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Backup Rules one method of planning: heuristic search!
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Conclusions heuristic search:
agent tasked with reaching a specific state
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Heuristic Search

i heuristic search associates costs with states,
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Conclusions

can be broken down into three phases...

Expansion Phase:

expands nodes to explore the search space
Decision-making Phase:

amasses information on search frontier (backup rules)

uses information to select an action to execute
Learning Phase:

learns heuristic values

Will focus on the first two stages!
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Should an agent at A move to By or By?
(z; are unknown but independent and identically distributed)

f=9g+h=g+0is lower bound on optimal plan cost
f is not the answer: need statistical perspective
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(f is expected value)

(f = f+exd)

Should an agent expand nodes under « or 57
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this work: a practical investigation of the two questions
from the perspective of decision-making under uncertainty.
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heuristics are inaccurate/uncertain estimates on cost to goal
due to unexplored state space
true heuristic could be much higher!

view heuristics as distribution over potential values
distributions centered about expected value

assume most accurate heuristics on the frontier

how to form beliefs?
how to gather information from the search frontier?
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Backup Rules (1/5): Minimin
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Minimin:
parent <— minimum f among successors
lower bound: not suitable for rational action selection
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Bellman:
parent <— minimum f among successors
only conveys a scalar value
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Nancy (new!):
parent < belief with minimum f among successors
conveys an entire belief distribution

Andrew Mitchell Real-time Planning as Decision-making — 23 / 68



Backup Rules 1445!: Cserna

Introduction

Backup Rules

M Beliefs

B Last Incremental
B Random Trees
B Last Incremental
B Random Trees
M 15-Puzzle

B Overview

Expansion Strategies

Conclusions

Cserna (new!):
parent < distribution of minimum value of successors
assumes that true values of successors will be revealed

Andrew Mitchell Real-time Planning as Decision-making — 24 / 68



Backup Rules 54£5!: Cserna Example

Introduction

Backup Rules

M Beliefs

B Last Incremental
B Random Trees
B Last Incremental
B Random Trees
M 15-Puzzle

B Overview

Expansion Strategies

Conclusions

two beliefs on the frontier

12 34 l

how to obtain belief at TLA?
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k-best (reformulated!):
parent < distribution of minimum values of k successors
class of backup rules ranging from Nancy to Cserna

all incorrect, which works best?
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remaining path is optimally solved

why? used as a test by Pemberton in 1995
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\ \ \ \

precise expected values of all successors are known!
expect Cserna to be optimal on average!
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One-level Belief
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Gaussian Belief
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Benchmark: Random Trees
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uniform n-ary tree with depth d
binary with depth 10 for last incremental decision
binary with depth 100 for other experiments
implementation lazy but deterministic

all leaf nodes are goals

edge costs ~ Uniform(0,1)

so h =0
g = sum of edge costs
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B Last Incremental implementation lazy but deterministic

o Lo e all leaf nodes are goals

W Random Trees edge costs ~ Uniform(0,1)

B 15-Puzzle L

B Overview SO h _ O

Expansion Strategies g = sum of edge COsts

Conclusions

Real-time search using different backup rules

1. limited lookahead, then take action
single action commitment
2. sum edges costs until goal
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Benchmark: Random Trees

uniform n-ary tree with depth d

Introduction

Backup Rules binary with depth 10 for last incremental decision
M Belieis binary with depth 100 for other experiments

B Backup Rules . . o

B Last Incremental implementation lazy but deterministic
T all leaf nodes are goals

W Random Trees edge costs ~ Uniform(0,1)

B 15-Puzzle L

B Overview SO h _ O

Expansion Strategies g = sum of edge COsts

Conclusions

Real-time search using different backup rules

1. limited lookahead, then take action
single action commitment
2. sum edges costs until goal

best backup rule is one with lowest average solution cost!
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Backup Rules on Last Incremental Decision

5 Algorithm

Introduction S

tp 00020 -
Backup Rules 8 Nancy
B Beliefs y— @® K-Best1 Correct Belief

CI) K-Best 2 Correct Belief
B Backup Rules T_) ®® o @® K-Best 3 Correct Belief
B Last Incremental oM K-Best 5 Correct Belief
T P T 4 0.0015 ® K-Best 7 Correct Belief

5 ® Cserna Correct Belief
B Last Incremental b K-Best 1

C
B Random Trees o @ KBest2

@) K-Best 3
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Conclusions -
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Depth Limit

as expected, Cserna is optimal on average!
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Backup Rules + Uniform Bounded Depth Expansion
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Algorithm Cost - Cserna One Level Belief Cost

Algorithm
Minimin
Bellman
Nancy
K-Best 3
K-Best 10
K-Best 30
Cserna
K-Best 3 One Level Belief
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Backup Rules + f Expansion on 15-Puzzle
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1. Which action to select?
minimum f by principle of rationality
2. How to backup from frontier?
Bellman or Nancy (Nancy has added benefit of belief)
3. Which nodes to expand?
setting:
B search expands frontier nodes under top-level actions (TLAs)
B only lowest f node under TLA is important (Bellman/Nancy
backup)
B how to select node to expand?
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oy f expansion:

B Random Trees expand node on frontier with lowest expected value
B 15-Puzzle . .

B Optimality Gap accounts for uncertainty, but with scalar

) Oz Breadth-first expansion:

Concusions expand nodes in order of generation

literally just brute force
alternatives?

Risk-based expansion (new!):
expand nodes which minimize expected regret
acknowledges uncertainty, relies on belief of values

which of these performs best?
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Risk-based Expansion
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Risk: expected regret if a suboptimal action is selected
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expectation over possible values for TLAs
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B Optimality Gap
Bl Overview

Conclusions in discrete case, where o is TLA with lowest expected value, all
other TLAs are (;, and a and b; are potential values from their
beliefs:

22D Pla)P(bi)(a— b))

Bi a b@'<a

expand under the TLA that minimizes risk!
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Risk-based Expansion Example
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Risk-based Expansion Example

calculate post expansion belief for TLA;
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Risk-based Expansion Example

use post expansion belief to calculate risk
of expansion under TLA;
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Risk-based Expansion Example
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Risk-based Expansion Example

expand under TLAs!
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Expansion Strategies on Random Trees
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Expansion Strategies on 15-Puzzle
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Optimality Gap Relative to f-expansion on 15-Puzzle
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Nancy (Nancy backups + risk-based expansion) addresses these
questions!
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Conclusion

viewed real-time planning as decision-making under uncertainty
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Backup Rules B studied 5 backup rules (2 new + 1 reformulated)
spasensiaieEes . g Bellman and Nancy backups performed best
B discussed 4 expansion strategies (1 new)

B risk-based expansion performed best

Nancy (risk-based expansion + Nancy backups) outperforms
conventional LSS-LRTA*
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Conclusion

viewed real-time planning as decision-making under uncertainty

Introduction

Backup Rules B studied 5 backup rules (2 new + 1 reformulated)
Expa“s'f’" >tategies . Bellman and Nancy backups performed best
B discussed 4 expansion strategies (1 new)

B risk-based expansion performed best

Nancy (risk-based expansion + Nancy backups) outperforms
conventional LSS-LRTA*

future directions:

B broader testing
B efficient implementation
B explore similarities with UCT

More broadly, metareasoning about uncertainty pays off,
even for deterministic domains!
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