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Abstract

In environments with sparse rewards, finding a good inductive bias for exploration is crucial
to the agent’s success. However, there are two competing goals: novelty search and systematic
exploration. While existing approaches such as curiosity-driven exploration find novelty, they
sometimes do not systematically explore the whole state space, akin to depth-first-search vs
breadth-first-search. In this paper, we propose a new intrinsic reward that is cyclophobic, i.e.
it does not reward novelty, but punishes redundancy by avoiding cycles. Augmenting the
cyclophobic intrinsic reward with a sequence of hierarchical representations based on the
agent’s cropped observations we are able to achieve excellent results in the MiniGrid and
MiniHack environments. Both are particularly hard, as they require complex interactions
with different objects in order to be solved. Detailed comparisons with previous approaches
and thorough ablation studies show that our newly proposed cyclophobic reinforcement
learning is more sample efficient than other state of the art methods in a variety of tasks.

1 Introduction

Exploration is one of reinforcement learning’s most important problems. Learning success largely depends on
whether an agent is able to explore its environment efficiently. Random exploration explores all possibilities
but at great costs, since it possibly revisits states very often. More efficient approaches use intrinsic rewards
based on curiosity to enforce focusing on novelty, which often leads to great results, but at the price of possibly
not exploring all corners of the environment systematically and paradoxically being less sample efficient,
when aleatoric uncertainty in the environment cannot be accounted for in the learned representations. Ideally,
we would pursue both goals: novelty search and systematical exploration.

How can we favor novelty while ensuring that the environment is systematically explored? To achieve this,
we propose cyclophobic reinforcement learning which is based on the simple idea of avoiding cycles during
exploration. More precisely, we define a negative intrinsic reward that penalizes redundancy in the exploration
history. This idea is further enhanced by applying it to several hierarchical views of the environment. The
notion of redundancy can be defined relative to cropped views of the agent: while cycles in the global view
induce cycles in the corresponding narrower view, the converse is not the case. E.g., a MiniGrid agent turning
four times to the left produces a cycle in state space that we would like to avoid everywhere. This cycle
occurrs in the global view, but penalizing it only in the global view does not avoid it in other locations.
However, with a hierarchy of views, we record a cycle in some smaller view as well, which allows us to transfer
this knowledge to any location in the global view and to hereby avoid never experienced cycles. Similarly,
cycles on a hierarchical level reveal structure properties about the environment. An interesting object such as
a key, produces less cycles in a smaller view than some other object (since e.g. the key can be interacted with).
Thus the probability of picking up the key increases, since other less interesting observations produce more
cycles (e.g a wall). Overall, a hierarchy of cropped views is a state representation that is complementary to
the cyclophobic intrinsic reward that does not require the learning of an inverse dynamics model as in other
works (Pathak et al., [2017))(Henaff et al.,|2022). Another desirable property of hierarchical views is that they
are task-agnostic. That is, the cropped views of the environment can be transferred to other environments
and are not task dependent. Thus, hierarchical state representations on one hand generalize cycles when
learning about a task, but also represent task-agnostic knowledge when transferring knowledge to other tasks.

Contributions:
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1. We introduce cyclophobic reinforcement learning for efficient exploration in environments with extremely
sparse rewards and large action spaces. It is based on a cyclophobic intrinsic reward for systematic exploration
applied to a hierarchy of views. Instead of rewarding novelty, we avoid redundancy by penalizing cycles, i.e.
repeated state-action pairs in the exploration history. Our approach can be applied to any MDP for which a
hierarchy of views can be defined.

2. In the sparse-reward setting of the MiniGrid and MiniHack environments we thoroughly evaluate cyclophobic
reinforcement learning and can show that it achieves excellent results compared to existing methods, both for
tabula-rasa and transfer learning.

3. In an ablation study we provide deeper insights into the interplay of the cyclophobic intrinsic reward
and the hierarchical state representations. We provide insight into the role of learning representations
for exploration. We show that exploration and therefore learning success depend greatly on the function
approximator learning appropriate invariances that reduce the complexity of the state space.

Notation: We define an MDP as a tuple (S,.A,P, R,~), where the agent and the environment interact
continuously at discrete time steps t = 0, 1,2, 3, ... We define the state an agent receives from the environment
as a random variable S; € S, where S; = s is some representation of the state from the set of states S at
timestep t. From that state, we define a random variable for the agent selecting an action A; € A where
Ay = a is some action in the possible set of actions A for the agent at timestep ¢t. This action is selected
according to a policy m(a | s) or 7(s) if the policy is deterministic. One time step later as a consequence of
its action, the agent receives a numerical reward which is a random variable Ry;1 € R, where Ry = r is
some numerical reward at timestep ¢ + 1. Finally, the agent finds itself in a new state S;;1. Furthermore
we define a POMDP (S, 4,0,P, R, Z,7) as a generalization of an MDP in the case the true state space S
is unknown. That is, the agent sees the state s € S through an observation o € O, where an observation
function Z : & — O maps the true state to the agent’s observation.

