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Abstract

Offline Reinforcement Learning (Offline RL) involves learning policies from a static
dataset without further interactions with the environment, making it suitable for high-
stakes scenarios where data collection is costly or risky. This paper investigates the
generalization capabilities of Implicit Q-Learning (IQL), an offline RL algorithm, com-
pared to Behavioral Cloning (BC). We adapt the IQL algorithm for discrete control
and evaluate both IQL and BC in a four-room environment using training datasets
generated from different behavioral policies. Performance is assessed based on aver-
age rewards over various test seeds, on reachable and unreachable tasks, as well as
the training set. Our results indicate that BC consistently outperforms IQL across all
scenarios, although IQL reaches peak performance faster. This study highlights the
need for further research into offline RL algorithms for better generalization and more
robust performance in diverse environments. Full code available on GitHub.

1 Introduction

Reinforcement Learning (RL) involves an agent learning optimal behaviors by interacting
with its environment via trial and error [1]. RL has been successfully applied to a wide
variety of tasks, including the fields of healthcare, robotics, transportation and finance [2].
However, RL remains an active research topic due to the many challenges it faces. In partic-
ular, we are interested in the safety problems that might arise when collecting data through
real-world world exploration [3]. This is especially impactful in areas where the agent has
to interact with humans.

This leads to the development of offline reinforcement learning. The main difference with
traditional reinforcement learning is that in offline RL [4], the agent is unable to interact
with the environment to collect additional transition data using its behavior policy. Instead,
the algorithm learns the best policy it can from a static dataset. This approach is particu-
larly useful in scenarios where data collection can be expensive or dangerous.

Recently, research in the field of offline reinforcement learning has encountered an impor-
tant problem, as argued in [5], which is that the generalization of offline RL methods to
new environments remains largely unexplored. Particularly, it shows that offline RL fails to
outperform behavioral cloning (BC) methods in solving similar but new tasks (multi-task
setting). This means that offline RL does not find a better policy than the behavior policy.
The paper accurately argues that it is essential to solve this performance issue, given that
the applications of offline RL are on high-stakes scenarios where safety is the utmost prior-
ity. However, [5] focuses specifically on levels from the ProcGen [6] benchmark, which may
be limiting in terms of assessing generalization capabilities definitively. Moreover, it only
considers training sets generated by expert data as well as mixed expert-suboptimal data,
defined to be giving approximately 75% of the returns of the expert data. It does not use
other types of training sets generated by, for instance, random actions, which could provide
different insights to the peformance question.

Bias can be a significant issue in machine learning, particularly reinforcement learning re-
search [7] and given the recency of these results, it is important to evaluate them more
extensively. Additionally, as illustrated in [8], generalization of offline RL methods can vary
over datasets, with more extensive ones improving this aspect. Therefore, exploring a dif-
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ferent environment and differently structured datasets is important.

Among recent offline RL algorithms, Implicit Q-Learning [9] has shown outstanding per-
formance over various benchmark tasks from D4RL [9, 10] and demonstrates effectiveness
across other datasets as well [8]. As this algorithm is considered a state-of-the-art method
for offline RL and is evaluated in [5], we will examine its performance in the multi-task
setting. Other works have suggested using diffusion models to explore generalization in the
multi-task offline RL setting [11], which are improved upon in an alternative interpretation
of IQL [12]. However, these methods are not yet fully consolidated, therefore we will keep
our focus on the classic IQL method. As such, we aim to answer the following research
question:

To what extent does Implicit Q-Learning enable generalization, and how is this capacity
influenced by the dataset composition?

The main contributions of this paper are:

e To investigate the reproducibility of the results presented in [5] for IQL compared to
BC, which we find to align with our results.

e To explore the influence of different compositions of the training sets on the general-
ization capabilities of IQL.

e To show the possibility, given enough data, to learn from completely random actions.

The rest of the paper will be organized as follows: in chapter 2, the background required to
understand this research is covered. Chapter 3 presents Implicit Q-Learning (IQL) as well as
the benchmark comparison algorithm, Behavioral Cloning (BC). Chapter 4 then follows with
a description of the environment and experimental setup used, and chapter 5 discusses the
results, answering the generalization performance question. In chapter 6 we summarize our
findings and future work possibilities, concluding the paper. Chapter 7 covers responsible
research practices used throughout our work.

2 Preliminaries

In this section we cover reinforcement learning and offline reinforcement learning definitions
to ensure understanding of the algorithms whose performance we are interested in. Moreover,
the methodology used to evaluate the generalization capability of IQL is briefly introduced.

2.1 Reinforcement Learning

The reinforcement learning problem can be defined as a Markov decision process M =
(S, A,T,dy,r,~v) where S is a set of possible states, A is a set of possible actions, T'(s¢+1]s¢, at)
is a conditional probability that defines the dynamics of the system, dy(sg) defines the ini-
tial state distribution, r : S x A — R is the reward function, and ~ is the discount factor
[4]. The goal of reinforcement learning is to learn a policy m(a|s;), that is to say, a way
to determine the next action based on the current state. The optimal policy 7* to learn
maximizes cumulative discounted returns [9]:
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where the initial state is drawn from dg, the actions are drawn from the policy and the
following states are drawn from the environment dynamics.

