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Abstract

We address the issue of tuning hyperparameters
(HPs) for imitation learning algorithms in the con-
text of continuous-control, when the underlying
reward function of the demonstrating expert can-
not be observed at any time. The vast literature
in imitation learning mostly considers this reward
function to be available for HP selection, but this
is not a realistic setting. Indeed, would this re-
ward function be available, it could then directly
be used for policy training and imitation would
not be necessary. To tackle this mostly ignored
problem, we propose a number of possible prox-
ies to the external reward. We evaluate them in
an extensive empirical study (more than 10’000
agents across 9 environments) and make practical
recommendations for selecting HPs. Our results
show that while imitation learning algorithms are
sensitive to HP choices, it is often possible to
select good enough HPs through a proxy to the
reward function.

1. Introduction

Recent advances in Reinforcement Learning (RL) now allow
optimizing control policies with respect to a given reward
function even for high-dimensional observation and action
spaces (Berner et al., 2019; Vinyals et al., 2019). However,
in many cases it is impossible or impractical to design a re-
ward function which captures the desired outcomes (Popov
et al., 2017). One of the approaches to overcome this is-
sue is Imitation Learning (IL), which relies on a set of
demonstrations presenting the desired behaviour instead of
a reward signal (Schaal, 1999; Argall et al., 2009). IL can
be achieved through pure supervised learning (Pomerleau,
1991) but many IL approaches leverage the assumption that
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the expert implements an optimal policy according to an
unknown reward function. This approach, also known as
Inverse Reinforcement Learning (IRL), tries to recover this
unknown reward function and use an RL algorithm to train a
policy to maximize it (Russell, 1998; Ng et al., 2000; Ziebart
et al., 2008). Both approaches have their advantages and
drawbacks (Piot et al., 2013).

While all machine learning approaches require some degree
of hyperparameter (HP) tuning, the issue is especially pro-
nounced in RL. Indeed, RL algorithms are known to be very
sensitive to the values of their numerous HPs (Henderson
et al., 2018; Andrychowicz et al., 2020). RL algorithms’
HPs are usually chosen by letting different agents interact
with the environment and selecting the one which performed
best as measured with the environment reward.

Surprisingly, this is also a common practice in the IL. domain
where one does not have access to an environment reward
function which accurately describes the task. If such a
reward were known, it could be directly used to train a
controller via RL. Although expert trajectories can also be
useful in this case, this is not the setting of IL, but of RL
with demonstrations where both the expert demonstrations
and reward signals are used (Kim et al., 2013; Piot et al.,
2014; Hester et al., 2018). This constitutes a gap between
the IL framework and the experimental design of IL agents
that hinders the practical utility of IL. It is indeed unclear
how to tune the imitation agent without access to the reward
function.

In some cases, although a per-step reward function is not
available, a success signal can be computed or given by a
human rater. We focus on the tasks for which (1) such signal
is not available or (2) the cost of such signal is prohibitive
or (3) such signal could bias the resulting policy. Indeed,
just as the reward-engineering problem leads to policies
maximizing a reward in an unexpected way (Sims, 1994;
Feldt, 1998; Ecoffet et al., 2021), selecting policies on the
basis of an incautiously designed metric or of a biased hu-
man judgement can lead to biased policies (Henderson et al.,
2018).

We present a thorough empirical study of this question in
a number of challenging domains with high dimensional
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spaces of actions and observations. We train thousands
of agents, using three IL algorithms based on different
paradigms, with large parameter sweeps, and empirically
compare different HP selection strategies. In particular,
we consider a number of metrics assessing how well the
learned behaviors match the demonstrations. Moreover, we
investigate how well the algorithms perform if their HPs
are selected on a similar task where the reward signal is
assumed to be available. As our key contributions, we:

highlight the fundamental question of HP selection in
IL without access to an external reward signal;

provide empirical evidence that the results obtained by
IL algorithms depend heavily on how HPs are selected,
confirming the prominence of the problem;

propose proxy metrics to define the task success;

perform a thorough comparison of these alternatives to
the external reward signal in a large-scale study;

empirically assess the transferability of HPs across
tasks for different IL algorithms;

give practical recommendations for tuning HPs in IL.

