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Abstract

Off-policy policy evaluation (OPE) is the task of
predicting the online performance of a policy us-
ing only pre-collected historical data (collected
from an existing deployed policy or set of poli-
cies). For many real-world applications, accurate
OPE is crucial since deploying bad policies can
be prohibitively costly or dangerous. With the
increasing interest in deploying learning-based
methods for safety-critical applications, the study
of OPE has also become correspondingly more
important. In this paper, we present the first com-
prehensive empirical analysis of most of the re-
cently proposed OPE methods. Based on thou-
sands of experiments and detailed empirical anal-
yses, we offer a summarized set of guidelines
for effectively using OPE in practice, as well as
suggest directions for future research to address
current limitations.

1. Introduction

Off-policy policy evaluation (OPE) aims to estimate the
value of a new policy from a pre-collected dataset (Dann
et al., 2014). In many real-world applications of reinfor-
cment learning (RL), deploying a new policy to estimate
its value can be prohibitively expensive (Jiang & Li, 2016).
Testing a new policy, without analyzing how it will perform,
in systems such as robotics, autonomous vehicles, trading,
advertising, drug trials, traffic control put people, capital and
equiptment at risk (Li et al., 2011; Wiering, 2000; Bottou
et al., 2013; Bang & Robins, 2005). It is critically important
to generate accurate counter-factual predictions of how well
a new policy performs without running the policy.

Contemporary methods can be partitioned into three classes
of algorithms (Farajtabar et al., 2018). The first class is
the direct methods (DM). DM aim to fit the value of a
policy directly through model-free function approximation
or by fitting a model of the environment and averaging over
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rollouts within such a model. Alternatively, the second class
is the inverse propensity score (IPS) methods, also known as
importance sampling (IS) methods. IPS methods estimate
the value of a policy by rescaling rewards by importance
sample weights, a measure of how likely a reward is under
a new policy compared to the data-generating policy. The
third class is the Doubly-Robust methods (DRM), which
blends between the IPS methods and an estimate of the
action-value function, typically supplied by a DM.

Many of these algorithms were initially designed for OPE in
the bandit scenario (Precup et al., 2000; Dudik et al., 2011;
Swaminathan et al., 2017; Wang et al., 2017). Later these
methods were generalized and new methods were created
to tackle the RL problems (Precup et al., 2000; Mahmood
et al., 2014; Jiang & Li, 2016; Thomas et al., 2015; Haru-
tyunyan et al., 2016; Thomas & Brunskill, 2016; Farajtabar
etal., 2018; Liu et al., 2018; Le et al., 2019). Yet, existing
benchmarking of the algorithms is lacking, not comprehen-
sive, and fails to provide insight into areas where methods
particularly shine and where current research should focus.
We aim to present a benchmark which highlights challenges
one expects to face when tackling the RL setting. We imple-
ment the majority of contemporary OPE methods and report
consice findings based on a systematic evaluation.

2. Notation

We will use a notational standard that is common across
modern OPE literature (Thomas & Brunskill, 2016). We
define a markov decision process by (X, A, P, R, ~), where
X is the state space, A is the action space, P: X x A — X
is the transition function with P(z'|z,a) giving the prob-
ability entering state x’ by taking action a in state z,
R : X x A — Ris the reward function with R(z, a) giving
the reward of taking action a in state x, and v € (0, 1] is
the discount factor. Let dy be the initial state distribution.
Let a policy m : X x A — [0, 1] be a distribution of actions
for each state where an action a € A in state x € X has
probability 7(a|x).

We assume we are given a historical dataset, D, of the form
D = {7 = (xi,ai,ri, s, .. ) Y2} where i denotes the
ith trajectory in D. Each trajectory 7 is generated by a,
possibly unique, policy 7;. In the event that there is only
one data-generating policy, we call this policy 7, base
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policy. Hence D = {(r¢, 71)}1 1» where 7% ~ ;. Let

Pyt = Py (7 e, i) = I 717D 2282 be the

importance weight between an evaluation policy, 7., and
a base policy m; (Thomas & Brunskill, 2016). Let w;.;» =

|—,§| ZLDQ ,0j .+ be a normalization factor of the importance

weights. For convenience, when ¢’ < ¢, let p.,, = 1 for any
trajectory .

