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Reinforcement Learning

find a optimal strategies which maximize the return

m(a]s)
State Rewa rd Action

at

|
L:‘_ lt+1
:<— St+1

P(s'|s,a)
R(s,a)

The interaction process can be modeled as MDP S, A R, P, ~, (D) >
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Reinforcement Learning

episode

return

value

e- greedy policy

Sl:A1=R2sS21A2sR3:'“

o0
Gy = Ryt +¥Ri2 + V' Rz +... = Z'}’kRi+k+1
k=0

/\ MC or TD

Uﬂ'(s) = Er [thst = 3] gr(s,a) = E; [Gt‘st =s, 4 = a,]

\/

m(s) = arg m.:?x qx(s,a) = arg mf,x Ex[r+ 'YUﬂ(SI)lSa al

random

1—¢
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Exploration

Reward
function

Local Knowledge

Local Guidance
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from Reward to Value

o0
ar(s,a) = Ex[G¢|S: = s, A; = a Gt = Rir1 + YRip2 + ¥’ Ryys+... = Z'Tth+k+1
k=0

vr(8) = E; [Gt|.5't = 3]

o discrete space
1. Bellman equation DP ( model-based )

g (s,a) = Ex[r + vg.(s',a')|s, a] policy evaluation

q(s,a) = E[r + ymax g, (s',a’)|s, a value iteration
2. Monte Marlo (MQO)

1
vp = lim ;;Qt = E[G}]

vr(8e) ¢ vr(st) + ﬁ(fk —vr(st))

3. Temporal difference (TD) transition (S;, A;, Ris1, Si1)
Qr(5t,0:) < Qr(st,at) + areyy +9Qr(St41,a141) — Qn(st,04)] Sarsa (on-policy)
Q(s1, @) + Qst,a1) + afre + ymax Q(s41,a) — Q(st,a1)] Q-learning (off-policy)

TD target

TD error 5/30



from Reward to Value

ar(s,a) = Ex[G¢|S: = s, A; = a Gt = Rir1 + YRip2 + ¥’ Ryys+... = Z'Tth+k+1

vr(8) = E; [Gt|.5't = 3]

o Continuous space ( Function Approximation )
1. value-based ( DQN )

TD target TD error
Yt = Tt+1 +'ym§.:{ Q(St41, ;W) —> O = Q(8t,a;wy) — Yy

1
loss = E&f —> 0t = va(st;at;wt)

W w—a- - g

2. policy-based (policy gradient)

Vi(5:6) = Ean[Qx(5,0)] = ) 7(al5;6)Qx (s, )

a

MC . i
target : maximize J(0) = Eg(V(S;0)) — = w = ]EANW(-@;@)[WQAS’AH

REINFORCE Actor-Critic

\(\/ Mcl ay ~ 7(:|s:;0)
TD (sarsa)

g(ae, 0;) = Qr(se,a0) 1 d dos = ﬁlogw(adst, 6) |

Op1 < 0, + B+ glay;6;) 6/30




Exploration-Exploitation dilemma

FEAREE

ZEEH

BEBiFER FERER

CSDN @z UnFFF

Use TD error to evaluate how useful a transition sample is
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LSS K IMGIFI{EIR I

7(s) = argmax E; [r + yv.(s')|s, a
(4]
= argmax(r + vV, (s'|s,a))
a

= argmax V, (s'|s, a)
@



Nature of vanilla model-free

Replay buffer

Associative memory e
Episodic control Auxiliary reward Reward shaping
2 = e Intrinsic motivation
_ RERSEEFE V(st+) = V(S =0 “BRER" FEBAIEERE y V(Sts1) = V(St)
TD error=0 TD error=0
RIRFER ST SRESHS

HLIE R EEMES FEERMHES FmE#FA
HER non-stationary ¢ - greedy
archive
1. slow backward value propagation Intrinsic motivation
2. data efficiency is low-high-low Replay buffer

3. form blind exploration to one-sided exploitation
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e sximeirseme: X ImGIFsI e

£ descent greedy with replay buffer
1000 episodes 500 episodes



Reward Experiment 1

reward hack

encourage

cowardice
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Reward Experiment
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Higher point of view

We tell agents what the goal is through the reward function, which is indirect and
abstract, resulting in low sample efficiency and misleading

« Can we communicate our goals to agents in a different way ?
1. Give agent better initial value function
2. Through human preference’
3. Through expert demonstration

4.

