L7.3 Policy-based RL

Zonghua Gu 2021

Reward r
Agent
state Take action a Environment
S
parameter 6

Observe state s

Acknowledgement: slides based on https://www.coursera.org/specializations/reinforcement-learning
And textbook by Sutton and Barto http://incompleteideas.net/book/the-book-2nd.html



Policy-based RL

state s action a

||
[ MDP ]
.

next rewardr
state s’

MDP Planning

state s action a

||

[ V(s),Q(s,a) ]

|

action
a = argmax,Q(s,a)

Value-based RL

state s action a

||

[ Policy n(s) ]

action a = n(s)

Policy-based RL

22



CH13 Policy Gradient Methods

* Value Based

— Learnt Value Function

— Implicit policy (e.g. e-greedy)
* Policy Based

— No Value Function Value Fungtion Policy
— Learnt Policy

Value-Based Actor Policy-Based |

* Actor-Critic e
— Learnt Value Function

— Learnt Policy



Policy-based RL Pros and Cons

* Pros:

— Effective in high-dimensional or continuous action space.

* Value-based RL is only applicable to discrete action space;
inefficient to discretize continuous actions for high-dim action
space, as taking argmax, Q (s, a) may be expensive.

— Can learn stochastic policies

* Value-based RL learns a near-deterministic policy (greedy or €-
greedy).

— Policy typically converges faster than value functions.

* Disadvantages:
— Typically converges to a local rather than global optimum.
— Evaluating a policy is typically inefficient and high variance.



Mountain Car Example

* An under-powered car situated in a valley wants to drive up a
steep hill to reach the goal at the top of the rightmost hill.
Due to gravity, the car cannot simply accelerate up the steep
slope. It must learn to leverage potential energy by driving up
the opposite hill before the car is able to make it to the goal.

 Middle: a complex value function

Right: a simple policy that works well: accelerate in the
direction of current velocity.
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Function Approximation for Action Value
Function vs. Policy

Value-based RL learns a function approximation for action value function
q(s,a,w).

— Deterministic policy a = argmax g (s, a, w) (may be e-greedy during training)
Policy-based RL learns a function approximation for stochastic policy w(als, 8):

— Probability that action a is taken in state s, with parameter 8. The actual action
taken is sampled from the probability distribution 4 ~ w(als, 8)

— Probability must be non-negative: m(als,0) = 0,Va € AAVs ES
— Probabilities must sumto 1: ., 4 m(als,0) =1, Vs €S
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SoftMax vs. e-greedy for Discrete Actions

e h(s,a,0)

Zalec/l eh(s,ar,0)
— h(s,a, ) is action preference, which may be a linear function 87x(s, @), or the logit from the
SoftMax layer of a DNN

— A bad action with very negative h(s, a, @) will be very unlikely to be selected
— Action probabilities change smoothly as a function of h(s, a, @)

* e-greedy: select the greedy action argmax Q (s, a) with prob 1 — € +

* SoftMax policy: m(als, 8) =

€

. A

— No distinction between policies that are not the optimal one; A bad action with very low Q(s, a) will
be selected with equal prob as all other non-optimal policies

— Action probabilities may change dramatically for an arbitrarily small change in Q (s, a), if that change
results in a different optimal action

Action Preferences h(s, a, 0) T
| . 1
Softmax
0 — ] |
Action Values Q(s, a) 1 T
€-greedy
0 = _’




Stochastic Policy vs. Deterministic Policy

 Example 1: two-player game of rock-paper-
SCISSOrs

— Scissors beat paper; paper beats rock; rock beats
SCISSOrs

— For iterated game, a deterministic policy is easily
exploited by the opponent; a uniform random policy is
optimal, and achieves Nash equilibrium

 Example 2: Aliased Grid World (POMDP)



Aliased Grid World (POMDP)

Env has 3 terminal states: 1 with high positive reward and 2 with high
negative reward. It is a Partially Observable MDP (POMDP): Agent cannot
observe its position directly; it can only observe features of the following

form (for all directions d4,d,, ... € (N, E,S,W)):
— ¢(s) = 1(wallto d,, d, ...) (it can detect walls, e.g., w. Radar or Lidar)
* 1(x) isindicator function: 1(x) = 1if x = true
— Agent cannot differentiate between the 2 grey states
Value-based RL learns a deterministic policy: a = argmax (s, a,w) =
argmax f (¢(s), w)
Policy-based RL learns a stochastic policy: m(als, @) = g(¢(s), 0)




Aliased Grid World (POMDP)

e Left: an optimal deterministic policy:

— Either move W in both grey states (red arrows), or move E in both grey
states; Either way, agent can get stuck and never reach the money

* Right: the optimal stochastic policy:

— Randomly move E or W in grey states: m(move E|wallto Nand S, 0) =
m(move W |wall toNandS,0) = 0.5

— Agent will likely reach the goal state quickly
e How about adding e-greedy on top of the opt det policy?

