Toward Visualization Methods for Interactive
Improvement of MDP Specifications
Sean McGregor,1 Thomas G. Dietterich,2 Ronald Metoyer3
Department of Electrical Engineering and Computer Science
Oregon State University
Corvallis, OR 97331
1
smcgregor@seanbmcgregor.com
2
tgd@eecs.oregonstate.edu
3
metoyer@eecs.oregonstate.edu

Abstract
When we define an MDP, specification errors in the reward function can lead to
“optimal” policies with unintended behaviors. How can we detect these problems
and iteratively correct them? We are developing interactive visualization tools that
allow the user to explore Monte Carlo rollouts of one or more proposed policies
for an MDP. The tools allow the user to impose constraints, modify the reward
function, and obtain approximate feedback on the consequences of these changes.
To implement these capabilities, we must solve several algorithmic challenges,
which we describe in detail. Our work is inspired by large high-dimensional
MDPs whose policies must be validated against a complex set of goals that are
not necessarily defined by domain experts.
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Introduction

As society cedes decision making to computers in tasks as diverse as hiring [8], driving vehicles [7],
and wildfire suppression [5], the ability to include humans in the loop of machine optimization gains
greater relevance.
Typically a “solution” to a Markov Decision Process (MDP) is a policy maximizing the expected
reward, but reward functions may produce tradeoffs unforeseen by the domain experts. Andrew Ng
gives examples of domains with unusual policies [9]. In one example, a soccer playing agent is
rewarded for touching the ball under the theory that ball possession time is associated with offensive
goals. Instead of speeding learning, this shaping reward produced an agent that stands near the
ball and “vibrates” to produce the maximum number of ball touches. Such experiences in easily
interpretable domains begs the question for large, complex, and simulator-defined MDPs: does the
policy contain the equivalent of a vibrating soccer player and how can we find him? To bridge
machine representations of policies to real-world application, we propose to build from the toolset
of information visualization.
Information visualization uses human capacities to examine [14] visual summaries of the nature
and relationships contained within data [15]. Traditional machine learning charts can be viewed as
rudimentary visualizations, but they do not facilitate exploration.
There are two concomitant challenges in applying information visualization techniques to MDPs.
First, a visualization design must be proposed that meaningfully enhances human understanding.
Second, the computational issues in supporting real-time interactive visualizations must be solved.
The challenges for machine learning in real-time are accentuated by applications in computational
sustainability. This abstract is motivated by the domain of wildfire suppression policies [5], which
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attempts to maximize the reward from forested lands while minimizing the management costs of
fire suppression and treatments. Wildfire and many other computational sustainability domains are
defined by computationally expensive simulators that take minutes to hours to complete a single
state transition. Since evaluating a policy typically requires many thousand state transitions, it is
infeasible to base policy inspection on being able to generate new transitions in response to user
interaction.
In the next section we present work related to visualizing MDPs, including our design that explicitly targets the MDP formulation. Following the visualization we present two challenges for MDP
algorithms that must be solved to augment the visualization with additional functionality. While the
visualization is useful without solving these algorithm issues, we highlight visualization components
in Appendix A that require algorithmic advances before they can function in real time.
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2.1

