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Abstract

We propose a novel approach to addressing two
fundamental challenges in Model-based Rein-
forcement Learning (MBRL): the computational
expense of repeatedly finding a good policy in
the learned model, and the objective mismatch be-
tween model fitting and policy computation. Our
“lazy” method leverages a novel unified objective,
Performance Difference via Advantage in Model,
to capture the performance difference between the
learned policy and expert policy under the true dy-
namics. This objective demonstrates that optimiz-
ing the expected policy advantage in the learned
model under an exploration distribution is suffi-
cient for policy computation, resulting in a signif-
icant boost in computational efficiency compared
to traditional planning methods. Additionally, the
unified objective uses a value moment matching
term for model fitting, which is aligned with the
model’s usage during policy computation. We
present two no-regret algorithms to optimize the
proposed objective, and demonstrate their statisti-
cal and computational gains compared to existing
MBRL methods through simulated benchmarks.

1. Introduction

Model-based Reinforcement Learning (MBRL) methods
show great promise for real world applicability as they often
require remarkably fewer number of real world interactions
compared to model-free counterparts (Schrittwieser et al.,
2020; Hafner et al., 2023). The key idea is that, in contrast
to model-free RL that computes a policy directly from real
world data, we can perform the following iterative proce-
dure (Sutton & Barto, 2018): we fit a model that accurately
predicts the dynamics on the data collected so far using the
learned policy. Subsequently, we compute a policy through
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optimal planning in the learned model, and use it to collect
more data in the real world. This procedure is repeated until
a satisfactory policy is learned. Theoretical studies, such as
Ross & Bagnell (2012), have shown that this procedure can
find a near-optimal policy in a statistically efficient manner
under certain conditions, such as access to a good explo-
ration distribution and a rich enough model class, and this
has been validated by its good performance in practice.

However, there are two major challenges with the above
procedure. The policy computation step in each iteration
relies on solving the computationally expensive problem of
finding the best policy in the learned model. This can require
a number of interactions in the model that is exponential in
the task horizon (Kearns et al., 1999). Furthermore, recent
literature (Jiang, 2018; Vemula et al., 2020) has shown that
optimal planning in learned models can result in policies
that exploit inaccuracies in the learned model hindering fast
learning and statistical efficiency.

The second challenge pertains to the objective mismatch
between model fitting and policy computation that is exten-
sively studied in recent literature (Farahmand et al., 2017;
Lambert et al., 2020). The model fitting objective of min-
imizing prediction error is not necessarily related to the
objective of maximizing the performance of the policy, de-
rived from the model, in the real world. This results in a
mismatch of objectives used to fit the model, and how the
model is used when computing the policy through planning.
This is exacerbated in cases where the model class is not
realizable, i.e. no model in the model class can perfectly
explain true dynamics, which is often the case in real world
tasks (Joseph et al., 2013).

In this work, we propose a new decomposition of the per-
formance difference between the learned policy and expert
policy under true dynamics, which we coin as Performance
Difference via Advantage in Model. This leads to a unified
objective that informs two major changes to the existing
MBRL procedure. Instead of computing the optimal policy
in the learned model at each iteration, we optimize the ex-
pected policy advantage in the model under an exploration
distribution which only requires a number of interactions
in the model that is polynomial in the task horizon. For
model fitting, our new objective measures the similarity of
predicted and observed next states in terms of their value
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function in the learned model. This ensures that the model
is updated to be accurate in states that are critical for pol-
icy computation, and allows for inaccuracy in states that
are irrelevant. Therefore, our proposed unified objective
encourages “laziness” in both steps of the MBRL procedure,
solving both the computational expense and objective mis-
match challenges.

Our contributions in this paper are as follows:

* A unified objective for MBRL that is both computation-
ally more efficient in policy computation and resolves
the objective mismatch in model fitting.

* Two no-regret algorithms that leverage the laziness in
the proposed objective with tighter regret bounds than
those of Ross & Bagnell (2012).

* An empirical demonstration through simulated bench-
marks that our proposed algorithms result in both sta-
tistical and computational gains compared to existing
MBRL methods.

2. Related Work

Model-based RL Model-based Reinforcement Learning
and Optimal Control have been extensively researched in
the literature, with a long line of works (Ljung, 1998;
Morari & Lee, 1999; Sutton, 1991). Recent work has
made significant achievements in tasks with both low-
dimensional state spaces (Levine & Abbeel, 2014; Chua
et al., 2018; Schrittwieser et al., 2020) and high-dimensional
state spaces (Hafner et al., 2020; Wu et al., 2022). The-
oretical studies have also been conducted to analyze the
performance guarantees and sample complexity of model-
based methods (Abbasi-Yadkori & Szepesvari, 2011; Ross
& Bagnell, 2012; Tu & Recht, 2019; Sun et al., 2019a).
However, there is a common requirement among previous
works to compute the optimal policy from the learned model
at each iteration, using methods that range from value it-
eration (Azar et al., 2013) to black-box policy optimiza-
tion (Kakade et al., 2020; Song & Sun, 2021). In this work,
we show that computing the optimal policy in the learned
model is not necessary and propose a computationally ef-
ficient alternative that does not compromise performance
guarantees.

RL with exploration distribution In this work, as well as in
previous works such as Kakade & Langford (2002); Bagnell
et al. (2003); Ross & Bagnell (2014), we assume access to
an exploration distribution that allows us to exploit any prior
knowledge of the task to learn good policies quickly. We
also leverage a similar model-free policy search algorithm in
this work within the MBRL framework. Recent works in the
field of Hybrid Reinforcement Learning (Rajeswaran et al.,
2017; Vecerik et al., 2017; Nair et al., 2018; Hester et al.,

2018; Xie et al., 2021; Song et al., 2022) consider a related
setting where both an offline dataset and online access to
interact with environment are available. These works also
make use of exploration distributions or reference policies
that cover the state-action visitation distribution of the expert
policy and introduce various concentrability coefficients,
similar to our work.

Objective Mismatch in MBRL Recent works (Farahmand
et al., 2017; Lambert et al., 2020; Voloshin et al., 2021; Ey-
senbach et al., 2021) identified an objective mismatch issue
in MBRL, where there is a mismatch between the training
objective (finding the maximum likelihood estimate model)
and the true objective (finding the optimal policy in real
world). To address this issue, several works have proposed
to incorporate value-aware objectives during model fitting.
Farahmand et al. (2017); Grimm et al. (2020); Voloshin et al.
(2021) proposed to find models that can correctly predict
the expected successor values over a pre-defined set of value
functions and policies. Modhe et al. (2021) used model ad-
vantage under the learned policy as the objective for model
fitting and use planning to compute the policy. Modi et al.
(2020); Ayoub et al. (2020) present a similar approach where
model fitting uses a value targeted regression objective and
leverage optimism to only choose models that are consis-
tent with the data collected so far. However, their approach
assumes realizability in the model class, and requires solv-
ing an optimistic planning problem with the constructed
set of models. Instead, we propose a unified objective for
both policy and model learning from first principles that is
both value-aware and feasible to optimize using no-regret
algorithms.

Recent successful empirical approaches such as MuZero
(Schrittwieser et al., 2020) and Dreamer-v3 (Hafner et al.,
2023) also employ similar value-aware model learning ob-
jectives. However, we observe that these works don’t di-
rectly connect the quality of model learning to that of the
resulting policy. In other words, they propose value-aware
objectives, but don’t provide a clear theoretical result that
connects model quality to the resulting quality of learned
policy. That objective, as well as the simple strategies that
optimize it, using no-regret analysis, and the concomitant
performance guarantees are the heart of our theoretical con-
tribution.

3. Preliminaries

We assume the real world behaves according to an infi-
nite horizon discounted Markov Decision Process (MDP)
(S, A, M*, w,c,~), where S is the state space, A is the ac-
tion space, M* : S x A — A(S) is the transition dynamics,
c¢: 8 x A —[0,1] is the cost function, +y is the discount
factor, and w € A(S) is the initial state distribution with
A(S) defining the set of probability distributions on set S.
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Algorithm 1 Meta algorithm for MBRL
Require: Number of iterations 7', model class M, Policy
class II, exploration distribution v/
Initialize model My, € M
Compute policy 7; using ComputePolicy
fort=1,...,Tdo
Collect data in M™ by rolling out 7; or sampling
from v (with equal prob.) and add to dataset D;
Fit model M, to D; using FitModel
Compute policy 7441 using ComputePolicy
end for
Return Sequence of policies {7, } 71!

RN

@R

The true dynamics M™ is unknown but we can collect data
in real world. We assume cost function c is known, but our
results can be extended to the case where ¢ is unknown.