Finally, given a desired evaluation policy 7., we define the
value of 7. as
Ir[-1

V(ﬂ_e) = EINd(] Z lytrt|$() =\,

with a; ~ me(+|xt), Teg1 ~ P(-|@e, ar), 70 ~ R(xy, ar),
7 = (x0, ap,ro, . ..). Unless otherwise specified, we omit
dependence on 7. and abbreviate the value as V.

3. Methods
3.1. Inverse Propensity Scoring (IPS) Methods

There are several variations of the IPS method. Let H; =
Tl = 1,

Table 1. IPS methods. (Dudik et al., 2011; Jiang & Li, 2016)

Sequential Doubly-Robust (SDR): (Jiang & Li, 2016)

|D|

1 i,
Vspr = ﬁ Z Vv prs  Veeq-pr =0
ViRt~ = V(@) + pou(re + VWit o — Qlse.ar))

Doubly-Robust (DR): (Thomas & Brunskill, 2016)

Ita ay) + 7v($t+1)]

Weighted Doubly-Robust (WDR): (Thomas & Brunskill,

PoLICY STANDARD STEP-WISE
D P H; D
IS SIS (T At SR S o e
ok
WIS SIS (S ) P S o S,

Table 1 shows the calculation for the four traditional IPS
estimators: Vig, Vsiep—15, Viwis, Vstep—wis. In addition,
we include the following method as well since it is a Rao-
Blackwellization (Liu et al., 2018) of the IPS estimators:

State Density Ratio Estimation (IH): (Liu et al., 2018)

_ Yiw(s}) peary
D
P oz' 'oz, 1 "w(s1) pere

o= E —0 7 dr, (s})
where 7, is assumed to be a fixed data-generating policy,

and d is the distribution of states when executing 7 from
sg ~ dp. The details for how to find w can be found in
Algorithm 1 and 2 of (Liu et al., 2018).

w(s;) =

3.2. Doubly-Robust Methods (DRM)

DRM rely on being supplied an action-value function Q
an estimate of Q from which one can also yield V( ) =

> acam(alz)Q ( x,a). Let H; = |7;| — 1.

2016)
ID|

1 .
Vwbpr = D] Z Vi(xg)+
i=1

|ID| oo

ZZ tpOt
w

i—1 =0 Ot

MAGIC: (Thomas & Brunskill, 2016) Given g; = {g'|i €
J CNU{—-1}} where

A(va af) + 'Yv(zt-u)]

D] j P |D] P

t FO:t 7, +1 FO:t

+Z’7J V( ]+1)
i=1 t=0 : Wo:t
ID| 5 i
p Po:t—1 5/ i

ZZ’Y OtQ xtvat) 0t 1V(9«”1)),
i=1 t=0 Wo:t—1

then define dist(y, Z)
ba(j) = dist(g] (D), CI(g™
Qu(i,5) = Cov(g{ (D), g7 (D))

then, for a |.J|—simplex Al/! we can calculate

= min,cz |y — 2| and

(D),0.5))

¥ € arg min z [Q + b7 |z
zeAlJI

which, finally, yields
Vaacre = (@) g,

MAGIC can be thought of as a weighted average of different
blends of the DM and DRM. In particular, for some ¢ € J,
g* represents estimating the first i steps of V (. ) according
to DR (or WDR) and then estimating the remaining steps
via ). Hence, Vs a¢rc finds the most appropriate set of
weights which trades off between using a direct method and
a DRM.

3.3. Direct Methods (DM)
3.3.1. MODEL-BASED

Fitting the MDP (MDP): (Jiang & Li, 2016) An approach to
model-based value estimation is to directly fit the transition




Off-Policy Policy Evaluation for Reinforcement Learning

dynamics P(x¢11]|2¢, at), reward R(zy, a;), and terminal
condition P(z+1 € Xierminat|Zt, at) of the MDP using
some for of maximum likelihood or function approximation.
This yields a simulation environment from which one can
extract the value of a 7pohcy using an average over rollouts.
Thus, V(7) = E[>°,_; v'r(ze, ae)|zo = 2,00 = m(z0)]
where the expectation is over initial conditions x ~ dy and
the transition dynamics of the simulator.

