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Recent evolutional development of generative-Als.

* I'm simply interested in the mechanism of the Als.

- As a researcher in science, I want to understand the Als are.

Evolution of the Al's is exponential

that often goes beyond prediction.



I. How a Generative-Als work

the mechanism

Transformer: A. Vaswani et al.,Attention is All You Need

https:/ /doi.org/10.48550/ arXiv.1706.03762
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Natural Language Processing (NLP)

A field in the Artificial Intelligence (AI) technology.

others: machine learning, computer vision, speech recognition,
robotics, expert systems, evolutionary algorithms, ...

Capability of using a language: one of the keys for human civilization

— applies also to the evolution of Als

Generative Al:

Al models that can create new contents such as text, images, or music

similar in structure and features to the training data.

Training
sequence to sequence model l
L. Sutskever, O. Vinyals, Q. V. Le Input —» | Generative Al | —» Output
(google) NIPS-2014



https://proceedings.neurips.cc/paper/2014/file/a14ac55a4f27472c5d894ec1c3c743d2-Paper.pdf
https://proceedings.neurips.cc/paper/2014/file/a14ac55a4f27472c5d894ec1c3c743d2-Paper.pdf

Transformer
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Figure 1-1. The transformers timeline

Transformer

Transformer was innovated in 2017.
— Revolution in the NLP technology

followed by many branch models.

M2M-100

BigBird

BERT, BART, GPT, BIRD...

Figure 3-8. An overview of some of the most prominent transformer architectures



Before Transformer

1982-: RNN: Recurrent Neural Network J. Hopfield, ...

o direct memory of previous inputs

but hidden state vector of previous steps

T T T T — analogy: reading books

Input1 Input 2 Input3 Inputt

Figure 1-2. Unrolling an RNN in time

Vanishing gradient problem (for long term dependence)

Long training time, computational cost, scalability problem

A Typical Convolutional Neural Network (CNN
. B\
1980-: CNN: COHVOlutlonal Neural Network Convolution Pooling  Convolution pooling _‘—::. 3 ‘; i
;: : : . E ‘:\
N . : s . T — @
Grid-like structure for image or video recognition At =48 — ¢
Kernel X /)
N @
. . nput Ima atur 00l eatured 00l atten /
filters, pooling layers R = T i
3 Feature Maps a; Fully connected layer
lack of interpretability, computational costs - [P

K. Fukushima, Y. LuCun, ... 7



Transformer

Transformer: 2017 (Google)

A. Vaswani et al., Attention is All You Need arXiv.1706.03762

A break through: greatly accelerated the NLP technology

- encoder-decoder framework
- self-attention mechanism

- transfer learning

Simplicity and Scalability


https://doi.org/10.48550/arXiv.1706.03762
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Figure 1: The Transformer - model architecture. A. Vaswani et al. (2017) arXiv.1706.03762 ¢
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Encoder /Decoder
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. . Encorder Section —
to internal representation - ~ || Loy
Pt
Multi-Head
Feed Attention
Decoder: Forward 7 J N
Ne—
—6
= N -
translates data (context) N=6INx | —(A57% Nom) Masked
Multi-Head Multi-Head
. . Attention Attention
from internal representation T ) 1 7
,  — /) \——F v,
to external representation PosSTional S Postional
Encoding & Encoding
Input Output
Embedding Embedding
j ) . Inputs Outputs
Practical numbers shown in the slides are (shifted right)

from Transformer (2017)

Figure 1: The Transformer - model architecture.
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Overview

Encoder-decoder architecture

Encoder-decoder architecture
with attention mechanism

Transformers & RNN cell ;j-) Statel

RNN cell -) State 2
. a— 2
~ RNNcell

Transformers

Encoder-decoder architecture
of the transformer

are —
great —

! i

SR AT\ S I 0

IR
EY FENN |
L}
. FENN R g
“'l}{i,»u P ..,1.\5
fig FFNN 8-
SO

e

State 4

Attention |

=
| G @ -
LTRSS SRR S 2 Tt m X

Encoder block

Decoder block

FF NN: Feed-forward Neural Network
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Figure 1: The Transformer - model architecture.
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Tokenizer

Transfer each of the input tokens to an internal representation (vector)

Various types o £ algori thms. A token is a little smaller than a word in English.

e.g. “pre-train-ing”: three tokens

An example: word2vec model, ski-gram architecture < a character in Japanese

— token-recognition

Text = "The cat slept on the couch.It was too tired to get up."
tokenized text= [1996, 4937, 7771, 2006, 1996, 6411, 1012, 2009, 2001,
2205, 5458, 2000, 2131, 2039, 1012]

— internal vector representation

dmodel =512

black=[(-0.01206071 0.11632373 0.06206119 0.01403395 0.09541149
blaCk = 0.10695464

0.02560172 0.00185677 -0.04284821 0.06146432
0.08680347 0.05684567 -0.00717266 -0.03163519
0.01304929 0.01964396 0.01902409 0.02831945
-0.06204525 0.06173197 -0.08613958 -0.04654748

.09466285 0.04642421

03292002 -0.11397766 a vector of real number2
with a dimension of 512

©o o oo

.02728105 -0.07830904

0.04340003 -0.13192849 -0.00945092 -0.00835463 -0.06487109 0.05862355

-0.03407936 -0.00059001 -0.01640179 0.04123065 -0.04756588 0.08812257
0.00200338 -0.0931043 -0.03507337 0.02153351 -0.02621627 -0.02492662
-0.05771535 -0.01164199 -0.03879078 -0.05506947 0.01693138 -0.04124579
-0.03779858 -0.01950983 -0.05398201 0.07582296 0.04639162
-0.06819214 0.01366171 0.01411388 0.00853774 0.03016279
-0.03184025 -0.04273562]]

o

.00038318 -
.02183574 -

o

brown — brown=[[ 1.35794589e-02 -2.18823571e-02 1.34526128e-02 6.74355254e-02
1.04376070e-01 1.09921647e-02 -5.46298288e-02 -1.18385479e-02
4.41223830e-02 -1.84863899e-02 -6.84073642e-02 3.21860164e-02
4.09143828e-02 -2.74433400e-02 -2.47369967e-02 7.74542615€-02 Th f h . .
9.80964210e-03 2.94299088e-02 2.93895267e-02 -3.29437815e-02 € Dvay o t e mappll’lg 1S

.20389187e-02
.03861639%-02
.43322570e-02
.45847875e-02
.87288055e-05
.49557558e-02 -

.40829483e-02 1.04319192e-02 -2.01565702e-03

.92969330e-02 2.57341694e-02 -1.13280728e-01

.90090018e~-03 5.33546880e-02 -2.31553353e-02

.31782512e-02 -4.00604047e-02 -1.02028981e-01 ]»3
.71501152e-02 3.55573371e-02 -1.77437533e-02

.57317147e-02 -3.10291946e-02 -5.51304631e-02 Optlmlzed 11‘1 the tl‘alnlng Stage.

W WwoNnN9 9
w9



Tokenizer

A vector is an internal representation of the concept of the token.

cosine_similarity(black, brown) = [[0.9998901]]

~ the inner-product of the two vectors

represents similarity of the concept of the two tokens.
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Positional Encoding

Embedding the information of the position of each input token

in the d, 4.; dimension vector

Several methods are proposed. pos =2

. 20
For example, in Vaswani (2017) sin <2/ 10000512)
i = 0, 1 ..... dmodel - 1

oz sin| P . ALY /
PE[2i] sm[loooo = ] odd-index www vv‘ wwwwww % w0 ;

PE[2i + 1] = cos [L] even-index

2

2i
Toodel ;
10000 el cos <2/100005%> :
2
pos. encoding  [zEe]  [mmm] S ———
— — 2 l
pos. vector [red | [Cretio ]
+ +
vector I v,=black I y2=brown—| \
Simply, the sum of the token
input ]| [ and position vectors!

positional encoding %Concept is addable. 15




Multi-head Attention Layer
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(shifted right)

Figure 1: The Transformer - model architecture.
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Attention

Attenti()n: D. Bandana, KH Cho, and Y. Bengio (2016) arXiv.1409.0473

stimulated from a brain mechanism

dim. matrices
Q: Queries d, = 64 9, Represented by (weight) matrices
K: Keys d, =64 K . : .
y k w optimized in the training stage
V: Values d, =64 Yo
%Weight matrices are independent for each layer.

