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Abstract

We analyze the fundamental performance impact of enforcing a

fixed thread communication order to achieve deterministic execu-

tion. Our analysis consists of three parts, performed on a real sys-

tem using the SPLASH-2 and PARSEC benchmarks. First, we

quantify the effect that various sources of non-determinism have

on program execution. We find that thread communication is the

prevalent source of non-determinism and that it sometimes affects

program output. Second, we divorce the implementation overhead

of a system imposing a specific communication order from the im-

pact of enforcing this order. We show that this fundamental cost of

determinism is small (slowdown of 4% on average and 33% in the

worst case). Finally, we analyze this cost under perturbed execu-

tion conditions. We find that demanding determinism when threads

face such conditions can cause almost 2x slowdown.

1. Introduction
Recognizing non-determinism as one of the main culprits for

struggles with parallel programming, there has recently been a stream

of systems that suppress non-determinism by enforcing a fixed thread

communication order, or schedule. Evaluation of these proposals

reflects that there is a significant cost to determinism (Table 1).

System Max. Overhead Schedule

Grace [8] 3.6x serial
Dthreads [26] 4x round-robin

Conversion [32] 5x round-robin
Parrot [16] 3.8x round-robin
Kendo [34] 1.6x dynamic
RCDC [19] 1.7x dynamic
RFDet [27] 2.6x dynamic
DMP [17] 1.7x hybrid

CoreDet [5] 10x hybrid
Calvin [23] 1.7x hybrid

Table 1: State-of-the-art deterministic systems. The overhead
numbers, reported in [7] and in papers introducing these sys-
tems, show that the authors themselves found that enforcing
determinism comes with a significant cost.

These systems come in both hardware [17,19,23] and software [5,

8, 16, 26, 27, 32, 34] flavors, and enforce determinism using a vari-

ety of techniques, including speculation [8, 17], buffering [17, 19,

23,26,27] and version control [32]. This makes it difficult to under-

stand if one system is better than another due to the schedule being

enforced or due to differences in implementations. In other words,

it is unclear whether the performance degradation under determin-

istic systems stems from forcing the execution to be deterministic,

or from the enforcement mechanisms being used. Implementation

overhead set aside, what is the fundamental cost of determinism?

In this paper, we seek to answer this question. By running the

SPLASH-2 [37] and PARSEC [9] benchmark suites on a dual chip

16-core Xeon E5-2660 machine, we empirically study the cost of

making thread communication deterministic under a given sched-

ule. Our study has three parts. In the first part, we quantify the

degree to which non-determinism that occurs in a common en-

vironment influences program execution. We identify the effect

of previously unmentioned sources of non-determinism, like lazy

binding, C++ local static variables initialized with a non-compile-

time constant and compiler auto-vectorization. In line with popular

belief, our quantitative analysis shows that thread communication

is the most significant contributor to non-determinism of parallel

programs, and it sometimes affects program output.

In the second part of our study, we evaluate the performance

impact of enforcing a fixed schedule on program execution. We

use a schedule-record-replay framework to divorce the implemen-

tation overhead of generating a specific schedule form the funda-

mental requirements needed to enforce the schedule. This way we

find an upper bound on performance that can be achieved with any

deterministic execution enforcing that same schedule. The analy-

sis reveals that the cost of determinism is smaller than previously

thought: only 4% on average and never greater than 33% increase

in the execution time compared to a non-deterministic run.

In the last part of our study, using the same framework we mea-

sure the cost of determinism under various execution conditions

(e.g., the presence of context switches, background processes and

execution on asymmetric architectures). While some determinis-

tic systems have been designed with determinism-across-systems

in mind [23], we are unaware of any work that evaluates the per-

formance of deterministic execution across systems. We find that

insisting on determinism when threads face uneven conditions like

unbalanced system loads or an asymmetric architecture can slow

down non-deterministic execution by as much as 2x.

To the best of our knowledge, this is the first study that on a real

machine: (i) quantifies the impact of sources of non-determinism

on execution variability, (ii) finds the fundamental performance

cost of enforcing determinism, and (iii) evaluates the cost of de-

terminism for varying systems.

2. What do you mean by determinism?
The notion of determinism seems to be a simple one: most would

agree determinism is a program property that requires observing

the same output whenever the program runs with the same input.

Still, this (non-)definition relies on the intuitive understanding of

the terms program output and program input. Depending on what

one assumes these terms to really mean, many flavours of determin-

ism arise1. Here, we highlight common definitions of determinism

and state the formulation we adopt in this paper.

Program output. One often considers only the end program re-

sult to be the output (external determinism [21]). However, while

debugging, the intermediate values or even instruction operands

might be considered as the program output. In this case deter-

minism is defined more rigorously – as the repeatability of the se-

quence of instructions each thread executes, along with the values

of operands used by each instruction (internal determinism [21]).

