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Learning Goal Conditioned Socially Compliant
Navigation From Demonstration Using Risk-Based
Features
Abhisek Konar1 , Bobak H. Baghi1 , and Gregory Dudek1,2

Abstract—One of the main challenges of operating mobile
robots in social environments is the safe and fluid navigation
therein, specifically the ability to share a space with other human
inhabitants by complying with the explicit and implicit rules that
we humans follow during navigation. While these rules come
naturally to us, they resist simple and explicit definitions. In
this paper, we present a learning-based solution to address the
question of socially compliant navigation, which is to navigate
while maintaining adherence to the navigational policies a person
might use. We infer these policies by learning from human
examples using inverse reinforcement learning techniques. In
particular, this paper contributes an efficient sampling-based
approximation to enable model-free deep inverse reinforcement
learning, and a goal conditioned risk-based feature representation
that adequately captures local information surrounding the agent.
We validate our approach by comparing against a classical
algorithm and a reinforcement learning agent and evaluate our
feature representation against similar feature representations
from the literature. We find that the combination of our proposed
method and our feature representation produce higher quality
trajectories and that our proposed feature representation plays
a critical role in successful navigation.
Index Terms—Robot Navigation, Social Navigation, Inverse
Reinforcement Learning, Motion and Path Planning, Learning
from Demonstration.

I. I NTRODUCTION
HIS work presents an inverse reinforcement learningbased navigation pipeline that can produce artificial
agents that are capable of demonstrating socially compliant
behavior. With recent strides in robotic sensing and artificial
intelligence, it seems ever more likely that robots will come to
inhabit human social spaces. Recent work has shown success
when integrating robots into various social domains such as
service robots for the elderly [1], [2], as shopping assistants
[3], [4], guides at airports [5], and in the office environment
[6], [7]. A significant challenge in integrating mobile robots
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into human social spaces is the need for socially compliant
navigation. In this context, socially compliant navigation policies (sometimes known as “socially aware”) are those that
result in navigation that is consistent with normal socially
acceptable behavior as exhibited by humans. In particular,
this implies that in addition to obstacle avoidance and goalseeking, such a policy must take into account subtle social
cues, implicit socially-motivated intent, and behavioral signals
from surrounding humans. Such policies seek to provide a
degree of confidence and familiarity to the human inhabitants
of said social space to go about their business with minimal
modification to their behaviors. Thus, any socially compliant
navigation algorithm must maintain a certain level of knowledge about human behavior as a foundation for its decision
making.
Navigation and efficient motion planning comprise of one of
the richest and well-understood parts of robotics (despite various open problems). For social navigation, however, the need
to account for “appropriate” behavior is often more important
than mere efficiency. Likewise, purely reactive strategies can
lead to a range of problems. While reinforcement learning
can lead to powerful solutions when the reward structure for
the problem is well understood, social navigation depends on
a range of poorly understood cues that may depend on the
scenario. As such, inverse reinforcement learning is attractive
since it allows us to infer suitable rewards from raw features
based on observations. It, however, can be costly to compute
and also demands a good performance metric that can be used
to assess human-like behavior. Notably, however, some social
cues are outside the scope of this work. For example, at a
cocktail party, a person crying may influence the navigation
behavior of other people nearby and our systems are currently
oblivious to such facial and body-pose cues. In the outdoor
datasets we use, such cues are probably less critical, but this
does imply certain limitations on expected performance.
In this paper, we propose an efficient sampling-based approximation to enable model-free inverse reinforcement learning using deep networks to represent both the policy and the
reward function. We also propose a goal-conditioned riskbased feature representation for the social navigation problem
that captures local information surrounding the agent.
In the following sections, we review related work (section II) and background knowledge (section III), followed by
the introduction of our IRL pipeline and risk-based feature
representation (section IV), which constitute the main contributions of this work. We then proceed to evaluate our proposed
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method in a variety of settings (section V).
II. R ELATED W ORK
Approaches to socially compliant navigation can be divided
into two broad categories: classical methods and learningbased methods. Classical methods seek to explicitly model
the “rules” for human social navigation while learning-based
methods seek to explicitly or implicitly infer human social
navigation attributes from some dataset of human trajectories.
Among classical methods, pioneering work from Helbing
and Molnar models human behavior using (carefully tuned)
forces exerted between agents in an environment [8]. Some
researchers have used camera footage to calibrate these parameters [9], [10], while others have made use of genetic
algorithms to the same end [11].
In contrast, learning-based methods attempt to learn human
social navigation behavior from examples, such as human
motion datasets. Several techniques have been investigated
including those that make use of LSTMs [12] in a reinforcement learning framework to produce socially-aware motion
planners [13]. Others include a prediction model that works in
tandem with a planning module to chalk out the best set of actions [14], [15]. A significant challenge of social navigation is
that the criteria and associated rewards that characterize ideal
performance are not readily available even though humans
are proficient at the task. As a result, inverse reinforcement
learning (IRL) methods that can infer the underlying reward
structure are especially appealing [16]. A particularly popular
approach is maximum entropy IRL (MaxEnt IRL) [17], which
can then be used to train behavioral policies via reinforcement
learning (RL) when combined with a local or global planning
scheme. Pfeiffer et al. propose a method to select trajectories
that minimize costs learned from MaxEnt IRL [18]. Kim et al.
use a global path planner but learn to plan local paths using
MaxEnt IRL with data from RGB-D cameras [19].
The use of MaxEnt IRL, however, requires a representative
sampling of the trajectory space which can be quite challenging in high dimensional and continuous spaces. For instance,
Kuderer et al. divide the trajectory space topologically, based
on the preference of passing obstacles by the left or right side
[20]. This approximation allows them to significantly reduce
the number of samples required to formulate a representative
estimate by choosing only one representative sample per partition. Kretzschmar et al. [21], building on their previous work
[22], make use of hybrid Monte Carlo [23] to efficiently guide
the sampling of a continuous trajectory space. We modify
MaxEnt IRL to reduce the amount of sampling required, as
detailed in subsection IV-A.
An important choice in the MaxEnt IRL framework is the
feature design used to learn the reward function and train
the RL agent. Vasquez et al. [24] provide a comparative
study of different feature representations, which are computed
from the continuous positions and velocities of the agent and
surrounding pedestrians. Similarly, Fahad et al. [25] make
use of social affinity map features (SAM) [26], augmenting
them with information from pedestrian velocities and employ
maximum entropy deep IRL (MEDIRL) [27] which allows