2 Building Blocks

We begin by first defining the cyclophobic intrinsic reward and hierarchical state representations as they are
the building blocks of our method. Finally, we define a policy which combines the intrinsic and extrinsic
rewards together with the hierarchical state representations to form a global policy which the agent acts
upon.

2.1 Cyclophobic Intrinsic Reward

For efficient exploration, redundancy must be avoided. A sign for redundancy is when states are repeatedly
explored, with other words, when the agent encounters cycles in the state space instead of focusing on novel
areas. To guide the exploration, we will penalize cycles using a cycle penalty, which we call cyclophobic
intrinsic reward (a negative intrinsic reward). This avoids redundancy such that uninteresting parts of the
state-action space are discarded quickly. For instance, if an agents gets stuck in some area, typically, it is
facing numerous cycles. In such a situation we would like the agent to assign penalties to the repeating
state-action pairs in order to focus on more promising parts of the state space that do not cause immediate
repetition.

Formally, let us assume that we have per episode a history of previous state-action pairs Hepisodic =
{(s1,a1), (s2,a2),...,(st,ar)} and we are currently at the state-action pair (si11,a:+1). We say that we
have encountered a cycle if the state in the current state-action pair appeared already in the history, i.e.
(St+1, a141) € Hepisodic- For its first repeated occurrence, we will penalize the state-action pair (s;, a;) (just
before the cycle) by negative one,

rcycle(sva) =—1. (1)

If a cycle is encountered multiple times, e.g. [ times, the cycle penalty is —I. That is, during exploration
the propagated cycle penalty can penalize indefinitely. For pairs (s,a) that have not created a cycle,

Taycle(S, @) = 0.
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Learning the cycle penalties. In principle, the cycle penalty can be combined with any reinforcement
learning algorithm. However, we explain how it can be built into the SARSA update rule, since the latter
will propagate the penalty across the trajectory. To learn the Q-function, we are employing the standard
SARSA update rule,

Q(s,a) + (1 =n) Q(s,a) +n[r(s,a) + yQ(s', a)] (2)
with (s, a,7ex, 8',a’) being a transition, 7 being step size and where the total reward (s, a) for the state-action
pair (s,a) is the weighted sum of the extrinsic reward from the environment 7., and the cyclophobic intrinsic
reward reycle(s, @) defined above,

7(s,a) = prex + reyele(s, @). (3)

where p trades off extrinsic and intrinsic rewards.

2.2 Hierarchical State Representations

Besides penalizing cycles, the second key idea of this paper is to consider a hierarchy of state representations.
For this, we repeatedly crop the agent’s observations to induce additional partially observable Markov decision
processes (POMDPs). In general, restricting the view leads to ignoring information about the environment,
however in combination with the cyclophobic intrinsic reward we gain additional information about the
structure of the environment as we get different Q-functions for different POMDP’s. The relevant insight is
that on limited views lower down the hierarchy, trajectories can contain cycles that have not been experienced
on views higher up the hierarchy. These cycles in smaller views represent transferable knowledge about the
structure of the environment. E.g. in the MiniGrid environment (see Section encountering a wall in the
smallest view will cause a cycle, capturing that running into a wall is counterproductive. On larger views this
knowledge is only available directly, if we tried all walls everywhere. So, the smaller views capture relevant
invariances that also apply to the larger views. Hierarchical state representations also enable task-agnostic
learning (Parisi et al] |[2021)). That is, when learning an exploration policy we want to learn a policy that
together with its representations can be transferred to other environments. By definition, the hierarchical
state representations allow us to transfer learned invariances in smaller views to other environments by simply
keeping these views for transfer learning. In general MDPs, it might not be obvious how to define hierarchical
state representations. Ideally, the agent has some sort of sense of “location” to allow cropped views to be
meaningful. In general, for grid world-like environments, the hierarchical state representations are easily
definable, since the agent has a defined location that can be used to define smaller neighborhoods typically
corresponding to limited views around the agent or from the agent’s view.

" V2 : :
- —>I
9 3
: , —>
H.
H 1N
Vs |
(a) (®)

Figure 1: Hierarchical views allow us to transfer relevant invariances about the environment.
(a) The three different representations are obtained by cropping the observation for each state-action pair
(s,a). V1 is the full view where the agent sees the whole environment or the largest portion of it. V5 is an
intermediate cropped representation of the agent’s view that helps the agent generalize by reusing familiar
observations . Vj is the most restricted view where the agent only sees what is immediately in front of it. (b)
Through the views V; to Vi the amount of cycles continuously increases as the observations in the higher
views can be mapped multiple times to the same observation in the lower view. This naturally leads to each
view being a separate POMDP describing the true MDP.

To discuss the roles of the different views more precisely, let’s consider three such cropped views which consist
of the global view V7, the intermediate view V5 and the smallest possible view V3 (see Figure . Each
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view gives a new, typically more limited, perspective of the true state. As shown in Figure each view
induces a different set of cycles, for instance a sequence of actions which do not lead to a cycle in the full view
V1, might lead to a cycle in a smaller view V3, because in the latter, more states are mapped to the same
observation. Thus, the different views provide different types of information which are useful for learning and
allow the agent to focus on different properties of the environment.

