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ABSTRACT

Decisions.jl is an open-source Julia ecosystem for standardized rep-

resentations of general sequential decision problems. Uniquely, it

explicitly represents the dynamic decision networks that underlie

problem classes, and therefore supports everything from the most

basic Markovian problems to problems with intricate variations

on multiagency, observability, constraints, and continuity (among

other characteristics). By leveraging the Julia language’s just-in-

time compilation, Decisions.jl delivers high-performance interfaces

in the intuitive style of similar single-model frameworks. In this

work, we explore how Decisions.jl can be used to navigate the

space of sequential decision problem classes. Decisions.jl enables

the transformation of problem formulations into simpler or more

complex variants, allowing users to rigorously evaluate tradeoffs be-

tween generality and performance in decision-making algorithms.

Additionally, Decisions.jl streamlines the usage of multiagent prob-

lem formulations that would otherwise be too cumbersome to repli-

cate consistently.
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1 INTRODUCTION

When modeling sequential decision problems, decision theorists

and practitioners often begin by identifying key characteristics like

multiagency, partial observability, decentralization, and then use

software tailored to the corresponding formulation. But writing
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decision-making algorithms, drawing comparisons, and extending

domains often require interacting with multiple such formulations.

For example, imagine, having developed a problem as a par-

tially observable Markov game (POMG), attempting to (a) draw

comparisons with decentralized, cooperative variants; (b) impose

constraints, or (c) use belief-based operations from the single-agent

literature. Currently, any one of these tasks would require manually

altering the POMG software architecture to support a new problem

class - a time-consuming, often unrigorous process. However, many

decision problems can be represented using dynamic decision net-

works (DDNs), and the extension relationships between problems

can be standardized as operations on those networks. Using such a

standardization, we can generalize and automate away the tedious

task of modifying problem frameworks.

Decisions.jl is an open-source sequential decisionmodeling ecosys-

tem that represents all decision problems that can be expressed

with a DDN. It represents DDNs explicitly at runtime, compiled

just-in-time to provide first-class support even for nonstandard

problem classes. As an example, Decisions.jl supports the problem

class represented by Figure 1 - a centralized, partially observable,

multi-agent game with unusual dependencies between agents on

each node. No existing single sequential decision-making frame-

work can represent this problem class out of the box. (We discuss

this particular class further in Section 2.5.)

Figure 1: The decision network underlying centralized, par-

tially observable, multi-agent games - one of many unusual

problem classes supported by Decisions.jl.
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Furthermore, by specifying the right sequence of transforma-

tions, any problem in a particular problem class can be converted

into a different problem class. In doing so, users can carry out

many tedious framework alterations in one line. We discuss these

transformations in Section 3.1.

Decisions.jl is primarily designed for model-aware settings. It is

neither a solver library nor a collection of environments, though

some simple domains and algorithms are provided for prototyping.

It is implemented in the Julia programming language [2].

In this paper, we focus on two core functionalities of Decisions.jl:

(1) Since Decisions.jl supports any problem classes backed by

a dynamic decision network, arbitrary problem classes can

be represented. This includes standard problem classes (like

Markov decision processes (MDPs), partially observableMarkov

decision processes (POMDPs), and Markov games (MGs))

as well as problems with novel definitions or with unusual

combinations of characteristics.

(2) Decisions.jl also provides a number of transformations be-
tween problem classes, adding or removing problem compo-

nents in a rigorous manner to enable different solver tech-

niques and improve rapid model prototyping.

After an overview of related work, we dedicate a section to each

of these functionalities, followed by a brief concluding discussion.

1.1 Related Software

Decisions.jl is primarily designedwithmodel-aware decision theory

in mind. For the purposes of this section we ignore the many model-

free reinforcement learning frameworks available.

The Julia language [2] has active model-aware sequential deci-

sion making and mathematical optimization communities, so we

point out some direct inspirations:

• The POMDPs.jl ecosystem [3] “provides a common pro-

gramming vocabulary” for POMDPs to facilitate solver and

environment development. But POMDPs.jl only supports

POMDPs (and closely related problems) — specifically, there

is no multiagent support, which is first-class in Decisions.jl.

