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Abstract— Autonomous navigation in crowded environments
is an open problem with many applications, essential for
the coexistence of robots and humans in the smart cities
of the future. In recent years, deep reinforcement learning
approaches have proven to outperform model-based algorithms.
Nevertheless, even though the results provided are promising,
the works are not able to take advantage of the capabilities that
their models offer. They usually get trapped in local optima
in the training process, that prevent them from learning the
optimal policy. They are not able to visit and interact with
every possible state appropriately, such as with the states near
the goal or near the dynamic obstacles. In this work, we
propose using intrinsic rewards to balance between exploration
and exploitation and explore depending on the uncertainty of
the states instead of on the time the agent has been trained,
encouraging the agent to get more curious about unknown
states. We explain the benefits of the approach and compare
it with other exploration algorithms that may be used for
crowd navigation. Many simulation experiments are performed
modifying several algorithms of the state-of-the-art, showing
that the use of intrinsic rewards makes the robot learn faster
and reach higher rewards and success rates (fewer collisions)
in shorter navigation times, outperforming the state-of-the-art.

I. INTRODUCTION

Robotic autonomous navigation in dynamic environments
is a very complex problem. There is a huge variety of
approaches that has been proposed to solve it, but none of
them is able to succeed in every single scenario, leading to
collisions or very long trajectories.

In the traditional navigation stack, a global planner, which
typically is a variant of the A∗ algorithm [1] like as D∗
Lite [2] or LPA∗ [3], is used to compute the shortest
feasible path between the robot and a selected goal. The
local planner is in charge of avoiding collisions with dynamic
obstacles and other obstacles that were not considered in the
map, and compute the motion of the robot according to its
kinodynamic constraints. In the Dynamic Window Approach
(DWA) [4], a local planner that considered current obstacles
poses and robot’s kinodynamic is proposed. Other works also
consider the velocity of the obstacles, such as the Velocity
Obstacle (VO) [5] or the Dynamic Object Velocity Space
(DOVS) [6], which is necessary in dynamic environments.
The VO was extended for multi-robot reciprocal collision
avoidance, with the Reciprocal Velocity Obstacle (RVO) [7]
or the Optimal Reciprocal Collision Avoidance (ORCA) [8],
but need the obstacles to collaborate reciprocally.
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Fig. 1. Comparison shows colliding (left) vs. safe (right) trajectory,
obtained by same algorithm without/with intrinsic rewards.

Navigating autonomously in crowded environments poses
a challenge with applications in areas such as airport halls,
crowded streets for delivery, restaurants, and warehouses.
Recent efforts to solve this problem have utilized deep rein-
forcement learning (DRL), which has produced encouraging
results that outperform previous model-based algorithms.
The exploration and exploitation process is crucial for DRL
algorithms, where the policy is refined through exploration
(adding randomness to decision-making when the policy is
unknown) and exploitation (refining the policy based on what
has been learned from the environment). However, in this
specific problem, very unknown states may be found at any
time of the training process, not only at the beginning of the
trajectories and the training, and very rewarding maneuvers
could be achieved in states that may not look promising,
such as near humans, leading to suboptimal policies and local
optima in the optimization of network weights.

In this work, we propose using intrinsic rewards to
overcome the exploration problems of the state-of-the-art
algorithms and get policies that learn faster and score higher
rewards and success rates in shorter times. For example, in
Figure 1, we may see how the robot collides with one of the
humans using an algorithm of the state-of-the-art (left), and
how it is able to reach the goal in the exact same scenario
by using the same algorithm trained with intrinsic rewards
(right). To our knowledge, we are the first to introduce smart
exploration algorithms in this problem and, specifically, the
first to introduce intrinsic rewards. Different approaches are
trained and tested with several recent and well-known state-
of-the-art algorithms in Section IV, including results with
comparisons between the original and proposed algorithms.
The code and videos of the experiments may be accessed
at https://github.com/dmartinezbaselga/
intrinsic-rewards-navigation.git.
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II. BACKGROUND

A. Crowd navigation

Robot navigation in crowds is a very challenging problem,
due to the fact that it combines the problems of dynamic
environments with the complexity added by the interactions
between humans, which modify their motion. Simply and
reactive approaches fail to navigate in these scenarios, as
they do not consider social interactions, modeled in works
as Social Force [9] and Extended Social Force [10] to
predict how the crowd would behave and compute the motion
according to it. Moreover, trajectory based approaches are
too computationally costly to be applied in real time when
the crowd size increase, or are not able to find safe paths
[11].