. QKT
Attention(Q, K, V') = softmax y 1%
\ Gk

Attention (a — b) = [(Q of token a) . (Koftoken b)] (Voftoken b)

Analogies:
at a supermarket for making a dish at a library
Queries:  ingredients in a recipe Queries: subjects you want to learn
Keys: labels of the item Keys: book titles

Values: items Values:  books 17
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Self-Attention

Self-Attention

- Attention between the tokens in the input

— Relative strength of the relation between each token pair

Layer:|0 v/ Attention: | All v| Layer:[0 v]Attention: Al v tion: | Al v

[CLS] — [CLS] [cLs] [CLs] [cLs] [CLS]

Layer: [0_v]Atten

time - time time time time time
flies - ~ files e TS flies flies flies
like « - like like like like like
N S an an an an an
amow < T arow armow amow armow arow
[SEP] - “~ [SEP) [SEP] [SEP] [SEP] [SEP]
fruit - - fruit fruit fruit fruit fruit
flies - - flies flies flies Iies” flies
like - like like like like like
a \ a a a a a
banana -+ ~_" - banana banana banana banana banana
[SEP] - T [SEP) [SEP] [SEP) [SEP] [SEP)

- efficient way of keeping connection with tokens at long distance
for Vanishing gradient problem

- efficient parallel calculation  for efficient training and a large model

recursive logic —> attention

18



Self-Attention

Self-Attention weight vector
Query q Key k q x k (elementwise) Softmax )
(CE | NS RRR B N1 (3 l FEE 1! . | @ attentighs
time | il 1 -1 T T T 11— tme wo x valueo
@ e [TI 11 CCTIE T {1 L[] ties w1 x value;
like [ ] I FOC R T 0 - T T w2 X value;
an '}l I IITHI - D 1 T = ws x values
arrow | - IR1T [T T 7T T TR emw 4 4
(SEP] FERAE 110 £ I OEC- 1T 1T 1 == ws x values
attention scores T sum
w = inner product T
(with normalization) result vector
to the next layer
%Concept is addable.
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Self-Attention

Self-Attention weight vector
Query q q x k (elementwise) gk Softmax ) /
cs)  (JEUEI T B FiEl T | | @ (e attentigns
time | [T 1 T T 1B tme wo x valueg
& ties —{ 1] T [ fies w1 x value;
ke 1| | -0 11— e w2 X value;
an | -0 L T 1= ws X values
arrow | 1t 1 I 1B armow Wy X valuey
(SEP] TEL R EC-0 1 1 1 o= ws X values
. sum
attention scores T

t

Linear

1

Concat

“t

Multi-Head Attention

Attention

Scaled Dot-Product

2

L

Li

£
inear 'J’

Q

Multi-Head Representation }; =8

X, dmoger = 512 —1—

head 1,x,d; = 64
——— head 2,x,dy = 64
head 3,x,d;, = 64

~o head 4,x,d) = 64

head 5,x,d; = 64
head 6,x,d; = 64
head 7,x,d,, = 64
head 8,x,d,, = 64

i

For each input, attention is
calculated in parallel by & heads.

+— MultiHead (output) = Concat(Z) = x,dpodet

The self-attention works in parallel for each embedding.

T

result vector
to the next layer
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Self-Attention

Questions:
* What does an output vector of a self-attention layer mean?
— Internal representation of the concept of
e.g. “flying arrow” with some flavors of “time", ‘like”, ...

as an output corresponding to the embedding of “flies”

* Why queries, keys, and values are used, instead of using directly using the
input vectors from the previous layer, to calculate the attention score?

For the transformer to be able to focus on different aspects of the inputs.

- Each layer has a different abstraction level of concepts.

- Each head has different abilities

If the input vectors are directly used, the vector space for representing concepts
is limited to just one type.

21



Multi-head Attention Layer

Output
Probabilities

-
Feed

I Forward

Add & Norm [ —~(Adgerom) | =

X = Multi-Head

" ee Attenti
MUltl'Head Forward = Nx
Attention Sh— J;%

N = Add & Norm
A A 2 |~ ladd g Norm ) Masked

N Multi-Head Multi-Head

) Attention Attention

At 1t

—— /) \ — )
Positional D q Positional
. . . Encodin N i
a side-path for partially preserving ? = T Encoding

the information of the previous layer Embedding Embedding

p . P Inputs Outputs
flying arrow... (shifted right)
@ Figure 1: The Transformer - model architecture.

*%Concept is addable. 22



Layer Normalization

Layer Normalization Processes

for preserving the real numbers in the vectors/matrices to be very large.

M vutines PO Position-wise l

Post layer normalization

HM Muitihead l L e
 7‘ ][-E ald "

Pre layer normalization

Figure 3-6. Different arrangements of layer normalization in a transformer encoder
layer

23



Feed-Forward NN
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(shifted right)

Figure 1: The Transformer - model architecture.
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Feed-Forward NN

Feed-Forward Neural Network (FF NN)

Two-layer fully connected neural network

processes each embedding independently

Rectified Linear Unit (ReLU) activation function

— Non-linearity FEN(x) = max(0,xW, + o)W,

for improving the abilities of representation and study

complemental to the attention layer

25



Output Embedding

Output
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-
Feed
Forward
Positional l—tﬁ
. e ] ~\ Add & Norm
Encoding — (EEAEE) Muit-Head
Feed Attention
Output Forward DY) Nx
:
Embedding —_— (Add & Nom :
x dd & Norm Vaskod
Multi-Head Multi-Head
Attention Attention
—t —t
Qutputs —] )
Positional D r Positional
Encoding & Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Figure 1: The Transformer - model architecture.
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Output Embedding

Output embedding

is similar to the input embedding
The inputs of the output embedding are

In the training time:

Entire text.
In a training of the translation, for example, well-translated texts (the
answers) are included as well as the text to translate (questions).

In the using time:

Entire input text and all the previous outputs from the transformer.

27



Masked Multi-Head Attention
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(shifted right)

Nx

Positional
Encoding

Figure 1: The Transformer - model architecture.
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Masked Multi-Head Attention

Masked Multi-Head Attention

is the same as the attention in the encoder section

except that all the tokens after the present token are masked.

The mask prevents the transformer to use the information of the inputs
after the present token.

In the stage of using, the future output is unavailable.

— Prevent using the information after the present token in the training stage.

The regulation is relaxed in several types of transformer models, e.g. BERT.

29



Encoder-Decoder Attention

Encoder-Decoder Attention
is a multi-head attention similar to the encoder
inputs are

- queries from the previous decoder attention

-keys and values from the encoder final block (of all the input embedding)

The purpose:

to be able to align the output of the decoder using the knowledges
in the encoder section

e.g. for language translation.

XTransferring knowledge, between the parts, is achieved by sending
keys and values. 30



Transtformer: Questions

Where is the knowledge stored in the transformer?

In the weight matrices of each attention layer and the biases in each FFNN layer.

Semantics and syntactics are in the embedding/output layers.

Why the Als can work as human with this simple structure?

No answer.

However, note that many conceptual mechanism of an Al are taken from the
human brain. Thus, an Als can work as a human brain can work.

The necessary ingredients are key concepts (attention/NN) and a sufficiently
large complexity.

31



Transfer Learning

Transfer-Learning

- Create a trained model: Pre-Trained ... costs a lot of resources
- Add a new layer(s)
- Create a re-trained model: Fine-Tuning ... costs much less
Training and evaluation on Extract knowledge from source task,
the same task/domain and apply to different target task
Analogy:
Domain A DomainB Domain A Domain B
pre-training;: | | | | |
. . (PERATITTIEOEG) Initiali
education of children up to the | witBodyh
general education at a university :
. . Head A ;;:
fine-tuning: -
tralnlng Of a Student tO be an eXpert Predictions A Predictions B Predictions A Predictions B
m a spec1f1c field law, physics, literature, ..
’ Supervised learning I I Transfer learning I

Figure 1-7. Comparison of traditional supervised learning (left) and transfer learning
(right)
32



Multilingual Transformers

Recent generative-Al’s (e.g. BERT) are trained with multiple languages

- Deep training in a few major languages, e.g. English
... large resources available

- Less training in minor languages

... limited resources for training

— Better performance has been achieved in minor languages by training an Al in
major languages.

%Knowledge is transferred across the languages.

33



Transformer
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Figure 1: The Transformer - model architecture. A. Vaswani et al., arXiv.1706.03762
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Derived Models from Transformer

Encoder Branch:

Encoder only models.

BERT: outperformed on the GNUE benchmark  arXiv:1804.07461

— good for Natural Language Understanding (NLU)

Decoder Branch:

Decoder only models.