2.2 Offline Reinforcement Learning

The algorithm in offline RL cannot interact with the environment to collect additional in-
formation on transitions and is instead provided with a static dataset from which it has
to learn the optimal policy: D = {(s{,a;,s},1,7;)} [4]. In essence, the dataset contains
entries with a state, the action taken, the state it leads to and the reward obtained from
this sequence. In some occasions, each entry also contains a flag indicating whether we have
reached a terminal state.

The data for this dataset D has been collected using some behavioral policy m3. The aim of
offline reinforcement learning algorithms is to achieve a new policy 7,s; that outperforms
at least the policy used for data collection [8]. The objective of offline RL remains the same
as that from online RL, namely to find the optimal policy.

2.3 Evaluation by benchmarking

As is often the case, this study will use BC as a baseline [8]. BC is a method attempting
to mimic the behavioral policy used to collect the data in D. The first purpose of offline
RL algorithms is to outperform the collection policy, therefore they should be able to out-
perform behavioral cloning. Moreover, we are interested in testing the conclusions from [5]
on different datasets. Therefore, the method used to evaluate the generalization of IQL will
be an experimental study organized as follows. First, training sets will be generated using
various policies. Then, both BC and IQL will be trained on the same sets and evaluated
on the same test sets. Finally, a direct comparison will be established in average rewards
obtained by the algorithms.

3 Algorithms

In this section we provide a technical explanation of both Implicit Q-Learning (IQL) and
Behavioral Cloning (BC) to expand the understanding of the algorithms we are comparing.

3.1 Behavioral Cloning

BC is an algorithm first introduced in ALVINN (Autonomous Land Vehicle in Neural Net-
work) [13] and is a part of a larger category of algorithms know as imitation learning. The
basic idea of BC is to cast the imitation of the behavioral policy used to obtain the dataset
into a supervised learning problem, yielding promising results in terms of generalization
capabilities, despite major flaws in the original algorithm [14].

The supervised learning problem aims to minimize the discrepancy between the behavior
policy and the actions taken by the learned policy. This can be formalized using a loss
function:
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where 7y is the learned policy, 7g is the behavior policy, ¢ is the loss function and IV the
number of samples. Commonly used loss functions include the mean squared error or cross-
entropy loss. We will be making use of the discrete BC implementation given by the d3ripy
offline RL library [15]. In this library, the loss function used is computed by cross-entropy

with an added regularization term:

L(#) =Eq, s,~D [ - Z mg(alsi)log mg(als,)| + ¢ - penalty (3)

where D is the dataset to learn from, c is a control parameter for the regularization term and
the penalty is the mean of the squared logits of a categorical distribution. After computation
of the loss function the learned policy is updated. This is repeated until some termination
criteria.

3.2 Implicit Q-Learning

IQL is a recent offline RL algorithm introduced in [9]. It suggests a novel method to
combat distributional shift (incorrect estimations for actions and states outside the learning
dataset). In short, the algorithm aims to estimate the maximum Q-value over actions that
are in support of the data distribution without querying it on out-of-sample actions [9].
Particularly, the value function they aim to learn can be given by:

L(0) = E(s0,9)~p [(r(s;0) + ymax Q4(s', a') — Qo(s,))”] (4)

subject to mg(a'|s’) > 0. D is again the dataset, @, is a target network and Qg is the
parameterized Q-function. The authors propose to avoid querying out-of-sample actions by
using expectile regression. More specifically, an upper expectile is calculated to approximate
the maximum of r(s, a) +~vQ;(s",a’) over actions only from the dataset. However, this leads
to stochasticity due to environment dynamics. Therefore, an additional value function Vy(s)
is proposed to estimate an expectile only using the action distribution. As such, the Q-
function can be estimated using an MSE (Mean Squared Error) loss, avoiding stochasticity.
The value function and Q-function losses are given by:

Ly () = Esa)~p [L3(Q4(s,a) — Vi (s))]
Lo(0) = E(s,a,0)~p[(7(s,a) + Vi (s') — Qa(s, a))?]

where L3 is an asymmetric /5 loss. With this model, we can learn an optimal Q-function
but this does not entirely specify the policy that will be learned. Therefore, to conclude,
the authors present a policy extracion method using advantage-weighted regression:

()

L (¢) = E(s,a)~p [ exp(B(Q4(s, a) — Vi (s))) log s (als)] (6)

where ( is the inverse temperature, the lower the more similar to BC, and the higher the
more it attempts to extract the optimal Q-function. Overall, the algorithm first fits V;, and
the Q-function, and then extracts the policy using stochastic gradient descent on equation 6.



IQL offers the benefits of simplicity and efficiency, while providing state-of-the-art perfor-
mance on common benchmark datasets for offline RL algorithms. We choose to use the
CORL [16] library for the implementation of IQL, adapted to discrete control for our envi-
ronment. The adaptations are given in appendix A.