Recent approaches use DRL to estimate the optimal policy
the robot must follow to navigate safely towards the goal.
One of the ways they differ among each other is the input
(state description) they use. Some approaches use sensor
measurements directly to describe the environment [12] [13]
[14] [15] or abstractions from the measurements [16].

There is a big group of works that use the information
of the other agents that are in the scenario as the input,
including their positions or velocities. In CADRL (Collision
Avoidance with Deep Reinforcement Learning) [17], an
algorithm that outperforms ORCA using DRL in multi-agent
collision avoidance was introduced, considering only the
closest agent to the robot. Other approaches used Long Short-
Term Memory (LSTM) [18] in order to include more than
just one agent (LSTM-RL) [19] [20]. In Socially Attentive
Reinforcement Learning (SARL) [21], the Human-Robot and
Human-Human interaction is modeled and the information is
processed using attention models [22]. Other works predicted
attention weights by using graph neural networks, obtaining
better performance than the previous motion planners [23]
[24]. In [25], they propose a method with better results than
the ones previously mentioned, tested in the same CrowdNav
simulator. It uses the social attention mechanism [26] to
compute the attention weights and online planning.

B. Exploration in Deep Reinforcement Learning

In DRL, algorithms try to estimate a policy that maximizes
the accumulated discounted reward provided by an environ-
ment in an episode. Agents should balance properly between
exploration and exploitation to discover the states where the
highest reward is obtained and improve the policy.

The most basic and common exploration strategies are ε-
greedy, which selects the greedy action with a probability
of 1 − ε and a random action otherwise; and Boltzmann
(softmax) exploration, which makes the agent choose actions
using a Boltzmann distribution over the predicted Q-values.
Nevertheless, in complex environments with sparse rewards
or where the policy is specially hard to learn (typically
real-world environments), those exploration strategies are not
enough.

A commonly used approach is including the entropy of
the policy to the objective function, which was originally

proposed in [27], but increased its popularity with [28], [29]
and [30]. Another option to induce exploration is adding
noise perturbation, such as in [31] or [32], adopted in well-
known algorithms like [33]. Recently, new approaches use
intrinsic rewards and add them to the extrinsic rewards
provided by the environment to encourage the agent to
visit states that are still unknown or unpredictable [34] [35]
[36]. The results show that the agent is able to explore the
environment even though it does not provide any extrinsic
reward.

C. Problem formulation

The problem is designed as a navigation task where a robot
must navigate and reach the goal while avoiding collisions
with a set of agents that behave like a crowd, in the shortest
time possible. The simulator used is CrowdNav, widely
utilized in previously mentioned works, as [17] [19] [20]
[21] [23] [24] [25]. The constraints and models of the work
are defined in the way they are defined in the cited works,
not defining any extra constraint to be able to make fair
comparisons. The problem is defined as a crowd navigation
problem with humans, but could be extensible to any kind
of dynamic obstacle with a defined model, being the humans
the most representative obstacles that behave as a crowd.

A human’s observable state consists in its position p =
[px, py], velocity v = [vx, vy] and radius, r, and it is known
by the other agents in the environment. In addition, the robot
knows its own state, wr, with its own position, velocity,
radius, preferred velocity (vp), heading angle (θ) and goal
coordinates (g = [gx, gy]). Having that, at time t, the state
of the robot is wrt , the state of the human i is wit and the state
of all humans is wt = [w1

t , w
2
t , ..., w

n
t ]; the joint state of the

environment known by the robot is st = [wrt , wt]. The robot
is assumed to be invisible by the humans, which means that
the humans perform a reciprocal collision avoidance among
themselves, but they do not try to avoid the robot.

