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Value-Based Method

. F e Ak k— k
e PI: greedy policy: a :arg;maxQ Ys,a) = = [QO.PLﬂl PE .PL...E)Q*]

* PE: TQ(S,&) £ r(s,a) + VES’NP,H’N—M [Q(s’,a’)] = Qk

Policy Search Method
¢ Policy is parameterized by m(als; 0)
* Policy update: 81 «— ¢* + A# (policy gradient, random search, ...)
Advantages:
1 can learn stochastic policies

2 better convergence

3 effective for continuous actions
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® sample inefficiency and high variance
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® no improvement guarantee due to inappropriate choice of stepsize
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What are the limitations?
® only apply to parameterized policies

e difficult to integrate prior policy knowledge
® sample inefficiency and high variance

Vo] (0) = Err, [V log mo(als)Qr, (s,4)]

® no improvement guarantee due to inappropriate choice of stepsize

What if we directly search policy in a function space?
® optimize a functional
max J(m), s.t. well

¢ A closed-form solution solving all these limitations?

ICML22

Conclusion

[e]e]e}

3/16



Introduction Results Connections Conclusion
000@0 00000 00000 000

Modeling

Infinite horizon MDP M = {S, A, P,r,~, po}:

® S — state space se€ S CR™ (continuous)

e A — action space ac ACR"or A= {a',...,a"}
® P — transition kernel SxAxS —[0,00) (unknown)
® r — reward function S X A = [Fmin, 'max] (Uunknown)
® v - discount factor v—10,1)

® pp — distribution of sy S — [0,00)

objective: find an optimal policy 7* so that
7 = argmax [(m) where J(7) = Err [Y 00y 7(st,a1)]

T = (SOaa()vSla e )7 S0 ~ pO(')a St41 ™~ P(’|St7at)7 ag ~ 7T('|St)
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Modeling

Infinite horizon MDP M = {S, A, P,r,v, po}
Definitions and Notations:
® Vo(s) =Easpr,.. [Dorme Y ir(sia)|se = s, 7]
® Qr(5,0) =Egyan,.. Doy (st a)|se = s,ap = s, 7]
® Ar(s,a) = Qx(s,a) — Vi (s)
® J7: discounted state visitation density

d™(s) = (1 =)[pg (s) + o7 (s) +7°p3 (s Zv

where pf () is the distribution of the state at step ¢.
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Result 1: A Closed-From Policy Update Rule

Theorem (Monotonic Improvement Guarantee)

For any stochastic policies mew, To1d that are continuously differentiable on the state space
S, the inequality

e%mold
](Wnew) > ]('R—old) holds when Tnew = Told " = Taom 7
]EﬂNTfold [6 "Id]

where a,,, = Ar,,/Cxr,, and Cr,, is a constant

Told

2
- _Te
Cﬂ"’ld - (1 — ,-),)S’ €= I’I;%X |Aﬂ'old(sva)|a7 € [057 1)
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Result 1: A Closed-From Policy Update Rule

Theorem (Monotonic Improvement Guarantee)

For any stochastic policies mew, To1d that are continuously differentiable on the state space
S, the inequality

e%mold
](Wnew) > ]('R—old) holds when Tnew = Told " = Taom 7
]EﬂNTfold [6 "Id]

where a,,, = Ar,,/Cxr,, and Cr,, is a constant

Told

2
- _Te
Cﬂ"’ld - (1 — ,-),)S’ €= I’I;%X |Aﬂ'old(sva)|a7 € [057 1)

* The policy update rule is off-policy
e Derived from TRPO' based on a new bound on policy performance

'J. Schulman et al. (2015). “Trust Region Policy Optimization”. In: Proceedings of the 32nd International Conference on
International Conference on Machine Learning - Volume 37. ICML15. Lille, France: JMLR.org, pp. 1889-1897 ICML22
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Trust Region Policy Optimization (TRPO)

1 Approximate J(m) around 7 by a surrogate model

L‘ﬂ'k (71-) = ](ﬂ-k) + %ESNd“k ,HNW[AT{')( (57 ﬂ)]