4 Evaluation

As previously discussed, we will be comparing BC with IQL by means of running both
algorithms on the same training and test sets. We will test whether BC outperforms IQL in
terms of average reward obtained, thereby supporting the hypothesis that the generalization
capabilities of IQL are limited. We will also test if the composition of the training sets used
affects said generalization capability, and if it is possible to learn from random data. This
section covers the environment used, the experimental setup and the results obtained from
running the algorithms. An overview of the process is given in figure 1.

Compare average rewards
for different policies and
training steps

Generate datasets with
various behavioral policies

A

A 4

Evaluate on reachable,
unreachable and training
environments

Tune IQL and BC
hyperparameters

A

Train the IQL and BC

algorithms on generated
data

Figure 1: Flowchart overview of the methodology and experiments conducted to evaluate
generalization of IQL.

4.1 Four-room environment

For evaluation, we will use the four-room environment as presented in [17] and shown in
figure 2. It has been created using the Minigrid library by Farama [18] and adapted from its
FourRooms default environment. The observation, action and mission spaces are described
in appendix B. We make an important distinction between reachable and unreachable gen-
eralization. A reachable state s; is a state that can be reached by some sequence of actions
performed by the agent, starting from a task seen during training. If a state cannot be
reached by the agent starting from a task in the training set, it is unreachable. Figure 2
shows two states, unreachable from each other.

We will evaluate the trained models on reachable and unreachable test sets. This distinction
is essential, because of how stochastic data collection policies work. A behavioral policy with
some degree of random actions will add more data to a training set, but will only do so within
the reachable domain, as it is the agent that takes random actions, thus not affecting the
topology. Therefore, we expect to see a better performance for the algorithms when tested
on the reachable set for stochastic behavioral policies.



(a) Configuration 1 (b) Configuration 2

Figure 2: Two states from the four-room environment. The agent (red arrow) has the task
of reaching the goal (green square). Configuration 2 is not reachable from configuration 1
because of a different topology (wall positions) and goal location.

4.2 Dataset Generation

As explained in the introduction to this work, we want to both reproduce the results from
[5] but also investigate if other dataset compositions influence the generalization capabilities
of IQL. To this aim, we propose the following policies to collect actions for the datasets:

e Expert Policy. This policy evaluates the optimal action to take in every state. It
calculates the shortest path to the goal and determines the next action as the next
one of that path. Particularly, the shortest path is evaluated by transforming an
observation into a graph, and using Dijkstra’s algorithm.

e Mixed Expert-Suboptimal Policy. Similarly to [5], we also train our algorithms on
a mixed expert-suboptimal policy. This policy is defined to uniformly sample between
expert actions, and suboptimal actions predicted by an early stopped DQN agent
approximately at 50% of the rewards of the expert.

e Mixed Expert-Random Policy. This policy is similar to the mixed expert-suboptimal
policy but instead of a half-trained DQN agent it simply uses random actions.

e Epsilon-greedy Policy. This policy is similar to the mixed policies but adds the
epsilon parameter. This parameter enables us to control the probability with which
expert or suboptimal actions are chosen. An expert action is selected with probability
1 — € and a suboptimal action with probability e. For the rest of this paper and
evaluation, unless otherwise stated, we will use € = 0.25

e Boltzmann Softmax Policy. We propose a dynamic alternative to e-greedy, namely
using a Boltzmann distribution on the Q-values of the actions to determine the prob-
ability of choosing each. Particularly, the probability of an action [19]:

Qs,0)/7

S — 7
3 eQa)/T Q)

Tholtz (a|5) =

where 7 is the temperature of the system. The higher the temperature the more
random the choices for actions is.

e Fully Random Policy. Finally, we consider a fully random policy. At each state,
the action taken is randomly sampled from the action space. We use this policy to see
if any type of diversity helps with generalization.



For the stochastic policies (all but the expert), three different datasets are generated with
the random seeds 50, 100 and 150. The purpose of this is to get more accurate estimates
in the results section hereafter, by averaging over the results obtained for each dataset.
Each seed will cause the random events to occur at different times, resulting in different
transitions, thus different learning.

4.3 Results

We will present and describe the results of multiple experiments to test the hypotheses from
the start of this section. These results will be discussed and compared with previous work
in section 5. To collect the data, both algorithms were trained on datasets collected with
different behavioral policies (3 datasets per stochastic policy) for 50000 steps, with check-
points at intermediate steps. At each checkpoint, 10 solutions were found on both reachable
and unreachable test sets, repeated using 5 different random prime number seeds. The 10
solutions for each seed were averaged, and the standard deviation was calculated. This re-
sulted in final entries differing by the algorithm used, the policy for collecting the dataset,
and the training steps. The full results are in appendix D.

