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ABSTRACT

Distributional Reinforcement Learning (DiRL) is a framework which
accounts for the full probability distribution of the action values,
resulting in higher training stability and robustness. In standard RL,
the agent often requires the aid of domain-specific heuristics to han-
dle long planning horizons and sparse rewards. However, a study
on the impact and the best algorithmic integration of heuristics in
DiRL is still missing.

This paper addresses this issue, by proposing two different method-
ologies to handle heuristics at the distributional level in DiRL: mod-
ifying the parameters of the distribution (shift-DiRL) or altering the
full probability mass function (product-DiRL). Specifically, we found
our research on the most popular C51 algorithm for discrete-action
domains, and then we seek to extend our findings to DiRL in contin-
uous action spaces. An empirical analysis over two discrete domains
and one continuous shows the advantage of our methodologies
with respect to classical reward machines, even in the case
of possibly incorrect heuristics. Moreover, the superiority of
product-DiRL altering the shape of the value probability highlights
the promising role of the distributional representation for
heuristic-guided RL.
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1 INTRODUCTION

Reinforcement Learning (RL) selects the optimal action based on
the expectation of its value. However, as shown in [1], this often
represents a limitation. Indeed, the expectation only encodes one
part of information about the environment and the policy, in an in-
herently stochastic training setting. For this reason, [1] introduced
amore holistic perspective on RL, which is Distributional RL (DiRL),
considering the full probability distribution of the values of actions,
at the stage of policy selection. This brings important advantages,
such as enhanced robustness and stability during the training pro-
cess, as well as the possibility to account for probabilistic risks
[19].

On the other hand, as standard RL, also DiRL may struggle in
environments with inherent realistic intricacies, e.g., sparse or bad
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designed reward maps and long planning horizons. In standard
RL, and more generally in planning, these issues are typically miti-
gated with the aid of heuristics, which incorporate external knowl-
edge into the decision-making process, estimating the value of
specific states to suggest them with respect to others. Established
approaches for heuristic-guided RL include reward shaping [24]
and reward machines [15]. Several researchers have also proposed
deeper integration of the heuristics at the algorithmic level, to im-
prove the sampling efficiency and the generalization of the learned
policies [6, 23]. However, no methodological research nor empirical
analysis has been advanced in the field of DiRL so far, practically
limiting its application in realistic settings with the aforementioned
intricacies.

This paper aims to bridge this gap, by proposing an algorithmic
approach to heuristic-guided DiRL. More specifically, we stem from
the most popular DiRL algorithm, C51 [1], which is the distribu-
tional evolution of the classical Deep Q-Network in discrete action
spaces. We then propose two methodologies to integrate heuris-
tics directly in the distributional dimension: either modifying the
moments of the value distribution (shift-DiRL, inspired from [6]),
or altering the full probability mass function (product-DiRL). For
both methodologies, we discuss the theoretical aspect and provide
a detailed empirical comparison (including ablation studies) in two
paradigmatic minigrid scenarios, affected by long planning hori-
zon, sparse reward and partial observability. Then, we propose an
additional methodology for heuristic-guided DiRL in continuous
action spaces, inspired by product-DiRL and applied to the distri-
butional version of Soft Actor Critic [11]. We also show superior
performance with respect to reward machines.

In summary, the contributions of this work are the following;

e We address the problem of heuristic-guided distributional
RL, introducing two methodologies for discrete-action
DiRL and one for continuous-action DiRL;

e We support our methodological contribution with a theoreti-
cal discussion on the impact of heuristics on the convergence,
and ablation studies for the main parameters of our methods;

e We show the improved performance of our methodologies,
also with respect to reward machines [15], in 3 benchmark
domains (2 with discrete actions and 1 with continuous ac-
tions), characterized by sparse (potentially non-Markovian)
rewards, long planning horizon and possibly incorrect
heuristics. In particular, we find that altering the full re-
turn probability mass function with product-DiRL (instead
of manipulating moments with shift-DiRL) yields the best



performance. This highlights the importance of integrat-
ing heuristics at the distributional level of RL. More-
over, crucially our methods do not require RL hyper-
parameter re-tuning when the specific environment in-
stance or dimension changes.

