
PROBABILITY THEORY BAYESIAN LINEAR REGRESSION etropolis Hastings
Product P(x , y) = P(y(x) p(x) Model Y= UT EvN10 . En2) Proposal X'm R(XIX) ,

Given Xtr

Bayes P(x(y)p(y) =p(y()p(x) Likelihood p(yIX ,W) =M(wix , En2) STATIONARY K(X ,X)= K(X-x) Derivation MAP N(8) = logp(OlMiniY in) Acceptance : With Prob.

Marg . P) (= (xP(c,y)d = Prior P(w)=N(0 ,5PI) ISOTROPIC K(X,X = k(IIX-x'((z) F(0)=N(0)+(G-M P(E) x= min[1, is
Entropy H(X)= -(p(x) logp(x)dx Inference p(WIX, y) =N(M,) + -(0- E)DD4(E)(G-E) -> Set X++1

H(X ,y)=H(x(y)+H(y)= H(y(X)+ H(X) 4(u = (xix +E21)"x+
Y = 4()+ (0-GTH4(b)(0 -E) Otherwise-> Prob 1-2 Set Xt+1=*

H(X(y)= H(X) if XHY ↳ E = (6n2 X X +Ep I)= Forward KL KL(p11q) Covers full pdf Metropolis Adjusted LangevinAlgorithm
H(N(M ,2) = zIn/Inez WMLE= argmaxp(y(X ,w)=X+x)=x+

y Reverse KLKL(&I(P) focuses on ModMax Take ↑ info into account to prefer

IG [(X ,y)= H(X)-H(X(y) =I(Y:X) Whap= argmaXp(w(x,y) = M VI &* argminkL(qIIP) proposals into Region with high density

O↳ MonotoneF(AUEx3)-F(A) _ Predict (N = argmaXqtQlEorq[logply(0)]-KL(qI(p) R(x() =N(xix- + 1 f(x); 2+I)

submodular F(BUEx3)- F(B) VA_B,
Ex p(y* /c, y,)=NIMTx*E*+ = argmax GEG2q [logply ,0)]+ H(q) + Log-concave- MALA Converges to TL(x)

KL-Div KL(qI(p) - (410)logfG)d8 1. . Epistemic Uncert. Lack of Data ELBO
- R

same Xi
↳ KL(ql(P) = 0 KL(q(p) # (L(p1(q) 2 .

Aleatoric Uncert . Irred Noise Diff Yi Reparam.Trick as q dep. on Var· Params

Properties Hyperparams 1. . *=EYp2 by Ridge Regr. llEorqx[f(G)]= klEorp[f()(3))
↑ ↑lE(ax+ bY] = alE[x] + blECy] 2. En= YnZilYz-WTxi) MAP distr . dep. On . R New distr

.
9 (E,X)=

Nar[X]= (E[(X- IE(x))(X- lE(X])
=
] 3 . Solve p = En/ e .g.Gaussians q(AIM)=NIO; M ,2)

= lE[X2]- lE(x)2 GAUSSIAN PROCESS O(NB) TF [M , C] == CCT = CE+

Cor(x,y) = lE[(X-1E(x)) (y- IE(y))+ Model y= WT0(x)+3 E2N(0162) BAYESIAN LOGISTIC REGRESSION (3)=N(o,I) E=("(0-M)$(3)= q(G(M)IC)

= lE[Xy] - lE[X]lE(Y] Prior p(w) =N(0 , 1) Model W = sign(WIX) MARKOV-CHAIN MONTE-CARLO

NCaXIbyFa Pl[x]+ b>N[x] =ZabCorKN) frGP(M , K) f = [S8))eIR*

Likelihood plykc, w)= Bern(GlywTX) Hoeffding's Inequality
Joint Expectation (Ex

,y []= EEx[lEy[: /x]] [fITeN(MIK) M=[ ]
=iP(YiK(in)=Tie G(y:...W i) P(lEp[f(x)]-* nf(x)K3)

Tower Rule /Ex[X]= (Ey[lExly [x(Y]] Prior p(w)=N(0 , Ep I) [2exp)-2N E4/C2

Law of Unc. Sta. (Ex[g(X)] = (g(x) p(x) dx I 26p2/lW112
= x

Ergodic MC if I a finite + s .

t.