In general, we can have an arbitrary number of views. Each view V; induces a POMDP
V12(87A7OV77P,R,ZV7,’}/) (4)

each having their own set of observations @Y+ and observation function ZVi : S — OV:. All POMDP’s
V1,Vs,... operate on the same state space S, however they have different sets of observations O and
corresponding observation functions. General POMDPs can have a probabilistic observation function. In our
case, the observations are deterministic functions of the full view, e.g. the observations for the ith POMDP
of state s is

o = 2% (s )

which corresponds to the cropping for the view V;. Hereby we create partial representations of the state space
that allow us to identify invariances in the environment by looking at the same true state s through different
perspectives.

Note that, POMDPs are normally used to model uncertain observations. That is, they are a generalization of
MDPs where the true state is not observable. Here, the POMDP idea is used to model different views of a
fully observable state space. Therefore, we do not seek to solve a POMDP problem, but rather we extend a
regular MDP to get redundant hierarchical representations.

2.3 A cyclophobic policy for hierarchical state representations

In the following, we describe how the cyclophobic intrinsic reward and the hierarchical state representations
can be combined into a policy that exploits the cyclophobic inductive bias. For this, we define several
Q-functions along the views, and combine them as a weighted sum. The weights are determined by counts of
the observations in each observation set @Y% which we explain next.

Mixing coefficients. Many strategies for defining mixing coefficients are possible. For concreteness, in
this paper we follow a simple schema, where we determine the weights from the observation counts, which
are obtained from the history of states visited throughout training,

Han = {51,52,...,57}. (6)

Note that H,y contains all states that have been visited in the training so far, which is different from the
states in the episodic history Hepisodic that was used in Sec. to define cycles. Denoting the corresponding
views of the history as o} = ZVi(s,), the counts for view V; are

N(0}*),N(05"),..., N(og'). (7)

where N counts the number of times the observation O,Y" has been encountered. The raw counts are normalized
by their maximum (maximum for simplicity, other normalizations are possible), because the smaller views
have higher counts than the bigger views. The weights should be large for states that have been seen less
often, so we subtract the normalized counts from one,

N(o,")

a}f" oyf‘ =1- . ‘ —. 8
(o) max(N(oYl),N(og"),...7N(o¥’)) ®

The previous formula allows us to compute the weights for each respective view V; for a single state s,

a(se) = [l (27 (50), .. (27 (s1))] (9)

=[al*(0/),....al*(o}")] (10)
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where a.(s¢) is a vector. Finally, the softmax operator turns these weights into a vector of probabilities,
a(st) = softmax(ax(s¢)) = [a1(se), .- ., ar(st)]. (11)

The entries of this vector are denoted by «;(s;) and are used to define the cyclophobic Q-function in the next
section. The definition of o can be extended to all state s by setting it to zero for unseen states, i.e. a(s) =0
(zero-vector) for s € Hay.

In general, larger views in the hierarchy will have bigger entries in a(s;) as the observations repeat less often
than in the smaller views. Thus a(s;) gives more weight to the larger views than the smaller ones. However,
the converse is true for the cyclophobic intrinsic reward, since in the smaller views the cyclophobic penalty is
propagated far more often than in the larger views.

Cyclophobic Q-function. To combine all views into a single global policy we define a mixture over the
different Q-functions learned with the cyclophobic intrinsic reward as defined in Section For view V;, we
define Q-function as

Q(Ow,a) — (1 - Ti) Q(OVi7 a) + n[T(ow7a) + 'YQ(OIVi’ a/)]' (12)

This follows from our argumentation in Section [2.2] where we replace the state s in Equation [2] by the
observations 0" in their respective views. Then we can define cyclophobic Q-function as the mixture of the
Q-functions of each view,

Qcyclc (3, a) = Z O‘i(s) Q(Zv1 (S)a a) (13)
= Zai(s) Q(0%, a). (14)

Note that the mixing coefficients «;(s;) are only non-zero for states s; that appeared in the global history
Han. Thus the cyclophobic Q-function is zero for states s € H,p not encountered.

Cyclophobic policy. Finally, the cyclophobic policy is defined as the greedy action for the cyclophobic
Q-function, i.e.

7(s) = arg max Qcyele (5, @) (15)

= arginaxZai(s)Q(ov’i,a). (16)

Having normalized the counts within each view ensures comparability of the counts. This ensures that
Q-values from rare i.e more salient observations have a larger effect on deciding the action for the policy
7. In an ablation study in Section [3] we show that the combination of the cyclophobic intrinsic reward and
hierarchical state representations is crucial to the method’s success.

3 Experiments

Our experiments are inspired by |Parisi et al.| (2021) and |Samvelyan et al.| (2021)). We test in environments
where the causal structure is complex and the binding problem (Greff et al., [2020)), (van Steenkiste et al.,
2019)) arises. That is, where some form of disentangled representation of the environments plays an important
role for efficiently finding solutions.