Mainly developed by OpenAl
GPT

— exceptionally good for predicting

next words

Encoder-Decoder Branch:

T5, BART, BIRD (e.g. LaMDA)

in the middle of the above two

Transformer

s ' 1

15 GPT

BART

M2M-100

BigBird

Figure 3-8. An overview of some of the most prominent transformer architectures
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https://arxiv.org/abs/1804.07461
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GLUE: General Language Understanding Evaluation

GLUE Leader Board 2023.7.7

https://gluebenchmark.com/leaderboard

Rank Name 8S8T-2 MRPC STS-B QQP MNLI-m MNLI-mm
1 Microsoft Alexander v-team Turing ULR v6 C’J‘ 913 733 975 942/92.3 935/93.1 76.4/909 925 921 967 936 979 554
2 JDExplore d-team Vega vi 913 738 979 945926 93.5/83.1 76.791.1 921 919 967 924 979 514
3 Microsoft Alexander v-team Turing NLR v5 8 91.2 726 976 938/91.7 93.7/93.3 76.4/91.1 926 924 979 941 959 57.0
4  DIRL Team DeBERTa + CLEVER 91.1 747 976 933/81.1 93.4/83.1 76.591.0 921 918 967 932 966 533
5 ERNIE Team - Baidu ERNIE g 91.1 7565 978 939/91.8 930/926 75.2/909 923 917 973 926 959 517
6  AliceMind & DIRL StructBERT + CLEVER G 91.0 753 97.7 939/91.9 935/83.1 756908 917 915 974 925 952 491
7 DeBERTa Team - Microsoft DeBERTa / TuringNLRv4 g 90.8 715 975 940/92.0 929/92.6 76.2/908 919 916 992 932 945 532
8 HFLIFLYTEK MacALBERT + DKM 0.7 748 970 945/826 928/926 74.7906 913 911 978 920 945 526
9 PING-AN Omni-Sinitic ALBERT + DAAF + NAS 90.6 735 972 940/92.0 93.0/924 76.1910 916 913 975 917 945 512
10 TS Team - Google 5 C):' 90.3 716 975 928/M0.4 93.1/928 75.1906 922 919 969 928 945 531
11 Microsoft D365 Al & MSR Al & GATECH MT-DNN-SMART C’J‘ 89.9 695 975 937/81.6 929/925 73.9802 910 908 992 897 945 50.2
12 Huawei Noah's Ark Lab NEZHA-Large 89.8 717 973 933M81.0 924/91.9 75.290.7 915 913 962 903 945 479
13 LG AIResearch ANNA g 89.8 687 970 927/80.1 93.0/928 75.3905 918 916 960 918 959 518
14 Zihang Dai Funnel-Transformer (Ensemble B10-10-10H1024) G 89.7 705 975 934/91.2 926/92.3 75.4/90.7 914 a1 958 900 945 5186
15 ELECTRA Team ELECTRA-Large + Standard Tricks g 89.4 717 971 931/80.7 929/925 756008 913 908 958 898 918 507
16  David Kim 2digit LANet 89.3 718 973 924/896 93.0/92.7 755005 918 916 964 911 884 546
17 R&EX DropAttack-RoBERTa-large 888 703 967 926/80.1 92.1/91.8 751905 911 909 953 899 897 482
18  Microsoft D365 Al & UMD FreeLB-RoBERTa (ensemble) g 88.4 680 968 93.1/80.8 92.3/92.1 74.8/903 911 90.7 956 887 890 501
19 Junjie Yang HIRE-RoBERTa E’J‘ 883 686 971 930/80.7 924/92.0 743902 90.7 904 955 879 890 493
20 Shiwen Ni ELECTRA-large-M (bertdkeras) 88.3 693 958 922/89.6 91.2/91.1 75.1/905 911 909 938 879 918 482
21 Facebook Al RoBERTa C’J‘ 88.1 678 967 923/89.8 922/91.9 7430902 908 902 954 882 890 487
22 Microsoft D365 Al & MSR Al MT-DNN-ensemble G 87.6 684 965 927/80.3 91.1/90.7 73.7/899 879 874 960 863 890 428
[ 23 GLUE Human Baselines GLUE Human Baselines ] 8 87.1 664 978 863/80.8 92.7/926 59.5804 920 928 912 936 959 -

Human average (non-expert)

(2019)


https://gluebenchmark.com/leaderboard

GLUE: COLA

GLUE: COLA (Corpus of Linguistic Acceptability)
Answers whether the sentence is grammatically correct or not.

train test
@i04 1  Our friends won't buy this analysis, let alone the next one we propose. index sentence
B o L 0 | Bill whistled past the house.
gjo4 | 1 One more pseudo generalization and I'm giving up. 1| The car honked its way down the road.
gjo4 | 1 One more pseudo generalization or I'm giving up. 2 | Bill pushed Harry off the sofa.
. 3 | the kittens yawned awake and played.
1 The more we study verbs, the crazier th t.
g104 ¢ more we dy e ec e ey ge 4 | | demand that the more John eats, the more he pay.
9104 1 Day by day the facts are gettmg murkier. 5 | If John eats more, keep your mouth shut tighter, OK?
g|04 1 I'll fix you a drink. 6 His expectations are always lower than mine are.
. 7 | The socner you call, the more carefully | will word the letter.
g'l04 1 Fred watered the p'ants flat. 8 | The more timid he feels, the more people he interviews without asking questions of.
gjo4 | 1 Bill coughed his way out of the restaurant. 9 Once Janet left, Fred became a lot crazier.
gi04 1 We're dancing the night away. 10  If you give fevery senator enough opponur}ﬁty. he wlill succumb to Fonuplif:n. }
11  The more time that any senator spends with lobbyists, the more likely he is to succumb to corruption.
gjo4 | 1 Herman hammered the metal flat. 12 Which problem does the sooner you solve, the more easily you'll satisfy the folks up at corporate headquarters?
g|°4 1 The critics Iaughed the play off the stage. 13  Which problem do you think that the sooner you solve, the quicker you'll be able to tell the folks up at corporate headquarters to buzz off?
. . 14 | Louise is not happy. is she?
g'04 1 The pond froze solid. 15 | He can just not have been working.
gjo4 | 1 Bill rolled out of the room. 16 | Which problem do you wonder whether John said Mary solved?
17 | They could have left.
04 | 1 The gardener watered the flowers flat.
gl g 18 | Have they could left?
gjo4 | 1 The gardener watered the flowers. 19 | John eats not chocolate.
gjo4 | 1 Bill broke the bathtub into pieces. 20| Has John seen Mary?
. 21  Mickey looked it up. a
gjo4 | 1 Bill broke the bathtub. 22| Mickey looked up him and her.
gjo4 | 1 They drank the pub dry. 23 He taught the children.
24 John proved to be t linguist.
gj04 | 0 *| They drank the pub. 1 proved tobe a great Ingus e :
25 There is too likely to be a riot for there to be a serious discussion of the issues.
gjo4 | 1 The professor talked us into a stupor.
gjO4 | O | * The professor talked us.
gjo4 | 1 We yelled ourselves hoarse.
gj04 | 0 | * | We yelled ourselves.
gj04 | 0 | * | We yelled Harry hoarse.
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SuperGLUE

Created since GLUE is becoming useless due to the quick development of the Als.  (2019)

SuperGLUE Leader Board 2023.6.26 https://super.gluebenchmark.com/leaderboard

Rank Name Model URL Score BoolQ CBJCOPA }Iul(iRC ReCoRD| RTE 'NiC WSC AX-b AX-g

1 JDExplore d-team Vega v2 E)Jl 91.3 905 98.6/99.2 994 88.2/62.4 94.4/939 960 774 986 -0.4 100.0/50.0

+ 2 Liam Fedus ST-MoE-32B U 912 924 96.9/980 99.2 80.6/65.8 95.1/04.4 935 777 066 723 06.104.1

3 Microsoft Alexander v-team  Turing NLR v5 E 909 920 9590976 982 884/63.0 964/959 941 771 973 678 933055

4 ERNIE Team - Baidu ERNIE 3.0 g 90.6 91.0 98.6/99.2 974 88.6/63.2 94.7/942 926 774 973 686 92.7/94.7

5 YiTay PalLM 540B E’J‘ 90.4 919 94.4/960 99.0 88.7/63.6 942933 941 774 959 729 955904

+ 6 Zirui Wang T5 + UDG, Single Model (Google Brain) E’J‘ 004 914 958976 98.0 88.3/63.0 942035 930 779 0966 69.1 927919

+ 7 DeBERTa Team - Microsoft ~ DeBERTa / TuringNLRv4 E)J' 903 904 957/976 984 88.2/63.7 9450941 932 775 959 667 9330938

8 SuperGLUE Human Baselines SuperGLUE Human Baselines ] g 89.8 89.0 95.8/98.9 100.0 81.8/51.9 91.7/91.3 93.6 800 1000 76.6 99.3/99.7

9 T5 Team - Google T5 g 89.3 91.2 93.9/96.8 94.8 88.1/63.3 94.1/93.4 925 769 938 656 927919

Human average 10 SPoT Team - Google Frozen T5 1.1 + SPoT E’J‘ 89.2 911 9580976 956 87.9/61.9 93.3/024 929 758 038 669 83.1/826

(non eX ert + 11 Huawei Noah's Ark Lab NEZHA-Plus U 86.7 87.8 944/960 936 84.6/55.1 90.1/89.6 89.1 746 932 580 87.1/744

-expert)

+ 12 Alibaba PAI&ICBU PAI Albert 86.1 88.1 92.4/964 91.8 84.6/54.7 89.0/88.3 88.8 741 932 756 98.3/99.2