For any policy 7 : & — A(A), we denote D/, as state-
action distribution at time A if we started from an initial state
sampled from w and executed 7 until time A —1 in M*. This
can be generalized using Dy, = (1 —~) Y2, y" ' D} .
which is the state-action distribution over the infinite hori-
zon. In a similar fashion, we will use the notation d,, -
to denote the infinite horizon state distribution. We de-
note the value function of policy 7 under any transition
function M as V7 (s), the state-action value function as
Q7s(s,a) = c(s,a) + Eyonr(s,a) Vi (s'), and the perfor-
mance is defined as J§; () = Eg, [V (8)]- The goal is to
find a policy 7* = argmin_ o J5;. (7).

Similar to Ross & Bagnell (2012), our approach assumes
access to a state-action exploration distribution v to sample
from and allows us to guarantee small regret against any
policy with a state-action distribution close to v. If v is
close to D,, »~, then our approach guarantees near-optimal
performance. Good exploration distributions can often be
obtained in practice either from expert demonstrations, do-
main knowledge, or from a desired trajectory that we want
the system to follow.

3.1. MBRL Framework

The MBRL framework of Ross & Bagnell (2012) is de-
scribed as a meta algorithm in Algorithm 1. Starting with
an exploration distribution, at each iteration we collect data
using both the learned policy and the exploration distribu-
tion, fit a model to the data collected so far, and compute a
policy using the newly learned model. Note that the model
fitting and policy computation procedures in Algorithm 1
are abstracted for now.

To understand why Algorithm 1 would result in a policy
that has good performance in the real world M™, let us
revisit the objective presented in Ross & Bagnell (2012).
This objective is a result of applying an essential tool in

MBRL analysis, (Kearns & Singh, 2002) the Simulation
Lemma (see Lemma A.1,) twice to compute the performance
difference of any two policies 7, 7* in the real world M™,
which is the quantity of interest we would like to optimize.
In other words, we would like to find a policy 7 whose
performance in M * is close to that of the expert 7* in M*.
Lemma 3.1 (Performance Difference via Planning in
Model). For any start state distribution w, policies 7, T*,
and transition functions M , M™* we have,

(A=) [Jiz (7) = iz« (77)] =

(1=7) E [Vi(s) = Vi (s)] )
Performance difference in the Model

+ OB VEGH- B VEED @
(s,a)~Dy, & s!~ N (s,a)

s'~M*(s,a)

Value difference on states visited by learned policy

+ B[ E VR -VE )]G
(s,a)~D,, o+ s''~M(s,a)
s’ ~M*(s,a)

(Expert) Value difference on states visited by expert

The above lemma tells us that the performance difference
can be decomposed into a sum of three terms: term (1)
is the performance difference between the two policies in
the learned model M , and terms (2) and (3) capture the
difference in values of the next states induced by the learned
model and real world along trajectories sampled from 7
and 7* in the real world M™ respectively. Term (1) can be
made small by ensuring that the learned policy 7 achieves
low costs in the learned model M by, for example, running
optimal planning in M such that

E [V (s)] —min E [V7(s)] < €oc 4)

S~w well s~w

Terms (2) and (3) can be made small if the model has a low
prediction error. This is formalized in the corollary below
by applying Holder’s inequality to these terms:

Corollary 3.1. For any start state distribution w, transi-
tion functions M, M*, and policies 7, T such that T satis-
fies (4), we have,

(1 - W)[J&* (ﬁ—) - JIU(J/I* (7(*)] S €oc

+")/Vmax( ED M(s,a) fM*(s,a)H
Vinax E M ’ - M ’ H ’
Vo B [0 = M)

*

where Viax = HV]é[Hoo, Vinax = HV]\/W[

oo

Most MBRL methods including Ross & Bagnell (2012)
use maximum likelihood estimation (MLE) Algorithm 2 to
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Algorithm 2 MLE FitModel(D;, {¢;}!~1
Require: Data D;, model class M, previous losses {¢; f;%
1: Define loss £;(M) = E(, 4 sy, log M (s'[s, a)

2: Compute model Mt-H using an online no-regret algo-
rithm, such as Follow-the-Leader (FTL),

t
M, .1 < argmin 0.(M).
i i ) (M)

T=1

3: Return Mt+1

Q .

2H Jeaves

Figure 1. MDP with two actions £ and r, and the true dynamics M *
are shown in the figure. The cost ¢(s,a) = e << l atany s # B
and ¢(B, a) = 1, for any action a. Thus, the action taken at A is
critical. Model class M contains only two models: M/&°°¢ which
captures dynamics at A correctly but makes mistakes everywhere
else, while M/ makes mistakes only at A but captures true
dynamics everywhere else.

bound the total variation loss terms in Corollary 3.1' and use
optimal planning approaches to satisfy equation (4). Com-
bining Algorithm 1 with Algorithm 2 and equation (4) gives
us a template for understanding existing MBRL methods.

3.2. Challenges in MBRL

We make two important observations from the previous
section which directly manifest as the two fundamental chal-
lenges in MBRL. We will use Figure 1 to motivate these
challenges. First, ensuring that the learned policy 7, satis-
fies (4) in Algorithm | requires performing optimal planning
in the learned model M, at every iteration. Note that op-
timal planning can require a number of interactions in Mt
that is exponential in the effective task horizon ﬁ (Kearns
et al., 1999). For example in Figure 1, solving for opti-
mal policy requires O(2%) operations. We term this as
C1: computational expense challenge in MBRL.

Second, Lemma 3.1 indicates that optimizing terms (2)
and (3) (along with (4)) is guaranteed to optimize the per-
formance difference. However, we cannot directly optimize

'We can further bound the total variation terms using KL diver-
gence through Pinsker’s inequality. Then maximizing likelihood
of observed data under learned model would minimize the KL
divergence.

term (3) as it requires access to the value function of the
expert in the model V™" which is unknown. To avoid this,
MBRL methods bound these terms using model prediction
error in Corollary 3.1 as an upper bound that is easy to opti-
mize but very loose, especially due to the unknown scaling
term ||V]7\§* |loc which can be as large as ﬁ We term this
as C2: objective mismatch challenge in MBRL. The model
fitting objective of minimizing prediction error is not a good
approximation for terms (2) and (3), which are able to cap-
ture the relative importance of transition (s, a) in policy
computation through the value of the resulting successor.
For example in Figure 1, M2 has lower prediction error
than 1/8°°9 even though it makes a mistake at the crucial
state A where the value difference between predicted and
true successor is high, while M/8°°¢ is better according to
objective in Lemma 3.1.

4. Performance Difference via Advantage in
Model

To overcome the challenges C1 and C2 presented in the
previous section, let us revisit the performance difference
in Lemma 3.1 and introduce a new decomposition for it
that results in a unified objective which is more feasible to
optimize. This decomposition is the primary contribution
of this paper and we name it as Performance Difference via
Advantage in Model (PDAM). The detailed proof can be
found in Appendix A.

Lemma 4.1 (Performance Difference via Advantage in
Model). Given any start state distribution w, policies 7, T,
and transition functions M, M* we have:

(A=) T3 (7) = T3 (7)) =

LE Vi - E Q0 )
Disadvantage on states visited by expert

+ B VG- E VI (©
(s,a)~Dy # M s ~M(s,a) M
s'~M*(s,a)

Value difference on states visited by learned policy

+ 9B [ E VI -VEE)] D)
(8,a)~Dy, nx 8"'~M(s,a) M M
s'~M*(s,a)

Value difference on states visited by expert

The above lemma presents a novel unified objective for joint
model and policy learning. We can make a few important re-
marks. First, bounding term (5) does not require computing
the optimal policy in the learned model M, unlike term (1.
Instead, we need a policy that has small “disadvantage” over
the optimal policy in the learned model at states sampled
along 7* trajectory in M*. This disadvantage term was
popularly used as an objective for policy search in several
model-free works (Kakade & Langford, 2002; Bagnell et al.,
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Algorithm 3 Minimize Disadvantage ComputePolicy(Mt)

Require: Exploration distribution v, learned model ]\;[t,
policy class II.
1: Find 7; € II using cost-sensitive classification on states
sampled from v in Mt (Ross & Bagnell, 2014) such
that

L V)= S @i sl S e ©

2: Return 7;

2003; Ross & Bagnell, 2014). Given access to an explo-
ration distribution v that covers D, +, computing such a
policy requires computation that is polynomial in the effec-
tive task horizon (Kakade, 2003), compared to (4) which can
require computation that is exponential in the task horizon.
In other words, by being “lazy” in the policy computation
step we can solve challenge C1 while still optimizing the
performance difference between 7 and 7*.