-

k= [Knxc::KITXN)) Kx
, A

= [K(X<X2) LaplaceApproxplwKc, y)FN(v
Tot. VarN(y]=/Ex[N[yIx]]+I[lEx[y(x]] ↓ logistic loss every state can be reached from

Jensen gllE(x)) = lE[g(x)] g).) convex PREDICT p(flX1in,Y nin) = GP(M', K') +Elog( + expl-YzWT (i) every state in exactly + steps.

Cauchy-SchwarzllE[x ,y]l< lE[XYlE[YY ('(X)= M(X) + Kx
, a (Kaa+En1)(Ya-Ma) 1= -DDlogp(WK(nin , Y nin) Stationary Distributions Ergodic

lE[XTS = 1E[X]" WLAX) =AN [XJAT K'(XIX) A= EXx,...,Xn) observed = IXiXπi(1-ti) MC has unique and positive ((X)>0

MultiVar Gaussian MX-N(MM, MIMT) = K(X,X- Kx,a)Kax+ GRI)
*

Kia = Xdiag)[li(1-Mil] :X s .t . x (imn-* P(Xn= x)=π(X)
Srm : XHY EN(MxtMy , Ex +Zy) Hyperparams = argmaxp(Y1in/Gin,

t) Tti= G(WTX =) does not depend on E Indep of P(X1)All MC made ergodic PijO

cond. x = [*2]-N)[ii], [EI E12] = argmax[splYnin)f, <nin ,8)p(fIG)df Predictionsp(y* IX*Gin , Y int Detailed Balance Eq.

↳ X, (X2 ~N(MX1(X2 , [x1(Xz) Kernels K(X ,
x) = $(x) P(x') =Soly* wix)N(W ; ,A1)dw Q(x)P(x)(X) = Q(x)P(x)x)

↳ Mxn(Xz= M1+Enz2(Xz-M2) K(X ,X') = K(X,x) KAAPSD VACX = Soly*f)N(f; W***,**T1*x*)df Ergodic Theorem if Mc Ergodic
↳ Ix/Xz= En-ZnZen K(x,) = Cor[f(x) , f(x))] VARIATIONAL INFERENCE =>Tim= [ ,

f(xi) =Ext(X)f(x)
Approximates p(ok(, y) = 4x(0) lE[f(x)] via MCMCPnz, exp)-E(X- M)+2(X-M)
Where 4x(0) =N(M=E , E=1) ~ (T-to"It +o+1 f(X(t)

n

K(Xn,(2) =Cov(f(() , f(x) ↳ = arg
max p(OK(y) M

p(x)+E = (E[(f(()- M((1) . (f((z)- M(xz))] 1= -DDlog P(OKc, y) Hessian

X y(yP(x(y) ply)dy
↑ i

KALMAN FILTERYALXit-ID(t E Q(x)=expl- f(x)
Xt+1+Xit-1 , Y1it- 1/Xz

MotionP(Xt+ /Xt)=N(XtmiFXt ,Ex) ,

Xt1= FX++Et Et WN(O/x)

sensor P(Yz+/Xt)=N(YtiHXtiZy)
di Yt = HXt + He MerNIo ,Zy)

Update Mt+= FMt+ Ktr(Y++1
-HFMt)

- [t+1= (I-K+kH)(F2 tF+2x) equires full energy function f I

Gain Ktt = (FEtFi+Ex . /HY(HIFE, FT S . G . Langerin Dynamics
+Ex/H++ Zy)= SGD + Gaussian Noise , gurantee to

BayesianFiltering Keep track Xt . P(X) converge if HzEG(E1/3)
= N(M ,z) assume P(XHY1it-1) Gibbs sampling

Predict P(Xt+/Ynit) =SP(Xt+ (xt)P(X+/Ycit)dXt XIt)= [x*,..., Xn't)]
T

for it [1 , 2...., R3 :

Xtt) P(Xi) Xittr .., ,

BAYESIAN DEEP LEARNING

Homoscedastic : E Heteroscedastic : E(X)

( Prior p(t)= N(0; 0, -PI) on weights

Likelihood

ply(x , t)=N(Yi f ,u(X , 0) ,exp (fz2(x ,+)

MAP

= argmin-Logp(0)-ZM logp(yiK(i,)

= argmin<Ol +E[E, (5(4i t)I
& M(Xi;) / 2

+ 1096((ijO)2]
Predict p(y* /x,y,

x*)= Sp(y* /X*G) .

