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Introduction

Demand charges

Other interpretations: water, unsold products...

Problem setting

@ At each time, how much extra to request? Or how much less?

o Goal: make request curve as smooth as possible

o While always satisfying demand
o Ideally without wasting any power

o A dilemma:
o Request nothing extra: waste the battery
o Request too much extra: introduce new peaks

o Obj ftn is max, not sum
o “strict liability”

o n timesteps
o d;: demand at time i

o r;: request at time i

o D = max; d;

o R=maxir;

o b;: battery level at start of time i (b = 0 or by = B)

Goal: choose requests r; to minimize R
o i.e., make request curve as smooth as possible

o with no underflow: b, > 0 Vi
© NB: byyy = b; + r; — d; (except when underflow/overflow)
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Offline problem

Threshold algorithms

Battery entry loss

o Loss model: charge one unit — battery increases by f units,
0<f<1
o Previously: we solved problem assuming perfect efficiency

o In this paper: we allow for entry loss

Offline lossless problem
@ Solvable in poly-time
o By LP, or efficiently: O(n) or O(n?), depending on setting
o Unbounded battery: find hardest prefix (average)
o Bounded battery: find hardest subsequence (roughly average)
o Y i(-B+d)/(j—i+1)
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o Initial/final conditions: slightly preprocess input (demands)

Offline lossy problem

o With O(n)-time GA computation, can compute:
o unbounded battery optimal: n- O(n) = O(n?)
o bounded battery optimal: (5) - O(n) = O(n®)
o But with more effort (BSTs...), can compute GA[1. /] for all j
ranging from 1 to n in total time O(nlog n)
@ Therefore can replace factor of n with log n in both settings

Experiments

Ou Liu

Online problem

o Change: demands d; now arrive online

o Goal: competitiveness

o Constant-factor approx with offline optimal

o One idea: alpha policy [Hunsaker et al. 1998]

o Intuition: maybe the future will be like the past

Thm: no competitive algorithm

Algorithm strategy
o “alpha from above" (Alg 2.a) can be O(n?log n)

o Basically computing opt over time
o At each time, extend O(n) GAs

o Turns out can do better with less work: O(nlog n)
Suffices to find the GA back to last time battery was full
Forget about prefix: n— n' <n

Also, only one GA to exten_d each time
Alg2.b: Tj— D — 7‘;{7@&1"?

Factor-revealing math. programs

o Factor-revealing LP technique proves properties of an alg by
optimally solving an LP (e.g. maximizing approx ratio) [Jain
& Vazirani

o We provide a family LPs (indexed by size n)

o Idea: minimize final battery level, over all instances
o Reuse lemma: can restrict to monoton. decr. segments
o Non-negative — battery never crashes

@ Reproves algorithm feasibility (up to length n)

Bolder algorithms
o Hy-approx is 7.84 or 3.76, for typical settings one month or
one day, with timestep=30min
@ Sadly, this is not just a guarantee, it's often the exact
performance

@ Can be greedier and attempt to do better than 1/H,
o Dangerous, but can have good performance in practice

Vary the boldness of Alg 2.b with parameter ¢
D yu(1.i)

Ti=D- gmaao

e ¢ =0: same as Alg 2.b
o c = 1: “follow the opt”
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Figure: Peak vs. B

Figure: Peak vs. aggressiveness

Figure: Peak vs. prediction error



