
 
AA 228 Quiz 0 Cheatsheet

Probability Review useful identities

PCEU F PIE t PCF PLEAF

PMF probability mass function for discrete distributions
PlF probability density function for continuous distributions
CDF

CDF x P XIX SI pex dx
Ts where pix is the PDF

Gaussian Distribution X NCOMY 2parameters

Uniform Distribution Xn U XB 2 parameters

six ga
a x B
otherwise

M I at 13
o p a 2

Marginal Distribution pix 3 Play or PG Spixg dy
Conditional Probability E P x147 PRAY pay

PxnY PALY PLY

LEADS TO BAYESTHEOREM p x1y7 P Y1

REPRESENTATIONS

concept of independent variables 2 I where n is the ofbinary
parameters youhave

Law if X Y are independent IPlxinPMPC.TL
independent E the outcome of X doesnot impact the prob dist ofY

Trees as a structure reduces the of independent probabilities that need
storage

If X has n values Y has m values the of independent valuesof PIXY
h 1 m

BAE.FI IEYttt
Probability distribution

9 the Probabilityof a particular assignmentof tin nodes in a Bayesian Network
setof CONIITIONAL

IPCxinl I.PLtpatxiIf



Practice what is the I of independent parameters in thefollowing Baye's Net

B 1
c can z z

E 1 qiabs 1

ae.nu 5 unrelated binaryof variables have131
Conditional independence E PexY 12 PAIZ PLY Z E X LY IZ

property XI Y 127 if Pex121 PIX I Y Z

D separation Rules Dseparated if path contains a chain sit Yee
fork E Oz St YE C

Thepathcontains an inverted fork fustructure sit Y C
no descendant of Y is in C q

INFERENCE inferdistribution over query variables given evidencevariables

Ex P b l c d trying to infer b given a d

fond prob Pcb did't PYÉI
Marginalization Plb dd EE Pcbs e c d l itsum over hiddenvariables s d e

FACTORS factorE a discrete multivariate distribution

a tunition from assignments of random variables to real s

Basic factor operations

Factorproduct 0 x Y 0 Y Z 0 lx Y21

tastormauginalizationFaenaudIBiddenZ 4 x 2

Conditioning dropping anyrows inconsistentwith theevidence



Naive Bayes Model
Example 00
Q104 Peggy pigggy

Generalized Naive model using plate

assumed Naive
because all observatio
are assumed
conditionally indep of
eachother

Sum Productvariable elimination

eliminate factors that contain evidencevariables using faitor conditioning

marginalize OUT the hiddenfactors

Use factor product to consolidate any remainingfactors
Direst Sampling

A straightforwardmethod of just counting throughsamples
Pills all ItÉfd

Likelihoodweighted samples insteadof equally weighting weigh by conditional probability
given the observed PARENT

Ex

recall this1

To
an

Inference in Gaussian Models

Two jointly distr g u r Y I where
9N Ma At

Gaussian Vars b Nmb B

pla b N a Man Ian
closed form
solution Malb Mat CB lb Mb

In a CBTL



Parameter Learning Q arggaxPCD07 optimizethe parameters0to fit data
sounds like machinelearning

Maximum likelihood parameter learning

idea find 1101 and take 1101

MLE for Gaussian distributions read book

Parameter Learningfor BayesNets idea learn the probabilities in a Bayes Net

I eat
Y Fxr 30 On m observations of instantiationsoftheBayesNe

ri of instantiations of Xi
qi of parental permutation instantiations of X

Mii ithinstantiation of parents of Xi
Defineparameters

fÉP probability Xitakes value k givenjthparental
instantiation of Xi

É whereMijk E count
instantiationtoysYalek givens parental

it it it
Bayesian Parameter Learning an inference problemusing a Naive Bayesian Model

I
Betadistribution Betaca p f

Prior Beta A B where a 13 1 it uniformprior
Observe M positiveoutlomes

Me negativeoutcome ode Betd
Post Beta at Mi B Ma

IMeanIBeta



bing.IEYi n e IFI Ioi
where do I Ain

Mean of Dir is a vector



 

Belief

ÉTaT a pgyaebiji.ty.pt absyyjgeao wo.hen action a istaken and

Ageneralstructureof a POMDP

f problem

a

bls probability or probabilitydensity for continuous states
assigned to state s

for discrete states b s y5 E E R

beliefvector before 151 space
beliefsimplex

520 5 1 sumofvalues in 5 1

If an agent with current belief b takes action a and results in
observation 0 what is the new belief b s

b s Q P s b a o
P 0lb a s P s bandBaye's Role
OCola s PCs bat 20 is conditionally ind of b
OCola s l PCslba s PCs bay Lawof Tot Prob