The robot is modeled as a unicycle robot, and the set of
available actions is a discrete set consisting of combinations
of 16 steering angles, δ, evenly spaced in 0 and 2π radians
and 5 velocities, v, ranging from 0 and vp. The action with
null steering angle and null velocity is added to the set,
resulting in the final set of 81 actions. We assume that
any velocity may be achieved at any instant of time, as in
previous works, to have fair comparisons. Thus, an action is
defined as at = [vt, δt] in time t. Finally, for each of the
agents, the transition model results as follows:

θt+1 = θt + δt,

vt = [vt cos θt, vt sin θt],

pt+1 = [pt + vt∆t],

(1)

where ∆t is the time interval between consecutive time steps,
set to 0.25 s.

The problem is defined as a Markov Decision Process,
where the goal is to estimate the optimal policy, π∗, that
chooses the optimal action, at, for a state, st, in a particular
time t: π∗ : st −→ at. The optimal policy is the one that
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maximizes the expected return:

π∗(st) = argmax
a

(Q∗(st, a)) , (2)

where Q∗ is the optimal action-value function, recursively
defined with the Bellman equation as:

Q∗(st, at) =
∑
st+1

(P (st+1|st, at)[R(st, at, st+1)+

γmax
at+1

Q∗(st+1, at+1)]),
(3)

where P (st+1|st, at) is the probability of reaching the state
st+1 after performing the action at in the state st, and
R(st, at, st+1) the reward function. The extrinsic reward pro-
vided by the environment is defined as in [25], encouraging
the agent to navigate towards the goal, avoid collisions and
maintain safe distance with humans:

rex =


0.25 if goal reached
−0.25 if collision
−0.2∆dg +

∑N
i=0 f(µi) otherwise

(4)

f(µi) =

{
µi − 0.2 µi < 0.2

0 otherwise
(5)

where dg is the distance between the robot and the goal and
µi the distance between the human i and the robot, and N
the number of humans, being 0.2 the minimum safe distance.

III. APPROACH

A. Exploration problem

In this work, we consider deep reinforcement learning
solutions of the crowd navigation task. In the works pre-
viously mentioned that used the CrowNav simulator to
develop solutions and compare them among each other, they
do not add any special feature to balance exploration and
exploitation, only the methods inherited by the reinforcement
algorithm used. [17] [21] [23] [24] [25] use the decaying ε-
greedy strategy, while [19] [20] use the policy-based Asyn-
chronous Advantage Actor-Critic algorithm, A3C, which
uses a continuous action space and trains a stochastic policy,
managing exploration with an entropy term that promotes
action diversity.

These strategies have the risk of getting trapped in a
local optima, as it will be seen in the experimentation. The
amount of randomness decreases as the agent trains, due
to the ε discount or due to the update rule (in case of the
entropy term), which encourages the policy to exploit the
rewards already found and converge to a solution. In any
kind of problem, this could typically lead to suboptimal
policies, and it is partially solved by trying different random
initialization of the network weights and trying different
hyperparameters values. In the crowd navigation task, the
problematic increases. It is a problem almost impossible
to solve by using random actions, so reward shaping is
always used, and usually imitation learning for initialization.
Nevertheless, both options influence the behavior of the

agent, leading the agent to try to either get already known
positive rewards or explore from the beginning, limiting the
exploration.

One approach to solve the problem is adding randomness
directly to the neural network. Noisy networks [32] proved
an improvement in the scores of the Atari benchmark [37].
The method consists in replacing linear layers of the neural
network with noisy linear layers, whose noise is automati-
cally tuned during training. The uncertainty in the network
weights makes the decision-making variable, introducing
exploration. Other approach is introducing dropout layers
[38] to induce variability in the action selection process and
increase exploration. The use of dropout makes some number
of layer outputs be ignored, randomly constructing policy
subnetworks [39], ensuring exploration. However, the use of
intrinsic rewards seemed more promising, as they explicitly
encourage visiting unknown states.