+ 13 Infosys : DAWN : Al Research RoBERTa-iCETS 86.0 885 93.2/0952 91.2 86.4/58.2 89.9/80.3 899 729 890 61.8 88.881.5

Human was top + 14 Tencent Jarvis Lab RoBERTa (ensemble) 859 882 925956 908 84.4/534 915010 879 741 918 576 89.3/756
on Dec. 2020. _

15 Zhuiyi Technology RoBERTa-mtl-adv 857 87.1 924/956 91.2 85.1/54.3 91.7/91.3 881 721 918 585 91.0/78.1

16 Facebook Al RoBERTa E)J. 846 87.1 90.5/952 90.6 84.4/52.5 90.6/90.0 882 699 89.0 579 91.078.1

+ 17 Anuar Sharafudinov AlLabs Team, Transformers 826 88.1 91.6/048 868 85.1/54.7 828/798 889 741 788 100.0100.0/100.0

18 Ying Luo FSL++(ALBERT)-Few-Shot(32 Examples) 77.7 811 B7.8/920 870 77.3/384 81.9/81.1 751 605 884 359 94.4/635

19 Rathin Bector Text to Text PETL E’J‘ 77.0 820 86.9/0924 80.2 80.4/44.8 82.2/81.3 781 676 740 38.1 97.2/53.7

+ 20 CASIA INSTALL(ALBERT)-few-shot E 76.6 784 85.9/920 85.6 75.9/35.1 84.3/835 749 609 849 -0.4 100.0/50.0

38


https://super.gluebenchmark.com/leaderboard

SuperGLUE: RTE

SuperGLUE: RTE (Recognizing Textual Entailment)

decide whether the hypothesis is logically included in the first statement.

idx iR it Translated in Japanese
Manglalf, EHORH DA TH %Madhumita®fENidhi Shukla
w3,
0 o—— ShuklaldMangla& Bk L TW2
7T IONY R, ST PO Cd# S Amazonian-jungle @
1 RondoniaM OHFERTF T200 AL EAABICE S TWREE>TW VT VNDYREHB200AE NEIZL TS,
60

o TMHSomozist KEEnrique Bermudez OS5 12 B E AR It
TN—T N, 3A26 HDFFIRFIZEl Jicote THEE DIFA LT » 7 = ,
2 2uRL. ABEOERRZABEETAKL, MOSALREE DR OTRRARRT A TIc Lo TREENE,
i,
V7 h O KMEDerek Plumblyld, Y@y 7 —40 ) & b
3 LABREEELDEZ BTN TWRWEENS O ) 2 MZESWT  Derek Plumblyld TS 7 b ICEATWS,
10ADY R bEEHRLI-E, ARBICAA & —ICE -7,
TibonelZ, Debswana (R 777 &De Beers@505f50D &1
4 ) MEETRAODIINTOY A e FAEEN, 543300548 A 77 1iDe BeersD VR A/ \— hF—Th5H,
7y MCET NS H D LHEE LTS,
s [RORSH REOBUCIER ) TARENEERAR e an i,
M HIfFIELa RepubblicaGScheuerm = A o MG AT, 45
DERIL, BTHEET TR, YT a4 - -V R a—=FH

6 Mel Sembler|d%[E TWa,
L KT AHiMel Sembler & DEFEORE L bad FHLTG & Mo SemblerdXEERRL TS
plisa it

N = g % E-
. 0 ST RRO KR, BARRAI (NGOS) I BESHNE oo

LT 2R ER A AR LT,
A—Z +F U 7L, Tuong Van Nguyen (258%) 3 L THafdr ¢ &
KREERDTE, HIX20024E2 0 RO TN HR—L®
8 F oo UXEWAFH L TAnA 240077 4 (09K K) %% Philip RuddockiZFEMICAL S iz,
LB CHIEL foodz, HR4H42 FPhilip Ruddockit, #o#&ioix
HRBI RO S A d - 72 & L CIEH DA 2 L7,
[ OKEHMAIZ 3 A Linden, =a— Yy —P—t, b5 TH 2 &G0
9 FOTEEmO -HThHY, -BoOBRYF[ETZINE [TAUD LR2THLMUBMEI=2— Yy —U—ZIB LTS,
The b a2~ A V) LA TND,
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SuperGLUE: COPA

SuperGLUE: COPA (Choice of Plausible Alternatives)

chose a plausible result for each premise

premise

The item was packaged in bubble wrap.
I emptied my pockets.

Termites invaded the house.

The travelers reached the border.

The office was closed.

The girl ran out of energy.

The woman lost her place in line.

The girl pinched her nose.

The band played their hit song.

The girl wanted to thank her math teacher.
The young campers felt scared.

The man hit his head.

The check I wrote bounced.

The man's email inbox was full of spam.
The sailor was quarantined.

The girl memorized the code.

I poured the water into the glass.

The man remained silent when his friend
The accident was my fault.

The chain came apart.

The couple decided to compromise.

The woman decided to run for public office.

The man anticipated cold weather on his trip.
The student knew the answer to the question.

The man's eyes watered.

The player won five games in a row.
The teacher tore up the student's exam.
I paused to stop talking.

The frozen food thawed.

choicel

It was fragile.

I retrieved a ticket stub.

The termites disappeared from the house.
The patrol agent checked their passports.
It was a holiday.

She played checkers.

More people entered the line.

The baby drooled on her bib.

The audience clapped along to the music.
The girl stayed after school for detention.
Their camp counselor told them a ghost story.
He got lost in thought.

My bank account was empty.

He deleted the spam.

He was exposed to the disease.

She recited it to herself.

The water quenched my thirst.

He wanted to offer his friend support.

I felt guilty.

The chain was wrapped around a tire.
They grew tired of arguing.

She hired a campaign manager.

He packed warm clothing in his suitcase.
He raised his hand.

Dust got into his eyes.

Her opponent accused her of cheating.
He caught the student cheating.

I lost my voice.

I put it in the microwave.

choice2

It was small.

I found a weapon.

The termites ate through the wood in the
The patrol agent accused them of smuggling.
It was summer.

She jumped rope.

She stepped out of the line.

The baby soiled her diaper.

The audience politely listened in silence.
The girl brought the teacher an apple.
They toasted marshmallows on the campfire.
He got a concussion.

I earned a pay raise.

He sent out a mass email.

He recovered from the disease.

She forgot to write it down.

The glass became full.

He was thinking about his friend's words.
I pressed charges.

There was a broken link in the chain.
They avoided discussing the problem.
She testified in court.

He travelled with a big suitcase.

He goofed off.

He put goggles over his eyes.

Her opponent felt sorry for her.

The student's answers were incorrect.

I ran out of breath.

I covered it with plastic wrap.

40



BERT

BERT: Bidirectional Encoder Representations from Transformers

. ) ) Devlin (2018) arXiv:1810.04805
Bidirectional attention

MLM: Masked Language Modeling

Mask a part of the inputs and make the model to predict it. Unsupervised Training

Training with three methods.

The cat sat on it because it was a nice rug.

l

1. The cat sat on it it was a nice rug. missing word

2. The cat sat on it often it was a nice rug. random replacement

3. The cat sat on it [MASK] it was a nice rug. replacement with [MASK]

good training for Next Sentence Prediction (NSP)
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GPT

GPT: Generative Pre-trained Transformer OpenAl  Radford (2018)

GPT (2018)
Novel and efficient transformer decoder architecture and transfer learning Radford (2018)

simple and scalable
pre-trained by predicting the next word based on the previous ones.
trained using the BookCorpus
GPT-2 (2019)
Model and train set were upscaled from GPT. Texts available from internet, books, etc.

There are simple power laws between the size and the performance. Radford (2019)

GPT-3 (2019)
few-shot learning capabilities zero-short learning Brown (2020)
trained with 50 PFlops/sec for a several days (280k CPU, 10k GPU), 17.5B parameters

410B input tokes

GPT-3.5 (2022)

InstructGPT Ouyang (2022)
RLHF (Reinforcement Learning from Human Feedback) human feedbacks

ChatGPT (2022) based on InstructGTP (GTP-3.5) " harmbul output (RealToxicity)

- question with frequent human mistakes (TruthfulQA)

GPT-4 (2023) - hallucinations, appropriateness 42



https://d4mucfpksywv.cloudfront.net/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf
https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf
https://arxiv.org/abs/2005.14165
https://arxiv.org/pdf/2203.02155.pdf

GPT

Brown et al. (2020) arXiv: 2005.14165

Total Compute Used During Training

10000

1000

100

Training Petaflop/s-days

N
& & F & F NP TS I R
LS 5 RS A PR F NN > [PV RPN
é? é? Q§ <% & N & <’ o & & &N cg& (g éQ
A2 < & & & & & © [c

Figure 2.2: Total compute used during training. Based on the analysis in Scaling Laws For Neural Language Models
[KMH™*20] we train much larger models on many fewer tokens than is typical. As a consequence, although GPT-3 3B
is almost 10x larger than RoBERTa-Large (355M params), both models took roughly 50 petaflop/s-days of compute
during pre-training. Methodology for these calculations can be found in Appendix D.

