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Reinforcement Learning

Balance between exploration and exploitation
Agent’s action affect the subsequent data it received (actions affects the environment)

Delayed reward
Time matters (sequential data, not i.i.d)

Replay
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update transition(s)
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ADP Methods (for prediction)

DP (B*Q)(s,a) =r(s,a) + YEg|s 0 [maxaf Q(s, a.’)]
AP Q (St A1)  Q (81, A1) + & [Rust +ymaxQ (Sis1,0) — Q (51, A1)

0 <« argméinEsjaNﬂ [(Q&(S: H-) — (T‘(S, H') + ’YIE3’|31G []IIE}X Q(Srn ﬂ'r)]))zl
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set () (e.g., neural nets)
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Note: TD is a kind of MC

1
vw(s) — 'UW(S) + N(S) (gt - 'U:!T(S)) — 'U.,T(S) = E, [gd

e () < va () + (gt — ve(s)

MC
TD vz (8) « vz (8) + afrpey + Yo (s") —vr(s)] —> Ur(8t) = Ex[Rer1 + Yur (Ste1)] i)

1-step TD co-step TD
and TD(0) 2-stepTD  3-step TD n-step TD  and Monte Carlo
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Corrective Feedback

L(Q) = E, g(5),avmy(als) | @k (8, @) — Q7 (8,a)]].

1. some state value over-estimated
2. policy chooses action correspond to it
3. observes the corresponding r(s,a), or Q*(s,a)

4. minimize £(Q) , which correcte the Q-values
precisely

constructive interaction between data collection and error correction
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Corrective Feedback is Absent

(Q) Smﬁ ),a~m(als) HQk(S ﬂ') Q* (S: ﬂ') H'
E(Q) swﬂ (8),a~my(als) [|Qk (3 {1.) - B* Qk (SN

7\

can be a wrong target precise target

function approximator make things worse
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Corrective Feedback is Absent

. . . . i : i Int diate val f
On-policy distribution | = %55 @@ OO OO @ figh (1) tolow R) emor) |

.......... £ updated

Iteration 1 Iteration 2 Iteration 3 Iteration 4 Iteration 5

Iteration 6 Iteration 7 Iteration 8 lteration 9 Iteration 10

o leaf state: rarely visit, provide incorrect TD target
e root state: frequently visit, fit to incorrgct target

o state with similar features affect each orther
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Analyze computationally

Gridworld MDP, training on all transitions to eliminate sampling error

& =Eqm [|Qr — Q7]
Qi1 — B*Qkl(s,a)

0.00010
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Correlation

d™(s) = 320 v'p(St = s|m)

0.00000 13-~ d™(s,a) = d™(s)m(als)

A 1 i

Iteration
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Consequences
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Convergence to suboptimal Q-functions

Instability in the learning process

Inability to learn with low signal-to-noise ratio
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6 a.rgméinEs,aND (QQ(S: ﬂ') _ (T‘(S, t‘l) + 'TIE3‘|s,a.[maE}X Q(sr: ar)]))ﬂl

o Computing an “optimal” data distribution that provides maximal corrective feedback,
and train Q-functions using this distribution

e Once get this optimal distribution, we can then perform a weighted Bellman update
that re-weights the data distribution in the replay buffer to this optimal distribution

e @@0000 @ My

e

Iteration 0 Iteration 1 Iteration 2 Iteration 3
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0 argminEsns !(Qg(s,a) _ (r(5,0) + VEqps o[max (s, a’)mE]

@

N
Qk < argmin % Zwi(saa) - (Q(s,a) — [r(s,a) + 7Qr—1 (Sfaa’)]f

Q 1=1

_l Re-weighting

@@ o0 | oo

llllllllllll

Down-weighted Up-weighted .—-. p=0.5 } =0.05
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Formalize the problem

min B {|Qk — Q7
s.t. Qk — ﬂfgIIgIlEpk [(Q o B*Qk—l)zl 7 Epk(saﬂ') = ]-: VS:H‘ Pk (S,ﬂ-) >0

v
Pk(S,ﬂ«) X exp(— ‘Qi_ Q" (3,(1,)) IQ\k — B*ﬁk_ﬂ (S,a)

v \

K . Vs, a c1 < |Qr — B*Qr_1]|(s,a) < e
k—i * ’ — ? —
e ;T o 2 Q= @7l (&) | | yhere ¢y = min Q1 — B*'Qr 2|,
o = 22Dy (- | 8), 7 (- | ) s = max|Qy1 — B'Qy s