2. Hyperparameter Selection

In this paper, we argue that HP selection should strictly
follow the setup in which the algorithm is to be used. For ex-
ample, when designing an offline RL algorithm, HPs should
not be tuned through environment interactions but rather
offline (Paine et al., 2020). Similarly, in IL, one can interact
with the environment but should choose HPs without access
to the reward signal. We propose to choose these HPs by
either (1) using proxy metrics or (2) transferring HPs from
other environments that have an accessible reward.

2.1. Using proxy metrics

To select a model, one should use a different metric than the
return under the supposedly unknown reward. We include
a diverse set of metrics that can be used to measure the
success of a policy in imitating the demonstrations.

Action MSE. The simplest way to measure similarity be-
tween agent behaviour and a given set of demonstrations
is to compare actions of the agent and the demonstrator on
the states provided in the demonstrations. In particular, for
continuous control environments, we use the mean squared
error (MSE) between the agent and the expert actions on the
training expert states'. Notice that this can be done offline
without any interaction with the environment. For every

All action coordinates are rescaled to the [—1, 1] range to
make them comparable in magnitude.

environment, we also keep some expert trajectories as a val-
idation set and use it to compute the validation MSE. This
will allow us to study if selecting HPs on validation data
helps avoiding overfitting, notably as action MSE is actually
the loss optimized by the Behavioral Cloning (Pomerleau,
1991) algorithm.

State distribution divergence. Another approach to mea-
suring how well the learned policy imitates the expert is
by comparing the distributions of states’> encountered by
both policies. In particular, we compute the Wasserstein
distance (Villani, 2008) between the distribution of states in
the demonstrations and that of the agent® (i.e. from gener-
ated trajectories). As before, we measure both the distance
to the training set and to the validation set and thus have
two distinct metrics. The Wasserstein metric computation
assumes we can compute distances in the state space, to this
end we use the Euclidean distance with state coordinates
normalized to have the standard deviation equal to 1. While
this is not directly applicable to vision-based observations,
there are plenty of techniques which can be used to com-
pute vector embedding for vision observations in RL/IL, e.g.
Stooke et al. (2020); Lee et al. (2020).

Random Network Distillation (RND). As proposed by
Burda et al. (2018); Wang et al. (2019), we define a sup-
port estimation metric by taking two randomly initialized
networks, and train one to predict the random output of the
other one on the expert training set. The metric is then given
by the MSE between the prediction network and the frozen
one on trajectories generated by the agent. Details on the
metric training are given in Appx. A.4.

Imitation Return. IRL algorithms recover a —learned— re-
ward function. We can use the corresponding learned return
to select HPs. We compute this metric as it should model
the goal optimized by the agent, although this goal is gener-
ally non-stationary. Moreover, the scale of the metric often
depends on the HPs which could make it harder to compare
the value of this metric between different training runs.

Environment return. This is the sum of rewards obtained
during a full episode according to the environment reward
function. We include it as the gold standard.

A desired property for all these metrics is to preserve the
ranking of policies induced by the oracle environment re-
turn. A metric that would satisfy this property would yield
an optimal HP selection. Note that this is a sufficient but
not a necessary condition. We show in Appx B.1, using

2We only consider fully observable environments, but similar
techniques may work in the partially observable case too.