1
2 Restrict policy search to the neighborhood of

Conclusion
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Trust Region Policy Optimization (TRPO)

1 Approximate J(m) around 7 by a surrogate model

L‘ﬂ'k (71-) = ](ﬂ-k) + %ESNd“k ,HNW[AT{')( (57 ﬂ)]

1
2 Restrict policy search to the neighborhood of

Approximatioh error

Bound of the approximation error:

J(7") = L, (x')| < Cmax Dy [ (s),

4ve

where C = ———,
(1—7)2

€ = max |Ar,(s,a)]
s,a
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Trust Region Policy Optimization (TRPO)

1 Approximate J(m) around 7 by a surrogate model

Lo () = 30 + T2 Bt el (5,0)

1
2 Restrict policy search to the neighborhood of

Approximatioh error

Bound of the approximation error:

J(7") = L, (x')| < Cmax Dy [ (s),

4ve

Whel’eczm, = o (S,a)|

Lower bound of policy performance:

J(7') > Ly (x') — Cmax Dy [ ] (5) Maximizing the_ lower bound
s guarantees an improved policy
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Trust Region Policy Optimization (TRPO)

1 Approximate J(m) around 7 by a surrogate model

L‘ﬂ'k (7T') = ](ﬂ-k) + %Eswd’"k .,a~7r[A7rk (57 ﬂ)]

1
2 Restrict policy search to the neighborhood of

Approximatioh error

Bound of the approximation error:

J(7") = L, (x')| < Cmax Dy [ (s),

i Ly, (7‘_) [(:)
4ve ‘ -
where C = W, € = ng’%x |Aﬂ-k(5,a)| I Tk i |
Lower bound of policy performance: max L, (7')
7'('/

J(n') = Lr () — Cmax D [7'|m](s) & s.t. Egogm [Dw[||m)(s)] < 6

ICML22 7/16
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Result 2: A Tighter Lower Bound on Policy Performance

Theorem (Upper Bound on Surrogate Approximation Error)

For any stochastic policies ', = and discount factor v € [0.5,1), the following bound holds:

(') = Lo(a)| < 1 CoEyar [Diw [ 7)(5)]

=15
Ve
Where Cﬂ—:m, 6:H§7aaX|A7T(S,ﬂ)‘. )
A new lower bound on performance:
1
J(z') = L(n) — maEsz” [Dk[']|7](s)]

This result relates the bound to the expected KL, which is tighter than the max KL.

ICML22 8/16
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Derive the Update Rule using Calculus of Variation

The lower bound around m:

1 7' (als)
7E ~d™ g~ Aﬂ- s — Cﬂ— 1
- sed™ ,a k(s ﬂ) « 108 7Tk(a|s)]
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Derive the Update Rule using Calculus of Variation

The lower bound around m:

1 7' (als)
7E ~d™ grort! Aﬂ- s — Cﬂ— 1
— sed™ ,a |: k(s ﬂ) « 108 7Tk(6l|5)]

Maximizing J(=') is equivalent to:

o 7' (als)

m(als)

max / / 47 ()7 al9) [ Ar,(5.) — Cr, o
s.t. /w’(a|s)da =1

} dsda
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Derive the Update Rule using Calculus of Variation

The lower bound around m:

1 7' (als)
7E ~d™ grort! Aﬂ- s — Cﬂ— 1
— sed™ ,a |: k(s ﬂ) « 108 7Tk(6l|5)]

Maximizing J(=') is equivalent to:

o 7' (als)

7 (als)

max / / 47 ()7 al9) [ Ar,(5.) — Cr, o
s.t. /w’(a|s)da =1

Euler-Lagrange equation: A, — C,, logn’' — Cy, + Cy, logme — A =0

] dsda

ICML22 9/16



Introduction Results Connections
00000 [e]elele] } 00000

Result 3: The Update Rule for Multi-Agent RL

Conclusion

Corollary I

For any stochastic policies T, Thg OF agenti that are continuously differentiable on the

local observation space O', the inequality,

J(Tnew) = J(mo1a) holds when

; e%¥mold d ;
e = — ah T = T
new old ]Eﬂ"‘ﬂ'old [E ol d] new old>
where 7r;e’w, T4 ' are the joint policies of all agents except i.

