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Abstract. Detecting and adapting to novel situations is a major chal-
lenge for AI systems that operate in open-world environments. One rea-
son for this challenge is due to the diverse range of forms that novelties
can take. To accurately evaluate an AI system’s ability to detect and
adapt to novelties, it is crucial to investigate and formalize the diffi-
culty of different novelty types. In this paper, we propose a method for
quantifying the difficulty of novelty detection and novelty adaptation in
open-world physical environments, considering factors such as the ap-
pearance and location of objects, as well as the actions required by the
agent. We implement several difficulty measures using a combination of
qualitative spatial relations, learning algorithms, and statistical distance
measures. To demonstrate an application of our approach, we apply our
difficulty measures to novelties in the popular physics simulation game
Angry Birds. We invite researchers to incorporate the proposed novelty
difficulty measures when evaluating AI systems to gain a better under-
standing of their limitations and identify areas for future improvement.
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1 Introduction

Autonomous AI systems such as self-driving cars, space probes, and surveillance
drones have become increasingly popular and common in recent years. These AI
systems require the ability to detect and adapt to novel situations in a timely
and efficient manner to avoid undesirable consequences. For instance, if a self-
driving car maintains its speed in a storm that was not experienced during
model training, it could endanger many lives. Open-world learning (OWL) is an
emerging field of study that aims to solve the challenge of detecting and adapting
to novel situations [14]. To progress in OWL research, it is essential to have
appropriate evaluation protocols to capture the performance of agents under the
two tasks: novelty detection and adaptation [18,9]. This paper contributes to
the OWL evaluation by creating difficulty measures to independently evaluate
agents’ performance from the inherent difficulty of novelties.

We encounter a near-infinite form of novelties in the real world [14,1,6]. For
example, consider an autonomous car designed for urban driving in a busy city.
The model which controls the vehicle has reliable expertise for navigating in this
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setting, but suppose it enters a new area with different traffic patterns. Here, it
may encounter new types of road signs, unfamiliar pedestrians that can cross its
path, and aggressive drivers that may cut it off. The vehicle may enter a stormy
area where visibility is low and where sensor readings are distorted or where
strong winds threaten to push it off course. As seen from this example, there is a
large range of novelties and some of them may be easy to detect and adapt and
some of them could be hard or nearly impossible. If we are to evaluate the novelty
detection and novelty adaptation ability of an agent, it would be uninformative
to comment on the performance by considering all the novelties as a whole [19].
Using a measure of difficulty in the evaluation enables evaluators to understand
the range of situations an agent may fail and reliably make conclusions.

In this paper, we identify different forms of novelties by considering two states
where an agent can detect/adapt to novelty: observational state, action state.
The observational state considers the situations that can be visually perceived
while the action state considers the actions an agent has to take. We formalize
practical methods to compute difficulty under the two states with the use of
learning algorithms and statistical distance measures. We utilize existing learn-
ing algorithms and we propose an algorithm developed using qualitative spatial
relations (QSRs). For statistical distance measures, we use graph edit distance
(GED), distance measures developed using solution paths, and measures based
on the probability density function (PDF). In the supplementary materials, we
demonstrate that the difficulty measures we formulated can be easily applied in
practice by applying them to a recently developed testbed NovPhy [9] (Angry
Birds with novelty), which injects novelties into a physical environment.

2 Background and Related Work

In this section, we first provide definitions for the terms that we will be using
throughout the paper. Next, we review the literature on a number of topics
required to understand our novelty difficulty measures.

– novelty : a situation that an agent has not encountered during model training.
It could be a new object that an agent has not seen before or a phenomenon
that an agent has not experienced (eg: storms, floods).

– pre-novelty : a situation without novelty (i.e., a situation that an agent has
seen during model training).

– novel object : An object that has one or more novel properties. It could be
an object that an agent has seen before but with a different color, or mass,
or the object may do an action that it did not do during pre-novelty.

– non-novel object : An object without any novel property.
– object class: A group of objects with similar properties. (eg: In Fig. 1b, there

are multiple brown circular objects. They belong to class wood-circle).
– novelty detection: detecting that a novelty is present in a task.
– novelty adaptation: solving a task in the presence of a novelty.
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