Control-Oriented Model-Based Reinforcement
Learning with Implicit Differentiation

Evgenii Nikishin
with Romina Abachi, Rishabh Agarwal, Pierre-Luc Bacon

July 16, 2021



Main messages

e Maximum likelihood models in MBRL are
often suboptimal

e Bi-level optimization problems could be
solved using implicit differentiation
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RL problem statement

Markov Decision Process (MDP):

T| Agent |
state reward action
5, T a;
o T

Environment [

T

e Environment states s; € S * Agent policy a; ~ w(at|st)
e Agentactionsa; € A e State transitions
 Rewards r(s;,a;) € R St4+1 ~ p(St41]st, ar)

e Initial state so ~ po e Discount factor v € [0,1)

Objective agent seeks to maximize:

J(m) =E, [Z Wtr(st,at)]
=0



Q-learning: model-free RL

Action-value function:

Qﬂ'(s’a) = Eﬂ' [Z ’YtT(Sta a’t)|50 = S,a0 = (Z‘|

t=0

Q*(s,a) = max Qr(s,a) = Qr.(s,a)
Bellman optimality equation:

Q*(S’ a,) = BCQ*(S7 a,) = Es’fvp(s’\s,a) [’F(S, a) + ’}/Hta/,x Q*(S/7 a/)} .

Simplest RL method: apply fixed point iteration to get Q*.



Dyna: model-based RL

Q-learning does not assume the knowledge of p(s'|s,a) and
r(s,a).

What if we estimate them from data?

"[Rajeswaran et al., 2020]



Dyna: model-based RL

Q-learning does not assume the knowledge of p(s’|s,a) and
r(s,a).

What if we estimate them from data?
The optimization problem becomes’:
max J(m,0), mein 0, 0),

where ¢ is typically the negative log-likelihood.

"[Rajeswaran et al., 2020]
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Discussion

What rg and py will focus on??
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Can we train ry and py to directly optimize J?

2[Kaiser et al., 2019]



Learning models that optimize returns

Incorporate model as a constraint:

maximize J(7q)
st. Q(s,a) = B°Q(s,a) Vs,a,

exp (Q(s, a))
2o exp (Q(s,d))

where mg(als) =

Q is used to act in the true MDP
but tries to satisfy Bellman equation given by model 6.



Optimal Model Design3

Suppose there exists an implicit function ¢(6) = Q* such
that for Q* the constraint is satisfied:

Q*(S’ a) = BQQ*(S’ a)

We have the following computation graph:

Planning Acting
Model | Q* . Loss
IFT Backprop

3[Bacon et al., 2019]



Implicit function theorem

Let f: © x W — W. Suppose ¢(0) = w* such that f(6,w*) = 0,
then:

de(9) _ (afw,w*))‘l Of (O, w)

do ow 00
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Implicit function theorem

Let f: © x W — W. Suppose ¢(0) = w* such that f(6,w*) = 0,
then:

de() _ (af(e,w*)>—1 0f(6,w)
e w 90

1d proof:
df =0
of(0,w") of(l,w*) , . _
50 do + B dw* =0
of(f, w) 9f (6, w")

Em dw =30 do

dw* <af(0,w*)>—1 Of(6,w")
o ow a0




When should we prefer OMD?
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Control-oriented MBRL is preferrable under the model
misspecification.
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OMD model likelihood
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The learned dynamics py(s’|s, a) does not resemble real
next states, but produce a useful update for Q.



Further details

Theoretical analyses:
* (Q*-equivalent models* are OMD solutions;
e OMD enjoys a tighter Q* approximation bound.

Surprises:
e Approximations of the IFT inverse term?;
e K inner loop steps (even 1 is OK).

4[Grimm et al., 2020]
5[Lorraine et al., 2020]



Discussion

Summary:
* End-to-end control-oriented model learning with IFT,;
* Bi-level optimization:

get Q* in the inner loop, optimize 6 in the outer loop;

e Search over simpler models (preferable under the model
misspecification).