*We approximate the Wasserstein distance using the entropy-
regularized Sinkhorn algorithm from the POT library (Flamary &
Courty, 2017) (leading to faster and more stable values) with a
regularization parameter of 5.
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both the Spearman rank correlation and the ROC-AUC ofising JAX (Bradbury et al., 2018) for automatic differen-
an additional task (classify good from poor policies), thattiation and Flax (Heek et al., 2020) for neural networks
the aforementioned metrics have good enough ranking progomputation.

erties to make them legitimate candidates for HP SeIeCtior]BehavioraI Cloning (BC, Pomerleau (1991))s the sim-

plest approach to IL and relies on mapping the expert states
to the expert actions in a supervised manner. In contrast to
The HPs that work best in tasks for which a well-de ned the other algorithms we consider, BC is an of ine algorithm
reward function is available can also be transferred to a ne®s it does not require any interactions with the environment.
task. We expeqt the success of this procedure to highl¥ qyersarial Imitation Learning (AIL, Ho & Ermon
depend on the similarity between the source and target d?2016))is a family of algorithms stemming from the semi-

2.2. Transfer scenario

mains. nal GAIL paper (Ho & Ermon, 2016). The overall design
) uses a classi er to discriminate the expert state-action pairs
2.3. Environments and data from the agent ones, and an RL algorithm trains the policy

We focus on continuous-control benchmarks and cont© maximize the confusion of this discriminator. Our imple-

sider ve widely used environments from OpenAl Gym mentation is mostly similar to Discriminator-Actor-Critic
(Brockman et al., 2016)Hopper-v2 , Walker2d-v2 (DAC, Kostrikov et al. (2018)) but uses different reward

HalfCheetah-v2 Ant-v2 . andHumanoid-v2 and functions depending on the HPs. See Appx. A.2 for details.

four manipulation tasks from Adroit (Kumar, 2016): primal Wasserstein Imitation Learning (PWIL,
pen-v0 , relocate-vO , door-vO , andhammer-vO . Dadashi et al. (2020)uses an RL algorithm to minimize a
The Adroit tasks respectively consist in aligning a pengreedy upper bound on the Wasserstein distance between
with a target orientation, moving an object to a target lothe state-action distributions of the expert and the agent.

cation, opening a door and hammering a nail. These twgor both AIL and PWIL, we use Soft Actor-Critic (SAC,
benchmarks bring orthogonal contributions. The formerHaarnoja et al. (2018a)) to train the policy.

focuses on locomotion but has 5 environments with differ-

ent state/action dimensionality. The latter, more varied i 5. Experimental design

term of tasks, has an almost constant state-action space.

For the Gym tasks, we generate demonstrations with a Softor each algorithms and 5 different random séedee
Actor-Critic (SAC) (Haarnoja et al., 2018a) agent trained onsample 100 independent HP con gurations from the HP
the environment reward. For the Adroit environments, wesweeps detailed in Appx. A. We then use them to train a

use the “expert” datasets from the D4RL dataset (Fu et altotal of 500 agents per algorithm-environment pair. Online
2020). algorithms (AIL & PWIL) are run for 1M environment

. .. steps while BC is trained for 60k gradient steps. Each
For the OpenAl Gym environments, we use 11 trainingyyent js evaluated 20 times throughout its training. At each

trajectories and keep 5 additional held-out trajectories fo[evaluation, all the metrics are computed using 50 episodes
validation. For the Adroit environments, 20 training trajecto-

ries are used as well as 5 validation trajectories. The numbaiVe want to check whether the metrics introduced in Sec. 2
of training trajectories corresponds to what IL algorithmscan be used for the problem of HP selection. To this end,
are typically designed for. We chose a low number of validawe repeat the following experiment 20 times for each of
tion trajectories as demonstrations are generally expensivi@e 5 seeds: (1) we uniformly sample 25 HP con gurations

and one wishes to use as many as possible for training. from the set of all 100 con gurations, (2) we take the -
nal policies from the corresponding training runs, (3) we

2.4. Algorithms select the best one according to the techniques outlined in
. ' ' _ Sec. 2 and (4) we check how well it performs according
We consider the three algorithms brie y described belowto the environment reward This allows to simul&te 20

They use different approaches, from supervised learningractitioners that would run sweeps of size 25 and look for
to Inverse RL via distribution matching, either through thethe best con guration possible.