1 -4«
k k—1
A=) A (H p«,.,) Qi — (Wm)

= Ak(s,a) = |Qr(s,a) — (B"Qr-1) (s,a)[ + v (P™ A1) (s, a).
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Formalize the problem

'pk(s,a)

high variance

w (s, a-) —

p(s,a)

densities (s, a) are unknown

g; = arg n;in —E,, [logpi] + (7)Dxr (gx||)
&

\4

(8, a) o< (pg) - exp (

0 — g, log py + Ty log - a

k
gy Mk Gk Pk
= —logpy, + 7(log & 1)
23

0
3 1
=>10gq—k +1= O8 Pk
1k T
£
1
=N eq—’!c = exp( ogpk)
Mk

log py
= qf o py, - exp( B )

T

log pi(s. a))

|Qr — B*Qi—1/(s, a)

Hk

T~

% e (_|Qk = Q*|(3a@))

A*
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Formalize the problem

a <—|Qk — Q"[(s.a ) Qi —, B*Qr—1](s, a)
’T\ / A*

Ar(s,a +Z'yk ‘agi-_"’[Qk—Q (s,a),

Ay (s,a) = |Qk(s a) (B*Qi-1)[s,a)| +~v(P™" Ak 1) (s,a).

Vs, a < |Qr — B Qr-1|(s,a) < ca

where m1n|Qk 1 — B*Qr_2|,

Cz—ﬂlaX|QA, 1 — B Q2|

\1, lower bound

—Cy — 7y [Pﬂ'k—lAk_l] (S, a)) C_l
)‘*

Wy X eXp (
.

¥

V[P A (s a)).

T

wk(s,a) x exp (—
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Formalize the problem

Qr — Q| SAP™ Ay eat Y Aoy (30)

Using this bound in the expression for wy., along with the lower bound, |Q — B*Qr_1| > ¢1, we
obtain the following lower bound on weights wy,:

ey =y [P A (s.0)\ @1
T A*

Wy, oC exp ( (31)
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Pseudo Code

Algorithm 1 DisCor (Distribution Correction)

1: Initialize Q-values Qg (s, a), initial distribution po(s, a),
a replay buffer u, and an error model A4 (s, a).
2: forstep kin {1,...,N} do

3:  Collect M samples using 7, add them to replay buffer

p. sample {(s3,a;)}ily ~ p

4:  Evaluate Qg(s,a) and A,(s,a) on samples (s;,a;). network output

5:  Compute target values for () and A on samples:

Yi = Ti +ymaxgs Qk—l(Sf;:: @’)

a; = arg maxq, Qr_1(s;.a)

= IQG(S: GL)' _ y’-’-' + 7"&&—1(3;: a’f:) v [P™*Ag_q](s,a)

Compute wy, using Equation[7] wk(s, @) o< exp | — T |

Minimize Bellman error for (Qy weighted by wy.

9k+1 — argmm % Z;N ’EU,!;;(SQ;? Gi)(QQ (Si} (1,_,;) — y.r,)
0

8:  Minimize ADP error for training o.
Pk+1 < argmin ~ Zf‘;l(/_\.gb(si, a;) — A;)?

¢
9: end for

o9

2
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Pseudo Code

Algorithm 3 DisCor: Deep RL Version

1: Initialize online Q-network Qq(s, a). target Q-network, Q(s, a), error network Ay(s, a). target error
network Az, initial distribution pn(s*, a), a replay buffer 3 and a policy (als), number of gradient steps
(5, target network update rate 7, initial temperature for computing weights wy, 7o.

2: forstepkin{l,..., } do
3: Collect M samples using 7y (a|s), add them to replay buffer 3, sample {(s;, a;)} iy ~ f3
4:  Evaluate Qp(s,a) and A, (s, a) on samples (s;,a;).
5:  Compute target values for @ and A on samples:
i =Ti +YEarmn, (a’]s ) S;,ﬂ.’ H
Y Bty @120 a5, ) introduce target network
Ai = |Qo(s,a) — yil + YEa,~r(as)an) [AF (55, @s)]
6:  Compute wy. using Equation[7 with temperature 74

7:  Take (G gradient steps on the Bellman error for training Q9 weighted by w;.

N
1
0« 60— avgﬁ Zwk(si,ai) (Qo(si,ai) —y,;)2

i=1
8:  Tale GG gradient steps to minimize unweighted (regular) Bellman error for training ¢.