— Agent may get into one of the 2 bad states, since each non-optimal action is
given equal probability in every state
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Recall

Optimal e-Soft Policy

 The optimal e-soft policy is the policy with the highest
value in each state among all e-soft policies. It
performs worse than the optimal greedy deterministic
policy i, in general.

e But it often performs reasonably well, and avoids
exploring starts.

TT Optimal €-soft

Only applies to

MDP, not POMDP

>
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Optimization Objective

* We consider the episodic case, and would like to
optimize the expected value of the start state of
each episode, with start state s;:

° ](9) = Un(SO)
* where v,(Sg) is the true value function for policy
7, parametrized by 0: w(als, 0)



Model Training in Supervised Learning vs. Policy
Gradient in RL

e SL: to solve mein [E(xy)~D Loss(x,y; 0)
for model training: gradient descent Ecy~pLoss(x,y;0)

0 «— 0 — aVgLoss(x,y;0)
— Update model params 0 by following \
the gradient downhill, in order to
decrease Loss(x,y; 0). (a is the
Learning Rate) > 0

* RL: to solve max /(@) in Policy
Gradient: gragient ascentf « 0 + /()

aVe](0)
— Update policy model params 6 by \
following the gradient uphill, in order

to increase J(0)
* We use V as shorthand for Vg
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Policy Gradient Theorem

We consider episodic instead of continuous environments in this lecture
VJ(0) = Vv (so)
= V[Xqm(als,0)q(s,a)]

= LalVr(als, 0)qr (s, a) + n(als, 0)Vq, (s, a)]
Policy Gradient Theorem (proof in RLBook p. 325; assuming
discount factor y = 1):

V](0) x X5 u(s) L Vr(als, 0)qr(s,a)
— u(s): on-policy distribution under policy 7, }.ccs u(s) = 1. A larger
u(s) denotes state s is visited more frequently, hence the policy

gradient term for state s is given more weight (i.e., we care more
about frequently-visited states than rarely-visited states).

— In the episodic case, the constant of proportionality is the average
length of an episode; in the continuing case it is 1.



Policy Gradient with Baseline

* VJ(0) x ysu(s) Lo Vr(als, 0)(qr(s, a) — b(s))

— Baseline b(s) can be any function that is independent of action a.
Subtracting b(s) does not affect the computed expectation since:
Yo Vr(als,@)b(s) = b(s) ), Vr(als,8) = b(s)VY,,n(als,8) =
b(s)V1 =0

— Subtracting b(s) helps to reduce variance and speed up convergence,
e.g., consider 3 samples with Vrr(als, 8) = {0.5,0.2,0.3}, g, (s,a) =
{1000,1001,1002}, var(0.5-1000,0.2 - 1001,0.3 - 1002) =~
23287; After subtracting a baseline of 1001, var(0.5 - (—1),0.2 -
0,.3-1) = 0.16

* Advantage function:

— A.(s,a) = q,(s,a) — v;(s) (using state value function v,(s) as
baseline)

— A (s, a) captures the advantage of taking action a in state s then
follow policy m, compared to the baseline of following policy m from
state s, i.e., we care more about the relative ranking of different
actions in state S; than absolute values of g, (s, a)



Policy Gradient Example

* The gradient Vrr(lef't|s, 8) tells us how to change the
policy parameters 8 to make action left more likely to be
selected in state s. By gradient ascent on 0, we increase the

probability for taking action left in state s.