primal or the dual form of a divergence. We consider them ) ] ) ] )
to be representative of different families of algorithms and'Ve also investigate how the metrics described in Sec. 2 can

thus good candidates to validate HP selection techniques P& Used for early stopping. To this end, we repeat the above
experiment but this time we select the best policy not only
Detailed description of the algorithms can be found inthe——

original publications. We provide additional information :The random seed xes the episodes train/validation split.
on our implementations in Appx. A. We implemented Ourcomvﬁ:tisgnc;rllllydlgrﬁgmsd?ges for the state divergence as it is more
algorithms in the Acme framework (Hoffman et al., 2020) P y g-



Hyperparameter Selection for Imitation Learning

Figure 1.Environments: OpenAl Gym (top) and Adroit (bottom).

from the fully trained ones, but also include the partially the policies obtained this way can even perform signi cantly
trained policies from the corresponding training runs. better than the expert (e.g. BC pan-expert , Fig. 3).

Furthermore, we evaluate whether the performance on aH"S should not happen as all the algorithms are trying to

other task with a well-de ned reward function can be usedm'tT'CtthfetﬁXpe? beh::mc;ur and we argue that this is an
to select HPs. To this end, we choose a set of validatiofy - act Of the policy Selection process.
environments and repeat the experiment mentioned abowgow much do we lose by choosing an IL algorithm and
but this time selecting the HP con guration with the best HPs using a proxy metric? The top-left subplot in Fig. 2
average normalizédeturn across the validation tasks. We and Fig. 3 shows the performance averaged across the tasks
then check how well it performs on the test environment. in a given suite when the HRs well asthe IL algorithm
are chosen using the proxy metrics. The selection by state
3. Experimental Results divergence achieves episode returns similar to that of the
demonstrator on both environment suites. This isegy
In this section, we try to answer the following questions: positive result suggesting that it is, in practice, possible
to select HPs without access to a reward function and still

1. Can we effectively choose an IL algorithm and its Hpsobtain a policy that performs well at the task.

without access to the true reward function?

2. Which of the proxy metrics de ned in Sec. 2 is the best? On the other hand, the big gap between the performance of

3. Is early stopping important in IL algorithms? all three algorithms on Adroit ( rst column in Fig. 3) with

4. Do HPs transfer well between different environments? HPs selected on the retuus. proxy metrics shows that
the research practice of selecting HPs based on the return

3.1. Using other metrics to select HPs can lead to signi cant overestimation of an algorithm's per-

) ) ) formance when no reward function is available. This may
Fig. 2 and Fig. 3 show how the performance of differentjjt the applicability of some IL algorithms to practical
algorithms varies as we change the metric used for HP Seleﬁ'roblems.

tion on OpenAl Gym and Adroit environments respectively.
Which proxy metric is the best? The state divergence

By looking at the rst bar i.n each subplot (performance performs best for all algorithms. Action MSE performs
for HPs selected on the episode return), we can see that gllorse than the state divergence but still achieves at least
algorithms, including BE, can achieve returns comparable 75% of the expert score on some algorithm-environment
to or even better than those of the expert on almost all 5irs The inferior performance of action MSE is expected
environments if the HP selection and early stopping ar€ys it js a fully of ine metric unaware of the system dynamics.
performed using the oracle episode return. In some cas§gyether the metrics are computed against the set of training

SRewards are normalized per task so thabrresponds to a demonstrations or a held-out set of demonstrations makes

random policy and. is the average return in the demonstration set. little difference in our experiments and suggests that it might
"Many recent publications in IL (e.g. Ho & Ermon (2018))b-  be better to use all available demonstrations for trafhing

sampledemonstrations by including only evemyth state-action =————

pair to make the task harder for BC. We did not follow this practice  2For some algorithm-environment pairs, the train versions of

as it has little justi cation from the practical point of view. some metrics performs better than the validation ones. We suspect
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Figure 2.The episode return achieved by different algorithms if the HP selection and early stopping is performed using a proxy metric for
OpenAl Gym tasks. Each subplot corresponds to a different algorithm and a different environment with the rst column showing the
results averaged across environments. The rst row corresponds to the case when we choose HPs as well as the IL algorithm used based on
the given metric. Episode returns are rescaled for each environment €octhraésponds to a random policy ahdo the average episode

return in the demonstration set. The lower (blue) part of each bar shows the episode returns in the case of no early stopping and the full
bar (blue and yellow) shows the performance when using early stopping with the same metric as for the HP selection. The vertical lines
show the 25-th and 75-th percentile of the episode return across reruning the whole HP selection process as described in Sec. 2.5 for the
early stopping case. Brown color in the upper part of the bar means that the algorithm performs better without early stopping and shows
how much performance is lost by using it. Each bar shows the mean performance across running the HP selection process 100 times.

