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Abstract

Off-policy evaluation (OPE) is to evaluate a tar-
get policy with data generated by other policies.
Most previous OPE methods focus on precisely
estimating the true performance of a policy. We
observe that in many applications, (1) the end goal
of OPE is to compare two or multiple candidate
policies and choose a good one, which is a much
simpler task than precisely evaluating their true
performance; and (2) there are usually multiple
policies that have been deployed to serve users in
real-world systems and thus the true performance
of these policies can be known. Inspired by the
two observations, in this work, we study a new
problem, supervised off-policy ranking (SOPR),
which aims to rank a set of target policies based
on supervised learning by leveraging off-policy
data and policies with known performance. We
propose a method to solve SOPR, which learns
a policy scoring model by minimizing a ranking
loss of the training policies rather than estimat-
ing the precise policy performance. The scoring
model in our method, a hierarchical Transformer
based model, maps a set of state-action pairs to a
score, where the state of each pair comes from the
off-policy data and the action is taken by a target
policy on the state in an offline manner. Exten-
sive experiments on public datasets show that our
method outperforms baseline methods in terms of
rank correlation, regret value, and stability. Our
code is publicly available at GitHub .
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1. Introduction

Off-policy evaluation (OPE), which aims to estimate the on-
line/true performance 2 of a policy using only pre-collected
historical data generated by other policies, is critical to many
real-world applications, in which evaluating or deploying
a poorly performed policy online might be prohibitively
expensive (e.g., in trading, advertising, traffic control) or
even dangerous (e.g., in robotics, autonomous vehicles, drug
trials).

Existing OPE methods can be roughly categorized into three
classes: distribution correction based methods (Thomas
et al., 2015; Liu et al., 2018; Hanna et al., 2019; Xie et al.,
2019; Nachum et al., 2019; Zhang et al., 2020; Nachum
& Dai, 2020; Yang et al., 2020; Kostrikov & Nachum,
2020), model estimation based methods (Mannor et al.,
2004; Thomas & Brunskill, 2016; Hanna et al., 2017; Zhang
et al., 2021), and Q-estimation based methods (Le et al.,
2019; Munos et al., 2016; Harutyunyan et al., 2016; Precup,
2000; Farajtabar et al., 2018). While those methods are
based on different assumptions and with different formula-
tions, most of them (1) focus on precisely estimating the
expected return of a target policy using pre-collected histor-
ical data, and (2) perform unsupervised estimation without
directly leveraging the online performance of previously
deployed policies.

We notice that there are some mismatches between the set-
tings of those OPE methods and the OPE problem in real-
world applications. First, in many applications, we do not
need to estimate the exact true performance of a target policy.
Instead, what we need is to compare the true performance
of a set of candidate policies and identify the best one which
will then be deployed into real-world systems. That is, cor-
rect ranking of policies rather than precise return estimation
is the end goal of off-policy evaluation. Second, in real-
world applications, we usually know the true performance
of some polices that have been deployed into real-world sys-
tems and interacted with real-world users. Such information
is not well exploited in today’s OPE methods.

Based on these observations, in this work, we define a new
problem, supervised off-policy ranking (SOPR), which is

We use online performance and true performance interchange-
ably in this paper.
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different from previous OPE in two aspects. First, SOPR
aims to correctly rank new policies, rather than accurately
estimate their expected returns. Second, SOPR leverages
the true performance of a set of pre-collected policies in
addition to off-policy data.

A straightforward way to rank policies is to first use a scor-
ing model to score each policy and then rank them based on
their scores. Following this idea, we propose a supervised
learning-based method to train a scoring model. The scoring
model takes logged states in historical data and the actions
taken by a policy offline as raw features. Considering that
there might be plenty of data, we design a hierarchical
Transformer encoder (TE) based model to learn representa-
tions at different levels. Specifically, we first adopt k-means
clustering to cluster similar states. Within each cluster, a
low-level TE is employed to encode each state-action pair.
At high level, another TE is employed to encode each clus-
ter. Following each TE, an average pooling operator is
adopted to aggregate information in the corresponding level.
Finally, a multi-layer perceptron (MLP) maps the overall
representation to a score. The hierarchical TE and MLP are
jointly trained to correctly rank the pre-collected policies
with known performance. Our method is named as SOPR-T,
where “T” stands for our TE-based model.