N

¢ ¢ — CIV:;&% > (Ao(siyai) — Ag)?

i=1
9:  Update the policy 7y, if it is explicitly modeled.
¥ U+ aVyEg s amry (al0)[Qo(5, )] for continuous control domain
10:  Update target networks using soft updates (SAC), hard updates (DQN)
0« (1 —n)0 +nb
¢ < (1 =)o +ng

11:  Update temperature hyperparameter for DisCor:
a1 < (1—n)m +1 BATCH-MEAN(A,(s;,a;))  @utomatically choose temperature

12: end for 1 7/27




Experiments - grid16

Value error (&)

Normalized Return

Exact Setting

Exact Setting
1.00 1 ‘ -

0.50 1

0.25 1

0 100 200 300
[teration

0 100 200 300
Iteration

Sampled Setting

Sampled Setting

081
0.6
0.2

0.01"

0 200 400
[teration

0 200 400

[teration

— DisCor

—— DisCor (oracle)

Normalized Return

Normalized Return

e o L o ¢
o N U N o
© w o w o

L [ L 1 [

U PN L.
,I -
I ) T

A TR P
- S - - !
.- . ‘
* . g

T T T

6 7 8

9 10 11 12
Environment Id

13 14 15

1.00 A

075§

0.50 4

0251

0.00 1

1

8 9 10 11 12
Environment Id

T T T
13 14 15

18/27



Experiments - MetaWorld
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Experiments - MT10
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Experiments - Atari
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min B Qs ~ @ 1

s.t. Qp = argrrgnEpk [(Q — B*Qk_l)z] ; Epk(s,a) =1, Vs,a pr(s,a) >0

N

pi(s,a) o< exp (—|Qr — Q*|(s,a)) |Qr — B*Qr—1](s, a,).

)\*

1. B|\ Fenchel-Young Inequality: Vz,y ¢ B, 3HESZ 0] f BE Fenchel 230 f*, &
z'y < f(z) + f*(y)
RIMEHESHAN, BAREFENENFEE f*(y) = sup(z’ vy — f(z)). TERMLEBRES d™ M |Qx — Q| BT RERFRFE
o, FrLFEE A Fenchel-Young Inequality, 5%
Ee [1Qc ~ Q] < f(1Q — @) + £ (@) ©)
HFRILETE Q = Q* BRENES/ME, BTLARTLARE (9) AU upper bound {8 (8) ShAULILE R, IERXMMAERIMAKIEIE, AT
EFAE, fiEEA soft — min R

flz) = —log(}_e™), f(y) =H(y) (10)

XMIAET f* SR\, XEEREE 8) RIULERE, RIIERNS/IMUARAENERNSH d™ 898, A 78R Es
BY pr (15 d™ BIEAIE TE, (EEER (s, a) B92E0E H(U) /B8 H(y) B9 upper bound {0&, X f* IELEMELHT, SLEE5
i A

n%in —log (Z exp(— |Qr — Q| (s, ﬂ)))

t

s:t. Qi = argminE,, [(Q - B"‘QH)E] , > mi(s,a) =1, Vs,a pi(s,a) >0



2. HEREBIHEE: FRITEAAFEFEFILEE (1), SHTEHEHERE

L (pi; A, p) = —log (Z exp(— |Q — Q"] (slﬂ})) + A (ZPk(f”: a) - 1) — ' P (12)

ETRE 5 = Lo
3. € implicit function theorem (IFT): EELIETE %, XERME S| x |A| BEEKRS, SEZER (18] x |A]) < (|S] < |A])
HUERE, 8 Qr 2T IDTHRIERNF, NFAKREAI, REEYMTEN TR KENBELE. XEATEHEEERRERETK
S, SRS, BR Q) BE Q) = argming Ey, [(Q - B'Qy 1)’ ML Q) MBEATHE HXEERSERERIME
) , XFEREEE, B
F(pi, Qr) = [ 20k (s50,a0)[Qr (50, 20) — B Qr1(s0,a0)] ... 2pp(s5, a14)[Qr (815, a14)) — B Qp 1(5|$|>‘3|A|)]]T

= Diag(Qr — B"Qr-1)px

= Diag(pr)(Qr — B" Q1)

= Ogisix
FRRERICKSZE, &

Hp = 2Diag(pr) Ho,, = 2Diag(Qy — B*Qp 1)

