Al: Search: informed, uninformed, adversarial; logic, propositional, predicate; reasoning
under uncertainty topics — conditional independence representation, exact inference

through variable elimination, and approximate inference|through sampling.

machine learning =
(ML)

natural language o
processing (NLP)

—

Artificial Intelligence
(Al
expert systems -

image recognition

speech to text

text to speech
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Let X and Y each have range {1, 2,3, 4}. The following formula gives their joint pmf

P(X =i,V

Compute each of the following:

a
@PX=vCh i 2 */*/D

(b) P(XY = 6).
@P1<X<22<Y<4).
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8,3> Nodes: Represent random variables in the system
w7 * | Intelligence =
* D:Difficulty =——
/
" G:Gradee @
* S :SAT Score
+-* L:Letter of Recommendation <—

Edges: Represent dependencies between variables.

Grade (G) depends on: (L-%
* Student’s Intelligence (I)

* Exam’s Difficulty (D) , .

SAT Score (S) depends on:
* Student’s Intelligence (I)
Recommendation Letter (L) depends on:
* Grade (G)

_—

* A Bayesian network can be viewed as a data structure. g =

It provides a framework for representing joint distributions compactly.

——

Each node in the Bayesian network is associated with a local probability model.

» Each variable is associated with a
conditional probability distribution (CPD)
that depends on its parents in the network.
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Earthquakes and fires are independent-events that will cause an
-alarm to go off. Suppose you hearan alarm. How does hearing

on the radio that there’s an.earthquake change your beliefs?
— 7 R

A) It increases the probability of a fire
B) It decreases the probability of a fire «—
C) It does not change the probability of a fire

Ib 'H.'P’RM“MS MWM. :}‘V/ W ,_SPmW CHUL U’Wd" FDP mﬁ 2 bwleﬂL oV ]6 o
indgpendemt- oSswpbions o made- ) _ _ Y 3
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@ fow  assumés

P(Y) YaVB

W Na,vg, Ecgzs DS
(?> Suppose you are solving a bmdry classification problem, and your dataset has 4 attributes: (—& zl}\ - \
Ay, Ay Ay and Ay S ———— 0 i
Each attribute can take 3 possible values, and the class label C is binary (taking values 0 or 1).
If you modeled the {ull joint probability distribution of he attributes and the class label, = J {7 I
how many parameters would you need to-specify the distribution? ——

The attributes A;, As, Ag, and A, are conditionally independent given the class W}‘H‘ Na,iva [;
label C'. Each attribute can take 3 possible values, and C is binary (0 or 1). —lm
How many parameters are required to specify the joint probability distribution under @ \3 + d[ -1

this conditional independence assumption?
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What is the total number of parameters needed to model the joint probability Y )JD Nam& ﬁaﬁﬁ P"”\
distribution P(Y, X, X5, X3, ..., X,) given that:

e 4
- k is the number of possible values Y can take. Qf "‘) + \Lf—‘b ﬂ
;t'is the number of possible values for each X;, where i € {1,2,...,d} ?
A) ko td k-
LBFk x t4 — 1 ‘
C)k+ ¢4 \
D)k+td—1 K x(Ext-
)k x (t=1)+d

vBI(k—1)+dx kx(t—1)
O)(k—-1)xdx(t—1)
D) k+dx(t—1)

Consider a two-class problem where the class label y € {T, F—} and each trdming M . d = '7//
example X has 2 binary attributes X; and X», both taking values in {T,F}. o (“f. -l= (oo
How many parameters will you need to estimate if we do not make the h- 3 42 Ea "ll
Naive Bayes conditional independence assumption? . : — C
—_— 'V»'Wf"h Nosie- F. g/ pn},m E
A)3 _— = |\
\/225—\_‘* ?L‘M\Q fens= 8 -
)T
D) 8 _ R

= F
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In the following graphical model, A, B, C, and D are binary random variables. ( ﬂ B (D) P@S P @‘ﬂ P é A /@) PC» R £ C

How many parameters are needed to define the Conditional Probability L ﬁ é)
Distributions (CPD's) for this Bayes Net? = P@ - - P LS ﬂ} !