3.3.2. MODEL-FREE

Every estimator in this section will approximate ¢) with
Q(+; 0), parametrized by some 6. From @ the OPE estimate

we seek is
|D]

V= gL L e

i=1acA
Let H; = |1;| — 1, the length of trajectory .
]ETI'QQ(xiH-l? ) = ZaeA We(a\xt-s-l)Q(ftH, a).
Direct Model Regression (Reg): (Farajtabar et al., 2018)

|D| H;

Q( 9 In1n|D|ZZ’7pOt(

=1 t=0
H;
i _ Z t'—t
Rt:Hi - Y

t'=t

(s, a;0)

Note that

- 2
~ Qe ais0))
P%t+1):t/ri'

Fitted Q Evaluation (FQE): (Le et al., 2019) @(~,9) =

limg_ 00 Q1 Where

|D| H;

‘Dl ZZ Qk 1 xtvatv ) yz)Q

i=1 t=0
yz = 7"11‘: + ,}/Eﬂer—l(-r,f{J,-l? ) 9)

Retrace(\) (R())), Tree-Backup (Tree), Q7 (A):  (Munos
etal., 2016; Precup et al., 2000; Harutyunyan et al., 2016)

Q('v 9) = limg 00 Qk where

Qk(w,0;0) = Qr—1(z, a;0)+
t
Eﬂ'b [Z’yt H Csyt‘xO =T,ap = a]
t>0 s=1
and

Y = rt 4 'yEm@kq(lea ) 9) - @kfl(xt’ at; 0)

Amin(1, Z2225) - R())
cs = { Ame(as|zs) Tree
A Q™(A)

More Robust Doubly-Robust (MRDR): (Farajtabar et al.,
2018) Given

Qﬂb(‘x):
e=1[1,...

diag|l/mp(alx)]aca — eel
)"

tH*Z’Y pt+1)](gﬂ ])

and

go(x,a,7) = diagre(a'|2)]larealQ(z, a';0)]arca
—r[1{a’ = a}]aeca
where 1 is the indicator function, then

|D| H;

Q\('a —Hlln ‘D‘ZZW/% pOt 1

i=1 t=0

ptqﬁ(xt’at’RtH )Tﬂﬂ’b(xt)qﬁ(xtﬂatﬂ tH )

4. Environments

For every environment, we initialize the environment with a
fixed horizon length T'. If the agent reaches a goal before
T or if the episode is not over by step 7', it will transition
to an environment-dependent absorbing state where it will
stay until time 7.

4.1. Toy-Graph

R=+1lorR~N(+11)

R=-1orR~N(-11)

Figure 1. Toy-Graph Environment

Figure 1 shows a visualization of the Toy-Graph environ-
ment. The graph is initialized with horizon 7" and with
absorbing state z,5s = 2o = 0. In each episode, the agent
starts at a single starting state zp = 0 and has two actions,
a = 0and ¢ = 1. At each time step ¢t < T, the agent
can enter state ;41 = 2t + 1 by taking action @ = 0, or
Ti+1 = 2t 4 2 by taking action a = 1. If the environment
is stochastic, we simulate noisy transitions by allowing the
agent to slip into 211 = 2t+2 instead of ;4.1 = 2t+1 and
vice-versa with probability .25. At the final time ¢t = 7T, the
agent always enters the terminal state 2,55 = 0. The reward
is 41 if the agent transitions to an odd state, otherwise is —1.
If the environment provides sparse rewards, then r = +1
if xp_q1is odd, r = —1 if xp_1 is even, otherwise » = 0.
Similarly to deterministic rewards, if the environment’s re-
wards are stochastic, then the reward is  ~ N(1, 1) if the
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agent transitions to an odd state, otherwise r ~ N(—1,1).
If the rewards are sparse and stochastic then r ~ N(1,1) if
xp_1 is odd, otherwise 7 ~ N(—1,1) and r = 0 otherwise.

Table 2. Toy-Graph Policies

PoLicy w(a=0) mw(a=1)
TTG,0 2 .8
TTG,1 .6 4
TTG,2 8 2

4.2. Toy Mountain Car (Toy-MC)

Figure 2. Toy-MC Environment

Figure 2 shows a visualization of the Toy-MC environment.

This environment is a 1-D graph-based simplification of
Mountain Car (see following description for the standard
version). The agent starts at ¢ = 0, the center of the valley
and can go left or right. There are 21 total states, 10 to the
left of the starting position and 11 to the right of the starting
position, and a terminal absorbing state x,,s = o = 0. The
agent recieves a reward of » = 0 at every timestep unless
reaching x = +11, where the agent transitions to x,s, the

episode terminates, and the agent receives a reward of +1.

