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Encoder Only Model: Bert

BERT: Pre-training of Deep Bidirectional Transformers for
Language Understanding

Jacob Devlin  Ming-Wei Chang Kenton Lee  Kristina Toutanova
Google Al Language
{jacobdevlin, mingweichang, kentonl, kristout}@google.com

Abstract

We introduce a new language representa-
tion model called BERT, which stands for
Bidirectional Encoder Representations from
Transformers. Unlike recent language repre-
sentation models (Peters et al., 2018a; Rad-
ford et al., 2018), BERT is designed to pre-
train deep bidirectional representations from
unlabeled text by jointly conditioning on both
left and right context in all layers. As a re-
sult, the pre-trained BERT model can be fine-
tuned with just one additional output layer
W create state-of-the-art models for a wide
range of tasks, such as question answering and
language inference, without substantial task-
specific architecture modifications.

There are two existing strategies for apply-
ing pre-trained language representations to down-
stream tasks: feafure-based and fine-tuning. The
feature-based approach, such as ELMo (Peters
et al., 2018a). uses task-specific architectures that
include the pre-trained representations as addi-
tional features. The fine-tuning approach, such as
the Generative Pre-trained Transformer (OpenAl
GPT) (Radford et al., 2018), introduces minimal
task-specific parameters, and is trained on the
downstream tasks by simply fine-tuning all pre-
trained parameters, The two approaches share the
same objective function during pre-training, where
they use unidirectional language models to learn
general language representations.
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Pretraining Task 1: masked words

Use the output of the B L. '
masked word's position ; .I.'.: 1{,,;};, |
to predict the masked word .
[ FFMM + Softmax
BERT
Randomly mask
Out of this 15%, 15% of tokens -
80% are [Mask],
10% random words Input

10% original words



Pretraining Task 2: two sentences

Predict likelihood
that sentence B
belongs after
sentence A

1%  IsNext

99%  NotNext
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FFNN + Softmax
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InpUt [CLS] the  man [MASK] o the store  [SEP]

lnpUt [CLS] the man [MASK] to the store [SEP] penguin [MASK] are flightless birds [SEP]
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Fine-tuning BERT for other specific tasks

BERT
[feafle ] [&](mma]l=]-
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Sentence 1 Sentence 2

(a) Sentence Pair Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC,

RTE, SWAG

Startna Span
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BERT
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Single Sentence

(b) Single Sentence Classification Tasks:
SST-2, ColA

EE- G @
Question Paragraph

(c) Question Answering Tasks:
SQuAD v1.1

Single Sentance

(d) Single Sentence Tagging Tasks:
CoNLL-2003 NER



Traditional way: Fine-tuning

vV Vv vV VvV v

Fine-tune the parameters of the pre-trained model for a
specific downstream task using a large (thousands to
hundreds of thousands) corpus of labeled data.

Keep training the model via repeated gradient updates.
Strong performance on many benchmarks.

Need a new large dataset for each task.

Potential for poor out-of-distribution generalization.
Potential to explore spurious features of the data



Decoder Only Model: GPT2

Language Models are Unsupervised Multitask Learners

Alee Radford ° ' Jeffrey Wu ™' Rewon Child" David Luan ' Dario Amodei = ' Tlya Sutskever =

Abstract competent generalists. We would like 1o move wwards more Reading Comprenens on Translation Summarization 15, uestion Answering
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MNatural language processing tasks, such as ques- . . anually create 2 abe] 3 ]
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the performance of 3 out of 4 baseline systems
withour using the 127,000+ training examples
The capacity of the language model is essential

and image classifiers (Alcorn et al., 2008) on the diversity
and variety of possible inputs highlights some of the shori-
comings of this approach.

Fgure 1. Zero-shot task performance of WebText LMs as a function of model size on many MLP tasks Reading Comprehension results
aeon CoQA (Reddy et a., 2018), translation on WMT-14 Fr-En (Artetxe et al ., 201 7), summarization on CNN and Daily Mail (Seeet d
2017}, and Question Answering on Natural Questions (Kwiatkowski et a |, 2019). Section 3 containe detailed descripiions of each result.

to the success of zero-shot task transfer and in-
creasing it improves perfomanee in o log-linear
fashion across tasks, Our largest model, GPT-2,

Owir sugpicion is that the prevalence of single task training
on single domain datascts is a major contributor to the lack
of generalization observed in current systems. Progress

is & L.5B parameter Transformer that achieves
state of the art results on 7 out of 8 tested lan-
guage modeling datasets in a zero-shot setting
bue seill underfits WebText, Samples from the
madel reflect these improvements and contain co-
herent paragraphs of texi. These findings suggest
4 promising path towards building language pro-
cessing systems which leam to perform tasks from
thedr naurally occurring demenstrations,

towards robust systems with current architectures is hkely
fo reguire iraining and measuring performance on a wide
range of domains and tasks. Recently. several benchmarks
have been proposed such as GLUE {Wang et al., 2008} and
decaNLP {McCann et al., 201 8) to begin studying this,

Muliitask learning (Carvana, 1997) is a promising frame-
work for improving general performance. However, mul-
titask training in NLF 15 still nascent. Recent work re-
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Pretraining Task: next token prediction

- 4 B
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3 DECODER BLOCK
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2 DECODER BLOCK
%Transformer— Decoder DECODER BLOCK
] ( Feed Forward Neural Network J

I ( Masked Self-Attention J

<s> robot must obey ... \ J

1 2 3 4 4000

Re-use previous computation results: at any step, only need to results of g, k, v related to the new output
word, no need to re-compute the others. Additional computation is linear, instead of quadratic.