• DecisionProgramming.jl [13] takes a similar approach to De-

cisions.jl in representing a broad array of problems using

underlying decision networks, but primarily for the purpose

of transforming decision networks into mixed-integer linear

programs. Decisions.jl is more involved with the problems

these decision networks represent, and allows for both con-

tinuous and discrete spaces.

Of course, the majority of sequential decision-making frame-

works exist outside Julia, many oriented towards reinforcement

learning and others towards specific decisions and operations re-

search. Among these, we note two in particular. First, Openspiel

[10] is widely used for reinforcement learning on extensive form

games (EFGs). Unfortunately, the gap between EFGs and more stan-

dard sequential decision making problemsmakes it difficult to apply

algorithms from one formulation to the other [1]. Decisions.jl is

designed to allow for the extension of single-agent decision making

into the multiagent space.

Second, the PRISM model checker [8] works on a set of decision

problems comparable to that of Decisions.jl, particularly through

PRISM-Games [9], which allows modeling stochastic games. How-

ever, while some of the formal modeling is similar, PRISM and

Decisions.jl come from very different traditions. PRISM is primarily

a software verification tool (though strategy synthesis is available).

Decisions.jl is only for decision making, but is more involved in

manipulating abstract formulation of sequential decision problems.

(PRISM does not manipulate DDNs explicitly.)

1.2 Related Theory

Dynamic decision networks (DDNs) are the core of Decisions.jl.

We define them in Section 2.1, and typically follow the patterns

described by Kochenderfer et al. [6] in using them to represent

problems.

Work which involves manipulating DDNs to solve the repre-

sented problems focuses heavily on Markov decision processes

(MDPs). Of this, the work of Venturato et al. [15] is of some rele-

vance for its focus on compiling somewhat general DDNs into more

useful forms (in that case, into propositional logic formulae, among

other steps). This broadly follows the compile-evaluate paradigm

Decisions.jl uses to generate problem utilities, but to a different end

(and using only boolean random variables). In the multiagent space,

decentralized partially observable MDPs (Dec-POMDPs) appear to

be the most general problem class formulated with DDNs found

commonly in the literature. In particular, Kumar et al. [7] manipu-

late the DDN for Dec-POMDPs to improve scalability in a way well

aligned with Decisions.jl transformations.

Decisions.jl is also inspired by the theory of game abstraction

[14]. Game abstraction involves mapping a complicated game to a

simpler space, solving it there, and mapping the solution back to

the original space. Decisions.jl takes this a step farther, allowing

for simplifications to problem classes outside of game-theoretic

formulation entirely. What we refer to here as “problem class trans-

formations” are a generalization of the “game view operations”

discussed by Wellman and Mayo [16]. In particular, the implemen-

tation of fictitious play via transformations given in Section 3.3 is

directly based upon their discussion of iterative best response via

game views.

2 GENERATING PROBLEM FRAMEWORKS

In this section, we describe how Decisions.jl represents general

decision problem classes.

2.1 Decision Networks

We begin with some formal definitions of the structures used in

Decisions.jl.

A decision network (DN) is a Bayesian network with finite,

labeled nodes 𝑉 , edges 𝐸, and conditional probability distributions

𝑃 , with the following modifications:

• Each node is a decision (or action) node, a chance node, or an
outcome (or utility) node, with the following restrictions:

– Decision nodes’ conditional distributions have no defined

PDF or sampling function. They may, however, have a

well-defined support.

– Outcome nodes have no children.

– Nodes which are not outcome or decision nodes are said to

be chance nodes.
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Figure 2: Three possible relationships between and within

two indexed nodes (m and a) in a DDN.

• A decision network may be dynamic: representing a single
time step in an iterative process, where specified nodes are

temporally linked. For temporally linked nodes 𝑎, 𝑎′, the out-
put of node 𝑎 at iterate 𝑡 is the output of node 𝑎′ at iterate
𝑡 −1. Temporal links are specified with the temporal mapping
𝑠 : 𝑉𝑡 → 𝑉𝑡+1, where 𝑉𝑡 ,𝑉𝑡+1 ⊂ 𝑉 and 𝑉𝑡 ∩𝑉𝑡+1 = ∅.

(See Figure 1 for an example DDN visualized by Decisions.jl).

