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Research Goals

How should an Al agent efficiently represent, learn and use
knowledge of the world in continual tasks?




Temporal Abstraction: Options Framework

e Definition
Let S, A be the set of states and actions. A Markov option w € Q 1s a triple:

(I,CS, 7,:SxA—[0,1], B,: S~ [0,1])

Initiation set  Intra option policy = Termination condition

ol set of states aka preconditions

o 7 (5,a) probability of taking an action a € A in state s € S when following the option @

o 5.(s) probability of terminating option @ upon entering state S

with a policy over options 7o : S X Q — [0,1]

e Example

e Robot navigating in a house: when you come across a closed door ( /), open the
door ( 7T, ), until the door has been opened (/)



Can we learn such temporal abstractions?

e Bacon, Harb, and Precup, 2017 proposed the option-critic framework which provides
the ability to learn a set of options



Can we learn such temporal abstractions?

e Bacon, Harb, and Precup, 2017 proposed the option-critic framework which provides
the ability to learn a set of options

e Optimize directly the discounted return, averaged over all the trajectories starting at a
designated state and option
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Can we learn such temporal abstractions?

Assumption: All options are available 1n all states




Learning options with interest functions

Hypothesis:

Learning options which are specialized in situations of specific interest
can be leveraged to learn meaningful, interpretable and reusable temporal
abstractions.



Learning options with interest functions

e Break the assumption that all options are present in all states.

e Build-in a form of attention mechanism



Learning options with interest functions

Break the assumption that all options are present in all states.
Build-1n a form of attention mechanism
Definition: Interest Function I,,: S xQ — R* generalizes the notion of initiation

sets, and 1s an indication of the extent to which an option @ 1s applicable in a state
S.

Here we consider differentiable interest functions parameterized with z.



Interest-Option-Ciritic

The value of 1, ,(s) modulates the probability of option @ being sampled 1n state s by a
policy over options 7no(w|s) , resulting in an interest policy over option defined as:

1 (@8) =1, ()re(@] ) / Y 1 (mg(@'| )

mo(@|s) is the policy over options
1, .(s) 1s the Interest function
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Interest-Option-Ciritic

The state-value function over options that have interest functions 1s now defined as:

Vo) = ) 1, (0]5)Qq s, )

where Qy, 4 1s the option-value function parameterized by 6 , and the probability of
option w being sampled 1n state S 1s defined as:

7 (@8) = I, ()] 5) / Y 1, (@] )

no(w|s) is the policy over options
1, .(s) 1s the Interest function
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Interest-Option-Ciritic

The option value function 1s defined as

Oq(s. ) = ) 7, (a|)Qy(s. », a)
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Interest-Option-Ciritic

The option value function 1s defined as

Oq(s. ) = ) 7, (a|)Qy(s. », a)

Taking the derivation w.r.t. z

aQQ(S, 0)) _ 0 { Z f[a),e(a | S)QU(S, . a) }

07 5_Z
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Interest-Option-Ciritic

The option value function 1s defined as

Oq(s. ) = ) 7, (a|)Qy(s. », a)

Taking the derivation w.r.t. z

6an(z, W) — a%{ ; 7, oals)Qy(s, w,a) }

where QO : S X QXA — R 1sthe value of executing an action in the context of a
state-option pair defined as:

Qu(s,w,a) =r(s,a) + yz P(s'|s,a)U(w, s")
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Interest-Option-Ciritic

The option value function 1s defined as

Oq(s. ) = ) 7, (a|)Qy(s. », a)

Taking the derivation w.r.t. z

aQQ(S, 0)) _ 0 { Z j‘[a),e(a | S)QU(S, . a) }

07 5_Z

where QO : S X QXA — R 1sthe value of executing an action in the context of a
state-option pair defined as:

Qu(s,w,a) =r(s,a) + yz P(s'|s,a)U(w, s")

where [ : S x Q — R is the option-value function upon arrival in a state:

U(w,s") = (1 = f, (s)0Qa(s", ) + f, (s)V(s)
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Interest-Option-Ciritic

Main Result : Interest Function Gradient Updates

Given a set of Markov options with stochastic, differentiable interest functions, the
gradient of the expected discounted return with respect to z at (s, w) 1s:

om;, ('] ")

Zﬂg(S’,w’ls, @), (8)— Py Qqls’, @)
s’ '

where Jfig(s’,@'|s, w) is the discounted weighting of the state-option pairs along
trajectories starting from (s, w) sampled from the sampling distribution determined by 7; (@ | 5)
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Interest-Option-Critic

Main Result : Interest Function Gradient Updates

Given a set of Markov options with stochastic, differentiable interest functions, the
gradient of the expected discounted return with respect to z at (s, w) 1s:

67:1() Z(a)’ | s")
2 fials', |5, 0),,(8)————0q(s" )
s’ ' <
where 1s the discounted weighting of the state-option pairs along
trajectories starting from sampled from the sampling distribution determined by 7;, (@)

Intuitively, the gradient update to Z can be interpreted as increasing the interest in an option which
terminates 1n states with good value. It links 1nitiation and termination, which 1s natural.
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Interest-Option-Ciritic

The agent initially would consider that all options are available everywhere.