Environments: We test our method on the MiniGrid and MiniHack environments:

o The MiniGrid environment (Chevalier-Boisvert et al., [2018) consists of a series of procedurally
generated environments where the agent has to interact with several objects to reach a specific goal.
The MiniGrid environments pose currently a benchmark for the sparse reward problem, since a
reward is only given when reaching the final goal state.
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e The MiniHack environment (Samvelyan et al., |2021)) is a graphical version of the NetHack envi-
ronment (Kittler et al., |2020). We select environments from the Navigation and Skill tasks. The
MiniHack environment has a richer observation space by containing more symbols than the MiniGrid
environments and a richer action space with up to 75 different actions. While not necessarily tailored
to the sparse reward problem as the MiniGrid environment, the high state-action complexity makes
it one of the most difficult environments for exploration.

State encoding: For both environments we choose five croppings of the original full view. The views
V1, Vo, V3, Vy, Vs are of grid size 9 x 9, 7x 7,5 x 5,3 x 3 and 2 x 1. In principle we could also include the full
view. However, in the experiments the performance was much better when we limit ourselves to the partial
views. Furthermore, every part of the grid that is behind of the wall from the agent’s perspective is occluded
(note that this is not the case in Figure [la| for visualization purposes). Intuitively, limiting the views allows
the agent to ignore irrelevant details that are far away.

Next, the views are mapped to hashcodes (we use the open source xzhash library). That is, we have a hash
function g that maps observation 02/1' to a hashcode hyi = g(of"). This helps us to quickly check for cycles as
we only need to check whether two hashcodes are equal.

For the MiniHack environment, a text prompt is an integral part of the current state. So, for MiniHack, the
hashcode for a state is the concatenation of the hashcodes of the observation 0;/’ and the text prompt my,
where m; € R¥ is an encoding of a string of length k, i.e.

hy = g(or) + g(my). ("+" denoting concatenation) (17)

Training setup and baselines: We train each agent for three runs using different seeds for every run.
For transfer learning, we use the “DoorKey-8x8” and MultiEnv(“MultiRoom-N4-S5”, “KeyCorridorS3R3",
“BlockedUnlockPickup”) setups for pretraining. For each environment we pretrain for 5 million steps. For the
MultiEnv setup this means that we pretrain for a total of 15 millions steps which is less than [Parisi et al.
(2021))’s 40 million steps. For transfer learning, during pretraining we save the extrinsic rewards in a second
separate Q-table in addition to the main Q-table which contains values of equation |2l These extrinsic rewards
in the second Q-table are then used at the beginning of transfer learning for each environment, while we
continue to use the cyclophobic intrinsic reward when doing transfer learning. The baselines for the MiniGrid
experiments are provided by [Parisi et al.| (2021) and allow us to compare our method to C-BET (Parisi et al.|
2021)), Random Network Distillation (Ostrovski et al., 2017), RIDE (Raileanu & Rocktaschel, [2020) and
ICM (Pathak et al.,|2017). Furthermore, we also compare to NovelD [Zhang et al.| (2021). For the MiniHack
environment we compare our results to the baselines presented by [Samvelyan et al.[ (2021]) which include
IMPALA (Espeholt et all [2018), RIDE (Raileanu & Rocktéschell, [2020) and Random Network Distillation
(Burda et al., |2018]). For the skill tasks the only available baseline is IMPALA (Espeholt et al., 2018).

Evaluation metric: While during learning the intrinsic reward based on cyclophobia plays the essential
role, the ultimate goal is to maximize the extrinsic reward that is provided by the environment. Thus for
comparison, we have to plot the extrinsic reward the agent receives for each episode. The reward ranges from
0to 1.

3.1 MiniGrid

To test our method in the MiniGrid environment we choose the same training setup of |Parisi et al.| (2021)).
That is, we determine the performance of the agent with no pretraining and when pretraining from other
environments as explained in the previous section. Figure [2]shows the agent’s performance when training
from scratch (rows three and six) and when transferring knowledge from pretrained environments (bottom
three rows).

o Learning from scratch (rows three and six): In three out of six environments, our proposed method
converges much faster than the competitors, including C-BET (Parisi et al., 2021) and NovelD Zhang
et al.| (2021)). Only “KeyCorridorS3R3”, “MultiRoom” and “ObstructedMaze-2Dlhb” pose significant
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Figure 2: MiniGrid: We converge faster than C-BET (Parisi et al. 2021

60.0

80.0 100.0

RIDE —— RND —— Curiosity

in many MiniGrid environments

with and w/o pretraining. We also converge faster than NovelD |Zhang et al.

(2021) which we compare to in the

“no transfer” setting only. The hierarchical state representations and cyclophobic intrinsic reward is extremely
quick to converge which shows efficient exploration and the usefulness of the cropped representations, since
we are also able to transfer knowledge by pretraining on other environments.

challenges to our approach, because our method is tabular and

thus cannot deal with too many

object variations in the environment (e.g. random color changes). Furthermore, the “MultiRoom”
environment proves challenging for all environments with only C-BET and NovelD managing to reach
convergence, while we are able to fetch some rewards. This is due to the large amount of observations
the different corridors produce. Note that we were not able to reach converge in “ObstructedMaze-
2D1hb” with NovelD. In Figure [6] our approach also excels in the “KeyCorridorS3R3” and more

difficult environments once we remove the colors, e.g.
“KeyCorridorS6R3".