↑I=TP , Ti p(OIX,y)dO Intractable ⑦ EIR
O

=A

VI Given Variational posterior 9 Can

approx predictive distributions by sampling
Symmetric p(y* /x*,nin ,

Yin)

1
Positive F(Eonq(. In)[p(y*/*,0)]labj=atbc[t definite
VaEd -MI, P(y* (c*,-(i) = M(**)



N[y* /X ,y , x
*] = BayesianActive LearningByDisagreement RL BASICS Transition Model: 1 . Stochastic G(x,a)((l-Xt)G(x,

a)+xt(r +

RECN [y*/x*,87] +NClEo[y* /x*,G]) Classif. C(t+= armaxH(YxPGit ,Ynit] Value Function UK(C) = r(c ,#(2) Observation P(YtyIbE ,At 8 maxQ(i ,a'l) same converge
-

Aleotoric Uncert . Epistemic Uncert. = argmaXH[Yx/(nit,Ynit- + & xP((x ,π())VP(x) & x,
x'b+(x)P(X)( , a+)P(ykx) conditions as TP

~ z
,

m,
-(*fi EEGIX1it,Y:t H(Yx /0] Stochastic U*(x)= Zat(a()( 2 . State Update : bt+(c)= /zEx OptimisticQ initialize

*
(c,a)~ m

z, (M(** , f()- ((x(#)2 BAYESIAN OPTIMIZATION r(x ,a) + Exp(xk(in)vF(() b+(x)P(X++1 = X+=x,a)P(y++(c) = Rmax/-r

Dropout as VI q(AIM)=Tj .#j(0j(i) Cumulative Regret Action-Value (Q) Q (x , a)= r(c,a) Reward : +(b+ a t) =Exb +(x)r(<,9t)

qj(0j(xi)= P8o(Oj)+ (1- p)8xj(0j) R+
= 2 Er(maxf(x) -f(x+) + 22xP((x ,a)Vπ(X) Num Det Policies Tie , Ai

MCMC for Neural Networks Sublinear Ri/T->0 , implies Stochastic Q(( ,a) = r(x ,a)+ MODEL-BASED RL

1. Subsampling /T, P(y*/*,f) maxtf(xt)-> f(x*) -Exp(ikc , a)[a'π)alk)q
*Dial) Value Iter . Uk+1(x)= mayEQK]

2
.

Gaussian Approximation Algo frGP(Mocko) Expected Value ](i)= Im ofMRtim 3-optimal in polynomial # iterations

keep track of a Gaussian Approx for t= 1 toT do : Multiple Trajectories Policy Iter . InitializeTo
of the params q(OIMid ,Gid)

2
x+7 argmaxcex

F(XiM +-1, Kt-1) 7(π)=z *1
P(Ti)](ti) Until Convergence:

Mi= ZOE
=

= Y+Z= 1(04 M2) Y t 7 f(xt)+ Et VI(X) closed form Compute UM() Ex

①EIRd sampled after burn-in Bayesian update Me and Kt
-

NOT ~= [Vπ(1) ... V"(n)]T Compute Greedy PolicyG W .rtI

3. Probabilistic Ensembles for NNs U(B(xjM , 6) = M(x) + B +G(x)L
CONVEX

ri= [r(1 ,+(1) ... r(n,IInl)]
T

Set M TG

Train mNNs on bootstrap datasets Bt: Controls Exploration 5x=-
pi= [P(1

,)... PIN1 IT
Finds exact solution in polynomial-

-.
i

p(y*/*-)=1/m Z,mp(y
* /x,f(x) GP-UCB RT/ = 0 T

k(x,x)