If the agent reaches x = —10 and continues left then the
agent remains in x = —10. If the agent does not reach state
x = +11 by step T then the episode terminates and the
agent transitions to the absorbing state.

Table 3. Toy-MC Policies

PoLicy w(a=0) w(a=1)
TTMC,0 .55 45
TrMC,1 4 .6

4.3. Mountain Car

We use the OpenAl version of Mountain Car with a few
simplifying modifications (Brockman et al., 2016; Sutton &

Barto, 2018). The car starts in a valley and has to go back
and forth to gain enough momentum to scale the mountain
and reach the end goal. The state space is given by the
position and velocity of the car. At each time step, the car
has the following options: accelerate backwards, forwards
or do nothing. The reward is r = —1 for every time step
until the car reaches the goal. While the original trajectory
length is capped at 200, we decrease the effective length
by applying every action a; five times before observing
Z¢41. Furthermore, we modify the random initial position
from being uniformly between [—.6, —.4] to being one of
{-.6, —.5, —.4}, with no velocity. The environment is ini-
tialized with a horizon T" and absorbing state zps = [.5, 0],
position at .5 and no velocity.

Table 4. MC Policies. These policies are epsilon greedy. With
probability 1 — € select max, Q(x, a) otherwise select randomly.
Q is trained with DQN (Mnih et al., 2013; Van Hasselt et al., 2016)

PoLICY € DESCRIPTION
TMC,0 1. RANDOM POLICY
TMC,1 0. ALWAYS FOLLOW Q

5. Experimental Analysis
5.1. Preliminary Details

An experiment generally consists of selecting an environ-
ment, the data-collecting policy (7), the evaluation policy
(7), and the number of trajectories to collect (| D|). We
rollout 7, a total of |D| times to generate a dataset onto
which we apply different methods to calculate IA/(W@), an
estimate of the value. We rollout 7, a total of |D| times
from which we calculate (a monte-carlo estimate of) the
true on-policy value V(7. ). Each experiment is repeated
10 times with different random seeds. For each method
we compute the mean squared error (MSE) over the seeds,
MSE= L 1% (V(r.); — V(me);)?, a standard metric for
OPE (Farajtabar et al., 2018).

We have run thousands of experiments and have highlighted
the details in tables. Methods that are within 2x the lowest
MSE among the set of experiments are highlighted in bold.

5.2. Horizon and Environment

What is the effect of horizon on OPE methods? What effect
do sparse/dense rewards and determinstic/stochastic transi-
tions or rewards have on how well methods can be expected
to perform?

Table 5 and Table 6 illustrate the effects on the methods
from increasing the horizon on the Toy-Graph environ-
ment from 7" = 4 to T" = 16 under complete determin-
ism and dense rewards. While every method experiences
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an increase in error due to increased horizon but fixed
number of trajectories, methods that rely on terms with
p (REG,MRDR,R()),Q™()), both DM and DRM coun-
terparts, and IPS) suffer substantially more. The repeated
multiplication of importance weights causes the variance of
the p term to blows up exponentially which can cripple IPS
and DRM-based performance (Liu et al., 2018).

Secondly, for finite state and actions spaces, the inherent
bellman error is zero:

sup inf — T7e =0
sup inf |11 ~ T

for F, an |:S| x| A|-dimensional table, and ||-|| . , the £3 norm
weighted by the m.-induced state-action distribution, and
T"Q = r + vEp x[Q(a’, m(a’)]. Direct methods such as
FQE and Q™ (), without p terms, are all capable of finding
an unbiased Q™ which is the fixed point to 7™ Q7 = Q™
when using F' in a finite state and action space environment.
Thus, these methods have very small error regardless of hori-
zon. We examine the extent of the bias when the inherent
bellman error is not zero in the later sections.

Table 5. MSE Toy-Graph. T' = 4. |D| = 1024. m = 7ra,o.
Te = Tra,2. Tabular (Tab) function class. Deterministic transi-
tions and rewards. Reward is received at every timestep.

Table 6. MSE Toy-Graph. T' = 16. |D| = 1024. 7, = 7ra,o.
Te = mra,2. Tabular (Tab) function class. Deterministic transi-
tions and rewards. Reward is received at every timestep.