As learning progresses, we would like the emerging options to be specialized over different
state-space regions.

We derive the policy gradient theorem for interest functions, intra-option policy and the
termination function.

TL;DR all three components of options are parameterized and learned

(Iw,Z :SXQ >R, 7,,: SXA - [0,1], Puy S — [0, 1])

Interest Functions Intra option policy Termination condition
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Experimental Results

e Are options with interest functions useful 1n a single task?

e Do interest functions facilitate learning reusable options?

e Do interest functions lead to better interpretability of the learned options?
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Experimental Results

® Are options with interest functions useful in a single task?

e Do interest functions facilitate learning reusable options?

e Do interest functions lead to better interpretability of the learned options?
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Are interest functions useful in a single task?

Goal

2

Four Rooms Domain

4 primitive actions, L, R, U, D
Stochastic actions
The discount factor 1s 0.99

The reward 1s +50 at the goal and 0
otherwise.



Are interest functions useful in a single task?

Four Rooms Domain

e 4 primitive actions, L, R, U, D

® Stochastic actions

® The discount factor is 0.99

® The reward 1s +50 at the goal and 0

otherwise.
Goal
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Interest Functions

Termination Conditions

Are interest functions useful in a single task?

Option 1
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Option 4

Visualization of Interest Functions at the end of 500 episodes in a task with the goal in the east hallway.
Options learned with interest functions emerge with specific interest in different regions of the state space.

Visualization of Termination conditions shows that they emerge complimentary to interest of each options.
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Are interest functions useful in a single task?

Continuous Control: Mujoco

24

Point mass agent (blue)
Must navigate to the goal (green)
State space: x, y coordinates of the agent

Action space: Force applied in x, y
directions

Reward: +1 upon successful navigation to
goal, 0 otherwise



Are interest functions useful in a single task?

Continuous Control: Mujoco

¢ Point mass agent (blue)
e Must navigate to the goal (green)
® State space: X, y coordinates of the agent

® Action space: Force applied in x, y
directions

e Reward: +1 upon successful navigation to
goal, 0 otherwise
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Are interest functions useful in a single task?

3D Visual Environment: MiniWorld

20

Oneroom task

Agent must navigate to a randomly placed
red block 1n a closed room

State space: 3-channel RGB 1mage

Action space: 8 discrete actions, max time
steps per episode: 180

Reward: 1.0 -0.2 * (step _count /
max_episode steps)



Are interest functions useful in a single task?

3D Visual Environment: MiniWorld

Average Rewards

o (Oneroom task

e Agent must navigate to a randomly placed
red block 1n a closed room

e State space: 3-channel RGB 1mage

e Action space: 8 discrete actions, max time
steps per episode: 180

e Reward: 1.0-0.2 * (step count/
max_episode steps)

MiniWorld OneRoom
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Experimental Results

e Are options with interest functions useful 1n a single task?

e Do interest functions facilitate learning reusable options?

e Do interest functions lead to better interpretability of the learned options?
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Do interest functions facilitate learning reusable options?

Reward: +1 upon successful navigation to goal, 0
otherwise, equi-rewarding goals, goal changes after
150 iterations
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Do interest functions facilitate learning reusable options?

TMazeTransfer
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Reward: +1 upon successful navigation to goal, 0
otherwise, equi-rewarding goals, goal changes after
150 iterations
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Do interest functions lead to better interpretability of learned options?

TMaze

©
(<]
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Do interest functions facilitate learning reusable options?

TMazeTransfer
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Reward: +1 upon successful navigation to goal, 0 Reward: 1.0 - 0.2 * (step_count /
otherwise, equi-rewarding goals, goal changes after max_episode_steps), agent needs to generalize to
150 iterations unseen blue box after 150 iterations
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Do interest functions facilitate learning reusable options?

TMazeTransfer MiniWorld OneRoom
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Do interest functions lead to better interpretability of learned options?

MiniWorld
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Option 1 : Navigate to block
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Do interest functions facilitate learning reusable options?

MiniWorld OneRoom
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Reward: +1 upon successful navigation to goal, 0 Reward: 1.0 - 0.2 * (step_count / Reward: magnitude of the velocity in forward
otherwise, equi-rewarding goals, goal changes after max_episode_steps), agent needs to generalize to direction, after 150 iterations agent is rewarded to
150 iterations unseen blue box after 150 iterations move backward as fast as possible with |v]|
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Do interest functions facilitate learning reusable options?

