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e Problem Setting. (Policy Transfer) A set of source
tasks M,,M,, . . ..M, are provided along with their
expert (teacher) policies: m; , , , . . ., m,. A student
policy i, for a target domain is learned by
transferring knowledge from each m; , withl <i <k.

e Policy Transfer Framework. Modeling multi-policy
transfer as an option learning problem, using €-

greedy to select option, Another option will be
selected if the option is terminated according to the

termination probability.
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* 1.The estimation of option value may be imperfect.
in sufficiently complex environments, the value
estimation will almost always be imperfect. As a
result, agent will choose an unsuitable policy, which
can lead to negative transfer.

« 2. Using e-greedy to select option does not take
advantage of value information, for example

State 1 State 2
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* To solve these problem, we propose interpolating
all of the source policies to produce a teacher policy
which is better than any individual.

* The teacher policy is ensembled by weighting the
candidate policies in a way that balances errors in
the learned Q-function and value of policies.
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Algorithm %

* The idea comes from Sample-Efficient
Reinforcement Learning with Stochastic Ensemble
Value Expansion.(NeurlPS2018)
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The key point is to balances errors in the
learned Q-function and value of policies!

* 1.Estimate uncertainty of source policy

Q — {Qll " QN}

Each parameterization is trained on different subsets
of the data in replay buffer.

« 2.Compute the variance for each policy Q,‘T’f.

: ' Wi
» 3.Ensemble teacher policym cqcner = X z_vl’vni
jWi
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4. Two parts to minimize: MSE of estimated
value; difference between gTeachergnd gMax

E[(Zho wi (5,0 - @ (5,m0) | = Bias(5, wi@ (5,m)" + Var(3, wi@ (s, m)

. 2
~ Bias(Y; w;Q (s,m;))” +X; wiVar(Q (s, o
) .
E[(Q s,y — QM (s, m)) | = (Th_o wiQ (s, 7)) — max(Q G, my)))>

Minimize part1 + balancing factor * part2:

{min Yi wi Var(Q (s, ﬂi)) + b(Z]i;o w;Q (s, ;) — mlﬂx(Q (s,1:)))?

S.t. Z],;=0 W; = 1
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Thanks !