B. Intrinsic reward

Intrinsic rewards are used to increase the motivation of the
agent to explore new states or to reduce the uncertainty to
predict the consequences of the actions. In this work, the
agent would benefit from having an intrinsic reward that
encourages it to visit unknown or unpredictable states until
they are properly explored, and then exploit (until unknown
states are found again), specially beneficial near humans and
the goal.

Two approaches are considered. The first one is using
an Intrinsic Curiosity Module (ICM) [34], which proved to
outperform other methods when it was published, and has
been used as a reference in recent years. It uses a feature
network, φ, to encode the state, s, and the next state, st+1,
to a feature space, φ(s) and φ(st+1); transforming the agent-
level state to a state defined by a features vector, which is
the output of the network. The states in the feature spaces
are used to predict the action taken, ât. The actual action
taken, at, with φ(s) are used to predict the next state in the
feature space, φ̂(st+1). This is illustrated in Figure 2.

Feature encoder

Inverse model Forward model

Neural network

State vector

Next state vector

Action vector

Encoded state

Encoded next state

Predictions

Fig. 2. A diagram of the Intrinsic Curiosity Module.

The state-of-the-art algorithms tested in the experiments
are SG-D3QN [25], MP-RGL [23], LSTM-RL [19] and
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SARL [21]. For the feature encoder network, we include the
encoder layers of the original algorithms, different for each
of them (the graph attention layers for SG-D3QN, relational
graph layers for MP-RGL, LSTM layers for LSTM-RL and
attention layers for SARL); and two fully connected layers
with 256 and 128 outputs to encode the states into vectors of
size 128. The inverse model of the ICM has 3 fully connected
layers with 256, 128 and 81 (number of actions) outputs and
the forward model three fully connected layers with 256, 128
and 128 (encoded size) outputs. The networks are trained to
minimize the prediction errors in both ât and φ̂(st+1).

The intrinsic reward is computed with the Mean Squared
Error (MSE) between φ(st+1) and φ̂(st+1), being higher
when the agent visits unknown or unpredictable states. The
intrinsic reward, rin, multiplied by a hyperparameter β that
controls its influence, is added to the extrinsic reward, rex,
(the regular reward provided by the environment) to compute
the total reward, r, and optimize the policy:

r = rex + βrin = rex + βMSE(φ(st+1), φ̂(st+1)) (6)

The second proposed approach, the Random Encoders for
Efficient Exploration (RE3) [36], maximizes the entropy of
the state distribution. It uses a neural network, fθ, randomly
initialized with fixed weights, θ, that do not change for the
whole training process of the DRL algorithm. The network
represents the state in a low-dimensional space, as the
previously presented feature encoder of the ICM, and has
the same structure as the feature encoder of the ICM (φ of
the ICM is similar to fθ). In the work, they prove that the
distance between different states in the representation space
is useful to quantify the similarity among the states without
any training. To compute the entropy of a state, k-Nearest
Neighbors (k-NN) algorithm is used, obtaining the following
intrinsic reward, rin, for a transition i:

rin(si) = log(||fθ(si)− fθ(si)k−NN ||2 + 1), (7)

where fθ(si)k−NN are the k-NN of si in the representation
space. The intrinsic reward is also controlled with a hyper-
parameter, β, as in the ICM, computing the final reward r
in the same way: r = rex + βrin.

IV. EXPERIMENTS

A. Environment settings

The different exploration strategies are tried for several
state-of-the-art algorithms, to test different models and DRL
algorithms (extensible to any network or algorithm like
SAC [29] or PPO [30]). The experiments are performed in
the CrowdNav environment, as explained in Section II-C.
In each of the scenarios, 10 humans act as dynamic
obstacles: 5 are set in a circle and have to cross the
center of it, and 5 are randomly placed and have to
cross the room (later called circle scenarios). They use
the ORCA [7] algorithm to navigate and avoid collisions
with each other. The robot is invisible for them, so that
it must perform the whole collision avoidance maneuvers.