for richer representations of reward functions via the use of
expressive neural networks. Our work builds on [25] and
[24] by introducing a novel feature representation based on
apparent collision risk, as well as a deterministic sampling
method which greatly simplifies gradient computation for
MEDIRL.
III. I NVERSE R EINFORCEMENT L EARNING
In this section, we briefly outline and provide the necessary
background for our IRL method. Consider a Markov decision
process (MDP) M = (S, A, T , R, γ, p0 ) where S is the set
of possible states, A is the set of possible actions, T are
the transition probabilities P (s0 |s, a) for states s, s0 ∈ S and
action a ∈ A, R : S 7→ R is the reward function, γ is the
discounting factor, and p0 is the probability distribution over
initial states. The goal of IRL is to determine the optimal
reward function R∗ given demonstration trajectories D =
{τ1 , τ2 , . . . , τM } from expert agents, where the trajectories
τi = {s0 , s1 , . . . , sT } are comprised of states visited by the
expert agents. Note that trajectories are comprised only of
states due to the state-only formulation of the reward function.
In practice, due to the continuous nature and complexity of
the state space, hand-engineered features φ : S 7→ RN are
computed for use instead of raw state information.
Early work on IRL by [16] shows that solving the Bellman
equations for an analytic solution for the reward R is underspecified. To address this ambiguity, [17] impose a maximum
entropy [28] constraint on the distribution of possible trajectories:
X
P (τ ) ∝ exp (Rθ (τ )) = exp (
Rθ (si ))
(1)
si ∈τ

where the reward function Rθ (si ) is represented a set of
linear weights: Rθ (si ) = θ > φ(si ). Given a set of expert
demonstrations, an optimal reward function can be learned by
maximizing the log-likelihood L of the expert demonstrations:
X
θ ∗ = arg max L(θ) = arg max
log P (τ |θ)
(2)
θ

