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Background/Opportunity
Most (95+%?) of agent-
based models are 
single-threaded 

When parallel (e.g., D-
Mason, Repast HPC), 
usually spatial 

Multi-core hardware 
offers possibilities to 
partition agents into 
subpopulations



Amdahl’s Law
T: execution time of single-threaded code

T = fsT + fpT

fs + fp = 1

T(n) = fsT + fpT/n

S(n) = T(1)/T(n)  
S(∞) =1/fs



Motivation
Full-scale city models (millions of agents) 

Small country models (tens of millions of agents) 

Artificial economies (U.S. private sector has 120 million 
employees, 6 million firms) 

Global epidemic models (109 agents) 

Whole world simulations? (O(1010) agents) 

Global population of mosquitos? 1011-1012? 

Nanoparticle medicine delivery… 109-1015?



Big iron:  
Tianhe-2

• 31 million cores 
• Intel Xeon Phi’s on multiprocessor boards 
• Imagine each agent on its own core… 
• Approaching truly autonomous agents… 
• Several agent projects planned…



Supply-Demand, ZI traders
Initialize agents 

Partition the traders into 
subpopulations of 
buyers and sellers 

Let each ‘submarket’ 
run to completion 

Compute statistics 

 fs < 0.05



ZI Traders Code
Pseudo-code: 

<Run NetLogo version>

(e.g., NetLogo, Repast and Mason) employ. Surely the main rationale for coding an 
ABM on a single-thread is convenience, not realism. Our main goal here is to explore 
the process of moving from one to many threads in hopes of uncovering ‘good’ ways 
of doing so, fully expecting that some ways will be harder to code, some will have 
higher performance, and so on. 

Here we will not exhaustively characterize all the software systems available for 
parallelizing agent models, for this would surely be a formidable task. Rather, we will 
exercise some relatively well-known languages and parallel frameworks in the con-
text of a particular agent model and study the nature of the speedup that is possible on 
a high-performance, multiple core workstation. 

2 Zero-Intelligence Traders 

The zero-intelligence (ZI) trader model derives from the attempts of Gode and 
Sunder [6, 7]  to reproduce the behavior of individual buyers and sellers in a financial 
asset market. They began their efforts by coding quite complicated agents but eventu-
ally realized that relatively simple, almost minimal specifications could do as good a 
job reproducing their data as more complex behavioral models. Specifically, models 
in which buyers paid less than some value ceiling while sellers tried to cover their 
costs, with haggling between these two limits, not only explained much of what they 
observed, it also produced reasonable market performance overall. Indeed, so near to 
peak performance were their ZI markets that they suggested it was the market institu-
tions that were mainly responsible for the overall high performances of such traders, 
not the ratiocination of the individual traders themselves, since this was so minimal. 

Subsequently, a variety of authors showed that the simplest ZI traders displayed 
pathologies that needed to be corrected in order to explain other kinds of market be-
havior, thus giving rise to ‘zero-intelligence plus’ (ZIP) traders [8, 9] and related no-
tions. However, these enhanced ZI traders also have relatively simple behavior. As 
our goal here is primarily to explore the relative performance of distinct software 
environments running on common hardware, there is no need for agents more sophis-
ticated than the original ZI traders. Pseudo-code for this model is: 
• INSTANTIATE and INITIALIZE BUYER, SELLER, DATA and THREAD objects; 
• Assign sub-populations of BUYERS and SELLERS to THREADS; 
• FORK all THREADS; 
• FOR each THREAD, REPEAT: 

o Randomly activate 1 BUYER agent + 1 SELLER agent: 
! BUYER proposes a BID price; 
! SELLER proposes an ASK price; 
! IF (BID > ASK) THEN 

• Pick EXECUTION price between BID and ASK; 
• INCREMENT BUYER holdings; 
• DECREMENT SELLER holdings; 
• Collect DATA on the trade; 

o INCREMENT the attempted number of trades; 
o END when maximum trade attempts exceeded; 

• JOIN all THREADS; 
• Collect final DATA; 



Implementation/execution
C/C++: pthreads in C, C++11 threads, OpenMP 
<Rob> 

Java: native threads <various> 

Clojure <Dale> 

Erlang <Peter> 

Go <Stefan> 

Haskell <Vince> 

Scala <Marta>



3 Model Sizes
10K buyers and 10K sellers, 1 million attempted trades 

100K buyers and 100K sellers, 10 million attempts 

106 buyers and 106 sellers, 100 million trade attempts 

Microway workstation w/2 E5-2687W (8 cores/chip), 
20.5 MB cache/core, 256 GB RAM, Linux (Fedora) 

NVIDIA GTX 980 on same workstation…



C and POSIX threads

Several compilers used including Intel Parallel 
Processing Studio

Clearly, there will be dense interactions between buyer and seller agents intra-thread, 
while communication between threads is minimal. The sub-populations can be period-
ically reformed during execution but in what follows this proved inessential. In the 
next section we shall work with several model instances, of different sizes, and vary 
the number of threads for each, studying the amount of speedup achieved. 