DM DRM: COMBINING @ WITH
Q (TAB.) DIRECT SDR DR  WDR MAGIC
MDP 3E-03 4E-02 4E-02 3E-02 3E-02
REG 3e-01 5eE-03 5E-03 4E-03 2E-02
MRDR 1E-01 3E-02 3E-02 2E-01 2E-01
FQE 6E-04 6E-04 6E-04 6E-04 6E-04
R()) 6E-04 6E-04 6E-04 6E-04 6E-04
Q™ (\) 6E-04 6E-04 6E-04 6E-04 6E-04
TREE 6E-04 6E-04 6E-04 O6E-04 6E-04
IPS

METHOD STANDARD STEP-WISE

IH 8E-03

1S 2E0 2E-01

WIS 3E-01 6E-02

NAIVE 2E1

Under stochastic transitions as seen in Table 7 and Table
8, the spread in the performance of the methods becomes
tighter: the best and worst case performances are within
2 orders of magnitude rather than 4 orders of magnitude
(Table 5 and Table 6). The environment is homogenizing the
policies and making them closer together (we will describe
this in further detail in the Policy Mismatch section).

Unlike stochasticity in the environment which makes DRM
help most methods (other than FQE and Q™ (\)), stochas-
ticity of rewards has the opposite effect as seen in Table 9.

DM DRM: COMBINING () WITH
@ (TaB.) DIRECT SDR DR WDR MAGIC
MDP 6E-03 8EO0 8EO 4E0Q 2E-02
REG 2E1 1E2 1E2 2E1 2E1
MRDR 3El 4E1 4E1 3E2 3E2
FQE 1E-03 1E-03 1E-03 1E-03 1E-03
R(A) 6E0 5E0 SEO 4€0 6EO
Q™ () 1E-03 1E-03 1E-03 1E-03 1E-03
TREE 1E1 8EO0 8EO 5EQ 1E1
IPS

METHOD STANDARD  STEP-WISE

IH 6E-02

1S 6E1 2E1

WIS 5E1 1E1

NAIVE 3E2

Table 7. MSE Toy-Graph. T' = 4. |D| = 1024. 7, = 7ra,o.
Te = Tra,2. Tabular (Tab) function class. Stochastic transitions
and deterministic rewards. Reward is received at every timestep.

DM DRM: COMBINING () WITH
@ (TaB.) DIRECT SDR DR WDR MAGIC
MDP 2E-02 1E-01 1E-01 1E-01 3E-02
REG 9E-02 1E-01 1E-01 9E-02 5E-02
MRDR 8e-02 1E-01 1E-01 1E-OI 1E-01
FQE 1E-02 9E-02 9E-02 9E-02 2E-02
R()) 36-02  9g-02 9E-02 9E-02 2E-02
Q™ () 5e-02 1E-01 1E-01 9E-02 3E-02
TREE 3e-02  9E-02 9E-02 9E-02 2E-02
IPS

METHOD STANDARD  STEP-WISE

IH 3E-02

1S 4g-01 1E-01

WIS 3E-01 6E-02

NAIVE 5EQ

Direct methods relying on regressing on rewards, such as
MRDR and Reg, will perform worse and require more data.
We found sparsity of reward to have no notable effect on
how the OPE methods perform.

Most notably the top performer is direct FQE. MDP and IH,
particularly when 7' is large, are close competitors. Among
the DRM, only MAGIC remains somewhat competitive.
Since MAGIC is a blend between a direct method and WDR
of that direct method, the choice of the set J (see description
of the method) is critical to its performance. The authors of-
fer some heuristics for selecting J but a principled approach
remains an interesting open problem.
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Table 8. MSE Toy-Graph. T' = 16. |D| = 1024. 7, = 7ra,o.
Te = Tra,2. Tabular (Tab) function class. Stochastic transitions
and deterministic rewards. Reward is received at every timestep.

