasxtt rriumwtaiten / mo ¢

APu,r ekagp-@opNucl eus), Temperatur e

36
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Posttraining of LLM
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Three Stages of

Stage 1 Stage 2 Stage 3
— — —
APretraining on large
corpus of text A Posttraining for Task Ap sttraining for Preference Alignment
Adaptation Either Reinforcement Learning with
Aproduces Base LanguageA Seqzseq Instructlon Human Feedback : Train a SUp@fVlsed
Model . <ed classifier (reward model) on human
T_unlng _(Supe_rwse demonstrations to provide feedback to
Finetuning, different LM. Reinforcement learning to maximize
AContinued Preraining for meaning than BERIYle ArewarO!S given by reward model
domain adaptation classification tasks) Or, train with a preferred and a

. _ . dispreferred generation (more popular
(optional; sometimes called now)

midtraining, stage 1.5)

Inference : Prompting with Instructions and Demonstrations (also called examples, shots)
—

38
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AThe term otrainingo I's no |l onger ( | f | 2 N C h
A Pretraining: Selsupervised, standard next token prediction e i ac ey R e bR a
A POS'ttralnlng SUprVlSlOn (Seq UenCe tO Sequence) enjoy outdoor activities such as hiking, picnicking, or just relaxing in a park. Make sure to

wear sunscreen and stay hydrated!

(D InstructionTuning Supervision is not necessarily via labels, but sequence pairs.
Labels in standard NLP benchmarks can be converted into sequence pairs

(D PreferenceTuning Collects human judgments / preferences as rewards, or a pair
of preferred / dispreferred generations

P 't_'t " " r't 't_ d an Empire » Write a text inviting my neighbors to a Give me ideas for what to do with my kids' Help me study vocabulary for a college Writeam
OS ra I n I n g CO n Ve S n eX WO r barbecue » art ~ entrance exam » for a frien
completion models into world
an outfit that will look good on Write an email to request a quote from local Create a charter to start a film club ~ Write a Python script to automate sending
o .
plumbers 7 daily email reports ~

models (agents, assistants) with

m a n y Ca p a b I I I tl e S ! hance my Design a programming game teach basics in Make up a story about Sharky, a tooth- Explain nostalgia to a kindergartener Plan a trip

afun way 7 brushing shark superhero

39
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Instruction-Tuning LLMS
for Task Adaptation
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l nstructi on 1|

A Pretraining: Bytimianzation
[ The picture appeared on the wall of a

Poundland store on Whymark Avenue [...] How
would you rephrase that in a few words?

A Train a model to continue a given context

Sentiment Analysis Graffiti artist Banksy}
is believed to be
Review: We came here on a Saturday night behind [...]
- - i and luckily it wasn't as packed as I
A InStrUCtlon Tunlng- thought it would be [...] On a scale of 1
9 to 5, I would give this a I}
4
i . i . Question A i
A Train a model to follow varied instructions - sttty = T@
I know that the answer to “What team did
the Panthers defeat?” is in “The Panthers Arivons Cardinale ]
finished the regular season [...]". Can
P 11 h it is?
A Needed because the vast majority of N it i /
pretraining Is done on data which are not in the  wuttitask training [\
form of instructions Zero-shot generalization

Natural Language Inference

A Finetuned (using the newkenrprediction

objective) on a dataset of instructions together
with correct responses

and the athlete”. Can we infer that "The Yes
banker contacted the professors"?

[Suppose “The banker contacted the professors

"Multitask Prompted Training Enables Zero-Shot Task Generalization” (Sahn et al., 2022)

e e S ——————SESOTT
4 1
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Instruction Tuning and Task Generalizati

Input: She chose to make a salad for lunch on Sunday.
Question: how long did it take for her to make a salad?

Crowdsourcing Instruction: Label

grammar o . Output:
check 'ves" if the sentence contains any o
grammatical issues. Otherwise, [...]
. : - . tagging Crowdsourcing Instruction: List all Output:
A During instruction tuning, the model learns i | e words that are essential for o
follow Instructions of given tasks phrases | - answering It correcti. [.-] salad
answering Crowdsourcing Instruction: Output:
A . . i questions =~ Answer the provided question based 30mins
At test time, It generalizes to follow on a given [...]
Instructions on unseen tasks! t supervision with seen tasks
| evaluation on unseen tasks
question Crowdsourcing Instruction: Label Output:
typing the type of the temporal phenomena Event
in the question. Example are [...] duration

"Cross-Task Generalization via Natural Language Crowdsourcing Instructions” (Mishra et al., 2022)
_ — —— ——