2 RELATED WORKS
2.1 Distributional RL

Distributional RL derives from the distributional perspective on
Markov Decision Processes (MDPs) and Bellman operator [16, 29].
Having foundations in the human psychological approach to decision-
making [20], DiRL exhibits better exploration capabilities than clas-
sical expectation-based RL [22], yielding higher robustness and
stability during training. Moreover, backed with theoretical founda-
tions [17], it has been mainly employed in the field of risk-sensitive
policy learning, both in offline [21] and online RL [7, 28], with
application also to challenging robotic tasks [27].

More recently, authors of [1] showed that the benefits of DiRL
may go well beyond the quantification of safety. C51, the distribu-
tional version of the popular Deep Q-Network for discrete-action
MDPs, was then introduced [1, 8], showing improved performance
on several benchmark domains with respect to the classical RL coun-
terpart. More recently, distributional algorithms for continuous-
action MDPs have also been proposed, including DSAC, the distri-
butional extension to Soft Actor Critic [10, 11].

Beyond the specific application, most research in DiRL has mainly
focused on improving the algorithmic efficiency [8] and the informa-
tiveness of the value distribution [26], or improving the theoretical
understanding of the learning process [17, 25]. ] Conversely, we
focus on the crucial problem of heuristic-guided DiRL, to enhance
sample-efficiency, scalability, and ultimately generalization.

2.2 Heuristics for RL

Heuristics are a fundamental pillar of planning and decision-making
[3], yielding an estimate of the goodness of specific situations
(states), potentially resulting in more efficient action selection and
goal convergence. Heuristics are particularly important in RL [2,
4, 5], where they can be extremely helpful to improve sample effi-
ciency and mitigate the effect of sparse or uninformative rewards.
For this reason, the most established approach to heuristic-guided
RL is reward shaping [24], or more generally reward machines
[15], which inject additional information in the reward map to
provide more insights about the environment to the agent. The
extra reward may be computed based on highly expressive logical
specifications [9, 12], in order to mitigate the sparsity due to long
planning horizon and deal with sub-goals.

Recently, authors of [6] argued on the inefficiency of heuristic-
based reward modifications, suggesting that this does not fully
exploit the potential of good informative heuristics, in terms of
more efficient training and generalizable policies. For this reason,
the most recent works have focused on novel deeper algorithmic
integrations of heuristics in RL, guiding the agent especially in
the exploration phase [23, 31], which is notably the most sample-
inefficient one [18].
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Figure 1: From paper [1]. A distributional Bellman operator
with a deterministic reward function: (a) Next state distribu-
tion under policy 7, (b) Discounting shrinks the distribution
towards 0, (c) The reward shifts it, and (d) Projection step

In this paper, we argue that heuristics can be embedded directly
in the distributional dimension of DiRL, yielding much better per-
formance in terms of training stability, convergence rate and scala-
bility to complex environments with very large planning horizon
and sparse rewards. To the best of our knowledge, this is a novel
research direction for the DiRL community.

3 BACKGROUND

We consider the classical setting of a MDP defined as a tuple
(S,A, T,R,y), where S is the set of states, A is the set of actions,
T:SxAXS — [0,1] is the transition probability that action a in
state s transitions to state s’, R : § X A — R is the reward map for
state-action pairs, and y € [0, 1] is the discount factor. The objective
of RL algorithms is to compute an optimal policy 7 : S — A fora
given MDP, which outputs the probability of selecting an action in
a given state. In classical (not distributional) RL, the optimal policy
maximizes the Q-value:

O(s,a) =EZ(s,a) =E

D YRG5 0)
t=0

where a ~ 7. This is practically translated to optimizing Bellman
equation:

Q(s,a) = E[R(s,a) +yQ(s,d')] (1)

where s’, a’ denote the next state and action, respectively.

