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GENERAL
Nofions of ,Al’

T Shong AEE Systems thinlking | aching lilke humans

Weak Al = Sysiems +hinking/ aching rabonally => Inteliigent Agents
Thinking' rahonally = Laws of thought / Logic , nNormahve rules of derivahon
- \Achng' rohonally = moximise goal achievement pased on cwailable info
= computabonal Umris make perfect rabonalty unochievabie

— we seck rafonal agent wrth best perform ance
AL =+ machine Learning (ML IS penf of Ar)

INTELLIGENT AGENTS
— Situated agenrs: humans, robo’S, thermostat,-..

8ensors : for perceiving world » produce percephicn sequences

sensof

percepis
actuafors : for ackng em-‘«onmenf/\l
agent function: f: P*—4  percept hisiories - actians o 0
o_gen{ program runs On physicol architecture to produce - oetuoton

Agent = Architecture ~+ Programm

Architecture = Programming device + $ensors + adiuctiorg
Programm = gets senscr data~ refurne ochans for actuatere

Rahonality: defined by... Performance measure Ccriterio. of success) +

prior knowledge of env. + percept Sequence Chistory) = agentachore

For each possible percept history, select an action that
is expected to maximize its performance measure, given
the evidence by the percept history and whatever built-in
knowledge the agent has.

~ Rafional agent. cdoes the right!thtng based on informaton / knowt.
= exporaiion of world, (earning, ouicnomy
* perfect, omnieient, clairvoyant

— Rgent charackershcs: PEAMS
Performance ( efficiency, safely,--)
Enviromment C+o consider)
Pctuators €t can wsed
Sensors  C\nput)



— Emvironment types
- fully vs. parfially observabie
— deferminishc vs. stochashc
— episodic vs. sequenhal
- stahe vs. dynamic
- discrere vS. coniinuods
- koown  vs. unnown
- §&ingle -ogent vs. muh-agent

— Bgent igpeS : 4 types , hierarchy by
1. Simple reflex agent

agent:
Sensofs ¢

what is wodd like now '
environmen+
Condtion- oction-rules
= dectsion making —» what acton | showd do now' ——*

1. model-based reflex agent with Sstaye

state
\how the world eyolves'
iwhat my actions do'

COIPO.bll l‘h'egg

No memory
no Sequences of percepts
LooRINg poSSible

memory

updafe world slote

reason abcut unabgervaoie Earss
goals only rmplicit

3. good-bosed oagent explict goais, wornd, achons & effects
more flexiple better maintainable

C if goals change don't need to change rures)

Vwhat wil it be lile ¢ | do achon R'

l

goals —» search & plonning of achans to achieve goal

b, ufility bosed ogent

access goals with utitty funchon

resolve conFu'cHng goo,fs

v
usifity — how happy will 1 be in such State!

only expected uhirty



PROBLEM SOWING & SEARCH

— Search Problem DefininNon
4. \nital stave
L. Suaessr {unchon = Set of achen state pairs
3. gool test Cimpiiciy: x ras.., explicit: =x)
h. post cost Caddifived , Clx@y) step cost from x o Yy with achon a
A solunop is a sequevce of achang leading from the inifial state to the goal stale
Slate space wmust be apstracted Ceoster than real prablem)

— Basic search algorihms @ offline = world doesn't charge
4. Tree- Like search :
generate successors of already explored stodes (expanding  Si¥eg)
maintain st of nodes available for expansicn Cfronher)

for repeated siates
Wnear problem might  turn

into  exponemnhal one!

1. Graph- seocch:
besides fronher mointain  explored set

ophmization: feoched set: all states with generaied nodes

function NODE (problem,parent,action) returns a node

~  (mplementahon e .
. P rode  DONASTUCIUN® COMSISIS Of: o b
state , pasent, children | depth, path cost guxd
+ Fontier & & queve

Search sirategees:

* uninformed search = pasic al@orthms , onfy info tn problem definrhian
- informedt earch = informabon abour solubon cost Cheurighc)
\ocal seavch = (histord- (ecs!) one step changes



~ Search sfrajegy evaluahons:
completeness = deoes it always €incl solubon if one exisis?
optmality = does i find (eat-cost soluton ?
time complexity = number of nades generated ( expanded
Space complexity = mox. humber Of nodes in memcry
For time & Space:
b= moximum branching foctor
cl = depth of least cost soluhon
m = moximum aepth of Srate gpace oo i€ loop)
A tree has b™ nodes: level 0:4, \evel1: m level2: m*m [evel3: m?
The root hos level o! <3 m=4.)

UNINFORMED SERRCHES

Breadth - First- Search (BFs) : expand shalidwest unexpanded node
Fronher (¢ FIFD, succesors go ad end , reached set for na lcops
Goal test at generohon time before putfirg child intc fronter

- complete i€ b is finite | opimal ¢ slep cosd =4,
time & space OCH) if goal test gen-time, OCF*Y) if exp. time

wniform-cost-search : fakes pasd o8t into aaccunt
2 Besr- First— Seorch @ expancl (east-ask  unexpanded ncde
Frontier is prority queve sorted by evaluahon funchon f=path oSt
Goal test at expansion time = stop at ophmal, not any Solufhion
—* complete & step mst = € ((ower boundd, opimal: yes Ocpt* £E7eY)
time & space: n with PN £ ¥ C*= cos of ophmal sdudon | if cost=1 < BFS
" Depth Fitst Search CDFS) : expang deepest unexpanded node
Fronher is L\FO gueve, put SuccessarSs of front
—* complete: no in infinfte spaces’ toops , ophimat: no, sIop af first Nnot best Sol
L tree like versian. Keep explored set > complete in finif€ spaces
t‘me: OCb™). if Soluhons are clense may be faster {hen BFS, space: OCbm)

. siare oné%
variant: only keep 4 Successor node at a time & backtrack 4 branch



Depth- (imited search (OLS)
DFS with depth it € = repoft cutoft at Umit

Iferafive deepening search CIDS) : Increase Limrt ¢ iterabve
—» complefe: yeS , ophmal: if step Cost =1 ; midy mae expensive th. BFS
time : 0Cb® , space: oOcbd)

© Bidirechonal SearCh (RDS): needs inverhble ochons
go forward from inihal & baclkwad from goor State» meet at o/
=> 3 queves CBFS or UCS ) + chede whether exp. NAd€ in other set
—» complete: If step cost 2 €, optimal: yes » bofh if b 1s fin(l€
time & space: Ocb9?)

Criterion BFS ucs DFS DLS IDS BDS

Complete? | Yes® Yes:? No No  Yes® Yes®?

Optimal? Yes” Yes No No Yes”  Yes®? aq,) e ; . {_e
Time o)y oLy o™y obt) omd) omY?) Al on,g C ple.f “C b ﬁn’
Space o) o' /<ly 0(bm) O(bl) O(bd) O(bY?)

@ if bis finite

7 if step costs > « for positive ¢

7 optimal if step costs are all identical
° if both directions are BFS or UCS

—© time can be overcome wth technical improvements,
memory S crucial = |DS with Iinear space'!
— Graph Search can be exponenharly more efficient than tree- (ke =S

- WKlausurfrage: 1s (DS opiimay i€ CO8ts increase with depins?
= moroton oms’re(gende Kosten = ja! Claut Wikipedia)

INFORMED /HEURISTIC SEARCHER

= using probolem -/ domain specific lncwiedge
= evalyation funchon fcn) esfmating real-ufe / opfimal funchon £7cn)

- heurishe funchon WM eshimatel minimal ¢ost from state n £o goal

htgoal)= O hem gefs Smaller to goal compufing hen) has low oSt
~ htn) odmissaple: for every node: hn) 20 higoal) =0
hem £ BTN) 5, h ) = true costs = hy 1S Icwer bound = ophmishc
- ha) consistent = for every node N & successor n! & cost cha,?ah'“mn')

(M £ cenian+ ntend = then fin)= gN) + h(n) is Non- decreasing
gpen% coSt
- how tO ge\' CldmsSSO.ble heur(ShCS7 adegive from Subpyob(em or

detive from exact resolubhon cost of refoxed version of prablem



consistent:  f(ny= g rh(n') = gM + Cin@,n + hin 2 g +htnd =§tn) € f(n") > o
— For odmissoble heurishics:. better the nearer to real coSY
ha & h2 adm. # by clominates ba if ha(n) 2 hatnd for evely node n
=>if ha dominafes h4, it'S better for search
h18 h2 @adm = hin)= mox (NN, h2tn) is adm. & clomnates ha & ha

— (reedy Seorch: uses f(n)= h(n> ,ONly local info, nof- already spent Costs
Expand node with smalest f-value

—* Complete: yes if with (0op checks, opfimal: NG, but okay
time 2 space: 0OCp™) bad!