Pretraining Data

0.1% | Aardvark
Possible classes:

All English words ‘?'_*5 e GPT-2 uses UnsupemiSEd |earning apprDaCh to training
0% | Zyzzyva the language model.

[ FFMM + Softmax ]

* “Our approach motivates building as large and diverse

" L PreopeR J a dataset as possible in order to collect natural
. language demonstrations of tasks in as varied of
i 4 domains and contexts as possible.”
DECTDER * Over 8 million documents for a total of 40 GB of text.

1 [ DECODER ]
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Downstream Tasks

b ition 95 allez-vous
- There is no custom training for GPT-2, no
Comment separation of pre-training and fine-tuning like BERT.
Training Dataset $ * Translation
RN . « QA
il Ml el i i é} [ransformer-Decoder * Summarization
gooa | maring [N Ecriour * Reading Comprehension
* Language Modeling

l

how are you  <tofe=

1 2 3 4 1024
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What makes it work? Scaling

GPT-2
EXTRA
LARGE

B r"
@ S p B 2 a8 DECODER ?I
LARGE
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\ MEDIUM 8 DECODER
C] ’:}T_ 2 r’m( —— j‘l Y 5 E DECODER ;
SMALL e a( DECODER ) a DECODER )]
12( DECODER D 3 DECODER M EL DECODER )
"R 2 I:_- DECODER -j 2 (- DECODER -:,l 2 l: DECODER -)
1 DECODER D) 9 C DECODER ]_J \1( DECODER 2} \ C DECODER ;})
Model Dimensionality: 768 Model Dimensionality: 1024 Maodel Dimensionality: 1280 Model Dimensionality: 1600
117M parameters 345M 762M 1542M
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Terminology

» In-context learning: A frozen LM performs a task only by
conditioning on the prompt text.

» Few-shot in-context learning: (1) The prompt includes
examples of the intended behavior, and (2) no examples of the
intended behavior were seen in training.

» Zero-shot in-context learning: (1) The prompt includes no
examples of the intended behavior (but it can contain other
instructions), and (2) no examples of the intended behavior
were seen in training.

» Emergence: when quantitative changes in a system result in
gualitative changes in behavior.

» Emergent behaviors: abilities that larger models have and
smaller models don’t

13



In-context learning

» No training or optimization of the model parameters in
the “adaptation step”

» Simply give the model a task description as well as
none/one/few examples as the input at inference time.

» No gradient updates are performed.

14



Example

FEW-SHOT | ONE-SHOT | ZERO-SHOT

Perform mathematical addition Perform mathematical addition .
* Perform mathematical addition

5+4=
5+4= -

5+4=

15



Contrast

» Zero-shot in-context learning
- Provides maximum convenience (no task-specific example needed)
- Potential for robustness
- Potential for avoidance of spurious correlations
- Most challenging
- Even for humans, it is often hard to understand a task without an
example.
» Few-shot in-context learning
- Major reduction in the need for task-specific data.

- Reduced potential to learn an overly narrow distribution from a
large but narrow fine-tuning dataset.

- Still not as good as the fine-tuning SOTA, but competitive (GPT-3).
- Still need a few task-specific data

16



GPT2 — GPT3

Language Models are Unsuperv

ed Multitask Learners

Alec Radford * ' JefTrey Wa ™' Rewon Child !

Absiract

Matural language processing tasks, such as ques-
tion answering, machine translation, reading com-
pmhenuicm, amdl summarizabion, ane 13-i'|':|.':lllg,I
approached with supervised leaming on task-
specific datnsets. We demonstrate that language
maoclels begim wo bearn these tasks withoul any ex-
plicit supervision when trained on a new dataset
of millions of webpoges called WebText, When
comeitioned on a docurment ples questions, the an-
swers generated by the language model reach 55
F1 on the Col)A datoset - matching or excesding
e performance of 3 out of 4 baseline systens
without using the 127,000+ training examples.
The capacity of the language model is essenti
1o the suecess of zero=shot sk ransfer and in-
creasing it improves performance ina leg-linear
fushion across Lasks, Our largest model, GPT-2,
iz a 158 parameter Transformer that achieves
state of the art results on 7 owt of 8 tested lon-
guage modeling datasels oo zeroshot selling
but still wnderfits WebText. Samples from the
model reflect these improvements and contain co-
herent paragraphs of iexn, These lndings suggest
a promising path rowards building language pro-
cessing systems which lenm to perform tasks from
their naturally occurring demonsiralions,
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competent generalists. We would 1ike o move wwasds more
penerdl systems which can perform many tnsks — eventually
withoul the need 1o mamually create and label a i
dbataset for each one.