3 Codes for Parallel ZI Traders 

We have written code for ZI Traders over three orders of magnitude of model sizes: 
1. 10K buyers and 10K sellers who attempt up to 1 million trades; 
2. 100K buyers and 100K sellers who try to trade 10 million times; 
3. 1 million buyers and 1 million sellers, with 100 million attempted trades. 

All model runs were conducted on a Microway workstation having 256 GB of RAM, 
dual Intel Xeon processors (E5-2687W with 8 cores/processor for a total of 16 hard-
ware cores, each core having a 20.48 MB cache) running at 3.10 GHz under Fedora 
Linux. The workstation is also outfitted with an NVIDIA GTX 980 although this was 
not used in the present study. This hardware proved sufficiently capable that for ma-
ture languages (e.g., C) even the largest model instance—#3 above—executed in less 
than a second of wall time when all cores were utilized. 

3.1 C and Pthreads 

An existing single-threaded ZI Trader model was parallelized by importing the 
POSIX thread (pthread) library and forking the main execution stream of the code, 
joining everything together at the end before collecting statistics. This code was the 
fastest we produced, unsurprisingly, given the somewhat low level nature of pthreads. 
Figure 1 shows speedups as a function of the number of threads utilized, for each of 
the model sizes—the dotted line is 10K buyers and sellers, the dashed line is 100K 
agents of each type, and the solid line is 1 million. (Plotted values are means over 10 
repetitions for each parameter setting. Standard deviations are small and not shown.) 
 

 
Fig. 1: Speedup in C using pthreads: 10K buyers and 10K sellers (dots); 100K each type 
(dashed); 1 million each (solid) 



C++11 Threads

There are several things to note about this figure. First, invoking additional threads 
always led to greater performance (less execution time than the single threaded mod-
el), although beyond about 50 threads the small model’s performance plateaus. The 
maximum speedup is below 10x for the small model, about 10x for the medium mod-
el, and about 20x for the large model. Note also that at least for the largest problem, 
and perhaps for the medium one, 500 threads may fall below the maximum speedup, 
i.e., the speedup curve has not reached its maximum in the figure. Indeed, further 
experimentation with this code has revealed that the maximum speedup seems to 
occur for somewhat more than 2000 threads, after which performance drops off sig-
nificantly. Finally, note that in the case of the largest problem (solid line) the speedup 
seems to be superlinear, in the sense that there is more speedup than one might rea-
sonably expect on a machine with 16 hardware cores. While more diagnostic work is 
necessary to pinpoint the exact nature of this superlinearity, we believe that it results 
from a large number of threads producing smaller agent populations/thread, and there-
fore the progressive ability of threads having smaller memory footprints to benefit 
from the level 2 and 3 caches. In essence, and this will have to be checked, the small-
er sub-populations produced by larger numbers of threads run more quickly and easily 
(i.e., without being interrupted) and this makes the whole code terminate sooner. 

3.2 C++11 Threads 

Threads are part of the C++11 standard, meaning multithreaded code written in this 
language is more portable than pthreads. The thread class abstractions are somewhat 
higher level in C++11 in comparison to pthreads, making them simpler to use. Specif-
ically, it was easier to code this version of ZI Traders than the pthreaded one. While 
C++11 threads may be implemented in pthreads on some compilers, we found im-
portant performance differences from previous subsection. Figure 2 plots speedups for 
this code as a function of the number of cores, for each of the three problems. 
 

 
Fig. 2: Speedup using C++11 threads: 10K (dots); 100K (dashes); 1 million (solid) 

This first thing to notice is that the speedups are about the same for all three problems. 
Second, each code is sped up about 10x, a little more for the larger model, a little less 
for the smaller model. Third, each model hits its peak performance between 10 and 15 

Some compilers implement C11 standard using pthreads



OpenMP under Cthreads, which is quite close to the number of hardware cores. Lastly, note that there 
is no superlinear speedup here. 