Besides these two extremes, other formulations are possible; an

excellent discussion on plausible definitions of the program out-

put and on the corresponding forms of determinism is given by Lu

1Or, as Hans Boehm [1] puts it, “determinism is in the eye of the
beholder”.
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and Scott [28]. In particular, the executions are SyncOrder deter-

ministic if they, in addition to agreeing in the final result, contain

the same synchronization operations, executed by the same threads

in the same order. This, we believe, strikes the right balance be-

tween the internal and external determinism, since it requires that

programs calculate the same result in the same way, allowing for

benign differences in the instruction stream (which as we show in

Section 3 are common on modern systems).

Program input. A natural definition of program input includes

supplied program arguments and file/network input. However, many

software and hardware parameters may also influence the program

output (e.g., process address space layout, the version of libraries,

the size of hardware structures, etc.). Consequently, practical ap-

proaches to determinism either consider these parameters to be pro-

gram input as well (by silently assuming they do not vary across

executions), they force them to be constant (e.g., by providing a

custom OS implementation – system-level determinism [3, 6]), or

they actually do allow for variations of certain system parameters

(e.g., providing determinism across microarchitectural variations –

unbounded determinism [23]).

We believe that the program input should encompass only the

real program input and exclude system parameters, since guaran-

teeing determinism only for a narrow setting is of a little practi-

cal use. Hence, we consider system parameters a source of non-

determinism rather than program input.

Program class. The formulation of determinism also varies based

on the class of programs being considered. Although determinism

can be provided for arbitrary parallel programs (strong determin-

ism [34]), to make its implementation more efficient, determinism

can also be guaranteed only for data-race-free programs (weak de-

terminism [34]), or programs that do have data races but do not

employ ad-hoc synchronization (e.g., as done with Dthreads [26]).

While we do believe that systems that provide strong determin-

ism are valuable during debugging, we also believe that in produc-

tion, when the cost of determinism matters the most, it is valid to

expect data-race-freedom for two reasons. First, there is a growing

consensus that all data races are bugs [2, 11, 14, 29, 30], and new

programming language standards go as far as providing no seman-

tics to programs with data races [13]. Second, it has been hypoth-

esized that there is little performance to be gained by introducing

“fast” racy accesses [12]. Our experience with the SPLASH-2 and

PARSEC benchmarks confirms this: although these benchmarks

initially contained a number of data races, we removed them notic-

ing a performance degradation only in three cases: barnes(11%),

radiosity(5%) and parsec.raytrace(8%). Hence, in this study

we focus on data-race-free programs.

3. How much non-determinism is out there?
Here we describe the sources of non-determinism that we experi-

enced with the SPLASH-2 and PARSEC benchmarks and quantify

the degree to which they influence program execution. We start by

recognizing all sources that can cause executions of the same pro-

gram, with the same input, not to be identical in the strict sense of

internal determinism. Then, we quantify the extent to which each

source introduces variability in program execution, in order to un-

derstand which sources of non-determinism need to be controlled

to achieve SyncOrder determinism.

Thread communication. Due to small variations in the execu-

tion environment (the state of hardware caches, TLBs, presence of

other applications, etc.), accesses to shared resources from differ-

ent threads can occur in different orders across multiple program

runs. This can potentially cause variability in program execution

and possibly affect the output.

It is well known that accesses that can occur in different or-

ders are the ones to shared program variables and the ones done

inside library/system calls [5, 34]. In addition, we experienced

that unordered thread accesses leading to non-determinism also ap-

pear through subtle compiler/run-time interactions. For example,

the run-time symbol resolution (also known as lazy binding) [20],

aside from speeding up program load time, causes the first thread

to reach a given shared library call to do the extra work of symbol

resolution. Since the “first” thread can be a different thread across

program runs, so can the number of instructions executed by each

thread, making runs not internally deterministic. C++ local static

variables initialized with a non-compile-time constant also cause

the first thread to reach the corresponding function to do the extra

work, again making program runs non-deterministic.

Unless noted otherwise, in the rest of this paper we use the term

“thread communication” to refer specifically to the communication

due to accessing shared program variables.

Process address space layout variations. Address space lay-

out randomization (ASLR), changes in Linux environment vari-

ables, modification of shared libraries, preloading additional li-

braries (e.g., to debug segmentation faults using libSegFault.so),

cause changes in the addresses of program instruction and data

across multiple runs, making them not identical by the strict def-

inition of internal determinism.

Additional variability may arise when the address variations are

coupled with the code that inspects the values of memory addresses.