The dominant approach to creating ML systems is to ool
lect a dataser of ralning examples demonstrating correct
hehavior for o desired sk, train a system o iminate these
behaviors, and then fest ils pedformance on independent
and identically distmbuted (1100 held-our examples. This
has served well to make progress on narrow experts, But
the olften erratic behavior of captioning models (Lake @1 al,,
2001 7). reading eomprehension sysiems (Jia & Liang, 20017}
and imoge classifiers (Alcom et al., 2008} on the diversity
and variety of possible inputs highlights some of the shor-
comings of this approach.

{,Jl,lrmspiq;inn 1% thait the pw\'ali,'nuu of I‘.ingll,' task truining
on single dormain datasers (s a8 major contributor wo the lack
of generalization observed in current systems,  Progress
lowwarrds robust systems wilh curment archilectures 15 ikely
to require training and measuring performance on a wide
runge of domains and tasks. Recently, several henchmarks
I been proposed such as GLUE (Wang et al., 20087 and
decaMLP iMeCann et al.. 20185 to begin studving this,

Multitask learming (Caruana, 1997} @5 a promising frame-
work for improving general performance. However, miulk
titask training in MLP is still noscent.  Recent work re-
ports madest performance improvements | Yogatama el al.,
2019 and the two most ambitious efforts 1o date have
trained nnoadntal of Wand 17 tdatazat . ahdectivel

Language Models are Few-Shot Learners
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Revent work has demonstrnied substantial gaims om many MLP tasks aml ben
o a lamge corpus of sexl Gollowed by linetoning o o specific ek, Whike iy

in archisestare, tis imethid sl requanes tsk-spasific is-umng datasels of Bhiisnds of Kns of
ehousands of exanples, By comtrass, humans can generally perform a new language tesk frosn anly
a few examples of from simple instructioss — something which curent NLP sysiems sill lagely
struggle o do. Here we show that scaling up language models grealy irn|1rm\.a. rask-agnosiic,

few=shot performance. sometimes even reaching competitiveness with prioe state-of-the-ar fine-
Iy, we train GPT-3, in autonegnessna inguage model with 175 billi
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um«.ramhlln: “'\Cm]h u-1ru:a nivel uu'l] ini mnl.\. ur perfanming 3-dagil arithmetic. Af the same
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GPT2 — GPT3

» The authors “demonstrate that language models begin to
learn [question answering, machine translation, reading
comprehension, and summarization] tasks without any
explicit supervision when trained on a new dataset of
millions of webpages called WebText.”

Reading Comprehension Translation Summarization 10 Question Answering
90 {Human |, |Unsupervised Statistical MT---1 32 || ead-3
80 1 30 81 T1Open Domain QA SystemsT 1
e
210 - PGMet
28 |
70 w
DroA+PGNet | . S 261 g 6
- 15 |Denoising + Backtranslate =) =
— 60 w = £
“  |oroa = T 54 lseq2seq + Attn _E

(=]
4
30 10 {Embed Nearest Neighbor U 9o
PGNet | . T [Random-3 —_—r
Denoisin T
a0 \ 1=ing % 20 | ,
30 181 - most freq Q-type answer
Seqlseq 0

16 0
117M 345M TE2M  1542M117M 345M 7e2M 1542M117M 345M 762M  1542M117M 345M Te2M  1542M
# of parameters in LM # of parameters in LM # of parameters in LM # of parameters in LM
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GPT2 — GPT3

Zero-shot One-shot Few-shot

175B Params

Natural Language

60 Prompt
S0
9
> 40
i
3
8 30 No Prompt
< 13B Param
20
10
1.3B Params

Number of Examples in Context (K)

Figure1.2: Larger models makeincreasingly efficient use of in-context information. We show in-context learning
performance on a simple task requiring the model to remove random symbols from a word, both with and without a
natural language task description (see Sec. 3.9.2). The stegper “in-context learning curves’ for large models demonstrate
improved ability to learn atask from contextual information. We see qualitatively similar behavior across a wide range
of tasks.
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GPT2 — GPT3

o Aggregate Performance Across Benchmarks

+— Few Shot
—eo— (One Shot
80 —e— Zero Shot

Accuracy

H
o

20

0
0.1B 04B 08B 1.3B 26B 6.7B 13B 175B
Parameters in LM (Billions)

Figure 1.3: Aggregate performance for all 42 accuracy-denominated benchmarks While zero-shot performance
improves steadily with model size, few-shot performance increases more rapidly, demonstrating that larger models are
more proficient at in-context learning. See Figure 3.8 for a more detailed analysis on SuperGLUE, a standard NLP
benchmark suite.
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Zero-Shot Learning (Sentiment Classification)