We evaluate SOPR-T on public datasets for offline rein-
forcement learning (RL) (Fu et al., 2020). Experiments on
multiple tasks and different datasets demonstrate that SOPR-
T outperforms representative baseline methods in terms of
both rank correlation, regret value, and stability.

The main contributions of this work are as follows:

* We point out that OPE should focus on policy ranking
rather than exactly estimating the returns of policies,
which simplifies the OPE problem.

* According to our knowledge, we are the first to introduce
supervised learning into OPE. We take a preliminary step
towards supervised OPE in this work and define the prob-
lem of supervised off-policy ranking. We hope that our
work can inspire more solid works along this direction.

* We propose a hierarchical Transformer encoder based
model for policy ranking. Experiments demonstrate the
effectiveness and stability of our method. Our code and
data have been released at GitHub.

2. Supervised Off-Policy Evaluation/Ranking

In this section, we first give some notations and then for-
mally describe the problems of supervised off-policy evalu-
ation and supervised off-policy ranking.

We consider OPE in a Markov Decision Process (MDP)
defined by a tuple (S;A;T;R; ). S and A denote state

and action space. T (s°js; @) and R(S; a) are state transition
distribution and reward function. 2 (0; 1] is a discount
factor. Thegexpected return of a policy  is defined as
V()=E[ { frd.wherear  (jso).re  R(sta),
and T is the time horizon of the MDP.

The goal of OPE is to evaluate a policy without running
it in the environment. Traditional OPE methods estimate
the expected return of a policy leveraging a pre-collected
dataset D = f ;gl\; composed of N trajectories generated
by some other policies (usually called behavioral policy),
where ; =sh;ab;rh; ;sh;al;rk.

Apart from the pre-collected dataset, we can also collect
some previously deployed policies whose true performance
is available. For instance, in many real-world applications,
such as advertising and recommendation systems, we can
get the true performance of previously deployed polices
by observing and counting user clicks. Thus, the true per-
formance of these policies is available. Clearly, those in-
formation is helpful for OPE, but was ignored in previous
OPE methods. In this work, we define a new kind of OPE
problem, the supervised OPE problem, as below.

Definition 2.1. Supervised off-policy evaluation: given a
pre-collected dataset D = f ;g\, with N trajectories and
M pre-collected policies f ;gM; with known performance,
estimate the performance of a target policy or a set of target
policies without interacting with the environment.

Comparing with previously studied OPE problems, our new
problem has more available information, the set of pre-
collected policies ¥ jg™M,; with known performance, which
can serve as supervised signal while we learn an OPE model.
We name this problem “supervised” OPE as we have label
information (i.e., the true performance) for the policies avail-
able in training. In contrast, previous OPE problems can be
deemed unsupervised learning problem, since they do not
directly learn from the online performance of pre-collected
policies.

In addition, in real-world applications we often need to com-
pare a set of candidate policies and choose a good one from
them. Thus, what we really need is the correct ordering of
a set of policies, rather than the exact performance value
of each policy. Formally, we define a variant of the super-
vised OPE problem, which is called supervised off-policy
ranking.

Definition 2.2. Supervised off-policy ranking: given a pre-
collected dataset D = f jgl\.; with N trajectories and M
pre-collected policies f jgM, together with their perfor-
mance ranking, rank a set of target policies without interact-
ing with the environment.

It is not difficult to see that policy ranking is relatively easier
than policy evaluation, since accurate evaluation inherently
implies correct ranking, but correct ranking does not need
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accurate evaluation. Considering the practical value and
simplicity of policy ranking, we focus on supervised off-
policy ranking (SOPR) in the following parts of this paper.