“KeyCorridorS4R3”, “KeyCorridorS5R3”,

¢ Transferring knowledge (rows one, two, four and five): Having trained on one environment can we
transfer knowledge to a different one? In some environments the transfer even improved the results
from the “no transfer” setup (see “Unlock”, “Doorkey”, “UnlockPickup”, “BlockedUnlockPickup”,

“ObstructedMaze-1D1h”) and never deteriorated performance.
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Figure 3: MiniHack Navigation: The agent converges quicker in the Navigation task than the intrinsic
curiosity baselines such as RIDE (Raileanu & Rocktéschel, [2020) and Random Network Distillation (Burda;
2018). This corroborates our hypothesis, that avoiding cycles is essential for quick exploration.
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Figure 4: MiniHack Skill: We converge quicker than IMPALA (Espeholt et al.l [2018) in the Skill task.
The Skill task defines over 75 different actions the agent must learn to use making it one of the most difficult
sets of environments of the MiniHack suite.

To push our approach to its limits, we also tackle some of the MiniHack environments which requires the
agent to learn a large skill set.

¢ Navigation task: For the simpler navigation tasks shown in Figure [3, our method converges
quicker than intrinsic curiosity driven methods such as RIDE and RND. Especially, in the “River”
environment, only our cyclophobic agent is able to converge and solve the environment. However, of
course there are environments such as “RoomUltimate” where our approach fails due to its tabular
style, which limits the complexity of the environment.

o Skill task: For the Skill task the only available baseline is IMPALA which is not based on intrinsic
curiosity. Here we are also vastly superior, even collecting extrinsic rewards when the baseline can
not (“Wear” and “LockedDoor-Fixed”).

3.3 Limitations

In some environments with a big number of different objects our method struggles to converge. The
tabular agent does not have the observational invariances that methods based on function approximation
learn and exploit (e.g. with CNNs). For instance, for these environments learned invariances allow them
to handle differently colored objects. While the tabular agent is able to avoid redundancy through the
cyclophobic intrinsic reward and generalize this to other parts of the environment through the hierarchical
state representations, it does not learn the kind of observational invariances neural networks do, which
are sometimes necessary. However, note that we can show that reducing the number of colors for the
“KeyCorridor” environment improves our performance dramatically (see Figure@. Also, preliminary results
show a cyclophobic PPO agent (see Appendix solving “KeyCorridor”, further supporting our theory.
We explore this in our ablation study.
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3.4 Ablation Study

Impact of hierarchical views: In Figure 5| we analyze the impact of the hierarchical state representations
on the agent’s performance. The training setup is described in section The “UnlockPickup” environment
can only be solved if hierarchical state representations and the cyclophobic intrinsic reward are used. Similarly,
for the MiniHack “Room-Random” environment the cyclophobic intrinsic reward performs well and adding
hierarchical state representations leads to the environment being solved. Optimistic Initialization is able to
collect some rewards in both environments and the hierarchical state representation improve performance.
However, performance still falls short to cyclophobic reinforcement learning. Overall, due to the complexity
of the environment and the large number of object variations, the hierarchical views allow for knowledge
reuse and thus lead to better performance.

MiniGrid-UnlockPickup-v0 MiniHack-RoomRandom-15x15-v0
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Hierarchical & Cyclophobic —— Cyclophobic —— Hierarchical & OptimInit —— OptimInit Epsilon-greedy

Figure 5: MiniGrid ablation study (extrinsic reward): Hierarchical state representations are crucial to
performance in some environments. We see that the cyclophobic intrinsic reward is the only method that can
solve the environments.

Importance of state representations: We demonstrated the impact of learning or imposing a state
representation for an agent with hierarchical state representations. We now analyze how much of the success
in exploration is due to the function approximator learning observational invariances as described in Section
In Figure |§| (white), we fix the color of objects in the environment to only one color and compare our
method to NovelD (Zhang et al., 2021)), since it is able to solve all MiniGrid environments. We see that in
“KeyCorridorS4R3” and “KeyCorridorS5R3” our method is more sample efficient than NovelD. Only in the
“KeyCorridorS6R3” the large state space reduces performance (see Figure |§| (pink left)). In general, we see
that when the environment is observationally less complex (e.g by removing colors (see Figure [6] (pink right)),
the cyclophobic agent is more sample efficient than NovelD. However, as soon as observational complexity
increases NovelD takes the upper hand.
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Figure 6: Observational complexity ablation study (reducing colors): The cyclophobic agent can
gather rewards successfully in large “KeyCorridor” environments when reducing colors, showing that the
exploration mechanism is very strong. Generally, the more distinct i.e. complex the observations in the
environment are, the more the learned invariances from the neural network matter.

Insights: We observe that exploration success is not necessarily due to the intrinsic reward itself, but can
also largely be attributed to the learned representations. Thus, when complexity in the observations increases,
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better performance in neural networks can be attributed to the learned invariances reducing observational
complexity and not necessarily to a more efficient exploration strategy. This can be seen in the tabular
cyclophobic agent as well, since the hierarchical state representations are crucial to solving the environments.