For our purposes, a decision network is a tuple (𝑉 , 𝐸, 𝑃, 𝑠). A
dynamic decision network is any decision network where 𝑠 does

not map ∅ → ∅. For further formal discussion of decision networks,

we refer the reader to Jensen and Nielsen [5].

For performance, Decisions.jl includes three other pieces of in-

formation alongside networks:

• Nodes are further labeled with the names of the random vari-

ables they represent. Homomorphic graphs with different

labels are considered unique decision networks, regardless

of the underlying distributions.

• Nodes may represent tensors of random variables with any

number of axes (that is, “plates” are allowed). Along each

axis, a node is marked as either jointly sampled along that

axis, or independently sampled along that axis. We consider

the axes as part of the node labels.

• Edges from and to plates are marked as either parallel or
dense relationships along each axis.

Plates allow for parallelizable multiagent support that can be ap-

plied to extend any decision network into multiagent space. Figure

2 shows three possible plate relationships representable in Deci-

sions.jl. The corresponding conditional probability distributions for

node a, from top to bottom, are 𝑃 (𝑎 | 𝑚), 𝑃 (𝑎𝑖 | 𝑚𝑖 ), and 𝑃 (𝑎𝑖 | 𝑚).

Note that since decision networks need not be dynamic, there are

some “sequential” decision problems represented by Decisions.jl

that are not strictly sequential (that is, they are iterated only once).

For instance, normal form games are supported.

2.2 Problem Classes and Instances

We borrow the language of object-oriented programming in for-

mally defining problem “classes” (like “POMDP” and ‘Markov game”)

and problem “instances.”

A sequential decision problem instance𝑞 (“problem instance”

informally) is a tuple (𝑉 , 𝐸, 𝑃, 𝑠, 𝑓 , 𝜌). Specifically, 𝑞 includes a deci-

sion network (𝑉 , 𝐸, 𝑃, 𝑠), an objective 𝑓 , and objective parameters

𝜌 . For performance, Decisions.jl uses objectives 𝑓𝜌 : 𝐾,𝑋 → 𝐾 for

some arbitrary set 𝐾 , where 𝑋 is the space of (𝑥1, 𝑥2, ...) tuples and
𝑥1, 𝑥2, ... are the random variables represented by the nodes of 𝐷 .

(That is, random variables are aggregated by 𝑓 , step by step, into

some value ∈ 𝐾 .)
A sequential decision problem class𝐶 (“problem class” infor-

mally) is the set of all problem instances represented by (𝑉 , 𝐸, 𝑃, 𝑠, 𝑓 , 𝜌)
for some (𝑉 , 𝐸, 𝑠, 𝑓 ) and any (𝑃, 𝜌). All problem instances lie in ex-

actly one class (which we denote class(𝑞)).
We denote the set of all problem classes as D and the set of all

problem instances as Q. Note thatD is not simply the power set of

Q, since problem classes must be a set of related problem instances

(sharing (𝑉 , 𝐸, 𝑠, 𝑓 )), there are sets of problem instances that do not

correspond to a problem class.

Decisions.jl primarily operates on problem classes rather than

problem instances.

2.3 Standard Markov Problems

While all problems that can be represented with a decision network

are supported, Decisions.jl explicitly provides names for problem

classes widely used in the literature. One family of such problem

classes is the standard Markov family, the set of problem classes

where 𝑉 is a subset of the following eight nodes:

• state (s) and successor state (sp), temporally linked

• memory (m) and successor memory (mp), temporally linked

• action (a)
• reward (r)
• observation (o), and
• sojourn time (𝜏).

As one would expect, the standard Markov family contains

many common problems related to Markov decision processes

and Markov games. However, not all “Markov” problem classes

supported by Decisions.jl are in the standard Markov family - for

instance, mixed observability POMDPs [11] are not a member.

Three of the nodes listed above merit further explanation:

• Thememory and successor memory nodes appear in partially

observable problem classes. They are temporally linked deci-

sion nodes that represent a belief update; that is, the memory

tracks all information persisted by an agent from timestep

to timestep. Explicit memory modeling has several benefits:

– Policies, like all probability distributions in Decisions.jl,

are built from pure functions. They do not have side effects,

which would make it very difficult to guarantee that the
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DNN structure is actually representative of the data flow

in the problem.

– The epistemics (that is, beliefs) of different agents can be

easily compared.

