Attacking the Off-Policy
Problem with Duality
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Off-Policy Reinforcement Learning

e A policy acts on an environment.
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e In a general off-policy setting, access to the environment is restricted to a
fixed dataset of transitions (s, a,r,s') ~ d>.
e But we still want to do RL (policy eval, policy opt, etc.).



The Problem

e How to do RL in the off-policy setting?

e Challenges:

o Lack of explicit knowledge of environment dynamics means that
correcting for distribution shift between on-policy and off-policy
state-action distributions is difficult.

o Limited data can exacerbate extrapolation and generalization issues in
standard algorithms.



This Talk

e Approach to off-policy RL via convex duality.

e Policy evaluation / optimization can be expressed as linear programs (LPs).
o Primal LP variables correspond to Q™.
o Dual LP variables correspond to d™.

e Distribution shift problem can be attacked by regularizing dual variables.
e Generalization problem can be attacked by regularizing primal variables.



RL As an LP

Many RL problems can be expressed as linear programs (LP)



RLAs an LP This is the Q-LP.

Many RL problems can be expressed as linear programs (LP)

For example, policy evaluation in primal form

p(ﬂ') — Hgn (1 - ’Y) i anwﬂ(so)[Q(Sm aO)]

So~Ho

s.t. Q(37 a’) 7 R(Sv a’) T+ fPWQ(‘% a’)7
V(s,a) € S x A.



RL As an LP This is the Q-LP.

Many RL problems can be expressed as linear programs (LP)

For example, policy evaluation in primal form

p(ﬂ') = rrgn (1 — ’}’) . anwﬂ(so)[Q(So, ao)] Q-values

S0~HO

s.t. Q(S, a) > R(S, a) =yt » PWQ(S, a), Bellman operator
V(s,a) € S x A.

Policy value

Q* = Q™ (Q-values of x)



RLAs an LP This is the Q-LP.

Many RL problems can be expressed as linear programs (LP)

For example, policy evaluation in primal form

p(ﬂ') = mén (1 — ’}’) . anwﬂ(so)[Q(So, ao)] Q-values

S0~HO

s.t. Q(S, a) > R(S, a) =yt » PWQ(S, a), Bellman operator
V(S, a’) €5 x A Q* = Q" (Q-values of x)

Policy value

& dual form

p(m) =max Y d(s,a)- R(s,a)

s.t. d(s,a) = (1 — y)uo(s)mw(als) + v - Pld(s,a),
Vs € S,a € A.



RL As an LP This is the Q-LP.

Many RL problems can be expressed as linear programs (LP)

For example, policy evaluation in primal form

p(ﬂ') = rrgn (1 — ’}’) . anwﬂ(so)[Q(So, ao)] Q-values

Policy value Sor=po
s.t. Q(S, a) > R(S, a) =yt » PWQ(S, a), Bellman operator
V(S’ CL) €5 x A Q* = Q™ (Q-values of )
& dual form
p(ﬂ') = mgg( Z d(s, a) : R(S, CL) d is a distribution
Policy value A d* = d* (on-policy distribution)
s.t. d(s,a) = (1 — y)uo(s)mw(als) + v - Pld(s,a),
Vs € S.a € A. Transpose Bellman operator

“Flow” constraints



Beyond LP Duality: Convex Duality

Whether you are in primal or dual, LP has lots of constraints.

Hard to handle all the constraints in stochastic, offline settings. (If we could write
down all the constraints, we could just apply standard LP solvers.)

Convex duality enables us to circumvent intractable constraints by applying
convex regularizers.

Picking the right regularizer is key!



Attacking Distribution Shift

e Challenges:
o Lack of explicit knowledge of environment dynamics means that
correcting for distribution shift between on-policy and off-policy
state-action distributions is difficult.

Policy evaluation / optimization can be expressed as linear programs (LPs).
o Primal LP variables correspond to Q~.
o Dual LP variables correspond to d”.

Distribution shift problem can be attacked by regularizing dual variables.




Regularizing the Dual



Regularizing the Dual
Dual LP:

p(m) = max Y d(s,a) - R(s,a)

s.t. d(s,a) = (1 —y)uo(s)w(als) + v - Prd(s,a),
Vs € S,a € A.



Regularizing the Dual
Dual LP:

p(m) = max Y d(s,a)- R(s,a)

s.t. d(s,a) = (1 —y)uo(s)w(als) + v - Prd(s,a),
Vs € S,a € A.