3.5 Exploration behavior

Epsilon-greedy Hierarchical & Counts Hierarchical & OptimInit Cyclophobic Hierarchical & Cyclophobic

-50 -50 -50 -50 -50
|
-40 -40 -40 -40 -40
-30 -30 30 30 I -30
20 20 20 20 20
10 10 10 10 10
-0 -0 0 0 -0

Figure 7: MiniGrid ablation study (visitation counts for “DoorKey-16x16"): The cyclophobic
Q-function explores the environment more efficiently than the optmistic initialization, count and epsilon-greedy
based counterparts. We record visitation counts for several variations of intrinsic reward and hierarchical
state representations. Hierarchical state representations together with the cyclophobic intrinsic reward are
the most efficient.

To show the effectiveness of the cyclophobic intrinsic reward and the hierarchical state representations, we
perform an ablation study. Figure |7| shows state counts as a heat map after 10,000 steps of training. We
distinguish four cases: (i) epsilon-greedy: Plain epsilon greedy exploration fails to find the goal in the
bottom right. (ii) hierarchical & counts: We replace the cyclophobic intrinsic reward in equation (3)
with a count-based intrinsic reward similar to [Strehl & Littman| (2008|) defined by N (0%)*%, for view V;.
This improves the results but still fails. (iii) hierarchical & optimistic initialization: We use optimistic
initialization to let the agent try all possible actions. We initialize the g-table with a value of two. Optimistic
initialization manages to enter the second room but just fails at getting a reward within 10,000 steps. (iv)
cyclophobic: Having a cyclophobic intrinsic reward calculated only on the largest view finds the goal. (v)
cyclophobic & hierarchical: The combination of hierarchical views and cyclophobic intrinsic rewards (as
explained in Sec. explores even more efficiently as can be seen in the left room where fewer steps are
needed to leave it.

4 Related Work

Novelty search, count and prediction error based exploration: Our method combines several ideas
from different exploration methods and strategies in reinforcement learning. While our method is based
on avoiding redundancy, ultimately by doing this we determine a novel state-action pair. Exploration by
determining state novelty is one of the most basic forms of exploration in reinforcement learning. In the
simplest form this can be done by counting states i.e. determining a count N (s,a) for each state-action pair
(s,a). One way to do this is by approximating the counts via a density model as done by |Ostrovski et al.
(2017) and Bellemare et al.| (2016). The real count N (s, a) is then replaced by a pseudo-count N (s, a) which
is modeled by some density. An important aspect to our method is the propagation of the cycle penalty,
which has been explored by |Choshen et al.| (2018]). They propose to propagate the visitation counts and show
that this converges and leads to improved exploration. [Savinov et al.| (2018) try to incorporate a temporal
component into the intrinsic reward by measuring how far away states are from local memory i.e. buffer
of states. Our method may be understood as achieving a similar effect, as propagating the cycle penalty
introduces a sense of proximity to redundant states. The intrinsic curiosity module (ICM) by |Pathak et al.
(2017) and Burda et al.| (2018]) produces representations that only take into account what the agent can
influence directly on a given transition (s, a,r,s’,a’). Although our method is not prediction error based, it
achieves something similar by cropping the observations to the smallest possible view effectively ignoring
everything not immediate to the agent. |Burda et al.[(2018) produce fixed representations via a neural network
with fixed parameters. These fixed representations are then compared to the output of a predictor network,

10
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where the resulting prediction error measures novelty. RIDE by [Raileanu & Rocktéschel| (2020)) is a prediction
error based method, where the prediction error between subsequent states is used as intrinsic reward. Thus
the agent, is biased towards parts of the environment where transitions produce changes. Overall, prediction
error methods require a model while our method is model-free. Recently, [Henaff et al.| (2022)) have generalized
count based novelty to a continouous novelty search approach. Here, as with prediction error based methods
the learned state representations become crucial to the methods success.

Systematic exploration and loop closure: Systematic exploration similar to that of the cyclophobic
intrinsic reward has been previously explored in the form of optimistic initialization. The idea of optimistic
initialization is to initialize the value function by a value larger than the expected reward. As the agent
performs updates on the value function it will be forced to choose the next unexplored action since the update
for the current state-action pair will decrease the current value. [Machado et al.| (2014)) suggest normalizing
the reward by the first encountered extrinsic reward and then subtracting one. In this way the value function
can be initialized with zero and all further updates provide a negative value, leading the agent to explorative
behaviour as in regular optimistic initialization. |Mirowski et al.| (2016|) define loop closure as an auxiliary loss
for exploration in 3D mazes in addition to a depth measure. The authors detect loop closure by checking
whether the agent has been near a previously visited position. To get position information the authors
integrate velocity information over time.