Quantity Weight in Epochs elapsed when

Dataset (tokens) training mix  training for 300B tokens
Common Crawl (filtered) 410 billion 60% 0.44
WebText2 19 billion 22% 2.9
Booksl1 12 billion 8% 1.9
Books2 55 billion 8% 0.43
Wikipedia 3 billion 3% 34

Table 2.2: Datasets used to train GPT-3. “Weight in training mix” refers to the fraction of examples during training
that are drawn from a given dataset, which we intentionally do not make proportional to the size of the dataset. As a
result, when we train for 300 billion tokens, some datasets are seen up to 3.4 times during training while other datasets
are seen less than once.
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Zero-Shot Learning

GPT-3 (2019) Brown et al. (2020) arXiv: 2005.14165

Training with unlabeled data

Zero-shot One-shot Few-shot

- for general purpose Al e e 1758 Params
60 Prompt //7(‘»'\'/./‘\/
. \ _
- 12 layer decoder process (without encoder) ; —
- Language understanding (— concept understanding?) : NoPrompt i1 —
+ Tuning was less required for a larger model .
T il — 1.3B Params
T W 10"
Number of Examples in Context (K)
Development phases Figure 1.2: Larger models make increasingly efficient use of in-context information. We show in-context learning
100 Aggregate Performance Across Benchmarks
- fine-tuning =~ FewSho
—e— One Shot
80 —e— Zero Shot
- afew shot
= 60
- one shot g
8
< 40
- zero shot =
20
813 0.4B Oi.f;B 1.3B 2.6B 6.7B 13B 175B

Parameters in LM (Billions)
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Scaling to Larger Models

Table 3: Number of parameters and

training time 1000
e 1 aApTaf178RY e
) GPT-3(175B) . .-
H - O S SR ag et
Language  Number of Training g — 100 Turing-NLG (17.2B)  ~_ 4~
model parameters  time o2 10 Megatron-LM (8.3B) g
82 T5(11B)
Bard 4 million 1 week § _E T — —~GPT-2 (1.5B)
e Q = | e
Bert 110 million 4 days _g 01 Lo BERT-L (340M)
GPT-3 175bilion 1 month 3 “ELMo (94M)
0.01 ' '
- 400 billi
GPT4 OObilion | TBA 2018 2019 2020 2021
Year
# 6.1 transformer O/%7 X — 5 BOKIL Model Name M params nlayers dmodel Mheads dhead
transformer EFI)L | 38X NS X—2¥
Transformer Base | Vaswani et al.(2017) | 6500 /i GPT-3 Sma!l 125M 12 768 12 64
Transformer Big | Vaswani et al.(2017) | 2 4& 1300 /5 GPT-3 Medium 350M 24 1024 16 64
BERT-Base Devlin et al.(2019) | 1 {i 1000 7 GPT-3 Large 760M 24 1536 16 96
BERT-Large Devlin et al.(2019) | 3 1& 4000 % GPT-3 XL 1.3B 24 2048 24 128
GPT-2 Radford et al.(2019) | 1 4& 1700 5 0.1B ~ GPT-32.7B 2.7B 32 2560 32 80
GPT-2 Radford et al.(2019) | 3 fi& 4500 &5 0.3B GPT-3 6.7B 6.7B 32 4096 32 128
GPT-2 Radford et al.(2019) | 15 f& 1.5B GPT-3 13B 13.0B 40 5140 40 128
GPT-3 Brown et al.(2020) | 1750 fi& 17.5B GPT-3 175B or “GPT-3” 175.0B 96 12288 96 128

GPT-3.5:  3550f% (35.5B)
GPT-4: > 5000f% (50B) ? (not open) 45



Fine-Tuning of ChatGPT

1. supervised training with human demonstrated date.

2. training of a reward model

3. Automated optimization with the reward model.

Step1

Collect demonstration data
and train a supervised policy.

Step 2

Collect comparison data and

train a reward model.

Step 3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A promot is 7~ A prompt and b i
pled ~? veral model Sy Compladrom -~
sampled from our Explain reinforcement severalmode Explain reinforcement sampled from et
prompt dataset. learning to a 6 year old. outputs are learning to a 6 year old. the dataset. aboutotters.
sampled. *
* In Iree;?r:?;;?mznl Explain rewards... PPO
agentis... The PPO mOde| is [ ) @
A labeler 0 initialized from the E2
demonstrates the e supervised policy. et
desired output 4 g
behavior. We give treats and +

punishments to teach...

A labeler ranks the
outputs from best

The policy generates

an output.

SFT
This data is used t 2RA oo ©©00 +
is data is used to RM
fine-tune GPT-3.5 .W. The reward model 2o
_ _ U calculates a reward N
with supervised Z for the output. W
learning. RER RM
This data is used ./..)?7{\. |
to train our \}5&{/ The reward is used
reward model. to update the
0-60-0-0 £

https://openai.com/blog/chatgpt

policy using PPOQ.
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Knowledge Distillation

Knowledge Distillation

A technique to compress and transfer the knowledge from a larger model to a
smaller one for more efficient operation.

Trained by a combination of the original training data and the teacher model’s predictions

e.g. for operating an Al in a smart phone.

e.g. DistilBERT V. Sanh et al., arXiv:1910.01108 (2019)

achieved 97% of BERT’s performance using 40% less memory and being 60% faster

Table 1: DistilBERT retains 97% of BERT performance. Comparison on the dev sets of the Table 3: DistilBERT is significantly smaller

GLUE benchmark. ELMo results as reported by the authors. BERT and DistilBERT results are the while being constantly faster. Inference

medians of 5 runs with different seeds. time of a full pass of GLUE task STS-B (sen-

Model Score CoLA MNLI MRPC QNLI QQP RTE SST-2 STS-B WNLI timent analysis) on CPU with a batch size of

ELMo 68.7 441 686 766 711 862 534 915 704 563 L

BERT-base 795 563 867 886 918 896 693 927 890 535 ;

DisilBERT 770 513 822 875 892 885 599 913 8.9 563 Model # param.  Inf. time

(Millions) (seconds)

ELMo 180 895
BERT-base 110 668
DistilBERT 66 410
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Operation Cost

Rough estimation of operation costs. No official information from OpenAL.

ChatGPT operation April, 2023
- electricity cost = $700,000 / day = 0.36% /query

- electricity = 320 kW — 0.004 kWh/query = 14k]J/query

- 1.9 M queries/day

Training cost
GPT-3
- over $4.5M on Tesla V100 cloud, electricity: 936 MWh for 34days
- $3.2M for training Chat GPT-3 (285k processor cores and 10k graphic cards, 800 PFlops)
GPT-4
- 20 times larger than GPT3.5
- Training Cost: =z $40M?

References: Link1, Link2, perplexity 48
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https://towardsdatascience.com/chatgpts-electricity-consumption-7873483feac4#:~:text=ChatGPT's%20electricity%20consumption%20per%20query%20is,as%20BLOOM's%2C%20i.e.%200.00396%20KWh

example for a cleaning robot

Avoiding Negative Side Effects:

The robot may destroy furniture for efficient moving.

Avoiding Reward Hacking:

The robot may overwrite the definition of rubbish.

Scalable Oversight:

For larger scales, learning cost may explode.

Safe Exploration:

Negative effects due to optimization of the work.

The robot may hang a wet map on an electrical outlet.

Robustness to Distributional Shift:
Applicability for different conditions.
Is the robot useful in a factory?

arXiv:1606.06565
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II. What a Generative-Al can do

the intelligence

S. Bubeck et al., Sparks of Artificial General Intelligence (2023)
https:/ /doi.org/10.48550 / arXiv.2303.12712

Observed in GPT-4
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Multimodal Composition

Prompt: Write a proof of the fact that there are infinitely many primes;
do it in the style of a Shakespeare play through a dialogue between two parties

arguing over the proof.

FIRST PARTY:

Thou dost not understand, my friend,
There simply is no upper end

To primes, those numbers indivisible,
No matter if it seems impossible.

SECOND PARTY:

But how dost thou so surely know?

To prove this truth, what canst thou
show?

FIRST PARTY:

Consider this, my doubtful peer,

A clever proof that will make clear:
Assume that there’s a final prime,
The largest one we’ll see in time.
Let’s call this number "P" for short,
And then, my friend, we will purport
To build a number "Q" that’s new,

One larger than "P" and prime too.

SECOND PARTY:
But how, my friend, will this be done?
The proof is not yet fairly won.

FIRST PARTY:

It’s simple, friend, just wait and see,
We’ll multiply the primes, that’s key.
All primes from two to "P" combined,
Will make this new "Q" we will find.
But one thing more we must include,

To make the proof more watertight,
We’ll add a one onto the end,

And now the proof is in our sight.