Second, while PDAM looks similar to Lemma 3.1 for the
model fitting terms (6) and (7), there is one crucial dif-
ference: we only need V]g in the new objective, which is
feasible to compute using any policy evaluation method in
the learned model (Sutton & Barto, 2018). On the other
hand, Lemma 3.1 required access to V]’VT; where 7* is un-
known and hence, we had to upper bound the objective
in Corollary 3.1 using model prediction error. Optimiz-
ing prediction error requires the learned model to capture
dynamics everywhere equally well. However, the unified
objective PDAM offers a “lazy” alternative for model fitting
that focuses only on transitions that are critical for policy
computation by being value-aware, solving challenge C2.

S. LAMPS: Lazy Model-based Policy Search

In this section, we present our first algorithm LAMPS that
uses the unified objective PDAM to solve challenge C1.
Algorithm 3 performs policy optimization along the explo-
ration distribution similar to previous policy search meth-
ods (Kakade & Langford, 2002; Bagnell et al., 2003; Ross &
Bagnell, 2014). Note that (8) only requires performing itera-
tive cost-sensitive classification only at states sampled from
the exploration distribution » making Algorithm 3 compu-
tationally efficient. This subroutine largely follows (Ross
& Bagnell, 2014) and we prove that it indeed returns poli-
cies that minimizes disadvantages on (8) in Appendix B.2.
On the other hand, optimal planning requires minimizing
disadvantage at all states under the learned policy dwmz
which changes as the learned policy is updated leading to

2To see this, apply the performance difference lemma (Kakade
& Langford, 2002) on term 1 in Lemma 3.1.

the exponential dependence on horizon.

To understand how Algorithm 3 can help optimize PDAM,
we use Holder’s inequality on terms (6) and (7) to bound
PDAM as,

Corollary 5.1. For any start state distribution w, transition
Sfunctions M, M'*, and policies 7, m* such that 7 satisfies (8),
we have,

(1 =NI5r (%) = Jip- (77)] < €po

+7Vmax E HM(&@) _M*(Sva)Hl
(s,a)~D,,

+7Vmax E ||M(S7a’) _M*(S7G)H1
(s,a)~Dyy nx

where Viax = HV]C{HOO

Corollary 5.1 indicates a simple modification to existing
MBRL methods where we use MLE-based Algorithm 2 for
model fitting and Algorithm 3 for policy computation in the
framework of Algorithm 1. We refer to this new algorithm
as LAMPS. Note that by upper bounding the model fitting
terms in Lemma 4.1 using model prediction error, LAMPS
is only able to solve challenge C1 but not C2.

Our algorithm only requires an exploration distribution
v that covers the expert policy state-action distribution
D, »+ as described in Section 3. To capture how well
v covers D, -+, we define the coverage coefficient C =

sup; , D‘”#E:)a) similar to Ross & Bagnell (2012). We
now present the regret bound for LAMPS using this cover-

age coefficient and proof can be found in Appendix A.

Theorem 5.1. Let {#;}]_, be the sequence of returned
policies of LAMPS. We have: >

T

1 w b w *

T E T (F) — T (77) <
t=1

- CVinax 1 1
0] <C€po+ 1_7 < €model + \/T)) 3

- ; Dy nx(s,a)
where Vinax = [[VE [loo, C = Supsya# is the

coverage coefficient, €, is the policy advantage error,
and €KL, = minpem E KL(M(s,a), M*(s,a))

s,a~Drp

is the agnostic model error*.

In comparison, Ross & Bagnell (2012)’s regret bound is

~ C max{Vinax, Vinax } KL 1
0] (eoc + 1_ ~y (\/ﬁ + ﬁ ’

3We use O to omit logarithmic dependencies on terms.
*Here we use KL(-,-) to denote the Kullback-Leibler di-
vergence and denote the training data distribution as Dr =

% Zthl D




The Virtues of Laziness in Model-based RL

Algorithm 4 Moment Matching FitModel(D;, {¢;}!=}

Require: Data D;, model class M, previous losses {/;}!_]
1: Define loss

6(M) =

S R A C R N LA )

s ~M(s,a)
€))

2: Compute model Mt_H using an online no-regret algo-
rithm, such as FTRL Hazan et al. (2016),

¢
My argminZET(M) + R(M). (10)

MeM

3: Return Mt+1

where Vipax = HVJ@ |loo is difficult to optimize as 7* is
unknown, and can be as large as the effective horizon ﬁ
On the other hand, our bound only has Viyayx = HV]CIHOO
which is optimized in Algorithm 3 for states that are sampled
from v. Thus, we expect that there exists cases where Vmax
is much smaller when compared to Vinax s leading to a
tighter regret bound in Theorem 5.1. Hence, while LAMPS
primarily solves challenge C1 lending computational gains,
we also observe statistical gains in practice as we show in
our experiments in Section 7. Another crucial difference
is that the coverage coefficient C shows up for the policy
optimization error in LAMPS regret bound which suggests
that LAMPS is relatively more sensitive to the quality of
exploration distribution v. We show an example of this
in Appendix C.2.

6. LAMPS-MM: Lazy Model-based Policy
Search via Value Moment Matching

The previous section introduced an algorithm LAMPS that,
while being more computationally efficient than existing
MBRL methods, did not reap the full benefits of our pro-
posed unified objective PDAM. LAMPS optimizes the
objective presented in Corollary 5.1 which is a weak upper
bound of the unified objective (as explained in Section 3.2.)
A natural question would be to ask whether there exists
an algorithm that directly optimizes the unified objective
without constructing a weak upper bound. We present such
an algorithm in this section. The key idea is to formulate it
as a moment matching problem (Sun et al., 2019b; Swamy
et al., 2021) where our learned model is matching the true
dynamics in expectation using value moments.

1
I—"
However, we show an experiment in Section 7 where Vmax is
smaller than Vi,ax in practice.

>Note that in the worst case, Vmax can also be as large as

Algorithm 4 minimizes the value moment difference be-
tween true and predicted successors on a given dataset of
transitions. Note that we use the objective ¢; in (9) to upper
bound the original linear objective in (6) and (7) and we use
a Follow-the-RegularizedLeader (FTRL) approach with a
strongly convex regularizer R(M) allows us to achieve a
no-regret guarantee. We refer to the new MBRL algorithm
that uses value moment matching based Algorithm 4 for
model fitting and Algorithm 3 for policy computation in the
framework of Algorithm 1 as LAMPS-MM.

LAMPS-MM, by virtue of optimizing PDAM, does not
suffer challenge C2 as the model fitting objective helps learn
models that are useful for policy computation by focusing on
critical states where any mistake in action can lead to large
value differences. Going back to the example in Figure 1,
LAMPS-MM would pick 1/8°° over M4 as the latter
incurs high loss ¢; (9) at state A. Thus, LAMPS-MM
solves both challenges C1 and C2. This results in improved
statistical efficiency as indicated by its tighter regret bound:

Theorem 6.1. Let {7} | be the sequence of returned
policies of LAMPS-MM, we have:

T

1 w a3 w *

T E JM*(’]Tt)_JM*(’/T)S
t=1

~ C 1
0 (eom 55 (Vi 7))

where €™, = minpyre = ZtT:1 0 (M) is the agnostic
model error, €,, is the policy advantage error, and C =

. Dy x* (s,a)
sup; ,

o) S the coverage coefficient.

Comparing the above regret bound with that of LAMPS
in Theorem 5.1, we have improved the bound by getting rid
of the dependency on Vmax(’ which as stated in Section 5,
can be as large as ﬁ in the worst case.

Despite the statistical advantages of LAMPS-MM, its prac-
tical implementation is difficult as estimating the loss ¢; (9)
requires evaluating the policy in the learned model which
can only be approximated in large MDPs. A similar diffi-
culty was also observed in previous works (Ayoub et al.,
2020; Grimm et al., 2020; Farahmand et al., 2017) that
proposed value-aware objectives for model fitting. We high-
light a few scenarios in which Algorithm 4 is practically
realizable. First, for finite MDPs we can evaluate the policy
exactly avoiding this difficulty. Second, in MDPs such as

Note that 7™, implicitly depends on the value function.
However, if the model class M is rich enough, we can expect
this error to be small. For example, if M contains M™* then this
error goes to zero resulting in a regret bound with no dependence
on Vmax, whereas the regret bound in Theorem 5.1 still retains a
dependence on Vinax even in the realizable case.
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linear dynamical systems with quadratic costs where we
can compute the value of policy in closed form, we can
estimate ¢; and use a gradient-based optimization method
to find the best model in the model class in the optimization
problem (10). We demonstrate both of these scenarios in
our experiments in Section 7. It is also important to note
that solving (10) using a batch algorithm, like gradient de-
scent, would require aggregating both data D; and value
functions IA/A’Z across iterations in Algorithm 1. This is ad-
vantageous as our approach does not require us to compute
gradients through how changes in model M affect the value
estimates used in ¢; (M) (see (9)) which can be very difficult
to compute.