When a human reaches its assigned goal, another one is
randomly set, to prevent it from stopping. The agent is
trained for 10000 randomly generated episodes (random
position and trajectories of the agents), with the same
random weights initialization for every algorithm for a
fair comparison. Videos of the experiments may be found
at https://github.com/dmartinezbaselga/
intrinsic-rewards-navigation.git.

B. SG-D3QN
The multistep SG-D3QN algorithm presented in [25] is

used as a referent for some of the experiments because it is
a very recent work that declares to outperform the state-of-
the-art. The work uses graph attention layers over a Double
Dueling Deep Q-Network (D3QN) to train the agent, and
ε-greedy for exploration. It has been modified introducing
noisy networks, dropout, ICM and RE3 for exploration,
trying different hyperparameters and selecting the best of
them in each case (a decaying dropout rate from 0.5 to
0.01 for the first 7000 training episodes, and a constant β
parameter of 0.01 for both ICM and RE3).

To validate and compare the approaches, each of the
methods have been tested in 1000 random generated episodes
in two different maps: Circle (Section IV-A), and Square
scenarios, with 10 humans randomly placed in a squared
room with trajectories that make them cross. The average
returns, success rates and navigation times are gathered and
presented in Table IV-B, as well as the same metrics obtained
by a robot using ORCA [7] for a baseline comparison.

Scenario Method Average Success Navigation
return rate time (sec.)

Circle

Original 0.6312 0.940 11.318
Noisy 0.5423 0.937 13.965

Dropout 0.6529 0.959 11.899
ICM 0.6680 0.968 11.366
RE3 0.6820 0.971 11.012

ORCA 0.331 0.769 13.880

Square

Original 0.6396 0.948 10.545
Noisy 0.5566 0.921 12.742

Dropout 0.6484 0.952 11.148
ICM 0.6868 0.970 10.729
RE3 0.6749 0.958 10.221

ORCA 0.442 0.840 12.856

TABLE I
METRICS OF SG-D3QN (1000 RANDOM GENERATED SCENARIOS)

The results in the table show that the intrinsic rewards
clearly improve the original results and other approaches.
The noisy networks have the advantage of not having any hy-
perparameter, but they are not enough to explore effectively
the state space of the problem, as the network learns the
behaviors that lead to states with safe high rewards, far from
states that are near the humans, that could lead to collisions
because of the noise. This prevents the robot from exploring
the states that are near the humans.
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(a) ε-greedy 500 epsisodes (b) ε-greedy 2500 epsisodes (c) ε-greedy 5000 epsisodes (d) ε-greedy best

(e) ICM 500 epsisodes (f) ICM 2500 episodes (g) ICM 5000 episodes (h) ICM best

Fig. 3. Comparison of robot trajectories using ε-greedy and ICM exploration at different stages of training (500, 2500, 5000 episodes and final model).

The dropout version offers very promising results despite
its simplicity, but the best results are the ones obtained with
intrinsic rewards, due to the fact that, they make the agent
explore unknown states even though they do not seem to
be promising, until they are predictable enough to estimate
precisely whether they are rewarding or not, finding out
behaviors and maneuvers that could not be found otherwise.

The difference in behavior is observed in the experiment
shown in Figure 3. The trajectories performed by testing the
robot in different training stages using the original ε-greedy
and the ICM strategy are plotted. The plots show the greedy
trajectory of the robot and the humans until the robot reaches
the goal, after training for a certain number of episodes. The
scenario is the same in every plot (the humans have the same
initial positions and trajectories), although the trajectories
plotted are different, and that is because of the time length
of the episode. The humans’ intermediate goals are marked
with squares and their final non-reached goals with stars.
The numbers plotted near the trajectories are the simulation
time at that point of the trajectory, marking them every 5
seconds and at the final time (when the robot reaches the
goal). The plots show the trajectory of the robot after being
trained for only 500 episodes, 2500 episodes, 5000 episodes
and the final trained model (10000 episodes or the one with
the best validation score); with the same SG-D3QN with the
ε-greedy strategy used for exploration or ICM.