Vr(left | s,0)] A  Gradient ascent on
0 for given state s

Vr(left | s,0)

0, 0,

=n

q.(s,up) = —1.3
q.(s,left) = —0.9
q.(s,down) = 0.7
q.(s,right) = 1.5

After
grad. ascent

=)
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MC REINFORCE
V] (0) x s u(s) Xg Vr(als, 0)qr (s, a)
— [EStva(S) [Za VT[(CllSt, H)qTC (St; Cl)]

— Outer exp: average over all experienced states under policy , i.e., Sy ~ u(s)

= Bs,us) | Za(alS;, 6) V;(;‘l'f“g}) 4x(5,,0)|

v
= Esy~pu(s)| Ea~n(als,0)[V108 T[(Atlst; 0)q(S:, Ap]]

— Inner exp over policy : average over all experienced actions A; from state S; under
policy m,i.e., A, ~ mw(alS;, 0)
[VIOg TI,'(A |St; H)CITL'(SD t)]

— [E,; as shorthand for [E¢ ~ﬂ(s)IEa~7r(a| 9): execute policy w and average over all
experlenced states S; and actions A; from state S;

= E,[Vlog m(A4; ISt, 0)G,]
— Usereturn G, = Y _E71y* Rt+k+1 as unbiased estimate of

qr (St Ae)(Ex [thstr t] = 4z (St Ap))
— Vlog m(A;|S;, 8) is called the score function

SGD update (y = 1): 0441 < 0, + aVlog m(A;|S;, 0;)G;
SGD update (y < 1): 0,1 « 0, + aytVlog m(A.|S;, 0,)G,




MC REINFORCE Example

Consider a given state S with two possible actions UP and DOWN. Initially n(UlS 0;) = .9,1(D|S,0,) = .1. Consider one
episode with 9 occurrences of (S, U) at steps t1,t2, ..., t9 with return G4 = Gy9 = 1, and 1 occurrence of (S, D) at
step t10 with return G¢o = 2. SGD update: 9t+1 « Bt + Vlog mw(A;|S;, Ot)Gt Assume that the i-th update to 0 results in a
small update €i to w(4,;|S;, 8

Correct update sequence with the log:
- 1st Update at Step tl: 0t1+1 = th + a’)/thlOg T[(Atllstl’ Htl)th = 0,_»1 + lga)/t1V7T(U|5, etl) -1
- Z”d Update at Step t2: 0t2+1 = etz + aytZVIOg 7T(At2|5t2, etz)GtZ = tZVT[(U|5, atz) -1

- 9th update at step t9: O1941 = B9 + ay°Vlog (Aso|Sto, Or) Gro = g + ay®vr(U|S, 0,) - 1

aytovn(D|S, 8.1,) - 2

9+€1+---+€8

—  10% update at step t10: 041941 = Or10 + ay ™ OVIog T(As10lSt10, O10)Gero = Or10 + Torer i)

Incorrect update sequence without the log:

—  Istupdate at step t1: @441 = O + ayVlog (A |Se1, 011)Ger = 04y + aytVm(U|S,0,) - 1

— 2 update at step t2: @441 = Oy + ay2Vlog T(Ar2|Siz, 012) Gy = Oy + ay®?Vn(U|S,0,,) - 1

— 9™ update at step t9: 941 = O + ay*?Vlog m(AsolSte, O19)Gro = Oig + ayt®Vm(U|S,049) - 1

- 10th Update at Step t10: 0t10+1 = 0{:—10 + aythVIOg T[(Atlolstlol etlo)tho = tho + aythVT[(D|S, tho) -2
Assuming each €i is small. The correct update sequence gives roughly equal weight to the two action choices with return of
1 (action U in state S, experienced 9 times) and return of 2 (action D in state S, experienced once), so 8 will be updated
towards preferring action D in state S

The incorrect update sequence gives roughly 9 times the weight to the action choice with return of 1 (action U in state S,
experienced 9 times) than the action choice with return of 2 (action D in state S, experienced once), so 8 will be incorrectly
updated towards preferring action U in state S

“The update increases the parameter vector in this direction proportional to the return, and inversely proportional to the
action probability. The former makes sense because it causes the parameter to move most in the directions that favor
actions that yield the highest return. The latter makes sense because otherwise actions that are selected frequently are at
an advantage (the updates will be more often in their direction) and might win out even if they do not yield the highest
return.” — RLBook p. 327



MC REINFORCE Pseudo-Code

* At the end of each episode, for each timestep 0 <
t <T:

— Calculate the return G; from each timestep t
— Update policy params 6 with SGD

REINFORCE: Monte-Carlo Policy-Gradient Control (episodic) for m,

Input: a differentiable policy parameterization m(a|s, 8)
Algorithm parameter: step size a > 0
Initialize policy parameter 8 € R% (e.g., to 0)

Loop forever (for each episode):
Generate an episode Sp, Ag, R1,....57—1, Ar_1, Ry, following w (|-, 8)
Loop for each step of the episode t =0,1,....,T — 1:
G E:=t+1 YR, (Gt)
0+ 0+ ay'GVinm(A:|St, 0)




Example: Game of Pong

 The agent plays one of the paddles (the other is controlled by a decent
Al) and it has to bounce the ball past the other player. For each input
image, agent decides if it wants to move the paddle UP or DOWN (2
discrete actions). At the end of the game the agent either wins (reward
Rt > 0) or loses (R < 0), i.e., the reward is sparse.