– In multi-agent settings, the individual memories of agents

are explicitly tracked, allowing for rigorous modeling of

hierarchical beliefs and epistemic observations.

• The sojourn time node appears in semi-Markov problem

classes. Its inclusion in Decisions.jl allows the system to

generalize semi-Markovianness from semi-MDPs to any stan-

dard Markov problem. For more information on formal mod-

eling of semi-MDPs, we refer the reader to Puterman [12].

2.4 Mapping Semantic Traits to Problem Classes

To facilitate arbitrary composition of problem characteristics, Deci-

sions.jl maps from “traits” (like “partially observable” or “decentral-

ized”) into the DAG (directed acyclic graph) underlying a problem

class, given a problem class family (like “standard Markov”). As

a result, in general, only the traits, distributions, and objective

parameters need to be defined for any problem.

Figure 3 shows a graphical representation of the effects of these

traits on the underlying decision network. Here (and in Decisions.jl

in general), infixed indices like i are used to denote parallelization

over an edge. Each of the eight listed traits has a distinct effect on

the graph, with the possible
1
values listed.

Decisions.jl not only supports each defined problem trait indi-

vidually, but also supports intersections of traits. This allows Deci-

sions.jl to represent a wide variety of “nonstandard” or less-studied

problem classes which, far from being “edge cases,” represent some

intricate problems in novel ways. Next, we explore how Decisions.jl

represents one such problem class, the centralized, partially observ-
able Markov games.

2.5 Case Study 1: Centralized POMGs

This case study illustrates the flexibility of Decisions.jl in represent-

ing “nonstandard” problems.

Decentralized POMDPs (Dec-POMDPs), partially observableMarkov
games, and multi-agent (centralized) POMDPs are three closely re-

lated and frequently studied partial-information scenarios (all of

which are representable in Decisions.jl). In denoting these frame-

works, we typically assume that when agents share a belief, they

are cooperative.

However, belief centralization and cooperation are orthogonal

traits: it is possible for agents to share a belief, but interact adver-

sarially. In fact, the agent or agents controlling the belief (that is,

the memory node) need not have any direct control whatsoever

over the action. We call this scenario a centralized partially ob-
servable Markov game, or Cen-POMG, and it can be modeled with

Decisions.jl.

As a motivating example
2
, consider the following “adversarial

information aggregation” game. A set of humans, Ai, interacts with

1
Reward style is a special case. For instance, problems with reward functions 𝑟 (𝑠 ) ,
𝑟 (𝑠, 𝑎) , and 𝑟 (𝑠, 𝑎, 𝑠′ ) are all, at times, considered to be MDPs, despite the inconsis-

tency this causes in the DDN. As such the RewardStyle trait lists exactly what the

reward edges are expected to be.

2
This example is based on the partially observable assistance games of Emmons et al.

[4], with an adversarial twist.

an information aggregation system, B. We assume Ai are effectively

memoryless: they rely on B to store data, as humans often do.

However, B does not necessarily share an objective with all Ai.

Only Ai can affect the world state; B can only affect the belief used

by Ai. This is a Cen-POMG.

In Decisions.jl, a modeler would first identify the salient traits

as being Multiagent, Competitive, PartiallyObservable, and
Centralized. Assuming a Markov family structure, Decisions.jl

uses these traits to create the decision network depicted in Fig.

1, where Ai controls 𝑎𝑖 and B controls𝑚. Next, the modeler pro-

vides implementations for o, sp, and ri according to the generated

network, as well as any necessary parameters for the objective (typ-

ically taken to be discounted sum-of-rewards in standard Markov

family problems). This defines the sequential decision problem in-

stance which models the adversarial information aggregation game

(as well as the problem class, Cen-POMG, in which it lies).

