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Activation Function
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Activation Functions

Step

tanh

f(z) =tanh(z) = (e —e %) /(e*+€7%) oo

Leaky RelU (alpha=0.3)

_ net ifnet >=0 _
f(net) = { f g

o X net otherwise

Sigmoid

RelU

ELU (alpha=1.0)

f(x) = max(0,x)

joe - {

net ifnet >=10
o x (exp(net) — 1) otherwise
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Loss Function (Cost Function)

* Quadratic Cost Function (Mean Squared Error, MSE)

C(w,b) = 5= (@) - alf

* Cross Entropy
H(p,q) = — Y p(z) logq(x)

 Focal Loss

z|class]
Loss(z,class) = —aqss(1 - )7 log (

Zj eﬂ.ﬂ

z|class]




Optimizer - Gradient Descent
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Optimizer (backpropagation)

Optimizer L A
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Summary

Is there an eye in the top left?

 Architecture

Is there an eyve in the top right?

 Activation Function

* Loss Function

. I there a mouth at the bottom?

* Optimizer

 Mini Batch

NN Play Ground

Is there a nose in the middle? > Is this a face?


https://playground.tensorflow.org/#activation=tanh&batchSize=10&dataset=circle&regDataset=reg-plane&learningRate=0.03&regularizationRate=0&noise=0&networkShape=4,2&seed=0.54580&showTestData=false&discretize=false&percTrainData=50&x=true&y=true&xTimesY=false&xSquared=false&ySquared=false&cosX=false&sinX=false&cosY=false&sinY=false&collectStats=false&problem=classification&initZero=false&hideText=false

Convolutional Neural Network




A Toy ConvNet: X’s and O’s

A two-dimensional
array of pixels

CNN
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Computers Are [ iteral
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Features Match Pieces of The Image
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Max Pooling
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Max Pooling
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Max Pooling
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Max Pooling
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Pooling: Shrinking The Image Stack

* Pick a window size (usually 2 or 3).
* Pick a stride (usually 2).
 Walk your window across your filtered images.

* From each window, take the maximum value.



Fully Connected Layer
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Hyperparameters

e Convolution
 Number of features (Kernel/Filter)
 Size of features (Kernel/Filter)

* Pooling
e Window size
e Window stride

* Fully Connected
* Number of neurons (Nodes)



Architecture

* How many layers of each type ?

 In what order?

* How do all layers connect to each other?



Classic Architecture - AlexNet

Convolitional Layers




Classic Architecture — VGG16/19
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DepthCancat
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Classic Architecture - GooglLeNet



Classic Architecture - ResNet

Revolution of Depth

152 layers |

E 32 layers J ‘ 19 layers J

\ 6.7 2.3
\
3.57
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ResNet GoogleNet VGG
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Classic Architecture - ResNet
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Classic Architecture - U-Net

1 64 64

128 64 64 2

Input
Image
tile

output
segmentation
map

4

\/

288 x388 W

390x390 ¥

392 x 392
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572 x 572
570 x 570
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¥ 106 128 I

2002
1982 !
1962 !

512 256 '
“g[l'gl';l =» conv 3x3, RelLLU

= copy and crop
512

e e # max pool 2x2

4 up-conv 2x2
=» conv 1x1




Classic Architecture — GAN (Generative
Adversarial Network )

sample

fake /real
> probability

Random

Noise z =P G

sample



RNN

Y(t) Y(t+1)

X(t) X(t+1)

Q: Asia Pacific
) i,
o Y Comp

any



Graph CNN/RNN

* Graph Generation
* Edge Prediction

* Graph Clustering
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Input

Hidden layer

Hidden layer
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RelLU

Output




Overfitting

Y
~—©-

O Data
2nd Order Fit

0] —10th Order Fit




Prevention of Overtfitting

* Data Augmentation
* Dropout

e L1/L2 Normalization



Angular Super Resolution

Iy = (1= OVeeo © 8Ug, Feso) + tVees © 81, Fin) )/ (1 = O)Veeo + tVeeq )

-1
I = = O((1—t)Veieo®g(o, Fim0) +tVie1®g(I1, Fi—1))
where Z = (1 —t)V,,0 + tVi1
Then the approximate optical flows, F,, and F,.;, are

calculated from F,_,; and F;_,, as follows:

F‘t—>0 — _(1 _ t)tFO—>1 + t2F1—>O

Ft—>1 (1 — t)2F0—>1 _ t(l R t)F1—>O

at each time step t

Synthetic Image \ _ J] Synthetic Image

Ftoo = Ift—>0 + AFi 0
Fi1 = Feoq + AF 4

D Synthetic Image

flow computation arbitrary-time flow interpolation



Real Frame Real + Predicted Frame




Ground Truth

Angiographic Images

SSIM Maps

SSIM = 0.581 SSIM = 0.566
SSIM Scale

SSIM = 1.000

0 0.5 1

Magnified Images



Prediction of Nutritional Index From CT Image

“

truth

Abdominal CD
muscle w

Nutritional Index:
Albumin
PNI
PLR

e

Muscle 0.93 0.96

paraspinal 0.94  0.97 Cancer Stage Mortality
Psoas 0.90 0.95
SAT 0.93 0.96

VAT 0.94 0.97



Dental Age

RetinaNet

class+box
subnets ,

| |

| |

| / / l

| ]

[ WxH WxH | 1

: XA |
\ : / / / :

\ | |

classthox | | / / / |
subnets \ : . ’ ‘ :
[ WxH WxH WxH |

| X256 xaA | |

| / / I

| ]

| ]

| ]

I
%256 x4

\4

e
box x256 | x4

subnet /

(a) ResNet (b) feature pyramid net (c) class subnet (top) (d) box subnet (bottom)

Y

Figure 3. The one-stage RetinaNet network architecture uses a Feature Pyramid Network (FPN) [20] backbone on top of a feedforward
ResNet architecture [16] (a) to generate a rich, multi-scale convolutional feature pyramid (b). To this backbone RetinaNet attaches two
subnetworks, one for classifying anchor boxes (c) and one for regressing from anchor boxes to ground-truth object boxes (d). The network
design is intentionally simple, which enables this work to focus on a novel focal loss function that eliminates the accuracy gap between our
one-stage detector and state-of-the-art two-stage detectors like Faster R-CINN with FPN [20] while running at faster speeds.

Siamese network

Staging for each tooth «

4

Dental age



Dataset-the key is distribution

* Train, Valid, Test e i e
@ AR EE 1055 (k=10)
(0, [0y [y 1D, [D; Dy 1B, [0y [0y Do)
Iteration Training Set Valication Set
 K-fold cross validation 1% D, [D, |D, D, [D; [D; D, [D; [D, [N 0., [N
. Reoeat K-fold » N D - -
epeat K-fo »  CNDINSCECECECEEY DF - -
* Group K-fold : :
Nested K-fold YR o, 0, 0. 0, 0. (0 0, 0, 0, RO, IS

e Stratified K-Fold
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* Very good performance: 50000

* Good performance: 10000

* Mediocre: 5000

e Minimum: 1000 1
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Natural Language Processing

e NLP Tasks



Seqg2Class

=d Model EJUER

Seq2Seq

Bl Vo BgE



Sentiment Classification

Stance Detection NLI
One Class Veracity Prediction Search Engine
Intent Classification Relation Extraction

Dialogue Policy

POS tagging
Class for Word segmentation
Extraction Summarization
each Token st =l
NER
Co
PY Extractive QA
from Input
| Abstractive Sum.marlzatlon General QA
Genera Translation . .
. Task Oriented Dialogue
Sequence Grammar Correction
Chatbot
NLG
Other? Parsing, Coreference Resolution

Source of table: Dr. Lee Hung-Yi



Seqg2Class



Sentiment Classification

feos N\ KER30 0 =2 F-HrHY => Positive

¥as A KEK30 > i MIHE= Al o FH B 1Y => Negative
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Stance Detection

Post: 125 A K305 H
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Classification: Support, Denying, Querying,
Commenting



Natural Language Inference (NLI)

Contradiction
Entailment
Neutral

Premise: A person on a horse
jumps over a broken down
airplane.

contradiction Hypothesis: A person is at diner
entaiment  Hypothesis: A person is outdoor, on a horse.

Neutral Hypothesis: A person is training his horse for
a competition.