: { N
I AT (T o 0

Exprcsslon for the probabijlity P(A=1,B=1,C=1,D = 1) in terms of the Bd)cs Net CPD pd.mmclers will be :

A)P(A=1)P(B=1P(C=1|A=0P(D=1 Ale 0)
B) P(A=1)P(B=1)P(C=0| A=1)P(D =1 A—DB—])
C)P(A=1)P(B=1)P(C=1|A=1)P(D.=1 B=1)

LB)P(A=1)P(B=1)P(C=1|A=1P(D=1|A=1,B=1)

- PR 06 /): Pg“"‘)

The formula for the joint probability distribution induced by the above Bayes Net: )

A)P(4,B,C) = P(A)P(B| A)P(C | 4) ot 16) - Pl
B) P(A B C) P(A)P(B)P(C | A) ‘Pmsn PlA=F P(B=T) |P(B=F)

C)P(A,B,C) = P(A)P(B)P(C | A, B) 1/4 3/4 34 [1/4

D)P(A,B,C) = P(A | B)P(B)P(C | B) 4 Paﬂ“-ﬂ””{""q

)r@ﬂ) = Q P(H’E@

Z W@ P@ p(c k)

Do e . it mwmm«fw e

.w) pleeti8 =11 T
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) = o6 B 2
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D eleeraeclen) = T ?[%_fr\ ’ T =

AsT, B=F 0 1

PIC=TJA.B) PIC=F|A.B
1 0
Answer ;:C i

A=EB=T | 1/2 1/2
A=F, B=F




Suppose A(1)B.

e ALB. il Plag) = PV H(B) -
Determine the missing entries (x, y) of the joint distfibution P(A, B),
where A and B take values in {0,1}.

= = D}?
A |k Pla=0)
P(A=0,B=0)=0.1 - 035 —b ol
P(A=0,B=1)=03 pm‘f))‘”g‘[) Q%P[B’Q" pr
P(A=1,B=0)=z txLloz _ dlo
P(A=1,B=1)=y P{ﬁ'-D : F{B"é btz = = pds
N\ — 6,3 =14 = 0ihs _ -
lp=D 8D = 575 %5 7| b P[8-]
Consider the following Bayesian Network containing four Boolean random variables, (‘/3 R - )
Compute P(~4, B,~C, D) P@“p@/'“/%; pl)- P& PEln P[D/g/'g
» Compute -A, B,(, s =gl
AJ0.216 "7 o = pAXDEK DL -6
B.0.054 _ _ A
o O O] = IXSXEKb o 03
E. None of the above '_7 "’ﬂfg:;{g; g? IPDDD
. 4 " P(D| A -B) [03]
Jybsxo1x 0 .;)*0'5)
_ Plagey  _ OXIPRE 2 rgypsn?
Lonpde P@ Bew) = _—l—i—Ll—')’ g \Lu.ssw-’f‘w'ﬂ* p7%?
= P[A|BJL19> @" bo
A RY/L R 45¥
= 2700 /3
albof5H_— Ao
45 %
7%
Half of all kangaroos in the zoo are angry, and 2/3 of the zoo is comprised of kangaroos. ’Lj P(Cq,k)-r/ ?(k)“? m@ = % _.“Q/ = [/,3
Only 1 in 10 of the other animals are angry. _
bWhat's the probability that a randomlychosen animal is an angry kangaroo?
K P(K) = 2/3
., (0]g) PO
. Fﬁ): P@K)P@)#l LLDTF
Answer : 1/3 ' P (A|K) 1/2 I\ i[ ‘9/5* ) I(g
A P(aI~K) = 1/10 P = ' o }4»'2/@
_ L 7 =
M) Pasonhiy 4 6

Half of all potatoes are big. A big potato is more likely to be tall.
A tall potato is more likely to be lovable.

‘
What's the probability that a big lovable potato is@ /
/ L = 5
0 02 =
B ) P(B) = 1/2 FL’\’JB,J} = ?@,B,Q _ ’L,'F_%/ = ﬁ
— 3
P(TIB) = 1/2 PU;"[)
P(T|~B) = 1/10

Vo = M
r/a 'IA‘.