DiRL operates instead directly on Z(s, a) (i.e., the full probability
distribution, rather than its expectation). Equation 1 is then re-
formulated as:

Z(s,a) =R(s,a) +yZ(s',a") (2)

where Z(s’, a’) is given by the distributional transitional operator
P7, depending on the specific policy 7:

Z(s',d") =P"Z(s,a)

In the following, we briefly present two main algorithms for
DiRL, which represent the foundation for our research: C51 [1] for
discrete-action MDPs and DSAC [11] for continuous-action MDPs



3.1 Cs1

C51 is the distributional extension of Deep Q-Network [30]. C51
represents the value distribution Z (s, a) by a fixed set of N equally
spaced supports, called atoms, spanning an interval [Vinin, Vinax]
where Vinin, Vimax € R. The distribution is then parametrized by a
probability mass function over these atoms:

eG,-(sja)
Zg(s,a) =z; w.p. pi(s,a)= W
where the set of atoms is {z; = Vipjn +iAz : 0 < i < N}fil,

Az = % and {pi(s, a)} are their probabilities.

The learning process in C51 involves updating the predicted dis-
tribution for a state-action pair (s, a) to match a target distribution
constructed from a transition (s, a,7,s”). The process of creating
the target distribution is illustrated in Figure 1, and it consists of
three steps for a given transition: discounting each atom z; in the
support of the next state distribution by the factor y (resulting in
distributional shrinkage); instantaneous reward summation accord-
ing to Equation (2); re-projection to align with the fixed support of
the predicted distribution.

3.2 DSAC

DSAC is the distributional extension of Soft Actor Critic [13]. The
original algorithm was proposed by [10]. It generalizes soft Bellman
operator to operate over return distributions. The value distribution
Z(s, a) is typically modeled as a Gaussian with mean Qgy(s, a) and
variance o (s, a). The critic is trained by minimizing the negative
log-likelihood of a sampled target return y, under this distribution:

Jz(0) = —E [log P(yz | Zg(-[s, a))]
In this paper, we consider the slightly modified version DSAC-T
proposed by [11], which improves the training stability and the
robustness to reward scale.

4 METHODOLOGY

Before describing our algorithms for heuristic-guided DiRL, we
introduce the definition of action heuristic, which is used in place of
the classical definition of state-based heuristics in decision-making

(3].

DEFINITION 1. An action heuristic h(s, a) is a function which ap-
proximates the optimal Q(s, a), as opposed to standard state heuristics
h(s) approximating V (s), i.e., the value of a given state.

While heuristics and action heuristics can be related via the
transition map, it is more convenient to use action heuristics in our
work, given that our methodology acts on Z(s, a) in DiRL. More
specifically, as clarified in the following, we are interested in action
heuristics in the form:

h(s,a) =1(s — a)
meaning that h(s, a) = 1iffaction a is good in state s. In other words,
we are not interested in quantifying the accuracy of the heuristic
(i.e., actually approximating the optimal Q(s, a)). This approach
was already adopted by [23], and requires less parameter tuning
than reward machines [12], where the weight of the additional

IN =51 in [1], thus justifying the name of the algorithm.

contribution in the reward map must be carefully weighted on a
scenario-specific basis.

We now introduce the heuristic-guided adaptations of C51 (H-
C51) and DSAC (H-DSAC-T)?.

4.1 H-C51 - Heuristic Guided C-51

Algorithm 1 Heuristic-Guided C51 Training Loop

Require: Q-network Zy, target network Zg, Replay buffer D, rule
distribution p, atom support {zi}fial, € =16 €f
1: Initialize: Q-network Z, target network Z; « Zy
2: for each training step t =1,...,T do

3: Observe state s;

4: e = max(e; —t - €, q»)

5 x ~U(0,1)

6: if x < ¢; then

7: Select a; ~ H-EXPLORATION(S;)

8: else

9: Select a; ~ H-EXPLOITATION(S¢, €7) > Shift

or

10: Select a; ~ H-EXPLOITATION(S¢, €7, p) > Product
11: Execute ay, observe ry, s;+1 and store (s, ag, re, S¢+1) in D
12: Sample mini-batch of B transitions (s, a,r,s”) from D

13: for each transition (s, a, r,s’) in the batch do

14: for each a’ € A do

15: Predict p;(s’, a’)