Hyper-parameter tuning was performed offline using an Optuna [20] study. We tuned all
learning rate parameters and the inverse temperature for IQL, while network architectures
remained as defaults from the libraries. Details of the implementation are given in appendix
A, and tuning details are in appendix C. The best values from this tuning were used in
the experiments. Notably, the actor learning rate for IQL was the only parameter that
significantly impacted performance. This is accentuated when including the seed as hyper-
parameter during tuning. Their importance for IQL is plotted in figure 3.
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Figure 3: Relative hyper-parameter importance during tuning for IQL.



The seed showed the highest importance, indicating instability and dependence on random-
ness. For IQL, its importance was 0.45, and for BC, it was even higher at 0.89 as shown in
appendix C. To address this while considering resource constraints, we averaged results over
5 random prime number seeds. An in-depth analysis of training steps as a hyper-parameter
is discussed in subsection 4.3.4, showing they are less important but still more impactful
than many learning rate parameters.

4.3.1 Testing on the training environment

Before examining generalization performance, we first investigate how the algorithms per-
form when trained and tested on the same environment. For this, we compare both IQL
and BC at the end of the training process, namely at 50000 steps. The results are shown in
figure 4.

40Reward obtained by IQL and BC on training set, 50000 training steps

Score Type

IQL Score
BC Score

| Standard Deviation

w w
o w

—i
—

N
v

Reward over 40 topologies
N
o

o

= =
w o w
—
—
0, |[—A
—
—

N
<&@ boé‘ S N N N
S S & & N &
<! K 8 ' < <@ *
N > & = - <
2 e BN @ °
N S e S &
S N @ <« G
¥ & &
& &
& &
g N\
<° <°

Behavioral Policy

Figure 4: Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 training topologies and over 5 different seeds, trained for 50000 steps on different
dataset collection policies.

We observe that IQL is severely outperformed by BC no matter what dataset collection
policy was used. Contrary to expectations, IQL achieves low average rewards even on the
training set, which could be caused by the environment. We can see that when trained on
the expert policy, since the levels are the same and the policy was cloned, BC achieves the
maximum reward. It also achieves a high average reward even when trained on other policies.
However, IQL seems to benefit most from mixed datasets, especially e-greedy, indicating that
it could be helped by more diversity. The effect of particular dataset collection policies is
looked at more in-depth in the following sections 4.3.2 and 4.3.3.



4.3.2 Effect of behavioral policies

We now conduct an experiment to compare how the algorithms perform depending on the
policy used to collect the offline dataset. Particularly, we limit ourselves to the entries for
50000 steps, at the end of the training process as before, and for the reachable testing set.
The results are presented in figure 5a.

For the generalization scenario, BC sees a significant drop in average reward, to around 40%
of the one obtained when tested on the training set. IQL also has a drop in reward, but
much less significant and only for the mixed policies, to about 80% of the training set.

We observe that Behavioral Cloning consistently outperforms Implicit Q-Learning on all
datasets, achieving 160%-280% higher average rewards. For BC, expert-trained instances
perform slightly better than mixed instances in terms of mean reward, while IQL benefits
more from diverse data. Expert-trained instances show fewer outliers, indicating lower ran-
domness dependence in decision-making. The mixed random policy performs slightly worse
than the mixed suboptimal and e-greedy policies, suggesting that not all diversity types
benefit generalization to the same extent.

The fully random policy achieves lower results than other policies for both algorithms.
The Boltzmann softmax policies also achieve lower average rewards, but this improves for
7 = 0.5, due to a stronger bias towards expert actions. Finally, the e-greedy policy was
run with € = 0.25 and shows the best performance. It can be thus deduced that there is a
balance between expert actions and the benefit of including more diverse actions. Including
a small amount of suboptimal or random actions, without reaching a uniform mix, appears
most effective.

4.3.3 Reachable vs Unreachable Generalization

We run the previous experiment, but for the unreachable testing set instead. Both algo-
rithms are still trained on all policies for 50000 steps. The results can be seen compared to
the reachable test set in figure 5b.

We notice, for BC, a drop in average reward of around 10% to 20% for all policies. These
results are to be expected, as explained in section 4.1, given that no data is added for
unreachable topologies. IQL also sees a drop in performance, except for the fully random
policy, and the Boltzmann policy biased towards random actions (7 = 1.5). It sees an
increase in average reward, but achieves less consistency with larger standard deviations.
This is also expected, since picking completely random actions should help more in unseen
topologies than in seen topologies.

4.3.4 Effect of the number of training steps

We shift our focus to conduct a more in-depth study of an important hyper-parameter: the
number of training steps. For this purpose, we train and test the algorithms as described at
the beginning of the section. We train for 100, 200, 500, 1000, 2000, 5000, 10000, 25000, and
50000 steps, and test on both reachable and unreachable sets. The results for the reachable
test set are plotted in figures 6 and 7 for IQL and BC, respectively. We examine the e-greedy
policy, the best out of the mixed policies. Other mixed policies follow the same trend. We
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(a) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 reachable testing topologies and over 5 different seeds, trained for 50000 steps
on different dataset collection policies.
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(b) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 unreachable testing topologies and over 5 different seeds, trained for 50000
steps on different dataset collection policies.