Prompt: . Template used:

Review: Alexions owns the best chesssburger
in the i for decades. Try a burger on Italian Reviet ——

bread. The service is flawlessly friendly, the food is amazing, and the
wings? Oh the wings... but it's still about the cheeseburger. The on 2 1 to
atmosphere is inviting, but you can't at =0 go right
NOW. the car keys... you know you're hur an amazing
cheeseburger, maybe some wings, and a cold b sily, hands down, Thi ; ; :

. : . is template is tried for all possible class labels.
the best bar and grill in Pittsburgh. ste pate s tried for a P ble dass labels

probably

On a 1 to 4 star scale, the reviewer would probably give this
restaurant a

Model's Qutput Probabilities:

P(“1" | prompt) =0.0016
P(“2" | prompt) = 0.0032
P(“3" | prompt) =0.012
P("4" | prompt) =0.78
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Zero-Shot Learning (Summarization)

Prompt:
India's moon rover completes its walk. Scientists analyzing data

looking for signs of frozen water

EEW DELHI -- India’s moon rovsr has completed its walk on the lunar
surface and besen put into slesp de less than two wesks after its
historic landing near the lunar south pole, India’s space mission said.
“"The rover complstes 1ts assignments. It 1s now safely parked and set

into sleep mode," with daylight on that part of the moon coming teo an
end, the Indian Space Resesarch Organization said in a statemsnt late
Saturday.

The rover's payloads are turned off and the data it collected has been
transmitted to the Earth via the lander, ths statsment sail

[..-]

Leotiwe since the 1%60s, India has launched satsllites for itself and
other countries, and successfully put cne in orbit arcund Mars in 2
India is planning its rst mission to the International Space Station
next year, in collaboration with the United States.

TL; DE;

Model Generation:

India's moon rover has completed its assignments and gone to slesp mods
after just two weseks of being on ths lunar surface. The rover has
started transmitting the data it has collected to Earth, but scientists
ars unsurs 1f 1t can survive the sxtremsly cold tempsraturss on the
moon and wake up in order to conduct another set of missions when the
sun rises again. India successfully landed the rover and underscored
its status as a major tech powsr and space program.

22

Template used:
<title>
<article>
TL;DR;

We return the model's generation from the filled out template.



Few-Shot Learning (Machine Translation)

Prompt:

The dog chased a squirrel at the park. = MEMEAREE—EEE.
I was late for class. = R EEERIT,

The hippopotamus ate my homework. =

Model Generation:

i 50z T A FREVEL.,

Prompt with Alternative Template:

Translate from English to Chinese.

The dog chased a squirrel at the park. = HHEMFEAREEE—HEE,

I was late for class. = FEEIEH|T,

The hippopotamus ate my homework. =

23

Prompt with Alternative Template:

Translate from English to Chinese.

Englis
Chines

Englis
Chines

Englis

h:

L=

[

it

The dog chased a squirrel at the park.

MARBMELEERE—RRE.

: I was late for class.

: BERERT,

: The hippopotamus ate my homework.
Chinese:



Why does in-context learning work

Transformers Learn In-Context by Gradient Descent

Johannes von Oswald '* Eyvind Niklasson® Ettore Randazzo® Jodo Sacramento '
Alexander Mordvintsey > Andrey Zhmoginov® Max Viadymyrov?

Abstract

Al present, the mechanisms of in-context learning
in Transformers are not well understood and re
main mostly an intoiton, In thes paper, we suggest
that tramming Transformers on aulo-regressive ob-
jectives is closely related to gradient-based meta
leaming formulations. We start by providing a
.x'J:mpI.c wci.ght construction that shows the equiva-
lence of data transformations induced by 1) a sin-
gle linear self-attention layer and by 2) gradient
descent (GlY) on a regression loss. Motivated
by that construction, we show empirically that
when raining self-atention-only Transformers on
aimple regression tasks either the models learned
by G and Transformers show great similanty
or, remarkably, the weights found by oplumiza-

24

1. Introduction

In recent years Transformers (TFs; Vaswam et al, 20107)
have demonstrated their supertority in pumerous bench
marks and various fields of modern machineg leaming, and
have emerged as the de-facto neural network architecture
usged for modem AL (Dosovitskiv et al, 2021 Yon et al.,
2009, Carion et al,, 20200, Gulati et al,, 20207, Tt has been by
pothesised that their success 15 dug in part to a phenomenon
called in-context learning (Brown et al, 2020: Liv e al,
20213 an ability to exibly adjust their prediction based on
additional data given in confext (i.c. in the input sequence
itself). In-context learming offers a seemingly different ap-
proach to few-shot and meta-lewmning (Brown et al, 20200,
but as of today the exact mechanizms of how it works are not
fully understood. It is thus of great interest o understand
what makes Transformers pay attention o their conlext,

what the mechanizms are. and under which circumstances,
thisar covme matn nlaw (FThan =4 ol WPV Dilecnn st ol WP

2. Linear self-attention can emulate gradient
descent on a linear regression task

We stari by reviewing a standard multi-head self-attention
(SA) laver with parameters &, A S5A layer updates each

clement e, of a set of wkens {1, ..., £ } according to
e; + ¢; + 8A(7, {er,. ... en )
=e;+ 2: _.lJul{.,5ni't:::ax|:fc'£'q|.___;} (1)

h



Why does in-context learning work

Bayesian inference view of in-context learning

Before we get into the Bayesian inference view, let's set up the in-context learning setting.