Search Engine

Relevant

-

. Can you get medicine for someone pharmacy

BEFORE AFTER

9:00 v4dl 9:00 w40
google.com google.com

l'ﬁ'l MedliinaHlus (.gov) » ancy » article ‘# HHS gov » hipaa » for-professionals

Getting a prescription filled: MedlinePlus Medical

Can a patient have a fnend or family member
Encyclopedia

pick up a prescription
Aug 26, 2017 - Your health care provider may give you a Dec 19. 2002
prescription in ... YWrting a paper prescrnption that you
lake o a local pharmacy ... Some people and insurance
companies cChobsa 10 use

A pharmacist may use prolessional
juagmeant and expaneénce with common practice to ... tha
palient’s best interesl in allowing a person, other that the

pabent, (o pick up a prescnplion

https://www.blog.google/products/search/search-language-understanding-bert/



POS (Part-of-Speech) Tagging

I 1T 11

PN V i) Ii/

Jack saw a saw



Word Segmentation

Down-stream Task
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Seq2Seq

S




Machine Translation

| love you

N

Je vous aime



Seqg2Seq

Question Answering —>—>

Reading comprehension

Question

=) ANSWeEr

\Yi[eYe[=]

Knowledge w=m
Source




Multi-label Classification Seq2Seq

-—

Class 1 Class 1 Class 3
Class 5 Class 9

Class 11

A
me) B\VileYo[=)} === Class 1 Class 5 Class 13

https://arxiv.org/abs/1909.03434
https://arxiv.org/abs/1707.05495



Object Detection Seq2Seq

ER vore fdE

. - . e S S e e Yy i |

( \T'\r» FFN

FFN

backbone h encoder

LillllE

CNN +

transformer transformer

I
:' encoder decoder E: = La
: J 3K I 2 N O SO |
: bhitE D [ bebe | b
: object queries | |

https://arxiv.org/abs/2005.12872



Extractive QA

S

I

E

I

I

I

Document

In meteorology, precipitation is any product
of the cnndensat atmospheric water vapor
that falls under gravity. The main forms of pre-
cipitation include drizzle, rain, sleet, snow, grau-
pel and hail... Precipitation forms as smaller

droplets coalesce vilisiun other rain
drops or ice crystals within a cloud. Short, in-

tense periods of rain in scattered locations are
called “showers" .

What causes precipitation to fall?
gravity ('s-17 g=17 |

What is another main form of precipitation be-
sides drizzle, rain, snow, sleet and hail?
graupel

Where do water droplets collide with ice crystals
to form precipitation?
within a clnud[ 5=77,E=79 ]




cleverboct

https://www.cleverbot.com/

Chatting

Sorry for what? No. How old are you?

Cleverbot: For not remembering your name.  Cleverbot: 2000 years old.

Do you remember your name? You are so old!
Cleverbot: Yes I do... Cleverbot: No i'm quite young.
What is your name? How old are you?
Cleverbot: Once again, I can't tell you. Cleverbot: Why do you keep asking
me that?

You have told me that you are Mara.

Because I want to know your

Cleverbot: I am a boy. age

?
Are you a boy: Cleverbot: What if I do not want to

Cleverbot: Yes. tell you.
Are you a girl? Then don't tell me your age.
Cleverbot: No, are you? Cleverbot: My name is Blue Monday.

Source of Example: Dr. Lee Hung-Yi



GLUE General Language Understanding

Fvaluation

Sentiment |
Classification
Semantic
Similarity
Natural

Language  —
Inference

GLUE Tasks
W ETNE
The Corpus of Linguistic #ﬂ E,“I Matthew's Corr
Acceptability e e
The Stanford Sentiment Treebank i‘a E)l. Accuracy
Microsoft Research Paraphrase 4 7 1/ Accurac
Corpus & @ J y
Semantic Textual Similarity 4 7 Pearson-Soearman Corr
BenChmark u ................ p
Quora Question Pairs -'h E)l. F1 / Accuracy
MultiNLI Matched -'h E)l. Accuracy
MultiNLI Mismatched -'h E)l. Accuracy
Question NLI -'h E)l. Accuracy
Recognizing Textual Entailment -'h E)l. Accuracy
Winograd NLI -'h E)l. Accuracy
Diagnostics Main -'.‘.m E/l‘ Matthew's Corr

Chinese version https://www.cluebenchmarks.com/



SuperGLUE Tasks

Name Identifier Download More Info Metric
Broadcoverage Diagnostics AX-b -'.'n E}' Matthew's Corr
CommitmentBank CB -."m l:)l. Avg. F1/ Accuracy
Choice of Plausible Alternatives COPA -."'m E}l' Accuracy
Multl-Sentenr.;e Reading MUIiRC .‘!’, E c1a ) EM
Cgmprehensmn ............................
Recognizing Textual Entailment RTE -'.'n E}' Accuracy
Words in Context WIC -."m l:)l. Accuracy
The Winograd Schema

J WSC -."m l:)l. Accuracy
Cha"enge ............................
BoolQ BoolQ -".& E}l. Accuracy
Reading C hensi ith

el e ensm.n W ReCoRD -‘!'u B" F1 / Accuracy

Commonsense Reasoning . .
‘u"u{mogenfz:ler Schema AX-g -‘.& l:)|l Gender Parity /
D|agng5t|(;s ............................ A(;(;urg(;yr

https://super.gluebenchmark.com/tasks



DecaNLP

e 10 NLP Tasks
«  FATATask & B @7 H FQA
Examples

Question

What is a major importance
of Southern California in relation
to California and the US?