16: Compute Q(s”,d’) = va_l zipi(s’,a")

17: a* «— argmaxy Q(s’,a’)

18: Tzj < r+yzj

19: Project Tz; onto support {z;} via m;:
20: for j=0to N —1do
21: bj < (Tzj = Viin) [ Az
22: L |bj], u« [bj]
23: my «— my+pj(s’,a*) - (u—bj)
24: my < my +pj(s’,a*) - (bj=1)
25: Update 6 by minimizing cross-entropy:

L= —Zmi log pi(s, a)

26: Periodically update target network @

The training loop of H-C51 is shown in Algorithm 1. The al-
gorithm proceeds analogously to the original C51, balancing ex-
ploration vs. exploitation according to a modulated exploration
factor e, which decreases linearly (via €) in [€;, €f]. Action heuris-
tics are integrated in the lines highlighted in red. Specifically, at
Line 7 we have heuristic-guided exploration, outlined in Algorithm
2, which selects actions based on a heuristic-induced probability
distribution (see Line 2 of Algorithm 2), instead of the classical uni-
form distribution®. This strategy is inspired from related works in
%In the following algorithms, where we do not alter the original methodologies, we
report the standard notation used in the original papers of C51 [1] and DSAC [11]; the
reader is referred to them for symbol understanding.

3 pmax is set empirically to 0.8 in our experiments. It does not significantly impact

the training performance, but it must hold pmax < 1 to avoid action shielding, hence
incomplete exploration.



heuristic-guided Monte Carlo tree search [23], and is implemented
to address the challenges of RL exploration in sparse reward settings
[18].

Algorithm 2 H-Exploration(s)

1: for each action a € A do
Pmax if h(s,a) =1

2: Wq <— .
1— pmax otherwise

. . ~ W,
3: Normalize weights: wg < <
Dol Wat

4: Sample a ~ WEIGHTEDSAMPLE(W)
5: return a

In the exploitation phase, we propose two alternative algorithmic
integrations of action heuristics at the distributional level (Lines
9-10 of Algorithm 1). With the shift-DiRL strategy (Line 9) reported
in Algorithm 3, we penalize not suggested actions by shifting their
predicted return distributions toward lower values. This acts simi-
larly as step (c) in Figure 1. As shown in Algorithm 3, the probability
mass of each non-suggested action is shifted to the leftby k = |e-N|
atoms* (lines 3 to 5), where € is the current exploration rate and N
is the number of atoms. The | -] operator is used to ensure that the
shift amount is a valid integer, since the number of atoms is fixed.
The shift is implemented by discarding the first k probability values
(corresponding to the lowest-return atoms) and appending k zeros
to the high-return end of the distribution. This modification reduces
the expected return of non-suggested actions without affecting the
distributions of those that are heuristically suggested.

Algorithm 3 H-Exploitation Shift(s, €)

1: for each action a € A do

2 Predict p(s, a)

3 if h(s,a) = 0 then

4 k< |le-N]

5 p(s,a) « LEFTSHIFT(p(s, a), k)
p(s.a)

Sap(sa’)

7. for each action a € A do

8: Compute Q(s, a) « Z?]_l zipi(s, a)

6: Normalize: p(s, a) «

9: a* « argmaxg Q(s, a)
10: return a*

On the other hand, Line 10 of Algorithm 1 reports an alternative
product-DiRL strategy, which is outlined in Algorithm 4 and does
not act only on the mean, but rather on the full value distribution.
More specifically, this algorithm reweights the predicted distribu-
tion p(s, a) for each action a suggested by the heuristic, which is
multiplied element-wise by a fixed sigmoidal distribution p scaled
by the current exploration factor € (line 4). The distribution p is

4An alternative design could shift the PMFs of the suggested actions to the right
(i.e., toward higher-return atoms). While this approach may appear more intuitive,
empirical results showed that penalizing non-suggested actions leads to more stable
training in our setting.

defined once at initialization and is centered at high (normalized) re-
turn values® to emphasize atoms near the maximum return, thereby
biasing the expected return estimate toward high values.