DM DRM: COMBINING @ WITH
Q (TAB.) DIRECT SDR DR WDR MAGIC
MDP 3E-02 2E1  2El 1E1 6E-02
REG 7EQ 3e0 3EO 70 9E0
MRDR 7E0 8EO0 8EO 3El 3E1
FQE 4E-02 3e0  3EO 1E0 4E-01
R(X) 380 380 3e0 8e-01 3E0
Q™ () 2E-01 3e0  3EO 1E0 3E-01
TREE 480 480 40 8E-01 40
IPS

METHOD STANDARD STEP-WISE

IH 3E-02

IS 2E1 TEOQ

WIS 1E1 9e-01

NAIVE TE1

Table 9. MSE Toy-Graph. T' = 16. |D| = 1024. 7, = 7rg,o.
Te = Tra,2. Tabular (Tab) function class. Deterministic transi-
tions and stochastic rewards. Reward is received at every timestep.

DM DRM: COMBINING () WITH
@ (TaB.) DIRECT SDR DR WDR MAGIC
MDP 9E-02 1E3  1E3 1E1 2E0
REG 1E2 7E2  TE2 1E3 1E2
MRDR 7E1 33  3E3 2E3 SE2
FQE 6E-02 2E2 2E2 2E0 7E-02
R(N) 70 4l 4El 6EQ 6EQ
Q" () 5E-01 2E2 2E2 1E0 5E-01
TREE 1E1 1E2 1E2 8EO 1E1
IPS

METHOD STANDARD  STEP-WISE

IH 1E-01

IS 1E4 1E2

WIS 5El 1E1

NAIVE 3E2

5.3. Policy Mismatch

To what extent does the difference between the evaluation
and base policy influence OPE methods?

When the base policy is equivalent to the evaluation policy,
pe.¢+ = 1 for any ¢,t’. Importance weight-based methods
reduce to on-policy value evaluation and the estimators take
a sample average of the rewards in the dataset. However, as
the policies diverge, the variance of p = [] ::Eig grows
exponentially. While we have illustrated in the last section
that horizon and stochasticity in the environment can lead
to trouble for methods relying on importance weights p, we
have found that it does not always. We quantify the amount
of policy mismatch by calculating the conservative estimate

T
M—( sup WE(m’a)> . (1
(z,a

YEX XA (2, a)

Clearly M > pg.r for any T

Table 10. MSE Toy-Graph. T' = 4. |D| = 1024. m, = 7rg,1.
Te = Tra,2. Tabular (Tab) function class. Stochastic transitions
and deterministic rewards. Reward is recieved at every timestep.

DM DRM: COMBINING () WITH
Q (TaB.) DIRECT SDR DR WDR MAGIC
MDP 7e-03  8E-03 8E-03 8E-03 4E-03
REG 5e-03 3E-03 3E-03 3E-03 5E-03
MRDR 3g-02 3E-03 3E-03 2E-03 1E-02
FQE 2E-03 3E-03 3E-03 3E-03 2E-03
R(N) 3E-03 3E-03 3E-03 3E-03 3E-03
Q™ () 4gE-03 3E-03 3E-03 3E-03 4E-03
TREE 3e-03 3E-03 3E-03 3E-03 3E-03
IPS

METHOD STANDARD  STEP-WISE

IH 3E-03

1S 8E-03 5E-03

WIS 6E-03 4E-03

NAIVE 6E-01

Table 11. MSE Toy-Graph. T' = 16. |D| = 1024. m, = 7rg,1.
Te = Tr@,2. Tabular (Tab) function class. Stochastic transitions
and deterministic rewards. Reward is recieved at every timestep.

DM DRM: COMBINING @ WITH
Q (TAB.) DIRECT SDR DR  WDR MAGIC
MDP 2E-02 1E-01 1E-01 2E-01 4E-02
REG 7E-02 3E-02 3E-02 3E-02 3E-02
MRDR 5e-02 3E-02 3E-02 3E-02 5E-02
FQE 1E-02 3E-02 3E-02 3E-02 1E-02
R()) 3e-02 3e-02 3E-02 3E-02 3E-02
Q™ (\) 1E-02 3E-02 3E-02 3E-02 2E-02
TREE 5E-02 3E-02 3E-02 4E-02 2E-02
IPS

METHOD STANDARD  STEP-WISE

IH 2E-02

1S 3E-01 8E-02

WIS 9E-02 3E-02

NAIVE 7E0

Table 7 and Table 10 illustrate the difference between M =
(5)* = 256 and M = (5)* ~ 3.16, respectively. Since
M 1is a measure of policy similarity, then we can expect
the error to be smaller for smaller M across the board. In
these experiments the error is lower by about an order of

magnitude.
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Similarly, 8 and Table 11 illustrate the difference between
M = (5)1% ~ 4.29 x 10° and M = (:£)'® ~ 100. The
crucial distinction between M small and M large is the re-
action of the DRM estimators to importance weights. When
M is small, DRM help some DM (like Reg and MRDR)
and only mildly hurt other direct methods’ performance,
while when M is large they generally hurt DM across the
board. We find it difficult to predict when DRM will help
with this experiment, but have found that there is normally
a DM which performs better than any DRM.