42
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Instruction Tuning Data

Resource —s SUP-NATINST NATINST CROSSFIT PROMPTSOURCE FLAN INSTRUCTGPT
(this work) (Mishra et al., 2022b) (Yeetal.,, 2021) (Bachetal., 2022) (Weietal, 2022) (Ouyang et al., 2022)

M d . . Has task instructions? v v X v v v
O re a ta I n St ru Ctl O n S Has negative examples? v v X X X X
Has non-English tasks? v X X X v v
Is public? v v v v v X

— better model " Numberoftasks T T 1616 " 61~ T T260 T T T 7 S > M T

‘ Number of instructions 1616 61 - 2052 620 14378

Number of annotated tasks types 76 6 13 13" 12 10
Avg. task defimtion length (words) 56.6 134.4 - 24.8 8.2 -

Super-Naturallnstructions. (Wang et al., 2022)

175 seed tasks with Task Pool Step 1: Instruction Generation Step 2: Classification

1 instruction and Task Identification

1 instance per task w
4+0 — \-/: LM
19= N
+0 - v

Instruction : Give me a quote from a
famous person on this topic.

Y 4
-
=<

Diverse data (instructions)

Step 3: Instance Generation —) b ette r mo d e |
(mireprepo— —— N, Y —————
Instruction : Find out if the given text is in favor of or against abortion.
. . . | -
Step 4: Filtering Class Label: Pro-abortion W
Input: Text: I believe that women should have the right to choose whether or not tout-first " AL~ .
\{_they want to have an abortion. ) Ouputfist g 1LM Self-Instruct: Aligning Language Models with
Self-Generated Instructions” (Wang et al., 2023)
~ | |
Instruction : Give me a quote from a famous person on this topic. w No
Input: Topic: The importance of being honest.
| Output: "Honesty is the first chapter in the book of wisdom." - Thomas Jefferson Input-first
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Instruction Tuning Data

Alnstruction
often create
standar d
|l 1 ke questi o
machi ne tr an

AOften synt he

APrompting e X |

AMore vari ety
t e mp lYalh eetst er
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Model Details
Release Collection Model Base Size Public? (Prompt Types Tasksin Flan # Exs Methods
®- 202005 UnifiedOA UnifiedQA RoBerta no-ssom () S 46/46 | 750k
®-o 202104 CrossFit BART-CrossFit BART 140M @ 15 /159 71.M
9o 202104 Natural Inst v1.0 | Gen. BART BART 140M @ e}’ 61/ 61 620k + Detailed k-shot Prompts
®-©° 202109 Flan 2021 Flan-LaMDA LaMDA 1378 @ @ / 62/62 4.4M + Template Variety
+ Template Variety
®-< 202110 P3 TO, TO+, TO++ T5-LM 3B o 62 /62 12M T
90 202110 MetalCL MetalCL GPT-2 770M (P | 100/142 | 35M * Input Inversion
+ Moisy Channel| Opt
®o 202111 ExMix EXTS T5 220M-11B @ @ 72/107 | 500k + With Pretraining
+ Detailed k-shot Prompts 1
@< 2022 04 Super-Natural Inst. | Tk-Instruct T5-LM, mT5  T1-13B o @ / 1556 / 1613 5M mpPR—
GLM-130B GLM 1208 o 65 /77 2M * With Pretrining
®- 202210 GLM / + Bilingual (en, zh-cn)
®o 202211 xP3 BLOOMz, mTO BLOOM, mT5  13-176B o @ 53 /71 81M + Massively Multilingual
9o 202212 Unnatural Inst.t T5-LM-Unnat. Inst. T5-LM ne @ e ~20 /M7 64k + Synthetic Data
+ Synthetic Data
& 202212 Self-Instruct! GPT-3SelfInst.  GPT-3 1758 (NP (2s) Unknown 82k + Knowiedga Distillation
e + + Ternplate Variety
I r 9 202212 OPT-IML Bencht OPT-IML OPT 30-175B o ~2067 [ 2207 18M + Input Inversion
@ + Multilingual
+ Template Variety
@& 202210 Flan 2022 {QUrE} Flan-T5, Flan-PaLM T5-LM, PaLM 10M-540B m @‘l‘ 1836 15M + Input Inversion
@ + Multilingual

“The Flan Collection: Designing Data and Methods for Effective Instruction Tuning” (Longpre et al., 2023)

e e e

e
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Instruction Tuning: Masking Instruction

A WeOor e st i | lonlysdels @he same as desused Intpaaing)

A How to update these models for an encedecoder like behavior?