= Pretraining distribution (p): Qur main assumption on the structure of pretraining documents is that a document is generated by first
sampling a latent concept, and then the documeant is generated by conditioning on the [atent concept, \We assume that the pretraining
data and LM are large enough that the LM fits the pretraining distribution exactly. Because of this, we will use p 1o denote both the
pretraining distribution and the probability under the L.

= Prompt distribution: In-context learning prompts are lists of 1D (independent and identically distributed) training examples concatenated
together with one test input. Each example in the prompt is drawn as a sequence conditioned on the same promot concept, which
describes the task to be learnad.

The process of “locating” learned capabilities can be viewed as Bayesian inference of a prompt concept that every example in the prompt
shares. If the model can infer the prompt concept, then it can be used to make the correct prediction on the test example. Mathematically,
the prompt provides evidence for the model (p) to sharpen the posterior distribution over concepts, pconcept | prompt). If

p[cﬂncept | pmmpt} is concentrated on the prompt concept, the modsl has effectively “learned” the concept from the prompt.

ploutput|prompt) = f ploutput|concept, prompt)p(concept|prompt)d|concept)
concept

Ideally, p(concept | prompt) concentrates on the prompt concept with more examples in the prompt so that the prompt concept is
"selected"” through marginalization.
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Why does in-context learning work

» Instances of the task exist in the pre-training data.
Example: “TL;DR” is a well used string on Reddit.
Example: Translation data on the internet

» The few-shot examples “teach” the LLM what format to
expect.

26



Prompt Engineering

27

Consider the task of classifying the topics
of news articles. Which of these prompts
do you think would work best?

d) What is this piece of news
regarding?

b)Wwhat is this article about?

€) What is the best way to
describe this article?

d) What is the most accurate
label for this news article?

e) They should all perform about the same.



Prompt Engineering

» Prompts which are perceptually equivalent to humans
can result in radically different performance.

Consider the task of classifying the topics of news articles. Which of these prompts do you
think would work best?

accuracies according to OPT-175B
d) What is this piece of news regarding? 40.9%
b) What is this article about? 52.4%
C) What 1is the best way to describe this article? 68.2%
d) What is the most accurate label for this news article? 71.2%

e) They should all perform about the same.
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What matters in prompt selection?

» Prompts which are perceptually equivalent to humans
can result in radically different performance.

» Prompt performance is correlated with the extent to
which the model is familiar with the language the prompt
contains.
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What matters in prompt selection?

30

Consider the task of labeling movie reviews as positive
or negative sentiment. Which of the following prompts
shoulad work better?

A

Prompt (test input not shown)

Review: the whole thing ’s fairly lame , making it par for
the course for disney sequels .

Answer: Negative

Review: this quiet , introspective and entertaining indepen-

dent is worth seeking .
Answer: Positive

Review: this quiet , introspective and entertaining indepen-
dent is worth seeking .
Answer: Positive

Review: the whole thing ’s fairly lame , making it par for
the course for disney sequels .
Answer: Negative

They should perform about the same.



What matters in prompt selection

Consider the task of labeling movie reviews as positive or negative sentiment. Which of the
following prompts should work better?

Prompt (test input not shown) Acc.

Review: the whole thing 's fairly lame , making it par for

the course for disney sequels .
A Answer: Negative

Review: this quiet , introspective and entertaining indepen-
dent 1s worth seeking .
Review: this quiet , introspective and entertaining indepen-
dent is worth seeking .

B Answer: Positive
Review: the whole thing s fairly lame , making it par for
the course for disney sequels .
Answer: Negative

88.5%

51.3%

C They should perform about the same.
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What matters in prompt selection?

» Prompts which are perceptually equivalent to humans
can result in radically different performance.

» Prompt performance is correlated with the extent to
which the model is familiar with the language the prompt
contains.

» Few-shot example choice and ordering make a huge
difference in performance.

» LLMs can be biased toward answers which occur more
frequently in the prompt.

» Labels can be wrong and it doesn’t matter.
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What matters in prompt selection?

Rethinking the Role of Demonstrations:
What Makes In-Context Learning Work?

Sawon Min™  Ximd Lyu?

Ari Holtzman? Mike Artetxe®

MikeLewis  Hannansh Haishird™ LukeZdtlemoyer’?