For completeness, we also give a finite sample analysis for
LAMPS-MM in Appendix B.4. Note that we skip the finite
sample analysis for LAMPS, because the analysis takes the
same form as Ross & Bagnell (2012).

Note that although the ¢; version of the objective function
(9) has its own advantages, it indeed suffers from the double
sampling issue. To see that, recall that (9) is the empirical
version of the objective:

E V()] — E Ve (g
(s,0)~Dy SINM*(Sxa)[ Mt(s ) s”NM(s}a)[ Mt(s )

where the expectations of both M™* and M are inside the
absolute value. Note that the empirical loss is still unbiased
in the deterministic dynamical system, and various solutions
have been proposed to obtain either an unbiased gradient
estimate (Hartford et al., 2017), and various remedies have
also been proposed specifically in the RL setting (Baird,
1995; Cheng et al., 2022; Modi et al., 2021; Zhang et al.,
2022), either by designing a game-theoretic objective or
introducing a debiasing term. Theorectically, our algorithm
is able to avoid the double sampling issue by directly using
the unsigned/linear loss by splitting the samples from the
exploration distribution and the samples from the learned
policies. We prove that using this linear loss objective can
also achieve the same regret guarantee in B.3.

7. Experiments

In this section, we present experiments that test our proposed
algorithms against baselines across five varied domains. For
baselines, we compare with Ross & Bagnell (2012) that
uses MLE for model fitting and optimal planning for policy
computation, and call this baseline as SYSID. In addition
to this, we also use MBPO (Janner et al., 2019) and design
variants of it that utilize exploration distribution, similar
to SYSID, to ensure a fair comparison with our proposed
algorithms. We defer details of our experiment setup, cost

functions, and baseline implementation to Appendix C’.

7.1. Helicopter

In this domain from Ross & Bagnell (2012), we compare
LAMPS with SYSID. The objective of the task is for the
helicopter to track a desired trajectory with unknown dy-
namics under the presence of noise. For both approaches,
we use an exploration distribution v that samples from the
desired trajectory. For optimal planning in SYSID, we run
iLQR (Li & Todorov, 2004) until convergence, and to im-
plement Algorithm 3 for LAMPS we run a single iteration
of iLQR where the forward pass is replaced with the desired
trajectory and we run a single LQR backward pass on it
to compute the policy. For detailed explanation on the dy-
namics, cost function, and implementations of SYSID and
LAMPS, refer to Appendix C.1.1.

Figure 2(a) shows that LAMPS can learn a better policy
than SYSID given the same amount of real world data and
the same exploration distribution, indicating statistical gains.
To test our hypothesis that this is due to the tighter regret
bound for LAMPS as Vipax < Vinax, Figure 2(c) shows
how the learned policy 7 performs in the learned model M
for both approaches, and the expert’s performance in M.
Observe that both LAMPS and SYSID are able to optimize
VAT:;[ but the expert’s performance VAT; is not optimized as
well leading to a weaker regret bound for SYSID when
compared to LAMPS. Figure 2(b) shows the computational
benefits of LAMPS where we plot the number of LQR
solver calls, the most expensive operation, made by each
approach and we can observe that by only optimizing on the
exploration distribution LAMPS significantly outperforms
SYSID in the amount of computation used.

7.2. WideTree

We use a variant of the finite MDP domain introduced in Ay-
oub et al. (2020) that is very similar to Figure 1 with H = 3.
The model class consists of two models: 1/8°°¢ and M >
as described in Figure 1. For detailed explanation of the
dynamics, refer to Figure 5 in Appendix C.1.2. We com-
pare LAMPS-MM and SYSID. To compute the best model
to pick at every iteration given the data so far, we use
Hedge (Freund & Schapire, 1997) to update the discrete
probability distribution over the two models. Figure 2(d)
shows how the distribution evolves when using MLE-based
model fitting loss in SYSID and value moment matching
loss in LAMPS-MM. As M4 matches true dynamics
everywhere except at the root, SYSID collapses to a distri-
bution that picks the bad model over a good model always,
while LAMPS-MM which reasons about the usefulness
of transitions in computing good policies converges to a

"Code for all our experiments can be found at
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distribution that picks the good model more often.

7.3. Linear Dynamical System

In this experiment, we use a simple linear dynamical system
with quadratic costs over a finite horizon as our domain
(similar to LQR) for which we can compute the value func-
tion in closed form. The real world has time-varying linear
dynamics while the model class only has time-invariant lin-
ear models making it agnostic. The cost function penalizes
control input at every timestep and the state only at the
final timestep (no intermediate state costs.) For detailed
explanation on the dynamics, cost functions, and model
fitting losses, refer to Appendix C.1.3. Figure 2(e) shows
the results for LAMPS-MM and SYSID. SYSID converges
slowly to the expert performance trying to match the true
dynamics at every timestep while LAMPS-MM using the
value moment matching objective quickly realizes that only
the final state matters for cost and finds a simple model
which results in controls that bring the state to zero by the
end of the horizon. Thus, we see that LAMPS-MM by
being value-aware can achieve significant statistical gains
over traditional MBRL methods.

7.4. Mujoco Locomotion Benchmarks

In this experiment we test LAMPS on the standard dense re-
ward mujoco benchmarks (Brockman et al., 2016). All base-
lines are implemented based on MBPO (Janner et al., 2019).

In addition to MBPO, we also design a variant MBPO-
SYSID which also uses data from exploration distribution,
similar to SYSID, for model fitting. The branched update in
MBPO serves as an efficient surrogate for optimal planning
in MBPO-SYSID. Another variant MBPO-SYSID (2X)
doubles the number of policy updates and the number of
interactions with the learned model used when compared
to MBPO-SYSID. For LAMPS, we keep the model fitting
procedure the same as MBPO-SYSID and use states sam-
pled from the exploration distribution for policy updates,
rather than the current policy’s visitation distribution. For
the exploration distribution v, we use an offline dataset and
sample from it every iteration. For more details on imple-
mentation such as hyperparameters, refer to Appendix C.3.

We show the results in Figure 3. Compared to MBPO,
both LAMPS and MBPO-SYSID show better statistical
efficiency, which highlights the advantage of exploration
distribution (Ross & Bagnell, 2012). We note that LAMPS
consistently finds better policies with less number of real
world interactions than MBPO-SYSID across all environ-
ments, especially in humanoid which is the most difficult
environment among the ones used. The performance of
MBPO-SYSID (2x) shows that even when equipped with
twice the amount of computation as LAMPS, LAMPS still
outperforms or is competitive in all experiments. This high-
lights both the computational and statistical efficiency of
LAMPS.
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random seeds and the shaded area denotes the standard error.

7.5. Maze

Our final experiment investigates the performance of
LAMPS in sparse reward task by using PointMaze envi-
ronment (Fu et al., 2020) as the domain. We use only a
small subset of the offline dataset as the exploration distri-
bution resulting in partial coverage and a small number of
expert trajectories. More details in Appendix C.1.4. Since
LAMPS uses the exploration distribution in both model
fitting and policy computation steps, we expect it to outper-
form MBPO-SYSID, which only uses it in model fitting,
as intelligent exploration is necessary in sparse reward set-
tings. Figure 4 confirms our hypothesis where LAMPS
outperforms MBPO-SYSID by a significant margin. By
focusing policy computation only along exploration distribu-
tion, LAMPS does not exploit any inaccuracies elsewhere
in the learned model and quickly converges to a good policy.

8. Discussion

In this work, we introduce a new unified objective function
for MBRL. The proposed objective function is designed to
improve computational efficiency in policy computation and
alleviate the objective mismatch issue in model fitting. Addi-
tionally, we present two no-regret algorithms, LAMPS and
LAMPS-MM, that leverage the proposed objective func-
tion and demonstrate their effectiveness through statistical
and computational gains on simulated benchmarks.

However, it should be noted that while LAMPS is rela-
tively straightforward to implement, LAMPS-MM may
be challenging to apply to large MDPs where exact pol-
icy evaluation is difficult. Furthermore, the performance
of LAMPS-MM relaxes to performance indistinguishable
to LAMPS when the space of potential value functions, as
used in (9), is very broad. Put differently, LAMPS-MM
provides advantage when the possible distribution of next
states is very complex, but the class of models admits a more
limited set of value functions. To highlight LAMPSMM
effectiveness in models where we can compute a set of

model value-function relatively efficiently, we present both
the Linear Dynamical System (Section 7.3) and Widetree
(Section 7.2) experiments. We leave extending this to large
MDPs as future work.