ICML22
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Result 3: The Update Rule for Multi-Agent RL

Conclusion

Corollary I

For any stochastic policies T, Thg OF agenti that are continuously differentiable on the
local observation space O', the inequality,

J(Tnew) = J(mo1a) holds when

. e%¥mold . ]
7T;1ew = old E—[e"old] and Trnew = ﬂ-oléi’ Environment becomes
A~ Told stationary for agent i
where 7r;e’w, T4 ' are the joint policies of all agents except i.
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Connections to Prior Work

Proximal Policy Optimization

Value-based Methods

Relative Entropy Policy Search

Soft Actor-Critic
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Proximal Policy Optimization (PPO)

Recall our policy update rule:

e%mold h
Tnew = Told - ———————  where
new (o) ]:Eu,\/ﬂ-old [eaﬂold]
a — Aﬂ'old (S’a) X (1 — 7)3
T maxs g |Ary, (s, a)| 72

e ¥max

E[e%]

e%min

Connections Conclusion
0@000 000

) - e

\4

Amin 0 @max

An explanation of the policy update rule

2J. schulman et al. (2017). Proximal Policy Optimization Algorithms. DOI: 10.48550/ARXIV.1707.06347 ICML22 12/16
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Proximal Policy Optimization (PPO)

Recall our policy update rule:

e%mold h
T =Tod = Wwhere
new O ]Equ%M[eaﬂdd]
a _ Aﬂ‘old (S’a) X (1 — 7)3
o maXs,a |A7fold (Sv a)| '72

Assume o, € [omin, @max], then we have

Thew |: g®min  pQmax

7 g :|=[1—61,1~|-€2]

Told

where Z = Eu,\,ﬂ-old [ea"old] and €1,60 > 0,61 < 1.

2J. schulman et al. (2017). Proximal Policy Optimization Algorithms. DOI: 10.48550/ARXIV.1707.06347

Connections Conclusion
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distribution of e fx) =e*

e ¥max

E[e%]

e%min

\4

Amin 0 @max

An explanation of the policy update rule
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Proximal Policy Optimization (PPO)

Recall our policy update rule:

e%mold h
Tnew = Told * m where
a — Aﬂ‘old (S’a) X (1 — 7)3
o maXs,a |A7fold (Sv LZ)| '72

Assume o, € [omin, @max], then we have

Told Z ’ Z

Thew |: g®min  pQmax

] =[1-e,1+¢)]

where Z = Eu,\,ﬂold [ea"old] and €1,€6 > O, e < 1.

This helps explain why clipping policy ratio works and
closes the gap between theory and practice in PPO?.

] ®min 0 ar;lax
An explanation of the policy update rule

2J. schulman et al. (2017). Proximal Policy Optimization Algorithms. DOI: 10.48550/ARXIV.1707.06347
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Proximal Policy Optimization (PPO)

Recall our policy update rule:

e%mold
Tnew = Told * a0 where
o _ Aﬂ‘old (S’a) . (1 — 7)3
Told ma-Xs’a |A7r01d (S, ﬂ) | ’72
Objective of TRPO/PPO?:
m(als)
max Esdmod grmyq mflmm (s,a)

® m(als) 1 to gain weights for large A values
® 7(als) | to lose weights for small A values

2J. schulman et al. (2017). Proximal Policy Optimization Algorithms. DOI: 10.48550/ARXIV.1707.06347

Connections Conclusion
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distribution of e fx) =e*

e ¥max

E[e%]

e%min

\4

®min 0 ar;lax
An explanation of the policy update rule
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Value-Based Methods

For discrete actions, the update rule can be written as:
Aol (5:)/Crrgrg
Z]‘ Told (ﬂj|5)eA7‘old (5:@)/Crrorq