3.3 OpenMP under C 

OpenMP [10] and MPI [11] are older frameworks, initially designed for paralleliza-
tion across processors or machines, primarily of numerical codes. For example, exe-
cuting nested loops and related linear algebra type applications are efficiently parallel-
ized in OpenMP. For our agent models we used the parallel FOR pragmas which, 
starting from the single threaded version, made this implementation the simplest to 
write. Running the resulting codes we obtained the speedups shown in figure 3. 
 

 
Fig. 3: Speedup using OpenMP in C: 10K (dots); 100K (dashes); 1 million (solid) 

This code turned out to be about as fast as the pthreaded code (see section 4 below for 
direct comparison). Note the similarity of figure 3 to figure 1 and its dissimilarity to 
figure 2. The optimal number of threads for OpenMP is greater than 500 for the two 
larger problems, similarly to the pthreaded code. Speedup for the largest model also 
appears to be superliner (i.e., greater than the 16x level one might expect from the 
hardware used), and we suspect this is again due to the role of the CPU caches. 

3.4 Java Threads 

The ZI Java code has been parallelized using native Java threading [12] in the 
fork/join pattern employed previously. These threads are easier to program than 
pthreads, closer to C11 threads, but not as simple as OpenMP. In writing this code we 
created two distinct versions of it with different kinds of locks. The speedups 
achieved are shown in figure 4, with one code corresponding to the darker lines and 
the other represented by the lighter ones. Note that for the small and medium size 
problems there is essentially no difference in speedup between the codes. However, 
for the large problem there is a sizeable difference between the implementations. The 
optimal number of threads is somewhere in the 10-15 range for most of these Java 
codes, but is substantially higher (>100) for the implementation solving the largest 
problem instance. 

Also runs under C++, FORTRAN, others…



Java Threads

2 implementations: one naive, one sensitive to Java locks

 

 
Fig. 4: Speedup using Java threads: 10K (dots); 100K (dashes); 1 million (solid) 

As we shall see in the next section, the absolute performance of these Java codes is 
inferior to the C and OpenMP, versions, but can outperform C++ for large problems. 

3.5 Clojure 

Clojure is a dialect of Lisp that was created by Rich Hickey and released in 2007. A 
new version of Clojure has been released each year from 2009 through 2015. Hickey 
wrote Clojure because he wanted a Lisp for functional programming (FP) that ran on 
the Java Virtual Machine (JVM). He also wanted concurrency and data immutability 
functions that were not present in existing dialects of Lisp. 

Clojure runs as a compiled language on the JVM (Java 5 or later) using a just-in-
time process.1 The JVM is an abstraction of the hardware layer enabling Clojure to 
function wherever the JVM platform exists. Interoperability with Java is provided, 
permitting Clojure to make use of Java libraries [13]. Concurrency was a major de-
sign goal for the language. The immutability of Clojure's core data structures facilitate 
sharing of them between threads without the overhead of manually implementing 
locks. State can change and Clojure provides several mechanisms for sharing these 
changes between threads. Lazy evaluation permits a function to be defined but not 
evaluated until its value is a computational necessity. There are implementations of 
Clojure that target platforms other than the JVM.  Two that are directly supported by 
Clojure are ClojureCLR for Microsoft's.Net framework and ClojureScript for Java-
Script. 

Any cell based ABM, or one in which the agents can be represented in an array or 
vector, should be functionally compatible with Clojure. The ZI model agents can be 
represented in a vector of vectors. Because our target is a functional language it is 
important to refactor the pthreaded C code into idiomatic Clojure rather than porting it 
line by line. This requires an in-depth understanding of the C code so that the same 
functionality is recreated in Clojure. In coding ZI Traders in Clojure it was found that 

                                                             
1 Clojure can also be pre-compiled to an executable. 



Clojure
Functional programming running on JVM 

No need for code locking
writing each function from the inside out was easier than creating the code from the 
outside in. The resultant code is aesthetically pleasing to view. 

Figure 5 shows the results of running the ZI trader Clojure code on the small, me-
dium and large problems, with different numbers of threads. The results show the 
maximum benefit occurred at 2 threads. 
 

 
Fig. 5: Speedup in Clojure: 10K (dots); 100K (dashes); 1 million (solid) 

While Clojure achieves some speedup initially the shape of the lines in this graph are 
qualitatively unlike what has come before. As the number of threads increases the 
speedup declines. 

3.6 Go 

This language is a compiled, statically-typed, garbage-collected language with C-style 
syntax that emphasizes simplicity. It has built-in concurrency features inspired 
by Hoare’s [14] CSP language. Its first major release, Go 1.0, was in 2012; the most 
recent version is Go 1.6.1. It was developed at Google by Robert Griesemer, Rob Pike 
and Ken Thompson. 