- A*-search: wuses Jrnm= g+ hcn) = ovoid espanding aireacly expensive poths
gcn) : path cost so far from sfarf to n

find node via
h(n: esimated costs from n o goal pafh ihaf is not
optimal fist
f(n): estmaled total path cost through n to goal - already in fronter/
' . . reached sef
2 if hin) i€ odmissable, P*-Search (tiee seavch) iS ophmod 7

5 A* (groph Search) can discord opbmar soluhionS even if hcnd /S adm,
—> if h is onggtent, AF-searth (graph search) is optimou
= A*Search expands nodes in order of Mareasing f-values :
grodually add, f- contours’ : contour f; nas all podes with f < fi ,where i < fi+1
A* seafch expands oll nédes wrth fcm< C* Someé nodes with ftn) =C¥
No nocles with £(n)>C* , fewest nodes Sofely /f hcny consistent

—» comprete: yes unless infinite number of nodes wrth fnr £ fCG), gpbhma: yes
hcne) - h*Cne>

¥ =¥
ntCno h¥¢no) =C

time€ : exponenhal (in € xcd wilth relahve error €=
space: 0Cbd) exponennal (sfores every expanded Node)

— Memory bound search: remedies of A* exp Memory CONSUMPhaN
Avoid dupticahon in reached, fronher
lterative cleepening A* CIDA*) = IDS . expanding
= with Umit st C = next (imit: smanest value fend >C ... f-confours
—* no storage of nodes peyonc pphmal cost = space  o(d) linear
Recursive First- Best Search C RFBI)D
f-Iimit = value of best a(ternative path than current nacle N
= [ f(m > £ 1im't : unwind back to alternahve path

& change f-valves of nodes t0 best f-valve of their chiidren ( ‘Egebe}

—* optmatd F hcnd admissable but more fime for regenerabng palhS
in exchange for Saving SpPace!



SEARCH (N COMPLEX ENVIRONMENTS
2 no medel of domasin / info of heurisicS avaiiable 2 genevaie info (ocally

LOCAL SERPRCH = suitable for oniine environment

Path not elevant, Only goal state y state space = set of compete configuratians
= find optimat configurcthon  (e.q. Troveling Solesmen Problem CTSPY

Hill climbing (Gractient Descent / Ascent)
try out highest-valwed neighbour/successor for better Solupon

j‘é’?uences of
— problem: mignt get stuck on ar maxima./ f/af moximQ / rrdges (/ocou moxima.

if done oftfen enavgb

=2 remedies : candom -restact comp(e+e , side moves sfochashc neghboy serechon

Simulafed annealing:
aliow ntermediate bad SOMNGNS Mmaves - esape (ocl moxima gradualy
« COOLING Of *
The higher ¢ , the more
accept bad maves

= will find ophmal solubicn if cooling - down slow encugh
= ,8low enough’ can be worce than exhaustive Searvch /!

local beam search

keep k states in memory & choose top k of all their successors
- Searches finding good Sfafes recruct other Secrcheg

—> problem: might aii end up on Same local hill >~naturat gelechon
> remedy : chooSe k successors randomly , put biased towalds good ones

> prodlem: stofes get too ciose —b remedy: use stochastic variant

Genefic algorithms
= sfochasic (Ocar beam Search + $UaessorS  from combining

1. Select parenfs werghted by fitness (Qualrty)
2,. Crossover: reproduce chidd

3. With small probability mutate chid
= dpo so unhl an incividuar 1S fif enoygh or &me S up



= requires states incividuals) encaded as strngs / programe /...
=> crossover can procfuce soluh'onS drstant from parents

=2 crossgver only helps if Subshings are meaningfuls = components | bioctes
else no mere heipful than Shuffliing ranQomiy

CONTINUOUS STATE SPRCES

-9. minimizing a funchan fex)
Rpproaches:

- Constraint optmizaton: ophmize objechve funchon f
convex ophmohon : near programming
Discrefizanon : turn mnfinuous space into  finirely many Successors
empincal gradient Search : steepest ascent hilt- Climbrng
Gradient method: analyhcal approach : find ophmum x> =0

SERRCH wT NOMDETERMINISTIC ACTIONS = follow-up states not determined
betref-state = Set of sfafes the agent (s possibly in
— soluhon musl talke belief Stares into Qccoun +

e b OR
. O -r e AND
And- Or—Tree: I o [
OR-NoCleS = choice af achon N Some Sfate
AND- Nodes =

possible achon outcomes
=> Soluhon s a subtree that has a goal state af each learf

- teceminates in finrte spaces |, can use BFS, ucs, A* with adm heurishc

. - ¥
— Cylic soluhonS: i loops af leaf must consicler worst case
—= while (cop with chance ofF escape , use labels

—> not gpplicable f hidden variobbles prevent (cop exit

ONUNE SERARCH : in dynamiC world = environment changes

lack of informahon , achon effecfs uncleor > seach as you go

AchoNn(s) = sef of achons deable in siate S learn RESULT €S, a)

=2 reach goat from inihal stafe , local exparsicn S-s', no jumping

—> dead ends: backtracle , consicler goat reachable from any Space

Implementahon vio. DFS suitable : From state trg all achons (save untied),

untit goal or dead-end-> pbackhack (save unbockhacked' for each State)

Performance measwing: compehbhve raho: cost of path fraveled / cphmal padh
charactedShcs . size of state space

online local Search by hill Climbrng: no random restart, but random walk
= randomiy picking achons — in finrfe Spaces Compiefe, but exponenharl fime



LEPRNING FROM ErAmpLES
Learning = Modifying ogeniS decision mechanism 16 imprave  performonce
= for unnown environments, when programming & NGt possible

pevformance standard (fiom outSicie
.

v
Agent  criic ¢———— Sensors e————

Learning agent architecture :

~ Performance etement:

select external achans | feeciback {

= Critic: perfoimonce s resulf 03SeSment Learning element ‘:;L_:? Pecformance elerent  epy
= view past outcomes teame? | ’ {
leasning element : Problem generator hetuators ——

make improvemenis
— Pobiem generator: suggest ochong {or new experiences
E.g.foxi: PE= driving, (rihic: customer feedback, LE: break softly , Prablem gen: try breaks an raiy

learning etement CLEY makes changes On kndwledge elements
Design depend’s on: type of performance element, funchonal component,
representahon of funct. comp. , feedback -type

Performance element| Functional component | Representation | Feedback
Alpha-beta search Evaluation function Weighted linear function | Win/loss
Logical agent Transition model Successor-state axioms | Outcome
Utility-based agent Transition model Dynamic Bayes net Outcome
Simple reflex agent | Percept-action function | Neural net Right action

Representabon of stafes of the warld:
~ atomic = monglithic Sotes (blackbex> with (abels  —® search algorthrg

- foctored = with athibutes with values —» planning, CsP

- sreuctured = clependency ) relahonships betws attubutés —> Logic, bayesian nelwark

Learning mooes :
- unsupervised : no feectbock — clustering, concept formohan
— 8upervised : correct answer for each inStance C'label!)
= requires  teacher/ labelltng rewavd * coriect answer
= In prachce: semi- supervised = mix of abelled & unlobened
~ Reinforcement : occasional reward 1 punishment =~ poyoff

* classificabon mesnodsS (S-b)
- suppoIt vector mochines : moximu margin  Separators
- k-nearest neighbour:  the \arger k, the (eSS over fithng



INDUCTINE LEARNING = [eam funchons from examples

f s the fargef funchon, an example s parr (xf(x)) = expected (ihput, output)
Given an finite training set (xa,y4)... (xn,yn) Of examples  ys=ground trufh
find o funchon h that opproximates f: hsf kA = hypothesis
2 if p=f,the learning prcblem s realizable

" types of outputs:
- clossificabon = one of finitely many valves
T regression = humber

#(S.0)

assumphons € nighly Simplified) :
= NO pror knowledge , deferminiShic obseivable enviroNment,
given examples (selechon of new ho!) , agent wants 10 (earn f

InAuCHVE (earning methoai:
Construct 1 adjust h €0 agree with f on trarning set (= h consistent)
ree « for k examples

a
—® curve fithng linear/ quacirabc / an%?gnom/'o( [ complicated
=P ,0ckham's razor': moximize simplicity under consistency

complex vS- Simple hypotheses :
—semanhC:  pbias - variance trade-off
bias = deviotion from expecied output over different troining Sets
varionce = chame i kh by change in training set
v? >complex h: fit dato well = overfithing = too much adjusted to parficular cafa
bf - Simpler : generalize better => underfittrng =no pattern found in oara
— Computabhonal: (ssue = computahcnal complexity "z argmaxney Pldalarh)- PLh)
trocle-Off expressiveness h space € finding a good f in it

Measwing Llearning performance : Hume's Problem: f=f¢

- use computahonal / Stabhchcal theorems

T try hh on new test sef from Same dishibuhon as trarning set
— Learning curve: x=7. of correct y=num of examples Ctraining set srze)
Ledepends op: reatizability Of £ (e.9. missing atfributes, h space 1o reshiictive)

only Irneqr...)
redundant express/wveness (loads of rrelevant atfribuftes)



DECISION TREES = A possible representahian of

uses atfributes = factoled representahon

input vector of valves of attmbutes = ouiputs decigsion

tree = Sequence of tests on aftvibul€s (nodes) , for each valve 4 chill-nook
—b each 1eaf gives deciSion

~— boolean classificahon would be only volves Tryes , L /no

= Dec(sion trees can express any funchon

= Ther€ Is a trivial @WNSStENt decrsion tree
for any training sef : 1 pafh to leaf per ex