Algorithm 4 H-Exploitation Product(s, €, p)

1: for each action a € A do

2 Predict p(s, a)

3: if h(s,a) = 1 then

4 p(s.a) — p(s,a) - (1+¢-p)
p(s.a)

Yap(sa)

6: for each action a € A do

7: Compute Q(s, a) « ZlN_l zipi(s, a)

5: Normalize: p(s, a) «

8: a* « argmax, Q(s, a)
9: return a*

4.2 H-DSAC-T - Heuristic-guidede DSAC-T

Algorithm 5 shows the heuristic-guided distributional variant of
DSAC-T, with our modifications in red. The DSAC-T pipeline from
[11] is implemented, which modifies the actor component of the
DSAC-T framework by modifying the mean of the stochastic policy.
Specifically, the policy 7 (als) is modeled as a Gaussian distribution
with subsequent tanh normalization, with a state-dependent mean
1(s) and standard deviation o(s). At Line 7, Algorithm 5 replaces
the original mean with an interpolated vector fgyided (s), computed
as a linear combination of the learned mean and a suggested action
ay, such that h(s, ap) = 1:

Heuided () = (1 =€) - pu(s) + €& - ap,

This modification biases the center of the distribution toward the
heuristic suggestion before the application of the tanh squashing
function, influencing the sampled action with a modulation depend-
ing on the exploration factor. Given the tanh re-modulation, this
algorithm has a similar effect to HC51-Product®, altering the final
shape of the distribution.

4.3 Theoretical analysis

The heuristic-guided algorithms introduced in this section are de-
signed to preserve the convergence properties of their respective
base algorithms (C51 and DSAC-T). This is achieved by ensuring
that the integration of heuristic guidance affects only the action
selection mechanism, without altering the learning updates of the
respective algorithms.

In this regard, we observe that the heuristics do not restrict
the action space through shielding. Instead, they modify the sam-
pling distribution over actions by assigning higher probabilities
to those recommended by the heuristic or penalizing those not
recommended. As a result, the optimal policy remains reachable
even in the presence of heuristic guidance, provided that training
is allowed to proceed for a sufficiently long time.

SEmpirically, we center p at 0.8 in our experiments. In the experiments, we show
the impact of varying ¢; since p is multiplied by ¢, this has the same effect as
studying the impact of p.

®This will be evidenced as the best methodology for discrete-action MDPs in the
experiments.



Algorithm 5 H-DSAC-T

Require: 01,02, ¢, , Bz, B, P, T, heuristicaction ay, €; = 1, €, €f
1: Initialize target networks: 01 « 01,0, — 92,45 — ¢
2: for each training stept =1,...,T do
3 for each sampling step do

4 Observe state s

5 Compute actor mean y(s)

6: € = max(ej —t - €, ef)

7: ﬂguidcd(s) — (1—e) p(s)+e-ap

8: Sample action a ~ N (figuided (), o (s))

o: Execute g, observe reward r and next state s’
10: Store (s, a,r,s’) in buffer B

11 for each update step n do

12: Sample s, a,r,s" ~ B

13: Compute actor mean p(s)

14: €n = €t

15: ,uguided(s) — (1—en) p(s)+en-ap

16: Sample action a ~ N (}guided (5), 7(5))

17: Update critic using 6 « 6 — ﬁZVQJECE‘led(G)
18: Update actor using ¢ < @ + Vg Jx($)

19: Update temperature:

a < a- ﬁa ES~B, a~my [_ log ”¢(a|5) - (]_{]
20: Update target networks:
O—10+(1-00, ¢—1d+(1-1)p

Moreover, the algorithmic integrations are modulated via the
exploration factor €;, which decays as the training progresses (Line
4 of Algorithm 1 and Line 6 of Algorithm 5). On the one hand, this
schedule ensures that the heuristic has a stronger impact during
early training, hence significantly supporting the agent in the early
exploration stages. On the other hand, the decaying rule reduces
the impact of badly designed heuristics in the long term, thus not
severely affecting the convergence rate of the original distributional
algorithms in the worst-case scenarios.

Finally, we remark that our algorithms do not affect the target
distributions, thus preserving the original theoretical properties.