MDP Visualization
Related Work

While no MDP information visualizations have been proposed, there are numerous works that could
be viewed as visualization for a more restricted class of MDPs.
Several works give systems for exploring decisions at a single time step. Broeksema et al. [3]
give a decision analysis tool to examine recommendations made by an expert system. Decisions
are plotted as Voronoi diagrams by means of Multiple Correspondence Analysis (MCA), which is
a more general version of Multidimensional Scaling (MDS). The Voronoi diagrams don’t have a
comprehensible coordinate system in two dimensions, but adjacency of attributes plotted over the
diagram show how the decision variable changes as other attributes vary.
Migut and Worring [6] compose several information visualizations into a visual analytic dashboard
for exploring a dichotomous choice as determined by a machine learning classifier. As is the case
for the Broeksema et al. visualization, the system is only applicable to single time steps.
Simulation steering is one branch of visualization that attempts to bring the user into the optimization process by allowing the user to select actions at each state as the system develops. Afzal et
al. [1] does simulation steering for epidemic response decisions that shows individual outcomes
through time and outcomes on a map. The user can change decisions at various points along a future
trajectory to see how the mortality rate responds. This visualization may be viewed as providing
user-based optimization for deterministic MDPs. To address the more general case of MDPs with
stochastic transitions, it is important to represent a distribution of outcomes rather than a single
interactive line of actions and responses.
Waser et al. [16] give another simulation steering visualization, “World Lines,” where the user is
invited to control emergency response to a flooding event. This visualization concentrates on generating a small set of alternative futures based on an action in the present. Stochasticity is not an
element of this visualization so it also falls well short. Later refinements to Waser et al’s approach
[12, 13, 17, 18] expands World Lines to support stochasticity through secondary simulation controls
(random levee breach locations) on the probabilistic parameters of the model. These works advance
representing the full complexity of MDPs, but the World Lines representation fails to show the multitude of outcomes in a compact representation. Further, the visualization is aimed at interactively
constructing a user-generated policy, which ignores machine-generated policies.
In contrast to the current approaches in literature that attempt to give the best visualization possible for a particular problem domain, our approach looks to define the visualization in terms of the
abstract properties of a class of problems that has heretofore not been explicitly visualized. While
possible to produce more useful visualizations for particular problem domains through specialization, we believe abstract formulation of the visualization leads to maximal re-use of visualization
effort and serves as a starting point for specializing visualizations to the properties of specific MDPs.
Next we express our novel visualization in terms of the MDP formulation.
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2.2

MDPVis Prototype

We employ the standard formulation of an infinite horizon discounted Markov Decision Process
(MDP) with a designated start state distribution [2, 11] M = hS, A, P, R, , P0 i. S is a finite
set of states of the world; A is a finite set of possible actions that can be taken in each state; P :
S ⇥ A ⇥ S 7! [0, 1] is the conditional probability of entering state s0 when action a is executed in
state s; R(s, a) is the (deterministic) reward received after performing action a in state s; 2 (0, 1)
is the discount factor, and P0 is the distribution over starting states.
For the purposes of presenting both the diversity of outcomes for a given policy and the relative
probability of the outcomes, we give a visualization that breaks the MDP into five parts. The parts
are displayed in layers such that each layer fixes a component of the MDP for the subsequent layers.
Each layer is premised on having access to a database of Monte Carlo rollouts. An example rendering for a wildfire suppression domain is given in Appendix A. Proceeding from the top layer to the
bottom, we have:
a. Rewards Specification: R(s, a). Here we permit the user to change the reward function. Interaction at this level requires no novel algorithms since we can reevaluate the existing set of
Monte Carlo rollouts. How to quickly optimize a new policy based on the new reward function
is covered in section 3.
b. Policy Definition: ⇡(s) 7! a. In this layer we state the policy by which we generate the Monte
Carlo rollouts. Adding real-time interaction to this layer requires novel approaches outlined in
section 3.
c. Initial State Distribution: P0 . In this layer we determine the state(s) the domain starts in. This is
expressed as a set of histograms displaying the starting state variables. By brushing (interactively
subsetting) the histograms the user can update P0 to fix initial state values. The combination
of brushing operations across all histograms supports contingency analysis by showing how the
Monte Carlo rollouts develop under different starting conditions and the same policy. In the case
of our wildfire domain this sets the state variables of the first fire experienced. By examining
the worst case and best case initial fires the user can check the robustness of the policy for more
extreme conditions.
d. State Variable Evolution: P . In this layer we fix the policy and initial state distribution and
present the set of outcomes on a per-variable basis. The state development is given as a fan chart
of the percentiles of the state variable values (see Appendix A). By giving the percentiles, we
are able to show both the diversity of outcome and the probability of particular values. Annotations to the fan chart provide the ability to explore constraints on the state variables, such as
the maximal or minimal probability of a variable value at any time step. Exploration of different
time horizons is supported by brushing histograms giving the frequency of variable values at the
current time horizon. This supports exploration of both the typical and extreme results of the
policy by selecting different percentile ranges.
e. Outcome Exploration:
After selecting and brushing the other components of the MDP, we can now show the set of
outcomes in more detail. The central challenge at this layer is to present outcomes over many
state variables for any time frame of interest. Here we either apply a domain-specific visualization
(see fire example in Appendix A), or we run Multi-Dimensional Scaling (MDS) or Multiple
Correspondence Analysis (MCA), which collapses high dimensional attribute spaces into the
two dimensional screen space [3]. The goal of this layer is to present the outcomes in a way
that groups similar states near each other on the screen. The user can then explore the induced
clusters of states to create a mental model of the diversity of outcomes.
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Algorithmic Challenges