Normally, this would be followed by the chore of writing efficient

simulation and utility code for a Cen-POMG before any further

progress could be made. In Decisions.jl, this is done automati-

cally. Specifically, all information about problem class is stored

in type space, so utility functions can be compiled just-in-time,

tailored to that problem class. For instance, Decisions.jl automati-

cally generates the following rollout loop for a Cen-POMG with 𝑁

agents:

Require: state 𝑠, initial memory𝑚, objective 𝑓𝜌 (...)
loop

for 𝑖 ∈ 1..𝑁 do

𝑎𝑖 ∼ 𝑃𝑎𝑖 (· | 𝑚)
end for

𝑠𝑝 ∼ 𝑃𝑠𝑝 (· | 𝑎, 𝑠)
if 𝑠𝑝 = terminal then

return (s, sp, m, mp, a, r, o)

end if

𝑜 ∼ 𝑃𝑜 (· | 𝑎, 𝑠, 𝑠𝑝)
for 𝑖 ∈ 1..𝑁 do

𝑟𝑖 ∼ 𝑃𝑟𝑖 (· | 𝑎, 𝑠, 𝑠𝑝)
end for

𝑚𝑝 ∼ 𝑃𝑚𝑝 (· | 𝑎,𝑚, 𝑜)
𝑚 ←𝑚𝑝

𝑠 ← 𝑠𝑝

if 𝑓𝜌 (𝑎,𝑚𝑝, 𝑜, 𝑟, 𝑠𝑝,𝑚, 𝑠) then
return (a, mp, o, r, sp, m, s)

end if

end loop

Decisions.jl generates this loop verbatim. Using this general

approach, code optimizations can be applied to all problem classes

(when they might otherwise be overlooked in an ad-hoc framework

or problem extension). For instance, Decisions.jl can optionally

sample nodes in parallel and in place, or enable/disable terminality

checking on any particular node. (Terminal is a special value in

Decisions.jl; any node can indicate Terminal conditions.) Relatedly,

for performance, the objective 𝑓𝜌 outputs a Boolean value to allow

early stopping (the actual aggregated objective value is statically

stored elsewhere).
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Observability 
  (Partial, full)

Multiagency
  (No agent, single agent, multiagent)

Cooperation
  (Cooperative, competitive, independent)

Memory presence
  (Present, absent)

Reward style*
  (None, single, multiple)

Agent centralization
  (Centralized, decentralized)

State structure
  (Stateful, agent factored, stateless)

Semi-Markovness
  (Semi-Markov, fixed timestep)

i
i

τ 

mi mpi

si spi

ai

oi rji

i

i

i

i

i

Figure 3: The effect of several Decisions.jl problem traits on nodes and edges in a standard Markov problem network. Each node,

edge, and index is colored according to the last listed trait that affects its presence. (Colorblind accessible version available on

demand).

MC
MRP

HMM

C-MDP

MDP Multi-
MDP

POMDP

NFG

MOMDP

Multi-
POMDP

SMDP

Dec-
MDP

Dec-
PODMP

MG

POMG

Rpt. 
G

Figure 4: Relationships between several sequential decision problem classes. Each edge represents a transformation (or sequence

of transformations); edges sharing a color represent the same transformation. Dotted nodes represent problem classes which

have no commonly used name.

With this interface in place, the modeler is free to implement the

desired operations or algorithms on all problems in the Cen-POMG

class, including the adversarial information aggregation game.

3 NAVIGATING PROBLEM CLASSES

In this section, we detail how Decisions.jl can be used to navi-

gate the space of problem classes. Its transformations add, remove,

and modify problem assumptions in one line of code, significantly

speeding up the prototyping process.

3.1 Problem Transformations

Transformations in Decisions.jl are its implementation of game view
operations [16] (though not limited strictly to games).

A sequential decision problem transformation is a mapping

𝑇 : Qin → Qout, where Qin,Qout ⊆ Q. Furthermore, class(𝑞) =
class(𝑞′) =⇒ class(𝑇 (𝑞)) = class(𝑇 (𝑞′)) for problem instances

𝑞 and 𝑞′. (That is, all problems sharing a class still share a class

after the transformation). For convenience, we say a transformation

maps problem class𝐶 to problem class𝐶′ if problem instances in𝐶

map to 𝐶′.
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Transformation New class Notes

Original problem MDP

Insert((Dense(:s), Dense(:a), Add (o | s, a, sp).

Dense(:sp)) => Joint(:o))
Insert((Dense(:m), Dense(:a), Add (mp | m, a, o) - memory node to track belief.

Dense(:o)) => Joint(:mp))
InsertDynamic(:m => :mp) Temporally link m and mp.

Implement(; :o=dist) Set observation distribution to dist.
Recondition(; a = (Dense(:m),)) POMDP Set action to be conditioned on belief, not state.