Figure 5: The average rewards obtained for reachable and unreachable testing topologies.
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also examine the expert and fully random policies as the two extremes.

We notice that for both algorithms, training any further than the 10000 step range results
in a drop of average reward for the majority of the policies with respect to their best values,
likely due to overfitting. The rewards then proceed to mostly flatline. Figure 6 shows that
IQL reaches its best results when trained for approximately 500 steps, accentuated by the
peak at the start. On the other hand, we can see on figure 7 that the best amount of steps
for BC seems to be around 5000, with the exception of the expert policy.
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Figure 6: Average rewards obtained by IQL over different numbers of training steps for
the different behavioral policies. Results averaged over 5 different seeds on the reachable
topologies.
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Figure 7: Average rewards obtained by BC over different numbers of training steps for
the different behavioral policies. Results averaged over 5 different seeds on the reachable
topologies.

Furthermore, when trained for only 100 steps, Implicit Q-Learning (IQL) outperforms Be-
havioral Cloning (BC), achieving average rewards between 5 and 7 compared to BC’s 2 to
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5 (out of 40 topologies). However, at 1000 steps, BC surpasses IQL, showing a faster im-
provement rate. BC reaches its peak average reward slightly slower than IQL but achieves
significantly higher peaks, making it better for generalization given sufficient training steps.
Similar results are observed for unreachable generalization, though BC’s peaks occur even
later for some policies, at 10000 steps (see appendix D). This suggests unreachable general-
ization requires more extensive environment learning.

5 Discussion

In the evaluation, we have compared the generalization capabilities of IQL and BC with
respect to the dataset characteristics they were trained on, and the environments they were
tested on. We also examined how different numbers of training steps can impact the gener-
alization performance.

We have found that BC outperforms IQL for all dataset collection policies when tested on
reachable tasks as well as exact tasks seen during training, which is in line with the results
presented in [5]. Moreover, we have found that although IQL maintains its performance
better than BC does, for the unreachable topologies, it is still outperformed. To expand on
the results from [5], we can thus deduce that neither the environment nor the reachability
affects which algorithm performs better. The dataset composition also does not seem to
alter this conclusion. Additionally, we have shown that learning from fully random datasets
is possible, although to a lesser extent than from the other policies for the given data.

The reason why IQL is outperformed by BC is not exactly known. It is speculated in [5]
that this is not a surprising outcome, because offline RL algorithms have so far been trained
and tested on the same environment. These algorithms are designed to combat the distribu-
tional shift arising from out-of-dataset actions, and IQL particularly avoids querying them
altogether. Without querying outside the dataset, the method is less likely to effectively
learn different tasks.

In terms of the number of training steps, the evaluation reveals that IQL does reach its peak
rewards earlier than BC, but they are significantly lower. Therefore, unless in a very spe-
cific scenario where the amount of training is severely limited, BC outperforms IQL. Across
experiments, we note that the standard deviation tends to be larger for mixed policies than
for the expert policy. This is valuable information, as it indicates that training from an
expert, policy is more stable, but offers less potential in terms of average reward.

Furthermore, hyper-parameter tuning provided interesting insights. The seed is the most
significant parameter, which indicates a high level of instability, possibly due to a lack of
data. This limits the reliability of the results. The environment used is rather simple with a
limited amount of topologies, making it difficult to strike a balance between the topologies
used for training and testing. If given more training data, the algorithms may perform
better for generalization, but risk overfitting. We recognise the absence of more complex
environments such as MuJoCo [21], or other components of the D4RL [10] benchmark, com-
monly used in RL literature. These environments could provide a setting more similar to
the original evaluation of IQL [9]. However, they suppose significantly larger computational
costs which were not possible to incur due to hardware constraints. Moreover, the four-
room environment we use enables us to easily make the distinction between reachable and
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unreachable generalization, and compare their performance.

Finally, we also acknowledge that the tuning of hyper-parameters was limited to certain
ranges per parameter, and amount of seeds, due to computational constraints. Target
network architecture variations, such as integrating convolutional neural networks, have
also not been considered. As such, we cannot discard that the outcomes could have been
different while using different parameters and algorithm architectures.

6 Conclusions and Future Work

Implicit Q-Learning is a novel offline reinforcement learning algorithm offering outstanding
performance on singleton environments from commonly used benchmarks, by avoiding to
query out-of-sample actions. Nevertheless, it has difficulties to develop an optimal policy
when dealing with similar but new tasks. This paper has evaluated the generalization per-
formance of IQL in comparison to BC, and the impact of various dataset collection policies
by answering the research question: To what extent does Implicit Q-Learning enable gener-
alization, and how is this capacity influenced by the dataset composition?

We have adapted IQL for discrete control and we have examined how a different environ-
ment, behavioral policies, and hyper-parameters affect its generalization performance. In
conclusion, the results are in alignment with prior work, and we find that BC outperforms
IQL when trained on any policy, be it on reachable, unreachable or previously seen topolo-
gies. Additionally, we have identified the potential to learn from random data, although to
a lesser extent than from other policies. The only advantage IQL seemingly has over BC is
that it reaches its peak average reward faster, therefore making it at least viable in scenarios
where the amount of training is severely limited. However, in such cases the average reward
is not yet enough to justify the use of either algorithm.