— (In practice we may stack multiple input images as input to the agent.)

 The agent implements a policy network, which maps from input image to
two possible actions (U or D) with a stochastic SoftMax policy.

raw pixels hidden layer

http://karpathy.github.io/2016/05/31/rl/ 20



SL vs. RL

* With SL: if the model predicts y = U for input x, and it is the correct ground truth label

(e.g., the expert action in Imitation Learning), then gradient descent (Vg logp(y = U|x))
will make the model more likely to predict y = U for input x

 With RL: if the model predicts a = D for input x, but we don’t have the ground truth
label in the middle of the episode, so we must wait until the end of the episode. If agent
loses, then gradient descent (Vg logp(a = D|x)) will make the NN less likely to predict
a = D for input x

— Credit assignment problem: in an episode of many steps, which step contributed the most to
the final outcome?

forward pass logit Supervised Learning
g (correct label is provided)
-1.2 | -0.36
. block of differentiable compute .
image (e.g. neural net) gradients
1.0 0
backward pass
forward pass logit Reinforcement Learning
-1.2 |-0.36 | — sample an action:
. block of differentiable compute .
image (e.g. neural net) P gradients
0 -1.0

eventual reward -1.0
backward pass

http://karpathy.github.io/2016/05/31/rl/ 21



MC REINFORCE
\Vi C REIN FO RC E fO VO Tu Lo rals 05 (5,0
= Ex[Xq Vr(alS;, B)qﬂf (St a)]
— Outer exp over policy 7: average over all experienced states under policy 7, i.e., §; ~
Pon 8 | = Er|Zan(als, 0) Tt an(s1.0)|
](9) — ZS Uz (S) Za n(als’ Q)qn (S, a) = Eq[Xam(alSe, 8)Viog m(A¢|St, 8)qr(St, @)] (since Vlogf (x) = fo(—%})
Consider agent in a given state S; at time = Ex[ExViog m(A¢|Se, 0)qr(St, Ae)]

— Inner exp over policy i: average over all experienced actions 4, from state S; under

step t, and we want to select policy params ~ peliey @i, A; ~ m(al5., 6)
= E,[Vlog w(A.|S;, )G, (S, A)]

0 to maximize — Outer and inner exp over policy m combined: execute policy m and average over all
experienced states S; and actions A, from state S, i.e., S; ~ 5,4, ~ w(alS;, 8)

— Usereturn G, = X2=1y* R, ;.1 as unbiased estimate of q(S;, AN E[G|S;, A;] =

= (U|S, 0)qr(St, U) + m(D|Se, 0)qr(Se, D) _ #Se )

. ] ) . — Vlog m(A,|S,, 8) is called the score function
Taking derivative w.r.t policy params @ SGD update (y = 1): 841 < 8; + aVlog m(4¢|St, 8,)G;

Vv (S.) = 3. Vor(alS,, )¢ (S,, @) SGD update (y < 1): 8¢, — 6, + ay'Viog m(4,1S,, 8,)G; (proof omitted)
= Vo (U|S, 0)qr (S, U) + Vor(D|S;, 0)qr(St, D)

= (U|S;, 0)Vg logm(U|S, 8) q(S,U) + (DS, 0)Vg logn(D|S, 8) q (S, D)

= E;[Vg logm(alS;, 0) q- (St a)]

= B[y logm(alS,, 8) G,]

Suppose q,(S;, U) > 0,q,(S;, D) < 0.
— For the UP action in state S;, the policy update @ <« 0 + aVy logm(U|S:, 6) q(St, U) will push
up T(U|S;, ), i.e, make it more likely to move UP in state S;
— For the DOWN action in state S;, the policy update @ < 0 + aVg logm(U|S;, 0) q,.(S;, D) will
push down (U|S;, 8), i.e, make it less likely to move DOWN in state S,



MC REINFORCE for Pong I

Agent plays 4 rollouts (episodes), and won 2 episodes and lost 2. Assume that each episode lasts 200
steps, so agent made 200 decisions of UP or DOWN in each episode. Each step has reward of R; = 0,
i.e., we don’t care how long each episode lasts. Vt, G, = yT "Ry, i.e., return G, at any step t of
each episode is equal to the discounted reward Ry at the end of the episode, hence G; has the same
sign as Ry (recall “MC Prediction” in L7.2 Value-based RL).