AddAxis((:a, :mp, :o, :r), :i, N) Repeat action, memory, observation, and reward for N agents.

Recondition(; a = (Parallel(:m, :i),)) Indicate that each agent depends only on its own memory.

Recondition(; mp = (Parallel(:m, :i), Indicate that memory is conditioned separately for each agent.

Parallel(:o, :i), Parallel(:a, :i)))
WithIndep((:a, :r, :mp)) POMG Specify that most nodes are sampled independently for each agent.

Table 1: A sequence of Decisions.jl transformations that generalizes an MDP into a POMG.

Transformation New class Notes

Original problem POMG

IndexExplode(:i) Split agent-indexed nodes into separate nodes for each agent.

Implement(; a2 = dist) Set opponent policy to dist.
Implement(; mp2 = dist) Set opponent belief update to dist.
MergeForward(:r2, :a2, :mp2, <...>) Treat opponent action and memory as part of the state.

Rename(; a1=:a, r1=:r, m1=:m) POMDP Treat agent 1 as ego agent.

Unimplement(:r, :o,:mp) Prepare to modify distributions for some nodes.

MergeForward(:s, :sp, :o) Wrap s, o into memory node (as environment model).

Implement(; mp = <...>) Define belief update and belief sampling rules.

Recondition(; r=<...>) Set reward to be belief-dependent.

Implement(; r = <...> ) Specify belief-dependent implementation of reward.

Rename(; m = :s, mp = :sp) (Belief) MDP Treat belief as state.

Table 2: A sequence of Decisions.jl transformations that transforms a POMG into a MDP by assuming opponent behavior as

part of the state and transforming into a belief MDP. Problem is assumed to be two-agent.

There are some important consequences of this formulation:

• There is no “direction of complexity” for transformations.

The output problems can be simpler, more complicated, or

equivalent to the original.

• Transformations are general: a single transformation can

transform multiple problem classes.

• There may be multiple transformations that map from any

particular problem class to another.

Figure 4 shows the relationship ofmany common problem classes

in terms of transformations that relate them. Unique transforma-

tions are indicated by color. In practice, Decisions.jl modularizes

transformations as much as possible, so each transformation shown

in in Figure 4 is in fact a sequence of lower-level transformations.

In the remainder of this section, we consider two use cases of

Decisions.jl’s transformations. In subsection 3.2, we quickly com-

plicate and simplify an initial problem in a modular way, ideal for

prototyping. Then, in subsection 3.3, we demonstrate an elegant

formulation of a multi-agent decision making algorithm.

3.2 Case Study 2: Complicating and Simplifying

Gridworld

Gridworld is a ubiquitous sequential decision making environ-

ment in which one or more agents navigate on a discrete grid for

some arbitrary reward. When exploring a particular problem class,

Gridworld is often among the first domains considered. Imple-

menting Gridworld is easy, but doing so for multiple new problem

classes (especially when prototyping problem formulations) is te-

dious and unnecessary. Through Decisions.jl’s transformations, this

can be done flexibly and automatically.

3.2.1 From MDP to POMG. Beginning with a MDP Gridworld

instantiation, Table 1 shows a sequence of Decisions.jl transforma-

tions that change it into a partially observable Markov game by

way of several intermediate problem classes - some named, some

not. As in the prior case study, optimized simulation, sampling, and

evaluation is available for every intermediate problem class.

Note that in this case, the only additional information provided

to Decisions.jl is the distribution for o in the single Implement trans-
formation. In particular, since the AddAxis transformation simply
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IndexExplode Implement MergeForward

Figure 5: A sequence of Decisions.jl transformations, and the intermediate DDNs, that can be used to solve a Markov game with

fictitious play.

extrudes the single-agent behavior onto 𝑛 agents, no information

is provided about agent interaction. It can be added post-hoc by

Implementing it for the corresponding node.

3.2.2 From POMG to MDP. Many transformations, like those just

demonstrated act trivially on the problem class by adding or al-

tering problem characteristics. However, many decision making

algorithms rely on transforming problems into a simpler class while

maintaining aspects of the original problem description.