Exploration by counting changes in observations: Instead of relying on the prediction error to measure
state transition change, the changes in the observation space can be counted. |Zhang et al.| (2020) define
an intrinsic reward for a count based approach by calculating the difference of visitation counts between
subsequent states. This intrinsic reward pushes the exploration boundary as it provides a positive reward
when reaching unexplored states for the first time or no reward otherwise. This mechanism to check novelty
is extended through NovelD(Zhang et al., [2021). Interesting Object, Curious Agent by [Parisi et al.| (2021)
is an intrinsic motivation method that splits up learning into a pretraining and transfer stage. It defines a
count-based intrinsic reward called C-BET that is based on counting the state transition changes N(c(s, s')).
In contrast, we use state counts to measure novelty in the respective hierarchical views.

Encoding observations to augment intrinsic reward: Encoding observations to either augment the
intrinsic reward or to define goals has lead to great improvements in exploration. Language in the form of
text prompts that define goals has been used by [Mu et al.| (2022) to augment the intrinsic reward. Singh
Chaplot et al.| (2020]) build representations that reflect the structure, i.e. geometry of the environment. More
generally, [Ye et al.| (2020)) train an A2C (Mnih et al., 2016) agent on different croppings in a grid environment,
without an intrinsic reward, with mixed results. [Parisi et al.| (2021)) also augment the input by training on a
360° panoramic to learn task-agnostic changes. Our hierarchical state representations similarly augment the
intrinsic reward and reveal structural invariances about the environment which aid exploration.

Generalization and transfer learning: Learning representations of the environment that are reusable
and can be transferred has been explored previously. Learning successor representations (Barreto et al., 2016)
requires learning local environment dynamics that can be reused when the environment, i.e. the original
distribution, is changed. (Schaul et all 2015]) use Singular Value Decomposition on the learned action-value
function to obtain a canonical representation of the environment which can be transferred to other situations.
More recently, Parisi et al.| (2021) learn an exploratory policy which is then combined with a task specific
policy at transfer time. Our method likewise contains a task-agnostic component given by the hierarchical
state representations and a task-specific component given by the cyclophobic intrinsic reward.

5 Conclusion

Avoiding cycles allows the agent to quickly and systematically discard uninteresting state-action pairs which
are repeated often. This makes our cyclophobic intrinsic reward a good inductive bias towards novelty that
simultaneously encourages systematic exploration. The ablation studies show that the cyclophobic intrinsic
reward just for a single view is already powerful enough to solve complex environments. Adding hierarchical
state representations leads to even better performance, as can be seen in the MiniGrid experiments. Moreover,
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the experiments in MiniGrid confirm the transferability of the learned bias to new environments. Here, the
hierarchical state representations are crucial since we detect cycles in smaller views that can be generalized
to larger ones. In addition, the policy is task-agnostic since the cropped views can be easily transferred to
other environments. Due to the tabular approach, environments with higher observational complexity lead
to convergence problems with our method. Neural networks, learn invariances that reduce the complexity
of the state space. To address the convergence problems, future work will therefore focus on incorporating
cyclophobic reinforcement learning into a neural network based architecture.
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A  Further Ablation Studies

For all plots in the ablation studies we use the same setup as in the main experiments. We refer to section
for this.

A.1 Preliminary results with PPO
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Figure 8: Using PPO together with only the cyclophobic intrinsic reward also converges far quicker than
C-BET. Moreover, we are able to converge in KeyCorridorS3R3 confirming our theory in Section

We train a PPO agent using only the cyclophobic intrinsic reward. Figure [§] shows that for the given
environments the PPO agent also explores more efficiently than C-BET. Furthermore, our theory about
observation complexity from [3.3]is supported as the PPO agent is able to solve the “KeyCorridor” environment.

Note that these are preliminary results. In future work we seek to implement the hierarchical state
representations for the neural agent.

B Environment Details

B.1 MiniGrid Experiments

Unlock DoorKey KeyCorridor UnlockPickup BlockedUnlockPickup MultiRoom-Nx-Sy

=l ° 9 =
g
=
o

-

ObstructedMaze-1Dlh ObstructedMaze-2Dlh ObstructedMaze-2Dlhb

Figure 9: An overview of the MiniGrid environments used in this paper.

We test on some of the same environments as [Parisi et al.| (2021). In the following we describe the environments
as [Parisi et al| (2021)) and add our own comments where relevant.

¢ Unlock: pick up the key and unlock the door. (288 steps per episode)
o DoorKey-8x8: pick up the key, unlock the door, and go to green goal (640 steps per episode)

¢ KeyCorridorS3R3: pick up the key, unlock the door, and pick up the ball (only the door before
the ball is locked) (270 steps per episode).
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e UnlockPickup: pick up the key, unlock the door, and open the box (288 steps per episode).

¢ BlockedUnlockPickup: pick up the ball in front of the door, drop it somewhere else, pick up the
key, unlock the door, and open the box (576 steps per episode).

¢ ObstructedMaze-1Dlh: open the box to reveal the key, pick it up, unlock the door, and pick up
the ball (288 steps per episode).

¢ ObstructedMaze-2Dlh: same as above, but with two doors to unlock (576 steps per episode).

e ObstructedMaze-2Dlhb: same as above, but with two balls in front of the doors (like in Blocke-
dUnblockPickup) (576 steps per episode).

