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Instructions for Candidates

1. Write your Roll No. on the top immediately on receipt of this question paper.
2. Section A is compulsory.
3. Attempt any 4 questions from Section B.
4. Parts of a question must be answered together.
5. ‘Use of Scientific Calculator is allowed.
Beciion A
1. (5 What is Reinfweement Lesming® How is it different from Supervised (3}
() Diferentiste between a Reward Sigasl and Velue Frection. Which one of {3

them peprasenis the long-term potemtisl of a siale?

&) A obot's next posidon depends enly on is current coondingies and is 3y

{d}. An apent receives a sequence of rewardz By =2, B, =4, B, = 10 If the {3 |
dizcommt Sactr ¥ =10.5, calenlaie the tots] discounted setum Gy,

P.T.O.
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ie) Consider a 44 grid world. The wop-left and bottom-sight ave the terminal
sfates, wiile the rest are non-terming] states, Inftial stateevaines v are all Us
and eorresponding greedy policy is dhown wsing axvows for 5l directions
achisving the meimom, '
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Afier a series of policy iteration steps, the new state-values are shown as
below. Show the greedy policy (using arrows) with respect to these given
_ state values: '

0.0{-1.7|-2.0{-2.0
-1.7|-2.0}-2.0]-2.0

-2.0]-2.0|-2.0]-1.7
-2.0/-2.0]-1.7 0.0

() An agent is using e-gréedy policy with € = 0.1. If there are 5 possible
- actions, compute the probabilities of choosing the greedy (best-known)

action and the non-greedy (random) actions.

(8) In the Actor-Critic .algorithm, which component is respogsible for the
policy, and which is responsible for value’ function computation?

(h) Using a suitable example, describe the trade-off between exploration and
exploitation. What are the consequences of favoring one over the other?

(B InaTDQ) algorithm, the eligibility trace is updated as:

%= YAz, + 1
Given v = 0.9, initial trace z, = 0, compuie z, and z, when A= 1.
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What is the difference between n-step TD and TD(R) in terms of how they
use future rewards?

Sectick B

Describe the Ageni-Environment interaction in a Reinforcement Learning
Task. Draw a diagram showing the interaction loop of S,, A,, and R, and

explain how the time step progresses from one interaction to the next.

Consider a state s, with two possible actions 2, and a,:
'~ Action a, leads to state s; with reward = 4
- Action a, leads to siate s, with reward =2

The agent follows a policy:

aladss) = 0.6, miwlg) =04

Given 7 = 0.8, W51 = 5 Vig) = 4 compme Vi5) using the Bellman
Experistion Bquation.

. Cppshder 2 Beinforcement leaming apent being trained to play the game of

Chess. [deniify snd brielly dessribe the following components of this RL
systene: Agent, Eovironmment, Stats, Action, Reward.

Diefine Vidue Punetions in Relnforcement Lesening, Wiite the Bellman
mustion for the siate-valne fmefon wiz). Idemtify smd explein ihe
of esch mathemanics] term used in the equation such 85 %, 8. 8,5,

=

B
- R B

amd §.

Buplain the differemce betwesn Poliey Diewstion end Viluve lewton
slporithme, [eseribe the primary steps Involved in each. Which one of the
of the mumber of lierations to convesge?

tevn is generally sler in tamm
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£} Comsider a state 5 where taking aetion “a’ leads to slate &, with peohabili {5y

0.7 (rowand 45 gﬂd state &7 with émha&aﬁiﬁg 0.5 {reward =1, If disconnt
facter 7= 08, wig) = 10, md vis) = 2, caleulate gls, &)

4 (@ ' i3
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Sbove dispram shves the temnifon graph fr 5 finfte MDP with
following deails:

States, S = fhigh, low}

Actions, 4 = {search, wait, recharge}
Starting in a state s and taking action @ moves you along the line from
state node s to action node (s, o). Each arrow corresponds to a triple (5, s,
a), where s’ is the next state and the arrow is ‘la'belled Wifh transition
probability, p(s’ls, ), where s’ is the niext state and the expected reward
for that ﬁmlsition r(s,a s ’) |

For this finite MDP system, fill in the transition probabilities and the

expected rewards in the table below:

}
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| s a s’ p(s’ls, a) 1(s, a, 8”)
high | search high

| high search 'lo;;v
low search high
low seérch low ’
high wait | nign
high wait low
fow wait high
low - |wait low
low 're.chargé | ‘hi.gh

1low .rec_:harf.;.e 'Iow

8

(b) Explain the.assumption of exploring staris in Monte Catlo estimation of
Action values? Why is it difficult to satisfy in practice, and how does an
e-greedy policy address this issue?