θ

τ ∈D

This linearly parameterized reward function suffers from
poor modeling power in the face of complex tasks such
as human navigation. Wulfmeier et al. [27] introduce maximum entropy deep inverse reinforcement learning (MEDIRL)
by extending MaxEnt IRL to deep neural network reward
functions, which perform better than linear parameters in
modeling complex functions. The parameters θ now become
the parameters of the reward network and can be found using
gradient descent methods. It is shown in [27] that the gradient
of the loss function found in (2) is equal to the difference
in state visitation frequencies (SVF) of expert demonstrations
and a sampling policy πψ : S 7→ A trained on the reward
function:


∂Rθ (φ(s))
∂L X
=
µD (s) − µπψ (s) .
∂θ
∂θ
s∈S
XX
µD (si ) =
1si =st
τ ∈D st ∈τ
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where µD (s) is the visitation frequency of state s as
calculated from the expert demonstrations D, 1 is an indicator
function, and µπψ (s) is the visitation frequency of state s as
obtained from trajectory samples τπψ drawn from policy πψ .
Rθ (φ(s)) is the reward obtained by state s according to the
current reward network parameterized by θ.
Intuitively, both MaxEnt IRL and MEDIRL are feature
matching algorithms which define the optimal reward function
R∗ as one which induces an optimal policy π ∗ to, on average,
traverse trajectories with identical expected feature counts as
the experts, i.e. µD (s) = µπψ (s), ∀s ∈ S. In practice, neither
an optimal policy nor the optimal reward is available but a
near optimal solution for both can be obtained by following
the MEDIRL algorithm [27].

3

Algorithm 1: Deterministic Maximum Entropy IRL
Input : D, γ, p0
1
2
3
4
5
6
7

θ, ψ ← θ0 , ψ0
. Initialize parameters
for s ∈ D do P
P
µD (s) ← τ ∈D st ∈τ 1s=st
. by (4)
for m ← 1 to M do
m
πψ
← SolveMDP(Rθm , S, A, T , γ)
for s ∈ τπψ doP
P
µπψ (s) ← τ ∈τπ
st ∈τ 1s=st

. by (5)

ψ

8
9

∂L
∂θ m =
m+1

θ

m

Backprop (θ , µD − µπψ )
∂L
m
← UpdateWeight ( ∂θ
)
m,θ

Output: optimal parameters θ, ψ

IV. O UR A PPROACH
A. Reward Learning
We use an approach based on MEDIRL, as described in
section III, to learn policies capable of navigating in a densely
crowded environment. Prior works [17], [27] compute the
gradient term (3) by directly computing the policy SVF µπψ
using dynamic programming, which is both expensive and
requires a model of the world to accomplish. Recent work
[29], [30], [31] derive sampling based approximations to the
SVF term which allows for model-free learning of the reward
function given a stochastic environment and policy.
In this work, we assume deterministic transition dynamics
and a deterministic policy. While a deterministic setup (transition dynamics and policy) limits the extent of state-space
exploration as compared to a its probabilistic counterpart, it
allows us to greatly simplify the approximation of the policy
SVF, which can now be calculated using deterministic policy
rollouts from every starting position.
µπψ (si ) =

X X

1si =st

φR11
φR12

φR13

φR10

φR3 φR2
φR4
φ

R1

φR9

φR8
φR5
φR16
φR6 φR7
φR14

φR15

Fig. 1: Spatial bin layout for risk features. The black disk and
arrow in the center represent the agent and its orientation respectively, while the red disk and arrow represent a pedestrian
and its orientation in bin φR9 . Since the pedestrian is on a
collision course, the corresponding bin is set to high risk.

(5)

pg , and the positions and velocities of all pedestrians p within
a certain radius r, denoted pp , vp respectively.

where τπψ are deterministic policy rollouts generated using
policy πψ . Since only a single sample per pedestrian (initial
scene configuration) is needed, this approximation requires
significantly less samples than stochastic importance sampling
based methods which require many stochastic samples from
each starting position. While this approximation might seem
limiting, we show in our experiments that it generalizes well
to unknown datasets.
We refer to this approximate algorithm as deterministic
MEDIRL and summarize our approach in algorithm 1.
Additionally, algorithm 1 differs from MEDIRL in that it
does not necessarily use approximate value iteration to solve
for the optimal policy. In this work, we solve the MDP using
A2C [32], however, the use of any specific RL algorithm is
not required.