For example, compiler auto-vectorization, which takes advantage

of the vector units available in modern processors (e.g., SSE/AVX

on x86 and AltiVec/VMX on PowerPC), is implemented via loop

peeling and/or loop versioning to dynamically at run-time guaran-

tee aligned accesses [10]. As we witnessed, these transformations

result in a code in which the total number of executed instructions

depends on the input data alignment, and hence, could change due

to the address space layout variability. Similarly, certain library (or

compiler built-in) functions (e.g., memcpy and memset), follow dif-

ferent code paths based on input alignment in order to subsequently

execute the widest data type transfers supported by the hardware.

Finally, the application code itself can be dependent on memory

addresses.

System and library dependences. Certain library and system

calls are non-deterministic by construction (e.g., any timing func-

tion like gettimeofday). For others however, one would expect to

get a deterministic result but this is not necessarily the case. For ex-

ample, Linux’s read system call is allowed to return smaller num-

ber of bytes than the number of bytes requested [17]. Hence, dif-

ferent runs of the same program that must read a certain number of

bytes may make different number of read calls. Further, the afore-

mentioned run-time symbol resolution, besides being dependant on

the order in which threads invoke library functions, can also cause

variability between two runs if the exported symbols of the libraries

used in these two runs are not identical (e.g., due to system update).

Quantifying non-determinism. To quantify the degree to which

the sources of non-determinism influence programs, we use hard-

ware performance counters. Over 10 program runs, we record the

total number of repeatable hardware-related events for each thread.

These hardware events are repeatable in the sense that their num-

ber is always the same for the executions with identical instruction

traces. Hence, any change in the number of events signals the vari-

ability in the execution. The converse however, does not hold, and

this approach can fail to diagnose variability. While we could col-

lect a complete per-thread execution trace, this would significantly

perturb program execution and we are interested in the variability

that occurs during typical program runs.



The events we monitor are store instructions, conditional branches,

and not taken branches. These were the only repeatable events cor-

rectly accounted for by the performance counters on our platform

(Weaver et al. [36] report on the occasional incorrectness of the

performance counters). We define the variability of a thread as the

range of the number of events occurred in that thread, normalized

by the average number of events occurred in all the threads. For

example, in a program that on average triggers 50 events, thread’s

variability of 10% indicates that the difference in the number of

events occurred in that thread between multiple runs was as much

as 5 events. The execution variability is then defined as the sum of

per-thread variabilities:

variability =
∑

t∈threads

variabilityt =
∑

t∈threads

max
r∈runs

et,r − min
r∈runs

et,r
∑

r∈runs
t∈threads

et,r / #runs

where variabilityt and et,r denote variability of the thread t and

the number of events in that thread during run r, respectively.

Results. We run the benchmarks on a 16-core dual chip Xeon

E5-2660 machine. No effort was made to perturb the executions

to induce variability: all 10 runs were executed on a quiet machine

and under the same conditions (no changes to dynamic libraries,

environmental variables, OS settings, etc., were done between the

runs). Table 2 shows the average number of the events occurred in

each benchmark across multiple runs, and the resulting execution

variability (in the “all” column). Additionally, the benchmarks for

which changes in the output occurred at least once have the corre-

sponding variability cell grayed. This clearly demonstrates that the

non-determinism in multi-threaded programs execution is real, sig-

nificant, and that it sometimes leads to a different program output.

Benchmark
Avgerage
Number
of Events

Execution Variability (%)