The extreme cost of simulators in computational sustainability domains raises the following questions for any visualization that permits the user to modify either the policy or a domain’s reward
function:
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How can we quickly do “what if” analysis for user-defined policies? Typically the policy would
be evaluated by examining a set of Monte Carlo rollouts, but generating rollouts is computationally
expensive. Methods of avoiding calls to the expensive simulator are necessary.
How can we quickly perform optimizations on a changing reward function as a user “debugs” domain specification? While the MDP visualization given above is functional for exploring a single
policy with a pre-generated set of Monte Carlo rollouts, it does not currently optimize new policies.
This limits the user’s ability to explore alternative domain specifications. Most large MDP algorithms assume they will not be run interactively, which means there is a dearth of approaches that
are applicable to visualization.
3.1

Generating Representative Rollouts without Simulation

Fonteneau et al. [4] give a method for synthesizing new artificial rollouts by stitching together state
transitions from transitions that have similar ending states to transitions that have similar starting
states. This technique, which has been successfully applied to optimizing toy domains, could potentially be applied to a very large database of state transitions as a way of pre-computing the results
for many different policies. When a new policy needs Monte Carlo rollouts, the database is queried
for transitions rather than calling an expensive simulator.
3.2

Updating the Optimal Policy when the User Changes the Reward Function

Domain specification for complex tasks is an iterative process that can often involve changes to
the reward function. In the case of the wildfire suppression problem, such changes could involve
changing the relative value of species, recreation, timber, fire suppression expenditures, and scenic
views. We wish to quickly give users a strong policy as a starting point for exploration.
While obtaining a good policy in realtime for the user remains challenging, we take inspiration from
Ng et al. [10] and limit the policy space to stochastically defined policies. We can then solve a linear
program over the database of rollouts that minimizes the likelihood of generating the less desirable
rollouts. While it is unlikely that policies generated in this manner will be deemed optimal, it should
give a starting point.
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Conclusion

Here we outlined the benefit of exploring MDP policies via visualization, presented a working visualization, and suggested ways to expand the functionality of the visualization to cover more policies
and policy generation.
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Appendix(A!

Reward Specification
More

Less

$5 per board foot harvested

More

Less

$1,500 fixed cost for suppression

More

Less

$500 marginal cost per hectare for suppression

More

Less

$10 per old growth tree for habitat

More

Less

$100 per mile of forested mountain bike trail

Optimize a new policy with these rewards.

(not implemented due to algorithmic issues)

Policy Definition
Here you can change the coefficients of a logistic regression policy determining whether wildfire should be suppressed.
-1.16 for wind (MPH)
0.97 for Energy Release Component
-1.05 for Humidity
0.85 for intercept
(not implemented due to algorithmic issues)

Generate Monte Carlo Rollouts.
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