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What is sequential decision making

Sequential decision making involves making a sequence of
decisions overtime where each decision affects future
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Why do we care

Sequential decision making is everywhere playing games

planning a trip or career and its present in interaction

In HRI sequential decision making will form the

mathematical backbone of

howwemodelpeopletmdim.d.IEII inane considering long term names
humans are sequentialdecision makers toomustethenwell
interaction is an ongoingexcha.ge where agents influenceghen
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Why is it hard
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Naively planning quirkly becomes impossible

HAD outcomes of taking actions can be stochastic
same aition doesn't always have the sameresult

eg R chooses to gostraight
o but wind might push it
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fail to get home but was it all badffRhF if rewards come late had to which1

actions were good bad d



Markov Decision Processes MDPs

MDPs are a mathematical model for sequentialdecisionmaking
in a fullyobservable stochastic discrete time environment

with a Markovian transition model
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what is Markov about this

The transitionfunction is where the Markov part comes into play
MarkovProperty the future is independent of the past given thepresent

This means that actionoutcomes dependonly on the current state not history
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eat we netimately want to Ive for is thepolicy or knowing what is

the best decision to make any state
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Evaluate the quality of a policy IT by the expected cumulativereward
induced by the policy we will get to the expected bit in a bit

rollout or simulate it fromeach so ES toget a trajectory
sequence So 1 s I 1

Evaluate the utilityof the rollout calledcumulative reward
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an optimal policy HX S A yields the highest cumulativereward

But what counts as a good policy depends on the reward function

Sparse vs Dense Rewards

Probleman if the only reward is a 1 at the goal and 1 lava

manypolicies look equally good belause there is no penalty
for inefficiency In other words sparse rewards often underspecify
what we actually want the agent to do



Underspecifiedrewards is a HUGE problem in HRI and AI Alignment

Solution Dense rewards frequentfeedback good bad to the agent overtime
instead of just rewarding outcomes at the end

helps guide the agent to behave in the way we actually want
specify not just what the agent should do i e goal but howto do it
fasteragent learning
HARDTO SPECIFY PronDE see laterlectures onthis

Example living Pettis are a kindof dense reward that incentivizes efficiency
by penalizing meassary steps
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from walls obstacle

IP.isnITfT an sometimes mop tuple is written as csit.t.ro
describes an agent's preference for current rewards over futureones
when 8 C1 If 8 1 our agent wants max rewardover all tsteps
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discounted cumulativereward

discounting is a goodmodelof human animalpreferences

See models ofTemporalDiscounting 1937 2000
by Till Grine Yanoff'sconnections w psych econ




