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I. I NTRODUCTION
Humans negotiate and manipulate their environments with
a facility that far surpasses the abilities of even the best
current robots. This facility is likely the fruit of a complex
set of systems that allow humans to process noisy stimuli
about the world, form internal representations of the patterns
contained in these stimuli, and use the representations to
make decisions that are expressed through motor actions.
This perception-action loop is analogous to the one used
to design robots, although the physical (i.e., biological)
hardware used by humans is different in kind to that used by
robots. The biological hardware has significantly less computational power than that of robots, so human capabilities
are likely underpinned by approximations that enable high
performance at low computational cost. Understanding these
approximations is of great use to robotics, and this paper
argues that the framework of value-based decision making is
a fruitful one to pursue this understanding.
II. VALUE - BASED DECISION MAKING IS OPTIMIZATION
Value-based decision making [1] is a paradigm for studying decision-making behavior. In the paradigm, subjects
(who may be animal, human, or algorithmic) are given tasks
where they are shown stimuli and have to react by performing
certain actions, whereupon they receive rewards. The utility
of this paradigm is due to the fact that the subject’s optimal
strategy can be written in terms of an optimization problem,
namely, that of maximizing total rewards or reward rate.
With such an optimal (often termed “normative”) strategy
defined, cognitive scientists can then empirically study deviations from optimal behavior and explain them in terms of
heuristics and biases [2].
The properties of the value-based decision-making
paradigm that make it useful for studying behavior also make
it useful for robotics. It is natural to formulate robotics and
control tasks as optimization problems; this is the basis of
optimal control. Solving optimal control problems can be
computationally costly, so understanding the heuristics and
biases that permit biological systems to cheaply find approximate solutions is of great value to robotics. Conversely,
when these biases create predictable patterns of suboptimal
behavior, it is of interest to design computational aids to help
humans improve their performance.
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A generic value-based decision-making task has the following structure: a subject is presented with a set of possible
actions A which may be finite or infinite. At each of a
sequence of times t ∈ N, the subject is presented with
a stimulus st which may be visual, auditory, tactile, etc.
The subject then selects an action at ∈ A and receives a
reward rt ∈ R. Both the stimulus and the reward may be
stochastic in the sense that they are corrupted by random
noise. The subject’s goal is to pick actions that maximize
expected rewards:
X
E [rt ] ,
(1)
max
{at |Ft }t∈N

t∈N

where Ft represents the information available to the subject
at time t. This paradigm is analogous to a Markov Decision
Process (MDP) in obvious ways.
The normatively-optimal strategy to solve (1) can, in
principle, be computed by exploiting the analogy to MDPs
and employing an appropriate MDP solution algorithm, such
as value iteration, Q-learning, etc. This provides a baseline
for comparison with observed human behavior.
In solving control problems, one often employs the separation principle and designs a controller based on 1) a statefeedback control law, and 2) an estimator which produces
estimates of the state that can be fed into the control law. Behavioral scientists build models that separate similarly. This
introduces structure in two places: 1) heuristics, analogous
to control laws, and 2) Bayesian statistics, which are used to
build representations and estimators.
The structures of heuristics and priors are representations
of task-relevant information that can be shared between
humans and robots. By understanding the structures of
heuristics that guide human decision making and the priors
that inform these heuristics, we can develop algorithms
that naturally interface between humans and machines. For
example, a robotic system could learn from a human with
high performance by fitting a model to the human’s observed
behavior and then using those model parameters in an
algorithm with similar structure.
III. M OTOR ACTION SELECTION
Several prototypical tasks from cognitive science are particularly relevant to our goal of using value-based decision
making in robotics. In this section we introduce focus on one,
called motor action selection, and in the following section
we show how we have begun to connect it to robotics.
Situations where evidence must continuously be integrated
and used to select among alternatives are at the heart of the
so-called affordance competition hypothesis. An affordance

is an opportunity for action defined by the environment
around an animal or robot. The affordance competition
hypothesis states that, in animals, the processes of action
selection and movement planning operate simultaneously and
in an integrated manner [3].
The cognitive science literature provides a body of evidence for the affordance competition hypothesis [3], [4].
Often this evidence takes the form of brain structures which
interweave responsibility for perception and motion planning
and execution. In the context of robotics, an analogous
sensorimotor system would similarly integrate processing of
perceptual stimuli and motion planning. In the next section
I present the details of such a sensorimotor system, called
motivation dynamics, which I am actively developing.
IV. M OTIVATION DYNAMICS
In ongoing work, I am pursuing a framework for valuebased sensorimotor systems that implements a form of affordance competition and naturally interfaces with low-level
signal processing models of the type used to study perceptual
decision making. I call this framework motivation dynamics.
The motivation dynamics framework, introduced in [5],
can be thought of as a convex relaxation of hybrid dynamical
systems in the following sense. Like a hybrid dynamical
system, a motivation dynamics system with continuous state
x has a finite set of low-level controllers Fa (x), a ∈ A =
{1, . . . , N } called modes. A hybrid dynamical system follows one mode at at time t, where a is the state variable
of a discrete finite automaton. The continuous dynamics are
then ẋ = Fat (x), and various guard functions control the
transitions of the automaton. Instead of the mode variable
a ∈ A, the motivation dynamics system maintains
P a motivation state m ∈ ∆N = {x ∈ RN +1 |xi ≥ 0, i xi =
1}, where ∆N is the N -simplex. The vertices of ∆N are
analogous to the modes a ∈ A, while other elements of
∆N consist of convex combinations of the vertices. The
dynamics
of x under motivation dynamics are given by ẋ =
PN
i=1 mi Fi (x), which can be thought of a convex relaxation
of the continuous dynamics of the hybrid dynamical system.
In place of the discrete finite automaton that selects modes
in a hybrid system, motivation dynamics framework [5] uses
a bio-inspired dynamical system from [6] which implements
a value-based decision-making model. Specifically, the motivation dynamics framework associates a value state vi > 0 to
each mode i ∈ A (vi may have its own dynamics and depend
on the environment or external stimuli) and the motivation
dynamics ṁ = fm (m, v) is such that the motivation state
m will tend towards a point that puts most weight on the
highest-value mode. By tightly coupling valuation, action
(i.e., mode) selection, and physical dynamics, the motivation dynamics framework implements a form of affordance
competition as discussed in [3].
The value state v ∈ RN
+ in the motivation dynamics
provides a natural interface between the motivation dynamics
framework and low-level perceptual decision models. For
example, the likelihood or log-likelihood of a given category
of stimulus can be used as the value input associated with the

mode that should be triggered when that stimulus is detected.
Such a connection was suggested in [7], which studied the
dynamics ṁ = fm (m, v) in their original biological context.
In recent work [8], we show that using log-likelihoods as
value states permits a robot to smoothly select correct actions
in response to noisy stimuli.
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