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Oversikt

* Sekvensinlarning
- Aterkopplade nit (recurrent networks)
— INTE = dubbelriktat kopplade nat i emergent
* Long Short-Term Memory (LSTM)
 Praktiska rad
— Transfer learning for CNN
— Forberedelse av data for LSTM

 Transformers
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Sekvensinlarning

« T.ex. folja borsen, forutsaga nasta dags aktiekurser
— Variabel (oandlig) langd pa input

— Target (label) finns bara periodiskt (t.ex. 1 borjan
av varje dag)
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Kan anvanda 1D CNN

« Fonsterstorlek, t.ex. 50 tidssteg

 Dra fonster over datasekvensen
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1D CNN

« Forsta lagret tittar pa beroenden inom fonstret

— Nasta lager kombinerar dessa inom narliggande
fonster, osv.

Kernel (1*N
Input ki Feature map

Signal

Convolutional Layer Fully-connected Layer Output Layer
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Vad hander om beroenden ligger utanfér RF?

« Beroende kan stracka sig over langa, eller flera
meningar i sprak

— Resan till Frankrike, som forresten blev valdigt
lyckad, eftersom ..., gav mig inspiration till att
gora om det aven i ar.

« Vill kunna ta hand om variabel-langd input
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For beroenden med langre spann

« T.ex. lasa kapitel dar tolkning av slutet beror pa vad
som stod 1 borjan

 Recurrent Neural Network (RNN)

tene

Kommer ihag sin aktivering sen foregaende input
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En nod i ett Simple RNN (SRN)

Aktivering av en nod over tid

Varje tidssteg: kombinera minne h;_; med ny info x;

/J\ /J<2 o
ho > hl hz >
\‘IJZZ — Whj_&“éz

X0 X1 X2

tid
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En nod i ett Simple RNN (SRN)

Gradientflodet 1 en nod over tid:

/J\ /J\hz o
h, { h h =

tid
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Problemet med langa sekvenser

« Nar man tranar ett RNN multipliceras
aterkopplingens gradienter med samma viktmatris,
gang pa gang, t.ex.

—Aw=h*09%09%09x*---x0g'd

« For varje tidssteg bakat blir gradienten mindre
... vanishing gradient

— Nar far man exploding gradients?
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Hochreiter, Sepp, and Jiirgen Schmidhuber. "Long short-term memory." Neural
computation 9.8 (1997): 1735-1780.

LINKOPINGS
I I." UNIVERSITET



Kognitiv teknologi och artificiell intelligens 729G 83 24-10-15

ldéskiss: dela upp minnesfunktionen

c bevarar minnet helt (ingen decay, w = 1), identitet
h kombinerar minnet med ny input, alltsa diff mot c

() ()

&/ &

T

X0 X1

(c,)
2/
ey

LINKOPINGS
I I.u UNIVERSITET



Kognitiv teknologi och artificiell intelligens 729G 83 24-10-15

Long Short-Term Memory (LSTM)

« Sjalva tidssteget (minnet bakat i tiden) ska ga utan
forlust av information

— Gradient over c alltid = 1
— Lagrad information tynar aldrig bort
e For att infora dynamik: gates som oppnas och stangs

— Punktvis uppdatering / utlasning av relevanta
minnesbitar (celler)

— En punkt = en nod + gates = en LSTM cell
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LSTM . layer
SR

O gate

D block = unit

NG

. ?