5.4. State Distribution Mismatch

Under what conditions do IPS methods perform well but IH
does not?

IH (Liu et al., 2018) greatly circumvents the issue of policy
mismatch and horizon by learning a ratio of state visitation
frequency. We have already seen an instance where learning
this state ratio distribution is challenging. In particular
notice that in Table 5 and Table 6, IH struggles slightly and
we wish to understand why.

Table 12. MSE TOy—MC. T = 250. |D| = 1024. Ty = TTMC,0-
Te = Trmc,1. Tabular (Tab) function class.

DM DRM: COMBINING @ WITH
Q (TAB.) DIRECT SDR DR  WDR MAGIC
MDP 8E-02 1E0  2E-02 2E-02 2E-02
REG 7E-03 2E3 4E1 4E1 3El
MRDR 8E-03 60 2E-01 2E-01 2E-01
FQE 5E-05 2E3 2E1 2E1 2E1
R(N) 2E-01 40 2E-04 2E-04 TE-04
Q™ (N) 8E-04 41 5E-01 6E-01 5E-01
TREE 4g-01 2E1  4E-03 9E-04 2E-03
IPS

METHOD STANDARD STEP-WISE

IH 1E-01

1S 4g-03 4g-03

WIS 3E-04 9g-04

NAIVE 3E-01

For the Toy-MC environment, even though 7' is very large,
because the environment terminates when the agent reaches
the goal, the horizon over which p compounds is signifi-
cantly shorter. Hence IPS (and DRM) actually should stand
a chance here. Table 12 is generated with a policy that goes
right with probability .55 while the evaluation goes right
with probability .4. In this environment, a base policy which
preferentially goes right causes the environment to terminate
(since the goal is reached) and would take a lot of data to ex-
plore all the states to the left. IH has a large error compared
to many DM, DR methods, and even standard IS. On the
other hand, when reversing the probabilities with which the

agent goes right , the IH estimator struggles less (achieving
3e-4 error, several orders of magnitude less than in Table
12) since the evaluation policy induces a set of states that is
well within the base policy’s support. This issue illustrates
IH’s sample inefficiency and serves as an example of how
standard IS can beat IH when the the policies induce a large
enough support mismatch.

5.5. Function Class

How does the choice of function class and/or representation
influence affect performance of OPE methods?

Since direct methods rely on reductions to supervised re-
gression in order to get an OPE estimate, their performance
could potentially be influenced by their ability to generalize
to unseen states. Once the state space becomes continuous
then we cannot be sure that the inherent bellman error is
zero for our choice of function class. Measuring the amount
of inherent bellman error is intractable (Sutton & Barto,
2018).

Table 13. MSE MC. Linear Function class. T' = 250. |D| = 128.
Ty = TMC,0- Te = TMC,1-

DM DRM: COMBINING ( WITH
@ (LIN.) DIRECT SDR DR WDR MAGIC
MDP 5El 382 3E2 2E3 6E2
REG 6E2 4E2 4E2 8E3 2E3
MRDR TE2 4E2  4E2 SE2 4E2
FQE 2E2 2E2 2E2 2E4 1E3
R()) 3El 1E1 1kl 7E2 7E2
Q™ () 4gl 2E2  2E2 1E3 1E3
TREE 3El 1E1 1E1 7E2 TE2
IPS

METHOD STANDARD  STEP-WISE

1H 2E3

1S 1E3 5E2

WIS 2E1 2E2

NAIVE 3E3

Table 13 and Table 14 illustrate the results of using a linear
vs neural network function class on the MC environment.
Increasing the complexity of the function class does not
necessarily lead to an improvement in performance across
the board. In fact, among direct methods, only FQE saw im-
provement. Reg and MRDR saw little change. R(A), Q™ (X),
Tree, and MDP saw dramatic declines in performance.

5.6. Technical Challenges

How long does it take to run these methods? What are the
challenges of each method?