TMazeTransfer MiniWorld OneRoom
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Reward: +1 upon successful navigation to goal, 0 Reward: 1.0 - 0.2 * (step_count /
otherwise, equi-rewarding goals, goal changes after max_episode_steps), agent needs to generalize to
150 iterations unseen blue box after 150 iterations
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Average Rewards

Half Cheetah (forward/backward)
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Reward: magnitude of the velocity in forward
direction, after 150 iterations agent is rewarded to
move backward as fast as possible with |v]|



Do interest functions lead to better interpretability of learned options?

HalfCheetah
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(
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Do interest functions lead to better interpretability of learned options?

Link to videos
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https://sites.google.com/view/optionsofinterest/home
https://sites.google.com/view/optionsofinterest/home

Interest as an Attention Mechanism
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Discussion & Future Directions

Introduced the notion of interest functions for options, which generalize 1nitiation sets in
a way which allows graceful learning

Our approach 1s able to learn options which are specialized, and therefore are able to
both learn faster in a single task as well as quickly adapt to changes in the task.

To some extent, the interest functions learnt are able to override termination
degeneracies as well

Limitation: The agent optimizes a task-based external reward. Interest functions could
similarly be learned driven by intrinsic task-agnostic rewards
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Interest-Option-Ciritic

Algorithm 1: IOC with tabular intra-option Q-learning

Initialize policy over options ¢
Initialize [, . parameterized by z such that all options are available everywhere to some extent
Initialize w;_ _(w|s) as in Eq.(1)
Set s «— s, and w at s according to 7y
repeat

Choose a according to m_, g(als)

Take action a in s, observe s', r

Sample termination from 53, v(s’)

if w terminates in s’ then

Sample w’ according to 7y _(-|s")
else

] I’ -_— g b
W =W

end if

1. Evaluation step:

d— r—Quis.w,a)

d— r+~(1 =5, .(8)N)Qals".w) +40.,.(8") max, Qals' W)
Quis,w.a) + Quis.w,a)+ ad

2. Improvement step

Dlogw, glas) ~ /.
6 «— 0 + (}(_;' CRR 2 (")(_'(_.S'.w,(l)

ad
3 (&), ; r 7 > 7 , . p
V&V — ( *t_):': 'I (Qal s, w) — ‘52(5’)) Whél'e‘-‘"gz(..';’) = Z: Tr. . (.'.d’|.‘s"](‘)g3(_$’. w’)
/ :). : & I'.g" .N’: ,
z— 2+ (t;.;}*,_,,{s'f oL o '(JQ[.S".LU’)

S .s"
until s’ is a terminal state

(I,,:SXQ = R*, 7,,:SxA = [0,1], f,,: S = [0.1])

Interest Functions Intra option policy Termination condition
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Termination Conditions OC

Termination Conditions IOC

Are interest functions useful in a single task?
Four Rooms Domain
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Options learned in OC terminate almost everywhere as all options are applicable in all states.
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Interest-Option-Ciritic

The option value function 1s defined as

Oq(s. ) = ) 7, (a|)Qy(s. », a)

Taking the derivation w.r.t. z

aQQ(S, 0)) _ 0 { Z j‘[a),e(a | S)QU(S, . a) }

07 _6_Z

0 ' V('
— Z ]Z'a),e(a | ) Z yP(s'| s, Cl){ (1 - ﬁa),y(sl)) QQ;S @) +ﬂa),y(5') a(s) }

Z 0z

Vo(s) = ) m (@]9)Qq(s, »)

Vo (s) om, (ls)  00,(s', )
gz = 2 < > Oals’, o) + m; (@ | 5) Qaz )

@
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Interest-Option-Ciritic

aQQa(z, W) _ aiz{ ; ﬂw,e(a | 5)Oy(s, w,a) }

’ OV (s’
=2 W'”Z”’“'S a){(l—ﬂm( e ;i 2 ) SZ(S)}

a

or; (w'|s’) 00q(s’, @)

= 2 T ol 5) Z rP(s'|s.a) ;ﬂw,y(ﬁ) “0a(s" ) + 2 ; <Z 7 @1 P 15,0) (1= 60 + B 5, (@] s'>)> -

In the above equation, one-step discounted transition probability in the augmented space is given as

PO, w'|s,w) = Z 7, o(a| S)YP(s'| s, a)((l ~ BN ey + By (S, (@] S’)>

...... aQQ(S, a)) aﬂ] (a)ll S/)

= ) jig(s,o'|s,w)p, (s)—— s’ @'
= SZ;‘/”Q( 5 0)f,(8)—5——0n(s"
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