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The Agent-Environment Boundary

Anonymous Author(s)
Affiliation
Address

email

The standard reinforcement learning (RL) interaction [Sutton and Barto} [2020] (Section 3.1) loop
is often depicted as an agent that observes the current state of the environment, interacts with it
through actions, and receives a reward at discrete time steps. The typical problem formulation in
Markov decision processes (MDP) involves a predefined set of states and actions through which we
conceptualize the agent’s interaction with the environment. A philosophical question arises when
considering the actual boundary between the agent and the environment, particularly in the context
of humans or animals. Is the agent the entire human, with everything outside their physical body
considered the environment? Or should we adopt a more microscopic view, where the environment
includes the human body, and the agent is the brain, which sends neural signals to control the body
and interact with the world? Alternatively, a more macroscopic view might consider the agent to be
something outside the human body, perhaps associated with a group or collective.

The need for a clear distinction between the agent and the environment arises from the necessity
to partition parts of the system that are directly controllable or modifiable by the agent—in this
case, the action set [Sutton and Bartol [2020]. This distinction is crucial for influencing variables
that may immediately or causally affect the state variables. For instance, in standard robotics tasks,
the action space often consists of joint torques (or even the current to the motor joints), as these are
directly controllable by the agent to influence the position and motion of limbs via joint orientations.
Additionally, the observation space may include external inputs, such as an image feed of the
surrounding environment, enabling the agent to achieve its goals or complete tasks.

We aim to propose a more fluid definition of the agent-environment boundary that naturally integrates
the idea of actions as part of the observation space. These actions, controllable by the agent at the
smallest temporal scale, can influence variables in the observation space over longer time scales or
until the agent develops a better understanding of its morphological arrangement to possibly augment
its action space with new concepts. This understanding allows the agent to control and predict its
observation space, a concept related to building predictive knowledge, such as general value functions
(GVFs) [Sutton et al., 201 1]. It is at this boundary that the agent needs to have intrinsic tasks defined,
enabling the use of RL principles first to learn a causal model of effects. The agent can then build
models with varying levels of abstraction, allowing it to plan and perform RL at an extended frontier.
This relates strongly to empowerment [Jung et al.l 2012, [Salge et al., |2013|] and constructivism
[Drescher, [1991]].

Consider the example of a human baby: at first, a baby engages in seemingly random limb movements,
much like the random exploration seen in RL, as a way to make sense of their sensory experiences.
Over time, as the baby grows into a child and eventually an adult, these movements become more
coordinated and purposeful, building on the primitive muscle actions learned in early development.
This same principle applies when learning a new, complex skill, like driving a car. On your first day
behind the wheel, the mechanics of the vehicle are unfamiliar, and you must consciously control your
hands and feet to navigate. At this stage, your body is the agent, and the car is part of the environment
you interact with. Fast forward a year: after enough practice, the car feels like an extension of your
body, and the agent now encompasses both you and the vehicle. The environment has shifted outward,
as you’ve built a mental model that allows you to predict and control the car with ease.
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