The metric given by the average RND score on the episodstates. Imitation return (the sum of learned-reward collected
performs well to select HPs on OpenAl Gym environmentsin an episode), as de ned by in AIL and PWIL also per-
but is outperformed by the state divergence. Perhaps suprigrm poorly and is usually worse than action MSE with
ingly, the metric is not as performant on Adroit. This sug-the exception of PWIL on OpenAl Gym where both ap-
gests that this support-estimation metric might have to b@roaches perform similarly. The inferior performance of
adapted for environments with more stochasticity in initialthe imitation return for AIL can be explained by the fact

that it is due to the training sets being bigger (11 trajectoriesthat the reward function introduced in the algorithm is non-

for OpenAl Gym and 20 for Adroit) than the validation sets (5 stationary. Therefore comparing the values from different

trajectories). Moreover, except for BC and action MSE, the metrictraining runs or different timesteps might be misleading.
used to select HPs is not the metric being optimized, so it may b&oncerning PWIL, we suspect that its inferior performance

less crucial to have a validation set. on Adroit compared to the state divergence metrics is caused
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Figure 3.The episode return achieved by different algorithms if the HP selection and early stopping is performed using a proxy metric for
Adroit environments. See the caption for Fig. 2 for the detailed description of this plot.

by the fact that the upper-bound on the Wasserstein distandbe metric to select the algorithm, we achieve comparable
introduced by the algorithm is not tight. performance to that of the best algorithm. Furthermore, se-

Is early stopping important? The upper yellow (res lecting the algorithm based on action MSE results in similar
brown)ypartzpofgthe Fl;ars in. Fig. 2 aﬁg Fig 3 show rf’(’)wperformance as BC even if it is not the best algorithm. This

much is gained (resp. lost) by using early stopping base &Y be due to the fact that BC optimizes the very same

. . C{iterion, hence it is more likely to have the best results

on the same metric as for the HP selection. We can see tha . . . " .

early stopping almost always improves performances if according to that metric. We provide additional evidence
For this hypothesis in Appx. B.2.

reliable metric i(e., state divergence) is used and the task
was not already almost completely solved without it. The 2 H ‘ lection by t ¢
magnitude of the gain depends heavily on the environmen%' - yperparameter selection by transter

and the algorithm, in particular we found early stopping toAs an alternative to the metrics investigated in the previous
be particularly helpful for PWIL on Adroit environments.  section, we could select HPs which work best on a simi-
Can we use metrics to choose the algorithm7he rst Iqr task(s) that actually has a well-de ne.d reward fun_ction.
row in Fig. 2 and Fig. 3 show the performance when weFig- 4 and 5 show the pgrformance of @ffgrent algorlthms
use the metrics to choose not only HPs but also the IL algd’-"hen we choose HPs using a set of_valldatlon environments
rithm. We observe that when using the state divergence &&"d then test them on another environment from the same
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Figure 4.The episode return achieved by different algorithms if the HP selection is performed using transfer for OpenAl Gym environments.
HPs are selected by choosing the HP con guration which performs best on a set of other tasks from the same benchmark (See Sec. 2.5 for
the details). The results are averaged across all possible choices of the validation environments. Different bars in each subplot correspond
to using a different number of environments to select HPs. We also include the selection based on the episode return and the state
divergence for comparison. Early stopping is performed using the state divergence (validation) regardless of the HP selection metric. See
the caption for Fig. 2 for additional information on this gure.