To demonstrate this, Table 2 shows a sequence of transforma-

tions that transforms the POMG-gridword we just created back

into an MDP. Of course, one such sequence simply undoes the pre-

vious transformations and returns the original MDP, but this would

result in a loss of generality: the additions of partial observability

and multiagent interaction would be lost. Instead, we demonstrate

a different sequence of transformations that adds problem infor-

mation: first by assuming opponent behavior, then by indicating a

belief update and transforming the problem into a belief MDP.

3.3 Case Study 3: Fictitious Play via Game Views

Many algorithms for decision making can be concisely expressed

as a sequence of problem transformations. In this case study, we

express fictitious play via problem transformations. We operate on

a Markov game - a simple two-player setting in a gridworld - and

make heavy use of the sequence of transformations described in

Sec. 3.2.2 which treats opponent agents as part of the state.

The broad approach is as follows. We initialize both players to

random policies and begin by transforming the game by splitting

the a (action) and r (reward) nodes into two distinct nodes, one

for each player. Then, iteratively, for each player, we assume the

opponent will play the empirical average of past policies. We assign

that policy to the opponent action node, merge it into the state, and

apply an MDP solver, as described by the following snippet (where

𝐾 is an arbitrary number of iterations):

Require: MG𝑚

𝜋
(1)
0

= <random policy>

𝜋
(2)
0

= <random policy>

𝑚exp = IndexExplode(𝑚, ‘i’)
for 𝑡 ∈ 1..𝐾 do

𝑚
(1)
1p

= Implement(𝑚exp, ‘a2’→ empirical_avg(𝜋 (2)
1..𝑡
))

𝑚
(1)
merge

=MergeForward(𝑚 (1)
1p
, ‘r2’, ‘a2’)

𝑚
(1)
mdp

= Rename(𝑚 (1)
merge

, ‘a1’→ ‘a’, ‘r1’→ ‘r’)
𝜋
(1)
𝑡+1 = solve_mdp(𝑚 (1)

md
)

𝑚
(2)
1p

= Implement(𝑚exp, ‘a1’→ empirical_avg(𝜋 (21
1..𝑡
))

𝑚
(2)
merge

=MergeForward(𝑚 (2)
1p
, ‘r1’, ‘a1’)

𝑚
(2)
mdp

= Rename(𝑚 (2)
merge

, ‘a2’→ ‘a’, ‘r2’→ ‘r’)
𝜋
(2)
𝑡+1 = solve_mdp(𝑚 (2)

md
)

end for

Figure 5 shows the sequence of decision networks underlying the

transformed problem, transformation by transformation (excluding

the final Rename).

4 CONCLUSION

In this paper, we present Decisions.jl, a software framework with

the goal of supporting all sequential decision making problems

representable with a dynamic decision network.

We first discuss the architecture of Decisions.jl, which allows for

flexible and expressive problem definitions. We provide a motivat-

ing multi-agent example which demonstrates the applicability of

this architecture to problem classes with complex combinations of
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traits that are not readily supported in other architectures. Second,

we provided an in-depth description and examples of problem class

transformations in Decisions.jl, which allow researchers to rapidly

prototype new test domains, precisely indicate “game view opera-

tions,” and elegantly implement algorithms which rely on multiple

problem representations. We exercised this prototyping power in

two additional case studies: one generalizing and simplifying a plain

single-agent Gridworld environment, and the other demonstrating

how Decisions.jl can readily be used to implement fictitious play

via repeated transformations.

4.1 Future Work

As a closing thought, we classify Decisions.jl as “mathematical

middleware”: a type of software aimed at relating the mathematical

frameworks used by other software. The purpose of mathematical

middleware is simultaneously functional (helping automate tedious

modeling and problem-alteration tasks), and theoretical (enforcing

rigor and connection tomathematical formulation). These two goals

are sometimes at odds, and we have primarily discussed the former

while disregarding contributions to the latter.

More specifically, Decisions.jl enforces precise (DDN-backed)

problem descriptions only at the lowest modeling level, and the

interactions agents have with the environment and with each

other on the episode-to-episode level are not modeled. These meta-

interactions are iterative, probabilistic interactions, and can be de-

scribed as DDNs with (training) objectives - that is, as decision prob-

lem instances. As such, we see a possibility in extending Decisions.jl

to formally model training loops, decentralized execution, and en-

vironment interactions. This would further improve Decisions.jl’s

capabilities in providing a common language for decision-making

algorithms.
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