0019,5 ETCS a s b s 2 Transition is cond ind ofbelief b
obstitatiofhishff.tk

ionreamgesafurate
bis PCs b a



Kalmanfitted Adapt to beable to handle continuous distr

Key Assumptions T 0 b follow a linear Gaussian distribution

Tls Is a NCs Tss Taa Is Ts Ta Éffansitionmatrices
0 01s N o Oss Zo Os e obsmeralf on transition
b s N S Mb 2b

Predictstep move thedynamics forwardwithout considering anyobservations

Mp TsMb Taa

Ip TSITs Is

Update Step update the underlying belief distribution usesobservations

K Ipost OSIpost Ʃ 1 KALMAN GAIN
Mb Mp K o OsMp
Eb I KOs Ip

Extendedkalmanfitters for systems where dynamics are nonlinear

TCs l s a N S l 5 15,97 2s

Ocols NCO SoCs 207 with hotline unftions

Unscentedkalmanfitter If find the effectof transforming
some linear xanthap onlinear

11 II
M IWisi M I wit Si
Ʃ Iwi Si MI Si MIT Ʃ I wilt si MICfcsi MIT

Where si are a specially selected set of Sigmapoints
Wi are the weights asse with the sigma points

51 M
szi µ FTE for i in 1in

2 7 otherwise
5211 M TER for in an

wi

for it

E spreadparameter



Partisitter an approximation method YSEY.to ssiatan9eco1fn fse Ie9p
beginwith m sampledstates si fromunderlying belief stochasticstep
propagateeach si to sit using

TCsi'lsi.al.gyygqggyg osn.az aka weight can propagate
state by the probability youobserved whatyoudid given

3h 55 said s state

partidefilterwithRejectiofsforprob.am with discrete observation

idea keep propagating

Notionof PartialeDeprivation
ff.IE faIEfffepa.nIfTesoti.PE eanfhhgiIds

sohu.phfE Ifft youmayinject simply a const of new particles

Wmean a current mean particle weight

Weast Weast east Wmean Weast

Wslow Wow slow Wwean Wslow E2siowcxta.se 1

2 exponentialmovingaverages to track

Minject Lm Max o 1 www.stw

where 1 7 2 round to the nearest integer
V21 is an injection rate tuner



 

EXII.it fhfIfpomappss g be considered MDPs that use
Reward function of belief state MDP

Rcbat I RCsatbest 11QuickSanity Check
Belief StateMDPs are always challenging to solvesince the state space
is continuous BY DEFINITION

CONDITIONALPLANSI

Structure
Nodes are actions

off edges are OBSERVATIONS

0 Till planassociated w therootnode
Hot SUB plan asse w the observation 0

9
start at root state s andexecute It
traverse to s child state and execute Tco

G repeat until decision horizon h is reached

Suppose we have conditional plan p we want to compute
expected utility when starting fromstate s

U s RCs711 8 ITS s IV IOC s U s

reminiscent of Bellman update Effie
This.tvftetYsYnwEPd9IeYfIaYME'weave working with beliefs

U b Ʃ U s b s

U b MIX IN s best optimal b step value ten



141
s

of MDP policies everystate can take 1A actions

f of nodes in an h step conditional plan
can think of nodes as states

51

Hence
111 of possible conditionalplans

Hugh Jass number intractable in h

ALPHAVECTORIIdea.gg yias.thmepyatfityfunction of eachstate

x ̅ U1st U sa U Sm e IR's
Equippedwith this U b JUSTbest RIBISI

É f rmw
AlphaVeitors tagged withactions

T a set of all alphavestors

a naz an where ai e III 1891 In
How to execute policyrepresented by P

b Update b a 0

augmnax b for all α in

performaction associatedwith α
Alphavectors with 1step lookahead

one step lookahead action frombelief b using P with valuefunction
denoted by U

T b argyax Royal 8 PColba U Update b a o

where Rfbal IRfsal b s
P o ba P01sa best
Plotsal Tls IsalOCols a



Pruning Idea Remove AlphaVettors that would never be considered
optimal regardless of belief b

MAY'Mize8 subject to b tb 8 EP
Returns a belief b a gap 8

iterateoverall beliefstates b for cash

178 6 alphavector α

44 Ee

ÉÉÉ
Ea series continuum

Effect weak suit outta
here

Valueterational Idea Cycleof extendplandepthprone
Compute all Ñ of a k step plan
Prune all dominated x ̅ of a k stepplan

E net I stekptpianstefsplg.LYhnsall non
dominated x ̅

Repeat



 
Chapter 15 Cheatsheet Exploration Exploitation

Philosophy of exploration vs exploitation

exploration seeks to BUILD A COMPREHENSIVE MODEL

EEtafffseeakf.gg TAKE ADVANTAGE of what currentlyseems like

BayesianmodelExploration fmulti
armleverproblemlp.PHIn 01

a indicates probability of
success on pulling arm a 11412moz
5 n Efti Dupulaym
A 1,2 n Harm topull