A The instruction itself is masked, so the model does not generate instructions

Below is an instruction that describes a task. Write o
In the loss response that appropriately completes the request.

LLM-as-Judge Win Rate by Task and Model

Model
Bl |3 8B (trained on outputs only)
B L3 8B (trained on inputs+outputs)

function, mask

out the tokens ### Instruction: job QA

corresonding to Rewrite the following sentence using passive voice.
prompt

Story Summarization

The team achieved great results.

### Response:
Calculate the Great results were achieved by the team.
loss only over /
the tokens
corresponding to
the response text Data Extraction

0.77
Corporate Chatbot

An illustration of input masking where the highlighted text is still fed to the LLM, Win Rate
45 but it Is not used when calculating the loss during training.
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Par ankeftfelrc it aamti nH|

: ' ; ! Hidden States )

+d —+ ‘ Hidden States ] l | J
\ :'«\LIWI'r[.IH.i"iE'I.'li'IHI/ I I |
] - : ] ] &

[ Adapter Network }—-—-—l- l Multi-Head Attention W, i, W, [ Mulis-Head Attention » | Wy g || 5| W 5
Menlinear [i;_| |:'|I')_| qi)_|
fclivatian + + 4'-

Q |F"|.; K |F.,. ¥
l | | L] 4 W
/ Up-prajectian \ Attntion L !
v ] l Altention ]

Prefix-tuning

[ Adapter Metwork

(a) Sequential Adapter (b) Prefix-tuning

A Finetuning can be very difficult and expensive with LLMs

A enormous numbers of parameters to train; think 70B parameters, and their gradients!!

A each pass of batch gradient descent has to backpropagate through many many huge layers.
A Alternative: allow a model to be finetuned without changing all the parameters.

A parameterefficient fine tuning or PEFT,

A efficiently select a subset of parameters to update when finetuning and keep the rest frozen

46 A Examples: Adapters, Prefbuningl.oRAor Low Rank Adaptation
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LORA: LosRRank Adaptation

Alnstead of updating weight matrices In attention layers during finetuning, =~ - x e
Rank Adaptation eases this by updating a-lanwk approximation of the g e 4 A
matrix : matrices which are far smaller " i

k r

ALoRﬁfreezes the prdarained model weights and injects trainable rank
decomposition matrices into each layer of the Transformer architecture  *°

A Gradient updates are reparametrized @ 31N N At A

A WhereAand Aare lowrank matrices, the only matrices to be updated

ALORA can reduce the number of trainable parameters by 10,000 times ar
GPU memory requirement by 3 times for GHII/5B

AUsually comes at a (small) cost to performance x|

Figure 1: Our reparametriza-

LoRA. Hu et al., 2021 tion. We only train A and B.

W

47
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Interacting with LLMS:
Prompting
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Interfacing with Large Language Models

A Once trained, language models can be very powerful
A The power only increases with scale
A Most tasks in NLP can be formatted as sequence completion tasks
A How to interface with a language model to extract relevant information?
(W Prompting (or IrContext / FewShot Learningthe ability to do many tasks with no gradient updates and no / a few examples, by simply:
A Specifying the right sequence prediction problem

AYoucangetinterestingzesohot behavior 1 f youdre creative enough with how vyo

Basic Prompt Templates

Summarization {input} ; t1ldr;
Translation {input} ; translate to French:

Sentiment {input}; Overall, it was

Fine-Grained- {input}; What aspects were important in this review?
Sentiment

49
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Prompting

Alnterface to a | anguage model : promnt < I n natnnr al I an
Translate English to French: task description
AVery | arge | anguage 0def £ asécna m gt o cheese => prompt o I
wi t hout gr adieasinmp p¢ eemm!l éxampl es | N
t helr contexts X )
LSHIK 2 U

ASomet | megs ondlelxéedliemar ni ng

A

no me r . n o learnin g ( par ame t e Translate English to French: task description 1 ¢
mpting
sea otter == loutre de mer examples
: : int => } v Ié
ACan be zero shot (swhathouwi telxaapfl e PEPPETIENE == MENTnE potvres
plush girafe => girafe peluche
A T Y P | claO | Y < cheese => prompt
. FewShot
AWIth poweldrsthwlt lalpMgs,oaches are all you need!

“Language Models are Few-Shot Learners” (Brown et al., 2020)
e ———— B

50
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Prompting: Success

AMuch more flexible than older
formulation of preraining
encoderonly models and fine
tuning to specific classification
tasks (the BERT paradigm)

ANOW, pretrain and instruction tune
one large model and prompt it to
do a variety of tasks!

AMuch much more generalizability!

51