What is the translation
from English to German?

What is the
summary?

Hypothesis: Product and geography
are what make cream skimming
work. Entailment, neutral,

or contradiction?

Is this sentence
positive or negative?

Context

...Southern California is a major
economic center for the state
of California and the US....

Most of the planet is
ocean water.

Harry Potter star Daniel
Radcliffe gains access to a

reported £320 million fortune...

Premise: Conceptually cream
skimming has two basic

dimensions — product and geography.

A stirring, funny and finally
transporting re-imagining of
Beauty and the Beast and
1930s horror film.

Answer

major economic
center

Der Grofiteil der
Erde ist Meerwasser

Harry Potter star

Daniel Radcliffe gets

¥ 320M fortune...

Entallment

positive

Extractive QA

Translation

Summary

Sentiment classification

J

https://decanlp.com/



Natural Language Processing

* Transformer



Input Is a Set of Vector

One-hot Encoding

Apple=[100000000 .....]
Ball =[010000000 ......]
Call =[001000000 ......]
Dog =]000100000 ...... ]
This is a dog

I\_/I

Word Embedding

Shoot

.Th row

..Flower
Grass

® [ree

© Wombat

o Cat
o Dog




Sequence Labeling
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Sequence Labeling

| SaW a SaW



Self-attention ‘ ‘

FC p FC

Self-attention

NN




1 1 1 1
Self-attention

FC FC il FC g FC

Y 1 Y Y
Self-attention




Attention Is All You Need

Ashish Vaswani”
Google Brain
avaswani@google.com

Llion Jones™
Google Research
1llion@google. com

Jakob Uszkor
Google Resear
usz@google.«

Niki Parmar”
Google Research
nikip@google.com

Noam Shazeer”
Google Brain
noam@google.com

Aidan N. Gomez* |
University of Toronto
aidan@cs.toronto.edu

Lukasz Kaiser”
Google Brain

lukaszkaiser@google. con

Ilia Polosukhin® *
illia.polosukhin@gmail .com

arXiv:1706.03/7/62v5

-

| Y
~>| Add & Norm |
Feed
Forward

| 1

|
~>{ Add & Norm |

Multi-Head
Attention

Qutput
Probabilities

|

Softmax

1

Linear

t

1
Add & Norm Je=

Feed
Forward

t

Add & Norm

Multi-Head
Attention

i

N x

o

I
Add & Norm  Je=,

Masked
Multi-Head
Attention

At
" o

Positional ®
+

Encoding
Input
Embedding

I

Inputs

N

\_1_)

.

J

o

Output
Embedding

I

Outputs

(shifted right)

Pasitional
Encoding



Self-attention




Self-attention

@ m W W



Self-attention

ax=4q-K
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| 4
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g1k q1 Ky
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Self-attention
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Layer Norm
https://arxiv.org/
abs/1607.06450

mean m

> standard
deviation o

Encoder ..

Add & Norm

Multi-Head
Attention

QOutput
Probabilities

1

Softmax

| Linear

’

Add & Norm

Feed
Forward

:

| | Add & Norm

Multi-Head
Attention

e

N %

Add & Norm

Decoder

Masked
Multi-Head
Attention

.

Positional
Encoding

Input
Embedding

I

Inputs

S

Positional

Encoding
Qutput
Embedding

I

Outputs
(shifted right)

Cross Attention

arXiv:1706.03762v5



https://arxiv.org/abs/1706.03762v5

Adding “Stop Token”

Encoder

L
(HRes 2

softmax

START

distribution

0.0
0.8
0.0

Size V
(common
characters)

Source: Dr. Lee Hung-Yi



Autoregressive Stop at here!

fi a = = END
A A A A A
max:i max:i: max: max: max:
Encoder Decoder

Mene . & F

o
g O5L B3] 5171
( TF%E%—,I—* H ) START Tf-_\% %‘g inE ﬂE:-f

Source: Dr. Lee Hung-Yi



Natural Language Processing

* BERT



BERT (Bidirectional Encoder
Representations from Transformers)