PosteriorProbability of successof arm a pa where wa e ofobservedwine
la I ofobserved losses

Pa Pwina Wa la Beta wat la do a which
t

startingpittauniform

denotesstrategyhyperparameter
explore random arm action w prob E

Alg15.3 explore a argmaaxPa w prob 1 E

E move exploration
what if you want more exploitation later
A Decay E by a factor every time

Effffffencommit explore a random arm for first k steps
takegreedy action AFTER k steps



EIF.gsff ff fs
undirected uses into gathered from previous

denotes strategy
hyperparameterAlg155

pull arm a with probability α exp Pa
when 7 0 Pa isirrelevant andeffectivelysampling at uniformacrossall a

purely explorative

when X 0 onlychoosing a argmaaxpa
purely exploitative

Az

wa
w largest a a quantile fmore explorative

exploreblack fail

vpper.IEiIas.e.a argmnaxlpa cfai
where Nlal I timesaction a has beentried

N E N a

c 0 Tc explorative

Thompsonsampling PARAMETERL.ES

utilize the posteriorsample
sample one of eachactionfromtheposteriordistr

choose action with greatest reward to keep exploring



optimaf.IT f ife iieggegpf.infy.otpullingarma.thenUCWi li wn ln7 mgxQ Hoptimalutility ten
I will when arggax Q optimal policy

wifi Wn In a w i 4 1 watt la l winning term

1 89 2 0 UH wa eat tl losing term

Assuming finite horizon h

start withallterminalbeliefstates where wattal h
backup 1 level inthetreeto wattal n t

apply highlighted term
recurse

Time complexity 0 h ofpossiblebeliefstates
prettycomputationallytaxing



 

mo.IE aii ie uie ia ismt
MEIKELIHOODMETHID ideais simply a countingexercise
CAS
is Nygif where nea s ENcsa's

RCSa where p sa is the sum of all rewardsobtained
when taking state action pair a s

EE.int ai iia Eai
updating the valuefunction after the model changes

gypeteye.ge
solve for your valuetan computationally taxing

Randomized Updates hyperparame

update the valuefunction at the
state

s youjust visited
Update at an additional m randomstates

Prioritized updates while hum updates c n hyperparameter

T.gs Y8ateu 4uEs theOLDutilityof s
for 5 in ST SE

ftp.TrIfE yt4H
ut the keystep

Update U HEY 5 1 updates previous
num updates

stiffer ftp.fffion



i iiiiii i iResal max

ai his s.ua ins nEIse detxp iea.estate

valuefunitionof underexplored States NssatCmt 1m
Kinfiniteseriesproblem

BAYE.SILMmEIfp ameteus that can provide information on

TCS la s RCSa we focuson T s a s

Ex let isa T sils al T5215,9 T Snls a

FFÉ a a s Ncsa a s Ncsn 9,5
Ñ sa 1,1 I for a uniform prior

b01 I Dir isat Ñis a
distribution over

iii
draw newsample update fromb
createMDP problem from update

solve for a new value function of created MDP



 

a model with Tesla s Risia

try to solve for the action value function Q sa directly

n expectation of asinglevariable

expectation of asingle variable in M samples
analogous to QG x ̅ aim im I

generalized

Im xm̅y α ml m Imt General incrementalupdate rule

when m in wehave incremental mean estimation

when m const exponentially decayingpast values

BIG enough SMALL enough

QLearning incremental estimation of the action valuefunction Q15,9

Qgal RCSa 8 TCsIs al Uls
R sa 6 fTCsls a myXQ sia

repetitiaasrexpecjatinoeyogatesams.pl's of crucifazanity

Er.s.fr 8MayQ s a
apply generalincrementalupdate rule

an

I
wᵗIPÉp theteratient Tokergennemodulating

α

α decaystooslowly verynoisy convergence
α decays too quickly new sample m hasverylittleimpact on x'̅m slow rise time



SARSAL Is a r s a
newly introduced from Q learning

8 S
magx

QQa QQa r t 8Q s a Q sa
must workalongside a suitableexploration strategy
to determine the next action a to try
If expl Strat is greedy a arggax Q s a

SARSA becomes Q learning



 
0

f ff fffÉ f eachgain
bound method

oct 1st

QYDPasfkidssafuYEEEB.BEIT BELIE
Limal

valuefunction because

Anotherwayto get an upperbound on a value function is to set it yourself

BABY
qq.geimalnzgard for an infinitely

I iiiii i i.iniii i
Typically tighter but NEVERLOOSERupperbound than QMDP

Lower Bound

Ef.it ii ui i

f É ÉIÉIÉÉ
issingnema.in

Effnerwords you STICK TO ONE ACTION ALWAYS



PBYEg.gg jfysedvalueiteration
slow LB buttighter