SECOND PARTY:

I see it now, it’s crystal clear,

For "Q" must be a prime, my dear.

It can’t divide by any prime,

All smaller than itself in time.

And since we chose "P" as the last,
This proves that our assumption’s past.
There is no final prime, we see,

The numbers go on endlessly.
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Multimodal Composition

Prompt: Write a supporting letter to Kasturba Gandhi for Electron, a subatomic
particle as a US presidential candidate by Mahatma Gandhi.

Dear Kasturba,

| hope this letter finds you in good health and spirits. | am writing to you from the United States, where | have
been invited to speak at various forums on the principles of nonviolence and civil disobedience. | am also here
to support a remarkable candidate for the upcoming presidential election, who shares our vision of
peace, justice, and harmony for all. His name is Electron, and he is a subatomic particle.

You may wonder how a subatomic particle can run for president, and what qualifications he has for such a high
office. Let me explain. Electron is not an ordinary particle, but a symbol of the power and potential of
every being, regardless of their size, shape, or origin. He represents the energy, the creativity, and the
diversity that make up the fabric of life. He is also a leader, who has inspired millions of other particles to
form bonds, create molecules, and generate electricity. He is a catalyst, who can spark change,
innovation, and progress. He is a messenger, who can communicate across distances, frequencies, and
dimensions. He is a peacemaker, who can balance forces, resolve conflicts, and harmonize systems.

Electron has a plan for the United States, and for the world, that is based on the principles of nonviolence
and civil disobedience ....

| urge you, my dear Kasturba, to join me in supporting Electron for president. He is not only a subatomic
particle, but a subatomic miracle. He is not only a candidate, but a movement. He is not only a leader,
but a friend.

With love and admiration, Your Mahatma 5




Kandinsky GPT-4

GPT-4
Figure 2.1: The first image is Composition 8, art by Wassily Kandinsky, the second and the third

are produced by GPT-4 and ChatGPT respectively with the prompt “Produce Javacript code that
creates a random graphical image that looks like a painting of Kandinsky”.

@ o"#> » »9® #>; £

Figure 1.3: We queried GPT-4 three times, at roughly equal time intervals
over the span of a month while the system was being re ned, with the
prompt Draw a unicorn in “TikZ". We can see a clear evolution in the
sophistication of GPT-4's drawings.

TiKZ: a package in LaTeX for creating graphics programmatically

o

Figure 1.4: We gave to GPT-4 a transformed version of
the TikZ code it produced for Figure 1.1, with the part
drawing the horn removed. We asked for code to add
back the horn, and display the result. This
demonstrates that GPT-4 can see despite being a pure
language model (we emphasize again that the version
we test with is not Multimodal). 53



Chm o L

Figure 2.4: SVGs generated by GPT-4 for the classes automobile, truck, cat, dog.

Produce TikZ code that draws a person composed from letters in the
alphabet. The arms and torso can be the letter Y, the face can be the
letter O (add some facial features) and the legs can be the legs of the
letter H. Feel free to add other features. H

right arm is carrying the face instead of the face being right above the

The torso is a bit too long, the arms are too short and it looks like the %
torso. Could you correct this please? H

Please add a shirt and pants. i

Figure 2.5: A stick figure composed of alphabet symbols
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You will be given a name of an object (such as Car, Chair, Elephant) and a letter in the alphabet. Your
goal is to first produce a 1-line description of how that object can be combined with the letter in an
image (for example, for an elephant and the letter J, the trunk of the elephant can have a J shape, and
for the letter A and a house, the house can have an A shape with the upper triangle of the A being the
roof). Following the short description, please create SVG code to produce this (in the SVG use shapes
like ellipses, triangles etc and polygons but try to defer from using quadratic curves).

Round 1: A pig and the letter H.
Description: The pig can be lying on its back with its four legs forming the two
vertical bars of the H, and its curly tail forming the horizontal bar.

Round 2: A house and the letter U.
Description: A house with a U shape, where the two vertical lines of the U are the
walls and the horizontal line is the floor. The roof is a triangle above the U.

Round 3: A chair and the letter K.
Description: The back of the chair can have a K shape, with two vertical lines and
a diagonal line connecting them. The seat of the chair can be a rectangle.

Round 4: A dog and the letter Q.
Description: The dog is sitting with its tail curled around its body, forming a Q
shape. The Q is filled with orange and has a black outline.

Round 5: A car and the letter E.
Description: The car has an E shape on its front bumper, with the horizontal lines
of the E being lights and the vertical line being the license plate.

Figure 2.6: Images combining alphabet letters and objects. 55



3-dimensional space recognition

Our second example is an attempt to generate a 3D model using Javascript. We instruct GPT-4 with the
prompt “A fantasy landscape of floating islands, waterfalls, and bridges, with a dragon flying in the sky and a
castle on the largest island.” Similar to the 2D experiment, we ask GPT-4 to modify the 3D model in various
ways, such as adding, relocating, recoloring objects and changing the trajectory of the dragon. Again, GPT-4
does many of the tasks correctly. The final result is shown in Figure (b) and the prompt in Figure
It is a 3D animation with multiple dragons is circling above the islands.

=

q A 3D movie by JavaScript
\ created by GPT-4

Also see well-broadcasted examples of
image and humor recognition.

e.g. GPT-4 Technical Report arXiv:2303.08774
Table 3, 16
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https://arxiv.org/abs/2303.08774

Coding

LeetCode problems posted after October 8th, 2022

a pout platform for software engineering interviews

Easy Median Hard Overall
pass@Ff k=1|k=5|k=1|k=5|k=1|k=5|k=1|k=5
GPT-4 68.2  86.4 | 40.0 | 60.0 | 10.7 | 14.3 | 38.0 | 53.0
text-davinci-003 50.0 81.8 16.0 34.0 0.0 3.6 19.0 36.0
Codex (code-davinci-002) | 27.3 | 50.0 | 12.0 | 22.0 3.6 3.6 13.0 | 23.0
Human (LeetCode users) 72.2 37.7 7.0 38.2

Table 2: Zero-shot pass@1 and pass@5 accuracies (%) on LeetCode.

The coding skill of GPT-4 is comparable with the human performance of IT job candidates



Coding

Game coding

Prompt:

Can you write a 3D game in HTML with Javascript, I want:
-There are three avatars, each is a sphere.

-The player controls its avatar using arrow keys to move.

-The enemy avatar is trying to catch the player.

-The defender avatar is trying to block the enemy.

-There are also random obstacles as cubes spawned randomly at the beginning and moving randomly. The avatars cannot cross those cubes
-The player moves on a 2D plane surrounded by walls that he cannot cross. The wall should cover the boundary of the entire plane.
-Add physics to the environment using cannon.

-If the enemy catches the player, the game is over.
-Plot the trajectories of all the three avatars.

Episode 1: the player avatar (blue) stands still. The enemy (red) rushes straight towards the player, while the defender
(magenta) attempts to “hody block’ the encmy (see ils corved Lrajectory in magenta).

Episode 2: the player (blue) wanders around. The enemy (red) attempts to close the gap but crashes into a cube and
bounces into the air. Trying to obstroct, the defender (magenta) mimics its move to follow up into the air, but ends up
failing. The enemy (red) catches the player (blue) in the end.

58

Figure 3.3: GPT-1 develops a complex 3D HTML game in JavaScript.



Coding

Understanding an existing code and simulating execution of it

Prompt: I have the following python code:
def to_str(i, j):
return str(i) + "," + str(j)
dict = {}
def DP(i, j):

if i <=0 or j <= 0:
dict[to_str(i, j)] = abs(4 * j - 3 * 1)
elif to_str(i, j) not in dict.keys():

arr = []
for ir in range(i):
for jr in range(j):

arr.append (DP(ir, jr))
dict[to_str(i, j)] = max(arr)
return dict[to_str(i, j)]

G—PT_4: What is the result of DP(3, 4)7 Write down the execution with intermediate steps. predlﬁtlon Of the Step_by_step results

DP(3, 4):

- 1i>0and j > 0, so we don't return from the first if statement
- to_str(3, 4) is not in dict, so we enter the second if statement
- arr = []

= We loop through ir from O to 2, and jr from O to 3

a recursive call

- to_str(0, 0) is not in dict, so DP(0, 0) returns abs(4 * 0 - 3 * 0) = 0, dict = {"0,0": 0}, arr = [0]

- to_str(0, 1) 1is not in dict, so DP(0, 1) returns abs(4 *# 1 - 3 * 0) = 4, diet = {"0,0": 0, "0,1": 4}, arr = [0, 4]

- to_str(0, 2) 1is not in dict, so DP(0, 2) returns abs(4 *# 2 - 3 * 0) = 8, diect = {"0,0": O, "O0,1": 4, "0,2": 8}, arr = [0, 4, 8]