=2aim: generalize = find smali consistent e

=> recursively choose mast ggnificant’ atficbute

=>if ng more examples| aftr. before classit., refurn plurality valve

= if attr. empty: rondeterminishc domain ., hiclden attiibutes

Choosing atttibuteS: good atfributes splif examples into classes
— Greedy approoch : pick atfribute with most classi ficahons
— Informaton gain : not only max. classif. , consider entropy
The more uncerfain the outcome (= the nhigher the entopy) , thé more
Info an atfribute contains when clas'hied . for &1 mox = 16it , 016 099 low
- Entropy h({P,..,Pn>) = Z; - Pi -10oga (P1)
for n=q (boolean) h (<P, P2>) = BC(P) = -Pilog2( Pr) = (A-Pa)-10g2 (1~ P1)
Remainder Rem (M= 5 EBexte . g (ZBC) pifs 1o cassify adtr.
* 6AiINCRY = B(Cp/n«pd) — ReM CAY  If Rem(A) =0 = aut examples classihad
Bis 10 cla&i?g example Se+ = entiopy - Rem = how much entopy Stays
Gain = a (ot of unsureness, but few stays
— Broadenings: mssing vaives, conbnuous aft-> use spit poinis | ¢.output - funchion

ALTERNATIVE H\(DOTHESHE—:S
For n adtr. there exist 42 non-equiv. decision trees, for cenj. 1.5,

. But worse
More expressive h-space = target £ better expressed , hum af 4 7 expressions

Decision Lisls = cascaded rf statements:

If conyj.ha then OilyeSmo) €lIF conjhz then O, ...
=> can express all boplean funchons
k-deciSian 1iSk: each cony. mox ik (iteralS > PAC learnabé



= how many examples do we need to (earn f?
PAC Cprobably approximaiely correct) (earnability
seriousty wrong h will be idenh'fied with nigh prob. ofier small num of examples
© o h with high hum of exampies s probably opprox. correct

Ly Erroc rate error(h) @ Overage error of h -2 p approx correct (f error (h) < ¢

b probability P(bod i agrees with N examples) € (4-¢)N
© N2Z2(in5+inlHI) examples are sufficient (for k-DL: IMI=0(n-10gzcn*))

. cdel G
model selechon: choose rore tiuely wih more atir
- Overfitting: h may consider (rrelevant atfributes C 1es§ likely with more examp)
= remedy + deciSion tree pruning: Splik aver refev. Artr. using info gain / stahshc

- k-fold-Crogk - validation = Teshing Training + Validathon + Test Set
use part of indep .& idenhaally dishibuted) dala for test & training

1. spiit examples E imMo k equal sized sets Fu,.., Fk
L. do k rouncls of (earning: use F as validabon set, EN Fi as training
er res
3. averoge Score - @rning-aigorithm
= cons'truct madet by varying porams, Uling o IIrNer & Cross - validahon
keep valkdahion eror (cw: Overfithng Skads when model capacity gets

close to (nterpolation paoint (= almost goes through aul test points)
f tippw)«mah‘on Interpolaion *>peabably overfthng

LNERR REGREAS\ON = learning continUCUl Valued funchons
haf minimnize oSS error on examples Nowe (X)) = a-x+b

square s of h on (xYd: LOSSCh; Cxiy)) = (Y- hex))?

= finding 0.8 b easy, may be comauted by gradient search

univariate ((near regression: 4 inpuf, 4 Output variaple

Rw(X) = Wo * W' X

L0SS Chu, Cre) = (Y= hoON?  LOSS Chy) = Zil Cgi = hw (xid)*

=2 find optmal w* = argmin,(LosSChw)) > 3loSS/dwi = B10SS( hw) =0

=D Solulicn:  wo = ~ Formel  wh = - Forme(
inSteodd of Forme(

B
Gradient cescent: corpuie opfimal ValLeS w* incrementally
= yory parameter wi minimizing OS] LoSS (w) quodtr. , 2'%0 linear

upda‘le ru[es : wo < wo + a(y — hy(x)) wo < wo + u\,_‘”\ 1 = hw(x))

wy = wp + a(y — hy(x))-x Wy < w) + o 2/\ L = hw(x7))-x;

= as long as (0SS #0 / nhot converged , upcolfe w



Mulh - variable Linear regression:
Y, x= %o, xn  X0=1 fixed hw00=21;,~ Wi Xj = w-X
= find opimal w*= agminw (L0 (hw)) = (X)X K=Cxinj)
update vule: wi wi+a 350 — hw(X))) 3,

> Issue: Overfiting due to mulhple athibutes = add requiahon Term X - complexity

Lineay classifers

1 1fFwx20
— hard 4reshncid: use linear funchon/ Seperators hw (x)= (O else
|£ > does not worle with gradieni adescent Cdlossiow: IS alway O or undef(afo))

nhot ciifferenfiable
b use update rute: wi < wi+aly — hy(x)x

=2 for any linear Seperable dofa sef this rule converges to a oSS~
tent funchon = con Iearn any lin. sep. Jtx) from sufhcient cala

= if nol lin. Sep. : converges for aecaying x €0 min ~err soluhon

I-L_ — (ogishic regiessICh : soffened treshhold

sigmoid {unchicn g0 =1/ C1¢e™™)

oulput huyix) is probakility for class membership
Update rule: wie wi+taly —hw(x))hw(x):(1 = hy(X)xi

NEURAL NETWORKS

Perception Csinge unit)

Neutal Networks CNN)

single-iayer-percephion csLp) mui-layer -percepfion CNLP) Binarized NN AthRcial NN
g FRN) R N
Feay- ﬁbrwaz‘v NN CFFN P(urrfn‘ N CRNN pe'cepho\"\ Deep NN
Corvolutional aN (CNN) LSTM  GRU

!
Trangformer

Feed Forward NN Recutrent NN
Full — '\ AN
PERCEPTRONS ca'}n%zi&gd NN CNN  Transformer LSTM
— Perception = 4 unit

= linear sum of weighted inputS ar: inj= Z wijai Qo fixed (> wo)

-> achvahan funchch decides whether percephon is achvated r valoe
=2 4_ ou}puf aJ = gcln‘)) 01 aj = gCing)

G o<
o y

AeBvoahon funchons:

1 8

09 7 sofplus ———- 08

08 06

o8 o ReL.U 4 s

06 / 02

0s s /

04 3 /

03 3 /

02 2 s/ 06

ol ! 7 08

0 0 = 1
6420246 6420246 6420246

. - . N
. w 19 tves re)
sigmoid o tanh changing wo shifis ehe tveshhold funchon
= (4‘%’5-9 = Mox [0(x)

Input inks ~ Input §  0chf  oulput  Output (inks

Relu not fully adfferenhable

—> soffplus = glatte Apprax v. ReLu ->denvare is Sigmord

= evaluafon discrete o. conhbnuous



~ Percepiron eaning: hw(X) = g(m)  where in =2, WiXi = w-x
Learn f(x) by odjusbng w to reduce €rdr on training Sef Cregresson)
= _ _ = _ 2
Err=gy hew(x) .gqtl,tare (0SS [0S8(w) = (Y-hwea)Z > Searchform:r)/g%c/l%sgf descent
Perceptron learning rure (Update ruie):
Wi= wi+ g €rr-9'Cin) - xi x = learning rafe (Step size)

— Expressiveness of percepfrons:
- Single perceptron/Neuron  complete basis of boolean funchons
With hard +resphold): Iif (inear seperable : AND, OR, NOT not XOR

nefworl: orbﬂrars funchonsS s i 1
\O- \O- ©~

NEUR AL NETWORKS CNNS)

— DeANINON: NN is & funchon £0x) that MmapS x=(xa...xn) of U™ 10 Y =(yar-.ym) oF U™
composed of unitS : input uNifS uin, output LNl u™t, processing (hiddem) wnits
+ (ks rores from ui t0 U with weight Wi
fx) = R (X where W = (wij) is an N x N mofrix

- Netwoil gtructwes
a. perceptcon cshort paihS)  b. decision 1St ( SOMe (oG paths)
c. ceeper netwerk ((Oong PAths)
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- Feed - Forward Nefworks CFFN)
=uni-direchoral = clirectec! acyclic graphs CORD)
node n layer i 1S direcfly connected fo nodes in layer i+4, /-1
=2 No internal stafe! = simple reflex ogent implementahion
=> Types: Single-layer -/ mulh- layer- perceptrons

~ Single- layer- Percepton CSLP): No hidden unitS, but Muitiple outputs
= output units operate seperately = NO Shared wRIgHtS
= ocljushng weights maoves locahch/ orientation: Steeppess of Clife
= can view this as Singfe perception: acjust wij o wri %

~ Mulh-Loyer- percephan CMP):
Layers usally fully connecteq
Muibple oufputs posSble




- Expeessiveness of MLPs:
- 4 layer (SLP) = qyi (inear Seperabre funchons
" 2 layers = all conknuous funchons at arbitrary precrsion
2 1equires exporenhally mang hixten units = reo lishc
~ XOR with MUP bt @00