Additionally, both algorithms are sensitive to the quality
of exploration distribution v, and can only guarantee small
regret against policies with state-action distribution close
to v. Hence, we can expect these algorithms to compute a
good policy if our prior knowledge of the task allows us to
design good exploration distributions.

An interesting future work would be to extend this to the
latent model setting, where we learn dynamics over an un-
derlying latent state. In such a setting, the typical MLE
model fitting objective does not intuitively make sense as
we do not observe the underlying state and only have access
to raw observations. We would also like to investigate if
there exists a “doubly-robust” version that combines the
best of SYSID and LAMPS where we can take advantage
of either having a good exploration distribution or a compu-
tationally cheap optimal planner.
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The Virtues of Laziness in Model-based RL

A. Proofs
A.1. Proofs for Section 3.1

The simulation lemma is useful to relate the performance of any policy 7, between two models, for example, the learned
model M and the real model M*:

Lemma A.1 (Simulation Lemma). For any start distribution w, policy m, and transition functions M, M*, we have
S (m) = T3 (1) = Esnw[Vi7- (s) — Vi (5)]

,y T U
= 7 Beannas [Bvmiroa Vi (8] = Egn Cgirs.a) [VM(S//)]} (11

Proof. The first equality follows from the definition of J; () as defined in Section 3. To prove the second equality we
establish a recurrence as follows:

Esnw[Vars (s) = Vi (s)]
= B [dsa)tr E Vi) -clma) -y E (VI

e () oM (s,0) saNl(s,a) M
=7l ol nE Vi ()] - S,/NE(S)Q)[VA’;(S“)H
) 7S”“’PN”<S)[S’N”%S’“)[Vﬁ* ()] = s'~ME<s,a>[Vf@(Sl>] * s/NM]E%@,a)[VJg(s/)] - s~~%<s,a>[vf‘§(8”)”
— WS,NIE&M[VI’V}* (8") = V(s +~ s Ey ot (50 Vi ()] = Eyi_gts.a [V]@(s”)]}

Thus, we established a recurrence between the performance difference at time 0 and the performance difference at time 1
with the state sampled from the state distribution by following 7 at time 1. We can solve this recurrence for the infinite
horizon to get the lemma statement. O

The Performance difference via Planning in Model (PDPM) lemma is as follows:

Lemma A.2 (PDPM (Lemma 3.1 restate)). For any start state distribution w, policies , 7, and transition functions
M, M* we have,

T (7) = T (7) = Eonw Vi (8) = Vi ()] =Esna [V (5) = Vi (5)]

M
g T M
+— Fimep..] E [VIE))- E [Vi(s
1— v (s,a) DW‘W[S’NJVI*(s,a)[ M( )] s”~]\:f(s,a)[ M( )]]
v *oon ol
——Esa)n . E 1 — E x
+ 1 _ v (s,a)~Dy, [s”wM(s,a)[V]w (S )] s’NJVI*(s,a)[VM (8 )”

Proof. We can add and subtract terms on the left hand side to get
Egma[Vip () = Vi (s)] =
Esnw [(V]’@}(S) — Vi () + (Vip (8) = ViR (s) + (Vi (8) = VET ()
Apply the simulation lemma to the second and third terms inside the expectation above to get the result
Eonw[Viz () = Vi ()] = Esna [V (8) = Vi ()]
+ ﬁE(s,a)Ndw,ﬁ-,s’NM*(s,a),s”~M(s,a) VE(s) = Vi (s")]

’7 Tr* Tr*
+ 1— ,Y]E(s,a)Nd * s’NM*(s,a),s”NNI(s,a) [VM (8//) - V]\;j (8/)]

w, T

13
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Corollary A.1 (Corollary 3.1 restat(}). For any start state distribution w, 7, and transition functions M , M™*, let 7w be the
returned optimal control policy in M as in (4), we have,
ESNW[V]\Z*<S> — Vﬁi(s)] < €pct

fYVm b'd
1 = E(S,a)NDM),}
-7

M(s,a) — M*(s,a)H1 +

Y Vimax
1— v (Saa)NDm,«*

M(s,a) — M*(s,a)’

)
1

where Vipax = HVAZHOO, Vinax = HV]\Z [ oo-

Proof. By Lemma 3.1, we have:

Ena [Vir- () = Vi ()] = Egnw [V (8) = Vi (5)]
v

1—x

v T T
+ 1— ,yE(s,a)Ndwyw*,s’w]VI*(s,a),s”NM(s,a) [V]Cj (SH) - VM (sl)}a

_|_

(S,Q)Ndwy.,},S/NM*(S,G),S”NM(S,G,) [V]\i}(s/) - VJ\Z (S//)]

Then we bound the first term by (4), and by holder’s inequality, the second term is bounded by

M(s,a) — M*(s,a))

7 7 i 7
E(s7a)~dw,;r,s'~M*(s,a),s”NM(s,a) [VM(S/) - VM (SH)] < ﬁHVMHOC]ES’a“’Dw»*

)

L=
and apply holder’s inequality to the third term similarly, we complete the proof. [

A.2. Proofs for Section 4

In this section, we present the proof for Section 4. Let us start with the Performance Difference via Advantage in Model
(PDAM) Lemma:

Lemma A.3 (PDAM (restate of Lemma 4.1)). Given any start state distribution w, policies T, T, and transition functions
M, M* we have:

i () = Jip (1) = Esna Vi (8) = Vi ()] =

Y T / s "
— Esaep. - E [VI(s)]—- E [VE))]+
— ) DW,W[S,NM*(S’G)[ (8] s”NM(w)[ (8]
0 E [ E [VEs"))- E [VE(S)]+

1—7 (s:0)~Dyy n* s~ M (s,a) M s'~M*(s,a) M

1

T—5 . [VE(s) — _E (S)[Q},(s, a)]]

Proof. Let’s begin with the left hand side, and reformulate it as follows:
Eomeo Vi (8) = Vi (5)] = Bona [V (5) = Vig ()] + Egmao[Vif- (5) = Vi (9)]

The second term above is familiar to us, it is the left hand side of the simulation lemma in equation (11). So we can apply
the simulation lemma to get:

# * # T* Y # Foool
Bl Vi1 (8) = Vi (9] = Bl V) = Vi ()] 12 By [Bwmars V()] ~ B Vi ()
(12)

14
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Now all that remains is the first term which can be simplified as:

E [V (s) = Vi (s)]
=EVis- E (S)Q” (s0)+ E Q7 (s,a) — Vi (s)]
= E [VZ(s)— Q7 (s, a)]

S~w aNﬂ—* ( )

+ E E [e(s,a)+y E V(s

s~w | anT*(s) s”NM(s,a) M

*

- E )[c(s,a)—l—’y E Vi (s

a~T* (s s'~M*(s,a)
= EVi() - E_Qjsa)
- E E Vi(s)— E V(s
fy(saa)"‘Dg,ﬂ*[s”NM(s a) M( ) s'~M*(s,a) ( )]

= EVi() - B, Q(sa)

+ E E V(s E V(s
V(Saa)NDgJ,* s ~M(s,a) M(S) s'~M*(s,a) N[( )
E T (s") — E V(s
s'~M*(s,a) M( ) s'~M*(s,a) M( )

= EVi() - B, Qls.a)

+ E E VI (") — E (g
’Y(S a)"‘Dw ,r*[e”le(s,a) M( ) s'~M*(s,a) M( )}
E E V"ir LAY E VTr’l /
+’Y(S1G)NDS,W,,* S/NM*(S a) M(s) S'NM*(s7a) M (S )}
= EVi) - E  @ha)
+ E E Vi)— E VIS
W(S’G)NDB,J*[S”NM(S@) M( ) s'~M*(s,a) M( )}
7 B Vi) - Vi)
Solving the above recurrence to the infinite horizon we obtain:
Enu [V (8) = Vi ()] =
Y Foool
e E E VZ(s E v
1—7 (s,a)NDw’,,*[S//NM(&a) M( ) - M (s.0) (8]
1 N N
oo E VR - E Qo)

aNTr* (s)

By combining this with our previous result using Simulation Lemma in (12), we can complete the proof.