LP for regularized policy value:
p(m) — Ds(d™||dP) = max — Dy(d||dP) + > " d(s,a) - R(s,a)

s.b. d(s,a) = (1 — y)po(s)w(als) + v - Pd(s, a),
Vs € S,a € A.



Regularizing the Dual
Dual LP:

p(m) = max Y d(s,a)- R(s,a)

s.t. d(s,a) = (1 —y)uo(s)w(als) + v - Prd(s,a),
Vs € S,a € A.

_ . Reference
LP for regularized policy value: '/\ distribution (fixed)

p(m) — Dy(d"|dP) = max — Dy(dd®) + Y d(s, a) - R(s,a)

s.b. d(s,a) = (1 — y)po(s)w(als) + v - Pd(s, a),
Vs € S,a € A.



Regularizing the Dual

Dual LP:
Zd s,a) - R(s,a)
d>0
gt d(s,a) = (1 — y)uo(s)m(als) + v - Prd(s, a),
Vs € S,a € A.
Reference
LP for regularized policy value: '/\distribution (fixed)

p(m) — Dy(d"|dP) = max — Dy(dd®) + Y d(s, a) - R(s,a)

s.t. d(s,a) = (1 — y)wo(s)mw(als) + v - Pld(s,a),
Vs € S,a € A.
Note: Regularization doesn’t change the fact that d* = d™, because |S|*|A]
constraints uniquely determine optimal d* = d™ regardless of objective.



Convex Duality with Regularized Dual

Replace LP objective with f-divergence from offline state-action distribution.
p(m) — Dy (d™||dP) = max — Dy(d||dP) + Y " d(s,a) - R(s,a)

s.t. d(s,a) = (1 —7)po(s)m(als) + - Pid(s, a),
Vs € S,a € A.

Optimal d* is still d™.
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Replace LP objective with f-divergence from offline state-action distribution.
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Convex Duality with Regularized Dual

Replace LP objective with f-divergence from offline state-action distribution.
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Q 80~ 10
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constraints are now
penalties
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Convex Duality with Regularized Dual

Replace LP objective with f-divergence from offline state-action distribution.

p(m) — Dy(d"[[d”) = max — Dy(d|ld®) + 3 d(s,a) - R(s, a)

s.t. d(s,a) = (1 —7)po(s)m(als) + - Pid(s, a),
Vs € S,a € A.

Optimal d* is still d™.
Take convex dual:

ngn (1 - ’7) ’ EGONW(SO)
S0~HLO

Original h(d) := Dy(d||d”) — (d, R)
Dual  h.() = Eao[£:(")]

[Q (0, a0)] + B ay<an] /-

R(S: a’) +7'PWQ(S7 CL) _Q(Sa a’)

off-policy

constraints are now
penalties



Convex Duality for Policy Optimization
Regularized policy optimization via max-min
mfx Hgn (1 _7) 'EaONW(SO) [Q(307 aO)] +]E(S,a)~d7’ [f* (R(Sa a’) +7"P7TQ(37 a) - Q(S, a))]

S0~ 1O



Convex Duality for Policy Optimization

Regularized policy optimization via max-min

maxmin (1-7)Eayn(a) (@50, 60)] + E syl Fol B, ) 7 P Q(5,0)— Q(5, )]

S04 H0 sort of Q-learning / actor-critic



Convex Duality for Policy Optimization

Regularized policy optimization via max-min

mfx Hgn (1 _7) 'EaONW(SO) [Q(307 aO)] +]E|(S,a)~d7’ }}*(R(S, a’) +7"P7TQ(37 a) — Q(S, a))]

o off-policy ~ sort of Q-learning / actor-critic



Convex Duality for Policy Optimization
Regularized policy optimization via max-min
mgx rrgn (1 _7) 'anwﬂ'(so) [Q(307 aO)] +]E(s,a)~dD [.f* (R(Sa a’) +7°’PWQ(37 a‘) - Q(S, a’))]

80~ 110

What's the gradient of the inner objective w.r.t. 1?7
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Convex Duality for Policy Optimization
Regularized policy optimization via max-min
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Convex Duality for Policy Optimization
Regularized policy optimization via max-min
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Convex Duality for Policy Optimization
Regularized policy optimization via max-min
m,?‘x I'Ibin (1 _7) 'EGONW(SO)[Q(SO) aO)] +E(s,a)~dp [f* (R(Sa a’) +IY°’P7TQ(87 a’) - Q(sa a’))]

S0~ HO

What's the gradient of the inner objective w.r.t. 1?7

Chain rule will give us this term:

d°(s,a) - f(R(s,a) +YP"Q"(s,a) — Q*(s,a))
Convex duality tells us this is d*:

d°(s,a) - fi(R(s,a) + 7P"Q"(s,a) — Q"(s,a)) = d*(s,a) = d"(s,a)

— Off-policy correction naturally comes from Q* values.
— On-policy gradient from off-policy data.