3. Our Method

We propose a method for SOPR in this section, which in-
volves training a scoring model to score and rank a set of
policies. We start with introducing policy representation
(Section 3.1), and then loss function design and training
pipeline (Section 3.2).

3.1. Policy Representation

Policies can be of very different forms: a policy can be a set
of designed rules, a linear function of states, or deep neural
networks, e.g., convolutional neural networks, recurrent
neural networks, and attention-based networks. To map
a policy to a score, the first question to answer is how to
represent different forms of policies.

To handle all kinds of policies, we should leverage their
shared points rather than differences. Obviously, we can-
not use the internal parameters of policies, because different
policies may have different numbers of parameters and some
policies do not have parameters. Fortunately, all the poli-
cies for the same task or game share the same input space,
state space S, and the same output space, action space A.
Therefore, we propose to learn policy representations upon
state-action pairs.

Let Dg = fsigz\';l denote a set of states included in the
pre-collected dataset D, where Ng is the number of these
states. For a policy to be ranked, let it take actions for all
the states in Dg and obtain a dataset D = f(Si; &; )g?‘;l,
where s;j 2 Dg; g (jsi). Now, any policy can be
represented by a dataset D in the same format. 3

Now the question becomes how to map a set of state-action
pairs/points*, D = f(s;; g; )g!\';l, to a score that indicates
the performance of policy . Following (Kool et al., 2018;
Nazari et al., 2018; Bello et al., 2016; Xin et al., 2020;
Vinyals et al., 2015), we design a Transformer encoder
(TE) (Vaswani et al., 2017) based model to encode all those
points. We (1) first project each point into an embedding
vector, (2) use a few self-attention layers to get high-level
representations of those points, (3) aggregate them by aver-
age pooling to get a representation of the dataset (and thus
the policy), and (4) finally adopt a linear projection to map
the vector to a score.

A computational challenge is that there could be millions of

3For the simplicity of description, we consider deterministic
policies here. For stochastic policies, we can use the distribution
or the statistics over actions for a state s to create the dataset D..
4 A state-action pair can be deemed a point in a high-dim space.

states in the pre-collected historical data. It is impossible
for Transformer to handle such a large scale of data. Our
solution is to down sample the states and encode the state-
action pairs in a hierarchical way as follows:

1. Randomly sample a subset Dg of states from Dg and
cluster them into K clusters by k-means clustering.

2. Let a policy take actions over the states in Dg and
obtain a set of state-action pairs.

3. Use a low-level TE to encode all the state-action pairs in
a cluster and get a vector representation for each cluster
by average pooling.

4. Use a high-level TE to encode all the clusters and get a
vector representation for the policy by average pooling.

5. Use a linear projection to map the vector in the above
step to a score.

Since our scoring function is based on Transformer, we
name our method SOPR-T. Figure 1 illustrates the pipeline
of SOPR-T. Figure 2 shows the architecture of our proposed
hierarchical TE based policy scoring model.

3.2. Pairwise Loss and Learning Algorithm

As aforementioned, the goal of SOPR is to rank a set of
policies correctly. We adopt a pairwise ranking loss follow-
ing (Burges et al., 2005):

1
ICe 5= Yilod(——wm.y 7m0 )
1
1 yilog( T wEay T )

(D
where f( ;Ds; ) denotes the scoring function with pa-
rameter , jand j are two policies with a performance
ranking Yij. Yij = O means j is worse than j,y;j = 1
means j is better than j, and yj; = 0:5 means the two
policies perform similarly. To minimize the loss, the scoring
function needs to correctly rank two policies, i.e., consistent
with the ranking of their true performance.

The complete learning algorithm of SOPR-T is shown in
Algorithm 1. Note that, in training, we sample multiple
subsets of states in a manner similar to mini-batch training.
In inference, we sample multiple subsets and compute a
score using the well-trained scoring function over each sub-
set. The final score of a test policy is the average score over
those subsets.