Now, we show the results using the exploration distribution v and coverage coefficient C:

Corollary A.2. Let v be the exploration distribution, and let C be the coverage coefficient. Given any start state distribution

15
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w, policies 7, ™, and transition functions M, M* we have:

Tipe (%) = T (1%) = Eano[Viy- (5) = Vi ()] <

/y t !/ s "
—Eso)~D,, 4 E VZ(s)] — E VZ(s")]]+
S Eearn.sl, B VRS B V)

’yc t " t /
— E E V% — E Ve
I—y (s,a)w[sNNM(s,a)[ ()] S’NM*(&a)[ Tellng
C 7 #
1~ S]EV[VM(S) - aNEE(.\s)[QM(S’ a)]]

Proof. Lemma 4.1 gives us:

T () = Jipe (7%) = Egn[Vi (5) = Vi (s)]

b Tl R
= Esay~D. - E vz — E VZ
B, B VA= E VAR
B v T (M i
+ E E VZi(s — E V7Zl(s
L =7 (s;a)~Dey nr [s”wl\}[(s,a)[ M( ) S'NM*(S,a)[ M( il
1 . .
—_— E |74 — Q™
+1 - (s,a)NDw,w*[ M(S) QM(S’G)}’

Then let v be the explore distribution, we have:

T () = Jipe (%) = Egnw [V (5) = Vi (s)]

i 0 / 0 "
< Euwen..[ E [Vi(s)]- E [VE
-1 Y (s:0)~De 5 [s’NM*(S,a)[ M(S )] S//NM(S7U.)[ M(S )H

Y oM oot
+C—— E E VE(s")| — E VZi(s

1-— Y (s,a)~D. [S//NM(37Q)[ M( )] s’NM*(s,a)[ M( )H

1 . .
- E 7)) — OF
+Cl = ean, Vi (s) — Q% (s,a)],

where the first term is by C > 1, and the last two are by importance sampling. O

A.3. Proof for Section 5

The following result will be stated in terms of expert distribution D, - for simplicity. We show in Corollary A.4 that this
can be extended to the case when we only have access to an exploration distribution v.

Corollary A.3 (Corollary 5.1 restate). For any start state distribution w, 7, and transition functions M , M*, we have,

T () = i (%) = Egnw Vi (8) = Vilp- ()]

vaax ~ N
< 1_7E(37Q)NDW,7}HM(57G)—M (S’a)Hl
VWinax . )
_Vmax N Y
1 — 9 (s,a)~Dy nr 1M(s, a) (s,a)|lx
1 . X
+ — E [VM(S) — E [QM(S7 a)]]

1-— Y SNdw’ﬂ.*

ar~T*(8)
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Proof. By Lemma 4.1, we have:

T (7) = TS (%) = Bgnw[Vire (s) — Vi (s)] =

v T L
E ) E | 784 — E Ve
1-— ~ (s,0)~Dy 7 [S/NM*(S,G)[ M(S )] s~ N (S,a)[ M (S )]]+
g

_ E E V()] — E V(s n
1-— Y (s,a)~Dg, nx [S”"‘M(s,a)[ M( )} s’~M*(s7u,)[ M( )]]
1 T ~
— E [VZ - E 7t .
T e Vi) = E Q% a)l

Applying holder’s inequality to the first two terms completes the proof. O

Theorem A.1 (Theorem 5.1 restate). Let {7, };_, be the sequence of returned policies of LAMPS, we have:

T A
1 ~ Vine / 1
—_ JUJ . ﬁ' _ w . 71'* S O €10 + max ( GKL + ) 7
T ;:1 M ( t) M ( ) ( P 1— y model \/T

where Viay = HV’r || oos and €X

KL e =minyem B, oup, KL(M(s,a), M*(s,a)) is the agnostic model error.

Proof. Similar to Ross & Bagnell (2012), this proof is to establish the model error guarantee from running Algorithm 2.
First, by Corollary 5.1, we have

T
> T () = T (1)
t=1
iw‘“‘”‘E o 181(5,0) = (s 0y + 2 114(s, @) = M* (s, 0)| |
=1 1 Y (s,0)~De, Tt ’ 1-— Y (s,a)NDwy,\.* ’ ’
T
Tt _ 7t
3 JE V- EQF 6ol
t=1 v
o V ~ % 'YVmax - %
<Y T B V(s ) = M (s, 0)ll o+ T2 R W, @) = M (s, a)l o+ Tepe,
t=1 ) w, T

where the last line is by running Algorithm 3. To bound the model error, recall the MLE model loss function:
U(M) =Eg 4 5p, logM(s' | s,a),

then running FTL as in Algorithm 2 for T" rounds gives us:

Zét M) < Inln Zét )+ O(log(T))

T
;&:(Mt) + 2]Es,aND):]Es’~M*(s,a) 1Og(M*(S/ | s,a)) < ]\%RAZ:&(M +
2B, anp,EBs' ~ M*(s,a)log(M*(s" | s,a)) 4+ O(log(T))
T
s,a~D; KL Mt(s,a),M (s,a)) < min 2E; g, KL(M¢(s,a), M*(s,a)) + O(log(T))

MeM
t=1

(
S,GNDtKL(Mt(Sv a),M*(&a)) S 2T67Kn£del + O(lOg(T)),

T
ZQ]E
t=1

T
QZ]E
t=1
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Recall again D; = %Dwm .+ %Dwﬂr*. Then by Pinsker’s inequality and Jensen’s inequality, we have:

T T
> Eann, [M!(s,a) = M*(s,a)[l < :\/QEs,aNDtKL(Mt(S7a)’M*(S’a))
-1 t=1
1 ZT ’
< T T t=1 2ES,a~DtKL(Mt(S> a)7 M*(S’ a))

<2T/eKL,  + O(VT).

Thus we have

E M o
v (s,a>~Dw,W*” (s a) (s, a)llx

T A A

’va X ~ * 'YVmax
D T B, i |[Mi(s @) = M (s @) [+ 2%
t=1

Vmax N
< > {2T\ [eKL, + O(\/:F)} ,
and finally multiply both side by % and we complete the proof. O

Finally, we show that the results easily extend to the exploration distribution setup.

Corollary Ad. Let {7}, be the sequence of returned policies of LAMPS, we have:

1 & v <o (e CVinax L 1
T;J *(ﬂ—t)_JM*(ﬂ—)— 6p0+ 1*’)/ 6rnodel—i_ﬁ ’

D, .= (s,a)
v(s,a)

KL

,and €,

where Vigay = ||VJ@||OO C =sup,, ; = minyepm E KL(M (s,a), M*(s,a)) is the agnostic

model error.

s,a~Drp

Proof. We start from Corollary A.2, which gives us:

i (&) = T (%) = Eona Vi (8) = Vi (5)]

v L L
<C Eso)oD. - E VZ(s)]— E VZ(s
e (s,a) DN’W[S’NM*(s,a)[ M( )] s”~M(s7a)[ M( )]]
v i ay
E E Vv - E Vi
1- 7Y (s,a)~De [s/’wlf{(s@)[ M(S )] S/NM*(S7O/)|: ]M(s )]]

1 7 #
+Cﬁ (M])ENDJVM(S) - QY (s,a)],

where the first term is by C > 1, and the last two are by importance ratio. Then let
(M) =Eg 4 5p, log M(s' | s,a),
and let 7 such that
Esd, VI\Z (s) — EGN,T*(S)[Q};(S,(J)} < €pos
where 7. is the explore policy, repeating the argument in the proof of Theorem 5.1 completes the proof. O

A.4. Proof for Section 6

Once again, we prove the expert distribution version for a cleaner result.
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Theorem A.2 (Theorem 6.1 restate). Let {7;}1_, be the sequence of returned policies of LAMPS-MM, we have:

T
1 ~ 1 1
—E T (7r) = Jipe (1) < O | €po + —— mm, — ),
T s M (ﬂ—t) M (7T ) = (6]0 + 1 Y ( €model + \/T))
where €' | = minpe ZtT:l £, (M) is the agnostic model error.

Proof. For simplicity, we only prove the expert distribution version. Again we start with Lemma 4.1:

T8 (7) = T (1) = Bgn [Viga (8) — Vi (5)]

i (! 7o
=——128 s,a)~ A E VZ(s — E V7Ti(s
—y e Poely aB V()] S//NM(S,(J{ n (=l
g T T (o)
+— E E VZI(s")]— E VZ(s
1- Y (s,a)~Dqy [s”w]\}[(s,a)[ M( )] S’NJ\/[*(s,a)[ M( )H
1 T 7
+ E  [Vi(s) = Qy(s,a)],

1-— Y (s,a)~Dy, nx

Also similar to the previous proofs,

> T (7Y = T (1)
t=1

T
g Re (o) Ro oM
< ——Es.0)~D. - E Vit — E Vi
= o 11—~ (s,a)~Dq 7, [S,NM*(S@) N, (s)] s”NMt(s,a)[ M, (sl
d g
+Y —— E E [VI(s")]- E [VI(s
DIE RN OO LA GO R B LeAC))
T ) )
Tt e
+; 1 _ ,_Y (S,a)NDwy.,r* VMt (S) QMt (Sﬂa)]
d y
<> ——E b, . E T8 - V(s
= tz:; 1 _ ,_Y (57(1) Dw,'r\'t [S/NM*(S,{I) ]\/It( S//NMt(S,a)[ Mt( )H
d Y
+Yy — E E  [VI(s")]- E [VI(s
t=zl 1- v (Sva)NDw,w*[s”NMt(s,a)[ ]wt( ) S’NM*(S,‘I)[ Mt( )H
+Tepo (13)
Now we see how the model learning part actually helps us bound the first two terms. Recall our loss in (9)
Es,a~ E (- E (s
Ny TN LAY ey PN L ACRII
and the FTL result guarantees us that:
T T
< Term,, +O(T).
Then plug this back to (13) gives us:
T4 (70, T) — T4 (7, T) < Tepo + T/ + O(VT).