5 EXPERIMENTS

We validate our methodology in three benchmark tasks (Figure 2).
In the discrete-action domain, we consider Door Key from MiniGrid
environments’ and Office World [15]. For continuous actions, we
consider the Reacher-v2 task® for robotic manipulation. All tasks
involve sparse rewards and potentially long planning hori-
zons, thus necessitating the distributional robustness and
heuristics.

We compare our algorithms against the baseline distributional
algorithms and the state-of-the-art reward machine (RM) approach
[15], where an additional reward is given to the agent when it
takes an action a at state s such that h(s,a) = 1. Importantly,
when the specific instance of the environment is changed

"https://minigrid farama.org/environments/minigrid/DoorKeyEnv/
8https://gymnasium.farama.org/environments/mujoco/reacher/

(e.g., larger or richer grids), we do not re-tune RL hyper-
parameters’. In addition, the heuristics for our domains are
imperfect (possibly incorrect), in that they are learned either
symbolically by [14] (Door Key) and [12] (Office), or via RL for
Reacher (see the following sections for details). In this way, we
aim at highlighting the generalization of our methodologies to
complex tasks, where correct heuristic definition is hard.

Finally, we perform an ablation study to assess the impact of two
crucial parameters of our methodologies: the e-decay profile and
the role of action heuristics in exploration vs. exploitation!?

5.1 Door Key

This is a partially observable grid-based navigation environment
(Figure 2a) in which the agent (red arrow) must pick up a key, open
a colour-matching door, and reach the goal location (green).

The observation space for the MDP corresponds to a 7 X 7 area
(light gray), with each cell encoded as object type, colour and state.
The discrete action space contains five actions: turn left, turn
right, move forward, pick upand toggle (used to open the door).

The agent receives a reward only upon reaching the goal af-
ter opening the required door. If the goal is reached, the reward
step_count
max_steps ’
env_size - env_size - 10 is the default value defined by the environ-
ment. Otherwise, the reward is zero.

The action heuristics are expressed as the following logical rules
asin [14]:

(1) pickup(X) :- key(X), sameColour(X, Y), door(Y),

notCarrying

(2) toggle(X) :- door(X), locked(X), carryingKey(Z),

sameColour(X,Z)

(3) goto(X) :- goal(X), unlocked

Rule 1 suggests that the agent should pick up a key X if it matches
the colour of a door Y and the agent is not currently carrying
another key. Rule 2 states that the agent can unlock a door X if it
is carrying a key Z of the same colour and the door is currently
locked. Finally, Rule 3 instructs the agent to move towards the goal
X if the path is clear and the door is already unlocked. Unlike the
first two rules, this one does not correspond directly to a specific
action in the MDP; instead, it is interpreted as a high-level directive
to navigate towards the goal.

is computed as r(s,a) = 1 - 0.9 - where max_steps =

5.1.1 Results. Figure 3 shows the results of our methodologies H-
C51 Product (blue) and Shift (pink) against the baselines in different
maps. RL hyper-parameters were tuned on the smallest map (8 x 8
with 1 key). Our algorithms perform similarly one to each other,
and always outperform in terms of convergence rate, and often in
terms of final convergence value of the return. Also, the training
curves are generally more stable with respect to the reward machine
approach, in line with the known limitation of reward modifications
[6]. Notably, RM (red) is not able to outperform even the baseline
C51 in semantically rich settings with 4 keys (Figures 3c-3f), where
the role of heuristics is crucial to pick the key with the correct
colour.

9We only tune the episode length and the batch size as the planning horizon increases.
10The latter is performed only for H-C51, since in H-DSAC-T there is no neat separation
between exploration and exploitation.
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(a) Door Key 8 x 8 with one key (b) Office (c) Reacher

Figure 2: Benchmark domains.
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(a) Door Key 8 x 8 - 1 key (b) Door Key 8 x 8 - 2 keys (c) Door Key 8 x 8 - 4 keys

(d) Door Key 16 X 16 - 1 key (e) Door Key 16 x 16 - 2 keys (f) Door Key 16 X 16 - 4 keys

Figure 3: Door Key results.

