Introduction

» Imitation learning by classification

» DAgger [1]: iterative policy training via a reduction to online learning

» Coaching (new): update towards easy-to-learn intermediate actions when
the oracle Is too good to imitate

» Experiments on test-time cost-sensitive dynamic feature selection

Imitation Learning by Classification

» Markov Decision Process

» state s € S, actionae A, policy m: S — A
» d,. average distribution of states over T steps
» Immediate loss L(s, a) € [0, 1], expected loss

J(m) = TEs-q [L(S,7(S))]
» Oracle action: 7*(s) = arg min C(s, a)
acAhA
C(s, a): oracle’s measure of the quality of ain s

» (Goal: minimize the task loss J(w) — minimize a local regret ¢

» Policy as a multiclass classifier: @ =argmin Eg_q.[¢(7(S), 7*(S))]
mell

Dataset Aggregation (DAgger)

Problems with the classification approach

» Different distributions of states at training and test time
» Learner may go to states never visited by oracle

» Quadratic loss: Let Eg 4.[¢(7(S), 7%(S))] =€, then J(7) <
Iterative policy training

» Execute the most recently trained policy

» Retrain classifier on all states ever encountered

~ leaches learner how to recover from past
mistakes
» Supervised action at states s = 7%(S)

Theoretical guarantee

> Q;T'(s, 7). t-step loss of executing = in the initial state and then running =’

» Test-time surrogate loss: Eg g [((7(S), 7%(8S))] = ¢

» General case: If QF_, ,(s,7) — QF_,,,(s,7*) < u for all actions a,
te{1.2,...,

T}, then J(w) < J(7*) + uTe.
» DAgger:

N iterations, w1, mo, ..., mn denoted by 1.5

Error of best policy in h|nd3|ght EN = manEnNZ, 1 Esvq, [€(7(S), 7*(5))]

f Nis O(uT log T) and Q% , (s, 7) — Q% ,.,(s,7*) < u, there exists a policy
m € m.n St J(m) < J(7F) +uTeny+ O(1).

Imitation Learning by Coaching
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A too-good-to-learn oracle
» Policy space far from the learning policy space — limited learning ability
» Information not inferable from the state — limited learning resources
» Large training error in each iteration and large ey

Coach
» Easy-to-learn actions: scored high by the learner’s

current policy
» (Good actions: low task loss
» Hope action: not much worse than the oracle action

but easier to achieve
A: specitying how close the coach is to the oracle

7i(S) = argmax A - score, (s, a) — C(s, a)
acAh
DAgger by coaching

Initialize D «+ 0, 74 < 7*
fori=1to Ndo
Sample T-step trajectories using T,
Collect coaching dataset D; = {(s:, 7i(S) }
Aggregate datasets D + D | JD; and train policy 7.4 on D
end for
Return best 7; evaluated on validation set

Reduction to online learning
» [reat trajectories collected in each iteration as one online-learning example
» Choose the best policy so far: Follow-The-Leader
» NO- regret online Iearning algorithm:

NZ/ y Li(mi) — manEHNZ, i) <~y and limy o yv =0
» DAgger theoretical guarantee holds under any no-regret algorithm

Coaching guarantee
Lsq, [((7(S), Ti(S))]

» Test-time loss: ¢j(7) =
~ Error of best policy in hindsight w.r.t. hope actions: &y = + mincr Z,’L 0i(m)
» Linear policy:

predicted action 4, s = argmax w'¢(s, a)
acAh

hope action &, s = argmax Aw'¢(s, a) — L(s, a)
acAh

> For DAgger with coachlng, if Nis O(uT log T) and
T q(s,m)— Q% (s, 7) < u, there exists a policy m € 7.y S.t.

J(7) < J(7*) + uTéy+ O(1).

Experimental Results

Dynamic feature selection
» Instance-specific feature selection at test

time @stance wmv
. User-specified accuracy-cost trade-off e TeatEs
» State s;: selected features and their values
» action a;: features to add and stop (l.e.

make a prediction with obtained features)
» Immediate loss:

L(s,a) = « - cost(s) —

Make a
prediction

Add features given
by the policy
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(b) Radar dataset.

(a) Reward of DAgger and Coaching.
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(c) Digit dataset. (d) Segmentation dataset.

Conclusion and Future Work

» Coaching: target at easier goals first and gradually approach the oracle
» Application in natural language processing and computer vision
» Relate to regularized methods in online convex optimization
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