And once again multiply both sides by % completes the proof.
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Algorithm 5 NRPI

Require: Exploration distribution v, learned model M, policy class II.
1: Initialize D = (), 77; € II.
:forn=1,...,Ndo
form=1,...,Mdo
Sample s7!, ~ v and take a random action a,

Followmg M and rollout 7,,, and compute cost to 2o Q n (st alt).

2

3

4

5

6: Aggregate dataset D < D U D,,, where D,, = {(s%,a", Q’T"( st oar WM.
7 Train cost-sensitive classifier 7,41 on D.

8 end for
9: end for
10: Return: + Z

n= 1

B. Additional Analysis

In this section, we present a few deferred results from the main text.

B.1. A warm-up argument using Hedge

To see the intuition of the no-regret result from the data aggregation, let us now consider a simplified version: suppose that
we have a model class M with finitely many models, and denote the number of models as N. For each model Me M,
denote a policy with a non-positive disadvantage over 7* in the model M as m™ . Now consider our proposed algorithm
with hedge as the no-regret algorithm: for each iteration ¢, we first sample a model Mt according to the current weight and
then roll out with m; = 7™+ Then for each model M, we compute the loss £,(M) = I{Eq=, | M (s,a) — M*(s,a)| +
(s,a) — M*(s,a)||s > 0}. One can think of such loss as whether a model makes any mistakes on the current
trajectory distribution. Let us assume that the model class M is realizable. Then we have:

V;nax

T
7‘/;nax - *
R(T) < 0By, T2 B [N (s,0) = M (5,0) [ + T2 By [V (5,0) = M (5, )]
t=1

Me

Ey, le (M)

~~
Il
-

<0

—~

Tlog(N)).

But note that this method is computationally inefficient (because we need to compute the loss for each M € M in each
round).

B.2. Analysis on the cost-sensitive classification

In this section we introduce one possible efficient method to solve line (8) for Algorithm 3. As mentioned in the main
text, one can run the No-regret Policy Iteration (NRPI) as a sub-protocol in Algorithm 3, where NRPI simply performs
cost-sensitive classification along the states over v. Concretely, in each round of the inner loop n, we will collect several
samples {s, a, Q} as follows: we first sample a state from s ~ v, and we reset the learned model M to s, take a random
action a, and rollout the current policy 7,, and compute the cost to go Q". Then we train a cost-sensitive classifier 7,41 on
the aggregated dataset and use 7,41 as the rollout policy for the next iteration. See Algorithm 5 for more details.

Now we can show how the returned policy from Algorithm 5 can have small disadvantages compared with v. Recall that the
objective that we want to bound is:

Esov V]C[ft( ) anu(a\s)[Q (S a)]} , (]4)
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Algorithm 6 Moment Matching FitModel with Signed Loss(D, {¢;"}!Z]

Require: Data collected from learned policy so far D/?"¢? Data collected from exploration distribution so far Df*?,
model class M, previous losses {£3"}I_1

1: Define loss £ (M) as follows,

VE ("))~ VE ()
(15)

f;n(M) _ E V]é]ft (S/) _ E [V]ffwf, (S”)]:| + (5.0 SII)EN,De:cp l:g//,\,g(g a)

(S,a,s’)N'Die‘”'"ed s”NM(s,a,)

2: Compute model Mt+1 using an online no-regret algorithm that works with convex loss, such as FTRL,

My,  argmin Z M)+ R(M).
MeMm

T=1

3: Return Mt+1

then let 7, = & Z _1 T, 1.€., the average policy returned from each round of running NRPIL Then we have that

N
swy [V]&;( ) anu(a|s)[Q?\-}t[t (s,a)]] = % Z s~V |:V7Tn( ) - Ear\au(a\s) [Q%t (570’)]}
n=1
1 LN . N
< N Z]ESNV |:Ea~7rn(a|s)QT]\r£ (Sva’)} Esv 1731611% g [ ar~m(als) 1\/[ (S a)

where €. is the regret of the online cost-sensitive classification algorithm over the iteration number IV, and eg.y — 0
as N — oo (Ross & Bagnell, 2014), and thus we achieve a small disadvantage on (8). Note that the only assumption we
are making is that our policy function class is rich enough so that there exists a policy 7 such that it achieves a smaller
cost-to-go compared with v(:|s), i.e., the inequality holds true in the second line.

B.3. Comparing with signed loss

In this section, we present an alternative algorithm of LAMPS-MM that uses a signed version of the loss instead of the /;
loss (9). We present this alternative algorithm in Algorithm 6, where we run Algorithm 1 with Algorithm 3 and Algorithm 6.
For simplicity, below provide the regret result in the expert distribution:

Theorem B.1. Let {7}, be the sequence of returned policies of Algorithm 6, we have:

T
1 1 1

— S5 () — 5+ <0 0 e fr;loe+7 ’
T t§=1 e (7e) s (T7) <fp 1—~ (6 del \/T))

sn _ : 1 T sn : .
where € 1 = minyenm 7 Y g L7 (M) is the agnostic model error.

21



The Virtues of Laziness in Model-based RL

Proof. The proof is essentially the same as the proof of Theorem 6.1. We have

T
> TS (R = T ()
t=1
=g
<> L Eumn - E [V*($)] - E O [VEr(s”
—t:1 1_,7 (7 ) Dw,ﬂ’t [S'NM*(S,a)[ Mt(s )} s”NMt(&a)[ ]\/It(s )]]
=g
+y E E Vit - E V(s
;1—7<s,a>~Dw,w*L~NM,,(s,a)[ S E VRGN
+ Tepo

(M) + Tepo.

B

t

1

and using FTRL gives us:
T T
;@”(Mt) < min ;Ei”(M) +O(T)
< Tepier +O(VT)).
And taking % on both sides completes the proof. O

We remark that here we see that both loss function gives us a O(%) regret rate. The difference comes from that in the

squared loss, using Jensen’s inequality results in a O(ﬁ) rate instead of O(%) rate, and in the signed loss, the slowdown is
from the no-regret online learning algorithm because the signed loss function is not strongly convex.

B.4. Finite Sample Analysis of LAMPS-MM

In this section, we perform a finite sample analysis of Algorithm 4 using the online-to-batch technique (Cesa-Bianchi et al.,
2004). First, let’s introduce a new function class. This function class is constructed with the model class M, and it takes
state, action, and value function triplets as inputs. Denote X = S x A x V, where V is the function class,

H= {h:X—>R|E|M€M s.t. V(s,a,v) EX,h(s,a,v):/M(s'|s,a)v(s’) d(s')}.

Denote random variable x; = (s, a,v:), we note the generation of the random variable y; where
yr = vi(sy), sy~ M*(s,a).
Denote F; = {(X1,Y1),...,(X;—1,Y:—1)}, and at each round, we use the loss function
Co(h) = (B(s1, a0, 00) = yo)* + (B30, @, 01) — ),

where (s,a) ~ Dy, s’ ~ M*(s,a) and (8,a) ~ Dy+,§ ~ M*(8,a). Further, define

Zy = (U(he) = £(he)) = (E(R") = £(h")).
Note that Z; is a martingale difference sequence adapted to the filtration F;, such that

E[Z: | F¢] = 0.
8

Meanwhile, we also have that | Z;| < T(E=EE Then by Lemma B.1, we have with probability 1 — 0,

T
ZZt < 128Tlog(14/(5)7
— (1-7)
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then taking a union bound on #, we have for any h,

128T log(|H]/5)
Z h= 1—7*

Then by Lemma B.2 and realizability, we have

Zetht<R +th )+ Z,

1
IS W T'log(|H[/d)

For simplicity, let’s further assume that ¢, < 0, then we have the following regret bound:

t=1

= (T *1og(|H]|/6)M/*
= O( (1—7) ) '

Converting to sample complexity we have, by taking
_ o (os(1/9)
(1—y)tet )’
we have with probability 1 — 4,

ZJW* ) — JY (1) < e

Here we add a few remarks. First is that this result does not directly compare to the traditional MBRL sample complexity
because a tight bound on the size of H is instance-dependent. Second, this result does not contradict to the difficulties
mentioned in Section 6 because the issue of sampling from the learned model is implicitly addressed by the construction of
‘H. Finally, we remark that this result may not be optimal, one may be able to obtain a faster rate by leveraging the fact that
the loss function here is simply performing least square regression (Beygelzimer et al., 2011).