In summary, our research indicates that IQL severly lacks in generalization performance,
and, although helped by mixed collection policies, fails to yield satisfactory results. As such,
we hope that our work motivates future investigation into the field of offline RL, particularly
the development of algorithms that perform well in the multi-task setting.

The current implementation of IQL uses Multi-Layer Perceptrons for the target network,
which require flattening observations before being able to learn from them. In future work,
a promising direction could be to incorporate Convolutional Neural Netorks, which do not
necessarily require this flattening, in hopes for the algorithm to learn more useful information
from the observations. The environments and datasets used could also be expanded to
investigate whether a different or more complex type of task can remedy the instability we
have seen in the results.

7 Responsible Research
The most important ethical considerations we make are related to the potential uses of of-

fline RL methods, the reproducibility of the research, and potential biases that could have
arisen during our work.
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Uses of offline RL. As indicated in the introduction, offline RL methods are generally
used when training an agent online through direct interaction with the environment is ei-
ther dangerous or expensive. The main concern with this lies in environments where humans
can potentially be harmed, such as healthcare. Particularly, although offline RL does not
directly interact with the environment during training, it will have to do so eventually when
applied. Considering the findings of this research, we hope that offline RL methods will be
improved and used ethically before applying them to such environments.

Reproducibility of research. In an effort to ensure the reproducibility of our research,
we have provided a detailed and transparent explanation of the research methodologies, and
of the exact experiments conducted. Additionally, we strive to uphold the FAIR (Findable,
Accessible, Interoperable, Reusable) principles. To this aim, all datasets used for training, all
the results of the experiments and resulting figures have been made publicly available. The
adapted code from the CORL library, the scripts used to generate the datasets and images,
and the full code environment are also available. Running instructions enable reproducing
the experiments described in this paper. These elements are available on GitHub. Finally,
the hyper-parameters used, and the tuning methods are described in appendix C.

Data, bias, and plagiarism. Training RL models with data generated synthetically for
the experiments, as is the case for our work, can be subject to bias. We have ensured to
generate multiple datasets per policy, with logically expandable sequences of seeds (in incre-
ments of 50), to avoid manually selecting favorable seeds. Similarly, every other stochastic
component was executed with different sequences of seeds. Additionally, neither the author
nor the supervisors has had any affiliation or influence to or by a third party. Finally, to
uphold academic integrity, we have ensured that all sources used in this work are fully and
adequately documented.
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A Implementation details

In this appendix we present the most important implementation details for the IQL algo-
rithm evaluated in this paper.

Adaptations for discrete control. IQL is an algorithm originally designed for continuous
control, but our environment uses discrete control. The Katakomba library [22] offers an
implementation for discrete control. However, this library is written specifically for the
NetHack learning environment, therefore would need a reduction from the environment
used in this paper to NetHack. Adapting an existing continuous control implementation
was deemed to be a more reasonable approach. As such, the implementation of IQL from
CORL [16] is adapated and used in this work. We have made the necessary changes to work
within our discrete environment. First, the target network in a continuous setting receives
both observations and actions as inputs, and outputs one estimation. However, in a discrete
setting, we take observations as input and output an estimate for every action. This changes
the target network Q;(s,a) dimensionality to:

Q4(s): S — R (8)

where S denotes the observation space and R ! denotes a real valued vector of dimension
equal to the size of the action space. This means that the target network will output an
estimate for every action. Moreover, since we now have as many estimates as actions, we
need to adapt the loss calculations for the value function V,,(s):

Ly (¥) = E(s.a)op [ L3 (gather(Qy(s), a) — Vi (s))] 9)

where “gather” is a function selecting the correct estimate from the target network along the
action tensor (from torch.gather!). Using these adaptations, the rest of the loss calcula-
tions do not need any particular mathematical changes other than reshaping the inputs in
some instances due to the changes in dimensionality specified in equations 8 and 9.

Network Architecture. The target network architecture is maintained from the CORL
[16] library’s implementation. Particularly, it uses a Multi-Layer Perceptron (MLP) with
2 hidden layers of dimension 256 each. Each hidden layer applies a linear transforma-
tion, followed by the activation function. Moreover, a twin Q-network is used to reduce
over-estimation in the Q-function, by maintaining two MLP Q-value estimators @)1, Q2 and
evaluating:

CQ(S,G) ::Tnin(CQI(s’a)aCQ2(s’a)) (10)

where @ is the final estimate for the Q-function.

