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Problem Formulation: Robust MD

“ Environmental state s,.

% Agent takes action a, ~ policy z( - |s,).

% Environment transitions to the next state s, , ~ transition kernel p( - |s,, a,).
+» Agent receives cost ¢, = c(s,, a,, S, 1)
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Problem Formulation: Robust MD

“ Environmental state s,.

% Agent takes action a, ~ policy z( - |s,).

% Environment transitions to the next state s, , ~ transition kernel p( - |s,, a,).
+» Agent receives cost ¢, = c(s,, a,, S, 1)

% Transition Kernel p € ambiguity set &, which is convex, compact and s-rectangular:
P =X,co P, Wwhere P = {p(-|s,-)}

+»» Objective of Robust MDP:

min max J (7, p) := [Eﬂ,plz HAR p]
1=0

rell pe»




Policy Gradient Methods are Practical

¢ 3 Methods for Robust MDP:
« Value iteration
e Policy iteration
e Policy gradient

+» Policy Gradient Methods are practical with advantages:
e Simple implementation

« Many successes in real world

« Scalable to large state and action spaces




Our Contributions:

¢ Our Contributions: Improve Policy Gradient for s-rectangular robust MDP

e Acceleration in deterministic setting: O(e~*)(SOTA) \\ O(¢ > Ine~")(Our Algorithm 1)
e Extend to Stochastic setting for the first time (Algorithm 1->2).
e Extend to Stochastic+Large State Space for the first time (Algorithm 2—>3).

e Our Algorithms 1-3 are also the first policy gradient methods to solve
Entropy Regularized Robust MDP.




Entropy Regularized Robust MDP

** Entropy Regularized Robust MDP with coefficient 7 > 0:

minmaxJ, (z,p) :=E,, [ Z Y'leArinn(a,|s,)]| sy~ p]

I1
r€ll pePr =0

= Special case: Robust MDP (7 = ()
def

min { ® (7) = max J, (7, p) }
nell pepr "’




Entropy Regularized Robust MDP

** Entropy Regularized Robust MDP with coefficient 7 > 0:

min max J, (7, p) = [E”’plz YleArInz(a,|s)]| sy~ p]

ell
i3 PEDR =0

= Special case: Robust MDP (7 = ()

min { () p(n) L max J p o7, p) }
nell pepr "’

Proposition 1: 7 is (¢, 7)-Nash equilibrium to Entropy Regularized Robust MDP, i.e.,

J, (7, p) — 523 J,.(7',p) < e, ;I}Ea; S, 7, p) —J, (7,p) < €

= s is also [€ + O(7)]-optimal robust policy to Robust MDP, i.e.,

© ,(7) < min @ (7') + € + O(7)
r'ell




Algorithm 1: Accelerated Policy Gradient (Deterministic)

¢ Strong Duality holds for Entropy Regularized Robust MDP:

min maxJ (7, p) < max [ (p) = mmJ 7, P)]
rell pe PEP rell




Algorithm 1: Accelerated Policy Gradient (Deterministic)

» Strong Duality holds for Entropy Regularized Robust MDP:

. def .
min max J, (7, p) < max [F »2(D) = min J, A7, p)]
rn€ll peP PEP rmell

< Become Smooth:VF, (p) = V,J, (7,,p) where 7, := argmin_J, (r,p) (unique).
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Algorithm 1: Accelerated Policy Gradient (Deterministic)

» Strong Duality holds for Entropy Regularized Robust MDP:

. def .
min max J, (7, p) < max [F »2(D) = minJ (T, p)]
rn€ll peP PEP rmell

< Become Smooth:VF, (p) = V,J, (7,,p) where 7, := argmin_J, (r,p) (unique).

3!

& Outer loop: p,,; = proj,(p, + BV, J, (7.p)), Where z, ~ 7, := argmin_J, (r.p,).
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Algorithm 1: Accelerated Policy Gradient (Deterministic)

» Strong Duality holds for Entropy Regularized Robust MDP:

. def .
min max J, (7, p) < max [F »2(D) = minJ (T, p)]
rn€ll peP PEP rmell

< Become Smooth:VF, (p) = V,J, (7,,p) where 7, := argmin_J, (r,p) (unique).

3!

& Outer loop: p,,; = proj,(p, + BV, J, (7.p)), Where z, ~ 7, := argmin_J, (r.p,).