1) Risk Features: The agent requires information about the
surrounding pedestrians and their velocities to adequately learn
navigation strategies. Fahad et al. [25] augment the social
affinity map (SAM) features [26] with average pedestrian
speed and orientation information, segmenting the agent’s
surroundings into spatial bins from which the aforementioned
attributes are computed. In a comprehensive comparison of
various features, Vasquez et al. [24] make use of pedestrian
speed and orientation to compute features.

τ ∈τπψ st ∈τ

B. Feature Extraction
In this section, we describe our proposed risk-based feature
representation. We assume the following information is available: the agent position pa and velocity va , the goal position

In this paper, we similarly segment the agent’s surrounding
into spatial bins. Seeking to exploit the human tendency to
focus on nearby entities especially ones that might come closer
in the near future [33], we propose risk features which aims
to capture the collision risk posed by pedestrians within each
bin. To form the bins, two concentric circles of radii r1 and
r2 around the agent are each split into eight equally divided
spatial bins, as seen in Figure 1. The bins are oriented relative
to the agent’s orientation. Each spatial bin is then given a onehot vector φRi = [φhigh , φmedium , φlow ] risk rating based on the
highest risk posed by pedestrians inside the spatial bin based
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on the computed quantity
apparent safety = tan(αrisk ) kpa − pp k

(6)

where αrisk is the angle between the relative position vector
pap = pa − pp and the relative orientation vector oap =
vp
va
kvp k − kva k . If apparent safety is lower than some predefined
threshold and αrisk < 90◦ , the bin is considered high risk while
while αrisk > 90◦ is considered low risk as the pedestrian is
moving away from the agent, otherwise the risk is considered
to be medium. These conditions are summarized in Table I.
The complete risk feature vector is obtained by concatenating
the risk one-hot vector for each spatial bin resulting in φR =
[φR1 , φR2 , . . . , φR16 ].
TABLE I: Bin conditions for risk features.
Feature
φhigh
φlow
φmedium

condition
αrisk < 90◦ and apparent safety (6) < threshold
αrisk > 90◦
otherwise

3) Goal Angle Features: These features, denoted φGA ,
encode the heading error of the agent with respect to the
goal location and are computed by binning the smallest angle
αGA between the vector to the goal from the agent’s current
position (pg − pa ) and the agent’s velocity va according
to Table III. The bins start narrow in the direction which
the agent is facing and gradually widens as to help with
agent heading precision. These features supplement the goal
vector features (subsubsection IV-B2) with finer-grained goal
orienting information which is useful when maneuvering close
to the goal.
TABLE III: Bin thresholds for goal angle features.
Feature
φGA1
φGA2
φGA3
φGA4

Threshold


αGA ∈  0, π8 
π π
αGA ∈  8 , 4 
αGA ∈ π4 , 3π
4 
αGA ∈ 3π
,π
4

2) Goal Vector Features: These features, denoted φGV ,
encode the direction of the goal relative to the agent’s current
position. This is done by binning the angle αGV between
the agent’s position and the goal position (pg − pa ) and the
agent’s velocity vector va in one of eight equal bins using
angle thresholds found in Table II and depicted in Figure 2.

4) Orientation Change: These features, denoted by φO ,
encode the agent’s change in orientation. The smallest angle
αOC between the agent’s previous and current velocity vector
is computed and binned according to the thresholds found
in Table IV. The progressive widening of the bin is to help
agents differentiate between different magnitudes of orientation change thus allowing for finer control when learning.

TABLE II: Bin thresholds for goal vector features.

TABLE IV: Bin thresholds orientation change features.