"University of Washington

Meta Al IAllen Ingtitute for Al

{ sewon, al rope, ahai , hannaneh, | sz} @s. washi ngt on. edu
{artet xe, mi kel ewi s} @meta. com

Abstract

Large language modds (LMs) ae able to in-
context |earm—perfomn a new task via infer-
ence done by condtioning on a few input-
labd pairs (demonsraions) and making pre-
dictions for new inputs.  However, there has
been litle understanding of how the mods
leams and which aspects of the demonsira-
tions contribute to end task parformance. In
this paper, we show that ground tnuth demnon-
sraions are in fact not reguired—andomly
replacing labdls in the demonstrations bargy
hurts performance on a range of o assfication
and multi-choce tasks, consistently over 12 dif-
ferent modds induding GPT-3. Instead, we
find that other agpects of the demonstrations
arethekey driversof end tash perfomnance, in-
duding the fact that they provide a few exam-
ples of (1) the labal space. (2) the diribution
of theinput ted, and (3) the overdl format of
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Chain-of-Thought Prompting

» Intuition: An LLM will be better able to perform tasks
(especially reasoning-based ones) if it is made to break
down the task into multiple small steps.

» Main idea: each of the exemplars in your few-shot
prompt contains logic showing how to solve the task.

Chain-of-Thought Prompting Elicits Reasoning
in Large Language Models

Jasnn Wl Nuezhi Wang Dale Schisurina 1] Maarien Bosma
Brian Ithter  Fei Xia Ed . Chi  (uos V. Le Denny Ehou

Ciaagle Rescseh, Brain Team
{jesonwei, dennysheuigoegle. coa

Abstract

We explore how gonerating a chads «
. e §

s thouphi—a series of inlermediate reasoning
e dy ility ol 4 ]
s 1 pd 10|

I s

i wch g
spe Langoage models via a simple eethod called chain.of
a few chain of thought demosstralions are provided as

e lingoage models show that cham-of - thought promgting
a tnge of arithmetic, commensense, and symbaolic
empigical gains can he inanesce, PEOMPLRE &
F 1 yasi elght chin-of-hosgs hieves stane-of-the-am
acsuracy on the G benchmark of math word peobleme, surpassing even
Einsteacd GPFT-3 witl vetilier
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Standard Prompting
Model Input

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

A- The answer is 11.
Q1 The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

Maodel Output

A The answer is 27. x

Chain-of-Thought Prompting
Model Input

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

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

(1 The cafeteria had 23 apples. If they used 20 to
make lunch and bought & more, how many apples
do they have?

Model Qutput

A The cafeteria had 23 apples onginally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3+6=19. The
answer is 9.



Zero-Shot Chain-of-Thought Prompting

Large Language Models are Zero-Shot Reasoners

Takeshi Kajima Shixiang Shang a . . .
ey OO el Research, Do Teas Main idea: We don’t need any exemplars! Just
Viachel Reid istaka Matena Vst Toasawa append the string “Let’s think step by step.”
Crongls Ressarch® The University of Tokyo Ttz University of Tokyo
: to the end of the prompt.
Abstract

Preirained larpe lanpeage inodels (LLMs) are widely waed in masy sab-ficlds af
matural language processing (NLF) and generally known as excellent few-shot
learners with task-apecific sxemplars. Notably, chain of thoughs (CaT) prempring,
a reconl iechrigoe for clhiciting complox mulli-step reasoming hrough slep-by
siep answer examples, achieved the state-pf-the-an performances in arthmetics
and symbalic reasening, dillicull ryefem-2 tazks thal di nol [allew the itandasd
staling lows for LLMs. While these successes are often attributed to LLM:
abliry Tor few-shot leaming, we show than LLMa are decent zero-shal ieasoners
bry simply adding “Let's think step by stop” before cach answer. Expenimental
results demonstrats that oar Zaro-shot-CoT, using the aame single prompt templase,
sgmificandly outperforms zers-shol LLM performances on diverse benchimark
reasaning tasks incloding arthmetics (MulinArith, GSMEK, AQUA-RAT, SVAMEP),
Fvmbalic pessoning (Last Leier, Coin Flip), and other logical reasonmng tasks (Dae
Understanding, Tracking Shaffled Objects), withow! any hand-crafied fow-shot
examples & p ncreasing the accaracy on MueliAnil fram 17,7% w78, 7% and
GEMEE [rom 10.4% to JL.T% with large-scale InstructGPT medel (Lext-davenci
12}, as well as similar magnitades of improvements with another off-the-shelf
barge nsodel, 5408 parasnctes FalLlM. The versatiliny of thiz single proiapl acsoss
wery diverse reasaning tasks hints at untapped and understudied fundamental
ser-gid gapakulsties of LLMA, suggesnng fugh-level maln-task broad cogribive
capahilities may be extracted by simple prompting. We hope our work not only
served as the minimal srompest 2epo-shon baseline for the challenping reasoning
benchenarks, but also bighlights the impoctance of carefully explonng and analyring
the enormaus zero-shot knowledge hidden mside LLMs before crafting Gnetuming
datgaets o few-ahod exemplars
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Reasoning Problems

» Multi-step reasoning is often seen as a weakness in NLP
models.