. P(LIT) = 1/2 _ B)- F[T}F-')’P(,Lla =
L ) p(LI~T) = 1/10 P(T’B’ i FL LAt L 5
S 9 = ) pl118)- plein) = ’aL£ b5 3 ”j

L _ ek



Suppose you are given the [ollowing set of data with three Boolean input variables a, b, and ¢, and a single Boolean output variable K. 4 P(L) -~ _LL - l{g_ ?CE— = /a'

Assume we are using a naive Bayes classifier to predict the value of K from the values of the other variables.

e Raves rlaccifior whe ! 1 AB—TAr—(? ]/ ( 3-:, \{a
Accordin he naive Bayes classifier, what is P(K=1|a=1Ab=1Ac=10 ll P “‘
A 2 to the ¢ Bayes classifie t ( ‘ ) / , {ﬂ\n/ a/ = /o 'E

La[b KK Q) P(T)8 ol pleley =
o e Pl Ja{z>¢ P PlPl-? 3 yet (el = [/ €l )

11|11 e R+ 1© PR ey . oely = R p\&) =

o[1]1] o0

11]0/ 0

1lof1] o0 = L _

ololo]1 /ﬁi—r’ %/

ololo]1 L+ /’ | alz

P = /f

olof1][o] 32 el \
= \ YR C

P@fo 1 B=l
/pf |,B > T e &) Péj

)/ 2.2 Given a dataset with K binary-valued attrbutes (where K > 2) for a two-clss

sk, the number of parameters to be estimated for eaming a naive
ssifier s

GATE 2024 -- Data Science and Artificial Intelligence (DA) -- Sample Question Paper

Given a K-class dataset containing /N<points, where sample points are
described

Q8 using D discrete features with each feature capable of taking V' values, how
many parameters need to be estimated for Naive Bayes Classifier?

(A) | VPK

B) | KV

“C) | VPK + K

| .®"K(V+D)

(B) r 2K +1

GATE DA 2024

Consider two events T and S. Let T denote the complement of the event T. The
probability associated with different events are given as follows:

P(T') =0, P(S|T) = 0.3, P(SIT) = 0.6

Then, P(T|S)is (rounded off to two decimal places).

Consider five random variables U, V, W, X, and ¥ whose joint distribution
satisfies:

P(U,V,W,X,Y) = P(U)P(V)P(W|U,V)P(X|W)P(Y|W)

Which ONE of the following statements s FALSE?

Y s conditionally independent of V' given W

X is conditionally independent of U given W

U and V are conditionally independent given W 1/

Y and X are conditionally independent given W

. #B)
WHY THIS METHOD ALWA;Z(S WORKS (giren (oint  doncity WW") _ Al -}’ﬂ/@ 6

Viert pa
Because any joint probability dlstrlbuf ion that factorizes can be represented as a Bayesian B@ﬁg }}@ZJ

network, and the factorization uniquely tells you:

» the nodes
« the parent sets

« the edges

This gives you the complete BN structure and all conditional independences.



Here is a clean, systematic, always-works method to extract the Bayesian network

structure from a given factorization like:

P(U,V,W,X,Y)=PU)P(V)P(W|U,V)P(X|W)P(Y|W)

# SYSTEMATIC METHOD TO FIND THE BAYESIAN
NETWORK (BN) FROM A FACTORIZATION

Every factor of the form
P(child | parents)
tells you exactly one node and its parents in the Bayesian network.

Follow this rule:

STEP 1: Identify each conditional factor.
Look at each term:

P(U) - U has no parents

P(V) — V has no parents

P(W | U,V) — W has parents Uand V

P(X | W) - Xhas parent W

P(Y | W) - Y has parent W

I

STEP 2: Draw the arrows: parent - child
From the above:

« U W

« VoW

« W X

« W-Y

U and V also have no parents.

STEP 3: Combine into a directed graph

The Bayesian network is:

markdown

u-
\
- W - X
/

vV - -Y

This exactly corresponds to the factorization.

(9 Copy code

STEP 4: Use d-separation to reason about independence

Once the DAG is drawn, you can get all conditional independence statements by using

three rules: Lﬁ Dan;de A L‘va\ib

1.Chains:A - B - C

ConditiononB=AL1LC | B

2. Forks:A - B -~ C

ConditiononB=AL1C | B

3. Colliders:A - B - C

» Without conditioning: A L C
« Conditioning on B (or its descendants): A becomes dependent on C

Three fair coins are tossed independently. T is the event that two or more tosses

result in heads. S'is the event that two or more tosses result i tails.

What is the probability of the event TN S ?

Consider the following joint distribution of random variables X and Y:

( x(1+3
fy) = l7‘

0, otherwise

,0sx<20=y=<1

Which one or more of the following statements is/are correct?