1. Paul F. Christiano, Jan Leike, Tom B. Brown, Miljan Martic, Shane Legg, and Dario Amodei. 2017. Deep reinforcement learning from

human preferences. In Proceedings of the 31st International Conference on Neural Information Processing Systems (NIPS'17). Cu rr1n4/3 0
Associates Inc., Red Hook, NY, USA, 4302-4310.
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Motivation

« Explain one's action preference between actions A and B
. for agent: explain by revealing action's predicted values, which provide little
insight into its reasoning
« for humans: explain via the impact on the expected future

« Can we give the RL agent similar capabilities?
« explain in terms of expected futures
« explainations sound in a rigorous way
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Key Ideas

learn meaningful properties of the expected future
o Use Generalized Value Functions (GVFs) to capture meaningful properties of
a policy's future episode

Constract explicable Q-network
e Use Embedded Self Prediction (ESP) model to embed GVFs into a Q-network

Generate resonable explanation
« Use Integrated gradient (IG) to show the influence of GFV features

sound simplification
« Use minimal sufficient explaination (MSX) to reduce the size of explanation
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Generalized Value Functions (GVFs)

« A human understandable feature vector of state and action
F(s,a) =< fi(s,a), fa(s,a),..., fu(s,a) >
« GVF gives the expected future accumlation of F when following 7T after (s,a)
Q% (s,a) =E|[F(s,a) + yF(s',a') + ¥F(s",a")+...]
o Compute GVF by iteration the Bellman GVF operator
By[Qr] = F(s,a) +v ) T(s,a,5")Qr(s',7(s"))
similar to Bellman optimsz;l equation

B[Q](s,a) = R(s,a) + B) _ T(s,a,s'Ymaz,Q(s', a")

« In general, GVF Q% characterize behavior of 7T with respect to F
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Embedded Self-Predictions (ESP) Model

« Directly use learned GVFs of agent's policy to compute action values

N

#(s) = argmax Q(s, a)

/o

Qr(s,0) ———

Q

—— (s, a)

expected future properties

\ /

combining function
C:R" >R

e« ESP model is a driect combination of features
Q(S: G) — é(QF(S: ﬂ))
« Special case

« GVF discount factor o = (, ESP become direct combination of feature F(s,a)
- Feature F(s,a) is reward signal, ¢/ can be a identity function
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Training: ESP-DQN

#(s) = argmax Q(s, a)

(s,0a)

Qr(s,0) —— — Q(s,a)

< j

e ESP model is cricularly defined : — Strong Data correlation — Unstable training

o Internal GVFs is based on agent's own policy 7(s)
« Agent's policy is computed by combining the GVFs

o Similar to DQN, use target network and replay buffer to break bootstrap
« (' should approximate Q* , training it can use traditional DQN updates

(fix QF)

« Training Q7% is similar to learning a critic in actor-critic methods
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Training: ESP-DQN

Algorithm 1 ESP-DQN: Pseudo-code for ESP-DQN agent Learning.

Require: Act(s, a) ;; returns tuple (&', r, F, done) of next state s', reward r, GVF features F' € R",
and terminal state indicator done

Require K - target update interval, [ - reward discount factor, v - GVF discount factor
Init QF. QF ;» The non-target and target GVF networks with parameters - and ¢}, respectively.

it C, ' ;; The non-target and target combining networks with ¢ and 0. rspectively.
Init M < () ;; initialize replay buffer
:; Q-function is defined by Q(s,a) = C(Qp (s, a))
- Target Q-function is defined by Q'(s, a) = é’(@}[s, a))
repeat
Environment Reset s; < Initial State totalUpdates < 0
fort « Oto T do
a;  €(Q, s¢) // e-greedy
(St-{-l: T, Ft, donet) — _A.Ct(St, ﬂ:t)
Add (St, s, Tt, Ft, S5¢41, dﬂ'ﬂﬁ.‘t) to M
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Training: ESP-DQN

;; update networks
Randomly sample a mini-batch {(s;,a;,r;, F;, !, done;)} from M

d; +— arg max,e 4 ' (s}, a)

