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Abstract
Continual Learning (CL) has recently seen a surge of interest, highlighting the importance of the topic for machine
learning and artificial intelligence. While most recent work has been dedicated towards algorithmic improvements,
robust evaluation remains unsolved - a shortcoming we explore in this work. The CL problem is usually described
as a list of desiderata when facing a non-stationary stream of data, in most cases structured as a known sequence of
different tasks. The goal of a CL scheme is then to leverage previously acquired skills when facing new problems,
but also to retain skills and perform well on previously encountered tasks. Ideally, a continual learning algorithm
does so with constant memory and computational footprint in order to scale, and can learn without being aware of
task boundaries. These different desiderata are in tension with each other, making both problem specification
and evaluation difficult. In this work, we explore the relationship between data and evaluation and argue that one
needs to test the system in natural scenarios. Thus, we propose a new benchmark based on the popular video game
StarCraft II in the hope to better understand existing approaches to continual learning. A video of human play on
the proposed benchmark can be found here: https://goo.gl/vdzkut.

1. Introduction
As a problem, CL is (usually) defined as learning from a non-stationary stream of data, structured as a sequence of tasks1 to
better highlight and control the non-stationarity aspect. This setting contradicts the basic assumption of statistical learning,
namely that data is independently and identically distributed, hence making learning difficult.
The reasons for why data is non-IID can be diverse. For sequential modelling, one might want to preserve order in an attempt
to discover long and very long-term structure. Unfortunately, this can lead to overfitting the most recently seen examples
while globally underfitting the dataset [1]. In other cases, parts of the dataset might need to be deleted periodically for legal
reasons. When facing real time distributional shifts, it might be infeasible to retrain past data or train new models from
scratch [2]. In active or reinforcement learning (RL), non-stationarity is imposed by how the model observes data. In the RL
case, observations are the outcome of agent interactions with the environment and hence the distribution of observations
changes as the agent learns. Because of the richness of existing reinforcement learning environments, this change need not
be a gradual drift, but could be sudden.
One usually expects the system, exposed to the sequence of fairly distinct tasks forming the CL problem, to achieve several
goals: (i) It must not forget previously learnt skills (i.e. avoid catastrophic forgetting). (ii) We expect forward transfer, i.e.
the ability to accelerate learning on new tasks by exploiting previously acquired skills. In addition, the system should be
capable of backward transfer, possibly improving performance on past tasks. (iii) The CL scheme ought to operate with a
fixed resource footprint (in terms of memory, model size, computation) – which has to be a prerequisite in order to be able
to scale to a large number of tasks. This is required in life-long learning scenarios, when the system has to continuously
interact and adapt to its environment. (iv) Ideally, the system should be capable of doing so without knowledge of task
boundaries (or task identities) or when no boundaries exist at all (i.e. one task slowly morphs into another).
It is important to note that some of these constraints are in direct contradiction. Perfectly remembering previously learnt
skills is impossible (provided fixed capacity) when facing a potentially unbounded number of problems. Moreover, being
able to perfectly remember previous tasks while expecting transfer or generalisation, are also goals in tension each other.
Therefore, certain trade-offs need to be made implicitly, meaning different desiderata cannot be targeted in isolation2 . We
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While what a task is, or what it means to have sufficiently diverse tasks might not be well defined concepts, this framework does
provide a clean and constructive way to analyse the problem.
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As this bears the risk of progressing on a goal while sacrificing another