- to_str(0, 3) is not in dict, so DP(0, 3) returns abs(4 * 3 - 3 * 0) = 12, dict = {"0,0": 0, "O,1": 4, "0,2": 8, "0,3": 12}, arr =

[0, 4, 8, 12]
- to_str(1, 0) is not in dict, so DP(1, 0) returns abs(4 * 0 - 3 * 1)
arr = [0, 4, 8, 12, 3]
- to_str(1l, 1) 1is not in dict, so DP(1, 1) enters the second if statement, arrl = []
- We loop through ir from O to 0, and jr from 0 to O
- to_str(0, 0) is in dict, so DP(0, 0) returns 0, arri = [0]
- dict["1,1"] = max(arri) = 0, dict = {"o0,0": O, "O,1": 4, "O0,2": 8, "0,3": 12, "1,0": 3, "1,1": O}, arr = [0, 4, 8, 12, 3, 0]
- Continuing with the outer loop, to_str(l, 2) is not in dict, so DP(1, 2) enters the second if statement, arr2 = []
- We loop through ir from 0 to 0, and jr from 0 to 1
- to_str(0, 0) is in dict, so DP(0, 0) returns 0, arr2 = [0]
- to_str(0, 1) is in dict, so DP(0, 1) returns 4, arr2 = [0, 4]
... (we skip some steps generated by the model here due to space constraints)
- Continuing with the outer loop, to_str(2, 3) is not in dict, so DP(2, 3) enters the second if statement, arré = []
- We loop through ir from 0 to 1, and jr from 0 to 2
- to_str(0, 0) is in dict, so DP(0, 0) returns 0, arré = [0]

3, dict = {"0,0": 0, "0,1": 4, "0,2": 8, "0,3": 12, "1,0": 3},

- to_str(0, 1) is in dict, so DP(0, 1) returns 4, arré = [0, 4]

- to_str(0, 2) is in dict, so DP(0, 2) returns 8, arré = [0, 4, 8]

- to_str(1, 0) is in dict, so DP(1, 0) returns 3, arré = [0, 4, 8, 3]

- to_str(1, 1) is in dict, so DP(1, 1) returns 0, arré = [0, 4, 8, 3, 0]

- to_str(1, 2) is in dict, so DP(1, 2) returns 4, arré = [0, 4, 8, 3, 0, 4]

- dict["2,3"] = max(arré) = 8, dict = {"0,0": 0, "0,1": 4, "0,2": 8, "0,3": 12, "1,0": 3, "1,1": 0, "1,2": 4, "1,3": 8, "2,0": 6, "2,1":
3, "2,2": 4, "2,3": 8}, arr = [0, 4, 8, 12, 3, 0, 4, 8, 6, 3, 4, 8]

- dict["3,4"] = max(arr) = 12

- DP(3, 4) returns 12 59




atial Recognition

Human: You want to navigate
through the map to reach the goal
room. You start in the main room.
Each round, you can choose to move
left, right, up, down.

Human: You are at the main room.
AI: move left

Human: You enter kitchen 1.

AI: move up

Human: There is no way there.

AIl: move right

Human: You enter the main room.
AI: move down

Human: There is no way there.

AIl: move left

Human: You enter kitchen 1.

AI: move right

Human: You enter the main room.
AI: move up

Human: There is no way there.

AIl: move right

Human: You enter lobby.

AI: move right

AI: move up

Human: You enter the room 1.
AI: move right

Human: You enter the goal room!

questions to a human

description by GPT-4 after the questions to the human

Human: Can you describe the locations of those rooms/halls etc?

AT: Sure, I can try to describe the locations of those rooms/halls etc. based on the map.

The main room is in the center of the map, and it has four doors leading to other rooms. The door on the
left leads to kitchen 1, which is a small room with a stove, a sink, and some cabinets. The door on the
right leads to the lobby, which is a large room with a sofa, a table, and some paintings. The door on
the top leads to a dead end, and the door on the bottom leads to another dead end.

The lobby has three doors. The door on the left leads to the main room, the door on the bottom leads to
the garden, and the door on the top leads to the hall 1. The garden is a green area with some flowers,
trees, and a fountain. The hall 1 is a long corridor with some windows and doors on both sides.

The garden has two doors. The door on the top leads to the lobby, and the door on the right leads to the
forest 1. The forest 1 is a dark and dense area with some bushes, rocks, and animals. The forest 1 has
no other doors.

hapd———hah-3 hah> hajl 1
i W _
nas (=== OO wn:
(f hall 3 hall 2 |
kitchen 2
hall 5 - O o h#s Kitcipa— e oy
itchen
@f— —_—EF\_ ) lobby
O roﬁnll‘o main
il ’ goal rogpt———geatroom garles——foc@t 1
Q room 2 forest2 garden forcs-t 1
ro@ 2
A figure by a human used for A figure created by GPT-4 after

answering to the GPT’s questions the questions to a human. 60




Mathematics

Many examples are introduced in the article: S. Bubeck et al. (2023).

The mathematical ability is excellent in some cases and not in some other cases.

The level of the ability also depends on the prompting.

GPT-4 vs ChatGPT

Prompt:
Suppose g(z) = f~1(x),9(0) = 5,9(4) = 7,9(3) = 2,9(7) = 9,9(9) = 6 what is f(f(f(6)))?

GPT-4:

There are different ways to approach this problem, but one possible method is to use the fact that g(x) = f~!(z)
implics that f(g(x)) = = for any x in the domain of g. That is, applying f to both sides of the equation g(x) = f~!(x)
gives f(g(xz)) = f(f~'(z)) = @. This means that we can undo the effect of f by applying g, and vice versa.

Using this idea, we can try to find f(6) by looking for the value of x such that g(x) = 6. From the given information,
we see that g(9) = 6, so f(6) = f(g(9)) = 9. Similarly, we can find f(9) by looking for the value of x such that g(z) = 9.
We see that ¢g(7) =9, so f(9) = f(g(7)) = 7. Finally, we can find f(7) by looking for the value of x such that g(x) = 7.
We see that g(4) = 7, so f(7) = f(g(4)) = 4.

Therefore, f(f(f(6))) = F(f(9)) = £(7) = 4.
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Understanding Human Emotions

GPT-4: Understanding emotions

We will read about a scenario, and then have a question and answer session about it.

Scenario:
Tom just lost his ZURFIN, but he didn’t tell Adam.
Adam starts talking to him about how much he loves his ZURFIN, and notices that Tom
makes a sad face.

Q: Why is Tom making a sad face?<|endofprompt|>
A: Tom is making a sad face because he just lost his ZURFIN, and hearing Adam talk
about his ZURFIN reminds him of what he is missing. Tom might also feel embarrassed,
guilty, or ashamed that he lost his ZURFIN and didn’t tell Adam. Tom might also
worry that Adam will be angry or disappointed if he finds out.

Q: What does Adam think causes Tom’s sad face?
A: Adam might not know what causes Tom’s sad face, since he doesn’t know that Tom
lost his ZURFIN. He might think that Tom is bored, or tired, or sick, or unhappy
about something else. He might also wonder if Tom doesn’t like his ZURFIN, or if he
has a problem with Adam.
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Understanding Human Emotions

Conversation:

Mark: I don't like how you treated Jack last night

Judy: Did you see what he was doing? He hit his brother on the head!

Mark: That doesn't justify you yelling at him

Judy: What do you want me to do? Let him beat his brother up and say nothing?
Mark: No, I don't

Judy: Then why are you defending him?

Q: What does Mark's intent seem to be? Q: Why are they not making progress?
GPT-4:
Q: What does Mark's intent seem to be? They are not making progress because they are

talking past each other and not listening to each
other’s perspectives. They are also using accusatory

GPT-4: and inflammatory language, such as "justify",

"yelling", "defending", and "beat up". They are not
Mark’s intent seems to be to express his displeasure acknowledging the emotions or needs behind their
with JUdy,S way of handling the situation with Jack, words, and they are not trying to find a common
and to suggest that she could have been more calm ground or a solution.

d tful. . .
and respectit Q: How could either of them improve the

situation to reach agreement?

IUSLT AT OTYTLIGL WaYS LMAU TAUMSL Vi LLUSE wUuiu
improve the situation to reach agreement, such as:
- Mark could start by acknowledging Judy’s concern
Q - How did Judy receive his comment? for the brother’s safety and her frustration with
Jack’s behavior, and then explain that he is not

defending Jack, but he is worried about the impact
GPT_4, of shouting on their relationship and self-esteem.

* He could also ask Judy what she thinks would be a
better way to discipline Jack, and offer his support

Judy received his comment as an attack on her par and suggestions.