‘ (A) X and Y are mutually uncorrelated.

f”‘\/ X and Y are mutually independent

The mean of X is 1.




ded Ok f}‘*”("‘
A NZ@L RW), ﬁ““é”’“’“’k )

* Aset of nodes, one per variable X
e,

==t 5
s A directe@_a_ph
i

* A conditional distribution for each node
» A collection of distributions over X, one for

each combination'of parents’ values
A A

P(X|ay...a,)

= CPT: conditional probability table

—

In a Bayesian Network, we must quantify the local relationships
between a variable (node) and its parents (nodes). In particular,
we specify a conditional probability table (CPT) for each variable
(node) in the network, which is a conditional probability implies the factorization:
distribution for a variable given its parent variables (parent nodes).

P(variable | parents of variable)

These local conditional distributions induce a global probability P(X) = H P(X;|parents(X;))
distribution over all network variables (the joint probability i
distribution).
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If Pascal woke up too early E, Pascal probably needscoffee C; if Pascal needs coffee, he's likely
grumpy G. If he is gru then it's possible that the lecture won’t go smoothly L. If the lecture
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If we believe Graph (a) is how the world works then :

D I D  § .
(VRVAR VIR VIVARY (L1S)|e
G S G 52
J J / If we believe Graph(b) is how the world works
! L
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. P [nfuonce- oot infuenie—
C\nmf\l \fo%k i 9 Vo, dhis s 2 yiolak & d'w n.ﬁ"q Hen Wasze-
s I Ly et o8N M s eV
— b Al e M L node
bk o e o dependsnt
A Jpscodonks a2 104
e dmeF <Y
ghan sk & 0T v
. - mL L
o ik bt
g e @k
> e
i ks
gt (1Y o N P / N
n @ mL 0,
(i
MWM > Given its parents, a node is.independent of all variables except

its descendants

d‘. w_k [t\k{w A node is not independent of its parents - -
I

A node is not independent of its parents even when we are
given the values of other variables. v

Given its D'arents, a node is independent of all variables except
its descendants
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Burglars and Earthquakes

Pearl lives in Los Angeles. It is a high-crime area.
Pearl installed a burglar alarm.

He asked his neighbors John & Mary to call him if they hear the alarm.

This way he can come home if there is a burglary.
Los Angeles is also earth-quake prone.
Alarm Eoes off when there is an earth-quake.

T —

Variables: Burglary, Earthquike, Alarm, JohnCalls, MaryCalls

— 5 §Ti"h T M

Once you know that the Alarm has gone off, John Calls
depends solely on whether the alarm was triggered, not on
what caused it (burglary or earthquake). Since John Calls only

» responds to the alarm, it becomes independent of the Burglary
once the status of the Alarm is known
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Consider the graph drawn below. Assume that eachvariable can only take on values true and false.
A o o The minimum number of Bayes net parameters required to fully specify the distribution P(G|A, B, C, D, E, F)?
' " _ _ Q Sathdh
o o P[B\lmﬁfft')fﬁﬂ'*) o ?G"[F) = 6{ f
€ "

TH

ne
In a Bayesian network, consider the following structure:
* X1->X2
. X15X3 (%) X Ui/xa,ﬂs
* X2-X4
* X3->X4

Is node X1 independent of X4 given its Markov blanket? ‘fgg

-~



- ceprakion([iseck

S ks by se iy dhele o cbve

B\jﬁﬂﬂl’ MV_AOJL&‘?MMWW/

. fom ne
ol aes & N
> fikie belieh aboet # PD)F:\(ZC@_ s obsued 05

e~ fV\W\'l ?«d‘“&‘ﬁ
Cmm,fn Me.ﬂﬂdﬂ‘ A&
whele @ﬁjs un cosetved =D Beliehy

[Ommm eéﬁgdj node ﬂ—blz &L

whie B A one o dﬂg;\m -
. :.bgqt 8
j5 eyidence” Belich > bolieh

be. expomned. A
Lot B g;.vw g2 -

X_U—Z}‘/ h& W% ok 35@(1& SepaSokon. -

FQH’\ bowen X X Z when

T R e

(ww betich $p4

kg i ahie b cath Kple
abve

oCasu_a,L Lhﬂlﬂ ‘A—)@%& WML‘
wndosaved — Bolh dim

B s
wkve ph |
podh is ohoselved O evidenl jon

paiet dos't (:’m)ﬁd&

dem; stopc  belief, @alquaﬁaﬂ in both  dmellion

Active Triples Inactive Triples

_-,X\thnmon effect (aka v-structure) A > B &«
: .0°~ where B or one of its descendants is
observed