Feature
φGV 1
φGV 2
φGV 3
φGV 4
φGV 5
φGV 6
φGV 7
φGV 8

Threshold

αGV ∈ 15π
, 2π ∪ [0, 2π)
8 
π 3π
αGV ∈  8 , 8 
αGV ∈  3π
, 5π
8
8 
αGV ∈  5π
, 7π
8
8 
αGV ∈  7π
, 9π
8
8 
9π 11π
αGV ∈  8 , 8 
αGV ∈  11π
, 13π
8
8 
αGV ∈ 13π
, 15π
8
8

Feature
φO1
φO2
φO3
φO4
φO5
φO6

Threshold


αOC ∈ 0, π9 
π 2π
αOC ∈  9 , 9 
, 3π
αOC ∈  2π
9
9 
αOC ∈  2π
, 3π
9
9 
αOC ∈ 3π
, 4π
9
9
4π
αOC ∈ 9 , π

V. E XPERIMENTS
φGA1

φGV 1
φGV 2

φGV 8
φGV 7

A. Experimental Setup: The Environment

φGV 3

φGA2

φGA2

φGA3

φGA3

φGV 4

φGV 6
φGV 5

φGA4

(a) Goal vector features.

(b) Goal angle features.

Fig. 2: The black disk at the center of the diagram and
the black arrow represents the agent’s position and heading
respectively. The green disk depicts the goal position and is
consistent in both the figures. It lies on the φGV 8 , and φGA2 for
the goal vector and goal angle feature respectively activating
the corresponding bins. Note that the features are relative to
the agent’s orientation and are thus turning with the agent.

We train and evaluate our agents in a custom, continuous
2D top-down environment populated by pedestrians whose
positions are informed by the expert dataset. A snapshot of
our environment can be found in Figure 3.
The following sections detail the important components of
our environment.
1) The Agent: The agent is defined by its position, velocity, and radius. The radius is predefined and shared with
other pedestrians in the environment, and used in computing
collision with any obstacle by checking overlap. At any given
simulation time step, the agent accepts a discrete control signal
from any external controller (such as a policy), selecting from
a preset list of orientation and speed changes in a differential
drive style.
2) The Goal: The goal location marks the destination for
the agent and is determined according to the environment’s
initialization behavior detailed in subsubsection V-A5. Overlapping of the goal and the agent terminates an episode.
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Fig. 3: A snapshot of the environment at a given time frame
from the UCY students001 dataset. The black square represents the agent tracing a grey trajectory over time. The pink
square and the light-pink trail represent the ground truth pedestrian position and trajectory respectively. The numbers along
the traced trajectories denote timestamps. The red squares are
pedestrians with their velocity represented by the protruding
line, and ID denoted by the associated number.

3) The Pedestrians: Pedestrians are populated onto the
environment using an expert dataset. The dictation of the
pedestrian movements using a dataset lends to the deterministic nature of the environment. All the pedestrian share the
same radius and are the only form of navigational obstacle
in the environment. During the training of agents, collisions
with pedestrians terminate the training episode while this is
not necessarily the case during evaluation depending on the
measured metric.
4) Input Space and State: The control scheme for our agent
is that of a discrete differential drive, where any controller can
choose between a discrete change in orientation of [-30, -20, 10, 0, +10, +20, +30] values in degrees, and a speed change of
[-0.4, -0.2, 0, +.02, +0.4] pixels per second. The action space
resulting from the Cartesian product of the aforementioned
possibilities leads to a discrete action space with 35 distinct
possibilities. While the environment returns the location and
velocity information of all pedestrians in the scene, the feature
representation limits the information of pedestrians to a disk of
radius r around the agent for the purpose of decision-making.
5) Initialization Behavior: Whenever the environment is
initialized or reset, a pedestrian is replaced by the agent at the
same position. The selection of pedestrians is made according
to a deterministic queue comprising of all pedestrians, making
the agent cycle through all pedestrian initial positions before
ever repeating. The final location of the replaced pedestrian
determines the goal position of the environment.
B. Training Details
To solve the MDP in the inner loop of training the IRL
agents, we make use of A2C [32]. Both our reward and policy
networks comprise an input layer whose width is equal to
the features being used, followed by a 256 unit wide hidden
layer. For the reward network, the output layer uses tanh
activation and returns a real-valued reward. The policy network
bifurcates into two heads (outputs): a value head comprising
a linear layer that outputs a real number and an action head