TDtarget  f! {F' If done; is true
Fi +4Q'(s),d;) Otherwise
TD target g} ¢ {T':: x If done; is true
' ri + 8Q'(s!,a;) Otherwise

Update # via gradient descent on average mini-batch loss (f! = Qp (s, a;))? TDerror

Update ¢ via gradient descent on average mini-batch loss (¢ — Q(si,a;))®  TDerror

if [D[d]Updth'i mod K == () then
F — HF
Ig — ﬂc

end if
totalUpdates < totalUpdates + 1

if done; is true then
break
end if
end for
until convergence
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Contrastive Explanations

Why is a, preferred over a, in state s?

— e | Integrated Gradient
. - of Q(s,a1) — Q(s,a2)

-y

Qr(s,a2)

e sum=Q(s,a,) — Q(s,ay)

attribution weight vector R

1

Q(s,a) — Q(s,b)| =|W(s, a,b)|-|Ar(s, a,b)
| |

preference magnitude GVF difference vector
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Gradients of Counterfactuals arXiv:1611.02639

EESPS LTS

Integrated Gradient

pEEm = [ mry
22 ‘ ok ORI

RFRE>DK

ORH
OBTKE

1 ! !
IntegratedGrad,(z) ::= (z; — x) x f OF(z" +a x (z + Dda

a=0 dz; f
k% the less preferred action <—— Baseline

#0
ORTRE PTREE<IXK /

é¥ﬁrg | = 'li’—\’il-ili.lfﬁl’,‘i[/ 9(3 a, b aC(Xsb "‘(I( 3b)) Xsa' = ?F(S? a’)
aX.m Xy = Qp(s,b)

The key property is that the IG weights linearly attributes feature differences to the overall
output difference

Q(S?a’) - Q(S: b) > é(QF(S: CI)) - G(QF(Sab)) =3 9(8,&., b) : ‘&F(sﬂa!b)

IGX(s,a,b) = (Ar(s,a,b),0(s,a,b)) is a sound explanation
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minimal sufficient explaination (MSX)

« When there are many features IGX(s, a, b) will likely overwhelm users.

« Use the concept of minimal sufficient explanation (MSX) to soundly reduce the size

P ={i: p;(s,a,b)-0;(s,a,b) >0} positive attribution components indices

N=1{1,..,n}-P negative attribution components indices
S(E) = Et‘EE |ﬁ-F,i (3; a, b) : 91‘(3; a, b)‘ total magnitude of the components

« Often only a small subset of positive components are required to overcome negative
components and maintain the preference of a over b

argmin{|E| : EC P,S(E) > S(N)}

« Sort P and include indices into the MSX from largest to smallest until the total is
larger than S(N).
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« generic GVF features
. terminal reward: describe basic conditions at the end of the episode
« pre-terminal reward: the state variables of the environment or derived reward
variables, typically readily available from a domain description

o Discrete state or reward variables -> indicator GVF features

. Continuous state and reward variables
« indicator features: for the regions as features (When a variable has a small
number of meaningful regions)
« Delta GVF features: the change in a variable across a time step
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Average Reward

GVFs Loss

Lunar Lander Learning Curve
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CSDN @z UiHFFF
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IG & MSX

1e-1 GVFs 1e1
6- Q.v=154.9949"Q_v~154.4307 Q_v=144.1771 ' Q_v = 132.2588 1.0 = i ongine > nightengine | main engine > Nop
0.8 -
7] 06 -
o
=
% FaFS F6 FT F8 (3 0.4 L
w
>
O]
0.2 i
12 ) Fa
00~ noFz fors e I g
main engine right engine Nop left engine right engine Nop
action action
/ /. MSX Bar I F1 Distance Bl F2 Velocity s F3 Tilt-angle

B F5 Left Landing Leg

B F6 Main Engine Uses

Bl F7 Side Engine Uses e F8 Landing

3 F‘FBF‘FTI Fa Fé F7|
8 o

main engine > left engine

F1 P2 F3 F:

1
left engine

I F4 Right landing leg

28/30



Original State Reversed State
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Experiment

M:3,B: 0,1: 0 M:8,B: 1,1: 0