Ett block (cell)
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output
recurrent
g N
block output (f'; rs(.:,urrem Legend
output gate e

LSTM block y 5

unweighted connection

= weighted connection

peepholes connection with time-lag

recurrent branching point
S
L Y -~ . . .
A mutliplication

N recurrent sum over all inputs
2 3 4
LR 4 e .
forget gate R4 gate activation function

T

(always sigmoid)

®
©
input activation function

input

(usually tanh)

input
output activation function
(usually tanh)

block input

-
A Y2
. ) ‘ v
input recurrent

oo  Greff etal. 2017: LSTM: A Search Space Odyssey
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Bra gradientflode

T

Xt
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Bra gradientflode

24-10-15

hy

Gate-vikter
(inte recurrent
vikter), olika
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c: cell state (intern) h: hidden state (exponerad)

A — O'(LE'tUi +ht_1Wi)
Ce-1 / Q) \ = O'(Q?th + ht_le)
- = 0($tU0+ht_1WO)

Y . { talnh
ftT O " I Ct_ tanh (2,0 + hy_ W)

o o tanh o g
he_q | | L_J _}ht Ci = U(ft * Cp1 + 1 % Cf)
\r j fy = tanh(C't) * Ot
xtl LSTM cell

 Fritt gradientflode for C vid bakatpropagering

— Endast add och mult. med gate:s (som ju ar olika
for varje tidssteg bakat)
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Hur dela upp langa sekvenser av data?

e Mata en datapunkt i
taget (online learning)

« Mata batches, Slgmmd
normalisera inom o(z) = H( __
varje batch

— Zero-centered, unit tanh
variance tanh
— (Vill traffa o och
tanh pa ratt stalle)
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Ange batch_size i LSTM (i Keras)

« Data.shape: (total_series, timesteps, features)

.+ LSTM .
Om man inte

— input_shape: (timesteps, features) 7 | i

— batch_input_shape:
(number_of _series_in_batch,

timesteps, —
features) Formen pé
batch
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En lang serie (t.ex. aktie A over tid)

Bach 1 Batch 2 Batch 3 Batch 4 Batch 5

Serie dell del2

Forma om input-tensorn, manuellt,

Serie dell R )
t.ex. fran shape (1, ts, feat) till (batches, ts/batches, feat)

del2

del3 En del = en batch
deld

dels - Satt stateful=True i LSTM-lagret, sa LSTM:ets hidden state

fortsatter mellan delarna
- Satt shuffle=False 1 fit-metoden
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Flera oberoende korta serier

time steps
A
4 N
Seriel Flera slumpvis valda serier = en batch
batchi SarnE
SHE Som Keras fungerar kommer:
batcho Sefies - data automatiskt blandas fore varje epok

Serie? - LSTM rullas ut i tiden med time_ steps antal steg
(djupet i tiden = time__steps)

- backprop startas efter att time_ steps datapunkter
har setts for alla serier inom batch:en

Seried
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Time steps bor inte goras alltfor stort

« Keras kommer att kora igenom alla tidssteg 1 alla
delar/serier i batchen, innan vikterna uppdateras

— Strategin ger stabilitet i viktuppdateringen

— Men gor det svarare for Backprop through time,
aven om man lost recurrent-problemet (dvs.
samma problem som med djupa nat)
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Flera oberoende langa serier

Batch 1 Batch 2 Batch 3 Batch 4 Batch 5 Batch 6

Series 1

Series 2 Padding

Series 3

Series 4
Series 5

Series 6

Series 7
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Lagg en bit av alla serier i samma batch

Seriel dell « Kommer behova lagga delarna "under
E—— varandra” i input data
: « Satt stateful=True i LSTM-lagret, sa LSTM:ets
Serie3 dell ’
Batch1 . - hidden state fortsatter del1 -> del2 -> del3 i
(cllleh fran) Bl Secrie4 dell varje serie
alla serier Serie5 dell . -
SHESIEE « Satt shuffle=False i fit-metoden
Serie6 dell
Serie7 dell
Seriel del2
Batch2 Serie2 del2

(del2 fran <
alla serier)

Serie3 del2
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Om antal serier inte far plats i samma batch

Seriel dell « Maste manuellt nollstalla hidden state var
N:te batch (N = antal delar serierna har delats

Serie2 dell upp i) m.h.a. egenskriven callback

Batchi Serie3 dell

(delr fran < [EEliEReEE
alla serier) Serie5 dell

« Annars precis som forut:

— Kommer behova lagga delarna "under
varandra” i input data

Serie6 dell ) .
. — Satt stateful=True i LSTM-lagret, sa
Serie7 dell . g
LSTM:ets hidden state fortsatter del1 ->
Seriel del2 del2 -> del3 i varje serie
Batch2 Serie2 del2 . s
— Satt shuffle=False i fit-metoden

(del2 fran <
alla serier)

Serie3 del2
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Las vidare

* Cross-batch statefullness:
https://www.tensorflow.org/guide/keras/working with r

nnsH#cross-batch statefulness
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Transfer learning

Anvand fortranat nat till ny uppgift
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Ersatt sista lagren

« Ersatt sista lagret i ett redan tranat CNN

/ Fortranat nat
base_model =
tf.keras.applications.MobileNetV2(input_shape=IMG_SHAPE,

Include_top=False,
weights='Imagenet’)

Las mer pa:
https://www.tensorflow.org/tutorials/images/transfer_learning
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Frys modellen

« Stang av viktuppdatering i alla gamla lager
base_model.trainable = False

» Fixerar aven mean och variance i alla BN lager!

— It haslong been debated whether the moving statistics of the BatchNormalization layer
should stay frozen or adapt to the new data. Historically, bn.trainable = False would
only stop backprop but would not prevent the training-time statistics update. After
extensive testing, we have found that it is usually better to freeze the moving statistics
in fine-tuning use cases. Starting in TensorFlow 2.0, setting bn.trainable =
False will also force the layer to run in inference mode [i.e. no stats update].
(https://keras.io/getting started /faq/#whats-the-difference-between-the-training-
argument-in-call-and-the-trainable-attribute )
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Bygg vidare pa basmodellen

« Lagg till ett eget topp-lager (t.ex. eget nytt sista
utlager)

« Ladda och forbered egna data
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Trana pa nya data

« Anvand valideringsdata for att regelbundet under
tr'einifp en kolla generaliseringsformaga (och indirekt,
overit

— Valideringsdata
* 10-15% av data

 T.ex. efter varje traningsepok kors en
valideringsepok

— For att kolla overfit, valja bland hyperpar.
— Testdata
* 10% av data
« Anvands en enda gang for att testa vald modell
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Finjustering (eftertraning)

« Samtrana nagra av topp-lagren eller hela bas-natet
plus nya utlagret pa nya data

— Anvand valdigt liten learning rate (t.ex. 1e-5)

— BN-lager bor koras i1 inference mode
(bn.trainable=False)

— Stor risk for overfitting nar alla vikter tranas!

« Las mer pa:
https://www.tensorflow.org/guide/keras/transfer le
arning
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Embeddings
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Omvandla data till vektorer

« Kan inte ha one-hot

— Sloseri: valdigt A 4-dimensional embedding

manga 0:or
* Vill trycka ihop till cat => |12 ] o1 |92

en rimlig mat => |04 | 25 | 09| 05
vektorstorlek on => | 21|03 |01 oa
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Self-supervised training: Word2Vec

INPUT PROJECTION OUTPUT INPUT PROJECTION OUTPUT
’-V(t'z] W(t-2)
w(t-1) w(t-1)
w(t+1) : w(t+1)
w(t+2) w(t+2)

Ca—i

CBOW Skip-gram

Figure 1: New model architectures. The CBOW architecture predicts the current word based on the
context, and the Skip-gram predicts surrounding words given the current word.