*Self-supervised Learning
* 3 Billions of words
* Masking Input
* Next Sentence Prediction
*SOP: Sentence Order Prediction (ALBERT)

*Encoder of Transformer
https://arxiv.org/abs/1810.04805


https://arxiv.org/abs/1810.04805

Masking Input

Ground Truth

Cross
— <
Entropy

Transformer
Encoder

Randomly
mask tokens

o

PR [Mask]



Next Sentence Prediction
* RoBERTa (Robustly

optimized BERT approach)
https://arxiv.org/abs/1907.11692

FC —— Yes/No

T  ALBERT (use SOP)
D https://arxiv.org/abs/1909.11942

I T

[CLS] w; w, [SEP] w; w, W,

Sentence 1 Sentence 2


https://arxiv.org/abs/1907.11692
https://arxiv.org/abs/1909.11942

Self-supervised Pre-train
Learning ‘ BERT

Fine Tune

a ' D ; a ; D
Model for Model for
Task 1 Task 3
U ) U 4




Performance of BERT Family
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https://arxiv.org/abs/1905.00537



Pre-training a Seqg2seq Model

Reconstruct the input Seq

W, W, W3 W,

4 4 4 4

v v v v

Ws  Wg W; W

Cross Y Y ‘ ‘

Attention
Encoder > Decoder

[ —

W, w, W3 W, Corruptinput Seq

Source: Dr. Lee Hung-Yi



TS5 (Text-To-Text Transfer Transformer) -
Comparison

Objective

[nputs

Targets

Prefix language modeling

BERT-style
Deshuffling

[.i.d. noise, mask tokens
[.i.d. noise. replace spans
[.i.d. noise, drop tokens
Handom spans

party me for your to .

Thank you for inviting
Thank vou <M> <M> me to vour party apple week .

last fun you inviting week Thank
Thank vou <M> <M> me to vour partyv <M> week .

Thank vou <X> me to your party <Y> week .
Thank vou me to yvour party weelk .

Thank vou <X> to <Y> weel .

me to vour party last week .
(original text)

(original text)

(original text)

<X> for inviting <Y> last <Z>

for inviting last

<X> for inviting me <Y> your party last <Z>

High-level
approaches

, Language
modeling

e

b

)

S~

BERT-style

L

-

.

P

Deshuffling

L

'1

-

Corruption
strategies

#

e

Mask

'

r

~

L

Replace
spans

%

A

P

Drop

~,

Corruption
rate

10%

15%

29%

20%

Corrupted
span length
2
3
5
10

https://arxiv.org/abs/1910.10683v3



class
Y

Linear

Y
Y

[CI_S]

>Random
initialization

Better than random
Init by pre-train
A

BERT
1 1 1
W1 W5 W3
sentence

Input: sequence
output: class

Example:
Sentiment analysis

. this is good

positive

> This is the model to
be learned.

_/

Source: Dr. Lee Hung-Yi



class class class

1 1 Y

Linear Linear Linear

1 Y Y

BERT
Y Y Y
[CLS]  wy, Wy Wy
sentence

Input: sequence
output: same as input

Example:
POS tagging

Source: Dr. Lee Hung-Yi



Extractive QA

S
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Document

In meteorology, precipitation is any product
of the cnndensat atmospheric water vapor
that falls under gravity. The main forms of pre-
cipitation include drizzle, rain, sleet, snow, grau-
pel and hail... Precipitation forms as smaller
droplets coalesce vilisiun other rain
drops or ice crystals within a cloud. Short, in-
tense periods of rain in scattered locations are
called “showers" .

What causes precipitation to fall?
gravity ('s-17 g=17 |

What is another main form of precipitation be-
sides drizzle, rain, snow, sleet and hail?
graupel

Where do water droplets collide with ice crystals
to form precipitation?
within a clnud[ 5=77, E=79 J

Source: Dr. Lee Hung-Yi




Random 0'13 OiS sz
Initialized Softmax

inner product m)p

BERT

Y Y Y Y Y Y
1 g2 [SEP] d, d, d;

guestion document

Source: Dr. Lee Hung-Yi



s=2 e=3

The answer is “d, d;”.