For this qualitative analysis, we consider a single training
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Table 14. MSE MC. Neural Network function class. T = 250.
|D| = 128. mp = marc,0. Te = TMC,1

DM DRM: COMBINING @ WITH
@ (NN.) Direct SDR DR WDR MAGIC
MDP 8E2 4E2  4E2 2E3 1E3
REG TE2 4E2 4E2 5E2 2E2
MRDR 9g2 5E2 5E2 2E2 4E2
FQE 5El 2E2 2E2 1E4 3E3
R()) 9E2 1E3 1E3 2E3 2E3
Q™ (N) 3E3  4E3 4E3 Se4 8E3
TREE 1E3 1E3 1E3 3E3 2E3
IPS

METHOD STANDARD STEP-WISE

IH 1E3

1S 1E3 5E2

WIS 8E1 2E2

NAIVE 3E3

batch B C {(z},a},r}, i )} = D and the neural network
function class.

Closed form methods such as the IPS methods (other than
IH) will run the fastest, since there is no reliance on training
or inference. IH runs fairly quickly as well up to the choice
of batch size |B|. In fact, part of the algorithm for IH re-
quires creating a kernel matrix, a metric of state similarity,
of size |B| x |B|. As |B| grows, the algorithm will slow.
Yet, the larger the kernel matrix, the better the algorithm
performs because it is able to properly assign similar visi-
tation frequency weight to neighboring states. If | B| is too
small, all the states seem independent. For IH to function
properly, |B| has to be chosen to be as large as possible
while weighing the computational cost.

To calculate the direct methods, model free methods require
O(|D|) calls to the neural network. Model based meth-
ods (such as MDP) require O(T'| D|) calls. Doubly-Robust
methods demand an estimate @ for every trajectory ¢ and
time ¢, which requires O(T'|D|) and O(T?|D|) calls for
model free and model based, respectively. In general infer-
ence is fast since it can be done in batch. However, because
MDP requires rollouts (depending on calls to 7.) it must be
done serially and this has a huge impact on the run-time of
DR-based MDP.

We found R()), Q™ (\), Tree can be quite expensive to run
in practice, especially when using neural networks. For
every item (z,al) € B C D, they all require calculating
Q(xi,,ai,) for every ' > t. On average, this requires
O(T|B|) calls to the neural network to do a single step of
gradient descent. On the other hand, FQE is generally cheap,
only requiring | B| calls per gradient step.

FQE, R()\), Q7 (M), Tree suffer from similar issues that have
plagued standard DQN (Mnih et al., 2013). In particular,

because they are iterative approaches, they rely on moving
targets and the quality of their performance relies on how
well the loss stays under control as the errors compound
between fitting Qx on Qr_1. In addition, these methods
tend to oscillate and their convergence is finnicky. Tricks
and tips that make DQN more stable can be developed to
help these methods fit.

While MRDR was designed so that DR MRDR beats DR
Reg, we find MRDR to be ill conditioned in discrete settings
and the choice of regularization impacts its performance.

6. Discussion

‘We have found that direct FQE tends to perform consistently
well when the model class is chosen appropriately (tabular
in discrete settings and neural network in continuous set-
tings). This would be our choice, in practice. DR methods
rarely outperform the best direct method, but do help strug-
gling direct methods when the effective horizon is short
enough. Yet we have not found a consistent way to predict
when a DR approach would help a method. DR methods
are particularly prone to error when there is modest to long
horizons and sufficient policy mismatch. IH, designed to fix
the pitfalls of DR methods, can be robust to lengthy horizon
and policy mismatch. However it is sensitive to hyperparam-
eter tuning and base vs evaluation policy support mismatch
in the absense of large quantities of data. IPS methods
generally only perform well when the effective horizon is
short and there is sufficient policy match. As expected, DR
MRDR performs better than DR Reg in general, but neither
of these methods is consistently among the best.

A few avenues for research that we have found include

e Creating a blend between DM and IH (like DR creates
a blend between DM and IPS).

e Embedding actions into IH to learn state-action density,
which may make it robust to its current issues

e Finding a principled way of choosing the set J in
MAGIC and the batch size in IH

e Finding ways to stabilize iterative methods like FQE

We leave the study of how high dimensional state spaces,
such as pixel-based Atari, and POMPDs affect the methods
to future work.
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