Takeaways:
e Optimize what you really care about;
e Try IFT in your research!
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OMD problem statement

maximize J(mq) £ Eq, [Z ’ytr(st,at)]
=0

st Q(s,a) = BGQ(s,a) Vs, a
1
where BeQ(s, a) 2 rg(s,a) + VOB oy (5715,0) log%: exp o (Q(s',a"))

exp (5 Q(s,a))

TR = 5 exp (1005, )

Computational graph and it's derivatives:

0J(6) _ 0J(r) Om(Q") p(6)
900 o 0Q* 00
—— ) N——
PG softmax IFT

ex act
05 Q=2 1 2%



OMD with function approximation

Q(s,a) = BYQ(s,a) Vs,a is impractical for non-tabular
MDPs. Replace the constraint:
OL(O,w) , O

. a0 0 2 _
Su bJeCt to —8’11) Ow Es,a[Qw(sa a) B Qw(37 a)] 0



OMD with function approximation

Q(s,a) = BYQ(s,a) Vs,a is impractical for non-tabular
MDPs. Replace the constraint:
OL(O,w) , O

. a O Y 2 _
subject to e 8wES’“[Qw(S’ a) — B'Qu(s,a)] 0

The overall expression for 6 gradient:

L OPL(,w)

000w

0J(0) oJ(wy) [0?L(0,w*)
00  dw ( )

- ow?



Characterization of OMD solution set

The models with parameters 6 and 0’ are Q*-equivalent if

BOQ*(S, a) = BG/Q*(s,a) Vse S,a € A (1)

The set of all Q*-equivalent models (there are many!) forms
an equivalence class O¢-.

If log-sum-exp temperature o — 0 and 6 are any model
parameters from the equivalence class ©¢-, then (Q*,0) is an
OMD solution.




Q* approximation bound

Theorem 2. (Q* approximation error) Let Q* be the optimal action-value function for the true MDP.
Let Qomp and Qg be the fixed points of the Bellman optimality operators for approximate OMD
and MLE models respectively. Then,

o If the MLE dynamics p and reward + have the bounded errors
max,q |[p(-|s,a) —D(:|s,a)|l; = €p and max,, |r(s,a) —7(s,a)] = e, and the
reward function is bounded r(s,a) € [0, Tmax| Vs,a, we have

€r Y€pTmax |

* _ A < _Itpimax
max|Q"(s,a) QMLE(S’“)‘ ST, Ty

e If the Bellman optimality operator induced by the OMD model 0 has the bounded error
max, , |BQomp(s,a) — B’Qomp (s, a)| = ¢, we have
€

H;%LX ’Q*(s7 a) — C?OMD(& a)‘ < ﬁ



Pseudo code

Algorithm 1 Model Based RL with Optimal Model Design

Input: Initial parameters w and 6, empty replay buffer D.
repeat
Set s to the current state, sample an action a using softmax over Q. (s, a).
Take the action a, observe r = r(s, a), s’ ~ p(s'|s,a), add (s,a,s’,r) to D.
fori =1to K do
Sample (s, a) from D, apply the model to get r = ry(s,a), s’ ~ po(s'|s,a).
Update Q,, parameters w to minimize L(6, w).
end for
Update model parameters 6 according to (13).
until the maximum number of interactions is reached




Implicit differentiation in JAX

@partial (custom_vjp, nondiff_argnums=(0, 3))
def root_solve(f, w0, p, solver):
return solver(f, w0, p)

def fwd(f, w0, p, solver):
sol = root_solve(f, wO, p, solver)
return sol, (sol, p)

def rev(f, solver, res, g):

sol, p = res

_, dp_vjp = vjp(lambda y: f(y, sol), p)

if USE_IDENTITY_INVERSE:
vdp = dp_vjp(-g)[0]

else:
_, dsol_vjp = vjp(lambda w: f(p, w), sol)
vdsoli = cg(lambda v: dsol_vjp(v)[0], g)
vdp = dp_vjp(-vdsoli[0]) [0]

return jnp.zeros_like(sol), vdp

root_solve.defvjp(fwd, rev)

sol = root_solve(f, wO, p, solver)
# solver returmns sol: f(p, sol) = 0
# sol is differentiable w.r.t. p
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