ntro: Difficulty and Advantage in Quantitate
nvestment

* Difficulty: noisy and unstable

* Advantage: option to say / don’t know

_ ML models o strategy _ _
* Scheme 1: observation > prediction > trading signal

* Problem: hard to train ML models (due to the difficulty - we did not make use
of the advantage)

* Possible solution: train ML model that yields not only prediction but also
calibrated confidence (how to label confidence? i.e. predictable cases and
unpredictable cases)

RL
* Scheme 2: observation — trading signal

» Suffer from the difficulty at the same time benefit from the advantage



Deterministic Policy Gradient

Silver, David, et al. "Deterministic policy gradient algorithms." ICML. 2014.



Recap: Stochastic Policy Gradient Theorem

* Stochastic policy: my(s,a) = P[als, O]
* RL as maximization: J(1rg) = [, p™(s) |, me (s, a)r(s,a)da ds,
where p™(s) = fg Y1V T pi(sp(s’ = s, t,m)ds’

* Policy gradient theorem (Sutton, 1999)*

VoJ(mg) = / p”(s)/ Vomo(a|s)Q™ (s,a)dads

S A
= Esnpm,ammy Vo log mg(als)Q (s, a)]

* Key: how to estimate Q™ (s,a)?

 REINFORCE (William, 1988, 1992): use MC (no bias, slow, high variance)

* Proof on Sutton’s book Reinforcement learning



Recap: Actor-critic and Compatible function

* Actor-critic:
* actor — my(s,a); update along Vg /g (g)
e critic > Q% (s, a); update via any value function estimation algorithm

* Use function approximation to estimate Q% (s,a) = Q™(s,a)

* Without bias: compatible function approximator*
* Q¥ (s,a) = Vglogmg(als)" w
* w = argmine?(w) = argmin Es_ 7 5., [ (Q¥ (s,a) — Q" (s, 2))?]

* Proof on Sutton, et al. Policy gradient methods for reinforcement learning with function approximation. NIPS 2000.



Recap: Off-policy

* Off-policy: to explore more efficiently, especially when target policy is
deterministic

e Off-policy policy gradient theorem*
Jwo) = | ) | mo(s,Q7(s,@)dads

- Jp(mg) = f ,OB(S)f mg(s,)Q™ (s, a)da ds

Volo(mg) = Egpn a~7T[V9 logmg(s,a) Q™ (s, a)]

> Vol 15) = By o [ Vo 108 1o (5, ) Q7(5, )

25/18
':')/Pr)r%of on Degris, Thomas, Martha White, and R|chard S %utton "Off-Policy Actor-Critic." (2012).



From Stochastic to Deterministic

 All the above conclusion are based on stochastic policy gradient

* When target policy is deterministic, gradient computation doesn’t
need to sum over action space, thus faster.

* On-policy: Vg /() = Eg.pmq~m [Vglogmg(s,a) Q™ (s, a)]
- Vo) (ug) = Es pu [Velie (s)V,QH(s,a) ]
a=pg(s)

* Off-policy: Vg/p(my) = Ec 08a-p [Zigg Vo logmg(s,a) Q™ (s, a)]

> VoJp (o) = E_p [ Voo ()70 (s, 0)

a=u9(5)]

;/25/18 . . . sealzhang.tk
Provided relevant functions are continuous



From Stochastic to Deterministic

* Deterministic case is a limit of stochastic case

Theorem 2. Consider a stochastic policy 7, - such that
Tue.o(@ls) = vy (pe(s),a), where o is a parameter con-
trolling the variance and v, satisfy conditions B.1 and the
MDP satisfies conditions A.1 and A.2. Then,

Y *

Ll% Vod(TTuy,0) = VoJ (o) (10)
where on the lL.h.s. the gradient is the standard stochastic
policy gradient and on the r.h.s. the gradient is the deter-
ministic policy gradient.

3/25/18 L. . . . sealzhang.tk
Conditions B.1: v, is regular delta-approximation



On-Policy Deterministic Actor-Critic

* (On-policy) deterministic policy gradient theorem
Vo] (tg) = Espu lvelie (s)V,QH(s,a)

* Sarsa used to estimate action-value function
0y = 1y +vQ" (St41, at41) — Q@7 (8¢, a¢)
W1 = Wi + 00 Vo QY (8¢, at)
Or+1 =0 + agVopg(st) VaQ™ (St at)]am g (s)

a=ug (S)]

5/25/18 sealzhang.tk



Off-Policy Deterministic Actor-Critic

* (Off-policy) deterministic policy gradient theorem
Volp(ug) = E;_ 5 lveﬂe (s)V4Q* (s, a)
* Q-learning used to estimate action-value function
0 =1t + QY (St+1, Ho(St+1)) — Q7 (st, ar)

Wil = Wt + 00 Vo QY (8¢, at)
Orr1 = 01 + apVopg(st) VaQ" (56, at)lq—p,(s)

a=M9(S)]