3.3. Discussions

One may notice that we use only the states in the pre-
collected historical data D, while most previous OPE meth-
ods use both the states and immediate rewards R(S; a) in
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policy , while R(s;a) is the same across all policies for
a task. Therefore, to rank different policies for a task, the
more important part id (s; a), rather than the immediate
rewards. Of course, if we can work out a good solution to
accurately predict and well leverage immediate rewards, this
will further improve the accuracy of supervised off-policy
evaluation/ranking. Such a problem is beyond the scope of
Figure 1.1llustration of SOPR-T method. this paper. We leave it to future work.

Although we focus on supervised off-policy ranking in this
work, our proposed scoring model can be easily applied to
supervised OPE. For this purpose, we need the true perfor-
mance of training polices, and only performance ranking is
not enough. Given the true performance of training policies,
we can train the scoring model by minimizing the gap be-
tween the true performance and the predicted performance
of a policy.

4. Experiments

Figure 2.Architecture of hierarchical Transformer encoder basedWWe compare SOPR-T with different kinds of baseline OPE

scoring model. algorithms on various tasks, including evaluating policies
learned by different algorithms, in different games, and with
Algorithm 1 Training procedure of SOPR-T different settings of datasets. Below we rst introduce ex-
Input : State datasdds, training policy sef ;gM, , and perimental _settings, including_ tasks, tr_aining/validation/test
pairwise ranking labefly; 9|N,' s sets, paselmes, and evaluat!on metrics. Then, we present
Initialize : Scoring modef (;D ; ). experimental results regarding performance comparison
for iterationt inf1; :Tgdo among different algorithms as well as further studies of
Sample a subs@! of states fronDs. our algorithm.
Compute the score( i;D{; ) as described in
Section 3.1 for all thé\ policies. 4.1. Experimental Settings
PerforrT] gradient upda_lte to m_inimize the ranking IOSSTasks We evaluate SOPR-T and baseline OPE algorithms
enlcg fgr i+ ) foreach pair of policy ; and ;. on D4RL dataset$ (Fu et al., 2020) which are widely

used in of ine RL studies. Overall, we use 12 tasks cov-
ering three Mujoco games, i.e., Hopper-v2, HalfCheetah-

. . . v2, and Walker2d-v2, and four types of off-policy datasets
D. There are several considerations for only using state§. : . .
or each game, i.e., expert, medium, medium-replay (m-

First, a new policy to be evaluated usually takes actions
different from the historical data. For a state with a new! SP'Y for short), and full-replay (f-replay for short). The

actiona®, R(s: 2% is unknown if such a state-action pair is expert and medium datasets are collected by a single ex-

. X o : ert and medium policy, respectively. The two policies are
not contained in the historical data. Thus, we do not dlreCm}t)rained with Soft Actor-Critic (SAC) algorithm (Haarnoja

use immediate rewards in this work. Second, in the settin%t al., 2018) online, and the medium policy only achieves

of SOPR, we have a set of training policies with known per- ;
. . ... 1/3 performance of the expert policy. The full-replay and

formance. The performance information of those policies is__~ = ; .
: . . medium-replay datasets contain all the data collected during

more reliable and can be used as a direct signal for supet- - . . .
: . e . .the training of the expert and medium policy, respectively.
vised learning, as compared with immediate rewards. This

is because the performance information comes from online

interactions with real-world systems and directly indicatesryaining Set and Validation Set  Training set and valida-
the performance of a policy. Third, consider the following tjon set consist of policies and their rank labels. The policies
formulation of the expected return of a policy, are collected during online SAC training. For each game,
_ ) . we collect 50 policy snapshots during the training process
V()= E[d (s;aR(s;:a); @ and get their performance by online evaluation using 100

whered (s; a) denotes the stationary distribution of state-Monte-Carlo rollouts in the real environment. After the

action pairs under. Note that, onlyd (s;a) depends on Shttps://github.com/rail-berkeley/d4rl
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training process is nished, we randomly select 30 policiesleveraging Bellman expectation backup operator (Sutton &
to form training policy set and another 10 policies to form Barto, 2018) iteratively based on the off-policy data.