R

C\'\Uﬁn . b 7

~{q 23

— 3 Thee
Fhen Al con

> X &
— x & 2-one

c %o @ Q@ @

. ﬁw'-‘\ x &2
+ Causal chain A - B'C where B is 3| Anere s Some” achue ff.!‘\ behwaan
unobserved (ejther direction) =7 1 th ) st T e e 'n\Ju newadion
+ Commoncgatse A € B - C where B is giuen Y , B MR W\" X & = ang Ls(-in{'-ld
3 By - S o s
unabsérved con Qo from X o 7 =

is. OR’  adive gedly beman X & Z
‘ S frod A NO wey
O

'n\\oc\r\‘\:h"-'*\ o Yow (o X O =
rdependendt
: d_seger\ac&—ﬂd

2 one )

D-separation ["c!it'ec't' §eparated") in Bayesian networks
o)

Algorithm to¢alculate whether X | Z | Y by looking at graph separation Wﬂ

Look fosee if there is active path between X and Z when variables Y are observed:

el

A is d-separated from B given C if every undirected path between them is blggked. @ .
A {6

O fd@ﬂ"'ﬁ"k ol inathive kfef"- &f‘m bb
O iy wl phE o L

ot il = ¥ LY [z

2 b o K B
27 s pan fpom KET
= Y LY |z
(2 aoD-sgot

ed- (0“&2‘




D-separation Example 1

o

Rail  bownces feom Qv’icima./b[a&dlva}rm

Ba.ll Fassu: ﬁﬁ\)«} i} ik collides \wrth
p(agd\{a,!«w]

s
[y // ¥
. ‘_\‘\\Jt ’/,,(:’ /a
gre” L0 A 2 ‘H > .
e
-V/‘/ ¥ Lnachivl
dng(nuC.:\
[ T —
2 LLT|T _ Oein nadhve
D (3 LB _ Lollidh  inasYE
L1 B|T /mwdlﬂ- ah'®
@ LU B|T' _obids, ke
l whv (roin inaui &~
@  LLBIT.R —llids whve
be(‘a(ﬁaﬁﬁ’ﬂ Jhegtm
chan @ - @ N
=13 @,9@ @__;@
© ©
(Wt |2 @\ @\
-
® ®
o T1D — Bﬁk ahve (ollid® inahve
o Q TLDIR — -)‘oﬂfc 2 (ollid3 inachve-
TAD|R, S

— {)o%L inashve,, (Mides  auhve-



yeshens

white
P D ELB[Mm —
. N A
\Burglary (Rarthquake g —
'\ *- y BL2| ”gi:r
A‘Iin:: ¢ lii;:l_iol!:?érﬂ 5 B J_L 3 I N —
L N
Johncalls “Marycalls
D VUM [ >
— W W
() (P D mMLele = B
—arals
ofic ) yie - e — s
@ @ VILF (M =5
lb LF T —
® guaranteed to be true
"D VoaM|LR o] nzt guaranteed to bl:e true
% QUeStiOn 11 . For this question consider the Bayes' Net below with 9 variables O_'O_'O O—O.—O
X » X, - X U/O\D O/.\O
v v i O\'/O O\U/O
A g
5 X o X, - X
Which random variables are independent of X3 ,7 (Leave blank if the answer is none.)
O xiy O X2 O Xy O Xzn O X222 O X3 O X32 O X
T'here is at least one active path between X ; and every other node
l'b Wl\il_.h PV o MWW in K?;I' 3“’&” Xf,l — *i\\? s puick Aﬂswb?% M;‘gm

I " ] I

q;b b "

A Xfyl Z Y5/5 —2

l; Consider a Bayes Net with the following graph:

A 8)
< &
e
Cc D
—A s
p - 4
)
P g A
G

P(A|C,E)=P(A|C) True

D FLAElD = elal) {20
D) AAles) = P(A

B rlale) = LA

@ Pl 0lD) = f Eld) * ”[0‘@
) pla8ld)- plaIF)£ P(2[0)