H1 00 -10 11 00 1

bad trestnad goy=1 e x=24  EEinE @ e

— Networle learning = consfruching weights for NNS

Nefworll stvucture fixed > odjost weighis to learn funchon

AP use percephion leauning rule for each output

MUP = weights affect mulhiple outputs = push ermor badk & adyust weght's
1. Compufe (0ss of whale nefwaorlk = Sum up all groclient 10SSes of oufpuls
1. Push back efror by oividing i+ on conhibuhng weights

Learning rufes:
Output Lager Qw : wjk < Wik *d- 0y bk ; Ak = Erre: g'Cink)
hidden ayer o) : wij ¢ Wi+ «ai -Aj o jA) = 3‘Crn,')-§ wjk - Bk

nocle  uj is responsible for frachon of error aw at output layer
exampleg T ——

resutt

/ Backward Propagation
tivat id funct \
sestn: sorotuoon ; . @M:“; o,
1o B A
0%
expecieq: $(0,0) =0 0@ I8 @y 0

Calculation (numbers rounded)

by Computation of the weight changes (learning rate o — 1):
4.5 as-As 1-05 0.148 0.074
Updated weight v < = 0.90

Other weight changes: computations similar

~ Applicahons: e.9. handwriflen digt! raognihon : eror ntwadays 0.237
- Aspects: @ good for complex patiern recognrtan / unSfroctured input
less need for determining relevant input factors
© choite of NN hard ) needS good training material
results not easy to understona

— Tralning ssues & SAubons:
Overfitting = improve Generaiizotion:
- choosing right NN architecture : dofa : CNN- images , RNN = Sequential data

deeper nekworus befter | adverSial examples - robuste Moderte,
Cueine Andenyginengaken, dre NNoutPut verdnder)



Anpassungen d. Parameter C Hyperparameter-Tuning)
NAS =Neural Architecture Search sucht qufe NN —Shukturen
- weight decay =reguiarizafion : acld penalty A Si w;” fo los funchon
= big valoes will be estricted C(+ Overfithing)
— dropout = at each fraining step ranclomiy deachvate scime heurons
— NN not deperdent on some neuron

Slow convergence & local maxima : comman 1O gradient aescent-
— Stochashic gradient deseent: uses minrbateh = small set of exampes
from training se+ = faster = poacatlel compuhng possible
— Bafch normalizabon: resccle values af internQl (agergl,rﬁ%rmh
= decrense learning rafes increase minibatch Size over tme
=> If [oSS Surface js convex: it find global minimum Qquarmnteed
else no guaranty

Exploding & vanishing gradients indeeperi Quis

when using exp. ack.f (offmox, SYmod) & fferahve recursive comoutanons
- Exploding s when weghts w>4  —2 using  clipping pOSIbIE
- vanishing: w<4 = emor signal exhinguiShes = NN degencrafesS

use: —patch rormali zanon, non-exp. act.£., LSTH for RNN (Sb.) | RIVs

Residuad NetworeS CRNS) againgt vanishing graclients
= pertuvb y not replace previaus’ (ayer representahon
instead of =z 7 flz-0= gl 21> uSe
zi= g (2i1 * f(2i-d)  Gr= act f of residual lager
= (nfO [s by default propagated >no need 1o learn all 1he fime

~ Computahonal graphs shows Calculothions
= NN seen as o dofo flow graph | Cbmpufahon granh - ui
= o Crcut with mulfip/icahon x, addiion + and activahon gaies gi
af layer i+ weights w®, activaion funchon g¢ as nodes
€9. hwix)= 9" (w® g™ (wWx))
—> (ompuf ahons forward (output)/ backwards (weight (eammg)
using automahnc differenhabon

o w0 [0
L

= make calcWahons in NNS easy | efficrent
~ ©bosiS for NN-Software



(nput layer : Input nodes = (Nput x = X4;--1 Xn

Types of data-input:

- Factored dofa with athibutes: boclean 1(0 , integer numbers

- Images: xxY RGB imoge: amay-like internal Structures (tensors!; adjacency motiers
~ (ofegorical dafa: valve range Vi;-\d > One bot encoding: d input bits = Vi b= o‘.)gé.q,o...

© Output tayer : encoding of owtput similar to input
0SS funchon: -squoare (OSS
- negafve Lckeli hood w*=argmm..,—Zj-i log Pa Cy; 1%;)
= log convenient: sum instead of prociuct ; minimizing = moximizing probability
~ Cross enfiopy 0SS H(P,Q) =dissimilarity betwaen clisnibutions P & @
‘ = pi= true d«‘shfbt:m‘on Pr, Q= hypothesis RuCylix) (3has+o be \'nfefr)p&fgbt?lle‘j*;i
Muth-cass- classificahan: output is vector of numbers
— Softmon-layer turns these Into probability distiilbuhon €.g. (6,02)(0.9%,001,02)
. sigmoid = P fur J. Kiassen
Regression outpuf:
Linear output layer= no ackvahon funchion, just interpret Number as
aaussfan predichon = =minimizing Squared error = ID€Ar regression

ex accentuates clifferences
n oufputr

- Hidden layer: computed vawes in lagers = diff. representahons of x
= complex transformahon decomposed into simple [earnabrle transformoahons
—2 intermecliate cepresentabans might be meaningful €.9. edges - faces
typically Relu & Soffplus (+ vanishing gradients) , eartter sigmoici, €anh
=2 deeper & narrower NNS befter than Shallow & wide ones

Gradient computahon:

- usual = 90SS [dwy = -dais)  pdate wij < wii t %-Qi-g;

- in prachee : stochashc gradrent deseent using minibatches
Compute derivates 3LoSs oh agn and backpopagate along nodes

= at node h=w JloSsS/aw S Ccomputed Llinear in n, but [arge memar
requ/remen

DEEP (EARNING

=7 lorge dafosets avadiable crucial y efficient hardware € 6PY, chips)

~ Choosing NN Architecture: dishnction not absclufe! e.g. Deepl = CNN
- CNNs == Computer Vision: feafure exfracfors along Spabal gnd

~ RNNS ~ Nafural fanguoge Processing : updafe rues in streams of Sepuenbal dafa
- Transformers —© everyth/ing



convolubonal NNS CCNNS) & mputer Vision (CV)
—> C\: imoge classificabon, recognihion, formahon; -
— Encoding of imoges : vector of pixels 100 big, but
image dafa has spahal invanance = encocle small regions e.g. 3x3, 5x5
=> inifial CNN-layer= spacial 1ccal connechons Cregions) > not fully connected!
=>each neuron has 0 recephve field of e.g. 343, 5x5, ..
Input image ecomes ntensor’ = arroy of any dimension , e-9. Vector, mafrix, ...
= keeps adjdcency , allcws o describe operahons on (ocal regrons
= {ensor gperahons e.g. pooling, convoluhan, mafix mulbplicahion
L> described in computation graphs where eoch operaBon o node
2 harclware = Gpus , TPUS Ctenscr processing uniis) > parallel processing
— Kernel ! Filtev = pattern of weights replicated acraSs (ol regions
= iNn CNN: mulfipte (d) kernels €9, 3x3 Mafix
— Convoluhon k# r = apply'ng kerne( k to regron r

CNN architecture:
nput foger » convolution (ayerS/ pooling lagers
= residual (ayer (to resolve vanishing gradients)
~ outpuf: fully connected lager (with Soffmox) o classify

Convoluheon | CrosS-correlahon
< appying Leme's to pirels of the imoge z=k-x  zis Jz; L - xiv i CLAAY /S
X=input vector K= \ecfor kernet of Size L S=Sfride (step Siee)
4 lager: “ M-“,“"]H lt As matrix muhpl. : (11‘ 1:‘ },: “: :[. “:.) : ()

(40 Input) tnpurqm/%y\;@/é\.mg/é kernel in each row |

o s

- Mulhple \ayers: (ncreasing recephve fied Cinput offech‘ng) of nheurans
2 Torlayer 4: Kerel size L , lager m>4 = m- (- +41 for s=1, else ~ O(Im*®)
=2 add padding SO that hidden lagers have same site at input
kernel with 3 valoes: light (1), gray (1), doule (-
Wi - colored pixels below treghhold: red , above treshholo : green

— Exameple:

Pooling (Qyers = summarrge oadjacent units from preceding layer

= reduce Size of mahix to heip avold overfithng , no achvahon funchon g
~ average pooling: coarsening [ downsampling  tmage by factor L if (=s

4 = 9 9 55 4,5

mox pooling: feafure CISHNCHON  eg. 1=2 $=1: T il -
711 1 mox 0.\{8



dont think we need +his ¥
werrd example: 256x256 BGB image , minibafch size 64

= (hput 8 L-dimensicnal tensor of size 28bx AS6x 3x6Y
ApPlY J6 kemelS of Size 5xGx3 with shicle S=a& (n x~&Yy-direchon:
- oufpuf tensor:=feature map of 96 channe(S: 42& x 128 x 96 = 64

FFN @n only hand(e fixed-lergth input sequerces. what i there's more? J

Recurrent NNS CRNNS) & Natutal Lapguage ProceSsing (NLP)