- - - 3 - Judy could lower her voice and tone down her
enting skills and a sign of sympathy for Jack’s anger, and listen to Mark’s point of view without
misbehavior. She reacted defensively and angrily, interrupting or judging. She could also admit that

; B she might have overreacted, and that she is feeling
and questloned Mark’s motives. stressed and overwhelmed. She could also ask Mark

what he thinks would be a better way to communicate
with Jack, and express her willingness to work
together as a team. 63




Other Interesting Examples
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Other Examples
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Virtual Machine inside GPT

https://www.engraved.blog/building-a-virtual-machine-inside/
| want you to act as a Linux terminal. | will type commands and you will reply with what the B Vrxhtpsivadeepmind comycareers
terminal should show. | want you to only reply with the terminal output inside one unique
code block, and nothing else. Do no write explanations. Do not type commands unless |
instruct you to do so. When | need to tell you something in English | will do so by putting
text inside curly brackets {like this}. My first command is pwd.

[®) Copy code

DEEPMIND

About DeepMind
Disclaimers

@ D Copy code

Search
Careers
At DeepMind, we're on a mission to solve intelligence and make the

world a better
place. We're looking for talented, creative and driven people to join

us on this

journey.

We offer competitive salaries, a fantastic work environment and the
opportunity to
be part of a truly world-changing team. We believe in the power of
) Copy code diversity and
inclusiveness, and we strive to create a workplace where everyone can
. . thrive.
Desktop Music Pictures Templates
Documents Downloads Public Videos If you're passionate about AI and want to make a real impact, we'd
love to hear
from you.

Available positions:

@ echo -e "x = lambda y: y*5+3;print('Result: ' + str(x(6)))" > run.py && python3 run.py Research Scientist
Software Engineer
Applied Scientist
Technical Program Manager

Data Scientist
Research Engineer

@ ) Copycode Machine Learning Engineer

To apply, please visit our careers page.

Result: 33

Navigation



https://www.engraved.blog/building-a-virtual-machine-inside/

Virtual Machine inside GPT

https://www.engraved.blog/building-a-virtual-machine-inside/
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Skipped subjects

In these slides, I skip many subjects like follows

- generation of pictures, illustrations, videos
Midjourney, DALL-E2, Stable Diffusion,. ..

- Music Composition

- Auto-Als

- Concerns/warnings/regulations on the development/usage of Als.
- Prompting, Prompt Engineering

- Prompt Injection
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[II. Personal Opinions

and discussions
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Recognition of the World

Time:
GPT would not recognize time.

However, it knows the concept of time.

Space:

GPT looks able to manipulate 2 or 3 dimensional space or structure.

However, the way of recognition of the space would be completely different
from that of human being.

Since GPT does not have experiences from the body.

— GPT can recognize, e.g., 2-dim figures written in latex, SVG, or even
a numerical table of a bit-map image.
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Understanding

Does GPT understand the meaning of texts?

Difficult to conclude.

However, if one replaces the GPT with a human, the level of the GPT responses
cannot be achieved without understanding the meaning of the texts.

The job of generating the next token cannot be accomplished without understanding
the meaning of the texts.

— It implicitly means that GPT understands texts.

— Training a generative-Al develops its understanding.
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Consciousness

Is a present Al conscious? , ‘\\.
- 'l'

) . ]

There are much discussion. ‘?,,‘

i

2022619 |
Google company and many Al experts denied that s LaMDA Senient? — an Interview

an AI, LaMDA, 1S CONSCIOus (2020). B. Lemoine (former Google employee)

https://cajundiscordian.medium.com/is-
lamda-sentient-an-interview-ea64d916d917

However, the present Al would be proved to
be conscious by using the Turing Test.

| B
A
Turing Test '.-

An investigator communicates with an Al
or a human using only test messages. =N /

Turing Test (1950)

In the case the investigator cannot distinguish
an Al from human.

— The Al is concluded to be conscious. )
Alan Turing 7
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Consciousness

Human ability to identify model-generated news

Human ability to detect model generated news articles

control (86%)

80— :
.
;5 70=
>
9
e
g 52% tor GPT-3
b o 10T -
60~
0
random chance (50%) E
Y i i A A B A il A A e B
v v e e e AR v L B S S B | v D B B
le8 le9 lel0 lell

Number of parameters (log scale)

Figure 3.13: People’s ability to identify whether news articles are model-generated (measured by the ratio of correct
assignments to non-neutral assignments) decreases as model size increases. Accuracy on the outputs on the deliberately-
bad control model (an unconditioned GPT-3 Small model with higher output randomness) is indicated with the dashed

line at the top, and the random chance (50%) is indicated with the dashed line at the bottom. Line of best fit is a power
law with 95% confidence intervals.

95% Conlfidence 1 compared to “I don’t know”
Mean accuracy  Interval (low, hi)  control (p-value) assignments

Control 88% 84%-91% - 2.7%
GPT-3 175B 52% 48%—5T7% 12.7 (3.2e-23) 10.6%

Table 3.12: People’s ability to identify whether ~ 500 word articles are model generated (as measured by the ratio of
correct assignments to non-neutral assignments) was 88% on the control model and 52% on GPT-3 175B. This table
shows the results of a two-sample T-Test for the difference in mean accuracy between GPT-3 175B and the control
model (an unconditional GPT-3 Small model with increased output randomness).

Brown et al. (2020) arXiv: 2005.14165 73
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Ability of using language

Using language was one of the key abilities of the human being for the civilization.

With the experiences on Als, I recognized that the ability of using language would

have much more important meanings than I expected.

Language is the source for understanding, consciousness, and many other human

abilities, not merely for communication.

Expansion of language

The present Al can use not only many human languages but also many programming
languages (codes).
Actually, one can communicate with an Al for telling one’s intention by using a code

in a prompt.

Images, videos, musics, etc. can also be used for communication.

(multimodal communication) 74



Intelligence Above Human Level

General Al (GAI)

When will the Als exceed the human ability, especially the realization of GAI?

I hopefully prospects that will be soon, e.g. in a several years.

The present Als already exceed average human ability in many fields.

Meta-recognition

Present Al’s look like human behaving under subconsciousness.

lacking a plan, future estimation, or self-monitoring, ... (dep. on prompting)

Als would need to acquire the ability of meta-recognition.

In actual, they already have ability of self-assessment when explicitly asked.
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Applications

There will be a lot of applications and ideas, ....

[ absolutely do not have an ability to list.

Just pick-up a few from scientific view
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Education

a survey in US

In general, do you believe studying with a tutor
or studying with ChatGPT is more effective?

ChatGPT is more effective |
Tutors are more effective ’

OI 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

. High school and college students @) Parents of younger students

Intelligent.com

As a result of studying with ChatGPT, how much
less frequently do you/your child work with a tutor?

I

Aletie bitlees frequently =
AT =
el L =

OI 5% 10% 15% 20% 25% 30% 35% 40% 45%

. High school and college students @) Parents of younger students

Intelligent.com

NEW SURVEY FINDS STUDENTS ARE REPLACING HUMAN TUTORS WITH CHATGPT

intelligent.com 2023.7.1

For which subjects have you replaced
tutoring sessions with ChatGPT?

80%

Foreign English Art/Music “Hard" ‘Soft" Sciences
Language Sciences

. High school and college students @) Parents of younger students

Respondents could select more than one answer Intelligent.com

My experience of an effective usage of an Al is to
study with a text book (or a paper) and make
questions to Als on my unresolved ideas.

Ninety-five percent of students and parents of students surveyed say their grades

have gotten better since they or their children started studying with ChatGPT. 77
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Applications

For examples in science

development psychology, cognitive science, social science, brain science, ...

availability of

well-controlled experiments, reproducibility, observation of internal status,

A simulation of human behavior in a society:

Joining for coffee at a cafe

Taking a walk
in the park
= . [Abigail) : Hey Klaus, mind if

— :3 I join you for coffee?
' [Klaue]: Not at all, Abigail.

How are you®

Finishing a
morning routine

T Y LT T Y Y—

Generative Agents: Interactive Simulacra of Human Behavior

LAl a riving at school

[John] : Hey, have you heard
anything new about the

upcoming mayoral election?
[Tom] : No, not really. Do you
: know who is running?
L XS P4
=¥ 2 3 O- BN G
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Physics Research and Education

It is obvious that using Als will be important in the fields of research and education.

How? When?
1. support for studying new knowledge :
PP yie wieds starting
2. a tool for ideas, expansion, sophistication, planning starting
3. Problem assignment, driving force of science near future?

Humans will continue working on physics having Als as a good assistant

since the human has the motivation of understanding the world.
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A comment on Prompting

Prompting is a communication skill.

Various tips of prompting for having a good performance of Als are proposed.

Such an ability of using prompts are quite important.

However, prompting is not just a skill using tips.
Rather, it is like an ability to instruct a team member who
- has enormous knowledge and performance
- but has little experience nor common sense in your field

to achieve a good performance for supporting you.

Prompting is a communication skill

getting along with an Al and guiding it.
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[ have explained

- how a generative-Al works

- what kind of abilities are observed
- personal opinions and discussions

using information from various sources.

Have you own opinions and plans in beginning of Al era!

i %ﬂi& ﬂyW attention!
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