Concurrency is implemented in a straightforward fashion using goroutines 
(coroutines) and channels. Goroutines represent a concurrent process, analogous to a 
thread but higher-level. Tang [15] reports very little overhead in using goroutines for 
a parallel integration task, with each goroutine taking approximately 10 microseconds 
to launch. Channels are first-class objects used for message-passing between 
goroutines, allowing parallel programs to be written without dealing with the tradi-
tional pitfalls associated with shared memory (mutexes, etc.). 

Go seems to be very well-suited to the development of certain types of agent-based 
models. It performs reasonably well relative to C and can be faster than basic Python. 
One potential frustration, its static typing, is less of a problem in ABM development, 
where model parameters should already be well-specified. Its approach to object-
oriented programming also seems well-suited to ABMs; implicit interfaces and meth-
ods on structs are convenient for developing simple agents, where type hierarchy is 
typically unnecessary. Its utility is currently limited by poor library support. There are 
some basic statistical libraries but very few libraries for visualization, limiting its use 



Go
Language designed for concurrency from Google 

goroutines instead of threads
to economic models or other cases where visualization is deemphasized. ZI Trader 
code in Go has been created and typical speedups are shown in figure 8. 
 

 
Fig. 6: Speedup in Go: 10K (dots); 100K (dashes); 1 million (solid) 

For the smaller problem instances Go achieves little speed up, but for the largest prob-
lem it produces about 2x speedup and does this with a large number of goroutines. 

3.7 Scala 

This language, whose name is an acronym for “Scalable Language,” combines object-
oriented and FP with a strong static type system. It was designed by Martin Odersky 
in 2003 as an improvement to Javascript, and as such was built with the primary in-
tent of addressing common criticisms of Java. Like Clojure, Scala uses the JVM as its 
execution platform and possesses language interoperability with Java, meaning that 
Java libraries, frameworks, and tools can all be used in Scala and vice versa. Besides 
simply addressing criticism of Java, Scala is intended to be “future-proof” in that it 
allows for concurrent and synchronous processing, parallel utilization of multiple 
cores, and distributed processing in the cloud. Its functional nature also allows it to 
perform well with multi-threaded code. 

Scala is different from other programming languages in that it is remarkably easy 
to use, especially for those who have programmed in Java before. Scala is concise in 
syntax, resulting in code that is significantly shorter than its Java counterpart, and 
relatively safe with the majority of errors being caught at compile-time. It is also a 
programming language that strives for execution speed, especially since the collec-
tions operations were recently adapted for parallel execution on multi-cores. Scala has 
mutable and immutable collections, meaning there are guarantees that certain collec-
tions cannot be changed. All of this contributes to Scala being a prime programming 
language for creating models for parallel execution. 

The similarity to Java made Scala very easy to learn and straightforward when 
writing the ZI Traders model with multi-threaded processes. However, Scala does not 
have a return type, which was occasionally confusing and requires close attentiveness 
to the model’s functionality. The language interoperability with Java was also very 
convenient as it allowed for the use of Java’s libraries without having to ‘re-invent the 



Scala
Scalable, functional programming based on JVM 

Data structures can be mutable or immutable wheel’ in Scala. Further, although Scala is intended as an immutable language, it is 
flexible and can infer mutable code when necessary. Running the three problems in 
Scala generated the results depicted in figure 7. 
 

 
Fig. 7: Speedup in Scala: 10K (dots); 100K (dashes); 1 million (solid) 

Good speedups were achieved for all but the smallest problem. Note the similarity of 
this figure to the Java results shown in figure 4. 

3.8 Erlang 

This language is a functional, dynamically-typed, garbage-collected programming 
language. It is compiled into bytecode and runs on a virtual machine. Erlang was 
originally developed by the Swedish telecommunications operator Ericsson for creat-
ing distributed, fault-tolerant, highly-available applications. Erlang is known for its 
error handling and focus on concurrency. The language uses the actor model to exe-
cute multiple processes concurrently. Individual processes do not share information 
apart from explicit message passing. This removes the need for using explicit locks 
for distributed processes. Erlang also possesses the ability to execute processes in 
parallel and provides its own libraries for managing threads. 