B.5. Auxiliary Lemmas

Lemma B.1 (Hoeffding-Azuma Inequality). Suppose X1, ..., Xt is a martingale difference sequence where | X;| < R.
Then for all € > 0 and all positive integer T, we have

T 2
—€

t=1

Lemma B.2 (Online-to-batch Conversion). Consider a sequential function estimation problem with function class H. Let
X be the input space and Y be the target space. Assume each the inputs and targets (x4,y;) are generated i.i.d., where
xe ~ p(x1, 91, Te—1,Ye—1), Yy ~ p*(- | ). Let h: be the return of an online learning algorithm A, taking inputs
{z1,y1, él, ey Tt—1, Yt—1, ét_l}, where ét is the empirical version of loss function ¢y at round t. Define

Zy = (0(he) = €(he)) = (E(h") = £(h")),

where h* = mingey Zil £(h), we have

Zﬁtht<R +th ) + Zi,

where R(T) is the regret of running A at round T.
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C. Experiment details
C.1. Environment Details

In this section, we provide details on the environments we used in Section 7, epecially the non-standard benchmarks such as
the helicopter and WideTree.

C.1.1. HELICOPTER

The helicopter domain is first proposed in Abbeel & Ng (2005) and is also used in Ross & Bagnell (2012). In this paper we
focus on the hover task. The environment has a 20-dimensional state space and 4-dimensional action space.

The dynamics of the system are nonlinear and are parameterized using mass and inertial quantities as a 20-dimensional
vector. The model class is R?° and corresponds to the parameter vector used to define the dynamics. The cost function is

H

c(z,u) = Zx;Qxh +upy Rup, + 2 Quam,
h=1

i.e., we penalize any deviation from the origin, and any control effort expended.

To understand why a single backward pass on the desired trajectory would be equivalent to Algorithm 3, let us revisit the
objective in Algorithm 3:

B, Vi) - miglQf (50| <
In the above objective, v is the exploration distribution which in this case, is simply the desired trajectory that keeps the
trajectory at hover ({Shover, Uhovers - - - » Shover })- Mt is the model we are optimizing in, and the above objective states that
we need to find a policy 7; that is as good as the optimal policy only on the desired trajectory. Thus, to computet this we
linearize the nonlinear dynamics of M, around the desired trajectory (forward pass) and then compute the optimal LQR
controller for the linearized dynamics (backward pass.) This gives us a policy 7 that is as good as optimal only along the
desired trajectory. Note that this requires a single backward pass while achieving (4) requires multiple iterations of iLQR
involving multiple bcakward passes. This highlights the computational advantage of Algorithm 3 over traditional optimal
planning methods.

C.1.2. WIDETREE

This MDP is a variant of the one showed in Figure 1. It is described in Figure 5.

Figure 5. The Widetree domain used in experiments. We have an MDP with IV + 5 states where N of them are terminal states (or leaves.)
Each state has two actions £ and r. At states B and C', both actions lead to the same state D and E respectively. At states D and F, both
actions stochastically transition the state to one of N/4 terminal states with uniform probability. The true dynamics M ™ is shown in the
figure. The cost ¢(s,a) = € << latany s # B and ¢(B, a) = 1, for any action a. Thus, the action taken at A is critical. Model class
M contains only two models: M#°° which captures dynamics at A correctly but makes mistakes everywhere else, while M4 makes
mistakes only at A but captures true dynamics everywhere else.
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We implement Algorithm 4 using Hedge (Freund & Schapire, 1997) by maintaining a discrete distribution (p, 1 — p) over
the two models 1/8°°9 and M9, We use € = 0.9 for the hedge update.

C.1.3. LINEAR DYNAMICAL SYSTEM

In this experiment, the task is to control a linear dynamical system where the true dynamics are time-varying but the model
class only contains time-invariant linear dynamical models. The system has a 5-D state, a 1-D control input, and we are
tasked with controlling it for a horizon of 100 timesteps. The true dynamics evolves according to x; 11 = Az + Biuy
where,

(0.5 0]
A= |0 05
when t is even and,
(1.5 0]
A= |0 15

when ¢ is odd. The model class M consists of linear dynamical models of the form {x;,; = Ax; + Bu;} and thus cannot
model the true dynamics exactly making it an agnostic model class.

The cost function is quadratic as follows,

99
T T
c(x,u) = E Uy Ut + T190T100
t=0

where x, u represent the entire state and control trajectory. Note that the cost function only penalizes the control input at
every timestep and penalizes the state only at the final timestep.

Given a model (A, B) € M, we can compute the optimal policy and its value function in closed form by using the finite
horizon discrete ricatti solution (Bertsekas, 2005). The value function is represented using matrices P; € R5*5 where
Vi(x) = 2T P, denotes the cost to go from time ¢ until the end of horizon. Thus, we can construct the loss for any model
M = (A, B) in Algorithm 4 for LAMPS-MM as,

gt(A, B) = E (xf+1Ph+1xh+1 — (Axh + Buh)TPthl(A{,Eh + Buh))2

(Th,un,Thy1)~Dy

whereas the MLE loss for SYSID is simply,
(A, B) = E lens = (Aza+ Bun)3

(Ih,,uh,l’h+1)~

C.1.4. MAZE

For the maze environment, we adopt the PointMaze (large) task from D4RL (Fu et al., 2020). We present a visualization of
the task in Figure 6. While the original offline dataset contains 4000000 samples, we only take 10000 and 50000 samples in
our experiment.

C.2. Additional Mujoco Experiment

In this section, we show an additional mujoco experiment. In this case, our algorithm is outperformed by MBPO-SYSID
initially and reaches the same performance given enough data. We hypothesize that the main cause for this is that the explore
distribution does not have high quality in this case, which suggests that Algorithm 3 is more sensitive to the quality of the
exploration distribution than MBPO-SYSID, as described in Section 5.

C.3. Hyperparameters

In this section, we provide the hyperparameter we used in our experiments, mainly Section 7.4 and Section 7.5. Our
implementation for MBPO is based on Pineda et al. (2021), so does MBPO-SysID and the model training of LAMPS. We
use the default hyperparameter for most case, but we present them for completeness. Note that the hyperparameters are the
same for all baselines, but MBPO-SysID(2x) uses double the number indicated with the hyperparameter ends with (x).

25



The Virtues of Laziness in Model-based RL

Figure 6. The PointMaze (large) environment. Picture taken from
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Number of Timesteps

Figure 7. Result on the Halfcheetah benchmark. The results are average over 5 random seeds and the shaded area denotes the standard
error. We use 10000 exploration samples. Note that in this case, LAMPS takes more sample to reach the asymptotic performance of
MBPO-SYSID.
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Table 1. Hyperparameters for HalfCheetah

Value
Exploration sample size 10000
Ensemble size 7
Ensemble elite number 5
Model learning rate 0.001
Model batch size 256
Rollout step in learned model () 400
Rollout length 1—1
Number policy updates (x) 20
Policy type Stochastic Gaussian Policy
Table 2. Hyperparameters for Ant
Value
Exploration sample size 10000
Ensemble size 7
Ensemble elite number 5
Model learning rate 0.0003
Model batch size 256
Rollout step in learned model () 400
Rollout length 1—25
Number policy updates (x) 20
Policy type Stochastic Gaussian Policy

Table 3. Hyperparameters for Hopper

Value
Exploration sample size 10000
Ensemble size 7
Ensemble elite number 5
Model learning rate 0.001
Model batch size 256
Rollout step in learned model (x) 400
Rollout length 1—15
Number policy updates () 40
Policy type Stochastic Gaussian Policy

Table 4. Hyperparameters for Humanoid

Value
Exploration sample size 10000
Ensemble size 7
Ensemble elite number 5
Model learning rate 0.0003
Model batch size 256
Rollout step in learned model () 400
Rollout length 1—25
Number policy updates (x) 20
Policy type Stochastic Gaussian Policy
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Table 5. Hyperparameters for Walker

Value
Exploration sample size 10000
Ensemble size 7
Ensemble elite number 5
Model learning rate 0.001
Model batch size 256
Rollout step in learned model () 400
Rollout length 1—1
Number policy updates () 20
Policy type Stochastic Gaussian Policy

Table 6. Hyperparameters for PointMaze

Value
Exploration sample size 10000/50000
Ensemble size 7
Ensemble elite number 5
Model learning rate 0.001
Model batch size 256
Rollout step in learned model (x) 400
Rollout length 1—1
Number policy updates (x) 20
Policy type Deterministic Policy
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