PHInitIn) ... priniInk)] # iterations ! **E0 *(n2m(11-))
ECE InBM1acc(Bm)- conf(Bml ri= M* ISITI(f; Ys) Each Row Sums to 1 Guaranteed to monotonically improve

acc(Bm)= /Bm 1 1 ZieBmIE5=Y2] Bounds on IG due to submodularity U= r+ UP
*

V
*
-V=(I-UPP)R* Rmax Implicit Exploration (Agent

conf(Bm)= /Bm)"ZieBmPi Linear: U+= O(dlogT) Invertible if &E [0 ,1) always tries to exploit)
ACTIVE LEARNING Gaussian:Ut = 0 ((logT(d+1) Advantage Function A*(x ,a)= r(X ,a) = Rmax / P(x*/ , a)= 1 Kx,a

Uncertainty Sampling Pure Explorative Maternet : U+=Od(logT) Qπ(x ,a) - Vπ(X) Repeat : Update r(c, a) ,
P(X(cia)

max
xt+=arce (I(St) Guarantees sublinearity/Convergence Optimality V* (X)= MVP(X) If observed enough' Recompute It

x

= argma [G(fxciYclYs) PI((; M ,6) = P(f(ckf* ) =**Q
*(X,a)

, Q
* (x,a)=M according to P

,
r. E-optimal it

= argmak tlog(1+6f(x)/Ene =FE( =max10, ) Q* /cia) One possible (Stationary in # steps polynomial in IIIAliti ,

= argmax GE(x) EI(C; Mi6)= EfKnitiynit(f() -f
*)+] + deterministic * (x)= argmaXaeA log ( /8) and Ruax.

Ni(x)st)= F(StUSX3)- = (M(x) - f*)4(z) + b(x)0(z) Q*(X ,a) V* Unique i* not always MODEL-FREE RL

Greedy Algorithm provides Const. Approx. Thompson Sampling ↳For infinite Horizon MDP, there TD On-policy follow It to obtain

F(S+) = (1- -)g
,
Ysi+ F(s) Sample function Frp(fKGit, Y 1it) exists optimal stational-deter- (c, a ,r) , Update via bootstrapping

· Fails to distinguish Epistemic/Aleatoric Select (Ct+ E argMaxaceDF(x) - Ministic Policy. Yπ(x))(1-xt)Yπ(x)+xz(r+UYπ(i)
· Hereoscedastic Case

,
most uncertain Randomness of sufficient to trade POMDPcan't observeXt directy ,onlyXt satisfies It&+=*+LED

outcomes t most informative exploration/exploitation observation yt .
- New belief states I all x chosen As OftenY*

->VI

Maximizing IG Yields b: E1, ... 3-> [0 /1],Exb(x) = 1 ④ Low Variance O biased

Ef(x) epistemic Actions same as original MDP. Q-earning off-policy<(t+1Eargmax
522() Alector ic Estimate *(, a) Observe X,a,

X', r

it (1-Xt)
-1

At time t, pick at Earg max &*
((+a )

Convergence same as Rmax

Qlearning : Mem O(nm) , RT: O(m)/it
FUNCTION APPROXRL

Q(x , a; D) = 0(2x , a)

↑ <1 ((0)==)&*
(x),aiG)-r-

expected max*(x'a'iOolktotal
Reward until converged

In state x , pick a

Observe X' , reward r

- - --Xtf NoQ(x, aj0)

S : = Q (x ,a ; 6)- r-UMa*Q(xiait)
Deep Q-Learning (DQN)

IdaN(0)=2
,a ,

ri) ED (r+
2

2maxQ Kc;,a'; 00Ld) -QU,aiEl

suffers maximation bias"I

DDQN current network for argmax

IDDan(0)= (a,r,
x)eD(r +

2Q*(x
,
a

* (x); f); 00ld) - Q
*
(ajG)>

where a
*(f)= argmaxQ*

(i,a he
Unbiased but

POLICY GRADIENTX high Variance

REINFORCEO> G + M2 Gt log
H(Az/Xtiq)
Reward-To-Go G+= I = f

*-tre
Online Actor Critic

At time + after observing (x,a ,
r,)

-xAlt+ RtQ(x,
a; OG) ogtlaKc;Of

· G-Mt(Q(x, aiGG)-
-

2Q(x ,(x,Gi0a))(x,a; GG)

Under Compatibility Conditions Guaranteed

to improve. Baselines to reduce Var