validation pollgy set. The remaining 10 pol|(;|es are u§eq to2. Model-based estimation (MB). It estimates the environ-
form a test policy set. We will provide a detailed description

. : L ent model including a state transition distribution and a
of the test policy set later. Note that, in the training phase o . o
. reward function. The expected return of the target policy is
SOPR-T, only the rank of the policies are used as labels. ) . .
estimated using the returns of Monte-Carlo rollouts in the

i i modeled environment.
Test Set In each task, we use two kinds of test policy sets

to simulate two kinds of OPE cases. 3. Weighted importance sampling (IW), which is a distri-

. . . bution correction-based method. It leverages importance
In Test Set |, we investigate the capability of SOPR-T andsampling to correct the weight of the reward regarding the

baseline OPE algorithms to rank and select good policieg,, from the behavior data distribution to the target data
in ofine RL settings. Speci cally, Test Set | is composed jgtribytion, and adopts weight normalization.

of policies collected by running 3 popular of ine RL al-

gorithms, BEAR (Kumar et al., 2019), CQL (Kumar et al., 4. DualDICE (Nachum et al., 2019), which is also based
2020), and CRR (Wang et al., 2020). The implementation ofn distribution correction, but without directly using impor-
the three algorithms is based on a public codeBabte  tance weights. It learns to estimate the state-action station-
that, these algorithms adopt different network architecture@ry distribution correction.

Thus, the types of policy models are not all the same. FOyye |eyerage a popular implementatibaf these algorithms.
each task, we run each algorithm until convergence and col-

lect policy snapshots during training. To get the ground truth

rank labels of the performance of these policies, we als@yaluation Metrics We evaluate SOPR-T and baseline
evaluate the performance of each policy using 100 MonteoPE algorithms with two metrics, i.e., Spearman's rank
Carlo rollouts in the real environment, and use the rank otorrelation coef cient and normalized Regret@k, to re ect
the performance as rank labels. Then, we mix these poltheir performance of ranking candidate policies, which is
cies and select 10 policies whose performance are evenbfigned with a related work (Paine et al., 2020). Specif-
spaced in the performance range of all policies. In this wayically, Spearman's rank correlation is the Pearson corre-
the selected polices have diverse performance. In additiopation between the ground truth rank sequence and the
mixing policies generated by different algorithms to form a evaluated rank sequence of the candidate policies. Nor-
test policy set is aligned with the practical cases where thénalized Regret@k is the normalized performance gap be-
sources of policies are various and unknown. tween the truly best policy of all candidate policies and

In Test Set I, we investigate the capability of SOPR-T tothe truly best policy of the ranked top k policies, i.e.,
rank policies that are approximately within the distribution R€9ret@k= (Vmax  Vmax top=(Vmax  Vimin), WhereVmax

of training policies. Because in practice, such as produc"dVmin are the ground truth performance of the truly best
tion development and update, the updated policies and th%nd the truly wprst policy of all candidate policies, respec-
previously evaluated policies usually have many commorjiVe!y: Vmax topkis the ground truth performance of the truly

properties. Thus, it can be assumed that the policies tBeSt Policy of the ranked top k policies. We use 3 in

be evaluated and the policies that have been evaluated P4 eXperiments.

in two similar distributions. To simulate this case in ex-

periments, we leverage the 10 policies mentioned in thé-2. Performance on Of ine Learned Policies

description regarding the training policy set to form Testyye (st evaluate SOPR-T and baseline OPE algorithms on