5.2 Office (1) goto(X) :- coffee(X), not HasCoffee,

notHittingPlants.

(2) goto(X) :- office(X), HasCoffee, notHittingPlants.
This heuristic provides information about one sub-task, i.e.,
delivering coffee.

e Patrol ABC, where the agent must visit three rooms labeled
A, B and C in the specified order while avoiding plants. This
is a very sparse-reward with three sequential sub-goals,
critically requiring action heuristics. The corresponding

Office World (Figure 2b) is a grid-based environment, consisting of
a rectangular grid populated by static labeled locations and objects
such as mail (m), coffee (c), office (0) and decorative plants (x), which
act as obstacles. Additional rooms labeled A through D are present
and have to be accessed depending on the specific task variant. The
agent (red arrow) can move deterministically using four actions:
up, down, left, right.

The observation space for the MDP includes the agent’s posi-
tion on the grid, whether the agent is currently holding the coffee, heuristic by [12] are:

whether it is holding the mail, and the progress in room visitation. 1) goto().() k room_a(X)l, not visited_a, not visited_b,
The reward is sparse at goal reaching, r(s,a) =1 —-0.9 - —i;ii‘_(;?:;:, not visited_c, notHittingPlants.

where max_steps = env_width - env_height - 10 by default. Other-

wise, the reward is zero.
We consider two variants of the general task:

(2) goto(X) :- room_b(X), visited_a, not visited_b,
not visited_c, notHittingPlants.

(3) goto(X) :- room_c(X), visited_a, visited_b, not
o Deliver coffe and mail, where the agent must collect both visited_c, notHittingPlants.
coffee and mail before reaching the office. The following
heuristics by [12] are used:
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Figure 4: Office results.

5.2.1 Results. Figure 4 shows the results for the Office domain.
Here, H-C51 Product (blue) significantly outperforms the other
baselines. In particular, H-C51 Shift (pink) performs similarly to
RM (red) and base C51 (yellow) in patroling (Figure 4b), but per-
forms even worse when delivering coffee and mail (Figure 4a).
These results possibly depend on the randomization of the initial
configuration of the environment at the beginning of each episode,
indicating the higher robustness of the Product strategy. H-C51
Product also attains the lowest variance, hence the best training
stability. The significantly lower average return achieved by the
other baselines in patroling, as well as the lower convergence, are
indicators of the harder complexity of the task.

5.3 Reacher

This is a continuous control task in which a two-joint robotic arm
must reach a static target (Figure 2c).

The observation space for the MDP consists of 11 continuous fea-
tures: the sine and cosine of each joint angle, the coordinates of the
target, the angular velocities of both joints and the 3-dimensional
vector from the target to the fingertip. The task is two-dimensional,
so the z-component of this vector is always zero, but it is included in
the observation. The action space is continuous and 2-dimensional,
representing the torques applied to each joint.

Let pr(s), pe(s) € R? denote the fingertip and target positions at
state s, respectively, and let || - || be the Euclidean norm. The sparse
reward is

r(s.4) = 0 ifllpr(s)—pe(s) Il <e
’ —1 otherwise

Since no state-of-the-art heuristic is known, one is derived em-
pirically by training a DSAC-T agent (RMp,in) to convergence. In

with € = 0.01

(a) Main results

— H-DSACT&_f0.05 — H-DSACT

erage Return

(b) € study

Figure 5: Reacher results.

this variant, the reward was modified to minimize the norm of the
applied torques, in order to identify the minimal torque necessary
to complete the task

= llal® if (| pp(s) =pe(s) I < ¢

r(s,a) = with e = 0.01

—1—||a||* otherwise

where a € R? is the action vector.

We then extract the average action from episodes at convergence.
This vector, denoted aj, = [0.25,—0.45], serves as a continuous
proxy for a binary heuristic function h(s, a), by biasing the policy
mean in the direction of a low-torque action known to succeed.
More specifically, h(s, a) is then defined as:

1 ifactiona=a
h(s,a) = _ h
0 otherwise

5.3.1 Results. Figure 5 shows the performance of H-DSAC-T (blue)
against RMpi, (minimizing the norm of the torques, purple) and RM
approach with ay, used for building the reward machine (brown),
i.e., by assigning an additional negative reward proportional to
—|la = ap||?. Our method achieves significantly faster and more
stable convergence.