benchmarki(e., we do not consider the transfer from Ope-better within a suite, but the HP transfer between OpenAl
nAl Gym to Adroit here). While we could use transfer for Gym and Adroit often succeeds too. Especially, BC's HPs
early stoppingi(e., select the timestep which worked best transfer very well from Adroit to Gym but not the other way

for the validation environments), we have noticed that itaround. Results also suggest that HPs transfer better to eas-
almost always resulted in worse performance than no earlier tasks than to harder ones: the two tasks on which the HP
stopping and therefore we chose to use state divergence ftnransfer performs worst atdumanoid andrelocate

early stopping in the transfer experiments. which are the hardest tasks in their respective suites.

Transfer performance consistently improves with the numThe results suggest also that BC enjoys better HP transfer-
ber of validation environments used but selecting HPs basedbility than AIL and PWIL which can be expected asitis a
on the state divergence on the task of interest outperformsuch simpler algorithm based on supervised learning.
transfer even if we validate HPs on all the other tasks in the : . .

A general conclusion from our experiments is that IL al-

given task suite. The relatively poor transfer performancegorithms are quite sensitive to their HPs and may require

can be caused by two factors: (1) different HP con gura- er-environment HP tuning for optimal performance. Itis
tions performing well on each task, or (2) the stochasticit)P 9 P P i

of the algorithm i.e., the algorithm producing different re- therefore |m'portant to compare IL algorlthms not only n
; ; . terms of their performance under optimal HPs but also in
sults when run twice with the same HPs). Despite that . o .
. . ; oo terms of their HP sensitivity and transferability.
transferring HPs may still be preferred in some situations as
it does not require tuning HPs for each new task.

Fig. 6 shows the transfer performance for individual pairs of
validation-test environments. We observe that HPs transfer
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Figure 5.The episode return achieved by different algorithms if the HP selection is performed using transfer for Adroit environments. See
Fig. 4 for additional information on this plot.

4. Related Work et al., 2020; Andrychowicz et al., 2020), making it hard for

o cPractionners to compare and reproduce.
Hyperparameters selection is central to the performance of

machine learning algorithms. In the context of supervisedmitation Learning adds another level of algorithmic com-
learning, it is common practice to select HPs on dedicateglexity to the RL setting since the reward function is not
held-out data (validation) and subsequently estimate thgvailable. Therefore, the learning of a reward function,
performance of an algorithm on another set of held-ouwhich introduces its own set of extra HPs, is intertwined
data (test). Previous work has looked into improving thewith the learning process of a direct RL agent (Finn et al.,
selection of the best con gurations using grid search (Le2016; Ho & Ermon, 2016; Kostrikov et al., 2018). Al-
Cun et al., 2012), random search (Larochelle et al., 200%hough previous work has identi ed measures of similarity
Bergstra & Bengio, 2012) or population based strategie§iot based on the reward functions (Dadashi et al., 2020;
(Jaderberg et al., 2017). Ghasemipour et al., 2020; Ke et al., 2019), this work is, as

i i i . far as we know, the rst to propose a principled evaluation
In the context of reinforcement learning, the notions of train-

ing a_nd validation can be con ated. This is_ the case if th_eBLfggﬁnt?esx;ergtf:'rféigﬁ based on the true but supposedly
goal is to design a policy that performs well in a single envi-

ronment (Silver et al., 2016; Tesauro, 1995; Vinyals et al.Paine et al. (2020) recently highlighted the same problem oc-
2017). However, RL agents are typically evaluated on theicurring in of ine RL (Lagoudakis & Parr, 2003; Ernst et al.,
ability to learn on multiple environments (Bellemare et al.,2005; Riedmiller, 2005; Lange et al., 2012; Levine et al.,
2013; Brockman et al., 2016; Cobbe et al., 2020) with a2020), where HPs are usually selected on the performance
single set of HPs. Henderson et al. (2018) highlights thaef the agent on the online environment (although the core
poor evaluation protocols make RL algorithms hard to reproconstraint of of ine RL prevents interactions with the envi-
duce. For instance, although code level optimizations oftefionment). Some recent benchmarks (Gulcehre et al., 2020;
explain a lot of the RL algorithms performance, they tend toFu et al., 2020) also propose evaluation protocols where HPs
be omitted in most of the recent RL publications (Engstromare selected by tuning on only a subset of environments.



