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Shorter-term
Fa Low level RNN ]_' value function We are interested in studying the nerual mechnisms regarding the following questions:
I - How action primitives (options) that are useful for hierarchical control autonomously develop by RL?
- How the action primitives learned in a task can be re-used to facilitate learning novel tasks?
Observation We seek the answers from the biological neural systems:
F ! - The cortex is full of recurrently connected neurons with highly stochastic firing behaviors.
Action - The primate cortex has a hierarchy of distinct intrinsic timescales, the higher the slower.
We propose ReMASTER, an RL framework in which useful actions primitives can self-organize:
l - Multiple levels of RNNs with hierachical timescales, the higher the slower. (2 levels in this work)
[ Environment J - Stochasticity not only in the action outputs, but also in neuronal dynamics of all units.
- Only the lowest level receive observations and output actions, but each level learns a value function.

The Consecutive Relearning Task

A two-wheeled robot agent (simulated) on a 2-dimensional (a) Random phase 1 Inheriting Phase 2 Inheriting Phase 3

Largereward e|q is required to reach three target positions, in a se- weights 12 000 episodes %90, 3,000 episodes 290, 3 000 episodes

quence, red-green-blue, without receiving any signal indi-
cating which target to reach. The action is given by the rota-
tion of its left and right wheels. At the beginning of each epi- ’ ' L ad
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sode, the robot and targets are randomly placed on the field.
The robot has sensors detecting distances and angles from
the three targets, as well as the current-step reward. When
It reaches a target in the correct sequence, it receives a (b) 100 - Phase 1
one-step reward. The reward is given only if the agent fol- ~t
lowed the proper sequence, and is given only once for each
target. An episode terminates if the agent completes the
task or a maximum of 128 steps are taken. To successfully solve the task, the agent needs to develop
the cognitive capability to remember “which target has been reached", as well as to recognize the

Red->Green->Blue reen->Blue->Red lue->Green->Red
Medium reward

R
2¥ Ve

ReMASTER
== === ReMASTER-single V
------- ReMASTER-det.

success rate
(@)
o
|
,

correct sub-goal (which can be considered as approaching a target in this task). — = LSTM
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(a) Illustration of the task. (b-d) Performance curves for all phases. ReMASTER-single V. is the case in
which the higher level did not learn a corresponding value function. ReMASTER-det. stands for the
. case in which all the neurons followed deterministic dynamics, and LSTM is the alternative using the
% 2 same algorithm but the network was a single-layer LSTM. (e) Performance curve of phase 3 with the
S £ lower-level synaptic weights frozen (Phase 3 - LF).
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(a) Three example episodes showing the behavior of a well-trained ReMASTER agent. The first 2 rows show
RNN output of two levels, where the vertical, dashed lines indicate the agent's reaching a target. The motor ac-
tions indicted by velocities of the two wheels are plotted in the third row. The fourth row is the robot's trajecto- cate the agent's
ries, where black squares indicate its starting positions and circles are target positions. (b) PCA for RNN out- initial positions
puts, using data from different episodes of one agent after convergence. Colors mean the agent is approaching [ (e, u?) = (2., ul,,) } "o & and the target
to the corresponding targets, where a deeper color means the agent is more closed to the target. Samples from @ &. ®

the same episode are linked with black lines. (c) Similar to (b), but the colors indicate speed of the two wheels
(see the colormap). The first 3 PCs were plotted.
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Details

Here we describe detailed mechanisms of L-levels MT- Algorithm 1 ReMASTER

*yi =1-0.16/7; SRNN. We use a super-script [ € {1,2,..., L} to indicate Initialize the MTSRNN R and the replay buffer 15, global step ¢ < 0
the (th level, where a smaller [ indicates a lower level. Let repeat
Y3 "9 1 72 =8 4 and c denote the hidden states and the RNN outputs, re- Reset an episode, assign 'R with zero initial RNN states
—{ High Level H High Level spectively', we have while episode not terminated do | Importance
- = 1 1 Compute 1-step forward of R to obtain (u!, c!) sampleing
- o m=E ) (t) =(1 — —l)ul(t 1)+ W e )+ Sample an action a, from policy 7, (a|c; ) and execute a; ratio TD-error of
—{ Low Level Low Level ]—> z sz z+7; —_— l Obtain s, 1, 7; and done,; from the environment the /th level
‘ l 1 l Weact—1)+W. e (t—1)+ bu} , (1) Recorccii((st, i, St11, 74, cli;:met), Ty = ﬂ(a,t|c%) and (u!, cﬁ) into BB s //
L) — l (. if mod(t.train_interval) == 0 then L N
- - c (t) =tanh (u'(t) + €0’ (1)), (2) 1 ; | 11 *
Input | | Policy Input | | Policy 1 ( ) , Sample sequential training samples to update R by| € < 0 + YT o7 Z Z [szifsivevl(So t:;0)]
_— o] where ¢’ (t) = s(t) when [ = 1 is the current sensory end if T
. : input (state) and ¢!*T! does not exist for [ = L. The scale Fet a1 1 - ; |
Mult.1p16 Timescale Sto- of neuronal noise, o', can be either a hyper-parameter or end while 00 YN ; 9 Vo log m(as,[so:1,; 0))
chastic RNN (MTSRNN) adaptive, and €' (¢) is a diagonal-covariance unit-Gaussian  until training stopped
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