24-10-15
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Uppstar intressanta semantiska relationer
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Word2Vec

 [.as mer:

— https://www.youtube.com /watch?v=ISPIdgLhcig
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Attention
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Sprak ar lite speciellt

 Inte en linjar sekvens av ord

— Hur ord ska tolkas beror pa andra ord lite varstans
i en sats eller i en text

« Malet ar att lara ett nat att hitta ord som ar viktiga for
ett givet ord som vi haller pa att tolka

— Vill lata dessa ord paverka betydelsen av det ord vi
haller pa att tolka

— De paverkande orden ligger inte pa fasta
positioner, utan beroende av typ av sats, tema, etc.
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Attention (image captioning)

s Iololulal BT
PEFRREFEPR

bird flying over body water

Attend to most relevant part of image when generating
next word

— Upper row: soft attention

— Lower row: hard attention

Xu, Kelvin, et al. "Show, attend and tell: Neural image caption generation with visual
attention." International conference on machine learning. PMLR, 2015.
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Attention

« Om vi tittar pa ett ord i en text
 Vill trana ett attention mini-natverk att
— Kunna stalla en fraga (Query)

 T.ex. vad ar objekt/subjekt for det verb vi jobbar
med just nu?

— Ska kunna hitta ord som matchar fragan (Key)

« Ord som natet har lart sig kan fungera som
objekt/subjekt i liknande sammanhang

— Kombinera Value
« Sjalva ordet (dvs. embedding av ordet)
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Multi-head attention

« Jobbar med flera efterfragningar samtidigt, t.ex
— Objekt
— Subjekt

— Andra for sammanhanget (eller text-typen) viktiga
samband mellan ord

« Det ar upp till natet att lara sig vad som ska tittas pa
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https://youtu.be/S70A5C43Rbc?si=npdC7Qyk
wv-tvzUy&t=20244

Multi-Head Attention g

Aﬁu‘ﬂead(o, K,V)

Attention(Q,K,V) = softmax (Q—KT) 74
ol ]
1\.

%

N

Attention(W2Q,WXK, w!v)

' ‘ - (I (’ —— £
m. @\ 2 [M/(Qq<2>, V/'_Kk<2‘>,u/ivv<z>Jﬂ [u,qu<3>' MKk<::>,WVv<3>]B [m0q<4>, u/iKk<4‘>,va<4>]]][WQ WKk ; W p< ]1]
P NS N V@
S3 v‘“z

- q<*, k<{>, p<1> <, k<T2>' p<2> a<* k Ta ,v<3> <, k<T4>l p<4> <> k<5> p<5> 7
x<1> x<2> x<3> x<4> x<5>

Jane visite l’AS'}'i que septembre \.._3
v _ \ (W)
[Vaswani et al. 2017, Attention Is All You Need] N| ) Q\‘)b)\ "’\"*s \\.«u\‘ ; u ) “ L %) ut /AndrewT-


https://youtu.be/S7oA5C43Rbc?si=npdC7Qykwv-tvzUy&t=20244
https://youtu.be/S7oA5C43Rbc?si=npdC7Qykwv-tvzUy&t=20244
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Attention heads

Head 1-1
Attends broadly
found, ,found
in in
taiwan ,taiwan
[SEP]- » [SEP]
the - A the
wingspan< - ’»/_- »wingspan
is< /A IS
24 ¢ /AN 24
28 .28
mm/ ‘mm
[SEP]" [SEP]
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Head 3-1
Attends to next token

found
in
taiwan

[SEP].>iSEP]

the the
wingspan wingspan
is is
24 24
28
mm

found
in
taiwan

i

28
mm

i

[SEPj iSEP]
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Head 8-7
Attends to [SEP]

found

in in
taiwan taiwan
[SEP] [SEP]
the the
wingspan ‘ wingspan
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Self attention — cross attention

 Self-attention
— Jobbar inom samma text
« Cross-attention
— Anvands t.ex. vid oversattning
* Query tas fran text som haller pa att genereras

« Key och value fran texten som skulle oversattas
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Berikade ord-representationer

Blir olika kombinerade representationer beroende pa
vad attention fokuserar pa

please buy an apple and an

TR . | (S| ,‘, a ‘
| | | | 42 apple unveiled the new| phone

‘11 11




Transformer
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From human cognition to chatGPT |

|

I

|

I

Output 1

Probabilities :