% Inner loop: Get 7, ~ 7, via natural policy gradient method:

ﬂQt,k(Sa . )]

Ty 8) o (- |s)eXp[ —
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Algorithm 1: Accelerated Policy Gradient (Deterministic)

» Strong Duality holds for Entropy Regularized Robust MDP:

. def .
min max J, (7, p) < max [F »2(D) = minJ (T, p)]
rn€ll peP PEP rell

< Become Smooth:VF, (p) = V,J, (7,,p) where 7, := argmin_J, (r,p) (unique).

3!

& Outer loop: p,,; = proj,(p, + BV, J, (7.p)), Where z, ~ 7, := argmin_J, (r.p,).

% Inner loop: Get 7, ~ 7, via natural policy gradient method:

ﬂQt,k(Sa . )]

Ty 8) o (- |s)exp[ —

% |teration complexity (deterministic: can access exact O(s,a) and VJ):
O(e~H(SOTA) \, O(e > Ine~")(Our Algorithm 1)
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Algorithm 2 (Extend Algorithm 1 to Stochastic Setting)

% Estimate Q_(x, p) via temporal difference (TD):

Q1S5 a,) = q,(5,,a,) +a [c(sn, a,,s,) +rlnn(a,ls,) +yq,(s,.a,)—q,s, an)]

_ def
= output : gy = — Z g, = Q7 p)
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Algorithm 2 (Extend Algorithm 1 to Stochastic Setting)

% Estimate Q_(x, p) via temporal difference (TD):
1 (S A) = (5,0 @) + | c(sys @y, 57) + TIn (A, |'5,) + 7,057, @) — G, (S, @)

= output : gr, = —an Q.(r,p)

% Estimate gradient V,J, via sample average:

Vp]pT(JZ' p)(s,a,s’) = N(l — 7/)

Zﬂ(als)ﬂ{slH = S}[C(S a, s)+rln7r(a|s)+}/z n(a’ |s)qT(s’ a’)]
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Algorithm 2 (Extend Algorithm 1 to Stochastic Setting)

% Estimate Q_(x, p) via temporal difference (TD):
1 (S A) = (5,0 @) + | c(sys @y, 57) + TIn (A, |'5,) + 7,057, @) — G, (S, @)

= output : gr, = —an Q.(r,p)

% Estimate gradient V,J, via sample average:

Vp]pT(JZ' p)(s,a,s’) = N(l — 7/)

Zﬂ(als)ﬂ{slH = S}[C(S a, s)+rln7r(a|s)+}/z n(a’ |s)qT(s’ a’)]

< Sample complexity: O[e¢~"In(e™1)].
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Algorithm 3 (Extend Algorithm 2 to Large State Spaces)

< Linear Q function approximation: Q (., p;; s, a) = ¢(s, a)Twl,k via TD:

w1 =w, +ad(s,a)lc(s,a,s)+tinxla,ls,) +yd(s.,a) w, —¢Gs,,a) w]

T

1 1
= output : Wy, & - > w,
1

n=1
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Algorithm 3 (Extend Algorithm 2 to Large State Spaces)

< Linear Q function approximation: Q (., p;; s, a) = ¢(s, a)th,k via TD:

w1 =w, +ad(s,a)lc(s,a,s)+tinxla,ls,) +yd(s.,a) w, —¢Gs,,a) w]

Tl
_ def 1
= output : wr, « e Z w,
I =1

% Linear transition kernel approximation:pét(s’l s,a) =y(s,a, s’)Tft

1 i l/f(Si,H,.a d; Hp Si,H,-+1)
NI —y) = pesi g1 | Simp dimr)

Sir1 = proja(ét + ﬁﬁf‘]p,r(ﬂt’p@))

VoS T_
Ved, (. pe) = [C (S; by @i s Sip1) + TI07LG; 15 |85 ) + ¥P(S; 1> G ) WTI]
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Algorithm 3 (Extend Algorithm 2 to Large State Spaces)

< Linear Q function approximation: Q (., p;; s, a) = ¢(s, a)Twl,k via TD:

w1 =w, +ad(s,a)lc(s,a,s)+tinxla,ls,) +yd(s.,a) w, —¢Gs,,a) w]

Tl
_ def 1
= output : wr, « e Z w,
I =1

% Linear transition kernel approximation:pét(s’l s,a) =y(s,a, s’)Tft

1 i l/f(Si,H,.a d; Hp Si,H,-+1)
NI —y) = pesi g1 | Simp dimr)

Sir1 = projE(é:t + ﬁﬁf‘]p,r(ﬂt’p@))

VoS T_
Ved, (. pe) = [C (S; by @i s Sip1) + TI07LG; 15 |85 ) + ¥P(S; 1> G ) WTI]

< Sample complexity: O[¢~"In(e™1)].
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