5

comprising a linear layer followed by a softmax layer. We use
ELU [34] as the activation function for both the input and
the hidden layer of both the networks. We use the stochastic
gradient descent (SGD) [35] optimizer with a learning rate
of 0.0005 for the reward network and the Adam optimizer
[36] with a learning rate of 0.0001 for the policy network.
For training, we use the densely crowded ‘students003’ subset
of the UCY pedestrian dataset [37] which is comprised of
430 individual pedestrians. The length of the trajectories varies
from 53 to 2875 time steps with an average of 406 time steps
per trajectory.
For each feature representation considered, we train 21
separate random seeds each for 72 hours measured by wall
time. This random seeding, affecting the stochastic optimization components of MEDIRL training, is the only source
of experiment randomness as the environment is completely
deterministic. From each seed, we select the policy with the
smallest SVF difference from the expert.
C. Experiments Conducted
We evaluate the performance of our risk-based feature
extractor and deterministic MEDIRL approach by validating
against reinforcement learning and potential field [38] baselines. Furthermore, we compare the performance of our riskbased features against similar feature representations found
in literature when trained used the deterministic MEDIRL
algorithm.
As it is difficult to directly measure what qualifies as socially compliant navigation, we employ a small set of objective
metrics motivated by existing literature. While each of these
metrics measures an aspect of navigational behavior, they are
chosen to represent good socially compliant navigation when
considered collectively.
1) Goal reaching rate: This metric measures a fundamental
aspect of any navigating agent: the fraction of runs in
which the agent succeeds in reaching the goal from its
initial position without collisions.
2) Normalized change in orientation: This metric measures
the change in the agent’s heading angle as a proxy to
trajectory smoothness. A low change in orientation is
favorable as a highly erratic agent is both disturbing to
the surrounding pedestrians and practically challenging to
deploy from a control standpoint. This metric is computed
for each trajectory by summing the angle changes in each
time step and normalizing by trajectory length.
3) Average drift analysis: This metric is similar to the
average displacement error (ADE) metric from prior work
[39], [40]. It measures the accumulating deviation of the
agent’s temporal and spatial position with respect to the
ground truth trajectories traced by the pedestrians. Unlike
previous works, which calculate the divergence over an
entire trajectory, we test the divergence over segments of
various lengths. This is done by dividing each trajectory
into disjoint segments of a given size and calculating the
divergence over all the segments. The drift of an agent
A, for a given pedestrian p with a trajectory length of Tp
for a segment length of ST , is given by:
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−

ptgt,Sg

(7)

where, PsT is the set of disjoint segments of length
ST obtained from pedestrian p, and ptA,Sg and ptgt,Sg
representing agent position and the ground truth position
at time frame t for segment Sg respectively.
Evaluation is done on two separate datasets: the university
‘students001’, and the ‘Zara’ subsets of the UCY pedestrian
dataset. The university ‘students001’ comprises of 410 unique
pedestrians, where the length of the trajectories vary from 61
to 5394 with an average of 801 frames per trajectory. The
Zara dataset includes a total of 487 unique pedestrians with
the length of the trajectories varying from 52 to 5827 and
an average of 396 frames per trajectory. In terms of crowd
density, university students001 has the highest crowd density
followed by university students003 and the Zara. Error bars in
the following figures indicate a 95% confidence interval unless
stated otherwise.
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Fig. 5: Baseline comparison of trajectory smoothness as
produced by baseline agents. lower normalized cumulative
orientation change signifies a smoother trajectory.

were originally used in conjunction with a long-term planning
algorithm. To enable a comparison with our method, we
append to them the goal-conditioning features used in our
proposed feature representation. Additionally, we make the
same appendage to the velocity augmented SAM features from
[25] as the originally proposed features failed to train a policy
due to insufficient goal conditioning. We call this modified
version the ‘Goal conditioned SAM’.
First, we evaluate the selected feature representations on
the ‘students001’ subset of the UCY dataset. As shown in
Figure 6a, we find that our proposed feature representation outperforms other feature representations in successfully reaching
the goal. Based on manual inspection of the generated trajec0.8
0.7

0.5
Fraction of runs reaching the goal

This section showcases the performance of our risk-based
features against existing feature representations in the literature. For comparison against the existing literature, we select
feature representations proposed in [25] and [24] with some
minor modifications.
From [24], we pick the feature representations F1 and
F3 . While these feature representations were found to be
promising, they lack information about the goal state as they

0.20

Fig. 4: Baseline comparison of on different objective metrics
of navigation.