5/25/18 sealzhang.tk
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Compatible Function with Deterministic
Policy

e Stochastic

* VoJ(mg) = E[Vg logmg(s,a) Q" (s, a)]
* Q% (s,a) = Vglogmg(als)" w
* w = arg min €(w) = arg min Espma~my [ (Q7 (s, a) — Q" (5, a))*]

* Deterministic

* Vol (ug) = E[Vgua (V4 QH (s, @)l gpyp(s)]
* VoQ% (s, a)|a=ug(s) = Voug(s)'w

. . 2
» w = argmin €2(w) = argmin E[ (V,Q%(s, a)|a=py(s) — VaQ" (s, a)|a=u9(s)) |

* Compatible (= no bias): Vo] (g) = IE[VQ,ug (s)V,0Y (s, a)|a=u9(s)]



Specific Form of Compatible Function

* Deterministic
* Vo Q% (s, a)lazug(s) = Vglg (s)'w
» w = argmin e?(w) = argmin E[ (V,Q" (s, )| a=pgs) —
2
VaQH(s, a)|a=ug(s)) ]
* Q% (s,a) = A¥(s,a) + V(s) = ¢p(s,a)"'w + ¢(s)"v = (a —
o) Voug(s)'w + ¢(s)v
* This is defined to satisfy cond. 1. Use Q-learning to approximately
satisfy cond. 2



Compatible Off-Policy Deterministic Actor-
Critic (COPDAC)

*QV(s,a) = ¢p(s,a)' w+ () v =(a—ug) Voug(s)'w+ ¢(s)"v
0 = 1 + YQ" (St41, Mo (5t+1)) — Q" (¢, a¢)
0111 = 0 + agVopug(se) (Vopo(se) " w)
Wit1 = Wi + 01 P(S¢, at)

Vi1 = Ut + 01 (St)

e Gradient Q-learning to prevent diverge (COPDAC-GQ)*
0 = 1t +YQ" (St+1, 1o (St+1)) — Q@™ (8¢, ar)
Ot+1 = 0 + apVopo(st) (VB,UG(St)th)
Wiy1 = W + Q0 P(St, ar)
— wYP(st41, o (se1)) (H(st, ar) " ur)
Vg1 = Vg + 001 0(5¢)
— @y YP(St+1) (¢(3t7 at)Tut)

, T3
Y3518 ues1 = U+ o (8 5 B(s1,00) ue) Hlse, a)

For detail see Sutton’s book chapter 11.7
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Experiment: Continuous Bandit Task

10 action dimensions 25 action dimensions 50 action dimensions
2 2 2
107 107 ¢ Lo -
1(')1 > 101 -__—s_\ 101 - .
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107 | ~ 10" | \ 10
1 -~ " “ »
w 10 1 S . 10 | 10
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Figure 1. Comparison of stochastic actor-critic (SAC-B) and deterministic actor-critic (COPDAC-B) on the continuous bandit task.

SAC-B (stochastic actor-critic): g 5, (1) ~ V' (8, exp(y))
COPDAC-B: B(-) ~ N (ug, 0% ), g = 6

5/25/18 sealzhang.tk 14



Experiment: Continuous RL

- 0.0 25 e.olr 25 0.0
b= = = ey
8§ -1.0: 8§ 4.0! 8§ 5.0 |.‘l,%4“ I;F-l-4-l-l--l.i:_§-b-l-'l-
&= 50 HHH LoEE,, g II I
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A & -] SAC = ol -] SAC T 0| 1 SAC
‘é ' — OffPAC-TD é ' | — OffPAC-TD § — OffPAC-TD
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Time-steps (x10000) Time-steps (x10000) Time-steps (x10000)
(a) Mountain Car (b) Pendulum (c) 2D Puddle World

Figure 2. Comparison of stochastic on-policy actor-critic (SAC), stochastic off-policy actor-critic (OffPAC), and deterministic off-policy
actor-critic (COPDAC) on continuous-action reinforcement learning. Each point is the average test performance of the mean policy.

SAC (stochastic actor-critic): g 5, (s,”) ~ N (87 ¢(s), exp(y" ¢(s)))
OffPAC (off-policy actor-critic): explore as (- |s), learn a stochastic policy g ,,(s,) as SAC

COPDAG; B(- Is) ~ NV (1o (), 05 ), g (s) = 67 p(s)

sealzhang.tk 15



Experiment: Octopus Arm

* Task: 6 segments attached to a rotating base; strike the target with
any part of the arm

* 50 continuous state var.; 20 action var.

Return per episode
o S o

o
[

A
—
e
L 3
.
L
¥
Y
=
w
o
o

n
o
o

e YU

100000 200000 300000
2 Time steps

,.
Steps to target
S
o

o

Figure 3. Ten runs of COPDAC on a 6-segment octopus arm with

18 20 action dimensions and 50 state dimensions; each point repre-
sents the return per episode (above) and the number of time-steps
for the arm to reach the target (below).

5/25/18 sealzhang.tk 16



Deep Deterministic Policy
Gradient (DDPG)

Lillicrap, Timothy P, et al. "Continuous control with deep reinforcement learning." /ICML. 2016.