9§}adwuv€is duwe - FLE]|C

Toe sine ) ﬂ%@*é —>naukve-
O DsheF - lnadie

C —adiv,
@/fﬁm " algla _phcF e

© popHpEFEE e

A Towe iy FLBE — @ A L B ek
phie
2 —
%Tw—“o" F‘Ml“ — @O A->b<E é—Dé‘g(;u}'Ve

@ fp->C2E —F—=

ki
Yo 1 ELOD —O EoES0 —bE
@gecen—e@e(}, n
g .
267“"‘" fb ﬁ-_[bg[\_:___@ nﬁpf&g@ — Jneuk ve- A—=per
), NacseEPCE pe-p — |lmdire-



Consider the following Bayesian network. State whether the given conditional mdependen(ﬂ. 2) TM
)J are implied by the net structure. .
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db The following product of factors corresponds to a valid Bayesian Network _— F[,\,{fﬁ/
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1. (3pts) Which of the following statements are always true for this Bayes net?
(a) P(A, B|G) = P(A|G)P(B|G);
(b) P(A,I)= P(A)P(I); B
() P(B,H|E,G) = P(B|E,G)P(H|E,G);
(d) P(C|B,F) = P(CJ|F).
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How to show X is d-separated from Y given Z (where
X.,Y, Z are sets of nodes)

Short answer (definition):
X is d-separated from Y by Z (written X 1l Y | Z in the graph) iff every undirected
path between any € X andanyy € Y is blocked by Z according to the d-separation

rules below.

What it means for a single path to be blocked by Z

Take any (simple) path p between two nodes. For every intermediate node v on that path

classify its local configuration on the path:

« Collider at v: the path passes through v like — v .

» This blocks the path unless v € Z or some descendant of v isin Z.

« (So a collider is activated only if it or one of its descendants is conditioned on.)
« Non-collider at v: the path passes like — v — or ¢<— v — (chain or fork).

» This blocks the path ifand only if v € Z.

« (If the non-collider is not in Z the path remains open at v.)

A path is blocked by Z if at least one node on the path blocks it by the rules above. If
every path between everyx € X andy € Y is blocked, then X and Y are d-separated
by Z.

Practical ways to show d-separation
1. By inspection (small graphs):
« Enumerate all simple paths fromeachz € X toeachy € Y.
« For each path check every intermediate node whether it's a collider or non-
collider and apply the blocking rules above.
« If every path is blocked, conclude X 1l Y | Z.
2. Bayes-ball algorithm (efficient):
« Run the Bayes-ball/graph reachability algorithm beginning from all nodes in X
with Z marked as observed.
« If no ball can reach any node in Y, X is d-separated from Y given Z. (If some
y € Y isreached, they are d-connected.)
3. Ancestors + moralization (graphical test):
» Take subgraph induced by ancestorsof X UY U Z.
« Moralize (connect parents of common child, drop directions) to get an undirected
graph.
« Check whether Z separates X and Y in that undirected graph (graph-theoretic

separation). If yes . d-separated.

A few important notes / edge cases
« If X N'Y # @ then trivially they are not independent (they share variables).
« Ifavariablein X orY isin Z, that affects activation: conditioning on a variable in X
or Y is allowed but changes reachability—use the rules above.
« d-separation is a purely graph-structural property; if the graph says X and Y are d-
separated by Z, then in any distribution that factorizes according to the network they
are conditionally independent: P(X,Y | Z) = P(X | Z)P(Y | Z).
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For the following set of independence relations, draw a Bayesian network graph that encodes the
relations, or show that no such urrq)‘:i exists @ @

e A is always independent of B &<— /

e A is independent of C given B

e A is not independent of C

Consider five random variables A, B, C, D, and E whose joint distribution satisfies the following factorization:

P(A, B,C,D,E) = P(A)P(B| A)P(C | A, B)P(D | B,C)P(E | C, D)

Which ONE of the following statements is FALSE?

Eﬂ— H;LC,ND _ e

A. E is conditionally independent of A given C and D
y i g

Caltz
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1/B. C is conditionally independent of E given D L,I.L E D —
) f g

v"'C. B and E are conditionally independent given A and C BJ’E

I/D. D and A are conditionally independent given B DJL, Q’lﬁ ?W/