» There is former research on reasoning in small language
models through fully-supervised finetuning on specific
datasets. However,

Creating a dataset containing explicit reasoning can be difficult and time-
consuming.

training on a specific dataset limits application to a specific domain

» Reasoning ability may emerge in language models at a certain
scale, such as models with over 100 billion parameters (Wei et
al., TMLR 2022)
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Reasoning Datasets

 Arithmetic Reasoning (AR)

Question: If there are 3 cars in
the parking lot and 2 more cars
arrive, how many cars are in the

Answer: The answer is 5.

Commonsense Reasoning (CR)

Question: What home entertainment
equipment requires cable? Answer
Choices: (a) radio shack (b) substation
(c) television (d) cabinet

Answer: The answer is (c).

Symbolic Reasoning (SR)

Question: Take the last letters of
the words in "Elon Musk" and

concatenate them

Answer: The answer is nk.
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Reasoning Problems

» Conjecture: to achieve > 80%, needs 100 times more fine-
tuning data for 175B model.

Fine-tune GPT-3 on GSMB8K (arithmetic):
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Reasoning Problems

» Few-shot standard prompting with even larger model
(PaLM 540B) also does not work well.

GSMB8K (arithmetic):

Finetuned GPT-3 175B

Prior best

[] 540B LM: standard prompting

Bl 540B LM: chain of thought prompting

100
80

o O

Solve rate (%)

bo
O

0
40 Math Word Problems (GSM8K)




Chain-of-Thought Prompting

» Definition:

A chain of thought is a series of intermediate natural language
reasoning steps that lead to the final output.

<input, output> demonstrations are replaced with <input,
chain of thought, output>
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Compositionality of Language

» Compositionality of languages

Compositional out-of-distribution generalization: ability to
understand novel composition of known concepts

» Problem decomposition

Can help decompose multi-step reasoning into intermediate
steps
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Chain-of-Thought(CoT) Prompting

Few-Shot CoT

Chain-of-Thought Prompting Elicits Reasoning
in Large Language Models

Jason Wei Xuezhi Wang Dale Schuurmans Maarten Bosma
Brian Ichter Fei Xia Ed H. Chi Quoc V. Le Denny Zhou

Google Research, Brain Team
{jasonwei ,dennyzhoul@google. com

Zero-Shot CoT
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Large Language Models are Zero-Shot Reasoners

Takeshi Kojima Shixiang Shane Gu
The University of Tokyo Google Research, Brain Team
t.kojima@weblab. t.u-tokyo.ac. jp

Machel Reid Yutaka Matsuo Yusuke Iwasawa
Google Research® The University of Tokyo The University of Tokyo

Both papers
will appear in
NeurlPS'22!



Chain-of-Thought Prompting

» Few-shot vs. Zero-shot

(a) Few-shot

4Fh}ger has & tennis balls, He buys 2 more cans of tennis |
ballz. Each can has 3 tennis balls. How many tennis balls does
he have now?

A The answer s 11.

Q0 A Juggler cam juggle 18 balls. Half of the balls are golf balls,
and hall of the goll balls are blue. How many blus goll balls are
thera?

A

(Qudpul] The answeris 8 X

- /

(c) Zero-shot

O A jugaler can juggle 16 balls. Half of the balls are gof baII;.\\,
and half of the golf balls are blue. How many blue golf balls are
there?

A: The answar (arabic nurmerals) is

(Cwput) 8 X

J
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(b) Few-shot-CoT

l,/-E]:- Roger has & tennis balls, He buys 2 more cans of ten%
palls. Each can has 3 tennis balls. How many tennis balls does
hie have now?

A Roger started with 5 balls. 2 cans of 3 lannis balls each 15 G
tennis balls. 5 + 6 =11, The answeris 11.

Q0 A juggler can juggle 16 balls. Hall of the balls are goll balls,
and half of the goif balls are blue. How many blus golf balls are
there?

A

(Oufput) The juggler can juggle 16 halls, Half af the balls are golf

balls. S50 there are 16 /2 = § golf balls, Half of the golf bails are
blue. So there are 8/ 2 = 4 blue goif bals. The answar s 4, v”/

(d} Zero-shot-CoT (Qurs)

r/{i-]: & juggler can juggle 16 balls. Half of the balls are golf halls-:“‘.

and halfl of the golf balls are blue. How many blue golf balls are
there?
& Let's think step by step.

(Owtpurt) There are 16 balls fn total. Half of the balls are golf
balis. Thal means thal thers are 8 gaif balls, Hall of the goll balls

'-\fre biwe, That means thal there ars 4 blue golf balls. _/I




Chain-of-Thought Prompting

» Free Response vs. Multiple Choice

Free Response

Question: If there are 3 cars in the parking lot
and 2 more cars arrive, how many cars are in the
parking lot?