RNNS = dfirected cycles | [COpS in nefworeS : output of Some SFafe = inpuf of ofber
= shorf ferm memory

> Delay'of input (no instant self lcop) ~ intemnal stafe =
Update process for thase hidden stales!: z; = fu (264, ki)
— MAXUCN asSumphon: N hidden &fate 2« all info abaut previous stafes

— Trarning of RNNS: [nput lager x, hiddlen layer &, output lagyer y

2t = fw(Zea, Xe) = fe (Waez 21 + Wxe-Xe) = ga CiNae)

= colculafed hypothesis OWtpUt: gy = Gy Cway-2e) = gy Cing.t)*  of L]
Wxa , w2 ,wyz are weighted matices shared ACrOSS fime poinks m

= this can be unrolled o Feed-~ Forward - NNs:

=2 calculate gradients as before: R
2 B s C baclprapagaie through fime)

gradient recursive tn time: 9/,,,, from
> gradients at final tme T might Suffer from vanishing (wez<1) = Shott term mematy

or exploding Cwez > 1) gradients

Long Short-T1erm memory CLSTM) = Longer memory than RNN

— va(oes stored in memory cells C
Per iterabion: Input vector x¢ » laSE hidden state hi-4, last memory stote C4-1
Ce

~ forget gai€ g: carry over or forget Ci-1 Creset to zero) nput ¢ ‘
=0 et (n/

~ input gate i: update cadd new iNfo from vector to ce) O RT
a:‘)h ’75‘3)'1'

- output gate o: transfer to new hidden stote he
— stare confext, handle ime ags of ununown duranon

= well sucted for NLP, time- Series forecashng

= more trauning effort than FFN, Jess paralielizahon



Natural nguage process{ng CNLP)
= (ssue: context & sequenhal data => use RNNS

~ lnput representabon of word sequences:
C one hot encoding : no semant’c. connechans, n-grams: oo big)
word - embeddings: words( tokens represented by autom. (earned \iectors
= similar words are mopped close (n vectar space => analogr/es

- using FENS: eg. {for Part-of-Speech - CPOS)-Tagyging

= analyzing words = predict (tag! Cnounverb, ...y of word

only In & wndow 8&'ze e.g. in context~- of prev.£ Next & words
A. wordS embedded in vxd mafi'x Cv words, d (atent variables)

= each word @ d—size vector L earmed features of worcl
2. posihion of word imporiant: embeddings mulbplied by dfferent parts
3. Soffmox outpuf layer: tog -probabilihes of fist hicdfen loyer
4. werghts are (eamec by gracient descent

— Using RNNS: gince context important; FENS not sufficrent
1. word Si embeddect as Nector x;
1. hidden layer 2¢ passed an as (nput +o next step 24+
= c¢an use context IPFO of a bounded number aer , t'<t  (shll [imited cONtext)
3. output yi Is Soffmax clishibubhan over POSible Next word Si
Training RNNS 4o NLPR: compte difference between observed
cutput & actuatl aata and baclkprcpogate in time

- LSTM for longer- term inpuk memory

— RNNS for text- generanon:
1. give fnput X, produce oufput Ye= Softmax probability for next word
2. Talke 4 word from gy asS ocUtput for + ond US€ it 0L X449
3. Repedtt step & ChodSing randomly fram e (0 generate varyng outpuis
Cnot 0Nty (ool back ¢-1)
= Classifhcahcn with RNNS: needs labellec dafa & 100k~abead t+4
- pidirecioncal RNNS : concatrenaie nght —to-leff & le#—ﬁo-n‘gh—r mcde|
= higden 2¢ s a conaatenchon of vectors of both models



pPos/ NEY

> use e.g. for POS-toggrng , document - classificahon Csenment analgsis;
=2 gince for exery word o hidden State 2, Ccontext) s generated ; these

need to be aggregated to 4 singre output

~ use last hidden state «v blased

— use average pooling of inputr zs before FE-layer

— Sequence-to- Sequence—modelS : not Sentence2>fag/wsd put ->sentence
Process whole sentence first:

4 RNN for source sentence S, 4 RNN for target Sentence T
4. Run RNNS , moke rfs final hidclen &tage C=context, relahons, meaning )
the frst hidden state of RNNT
2. RUn RNNT a8 text-generahon RNN ,fead output ¢ as input for t+4
“choice of O+ learned eg. via. greedy | beam Search
=>issue: nearby context bias, fixed context (imit (dim. of z¢)  Slow (Sequ.= porali)
/ = concatenafian = increasSrng hum.of wecghts
' Attenhon = using all hidden vectors from RNNS 2 per word <
pay aftention only to for si rélevant partg
= malike a confext -pased summarizahon' of senfence S into vector Ce
feed ¢y concafenated with RNNs output for x¢ to PNNT
=> c¢ has attennon Yoree  ae v befween target s{cde t oncl tn word
out pos input pos
- Attention component:
~ wedghts rot directly \learned! but calculafted by function
~ atfenhon is enhrely learned autcmabcally Claterny)
Ccncludrng 11self)
T Transtormer: uses self —aHenhcn: eoch word attends to ench other word
> asymmetric , can be CalculQted simuttaneou sy
OOnaive realfaah on as dot procluct biasSed to <elf - atfenhon
=> Project inpuf Info 3 repreSentanors:
Qe = Query Vecfor : attendled from (~target) Attenhon( @, K, V) =
ke = key vector: affencled to (~Source)
. V& = valve vector: generared context (~k)

1. * W W w Q * v

T
soffmox Qi V4
ldk ﬁmes ity

W 05 0 0261 07 ko os i3 op 08 070 1% 0w 1% 0w d = dimension, usualfy 513
bin 09 01 03 03 35 42 21 42 21 1'43 1'43 2'17 0'99 2'17 0'99 dk d dv
S 02 03 06 T 212 190 292 132 292 182 9
Swdentin 0.2 0,4 09
INPUt  easned weght- matrices %_ : ,':,',f
ich bin _eine_Studentin
usually we=wv , hete d=a vz x- wy i [045 0,21 025 0,30 ich e el
bin 0,11 0,18 0,24 0,46 - 23 D
cine 0,06 0,13 020 0,60 mu(h‘p“‘ed with V: eine 2,54 1,15
L5 soffmox :  sueenn [oosloos0is 0z Studentin | 2,68 1,21
attenhon - contextualizeq
(_ per cent Atlenton (@ \KV?
> human - readaple



— Transformer - Architeciure:
uses multy- head atfenhon & posihonal encodirng
based solery on atffentyon mechanisms ; NO recurrence ¢ convoluhor)
— Transt. = Encoder+ Decoder GPT= Generative Pe-Trained Transy.
but there are E-only CBERT = understanding) & D-oniy ( ChallGRT= genemaning) madels
— Transformer (ayer : ~ 6+ (ayers in prachce
1. Selé-attention : for every word generate atfenficn ,using hidden \ayers
2. Simple Feed -forward~layer - for each word-vecfor Seperately nggfu“’)e’g”m'
3. Residual connechons : add Inpuls of gach layer t0 aNOId vanishing grodients
+ Posrhion embadding : Model (earns posthion vector for each word
because self-atf global = grve first- layer word emp + poS eme.
— Transformer for Translahon: Enc. + Decodler ~(only (éff- éO‘ar/‘ fgrfgr;?ndfnof)oclu/e
encoder ourout)
— Transfommer & Generahve Al CGARY): wide range
- large Llanguage Moclels CLLMS) : trillion params, passect turng test
- Visiop Transformers (VT e.g. BERT : global view on images via patches
“Llimitahons: data amcount,; comp. resources, biases,...

uosupervised (earning:

Supervisect = high test accuracy, but I0FS OF labered datrq Needed
unsupervised = only unicbeled datra some feature
= learn new representafion (features) or generahve model eg. };’Z@?es
) I's
eg. a piobability dighibub'on Ru(x.& with latent varrabes z
L> integrahng z gives Ru(x)

Lcehange 2 €0 gena-a{e new sampEs erates Sampies
enera

bt no reqdable

= Gererabve Adversarral Networ’ CGANR) > implic’t model ™ probabiiitres
1 . generator maps Yaloes from x 0 2 10 prodoce samples
&. discriminator clossifies whether real I generated
= Applicahion: impove robudtness of NNs, deepfokes

~ Reinforcement~ Learning (RL) earn oUFCOmES  — taarn how fO Gok
- Tradifional - moximize reward ( model- based : utitity , moder-free: policies,...)
— Deep RL: DNNS Q8 funchon cipproximatoss
= RLHF (RrL from human feedback): Actor,Reward, Crific, reference , PPO -QIgorithm
chaferges: ~ Logic

L Reagment: TS Dectre combine  €ymbolic &
— I s
DL & %p&ns'hucl-ured data © implicr't knowledge unsymeolic Uppreacheés
parallensm diffcult fo predick Sal



CONSTRAINT SATISFACTION PROBLEMS r states= black-box

Standard seotd praolems :  problemn Specific rouhnes : Su. f., heuwrishc , goal +est

CSP:  general purpose algonthms using standard struciured /imple representation
= fake advantage of stofe Structure