It may be clearly seen that the ε-greedy finds a successful
trajectory from the beginning (a) and optimizes the decision-
making of the agent as the training continues, resulting in a
progressively refined version of the first trajectory (b), (c),
(d). The trajectory obtained is increasingly smoother and
shorter in time and length in the stages shown. The robot

learns to get closer to the goal and far from the humans,
and, as the training continues and the exploiting part is more
important, the robot exploits to get even closer to the goal
until it reaches it. However, in the states where the robot
is close to the goal, it will hardly explore, as exploitation
is needed to reach it and, thus, the agent will be in the
exploitation phase. Furthermore, the robot avoids being close
to humans, as those states do not seem to be rewarding,
preventing itself from learning optimal avoiding maneuvers
that could imply being close to them. Therefore, it is not
able to explore optimal trajectories very different from the
ones already learned, and a local optima is found.

Using the ICM intrinsic reward makes the agent to quickly
find a near-optimal solution (a trajectory of only 11.8 s after
2500 training episodes (f)). Then, it keeps exploring states
that may not be optimal but are uncertain and result in high
intrinsic reward, resulting in trajectories that are not better
than the ones of the previous stages (a trajectory of 25 s after
5000 training episodes (g), way higher than 11.8 s for 2500
training episodes (f) and 15.5 s for 500 (e)). The robot is,
thus, visiting states that it has not been able to visit before,
performing an effective exploration near the goal and the
agents. The result is that the finally trained agent ends up
predicting better the Q-values than the ε-greedy approach,
reaching the goal in only 9.2 s (h) for the 11.0 s (d) that takes
the ε-greedy version in the same fixed scenario. A similar
improvement is obtained using RE3 approach, even a little
bit better than the ICM in the Circle scenario.

C. Other models

The exploration strategies were tried with other well-
known crowd-navigation algorithms of the state-of-the-art.
Particularly, they were tried with LSTM-RL [19], SARL [21]
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(a) LSTM-RL

(b) SARL

(c) MP-RGL

Fig. 4. Accumulated reward, success rate and navigation time metrics gathered during training, with a smoothing factor of 0.99.

and MP-RGL [23], training the algorithms with the same
setup explained in Section IV-A. Similar validation results
were obtained, having the intrinsic reward strategies the
best performance, and the noisy network and the originally
proposed approaches the worst.

In Figure 4, the evolution of the accumulated reward (only
extrinsic reward), success rate and time to reach the goal
during training is shown (from left to right, respectively).
The metrics of the ICM version are plotted in orange and
the original one in blue. An exponential smoothing factor
of 0.99 is applied to be able to interpret the curves despite
their variability and take into account all past data and,
thus, the speed of learning of the agent. In every graph, the
metrics gathered by the original version of the algorithm
and the ICM-version with a β of 0.01 are plotted for
comparison, with the smoothed metrics gathered in the 10000
training episodes. We chose the same β as in the previous
experiments because they use the same reward function (the
optimal weight of β should not differ excessively), and we
wanted to prove that the approach is extensible without an
extensive fine-tuning.

For each of the three algorithms, the values of the accumu-
lated reward and success rate of the ICM are above the ones
of the original algorithm for almost every point of the graph,
while for the navigation time they are clearly below. At the
beginning the differences are higher, meaning that not only

the intrinsic reward version has a better performance than the
original one, but also the agent clearly learns faster, reaching
a high reward value in about half as many episodes as the
original.

V. CONCLUSION

This work presents a novel solution to improve algorithms
that solve crowd-navigation problems. The work uses in-
trinsic rewards, which allow the agent to avoid the local
optima usually found in the learning process and perform
a more efficient and effective exploration. The agent tries
to find states that are unknown or unpredictable until they
stop being so, improving the estimation in states that are
near the goal or the dynamic obstacles, resulting in shorter
trajectories with higher success rates. The work has been
tried in the CrowdNav simulator with other algorithms of the
state-of-the-art, proving to work with numerous experiments
and making the agents learn faster. The results are better
that the ones obtained by other algorithms, obtaining, thus,
a method that improves the existing state-of-the-art. Further
work could include focusing and studying other navigation
tasks to show possible improvements in related areas.
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