¢ MultiRoom-N6: navigate through six rooms of maximum size ten and go to the green goal (all
doors are already unlocked) (120 steps per episode).

e MultiRoom-N12-S10: navigate through twelve rooms of maximum size ten and go to the green
goal (all doors are already unlocked) (120 steps per episode).

B.2 MiniHack Experiments

Wand of Death
Easy

Room-Random Room-Dark KeyRoom-S5 River

Eat Pray Wear LockedDoor

Figure 10: An overview of the Minihack environments tested in this paper. The top row shows the Navigation
tasks, while the bottom row shows the Skill tasks.

We perform experiments inspired by the baselines from [Samvelyan et al.| (2021). Here, Samvelyan et al.| (2021)
define a set of navigation and skill acquisition tasks. The navigation tasks range from requiring the agent
to navigate an empty room or maze, up to navigating environments with monsters and hazards. The skill
acquisition tasks require the agent to perform a certain set of skills to be able to solve the environments.

B.2.1 Navigation tasks

In the following we describe the environments used from the navigation task.

¢ Room-Random-15x15: This task is set in a single square room, where the goal is to reach the
staircase down. In the random version of this task, the start and goal positions are randomized.

¢ Room-Dark-15x15: Same as Room-Random, but the agent only sees parts of the environment it
has already discovered.
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e KeyRoom-S5: These tasks require an agent to pick up a key, navigate to a door, and use the key
to unlock the door, reaching the staircase down within the locked room. The locations of the door,
key and starting position are randomized.

o River: The river environment requires the agent to cross a river using boulders. When pushed into
the water, they create a dry land to walk on, allowing the agent to cross it.

B.2.2 Skill tasks

The nature of commands in NetHack requires the agent to perform a sequence of actions so that the initial
action, which is meant for interaction with an object, has an effect. The exact sequence of subsequent can
be inferred by the in-game message bar prompts. Overall, in each of the following tasks the agent has to
perform a sequence of actions that allow the agent to perform the required skill.

e Eat: The agent has to navigate and eat an apple. Doing so requires a sequence of actions and
confirming a prompt to eat the appe.

e Pray: The agent has to pray on an altar. This is more complex than eating an apple as praying
requires the agent to confirm more prompts.

e Wear: The agent has to wear armor. This is a more difficult task than the previous tasks.
e LockedDoor-Fixed:The agent has to kick a locked door.

e Wand of Death-Easy: The agent starts with a wand of deatch in its inventory and has to zap it
towards a sleeping monster. That is, the agent needs to equip the wand of death walk to the monster
and zap it.

In all of these environments the positions of the agent and of the object that has to be interacted with are
randomised. Furthermore, the complexity is also increased by the confirmation prompts the agent has to
answer in order to perform a certain action.

C Experimental Details

C.1 Hyperparameters

Common hyperparameters: In the following we present a table with all hyperparameters used for
training the environments. In general, our method has very few hyperparameters. In this case the only
really tunable hyperparameters are the step size 7, the random action selection coefficient € for epsilon-greedy
exploration and the discount ~:

n vy Num. views
0.2 |0.99 5

In our case we determined experimentally that 5 views is a good number of views for training an agent.

Epsilon-greedy parameter ¢: While learning with the cyclophobic intrinsic reward we still perform
random action from time to time by having an epsilon-greedy action selection. That is, the agent samples a
value n from a uniform distribution and selects a random action if this n < e. These are the settings for € for
the respective environments:
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Environments €

Unlock 0.1
DoorKey 0.1
KeyCorridor 0.1
UnlockPickup 0.3
MultiRoom-N6 0.1

MultiRoom-N12-S10 0.1
BlockedUnlockPickup 0.3
ObstructedMaze-1Dlh 0.3
ObstructedMaze-2D1h 0.1
ObstructedMaze-2DIhb | 0.3

Intrinsic reward tradeoff p: The intrinsic reward tradeoff p has the effect that the extrinsic reward gets
propagated more when the agent encounters it, which is necessary for more complex environments. p is a
hyperparameter that can be defined for each environment for best performance.

Environments p

Unlock 1.0
DoorKey 1.0
KeyCorridor 1.0
UnlockPickup 2.0
MultiRoom-N6 2.0

MultiRoom-N12-S10 2.0
BlockedUnlockPickup 5.0
ObstructedMaze-1Dlh 2.0
ObstructedMaze-2D1h 5.0
ObstructedMaze-2DIhb | 5.0

C.2 PPO Hyperparameters

GAE-lambda 0.95
y 0.99
Batch size 256

Learning rate 0.001

Entropy coefficient 0.01
Value loss coefficient 0.5

Max Grad Normt 0.5
Clipping-€¢ 0.2
RMSProp-¢ le-8
RMSProp-a 0.99

C.3 Plot smoothing

For all 3 runs we show the mean reward and standard deviation smoothed over a sliding window. For our
and |Samvelyan et al. (2021))’s experiments we use a sliding window of 50000 steps. For the experiments in
Parisi et al.| (2021)) we use a sliding window of 96000 steps as per their experimental setup. The shaded areas
are the standard deviation of the mean for 3 runs.
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