— a state= defined by varables with valves from an asseciafed domain

— goal test= Seft of constrainis of allowabie mbinabons of values for varabes
= a simple formal répyesenfahon (anguage

CSP Definrifion:

— finite Sel V of variables , each with asscciated ron-emply domain

~ finife set C of constraints Cor for C(w) just valves)
= oL consfraint befween variables Vivy & a subsef of tupleS  Dj x D;
2 limifs the values o variabe can take , unany) binaty,-., N-ary

~— Q stote of a C8P s an assignment of values to some/all Yariables

= AN ass(gnmen’r that does not viclate any conshaints IS consistent / legal

= An assignment Js complete i i+ asSIgNS every \arable

= A solufion to a CSP c a complere and consistent agSignment
— A constrained opfmizafion Ercblem also maximises an obyechve funchon

. Examp\ e: map CO[C)LLV f r.g ag CSp, Consider the task of colouring a map of Australia with the colours red,

green, and blue such that no neighbouring region has the same colour.

formulate this problem as the following CSP.
The ny possible solutions, e.g.,

NSW = green, V = red

; ts: adjacent regions must have different colors

« eg., the allowable combinations of WA and

or simply written as WA # NT (if the language allows this)

alqovithms can use
Constrarnt  graphs: graph Sfrucfure = _ @/ \c,

— Yor binary constraints: nodes = voars , edges = constraints (®) C2 G
— For higher-order constraints: paic (X&) x=8etof nodles, € =hypereages
[JCA

® ® O
" Cryptoaciihmehic puzzies = example of higher-order - constraints

» This is formulated as the following CSP:

o Variables: F, T, U, W, R, O, C1, G, C3
e Domains: {0,1,2,3,4,5,6,7,8,9
Example: o Constraints
Two — Alldiff(F, T,U,W,R, O);
+ T WO — addition constraints:
FO UR AO0+0=R+10-C,
8 CG+WHW=U+10-G,
YO+ T+T=0+10-G,

QC-—F.
» A solution for this CSP is, e.g., 938 + 938 — 1876.



Types of CSP = whaf kind of domains & constraints
— n discrete variapes wilh finite domains size d = 0(d") assignments
— Boolean CSP: eg. 3SAT = np-(omplete & exp!,but in prackice offen faster
— discrete varabes wih infinite domains (e.g. 2)

= need. constraint- language instead of just enumerahbing tupies

= there are soluhion aig. for linear constaints; non-linear constr. undeadable
— confinuaus domains : real word problems —+ Iinear C. Sclvable in palyn . time

CSP as standard search prabem : yses incrementalt formulahon of cSP
lnihal shate: empty assignment @
~ gtates:  valoes assigned So far - consisient
T Suceessor funchon: assign unassigned var with ron-confliching value
T gool-test 1 S asSignment complefe 2
= sirce this is the same for all CsPs, standarc! search algorithms @n be vs&y
= need only condider 4 variable at a. time,SiNCe \ar ass.is commutative
eg. Depth-Firsk-Search generates n!d” leaves for d" asSignements

&
= = . : SSIgn oN/
vefad D=f42i: DFS: AR ampomgs AN
because every var assign.  _L° /< b b2 — b=A B2 bl b:2
yreds a. new stfatre b1 b2 b1 bz 051 a=2 451 a=2 =1 b 4 ks
—>per node «ry al( M1 12 21 22 11 24 21 22 v’
Su@essor 3fafes —> Same end gtofes more fhan once! sunnessesary

Backiracking = DFS for CSf with single-variable assignement i
= assign 4 \or as a iime & if path IS JUmp back 46 last assignm. ﬂﬁ'h\“k
use general purpcse a(gorﬁhms +0 improve performance —
> what var to asspN next? which value ? implicatians on ofher var ¢ /“\ i
— MINiMUM - reMaiNing~\aloes - heuriShc CMRY):  C#first assignm.) ¥5  #3
choose variable with fewest legal vales; if for Some x=0 repart fasfure
— Degree- beurishic - choose vewiable with @rgest num of constraints 40 unass. var
— Least- constraining -valve ~heuristic « for deosing vaive, not vasiable
chogse valve that ruleS ouf fewest Choices Rr peighbounng varnables
— Forward ~checl'ng - mightier - onSiders constraints before a. \ar (S chosen
recloce search space : when X s assigned remoNe every incopsistent valve
£rom by constraint connected Y = if Dy empty repor fadlure (il ranares
— Prc-ongistency: exen mightier - uses constrain propagahon:
AVC XV in onstraint-groph s congistent iff for every valve x & Dx there

is some allcwed value ye Dy of V. Else clelete valve . Same for y—»sx



Constrasnt propagahion = Propagahing impicahons of mnstraints between vars

Furthec techniques:

— Infetgent pacltradiing: when failure jump bock *o set of vors that
cauced failure cconflict set), to most recent var in that et

— local search cugorithms very effechve for CSP

— Steuctures of graph €9. Subgrapht can be tawen into aount

KNOWLEDGE REPRESENTATION

Unowesge and reasoning cructal for dealing with parhally cbeervablée env

> know!. based agen# can combine general knowlecige with current percepots fo
Infer pidden aspects of the current state prior ¢o Seiechng achons

=> represent impliCit knaw. in suitable datagiy. /algorthms for computahian

— logfc= formal Structures & rues

— Ontology = defhnes kinds of objects

— (ompufer Scrence

Agents often combine:  (now alse Subsympolics Neurd Symbdlic approaches)

~— Declarahve approaches: express knowledge explicit, Seperated {tom processing
= flexibitity | changes incorporated ensily Cmodwarity)

— Procedural approaches : know!. manifested Impiici+ in execubiop of opemhcns
—> minimizing ral€ of expl. rept. ) mare eraent sSystemg

Knowledge based agents
—Components : —know\edge base = set of Senfences in formal (anguage

= methodS 0 add new sentences & guery - TELL & AK
- Agent progrom : 1. TEL knowledge base what i+ perceives
. L. A8k kb what achon t0 perfarm
) 3. Record choice with TELL & perform achan
details of interference mechanisms iNSICIETELL & ASK

turns

s

ssssss

LOGIC = formal [anguages , represent info & draw conclugions

- Syntox cefine senfences; semanhcS meaning M x tue
. whenever

~ Entadiment means one thing fliows from ancther: KBE&X KB tre
MC«B)

KB:premiss | a: conclusian , KBS are seis of sentences = ,thearieS?  cmeq)
entatiment : semanhics - moders , inferernce: syntox —» dercvahcnsS



- modelS: Interpretaficn | where | (k)= true | M) = sef of all models of «

- equivalence ¥=R Iff « =R andl BEx

- valid = sentence always true, sahshable = af feast L mader, unsafr = NC mocrer
2o 1S volid tf wex 1S unSat, KBRFx ¥ KRy {x3} 1S unsot

- inference (syntachcal relah’cn) : KB+« iff there exists a. proof SyStem
=oxoms+inference rules = derivahon from KB / of o« over elements of kB

- SoundnessS : UB & = KB Fae |, completeneSS: (Bia = KB o

- Proposih'onal OQIC: CONNEHVES TV A = &

> truth tobles , logicat equivalénces En/\,:; - E.?Au; commutatiy of
aVp)=(fVa commutativity of
((anB)YA7) = (A (BA9)) assocmymy of A
((aVvB)VA) = (aV(8V7)) associativity of v
_ . \ ~(=a) = @ double-negation elimination
First occler [O@'C (@= B) = (=8 = —a) contraposition
(= B) = (~aV B) implication elimination
. ! . a & B)=((a=B)A(8=a)) biconditional elimination
constants, predicats, funchons, varrables, e e D B ‘
(Vv B) = (~aA-B) De Morgan
q 3 Al (aA(BV7) = ((aAB)V(aAy)) distributivity of A over \
COnneChVGSI eq ua“ f-g ) q uanh ﬁ erS ﬂ ! v (aV(BA7) = ((aVB)A(aVy)) msmmumi of V over A

atomic sentences = pC-)=truth valve
terms = funchon/constant rvar = okject
- Sentences are true w.r.t. @ domain & an interpretanan: M= (D e)
domain DX = obj&cls, Interpr: nstants ¢t , predicafes PA=5-3 , furct. fA=c.-)
-all S are P Wx(8) = Pcx)) some S are P IxCSCcx) n PCxY)

~ Theorem proving: without models
- Inference rwes: _DSEZ;M %ﬂ. M; A 225  pemorgan

b > 12

) aodihonal unowtecige
- Mmonotonicity : KB ta and KBS KB' then KR'\x (can't invariclote mterences

“If kB a3 FP and kR Uial FB then UR I 7x
— Resolubhon: on formuas in CNF = cony. of cluseS € dSj. of literals)
a- ot Pva QR to show KB +a
P S§how KRB v {7143 unsat

= unsat F we clerive emply clavse o
— (onversSion to CNF: 4. Eliminate a&b by @Q=pXrb=>a)
2,Eliminafe  a=>pb by 1a Vb
3. move T inwards

4. Distibute A v to CNF (Demoargans Laws)



pspects of knowledge representohion:

~ Ontological engineering: how to represent focts about~ the world =>eg . FOL

= create representabons of achians / Hime ! physical objects.. genera)
N Txpecae

- Gereral Concept: Upper onfolagy : graphs with general concept on top

- Organizafion of objects into categories = clossiAcahong
> \ia predicafes ,Baircad’ o funchons: inheritance = toxoncmy hierarchy

-cafegories digjoint if they have no members (n common

- exbaushve clecompssihcn: all Subartegories together conshfute cafégory

- parfhon = disjoint exhaushve clecompssSihicn

- Physical compasincn: objects part of other Objects  partOf(x,y)
compasSite opjects defne par+ but no porticular Stiucture bunchOFf ()

— Substances & Objects + cutegores ve. individual Okjects

things = countnouns ,  stuff = massnoun
— (intiNSic properfies belong to Substance =Stay Some uraer Subdivsian

exfingsic propernes to objects Cweght, lengih, ---)
= physiaal objects pelong to both calegores= coexensive

PLANNING
= coming up with seguence of achons that achieve Some goal

=> reasonig obout results of achiong efther via FOL: ¢ —» t+1
or using States - state 220 result stafe

Problems with states:
— frame problem: how o represent things that stay unchanged

— ramificafion problem:  representfation of implicrt effects
— gualificahon problem: requiiec precorcihons ("quaificahons')
ensurrng that an achcn Succeeds

Search vs. planning :
Rpplying Standovd search olgorithres for (arge real-world planning-

problerns yield to enourmnos search Spaces due fo irrelevant achans

* finding good heuristc funchion drfficutt
Y can't take advantage Of prablem  cleomposihen (Subproblems)



Planning envirorments:

fully observab\e, determinishic finite, stahic, discrete

> expiessive enaugh for good descriphQn, restuchive eraugh for efficient algor.
= Stanctard Syntox : Planning Domain Definihon Lanquage = PDDL

= Rasis of mogt [anguages wrthin PODL:  STRIPS

STRIPS -
— Sfates + Decompase world iNto lageal conalihens = conj. of pPes. Lliteral(s
= Insfanciated state must be vanabie-free (qround) & funchion—free
. Cfinrfe domarn)
e.g. Atlme laked v Atlxy X president (USHX
= Closed world assumphan: everything not menkioned is assumed false
— GoQIS: stafe with mnjonchon of positive literals (= partolly specified)
— Achons: Prefoncw'h‘om-efferf/ achon chemata with varables = parameters
=> Concrefe achon insfancafes varnabes wrth aonstants
Action Shematd: 4., name & parameter (ISt e.g. FiyCp, from, to)
2.precondibion = conj. of funchon-free pos. literals  “tode "hefore®
3. effect = cony. of f-free PCR.8 Neg literars  now state changes
— Semantics: achon is applicable f Stafe sahshies preconds, else no effect
result state 8': add pos. (rferals from effect, delete literals where effect 1p
— every literal not menhoned in effect stays unchanged = {rame probiem
— Soluhcn = achon sequence when execured i rnihal State resulls
n o stafe that Sahsfies goal
bzw. N parhally oiered sefs Grsaquernce) that respect order (S.b.)

' Achonh decriphan (.(105(4099 1 Eg. Achon CFiyc p: plane, Arrport: €0) -

STRIPS ADL
Only positive literals in states: | Positive and negative literals in states:
Rich A InJail Poor Free
Closed-World Assumption: Open-World Assumption
Unmentioned literals are false | Unmentioned literals are unknown
Effect P @ means Effect P @ means add P and —Q
add P and delete @ and delete —P and @
Only ground atoms in goals: Quantified variables in goals:
Rich A InJail x (At(P1,x) N At(P2, x)) is the goal of having
P1 and P in the same place
Goals are conjunctions: Goals allow conjunction and disjunction:
Rich A Famous Poor A (Famous V Smart)
Effects are conjunctions Conditional effects are allowed:
when P : E means E is an effect
only if P is satisfied
No support for equality Equality is built in ha$ = and *
No support for types Variables can have types, as in (p : Plane) hos -l-ypfns

= both : amificabons not naturaly represenied : implicit eff&fs as explicit effects
NO addressing of aualifcahon prablém conly finte prec, not every pessibility)



it | At(C, SFO) A At(Co, JFK) A At(Py, SFO) A At(Py, JFK) A Cargo(C1)
Plane(P1) A Plane(P2) A Airport(SFO) A Airp
Py, SFO

K) A At(Py, SFO) A At(Py, JFK) A Cargo(C1),
dlane(Ps) A Airport(SFO) A Airport(JFK))

° STRIPS example:

At(Cy, SFO)AAt(Py, SFO)A Cargo(Ci)APlane(Py)AAirport(SFO)
At(Cy, SFO) A In(Cy, P1))

s | (G /, \rr /I/(] At(Py, SFO) A At(Py, JFK) A Cargo(C1)
) A Airport(SFO) A Airport(JFK))

ort(SFO) A Airpor

K))
7R) m» JFR) A C
ne(P2) A Airport(SFO) A Airpe

3

ful\owmg plan is a solution to the pvob\em
u/ SFO), Fly(Py, SFO, JFK), Unload(Cy. Py, JFK)
Load(Cy, P2, JFK). Fly(P,, JFK, SFO) t, 110ad(Cy, Py, SFO)]

Pi
Er
> Th

L

* Planning wrth srate— space-search: how to find plans
forward ssS+ inibal stafe = goal = progressicn plabning
backward sss: goal —> inthaf state = rgyression plarning

— frogression planning: inihal state - consider ochon until reaching goau
- inibal state = inibar state of probem
- each &tate = get of ©as. graund u'+erals) wterals nat appean'ne = false
~ achons are applicable f precond sahsfied , SUCCESSor : add oS, de(efe 'g{e;g
- goal fest chedis whefher State Sahshes goal
— step o8t ypiaatly 4
—> absence of funchon symecls : stale space frnife
= any amplete search agorithm (e.g . A*- search) yelds complefe plonning og-

~ Regression planning: consicler oniy relevant achons that achieve conjunct
of goal & don't und0 desired (rferals = ,contistent! achions
Process: Given goal G 1€t A be a relevant & consistent acton
— predecessor: Delefe pos. effects thak appeas in A from 6
Add precond (iferals from A Cuniess alréeadly thére)
= any standard search afg. can be used
Example: » Consider the cargo problem with 20 pieces of cargo, having the gos
At(C1, B) A At(Cy, B) A ... A At(Cyo, B).

» Seeking actions having, e.g., the first conjunct as effect, we find
Unload(Cy, p. B) as relevant.

e This action will work only if its preconditions are satisfied.
> any predecessor state must include the preconditions
In(Cy, p) A At(p, B).
e Moreover, the subgoal At(C;, B) should not be true in the
predecessor state.
> The predecessor state description is

In(Cy, p) A At(p, B) AN At(Co, B) A ... A At(Coo, B)

= Forwad & Roackward 8 are totally ordered pans
= ghiad sequences of achions—=>dont take adv. 6F pr. decompeSsihon



Parfial- order- Planning ceol) - deal with Sub prablems inciep.
= place achoNs intd plan withaut (for au) specifying which one omes firsf

Partial Order Plan: Total Order Plans:

Examp\P:

Init()
al(RightSh n A\ LeftShoeOn)
( h ockOn, EFFECT : RightShoeOn)

FFECT : LeftShoeOn)

FFECT : LeftSockOn)

Achons can be combined
ingep endent iy

Goa
Ac
Ac
Ac
Ac
B

=> implement segrch for plan in POR-Space: as insiance of a Search prabl.
Starf with empty pian , consider ways of refining plan untl complete
— the achians are achons on gians: aclding a step | imposing order, ...

© POP -aigorithm (ompanents -
— Set of achons: elements far moUing up PN
—+ empty plan: just Stark & finiSh achcns
start = no preconcs, effect= au inrhal frterals
finish = no effects, preconcl = all goal (itera(8
~ Ordering OnStraints: A I B A before B' = pairof achons
—7 not immediately , just od Some paint , No cycles
— causal (inks: A -E-sB A ochreves p for B”
p is effectf of A & precond for B
—r plan may not adct ochions that @nfiick with caosal (ink -
if effect is -p ard achon can come aker A, before B (ordering)
- 0pen precondihcnNs : that are nol sabsfed yes
=> planners reduce set of open precoNCitons to empty set
= a consistent plan has o cycles in ordering ¢. 8 no conflicts with c.L.
=> 0. Soluhon (s a consistent plan with Nno open precondihcNs

= every linearisahon of @ Partihal - order soluhan S a total orcer Sol
=2 executing plan' for POP = repaateci(y dnooSing posible Nexk 0Chons

For instance, the final plan in the shoe-and-sock example has the
following components (omitting the ordering constraints that put every

E’(&m p | =5 other action after Start and before Finish):

Actions: {RightSock, RightShoe, LeftSock, LeftShoe, Start, Finish}
Orderings: {RightSock < RightShoe, LeftSock < LeftShoe}

