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Identification from a finite hypothesis class

- Prediction/Control requires an accurate model

p(t+1) = Auz(t) + Bau(t) +w(t),  w(t) =" N(0,5,)

- Hypothesis class: {(4;, B;) }i, = {t%),, Yoy }
D
Input sequence {ut}gzl t%l State sequence {ﬂft},irzl
>

How can we identify the true system from a finite hypothesis class?
Non-1.1.d. data Probabilistic noise Finite samples
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Which questions do we answer?

How can we generate data for sample-efficient identification?

What can we gain from active learning over random excitations?

Can we unify sample complexity analysis across excitation
strategies?
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Designing sample-efficient excitation strategies (P

Algorithm 1 Sequential identification algorithm

Require: Hypothesis class {6;}Y,, desired confidence ¢
1: for epoch =1,2,... do

(1) Data collection Experiment Design
2: Sample model index k using exponential weighting
3: Compute optimal excitation for #;, (using CE)
4: Collect data with e-greedy excitation
i_ (2) Identification _i Identification
5: Compute empirical prediction errors for all candidates
I 6: if hypothesis test on errors succeeds then I
| 7 Stop and return estimate 1

Theorem: Correctness & Optimality

With probabilityl — §, Algorithm 1 terminates with correct estimate and
achieves optimal sample complexity (asé — 0)




How much do we gain from active learning?

Low gain regime
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How much do we gain from active learning?

Low gain regime High gain regime
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Why do gains vanish?

* Problem structure determines limits of experiment design
« Our theory provides the explanation
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What we learned

Provably optimal active learning algorithm
Unified sample complexity analysis of excitation schemes

Characterization of fundamental limits in active learning
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