While the language was built for concurrency, i.e., resolving simultaneous requests 
in a non-conflicting manner, it was not built for parallel processing in the beginning. 
The parallel processing capability was added to Erlang only recently [16]. Thus, Er-
lang is very useful for applications that manage communication between clients and 
servers. On the other hand, as with many functional languages, Erlang is not ideal for 
number processing and large-scale arithmetic operations. This has implications for 
developing agent-based models on the Erlang platform. It should be expected that 
agent-based models written solely in Erlang code will be much slower than their 
counterparts in other, mostly object-oriented languages, which is the case for our 
Erlang ZI Traders implementation. However, the parallel-processing power and the 
speedups seen when using multiple threads could potentially be harnessed and used in 
part for large ABMs running on computer clusters, where the interface for passing 
data between the networked components would be written in Erlang. In its single-
threaded instantiations Erlang is relatively inefficient (more on this in section 4) and 



Erlang
Older functional language originating in telecommunications 

Built for concurrency so we have only run it for the first two (smaller) problems. Because it is so slow there 
is opportunity for large speedups as code is distributed on multiple cores. Figure 7 
shows that such speedups are realizable in practice as the number of threads increases. 
 

 
Fig. 8: Speedup in Erlang: 10K (dots); 100K (dashes) 

This plot shows the most dramatic speedups we have seen, more than a thousand-fold 
decrease in execution time as all cores are utilized and the number of threads becomes 
large. This is truly superlinear speedup. While this enormous performance gain is 
mostly due to the single-threaded code running very slowly, the sheer magnitude of 
this effect invites further investigation. More work needs to be done to understand the 
origins of the superlinearity on display here. 

3.9 Python 

Python is a rapidly growing language, combining some of the best features of object-
oriented languages with ease of use and reasonable performance. Unfortunately, its 
main implementations, CPython and pypy, do not allow more than one thread to run 
at the same time, and so we should not expect speedup for multiple threads. We have 
multithreaded the ZI Trader model in Python and figure 9 illustrates the results. 
 

 
Fig. 9: Speedup using Parallel Python: 10K (dots); 100K (dashes) 



Haskell
Functional language based on the lambda calculus 

Concurrency and parallelism provided by extensions

 
Fig. 10: Speedup in Haskell: 10K (dots); 100K (dashes); 1 million (solid) 

Note that a modest amount of speedup in achieved, and at least for the large problem, 
this occurs for more than 1000 threads. 

4 Comparisons 

So far we have studied the speedups achieved as a function of the number of threads, 
with each of figures 1-10 having a different range on the vertical axis. Here we direct-
ly compare these speedups. Figure 11 plots them for the large problem instance of ZI 
Traders—a million buyers and a million sellers. (We have excluded Erlang, Python 
and Haskell because we do not have results on this problem instance for the first two, 
and since incommensurate hardware was used for the third). 

 
Fig. 11: Comparison of speedups achieved 

Note the very similar speedups of C and OpenMP, on the one hand, and of Java and 
Scala on the other. Go and Clojure speed up the least. 

Ultimately, perhaps the most important reason to parallelize an ABM is absolute 
execution speed. For each language and problem we determined the number of 
threads that yielded the least run time and have plotted these in figure 12. In the pre-
vious 11 figures larger values of the ordinate have indicated better performance, but 
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Comparison: Performancehere lower values are better. Note that there is more than 2 orders of magnitude dif-
ference in performance between the different software systems tested. Note also that 
some five of them—C, OpenMP, C++, Go and Clojure—display approximately the 
same (exponential) increase in runtime as problem size increases (exponentially), 
while Java and Scala also increase but at lower exponential rate. Indeed, to solve a 
problem 100x larger, Java and Scala only require 5x more time. Python and Erlang 
are shown for only the first two problems; they are among the slowest. 
 

 
Fig. 12: Absolute performance comparison of execution time across problems and languages 

It is also informative to look at the memory requirements of the various codes. This 
is done in figure 13 for the second problem (100K agents) where the vertical axis is in 
units of KB. Note the vast difference in memory requirements, from a few MB (C) to 
more than a GB (Clojure)! There is little growth in memory needs with the number of 
threads. Comparing figures 12 and 13, memory usage and execution time are directly 
related, with smaller memory footprints implying higher performance. 
 

 
Figure 13: Memory requirements for the second problem (100K buyers and 100K sellers) 

Overall, it is remarkable that nearly a 1000 fold difference in execution times and 
memory usage results from distinct software systems solving the same problem! 
Clearly, some of the compilers and runtimes are more optimized than others. 
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Summary and Conclusions
Parallel execution is the future for ABMs 

Variety of agent parallelization software compared: 

Factor of 100 in range of performance! 

Partially due to language/compiler maturity 

Partially due to design differences (e.g., persistence) 

Large speedups are possible! 

Today, coding for parallel execution is an art…