Set Il. Because the 10 policies and the training policieSregt Set |, i.e., the of ine learned policies. In the evaluation
are uniformly sampled from the same policy set, they aréyrocess, we use 3 random seeds for each experiment.
approximately within the same distribution. As these poli-

cies are learned online, we name Test Set Il online learneBue to space limitation, we only present the results on the
policies. Hopper game (top row of Figure 3), and an overall perfor-

mance ranking of 5 algorithms on 12 tasks (second row of
Baselines We compare SOPR-T with four representative Figure 3) here. Results on other games can be found in
baseline OPE algorithms. Appendix A.3. As can be seen from the results shown in

Figure 3(a) and Figure 3(b), SOPR-T achieves higher rank
1. Fitted Q-Evaluation (FQE) (Le et al., 2019), which is correlation coef cient and smaller regret value than baseline

a Q-estimation based OPE method. It learns a neural neftgorithms, which means SOPR-T can rank different poli-
work to approximate the Q-function of the target policyby —
- "https://github.com/google-research/
Shttps://github.com/takuseno/d3ripy google-research/tree/master/policy_eval
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cies with higher accuracy and also gure out good policies
from the candidate policies. In addition, SOPR-T performs
the most stably, which does not have negative rank corre-
lation results in all the tasks, whereas each of the baseline
OPE algorithms has one or more negative rank correlation
results. Though in Walker2d and Halfcheetah (shown in Ap-
pendix A.3), SOPR-T does not hold consistent superiority,
it still performs the most stably.

Figure 3(c) and Figure 3(d) present the overall performance
ranking statistics of ve algorithms (SOPR-T and four OPE
baselines) on 12 tasks. The results in Figure 3(c) indicate
that SOPR-T has the top performance of rank correlation on
5 tasks. In Figure 3(d), SOPR-T has the top performance
of regret value on 6 tasks. Among all the algorithms, the
number of tasks on which SOPR-T achieves the top perfor-
mance in terms of both rank correlation and regret value is
the highest. The results demonstrate the overall advantage
of SOPR-T.

4.3. Performance on Online Learned Policies

Then, we evaluate SOPR-T and OPE baselines on Test Set II.
Because these policies are collected during online training
rather than of ine trained with the datasets, they are irrel-
evant to the datasets, which is aligned with many practical
cases where the policies to be evaluated are not designed or
learned based on the dataset.

We also run SOPR-T and each baseline OPE algorithm with
3 different seeds. Results on the Hopper game are shown
in the third row of Figure 3 and other games in Appendix
A.4. The results demonstrate that SOPR-T outperforms
baseline OPE algorithms dramatically on almost all the
tasks. Performance ranking statistics of all algorithms on 12
tasks are shown in the bottom row of Figure 3. As can be
seen from the results, SOPR-T achieves the top performance
of rank correlation on 10 tasks and the top performance of
regret value on all the 12 tasks.

(@)

(©

(e)
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(b)

(d)

®
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Figure 3. Performance comparison. Left: rank correlation (abbre-

. . viate to RC). Right: regret@3 (abbreviate to Rt). Top 2 rows: Test
Compared with the performance of SOPR-T on rankingget | (of ine learned policies). Bottom 2 rows: Test Set Il (online

the of ine learned policies, the performance on rankingjearned policies). Row 1 and Row 3: performance comparison
the online learned policies improves. We consider that then 4 types of datasets of the Hopper game. Row 2 and Row 4:
performance of SOPR-T is affected by the distribution dif-performance ranking statistics of 5 algorithms on 12 tasks.

ference between the training policy set and test policy set. In
this respect, we measure the distribution distance between
the two policy sets by:

D(f itraingi'\/lirain;f jteStng:ti-st Ds)

Kes 3 X e g, ()

v mim(N— jian'  an' jiz);
testj:l S n=1

whereNs is the number of states in the datas®t,
(jsn);sn 2 Ds, Myain andM g are the number of poli-
cies in the training set and test set, respectively. Distance

Figure 4.Distance between training and test policy sets.