* Manually composed 8 exemplars
» All contains equations with flexible formats

« Benchmarked on:
Answer: There are originally 3 cars. 2 more
cars arrive. 3 + 2 = 5. The answer is 5. » GSMBK (Cobbe et al. 2021)

. SVAMP (Patel et al., 2021)

« MAWPS (Koncel-Kedziorski et al., 2016)
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Chain-of-Thought Prompting

» Free Response vs. Multiple Choice

Multiple Choice * 4 exemplars, whose questions, intermediate
Question: A person is traveling at 20 km/hr :ea.so.nmg, i‘nd answers are from AQUA-RAT's
and reached his destiny in 2.5 hr then find raining se
the distance? Answer Choices: (a) 53 km (b) . Exemblars have flexible formats
55 km (c) 52 km (d) 60 km (€) 50 km P
Answer: The distance that the person * Benchmarked on AQUA-RAT (Ling et al.,
traveled would have been 20 km/hr * 2.5 2017)
hrs = 50 km. The answer is (e).

GSMBK (Cobbe et al. 2021)
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GSMSK

SVAMP

Arithmetic Reasoning - Results

Instruct GPT-3 PaLM LaMDA

§ 80 80 80 |

g 60| 60 A 60 ©

o= *

o 40 A 40 o . m(

= * A” ‘

B 20| o 20 " 2| |

o ‘ A
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Model scale (# parameters in billions)

GSM8K
Josh decides to try flipping a
house. He buys a house for
$80,000 and then puts in $50,00
in repairs. This increased the
value of the house by 150%.
How much profit did he make?

SVAMP
Each pack of dvds costs 76
dollars. If there is a discount of
25 dollars on each pack. How
much do you have to pay to buy
each pack?



Arithmetic Reasoning - Results

Instruct GPT-3 PaLM LaMDA
il o T % WO, . S GSMEK
< 80 80 80 } : ’ ;
= Josh decides to try flipping a
= E 60 il BB ~ house. He buys a house for
3 g 4 il ~ $80,000 and then puts in $50,00
s A
2 20p .7 I _ainrepairs. This increased the
ol & . oL a=——e—=a—%"° | yalue of the house by 150%.
2 5 42 2 58 137 T
; d = - - % YT How much profit did he make?
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100 IO Py
SVAMP
§‘ 80 + 80 ’A 1 80 1
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Prior Best — Fine-tuning + Verification

@ ©,

Generate and label

Train generator 100 solutions/problem

Generator Generator
Qi | questions ? T T ¢
S; | solutions Qi | S; S} > Y
Y; | labels S2 L V2
Qi
[ N ]
Fine-tuned 2 epoch on training set. Si% - Y10

Sample 100 solutions from the generator for each training T

problem and label each solution as correct or incorrect.

Train a verifier for a single epoch on this dataset.
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Prior Best — Fine-tuning + Verification

®

Train generator

Generator

Generate and label

100 solutions/problem

Qi | questions

S; | solutions

Y; | labels

1. Fine-tuned 2 epoch on training set.
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MAWPS

MAWPS

SingleEq
Solve Rate [%)]

AddSub

Solve Rate [%)]

Arithmetic Reasoning - Results

Instruct GPT-3
100 e e rram vt

0.35 1.3 6.7 175

PaLM

100 F——

8 62 540

LaMDA

042 2 8 68 137

----- Prior Best —e—Zero-Shot -4a -Zero-Shot CoT —e—~Few-Shot -A -Few-Shot CoT
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100 F—

80

60 |

§ )| SO —— S ey
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Model scale (# parameters in billions)

100

30

60

MAWPS - SingleEq
If there are 7 bottle caps in a
box and Linda puts 7 more
bottle caps inside, how
many bottle caps are in the
box?

MAWPS - AddSub

There were 6 roses in the
vase. Mary cut some roses
from her flower garden.
There are now 16 roses in
the vase. How many roses
did she cut?



MultiArith
Solve Rate [%]

AQuA

Solve Rate [%]

Arithmetic Reasoning - Results
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60
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Model scale (# parameters in billions)

MAWPS - MultiArith

The school cafeteria ordered
42 red apples and 7 green
apples for students lunches.
But, if only 9 students wanted
fruit, how many extra did the
cafeteria end up with?

AQuA-RAT
A person is traveling at 20
km/hr and reached his
destiny in 2.5 hr then find the
distance? Answer Choices:
(@) 53 km (b) 55 km (c) 52 km
(d) 60 km (e) 50 km



Arithmetic Reasoning - Results

» Both zero-shot and few-shot CoT promptings are
emergent abilities of model scale.

» Do not positively impact performance for small models

start to yield performance gains when used with models with
more than ~100B parameters.

» Few-shot CoT achieves better performance on LLM than

Ze rO‘S h Ot COT. Instruct GPT-3
100 | o T ' ™
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