(6] Anagent penerales two apisodes, Compute the value estimate V(B using
First-vizit Monte Cardo (I essuming a discount factory = 1.
Episnde 12 {8y, Ay, Zh = (B &a, 39 = {8y, As, 5) = Terminated.
Episode 2 (S, A 1) — (S5, Ag. 9) — Terminated.
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Compere BARESA and Q-learming in the comtent of temporal-difference.
Tearning, Weite s update sules and justify why SABSA s classiiied as
an og-policy methed whils Q-leaming s considered offpolicy.

Diseuss bow mestep TD methods ez i
Legming slgosituns, Show how by tildag mxﬁa wulyes of prsameter "5
sllows these methods comverge to alither TING o Monte-Carle,

An agent iz in state B, with W8y = 10, Tt takes am sethon, rensives & pevand
ol 2, andd wansiiions 6o By, where W8,,0 = 12, I the leawing rate = 0.5
amd disconr factor v = 0.8, calonlate the npdated walue W&,

Wiy 5 it impractical 1o uze 2 aﬁm@ﬁs Tnobogr table (iabular method) for
comple gme,s like Chess? Compare Frmetion ﬁp@méﬁmm‘t@m with
Tobular methods o teoms of memoy eonstrainis, and the ability to
Zeneralize to new sinations, '

e, Wiy do poliey sradient methods wark
ns or when policy needs 6o be siochastie?

well when acfions sre ot

Constder 4 shart coridor problem wilh seifched actions eonsisting of 3
non-tesminal siates B, B % ond o termingd goal state O The apent
always staris fiom 5,. The rewand s —1 per step, @ud reaching G ends the

eplgnds.

Given Action dymammios:
In 8§; and 3
Avciion Bight moves right

Action Lofi moves lef (w movement i slready at

boundary)
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I 8.2 actipns are swiched
Right mowves Jefi
Ll moves ight ,
& poliey sslests Right with probabilie p ond Lot with probability 1-pm
|Vary state,

Diseount factor gammsaliy)=1
From experiments, the expseiad munber of steps o reach termina] Goal

stabe, Le. T{p) is:

T = 0.4 =25
Tip=048=18§

Tip =08y =30

Pierform the following fashs: -

i Creste 2 sufishle dingram for the sbove problem.

ii. Compuiethe expested retum for ssch value of p.

. Identify whish poBoy (valus of gl is hest,

Comment brisfly on why performanse decnssses when p i3 too small or
i&m ]gi :@‘ :'ﬂ

Civen: Q{SE -é;ﬁ = 29 RN—B = gs Q{%ms 2= ?:‘ ‘I;B{Swge ﬁz} = gz ¥ ={:I"‘§)ﬂ a={.1

esmme that vnder the current behavior polizy, the nest sction selected at

L
Aty
Dy

siate By iz @y,
=~ Compute the updated value of (S, A) wing the SARSA update
e,
= Compute the updated welve of OB, 4) vsing the O-lomming
gready action sclection].

update rule (peswme

PTO.
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(b} Compare Dynamie Programming (DP), Monte Carle (M), and Tempacal 53
Difference (1) methods, Evaluate the methods based on following Basis:
- Model Raguinerment
- Booiskapping
w  Buftahility for BplodisContimins tasks,

e} In the Momte Carle (WMC) Prediction tazk, an agend has visited siate 8 five {3
times, resulfing In an average et of P8 = 2.8, On the sixth wisit e

state 2, the ament abesrves o new return {5 of 4.0,

Calenlate ik mew value cetimmie FiS) using the insremsnts] npdats mule.
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