For each of the 2 winning episodes (Vt, G;> 0), NN params @ < 0 + aVlog m(A;|S;, @)G; are
updated to encourage all taken actions in the 200 steps (push up w(4;|S;, 9)).

For each of the 2 losing episodes (Vt, G;< 0), NN params @ < 0 + aVlog m(A;|S;, 8)G; are updated
to discourage all taken actions in the 200 steps (push down m(4;|S;, 8)).

The NN will now become slightly more likely to repeat actions that worked, and slightly less likely to
repeat actions that didn’t work.

If discount factor y = 1, then we assign equal credit to all actions in the same episode; if y < 1, then
we assign more credit to actions taken in later steps of each episode than earlier steps.

UP o DOWN_ g UP Up_, @P9WN, @ DOWN g DOWN g UP WIN
o CNgl .o P, gDOWN g P o UP o LOSE
UP UP DOWN o DOWN o DOWN o DOWN up LOSE
o NP .o P, gDOWNg WP g W o WIN
T ‘ !
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MC REINFORCE for Pong Il

*  Consider the case when each step has reward of R, = —1, to minimize the length of each episode, e.g., we
may prefer a short losing episode to a long winning episode. Assuming discount factor y = 1. Suppose
reward at the end of each winning episode is Ry = 2; reward at the end of each losing episode is Ry = —2.

The return G, at each step is shown below. Consider state S;.

*  After the winning episode, NN params 8 « 0 + aVlog t(UP|S;, 8)(—6) are updated to discourage the U
action in state S; (push down (U|S;, 8)).

*  After the losing episode, NN params O < 0 + aVlog t(DOWN|S,, 8)(—5) are updated to discourage the D
action in state S; (push down w(D|S,, 9)).

*  Both will pushdown (D|S;, 8), but since the return G, = —6 in the winning episode causes a larger
update magnitude than G; = —5 in the losing episode, and the probabilities of Us actions sum to 1
Y.am(alSs, 8) = 1, the agent is slightly more likely to select the D action in state S;.

*  Subtracting a baseline, e.g., use G; — 7,;(S;, w) to replace G; helps to reduce variance and speed up

convergence, e.g., suppose U,(S;, w) = —5.5, then updates to @ will be in different directions for the two
episodes.

-6 -5 —4 -3 —2 —1

UP DOWN UP UP DOWN DOWN
e -0 @ S ) g -@®

-5 —4 —3 —2
o DOWN o UP -® UP »@ LOSE

2

DOWN »@ WIN

0 1
-® p.UP

State St 24



PG Variants

MC REINFORCE (no bias, high variance):

— VJ(0) = E[Vlog m(A.|St, 0)qr(Se, Ap)] = Er[log m(A¢|Se, 0)Gi]
MC REINFORCE with a baseline of estimated state value function:
— VJ(0) = E[log m(A¢|St, ) (G — U (Se, w))]

— U,(S;, w) is a function approximation of the true v, (S;,w), e.g., a value
network

Actor-Critic (high bias, low variance)

— VJ(0) = E;[log m(A|S;, 0)6,]

— QActor-Critic: TD error for action value function 6; = Ry, +
Yar(St+1, At+1, W) — Gr (St Ar, W)

— Advantage Actor-Critic (A2C): TD error for state value function 6; = Ry +
YU, (St11, W) — U (S, W) (sample-based estimate of the advantage function

An(s,a) = qp(s,a) — vy (s))
MC REINFORCE is a special case of A2C:
— 1-step TD target (A2C): Ry 1 + YU (Se41, W)
— m-step TD target: G/ = Y700 ¥ Reyrrr + Y™ 0 (Seam)
— MC target (MC REINFORCE): G; = Y525 V™ Revks1

https://towardsdatascience.com/understanding-actor-critic-methods-931b97b6df3f



Further Explanations

* MCREINFORCE:
— Trajectory from time t:

_ St’At’Rt+1'St+1JAt+1'Rt+2r5t+2'" ST 1'AT 1!RTJST
— G =Rep1 + YR+ -+ YT Ry = X020 Y  Regenn
E,[G¢|Se, Ae] = qr (St Ar)
e (Q Actor-Critic:

— Recall: g (s,a) = E, ¢[r + yE;qz(s,a)]
— Sample-based estimate of g, (s, a) (TD target for action value
function):

— Ris1 ¥4 (Str1, At 41, W)
e A2C

— Recall: q;(s,a) = E; g[r +yv;(s')]
— Sample-based estimate of g, (s, a):

— Rey1 YU (Se41, W)

https://www.cellstrat.com/2020/03/19/rl-with-actor-critic-methods/



Recall: Bellman Exp Equations written with
Expectation Symbols

vn(S) — Zan(als) Qn(s; Cl) — IEafvn((llS)CIn(S: Cl) —

La~n@)Ey, o1 p(r, s’

s, a) [7" Az (5’)]

r(s,a) = Xy o D(1, SIS, @) [ + yvr(s)] =

IET, s’~p(”l”, s’

IET, S'~p(7‘, s’

s, a)

S, a)

T+ yve(s)] =

:7‘ + YEa~n(als)qx (s, a)]

Shorthand Notation:
Ur(s) = EqE, or[r + yve(s)]
qr(s,a) = Er,s’ 7 + YEqq-(s, a)]

27



One-Step A2C Pseudo-Code

For update to critic params w, refer to L7.2 Value-based RL,
p 75 “Semi-Gradient TD(0) for Estimating ¥ = v,”

One-step Actor—Critic (episodic), for estimating mg ~ 7.

Input: a differentiable policy parameterization w(al|s, )
Input: a differentiable state-value function parameterization v(s,w)
Parameters: step sizes a® > 0, o™ > 0
Initialize policy parameter 8 € R9 and state-value weights w € R4 (e.g., to 0)
Loop forever (for each episode):

Initialize S (first state of episode)

I+1
Loop while S is not terminal (for each time step):
A~ w(-]S,0)
Take action A, observe S’, R
§ +— R+ ~o(S' .w)—0(S,w) (if S is terminal, then ©(S’,w) = 0)

w +— w+ aVoVo(S,w)
0+—0+a%T6VInm(A|S,8)
I +—~I

S« S

28



A2C Explanations

After each step of taking action A; in state S;:

—— Polic
Critic computes TD error §; = Rs1 + Actor 4
yU(Si11, W) — U(S¢, w), and updates its params
with semi-gradient TD(O) w <« w + o
a"o.V,, D(S;, w) (learning rate a") oite___ error
Actor updates its params with Policy state [—>1 FXﬁéﬁgn = action
Gradlent 0,1 =0, + g
(04 yt5tVQ logT[(A |St, Ht) If 5t > O then |t reward

means A; resulted in a higher (one-step

estimate) value than the expected D(S;,w), so —[ Environment j—a
probablllty of A; in state S; is mcreased if 0 <

0, it is decreased (Iearnmg rate a?) Actor Critic

Actor and Critic learn at the same time,

s, a S
constantly interacting. The actor is continually
changing the policy params 6 to exceed the 0 0

— w
critic’s expectation, and the critic is constantly
updating its value function params w to evaluate

the actor’s changing policy. n(als,0) P(s, w)




Function Approximations for Critic and Actor

Do
M

o Conv Dense
> > 0
v(s; w)
state s feature
Value Network as Critic
“left”, 0.2
Conv Dense Softmax /
. . ({3 . n
> >N > —— ‘right”, 0.1
] |
\ “ule 0.7
state s feature
Policy Network as Actor Softmax
[ | |
B > B
[ | [ |
Densel
n(als; 0)
Conv /
)I N
Dense?2
state s feature \
[ |
v(s; w)

Parameter Sharing between Value and Policy Networks
https://github.com/wangshusen/DRL
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Asynchronous Advantage Actor Critic (A3C)

* A3Cimplements parallel training where multiple workers in
parallel environments independently update the global value
and policy networks, for effective and efficient exploration of
the state space.
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Continuous Actions

* |t might not be straightforward to choose a proper discrete
set of actions

e Continuous actions allow us to generalize over actions

— If an action is good, its neighboring actions are also likely to be
good

— Discrete actions lack generalization: each action is independent
of others, including its neighbors (similar to value functions for
discrete states)
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Gaussian Policy for Continuous Actions

e Gaussian Policy m(als, 8) =
2
a—u(s,0)) )
20(s,0)2
— Mean u(s, 8) is the most

1
o(s,0)\2m

likely action

— Variance a (s, 8)% controls
the degree of exploration.
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