Attacking Generalization

e Challenges:
o Limited data can exacerbate extrapolation and generalization issues in
standard algorithms.

e Policy evaluation / optimization can be expressed as linear programs (LPs).
o Primal LP variables correspond to Q.
o Dual LP variables correspond to d”.

e Generalization problem can be attacked by regularizing primal variables.




Generalization in the Primal LP



Generalization in the Primal LP

Q-LP: p(m) = mén (1 —=17) - Eggrn(so) (@ (S0, a0)]
S0~ HO

st. Q(s,a) > R(s,a) + v P"Q(s, ),
V(s,a) € § x A.



Generalization in the Primal LP

Q-LP: p(m) = mén (1—=7) 'Ea%NLTLso)[Q(‘gO? )]
st. Q(s,a) > R(s,a) +7 - P"Q(s, ),
V(s,a) € § x A.

What does generalization mean here?



Generalization in the Primal LP

Q-LP: p(r) = min (1-7)- EQOSNEL%O)[Q(SO, ao)]
s.t. Q(s,a) > R(s,a) +v-P"Q(s, a),
V(s,a) € § x A.

What does generalization mean here?
Constraint is missing for (s,a) that policy = visits leads to p(7) — —o0



Generalization in the Primal LP

Q-LP: p(m) = min (1—7)- Ea%NELso)[Q(So, ap)]
S.t. Q(S, a) > R(S, CI,) ying i PwQ(Sa a’)7
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Natural to “regularize” primal by constraining it to some function class JF.



Generalization in the Primal LP

Q-LP: p(r) = min (1—7)- Ea%:EL%O)[Q(So, ao)]
s.t. Q(s,a) > R(s,a) +7v-P"Q(s, a),
V(s,a) € § x A.

What does generalization mean here?
Constraint is missing for (s,a) that policy = visits leads to p(7) — —o0

Natural to “regularize” primal by constraining it to some function class JF.

Take F to be unit ball in RKHS.

F:={Q € RKHS, s.t. ||Q|| < 1}



Regularizing the Primal

QLP min (1 =) - Eqgrr(so) (@ (S0, @0)] + 0),,<1(Q)

Q S0~ L0

s.t. Q(s,a) 2 R(s,a) +v - P"Q(s, a),
V(s,a) € S x A.



Regularizing the Primal

QLP min (1 =) - Eqgrr(so) (@ (S0, @0)] + 0),,<1(Q)

Q S0~ ko

s.t. Q(s,a) 2 R(s,a) +v - P"Q(s, a),
V(s,a) € S x A.

Apply convex duality:

max (d, R) — [|d — (1 =) - pom — v Pid||n



Regularizing the Primal

Q-LP: mén (1 — ’y) . Ea%gﬂ.l%o)[Q(So, ao)] + 5||||%§1(Q)
s.t. Q(s,a) > R(s,a) +7-P"Q(s,a),
V(s,a) € S x A.

Apply convex duality:

max (d, R) —|lld — (1 =) - pom — v - Pid||n

constraints are now penalties



Regularizing the Primal

QLP: Hgn (1 — ’Y) : anwwl(tso)[Q(sm CL())] T 5||||’H§1(Q)
S0~ KO
S.t. Q(S, (l) 2 R(S, a) + ’Y : PWQ('S) a‘)) Norm constraint — Norm penalty
V(s,a) € S x A.

Apply convex duality:

max (d, R) —lld — (1 —7) - pom — v - Pid|ly

constraints are now penalties



Why Did We Choose RKHS?

max (d, R) — ||d — (1 =) - porm — v - Pid||n



Why Did We Choose RKHS’?

max (d, R) — || < pom — v - Pld||x
d>0
Kernel trick: /‘\ / \\ 1/2
max (d, (s,0,3,a)] (sa)~d [K(3,0,3,a)] a)~Bralk a,g,a)])
d>0 (~ )Nd (5,a) ~B d 5 NB”d



Why Did We Choose RKHS’?

max (d, R) — || < pom — v - Pld||x

d>0
Kernel trick: ‘\ / \\ 1/2
max (d, (s,0,3,a)] (sa)~d [K(3,0,3,a)] a)~Bralk a,g,a)])
d>0 (~ )Nd saNB’fd 5 NB“d