0Qk 1 —  Dine( 2 =B @k (14)
e —[Hg] " Hgyp, =D ag( o )
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4. HERfEp: & 28N 0 SRER p AESNEERPNARRMUTE) | KEEEERS, FRREEUENTENTER
SEEES

OL (pr; Mop) _  _, 580(Qk — Q%) exp(—|Qr — Q7| (s,a))  OQk
Ok Do exp(—|Qr — Q%[ (s',a')) O,

FA—fteq =0 (15)

HALEHER 52 53

pu(s,a) = sgn(Qr — Q") exp(— |Qk — Q7| (s,a)) (Qx — B'Qx-1)(s,0)
’ D v exp(— |Qx — Q% (8',a')) p(s,a) = A
LENETEESREE—HET, KKTHEEGRA, B p(s,a)pe(s,a) =0 (Vs,a), SHE (s,a) BBEHEZHR, 8 pe(s,a) >0 (RES
EAFENANE) , W p*(s,a) =0, BINERAMEEN X THEE pr(s,a) >0, B

p(s,0) o exp(~ Qs — Q"] (5, )| L= B2t (80

(16)
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Theorem 4.2. There exists a kg € N, such that¥ k > ko and Ay, from Equation@ Ay satisfies the
following inequality, pointwise, for each s, a, as well as, Ay, — |Qr — Q*| as mp — 7.

2R
= e

k
Ag(s,a) + Z’Yk_iaa; > |Qk — Q*|(s,a), a;

=il

Doy (mi(-]s), *(1s)).

Lemma B.1. Forany k € N, |Qy — Q7| satisfies the following recursive inequality, pointwise for
each s, a:

* * The—1 * szax
|Qx — Q" < |Qk — B* Qi1 +vyP™ ' [Qx—1 — Q| +

L=~

mEXDTv(Trkfl, ﬂ‘*).

Proof. Our proof relies on a worst-case expansion of the quantity |Qr — Q|. The proof follows the
following steps. The first few steps follow common expansions/inequalities operated upon in the
work on error propagation in Q-learning [[33].

Qk — Q1 L1Qx — B Qe 1 + B* Qi1 — Q7
(<j)|Qk B Q1| +|B'Qr—1 — B'Q7|
Dk — B Qe | + R+ 7P™ Qi1 — R — P Q|
@|Qk — B*Qp1| + Y|P Qg — P™1Q* 4 P™1Q% — P™ QY|
1 B Qus| + AP Qe Q7] 4 AP P

(f) 2R max
<|Qr — B*Qr—1| +yP™ 1 Qp—1 — Q7| + 1
where (a) follows from adding and subtracting B*Q)x— 1, (b) follows from an application of triangle
inequality, (¢) follows from the definition of B* applied to two different Q-functions, (d) follows from
algebraic manipulation, (e) follows from an application of the triangle inequality, and (f) follows from
bounding the maximum difference in transition matrices |P™ 1 — P*| by maximum total variation

divergence between policy 7,1 and 7*, and bounding the maximum possible value of Q* by 1}_‘3;‘ .

m;aXDTv(?Tk_l, 'ﬂ'*)
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Lemma B.2. Forany k € N, an vector A}_satisfying
Ay = |Qr — B Q1| +yP™ *AL_,. (19)

with o = QIR_—,’-‘;" max, Dy (7mg, ), and an initialization A]) := |Qp — Q*

bounds |Qy, — Q*| with an offset depending on o, i.e. Al + > a; v > |Qr — Q.

, pointwise upper

Proof. Let A} be an estimator satisfying Equation E In order to show that A} + . YRl >
|Qr — Q7. we use the principle of mathematical induction. The base case, & = 0 is satisfied, since

0+ ao > |Qo — Q. Now, let us assume that for a given k = m, Al +>" . 7™ a; > [Qm — Q7]
pointwise for each (s,a). Now, we need to show that a similar relation holds for k = m + 1, and
then we can appeal to the principle of mathematical induction to complete the argument. In order to
show this, we note that,

m-+1
i1 =|Qmit — B Q| + 4P AL 4+ )y iy (20)
=|Qmi1 = B'Qm| +7P™ (AL, + ) 7™ i) + amy (21)
1=0
E‘Qﬂﬂ—l - B*le +YPT | Qu — Q*l + Qm (22)
> Qi1 — Q7| (23)

where follows from the definition of A/ , follows by rearranging the recursive sum containing
a;, for i < m alongside A,,, follows from the inductive hypothesis at £ = m, and follows
from Lemma
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— The End —