Hyperparameter Selection for Imitation Learning

Figure 6.HP transfer results for individual validation-test environments pairs. Rows correspond to different validation environments and
columns to different test environments. Early stopping is performed using the state divergence on the validation set of demonstrations.

5. Summary/Conclusion sical algorithms when the HP selection cannot be performed
. o , ) on the unknown environment return. We also showed that
In'th|s work, we highlighted a major aw in current' evglu- it is possible to select good HPs by estimating the diver-
ation protocols of IL_methods. Although t_he promise 1s togence between the distribution of states encountered by the
design agents learning from demonstrations, the standaighsnstrator and the agent. This work opens the interest-
practice is to select agents on the reward of the task. In ordqﬁg question of new proxy metrics design, that can adapt

to align research progress with the problem it attempts tQq 5 qer | settings including suboptimal demonstrations,
solve, we advocate for a new evaluation protocol, where th%artial observability or visual-based inputs

HP selection is based on criteria available in the IL setting.
We investigated multiple proxies to the environment return
for HP selection and early stopping. We evaluated, on 9 coficknowledgments

tinuous control tasks, model selection using proxy metric§Ne thank Lucas Beyer, Johan Ferret and Nino Vieillard for
or through transfer. We demonstrated the brittleness of claggqir feedback on earlier versions of the manuscript
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A. Experlmental details Table 2.Hyperparameter sweep for AlL.

All experiments use MLP networks (optionally with dropout Hyperparameter Possible values
(Srivastava et al., 2014)) and Adam (Kingma & Ba, 2014)
optimizer. Some experiments use observation normalization
which means that the observation coordinates are rescaled

discriminator training
# of gradient steps per envstep 1

to have the mean equ@land standard deviation equhl trammg batch size 256
The normalization statistics are computed using the dataset # .Of hidden Iaygrs 2
of expert trajectories. hujdep layer siz€ 256
activation function RelLU
Both, AIL and PWIL use SAC (Haarnoja et al., 2018a) with learning rate 10 -3 10 ¢
an entropy constraint (Haarnoja et al., 2018b) to train the entropy coef cient 10 4-10 2
policy and optionally use absorbing states introduced in .
DAC (Kostrikov et al., 2018). When evaluating SAC poli- RL reyvard functpn . See App. A.2
. - . . observation normalization True, False
cies, we decrease the stochasticity of the policy by sampling .
each actions 5 times and averaging the sampled actions absorbm_g_states True, False
' RL training See Table 3.
A.1. Behavioral Cloning
The HP sweep for BC can be found in Table 1. Table 3.Hyperparameter sweep for SAC.
Hyperparameter Possible values
Table 1.Hyperparameter sweep for BC. environment St_eps 1M
- replay buffer size 1M
Hyperparameter Possible values gradient steps per env step 1
gradient updates 6000 learning rate 310°5-1 10°
batch size 256 batch size 128, 256, 512
learning rate 10 5,10 4 discount factor 0.9, 0.97,0.99
weight decay coef cient 0, 0.01, 0.1 target network coef cient  0.001 — 0.03
observation normalization True, False reward scale 0.01-1
policy output deterministic target entropy -0.5 per dimension
# of policy hidden layers 1,2,3 :
X . policy
hidden layer size 16-256 action distribution Gaussian + tanh
z_ict|vat|on function ReLU, tanh # of hidden layers 2
|_nput dropout rate 0,0.15,0.3 hidden layer size 256
hidden dropout rate 0,0.25,0.5 activation function RelU

A.2. Adversarial Imitation Learning A.3. Primal Wasserstein Imitation Learning

The HP sweep for AIL can be found in Table 2. The AIL The hyperparameter sweep for PWIL can bew found in

experiment samples the policy reward function from theraple 4. PWIL pre Iis the SAC replay buffer with a number
following options (Kostrikov et al., 2018; Ghasemipour o transitions from the expert datadet

et al., 2020):