" RightShoe, LeftSock “"°%°" [ eftShoe,
" Finish, LeftShoe “¢""30" Finish}

Links: {RightSock ©
RightShoe

Open preconditions: {}



POP - aworithm -
— Inihal plan: Stact & Finigh, Sark R Finish |, no caosal 1TNKS
all precand of Finish = Open precondihans
~ Sucessor funchicnd: picke one open preand P on any achan B
— generate sux for every onsisient way of chooSing achon
A that achieves p = add AP BR ard A< B to plan
(+ Stoat <A & A= Fnish if achon A is New)
— resolve conflictS petween new achon/causal (in(S:
if achcn C conflicts with AP, R add ¢c<p or BXC

& add succ stades for both if they result in consisent plan

— qoal —fest whether plan IS SOluhGn = No open preconadrhicns

(Eahners only generate amnIsend plans, po neet ¢ check)

© Planning as satsfiability = transiate panning prodem into Prepo .
Formuwa - models of F ae plans of prodem

DECIS(O!\I TWEOQ_\( Unalefemined
daals with chelling amang achons based on desirability of thelr OUtames

" Decision - theorehc ogent:
~ combines uhlrfy-theory with proba bility - theory
= makes rahonal decrisions in context of uncerfainty & conflichrg
+ confinicus measure of aufcome Quality 5 goar-6aser - birarg ( AonSal)
= preferences = whlity funchon UCS) = numbers for desianrlity of Siate

ycaLS‘

~ environments assumed eprsadic : not depending on previous achons
- nondeterminiahc, parhally observaple enviranments

- Resuwlt () = poxible owtcome stateg for achan a
P(Rresutt(0) =8/ o, €) Prokabilify of Outcome 8! of a under observahion e

" Bxpected uhlify (EW) of achon o given evidence e =
Qvesage uhlify Of outcomes weighted by their probability
EW (ate) = SZ PCRESWTO) =s'1@, €) - ULSH

" Panciple of maximum expected ublity 't agent will choose achon = agmaxa
Eucate)



Preferences:
A&B ¢ Agent prefers A over B

A~ B : Agent is /ndifferent befween Aard R
ALB :+ Rgent prefers A over B or (s ind/fferent

Loffery . Set of pufcomes of an achon can e seen as a. lotery
where the achpon is o Heket

> loftery L=0pa,S1; p2,S2j--jpni Sn 1
POBSIDIE oUtComes i that oecus with probability o
S, & erther an atomic sftate or anoiber loftery

" Axoms oF uhlity theary: conaibons for reasonable preference relahtns

= (f these are viclated, agent woutd behave irrahonal Ce.q. loop-exampie)

— Orderability: Agent must decl@ for & lotterys A & B whether &, ~, &

— Transibuity: (AsBYnr (B +C) = (A & C)

= Conhnurty: K lottery B is between A & C in preference y with Some

prokobiitty o agent will be indifferent between B for Sure and o
loffery with p for A and A-p for C : ARBIC: dp: [pjA, 1-p;C] VB

T Subshitutabilily: ¥ AV then agent rs indifferent between & mare
compiex otteres +hat diffec in ASB: AvB= [pA;4p,CI~ Cp By 4-p (]

same for €
— monotonicity: If A>B :agent prefers lotery with higher probabitity for A
R>B = (p>q © [pA;41-PB] ¥[q,A;1-q,B]
~ Decomposability : (ompound lofferes can be reducec! (O Simpler ones:
CePj 1-p, [q.B11-4.C3) ~ [pA; (1-90q, B (41-pX(1-9), C ]

' Existence of uhity funchon:

From preferences that Sahsfy axioms : UCR)>UCBYS A&B UR)=URI=A B

Expected unlity of o ottery: Sum of uhlities * pooabilities
WP Sa;ipnmSnl = 2L pi- UCSD)

defermined by e€xpe&iments & observahon agent chcoses sqme
UHLCHJ function UCS) : determined to (inear transf @ USY ™~ a- UCS) +4
- . c 1r.
behaviour of agent unchanged by apo lyrng any moncfonic fr. to wf).ﬁ
= only ordinal funchion = ranuing , acfual Valves clo not matier



utirity scoves => for measurement: No absolute Scaues
= Fx ublify of pest prize UCSp)=ur=1 ond wOSt UCSw)= UL = O
e.g- (1 micromort'= one in a millkon charnce of ceatt

QALY = 4 year of peréect health

© URIity of maney
~— monctonic preference for more maney ¢ other things equal
— different for Iotter’es involving money

~ Expected monetary valwe CEMV) = 3 prcb. # mon. cutcome
=~ Sn = State of poSsessing n DOUArS | expectad UN[Thes UCsn)
— Expected Uity EUS Z prob+ ULSK)
=BUT UL depends on current financial Status :
unlity of money poporhicnal to (ogarithm of amaunt

U

«— richer:

cepbt: bt it
p linear over
ceversal! - " high amaounts S-shapeq curve

o for smaul changes n wealth: curve almosk \tnear
Rigks :
UC Semieny) = being handed EMvCD) for 1007+ sure > UCL)
—> people are risk-averSe : sure thing with paysff > gamble with Nigher payoff
= in large debt: risk Seeking behaviour
= 0gent will afcept the certainty equvaent of a (ottery over that lottery :

e-9. LODS for sure over 507 10008 = Yo > EMUCS00) = 4008 inSurance premiom
—if the agent has a @inear curve it is Sk -neutral

Human judgement 2 irrafonality: = don't corncide
Decision theory: how agenis Should act € Descriphon : how humans act
— Cestainty - Effect (Allas paradox): people are attracted to gain that s cerfain
€eq- joor 308 + 07 u0$ joul not aS7 308 & 207 LOK
= due t© omputahona burden, mistrust in probabilihes, emonhong
~ Abiguity aversion (EliSberg paradox) : elect unown probabilify cather than unbngun



Decision networks Cinfloence DIAGIaMSI) (exiension of Bayesian nekworts)
= INfo abouwk agents cusrent stade, possible. achons  results uh‘lHy
3 wnd of nodes:
- Chance nodes Covals) : random variables wrth prababilhes
— DecisSion nodes (rectang(es): Paints with cncices of achong = we
— URlItYy nodes Cdiamands): ufility funchtn, parents nfluence outcome
— BEvaluahng decision networks:
4. Set evidence \valves for current Stafe
. Tor each possible ochon (= \valwe of gecisian node).
calculate  probabilfies of chance nodes +hat influence ubility
Calculate ublify for the achon
3. Chooge ochon with highes uhility
— Dec'sion analyss:  decsion maler siates preferences between oukiomes
decrsion ancalyst: enumerafes achons+ cutcomes+orefs = best achor,
— Creabng a deas/on nefwdri
1. Create causal modes
2. Simplify 1O gqualitabye maoael
3. ASNIgN probobilihes
4. assign uhlihes
5
6

verify System agarnst gold - standardt = correct inpult- outout-- pairs
sensibivity anauyS' S Crow Sensihive deasion to dnanges in p & u)

* The valve of Informahcn — when rot all info onailakle
= what info toaquire ? = valve of oObservahon devives from po-~
tenhal to affect the agents phySical achon
= diffecence oOf in expecteq value before & affer informahion

— Example:

- Valoe ot perfect informahon (VR evidence ej aboui variable €
begt cumrent achon o: Ellxie) = mox 2 P Resuit) =8 (& e) - ucs')
after info €/ Ellxleg) = mox 2. P( Resustco) =8' o, e e ) - Us')

—since Ej unlncwn calculate \alue of cotaining €j: all possible ey

VPl CED = > PCE=¢)- EUClkeuwle, Eizenh ~ EU (xie)



=> VP! is non-negahve; non-addibve , order - independent VP! (Ej fu) =VPI(Ex, &)

PH| LOSOPHICAL FOUNDATIONS OF A
* Weale AL hypainesis: Machines only ack as i€ they were thinking
— TUring TESH: IMItahon game: mMachine & human —> Ro!I interrogafor
— GPTU. made Tor of peope thinl +'s human
- Objections to (nteliigence of machines:
—Argument Of Disabiity: «A machine can't do..." “~buf Some 1hings beffer!
— mathe mahcal Objechon . Some math. questicns unanswerakle by forma) sysems
e.9. 6édes inompleteness — Self-reference «- pniy for finite models
= human unclerstanding goes beyond proof - CONKIGUSNESSE + COmputahor
— frgument of nformality: human benhaviour too complex to be apiue)
by set of rwes (gualifcabon problem)
+ o bolegical body that percerves world Cempodred cognition)
Stiong Al hypothesis: madhines are thinking by simwatng thinking
17 Argument 6f CoNIoLINESS: emahon ¢ being aware of mental state
bbut we have No evidence over intesnal menta( state of humans
mind -Boay -Prololem :
—dualist theory: mind & body & Seperate reaims: physicale coNLiousn,
T monoist theory Cphysicalrsm)- mental states = physical siates
- funchonalism : mental state = intermediate repr. betw. in-& ocutput
T4 sysems with ISOMOrENIC CaUSD procesees would have Same mental
— biological notumlfSm: mental StO1eS = nigher level feotures cavsed
by w fevel processes it neurons = properties of Neurons

Ethics & dsus: A\ m\'gm tale over world
Cwhen aching irraonatiy)
=> watch 2001 A space cayssey