7Tnew(ai‘s) = 7T()ld(ai|s) ’

ICML22

Conclusion

[e]e]e}

13/16



Introduction Results Connections
00000 00000 0000

Value-Based Methods

For discrete actions, the update rule can be written as:
eAﬂ'old (Svai)/cwold

Zj Told (ﬂj|5)eA”01d (5,@)/Crgiq
e [Q"om (swﬂi)*/Vr(ﬁ(f)’] /Craa

g (ds e[Q”old (5:0) —Vorgg G5 }/C"old
j Told

7Tnew(ai‘s) = 7'rold(ai|s) ’

= ﬂold(ui|s) .

ICML22
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Value-Based Methods

For discrete actions, the update rule can be written as:
eAﬂ'old (Svai)/cwold

Zj Told (ﬂj|5)eA”01d (5,@)/Crgiq
e [Q"om (swﬂi)*/Vr(ﬁ(f)’] /Craa

g (ds e[Q”old (5:0) —Vorgg G5 }/C"old
j Told

7Tnew(ai‘s) = 7'rold(ai|s) ’

= ﬂold(ui|s) .

i), i ;
Told (@ \S)wﬂold where wi = ¢ (5:8)/Crq

e — o
Zj Told (a] |5)"J77701d "

ICML22
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Value-Based Methods

For discrete actions, the update rule can be written as:
Aroa (58)/Crgy

3 ota (@]5)¢ 7o O/ g
[ Qra 6) Ve t57] o

> mola(@l]s)e [ Qg (58 =V tT] /Crgy

]

wnew(ai|s) = wold(ai|s) .

= ﬂold(ai|s) .

Told (@' |s)w! ; i
Old( | ) Told Whel’e wl — eQ""old (s,a )/cﬂold

= = . i
5 ota (]8)

A softmax function of Q. weighted by 7,4

Connections Conclusion
0000 000

wi Elwl),] Probability
old old §

Told

[ Tnew

An explanation for discrete actions
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Value-Based Methods

For discrete actions, the update rule can be written as: Wiy B -
Aot (5:)/Crrg ‘ s

3 Tota (al]s)e7os 5/ Crag
e

> mola(@l]s)e [ Qg (58 =V tT] /Crgy

]

wnew(ai|s) = wold(ai|s) .

= ﬂold(ai|s) .

Told ({Zi |s)wi

= —— T where w! = e (54)/Cryy
Z]' Told (@ |S)w]7fold
A softmax function of Q. , weighted by g4
Told
B Tew

1 Actions with larger Q will be more likely to be selected
2 The policy acts like a stochastic analogy of e-greedy An explanation for discrete actions

ICML22 13/16
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Relative Entropy Policy Search (REPS)

A similar update rule was derived in REPS®:

max J(m)

—  w(als) = 4(s,a) exp (;9(s,a))
s.t. Dx(p™[lq) < e 3 9(5.b) exp (Lo (5. b))

® p"(s,a) = d"(s)m(als) is the state-action distribution generated by =
® g(s,a) is the observed data distribution

® Jy(s,a) is the Bellman error

3J. Peters et al. (2010). “Relative Entropy Policy Search”. In: Proceedings of the Twenty-Fourth AAAI Conference on Atrtificial Intelligence. AAAI'10. Atlanta,
Georgia: AAAI Press, pp. 1607-1612

ICML22 14/16
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Relative Entropy Policy Search (REPS)

A similar update rule was derived in REPS®:

max () el = q(s,a) exp (;00(s,a))

s.t. Dee(p™llg) < e 2,45, b) exp (£04(s,b))

® p"(s,a) = d"(s)m(als) is the state-action distribution generated by =
® g(s,a) is the observed data distribution

® Jy(s,a) is the Bellman error

If g is generated by 7,14, i.€. g(s,a) = d™(s)mq4(als), then our update rule is obtained by replacing
do(s,a) with Ar_,(s,a).