Y
[CLS]

Random
Initialized

Y Y
1 P,

guestion

BERT

|
[SEP]

0.1
f

0.2
f

0.7

Softmax

inner product mp

Y
d

Y
d;

document

Y
d;

Source: Dr. Lee Hung-Yi



Random Initialization vs. Pre-train

0.8 ,“ == MNLI fine-tune
P L LY = 4 11 —#=- MNLI scratch
= RTE fine-tune
E 0.6 - “*.‘ —4 RTE scratch
] . % ~ A | —— MRPC fine-tune
o N a | ‘1 —~& - MRPC scratch
- 0.4 “..*__t\,‘ \ —t— SST-2 fine-tune
E \i‘» ‘\"%-.. ~B- SS5T-2 scratch
(O 1"-'\\ BN
“ 0.2 VP =y
= 1Y '.*"'-*.._. H"""""
"'*-_-i-— -*—*-_—i-— it =
0.0

0 2 4 6 8 10 12 14 16 18 20
Epochs

https://arxiv.org/abs/1908.05620



* Applying BERT to protein, DNA, music classification

El CCAGCTGCATCACAGGAGGCCAGCGAGCAGGTCTGTTCCAAGGH
AGACCCGCCGGGAGGCGGAGGACCTGCAGGGTGAGCCCCACC
AACGTGGCCTCCTTGTGCCCTTCCCCACAGTGCCCTCTTCCAGGA
CCACTCAGCCAGGCCCTTCTTCTCCTCCAGGTCCCCCACGGCCCT
CCTGATCTGGGTCTCCCCTCCCACCCTCAGGGAGCCAGGCLCTCGGH
AGCCCTCAACCCTTCTGTCTCACCCTCCAGCCTAAAGCTCCTTGA(
CCACTCAGCCAGGCCCTTCTTCTCCTCCAGGTCCCCCACGGCCCT
CTGTGTTCACCACATCAAGCGCCGGGACATCGTGCTCAAGTGGG,
GTGTTACCGAGGGCATTTCTAACAGTCTTCTTACTACGGCCTCCGC
TCTGAGCTCTGCATTTGTCTATTCTCCAGCTGACCCTGGTTCTCTC

AL

Z2 Z2 Z2 mmmMmm mMm

Protein DNA Music

localization stability fluorescence H3  H4 H3K9ac Splice composer

specific 69.0 76.0 63.0 87.3 87.3 79.1 94.1
BERT 64.8 74.5 63.7 83.0 86.2 78.3 97.5 55.2
re-emb 63.3 75.4 37.3 78.5 83.7 76.3 95.6 55.2

rand 58.6 65.8 277.5 75.6 66.5 72.8 95 36 https://arxiv.org/abs/2103.07162



Natural Language Processing

*GPT



GPT — Predict Next Token

. >t
v = Al

o — ——

Decoder of Transformer
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https://www.microsoft.com/en-us/research/blog/turing-nlg-a-17-billion-parameter-
language-model-by-microsoft/



In-Context Learning

Zero-shot

The model predicts the answer given only a natural language
description of the task. No gradient updates are performed.

Translate English to French: task description
cheese == prompt
One-shot

In addition to the task description, the model sees a single
example of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer example
cheese => prompt

Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivree

plush girafe => girafte peluche

cheese => prompt

https://arxiv.org/abs/2005.14165



Accuracy

Aggregate Performance Across Benchmarks

100
—eo— Few Shot
—eo— (One Shot
80 —e— Zero Shot
60
_..--"""//4
,-r-"'f
_/"__{__’..-‘"
40 ,A—_/./ff )
: —8—
Fﬁ/ff'fj: 5
20
0 -
0.1B 04B 08B 1.3B 26B 6.7B 13B 1758

Parameters in LM (Billions)

Average of 42 tasks  https://arxiv.org/abs/2005.14165



+ 2 digit addition (2D+) — The model is asked to add two integers sampled uniformly from [0, 100), phrased in
the form of a question, e.g. “Q: What 1s 48 plus 767 A: 124.”

» 2 digit subtraction (2D-) — The model is asked to subtract two integers sampled uniformly from [0, 100); the
answer may be negative. Example: “Q: What is 34 minus 537 A: -19”.

+ 3 digit addition (3D+) — Same as 2 digit addition, except numbers are uniformly sampled from [0, 1000).

100
—e— Two Digit Addition

—e— Two Digit Subtraction
80 Three Digit Addition
—e— Three Digit Subtraction
—e— Four Digit Addition
—e— Four Digit Subtraction /
+— Five Digit Addition 7
Five Digit Subtraction
»— Two Digit Multiplication
—e— Single Digit Three Ops

Accuracy

4

20 %
o — -

0.1B 0.4B 08B 1.3B 26B 6.7B 13B 175B
Parameters in LM (Billions)

https://arxiv.org/abs/2005.141