Energy distance:

max (d, R) —
d>0

1/2
(2E (sa)~d [1(8,a) = (8,8)]2] — E(sa)nalll(s, @) — (8,8)[]2] — E(s0)malll(s;a) — (5,&)||2]>

(3,8)~B"d (3,6)~d (3,6)~B"d



Why Did We Choose RKHS’?

max (d, R) — o — v - Prd||

e @[T =) por =7 Prd)u

Kernel trick: /‘\ \ 1/2

max <d R (o (s,a,5,a)] —2E (4, $,0,5,a)] +E o) ~pralk a,.§,d)])
d>0 (‘s' a)wd (3,a NB"d § a)~B"d

Energy distance:

max (d, R) —
d>0

1/2
1[(s,a) — (8,8)|[2] — E(s,0)~mralll(s,a) — (5,&)Ilz]>

(2E ard [1(5,0) = (3,@)][2] — Eo
(5& = (~ )NBWd

s,a)~d
NB*d (§,a)~d

Implicitly constraints Q-values to be smooth, especially when data is missing.



Why Did We Choose RKHS’?

max (d, R) — o — v - Prd||

e @[T =) por =7 Prd)u

Kernel trick: /‘\ \ 1/2

max <d R (o (s,a,5,a)] —2E (4, $,0,5,a)] +E o) ~pralk a,.§,d)])
d>0 (‘s' a)wd (3,a NB"d § a)~B"d

Energy distance:

max <d, R> _ Good representation is key!
d>0
1/2
(zE wared 1105, @) = (5, @)]1s] = Eqs.apalll(5:0) — (3, 8)l2] — Eqoaysralll (5, @) — (5,&)“2])
(§d~B’*’d (5.8)~d (~ )NB”d

Implicitly constraints Q-values to be smooth, especially when data is missing.



Regularizing the Primal - Making it Off-Policy

max (d, R) — ||d — (1 =) - por — - Pid||n



Regularizing the Primal - Making it Off-Policy

max (d, R) — om — v - Prd|

na 1] pom — ¥ - Pid||y

Kernel trick: /‘\ / \ 1/2
max (d, (s,0,3,a)] (o a)~Bralk a,§,d)])
d>0 (~ )Nd sa ~B d 5 NB“d



Regularizing the Primal - Making it Off-Policy

max (d, R) — T —- P
e ld]- - pom — 7y - Pld||x
Kernel trick: /‘\ / \\ 1/2
max (d, (s,0,3,a)] (sa)~d [K(3,0,3,a)] a)~Bralk a,g,a)])
d>0 (~ )Nd (5,a) ~B d 5 NB“d
_ ™
Off-policy: ((s,a) :=d(s,a)/d"(s,a)




Regularizing the Primal - Making it Off-Policy

max (d, R) — || - pom — 7y - Prd||x
d>0
Kernel trick: ‘\ / \\ 1/2
max < S a,S,af sawd a,$, a’ NBﬁd a’g7d)])
d>0 e it Fa)si
| ™
Off-policy: C(s,a) = d(s,a)/d" (s, a)
max EdD [C(S, a) : R(Sa a)] o )

(>0

1/2
<E(s,a)~dz [{(s,a)¢(3,a)k(s,a,5,a)] —2E  (sq~ar  [((s,a)C(5,a)k(s,a,8,a)] + IE( )Ndvx,r[g“(s, a)((3,a)k(s',a’, &, d')])
(3,a)~d (3,a,8",a')~dPxm (3,a,8",a")~dPxm

(for y = 1; case of y < 1 is slightly different)



Summary and Looking Ahead

e Distribution shift problem can be attacked by regularizing dual variables.

(@)

(@)
(@)
(@)

Application to policy evaluation: “DualDICE” (Nachum, et al. 2019)

Application to policy optimization: “AlgaeDICE” (Nachum, et al. 2019), “REPS” (Peters 2010)
Application to imitation learning: “ValueDICE” (Kostrikov, et al. 2019)

Other applications?

e Generalization problem can be attacked by regularizing primal variables.

@)

(@)

(@)

Application to policy evaluation: “MWL” (Uehara, et al. 2019); also, Liu/Li/Tang/Zhou (2018)
Application to policy optimization: Liu/Swaminathan/Agarwal/Brunskill (2019)
Other applications?

e Choice of regularizer is key! What choices are we overlooking?