Learned Policy. Within the adapatations for discrete control also comes changing the
learned policy. The default CORL [16] learned policy is a Gaussian, which is of course not
suited for our environment. Since we have a finite number of actions, we use a categorical
policy instead. The policy network (also an MLP) outputs the mean logits for a categorical
distribution over actions:

m(als) = Categorical(logits = M LP(s)) (11)

Ihttps://pytorch.org/docs/stable/generated/torch.gather.html
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where 7(-|s) is the learned policy. During evaluation, the action with the highest probability
is picked:

a = arg max w(als) (12)
a

B Environment details

This appendix provides the specific characteristics and observation space of the environment
used in this paper. We use the environment from [17], which slightly changes the original
implementation in Minigrid [18]. In essence, there are 4 rooms separated by walls, each wall
having a doorway the agent can pass through to an adjacent room. The agent has a position
and a direction and its objective is to reach the goal (a static object with a given position).

The action space is reduced to three discrete actions: turn left, right or go forward, and
the reward function is simplified to be 1 when the agent reaches the goal and 0 otherwise.
Moreover, the room size is reduced to 3x3 and the observation space is made fully observable.
Particularly, observations consist of a 4x9x9 tensor centered around the agent’s current
location [17], and the 4 channels contain:

1. Agent position (center)
2. Agent’s next position if we move forward with the current direction
3. Wall locations

4. Goal position

C Hyper-parameter tuning

Hyper-parameter tuning has been performed offline using an Optuna [20] study. Optuna
studies provide the ability to use a series of sampling algorithms, among which we use the
Tree-structured Parzen Estimator (TPE). The estimator is based on independent sampling,
meaning that each parameter is chosen without considering relationships or correlation with
other parameters. TPE on each trial fits, per parameter, one Gaussian Mixture Model
(GMM) £(z) to the set of parameter values that were used to obtain the best values for the
objective function, and another GMM g(z) to the rest of the parameter values. Then, it

chooses a parameter value z such that the ratio % is minimized.

The parameters considered for IQL are the learning rates for the target network, V-function,
Q-function and actor, as well as the inverse temperature 3 and the coefficient for asymmetric
loss 7. The learning rate for BC is also tuned. For the TPE estimator to know the search
space for each parameter, they need to be specified. This is done by “suggestions”, of which
we use three types:

o suggest_loguniform: specifies a range of floating point numbers from which to sample
uniformly

o suggest float: specifies a finite list of floating point numbers, with a minimum and
maximum, and a step size
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e suggest int: specifies a finite list of integers, with a minimum and maximum, and a
step size

Each parameter mentioned above was given a range centered at the default values. These
ranges are given in table 1.

Parameter Suggestion

IQL V-network learning rate suggest_loguniform(low = 10~%, high = 1072)
IQL Q-network learning rate suggest_loguniform(low = 10~%, high = 1072)
IQL actor learning rate suggest_loguniform(low = 10~*, high = 1072)

IQL target network learning rate | suggest_float(low = 0.003, high = 0.007, step = 0.001)
IQL coefficient for asymmetric loss suggest_ float(low = 0.5, high = 1.0, step = 0.1)
IQL inverse temperature suggest_ float(low = 1.0, high = 3.0, step = 0.5)
BC learning rate suggest_loguniform(low = 10~%, high = 1072)

Table 1: Suggestion type and range for every parameter considered during hyper-parameter
tuning.

Note that BC has less hyper-parameters than IQL. To balance out the amount of tuning for
each algorithm, we let each Optuna study run for the same amount of trials, i.e. the same
amount of combinations of hyper-parameters will be tested for each algorithm. The final
parameter values that we use are given in table 2.

Parameter Value
IQL V-network learning rate 0.00030631780632380705
IQL Q-network learning rate 0.0001904542069504683
IQL actor learning rate 0.004450418567816549
IQL target network learning rate 0.006
IQL coefficient for asymmetric loss 0.8
IQL inverse temperature 3.0
BC learning rate 0.000701

Table 2: Final parameter values used.

Moreover, if we add the amount of training steps and random seed as hyper-parameters for
each algorithm, we obtain the following results regarding their importance, in figures 8 and
9.
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Figure 8: Relative hyper-parameter importance during tuning for IQL.
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Figure 9: Relative hyper-parameter importance during tuning for BC.
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D Full experimental results

For the sake of completeness, this appendix includes all training results for 100, 200, 500,
1000, 2000, 5000, 10000, 25000 and 50000 steps for the reachable (figures 14 through 18),
and unreachable (figures 19 through 23) sets. The data for the expert, e-greedy (best mixed)
and fully random policies is summarized in figures 10, 11, 12, and 13.
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Figure 10: Average rewards obtained by IQL over different numbers of training steps for
the different behavioral policies. Results averaged over 5 different seeds on the reachable
topologies.
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Figure 11: Average rewards obtained by BC over different numbers of training steps for
the different behavioral policies. Results averaged over 5 different seeds on the reachable
topologies.
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I4(8L average rewards on unreachable test set over different numbers of training steps

—— Expert
Epsilon-greedy
—— Random
Standard Deviation

w w
o w

N
w

-
w

Average Reward over 40 topologies
= N]
o o

w

=

0 10000 20000 30000 40000 50000
Training Steps

0

Figure 12: Average rewards obtained by IQL over different numbers of training steps for
the different behavioral policies. Results averaged over 5 different seeds on the unreachable
topologies.
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Figure 13: Average rewards obtained by BC over different numbers of training steps for
the different behavioral policies. Results averaged over 5 different seeds on the unreachable
topologies.
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‘Fl%eward obtained by IQL and BC on reachable test set, 100 training steps
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(a) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 reachable testing topologies and over 5 different seeds, trained for 100 steps
on different dataset collection policies.