Recap: Deep Q-learning

* Q-learning:
* Q(s,a) < Q(s,a) +afr +y maxQ(s’,a’) — Q(s, a)]

* Policy m: a < max Q(s,a’)
a

e Learn NN parameters for Q-learning in stable and robust way
* Replay buffer to minimize correlation between samples
* Target Q network to give consistent target

* When action space is high-dimensional continuous space?
* — Deterministic policy gradient



DDPG

5/25/18

Algorithm 1 DDPG algorithm

Randomly initialize critic network Q(s, a|#<) and actor y(s|6*) with weights 8% and 6+
Initialize target network @’ and .’ with weights 69" « 09, 4" « G
Initialize replay buffer R
for episode = 1, M do
Initialize a random process N for action exploration
Receive initial observation state s,
fort=1,Tdo
Select action a; = u(s;|6*) + N; according to the current policy and exploration noise
Execute action a; and observe reward r; and observe new state s; 1
Store transition (8¢, as, 74, S¢4+1) in R
Sample a random minibatch of NV transitions (s;, a;,7i, 8;+1) from R
Sety; =ri + ’7Q’(8i+1,M'(Si+1|9“l)|9Q’)
Update critic by minimizing the loss: L = + 3, (y; — Q(s;,a;|09))?
Update the actor policy using the sampled policy gradient:

1
Voud = Z VaQ(8,a|09) =, a=p(s,) Vous(s]6*)

84

Update the target networks:
09 « 6% + (1 —1)6%
0" — 76" + (1 —T)0*

end for
end for sealzhang.tk

Ornstein-Uhlenbeck process

Replay buffer

Critic network training
(with batchnorm)

Actor network training
(with batchnorm)

Target Q network and
target policy network
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Experiment
Input: 64x64(pixels)x3(rgb)x3(action repeat)

5/25/18

Cart Pendulum Swing-up Cartpole Swing-up Fixed Reacher Monoped Balancing
1r 1
IW% 1 1
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0
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0 0 : -
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© Of
E 0
=) > i
= 0 1 0 1 0 1 0 1 0 1
Million Steps

Figure 2: Performance curves for a selection of domains using variants of DPG: original DPG
algorithm (minibatch NFQCA) with batch normalization (light grey), with target network (dark
grey), with target networks and batch normalization (green), with target networks from pixel-only
inputs (blue). Target networks are crucial.

sealzhang.tk
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Experiment

5/25/18

Table 1: Performance after training across all environments for at most 2.5 million steps. We report
both the average and best observed (across 5 runs). All scores, except Torcs, are normalized so
that a random agent receives 0 and a planning algorithm 1; for Torcs we present the raw reward
score. We include results from the DDPG algorithn in the low-dimensional (lowd) version of the
environment and high-dimensional (piz). For comparision we also include results from the original
DPG algorithm with a replay buffer and batch normalization (cntrl).

environment Rav towd Rb('s!.lou!d R(n'.p'i;r Rye st Jpix Ru.l'.(:u‘trl Rb('sf.("ul'r'l
blockworld] 1.156 1.511 0.466 1.299 -0.080 1.260
blockworld3da 0.340 0.705 0.889 2225 -0.139 0.658
canada 0.303 1.735 0.176 0.688 0.125 1.157
canada2d 0.400 0.978 -0.285 0.119 -0.045 0.701
cart 0.938 1.336 1.096 1.258 0.343 1.216
cartpole 0.844 1.115 0.482 1.138 0.244 0.755
cartpoleBalance 0.951 1.000 0.335 0.996 -0.468 0.528
cartpoleParallelDouble 0.549 0.900 0.188 0.323 0.197 0.572
cartpoleSerialDouble 0.272 0.719 0.195 0.642 0.143 0.701
cartpoleSerial Triple 0.736 0.946 0.412 0.427 0.583 0.942
cheetah 0.903 1.206 0.457 0.792 -0.008 0.425
fixedReacher 0.849 1.021 0.693 0.981 0.259 0.927
fixedReacherDouble 0.924 0.996 0.872 0.943 0.290 0.995
fixedReacherSingle 0.954 1.000 0.827 0.995 0.620 0.999
gripper 0.655 0.972 0.406 0.790 0.461 0.816
gripperRandom 0.618 0.937 0.082 0.791 0.557 0.808
hardCheetah 1311 1.990 1.204 1.431 -0.031 1.411
hopper 0.676 0.936 0.112 0.924 0.078 0.917
hyq 0416 0.722 0.234 0.672 0.198 0.618
movingGripper 0.474 0.936 0.480 0.644 0.416 0.805
pendulum 0.946 1.021 0.663 1.055 0.099 0.951
reacher 0.720 0.987 0.194 0.878 0.231 0.953
reacher3daFixedTarget 0.585 0.943 0.453 0.922 0.204 0.631
reacher3daRandomTarget 0.467 0.739 0.374 0.735 -0.046 0.158
reacherSingle 0.981 1.102 1.000 1.083 1.010 1.083
walker2d 0.705 1.573 0.944 1.476 0.393 1.397

torcs sealPh393385 | 1840.036 | -401.911 | 1876.284 | -911.034 | 1961.600
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