3J. Peters et al. (2010). “Relative Entropy Policy Search”. In: Proceedings of the Twenty-Fourth AAAI Conference on Atrtificial Intelligence. AAAI'10. Atlanta,
Georgia: AAAI Press, pp. 1607-1612

ICML22 14/16
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Relative Entropy Policy Search (REPS)

[e]e]e] lo} [e]e]e}

A similar update rule was derived in REPS®:

max () el = q(s,a) exp (;00(s,a))

B > pq(s,b)exp (%69(& b))

s.t. DKL(]?WHq) <e

However, REPS
¢ only applies to discrete actions

® needs to optimize the dual problem to determine the Lagrange multiplier n
® no monotonic improvement guarantee

3J. Peters et al. (2010). “Relative Entropy Policy Search”. In: Proceedings of the Twenty-Fourth AAAI Conference on Atrtificial Intelligence. AAAI'10. Atlanta,
Georgia: AAAI Press, pp. 1607-1612

ICML22 14/16
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Soft Actor-Critic (SAC)

We can derive SAC*® as a special case of our update rule. Note that
( | ) ( | ) Qo (5:8) = Vrgg0))/ Cr g
T, als) = m, als) -
e oud |:6(Q""old (5:8) =Vorgq))/ C"'old:|

]Eu"’ﬂ'o]d

1
= 7 exp (Qﬂ'old (57 a)/Cﬂ'old + log 7T01d(0|5)),

where Z = Eyor, [eQ"old (5’“)/(7”01«1} . To optimize a policy 7, we can minimize the KL of 7 and mpey:

exp Léﬁom(sa')
min D | 7(-[s) (C”°‘dz ) (1)

where Q... = Qr..,(5,a) + Cr, log To1q(als) is the soft Q-function.

4T Haarnoja et al. (Oct. 2018b). “Soft Actor-Critic: Off-Policy Maximum Entropy Deep Reinforcement Learning with a Stochastic Actor”. In: Proceedings of the

35th International Conference on Machine Learning. Vol. 80. Proceedings of Machine Learning Research. PMLR, pp. 1861-1870

ICML22 15/16
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Conclusion & Future Work

1 Monotonic Guarantee and Function Approximation

2 Tightness of the Bound in Terms of ~

3 Simultaneous Update for Multi-Agent RL
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Conclusion & Future Work

1 Monotonic Guarantee and Function Approximation

exp{Aﬂ' 1d /Cﬂ' ld} ’yz
Thew = Told * 2 o , where C, , = ——= - max|A,,(5,a)|.
ew =0l exp{A e /Co)] 1% Ar (5,0

(1 =)

2 Tightness of the Bound in Terms of ~

3 Simultaneous Update for Multi-Agent RL
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Conclusion & Future Work

1 Monotonic Guarantee and Function Approximation

eXp{Aﬂ- 1d /Cﬂ' ld} ’72
Tnew = Told * ; 2 , where C, , = ——
" ¢ EﬂNFold [exp{AWold/CWold H “ (1 - 7)3

- max |Ar,.(s,a)].

2 Tightness of the Bound in Terms of ~
1
(') — Lo (n")| < mCWEM [Dx[7[|7](5)]

3 Simultaneous Update for Multi-Agent RL
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Conclusion & Future Work

1 Monotonic Guarantee and Function Approximation

exp{Aﬂ' 1d /Cﬂ' ld} ’yz
= . o o where C, , = ——— -max|A s, a)l.
ﬂ-new ﬂ-Old EﬂNﬂ'old [exp{Aﬂ'old/Cﬂ'old }} , S’uX ‘ TrOld( ’ )|

(=)
2 Tightness of the Bound in Terms of ~

(') — Lo (n")| < ﬁcﬂﬂiwdﬂ [Dx[7[|7](5)]

3 Simultaneous Update for Multi-Agent RL

. . Aol . .

o =T cr and 7! =mx

new — “told * Qo new — “‘old
]Ea"‘ﬂ'old [e °ld}

ICML22 16/16
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