A.4. Random Network Distillation metric

logD (s; a), This metric uses a rst frozen feed-forward netwdrkvith

layer sizeg(128;128 128 128) as a target and a second
log(1 D(s;a), learnable network' with layer sizeg128; 128)to predict
the output of the former. The latter is trained with Adam
and a learning rate ¢£001to minimize the mean-squared

logD(s;a) log(l D(s;a). error for 100 epochs on the demonstration dataset. The cor-

To orevent the discriminator saturation. we subtract th %The reward for these transitions is set tavhere is the
prev Iscrimi uration, we su &oef cient used in the PWIL reward de nition (Dadashi et al.,

entropy of the discriminator output (treated as a Bernoullizo20). If the number of requested transitions is higher than the size
distribution) from the discriminator loss. of the expert dataset, we include multiple copies of each transition.
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Table 4.Hyperparameter sweep for PWIL.

Hyperparameter Possible values
observation normalization True, False
absorbing states True, False
reward coef cient 0.5,1,5,10
reward coef cient 0.5,1,5,10
# of expert transitions in the buffer 0, 5k, 50k
RL training See Table 3.

responding metric is given baxp(jj f (obg  f'(obsjj).

B. Additional results

B.1. Ranking property of the proposed metrics

suggest the action MSE metric favors BC even when BC
is actually not the best algorithm. We provide in Fig. 8 an
evidence of this hypothesis through a detailed view of all the
partially-trained models from different HP con gurations
for each of the three imitation learning algorithms. The
models with best action MSE correspond to models learned
with BC although they are clearly not the best models in
this case.

B.3. Transfer

We include in Fig.6 the performance of algorithms when
transferring HPs from one environment to another when the
early stopping is performed on the state divergence as this
metric was the most promising according to Sec. 3.1. We
include here the results of the same experiments when early
stopping is performed on the oracle return (9) or when no
early stopping is performed (10).

Whether a metric is good for HP selection mostly depends
on its capacity to preserve the ranking between policies in-
duced by the oracle return. Assuming a set of policies whose
expected return is evenly distributed over an interval, we can
introduce two tasks that can serve as an intrinsic evaluation
of the proxy metrics. The rst task aims at ranking all the
policies according to the chosen metric. The performance
of this ranking is given by the Spearman correlation with
the ranking provided by the oracle return. The second task
aims at differentiating the set of good policies, i.e. policies
whose oracle return is above a threshold (chosen to be 75%
of the expert performance), from the set of poor policies:
we compute the probability that the chosen metric is lower
for a policy sampled randomly from the set of good policies
than for a policy sampled randomly from the set of poor
policies. This probability also corresponds to the ROC-AUC
of a classi er that would be based on the same metric.

To create a set of policies, we train some agents using one
of the IL algorithms con gured as described in Sec. A and
collect for each HP con guration the policies from different
stages of training. The resulting set of policies is highly
imbalanced in terms of environment returns. To get poli-
cies evenly distributed in terms of environment returns, we
nally rebalance the set of policies. The two tasks are re-
peated for each set of policies obtained using BC, AIL and
PWIL and the corresponding scores are averaged.

Fig. 7 clearly shows the metrics somewhat preserve the
ranking induced by the oracle return. The best metric on

those two ranking tasks is the state divergence, suggesting
this could be the most suitable metric for HP selection.

B.2. Selecting the algorithm

The rst row of Fig. 2 gives the episode returns for the
different proposed metrics when the imitation learning algo-
rithm is itself considered as an hyperparameter. The results
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Figure 7.ROC-AUC (red) and Spearman correlation (blue) of the proposed metrics with respect to the oracle return on a set of Mujoco
and D4RL adroit environments.

Figure 8.Values of the environment return and of the action MSE and state divergence metrics for all the models (across HPs and training
steps) of the three different imitation learning algorithms.
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