Two networks —Oshpen :
f'prdc;efs;i;hg E

 Encoder f \ :
I

I

— Reads the prompt :

4 H \ |

« Decoder ‘ .
I

— Gives the answer N :

. |

— One word at a time - :

\ | p & J :
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Encod InptiDre- ;rz- coding :

processing processing :
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From human cognition to chatGPT

Encoder

« Reads the words in the
prompt
« Compresses (encodes)

the prompt into an
abstract representation

P ~\
Add & Norm
Feed
Forward
| S—
Nx (-—| Add & Norm l
Multi-Head
Attention
WL S,
.

L J
Positional )
Encoding

Input
Embedding

Inputs

24-10-15
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From human cognition to chatGPT

Decoder

1. Gets a condensed
representation of the
prompt

2. Generates next word
(first word in answer)

3. Takes this as input,
generates next word,
and so on

24-10-15

Output
Probaities 3 N

D
)
Nx
Add & Norm

Masked
Multi-Head
Attention
| YT, T )
. 7 )
@ Positional

Encoding

(shifted gight)
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Output
Probabilities
Multi-head attention
( ~ =
« Learns to attend to
DX Wil or?:ar
other words, to hetp " "~ ----_ L
: N ( 1 N || TNoT |
1nte£pret the current ~~ _ . -~ |§ e 2 CTOSS
WOI' N Forward AN
N: S
e Learns to attend to P A ey A
: self (| [Rewe et > masked
previously generated - - =~ _ ] L |
words, to better align ... I ’ ] -
the next word - oo S
Embedding Embedding
I
Inputs Outputs

(shifted right)
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Chat-GPT
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Disclaimer

This report focuses on the capabilities, limitations, and safety properties of GPT-4. GPT-4 is a
Transformer-style model [39] pre-trained to predict the next token in a document, using both publicly
available data (such as internet data) and data licensed from third-party providers. The model was

then fine-tuned using Reinforcement Learning from Human Feedback (RLHF) [40]. Given both
the competitive landscape and the safety implications of large-scale models like GPT-4, this report
contains no further details about the architecture (including model size), hardware, training compute,
dataset construction, training method, or similar.

We are committed to independent auditing of our technologies, and shared some initial steps and
ideas in this area in the system card accompanying this release.> We plan to make further technical
details available to additional third parties who can advise us on how to weigh the competitive and
safety considerations above against the scientific value of further transparency.
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GPT anvander bara decoder
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Training of GPT: First part

Let network say (predict) missing word. Correct, and
adjust weights

eating walking Z00
15% | 5% 0%

Prediction
A

f f f t t t T

Masking T ca s mask mask mask

Random

Input The cat is eating some food
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Training of GPT: Second part

Prompts Dataset

Sample many prompts

7

Initial Language Model

elolalo
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Train on
{sample, reward} pairs

Reward (Preference)

Lorem ipsum dolorly”
sit amet, conseacgf
adipiscing elit
Donec quam |
vulputate egd
Nam quam n
eros faucibus t
uctus putvinar, het

Generated text

Model
= .
*0la-a 970
-~ = <@
- f ;‘r
Outputs are ranked
(relative, ELO, etc.)
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Finally: A word of caution

« ChatGPT is good at lying in a credible way
— E.g. creates non-existent scientific publications
— E.g. creates false background for an answer

« There is now a plugin: the knowledge base Wolfram
Alpha

— Better answers, based on facts

* Also, now uses Retrieval Augmented Generation
(RAG)

— Uses data from e.g. databases
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Transformers

* Andrew Ng, DeepLearning.ai:

— https://www.youtube.com/watch?v=S70A5C43Rbc&t
=18842s

« Serrano Academy
— Attention
e https://www.youtube.com/watch?v=0xCpWwDCD

FQ

— Transformers

 https://www.youtube.com/watch?v=qaWMOY{4ri
8&t=2180s
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