‘Flioeward obtained by IQL and BC on reachable test set, 200 training steps
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(b) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 reachable testing topologies and over 5 different seeds, trained for 200 steps
on different dataset collection policies.

Figure 14: The average rewards obtained for reachable testing topologies, 100 and 200 steps.
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E%eward obtained by IQL and BC on reachable test set, 500 training steps
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(a) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 reachable testing topologies and over 5 different seeds, trained for 500 steps
on different dataset collection policies.

i}%ward obtained by IQL and BC on reachable test set, 1000 training steps
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(b) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 reachable testing topologies and over 5 different seeds, trained for 1000 steps
on different dataset collection policies.

Figure 15: The average rewards obtained for reachable testing topologies, 500 and 1000
steps.
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Fﬁ%ward obtained by IQL and BC on reachable test set, 2000 training steps
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(a) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 reachable testing topologies and over 5 different seeds, trained for 2000 steps

on different dataset collection policies.
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(b) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 reachable testing topologies and over 5 different seeds, trained for 5000 steps

on different dataset collection policies.

Figure 16: The average rewards obtained for reachable testing topologies, 2000 and 5000

steps.
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R%Nard obtained by IQL and BC on reachable test set, 10000 training steps
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(a) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 reachable testing topologies and over 5 different seeds, trained for 10000 steps

on different dataset collection policies.

RE(\)Nard obtained by IQL and BC on reachable test set, 25000 training steps
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(b) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 reachable testing topologies and over 5 different seeds, trained for 25000 steps

on different dataset collection policies.

Figure 17: The average rewards obtained for reachable testing topologies, 10000 and 25000

steps.
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R%Nard obtained by IQL and BC on reachable test set, 50000 training steps
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Figure 18: Average rewards and standard deviation obtained by IQL (blue) and BC (orange)

over 40 reachable testing topologies and over 5 different seeds, trained for 50000 steps on
different dataset collection policies.
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R%Nard obtained by IQL and BC on unreachable test set, 100 training steps
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(a) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 unreachable testing topologies and over 5 different seeds, trained for 100 steps
on different dataset collection policies.

RE(\)Nard obtained by IQL and BC on unreachable test set, 200 training steps
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(b) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 unreachable testing topologies and over 5 different seeds, trained for 200 steps
on different dataset collection policies.

Figure 19: The average rewards obtained for unreachable testing topologies, 100 and 200
steps.
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R%Nard obtained by IQL and BC on unreachable test set, 500 training steps
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(a) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 unreachable testing topologies and over 5 different seeds, trained for 500 steps
on different dataset collection policies.

R%/ard obtained by IQL and BC on unreachable test set, 1000 training steps
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(b) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 unreachable testing topologies and over 5 different seeds, trained for 1000
steps on different dataset collection policies.

Figure 20: The average rewards obtained for unreachable testing topologies, 500 and 1000
steps.
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Rei\(/)vard obtained by IQL and BC on unreachable test set, 2000 training steps
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(a) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 unreachable testing topologies and over 5 different seeds, trained for 2000

steps on different dataset collection policies.

R%/ard obtained by IQL and BC on unreachable test set, 5000 training steps

35
830
o
S
825
]
o
¥ 20
4
>
o
T EEE
©
=
210 T
5
0 N
& & & &b\\ 00‘.: 0;9 &
<" K & S «2 <@ &
e>°’§ _‘g,b é\\v;§\ &’5‘" &’5‘"
N
& ~ K & &
N &
Q Q"
& &
N &
<P <P

Behavioral Policy

Score Type
W IQL Score
BC Score
Standard Deviation

(b) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 unreachable testing topologies and over 5 different seeds, trained for 5000

steps on different dataset collection policies.

Figure 21: The average rewards obtained for unreachable testing t
steps.
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Rex\{)ard obtained by IQL and BC on unreachable test set, 10000 training steps
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(a) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 unreachable testing topologies and over 5 different seeds, trained for 10000
steps on different dataset collection policies.

Rex(/)ard obtained by IQL and BC on unreachable test set, 25000 training steps
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(b) Average rewards and standard deviation obtained by IQL (blue) and BC (orange)
over 40 unreachable testing topologies and over 5 different seeds, trained for 25000
steps on different dataset collection policies.

Figure 22: The average rewards obtained for unreachable testing topologies, 10000 and
25000 steps.
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Rex\{)ard obtained by IQL and BC on unreachable test set, 50000 training steps
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Figure 23: Average rewards and standard deviation obtained by IQL (blue) and BC (orange)

over 40 unreachable testing topologies and over 5 different seeds, trained for 50000 steps on
different dataset collection policies.
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