5.4 Ablation and parameter studies

We now analyze the impact of two crucial parameters of our method-
ologies: the e-decay profile and the role of action heuristics in

exploration vs. exploitation!!.

5.4.1 e-decay profile. The e-decay profile is crucial for the perfor-
mance of all our algorithms, since it modulates the impact of the

UThe latter is performed only for H-C51, since in H-DSAC-T there is no neat separation
between exploration and exploitation.
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Figure 6: Impact of e-decay profile.

heuristics on the training loops (Algorithms 1-5). In particular, the
decay law is governed by the final value of €7, which determines
the speed of discarding exploration in favor of exploitation!2. Thus,
we now study the impact of this parameter on the performance of
H-C51 Product!3 and H-DSAC-T. For H-C51, we report the results
for Door Key with 4 keys in an 8 X 8 map (Figure 6a), and 1 key in a
16 x 16 map (Figure 6b), in order to separately highlight the impact
of long planning horizon (larger grid) and rich environmental se-
mantics and options for the agent (more keys). Figure 6 shows that
lower values for €7 (brown curves, with respect to the optimal value
of 0.3 used in the previous experiments, blue curves) worsen the
final return at convergence, especially when the planning horizon
increases (larger map). This confirms the importance of a suitable
amount of exploration on RL performance in highly-sparse reward
maps [18].

Figure 5b evidences the impact of ey on H-DSAC-T performance.
While the optimal value of previous experiments (ef = 0.2, blue
curve) leads to a faster and more stable growth of the return, the
impact of the e-decay trend on DiRL performance appears minor
with respect to H-C51, possibly due to the better performance of
the base DSAC-T algorithm.

5.4.2  Exploration vs. exploitation. Figure 7 shows the performance
of H-C51 Product when either H-Exploration (Algorithm 2) or H-
Exploitation (Algorithm 4) is omitted from the full Algorithm 1.
From both charts, it is evident that H-Exploration has the highest
impact on the faster growth of the training curve, in agreement
with the importance of exploration for RL [18]. However, on the

12¢, has a similar impact, assuming a linear decay of the exploration factor. Hence,
we only study the impact of €.

3This is chosen as the best-performing algorithm for discrete-action spaces, as shown
in the previous experiments.

= H-C51 Product Exploitation = H-C51 Product Exploration

(a) Door Key 8 X 8, 4 key

— H-C51 Product Exploitation = H-C51 Product Exploration

(b) Door Key 16 x 16, 1 key

Figure 7: Impact of exploration vs. exploitation.

16 X 16 map (Figure 7b) with a long planning horizon, it is also
evident the utility of H-Exploitation, which achieves higher
average return (=~ 0.5, blue curve) than base C51 (yellow curve in
Figure 3d).

6 CONCLUSION

This paper explored the problem of effectively integrating heuristics
in distributional RL, in order to foster its scalability and applica-
tion to complex domains characterized by sparse (potentially non-
Markovian) rewards, long planning horizons and partial observabil-
ity or sub-goals. We proposed two algorithms for heuristic-guided
C51 (discrete actions) and one algorithm for heuristic-guided DSAC-
T (continuous actions). The algorithms do not alter the theoretical
convergence properties of the respective baselines. However, in the
context of 2 discrete-action settings and 1 continuous control prob-
lem, our solutions allow significantly faster and more stable
convergence rate against state-of-the-art reward machines, in
scenarios of increasing complexity and with possibly incor-
rect heuristics. Moreover, altering the full return probability
mass (and not just its moments) suggests the promising role
of heuristics in a distributional representation of RL.

We believe this work clearly shows the benefits of using heuris-
tics in distributional RL and it paves the way towards several inter-
esting research lines. These include the evaluation of the proposed
methodologies in more complex or risk-sensitive tasks, including
real robotic applications in continuous-action settings.
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