Fraction of runs reaching the goal

E. Comparing Different Feature Representations

0.25

(a) Baseline comparison of the (b) Baseline comparison of numrate of reaching destination on the ber of collisions encountered on
UCY students001 dataset.
the UCY students001 dataset.

D. Baseline Evaluation
We compare our proposed method against a potential field
implementation [38] and an RL agent trained using the proposed risk features and A2C [32] as baselines with the goal
of assessing our proposed agent’s ability to successfully reach
the destination without collision.
The RL agent is trained with handcrafted rewards and uses
the same policy network as described in subsection V-B. The
agent receives a reward of +1 for reaching the destination, a
penalty of −1 for collision with an obstacle, and 0.001 × lstep
where lstep is the length of the step taken by the agent and is
negative if the agent moves away from the goal.
Figure 4 shows that our agent is competitive with the
baseline potential field implementation while producing much
smoother trajectories as seen in Figure 5. It is interesting to
note that while the potential field controller enjoys almost 9%
greater success at reaching the goal, the IRL agent surpasses
the potential field controller, albeit by a small margin, at
collision avoidance. This can be explained by the differing
objectives of each method: IRL tries to closely match demonstrated trajectories which do not always take optimal paths
towards the goal and thus learns to behave in a more socially
compliant manner, while the potential fields agent experiences
a direct attracting force towards the goal and is more likely to
reach it. The results from the Zara dataset show similar trends.
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Fig. 6: Rate of successfully reaching goal for agents trained
using deterministic MEDIRL on the UCY ‘students001’ and
Zara subsets [37].
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Additionally, the task of navigation can be divided into subtasks like long-term planning, short-term planning, and collision avoidance. The use of dedicated controllers to handle
different sub-tasks in a hierarchical fashion [19] is another
area worth exploring.
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Fig. 8: Drift analysis for agents trained using deterministic
MEDIRL on the ‘students001’ subset of the UCY dataset [37].
tories, we attribute the success of the risk features in large part
to good obstacle avoidance. Additionally, our method performs
slightly better in the the trajectory smoothness (Figure 7a) and
drift metrics (Figure 8). Note that the drift and smoothness
metrics, unlike the ‘goal reached’ metric, do not consider
pedestrian collisions, which explains the similar performance
of the feature representations that lack the risk-based collision
avoidance features allowing them to largely ignore pedestrians,
which is an undesirable trait.
Evaluating on the Zara dataset, the results reveal similar
performance in successfully reaching the goal (Figure 6b) and
in trajectory smoothness (Figure 7b), and an increased drift
(Figure 9), which suggests a degree of generalization in the
trained agents. The increase in drift can be attributed to the
sparsity of the environment, which encourages the agent to opt
for straighter paths than what the crowded ‘students001’ subset
would allow for, thus opting for straight paths regardless of
what path pedestrians in the same situation would opt to take.
F. Limitations and Future Work
A major drawback of MEDIRL is the expensive retraining
of the policy after every reward network update. Adapting
MEDIRL to bypass this computationally expensive step by
interleaving the training of the reward network and the policy
network similar to [29] is a promising avenue of investigation.

VI. C ONCLUSION
In this work, we improved on the existing inverse reinforcement learning-based navigation pipelines by introducing
a new ’risk-based’ feature representation and an inexpensive
sampling technique for maximum entropy deep inverse reinforcement learning which allows us to operate in a model-free
environment. We demonstrated the efficacy of our algorithm
and feature representation by training an agent on a crowded
pedestrian dataset and showed it to produce smoother trajectories without sacrificing navigational success rate compared
to potential field and reinforcement learning agents. We comprehensively compared our proposed risk features to several
other feature representations found in literature and demonstrated an improvement in collision avoidance and increase in
conformity to socially-compliant navigation. Furthermore, we
demonstrated that the performance of our approach remains
consistent when deployed in unknown scenarios.
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