all
thread communication

vec. lib.
app. lazy. C++

s
p
la
s
h

barnes 10129529155 3.43 3.11 3.85·10-5 0 0 1.01·10-6

cholesky 164106307 2.95 5.93 3.56·10-4 0 1.98·10-4 5.41·10-4

fft 3450383778 2.31·10-4 2.27·10-5 2.44·10-5 0 0 3.03·10-5

fmm 4828582248 9.49 8.20 3.54·10-5 0 2.07·10-8 1.05·10-5

lu_cb 4860852648 1.95 4.54 2.94·10-5 0 4.94·10-7 1.47·10-5

lu_ncb 4831248732 2.36 1.31 1.21·10-5 0 4.76·10-7 2.01·10-5

ocean_cp 1669826904 2.28 2.61 1.41·10-4 0 3.17·10-4 2.46·10-6

ocean_ncp 1546323893 0.06 0.09 2.66·10-4 0 1.12·10-4 3.17·10-6

radiosity 23053230129 11.28 15.75 2.44·10-6 0 0 1.60·10-7

radix 2615152384 5.97·10-3 0.01 6.67·10-5 0 0 4.29·10-5

raytrace 7783841897 4.37 3.44 7.50·10-6 0 0 9.54·10-5

volrend 2888381273 32.53 40.25 0 0 0 2.35·10-6

water_nsquared 22025925182 10.29 11.18 1.06·10-5 0 0 1.18·10-7

water_spatial 5677017700 8.71 12.36 4.79·10-5 0 0 1.86·10-5

p
a
rs
e
c

blackscholes 922533017 3.53·10-4 0 2.19·10-4 0 0 1.73·10-6

bodytrack 2903052665 8.46 3.61 1.94·10-5 0 3.34·10-6 1.72·10-3

dedup 11578237115 22.90 9.56 1.69·10-5 0 0 6.60·10-3

facesim 6067774400 0.04 7.84·10-4 1.68·10-5 0 3.32·10-5 0.05

ferret 7062608901 31.93 33.81 7.96·10-6 0 1.42·10-8 4.54·10-3

fluidanimate 3851899211 0.06 0 7.58·10-5 0 0 0.07

raytrace 4784353664 3.45 4.00 4.70·10-5 5.46·10-5 0 4.01·10-6

streamcluster 1063626549 2.98·10-4 0 8.24·10-5 0 0 1.50·10-6

swaptions 6412816309 9.23·10-5 0 8.82·10-5 0 0 1.02·10-5

vips 6772016494 3.41 3.80 4.43·10-8 0 0 8.04·10-3

Table 2: Variability in SPLASH-2 and PARSEC benchmarks.

We further breakdown the variability to the sources discussed

earlier. The “app.”, “lazy.” and “C++” columns show the vari-

ability only due to thread communication stemming from respec-

tively: (i) accesses to shared program variables, (ii) the lazy bind-

ing, and (iii) the initialization of C++ local static variables. The

“vec.” column displays the variability due to the ASLR and the

compiler auto-vectorization. Lastly, the “lib.” column presents

the variability occurred during library calls, caused by a combina-

tion of (i) thread communication that occurs during the execution

of library calls, (ii) the ASLR, and (iii) non-deterministic timing

functions. communication, address variation and timing functions.

The variability for each of the mentioned columns was obtained by

examining 10 program runs in which all but the target source of

non-determinism were removed (by enforcing a fixed order of syn-

chronization operations, by disabling run-time symbol resolution

and auto-vectorization, and by transforming local static variables

into global ones) or isolated (by pausing the performance counters

during the execution of non-deterministic library calls). Hence, the

presented variability breakdown is not exact; the total variability is

not equal to the sum of individual variabilities, since these are col-

lected on different sets of runs. Nonetheless, it reflects the extent to

which the executions experienced variability due to each particular

source of non-determinism.

Based on this data, we make the following two observations.

First, thread communication while accessing shared variables is,

not surprisingly, the most significant contributor to non-determinism

of parallel programs, and it sometimes affects program output. Sec-

ond, other sources of non-determinism, while being of a lesser ex-

tent, do materialize under typical execution conditions. This has

important implications for existing deterministic systems that rely

on determinism of logical clocks (Section 4). These systems typ-

ically do handle non-determinism during library calls, but assume

no additional non-determinism we discovered in this study. The

combination of auto-vectorization and the ASLR can compromise

guarantees of strongly deterministic systems. For weakly deter-

ministic systems, lazy binding and static initialization, in addition

to vectorization, can undermine their deterministic guarantees.

Interactions of thread communication and the other sources

of non-determinism. Our experience with these benchmarks is

that the order in which threads access shared variables (i.e., ex-

ecute synchronization operations) after any given execution point

is only a function of the program input and the order that hap-

pened up to that execution point. That is, the other sources of non-

determinism do not affect the synchronization order. The excep-

tions are the fluidanimate and dedup benchmarks where the ad-

dresses of variables, used as inputs to a hash function, influence the

synchronization order. This is a bad practice since it limits porta-

bility, and for the fluidanimate it actually caused a bug.

In other words, fixed thread communication alone, in addition to

providing repeatable result, seems to ensure that executions contain

the same synchronization operations, executed by the same threads

and in the same order – thus it provides the form of determinism

we subscribe to.

4. How to achieve determinism?
Formally, thread communication is described using the notion

of a schedule. A schedule is a directed acyclic graph consisting

of nodes that represent executed synchronization operations of a

multi-threaded program. The edges of a schedule denote the causal

relationship between synchronization operations, i.e., the classi-

cal Lamport’s happened-before relation [25]. In the absence of

data races, the schedule fully captures the communication between

threads [33]. Hence, repeating the same schedule guarantees deter-

ministic thread communication.

We proceed by describing schedules used by the state-of-the-art

systems (shown earlier in Table 1). Our description is conceptual

in a way that describes one possible execution that conforms to a

given schedule. Note, however, that a single schedule allows for

multiple program executions, as long as the synchronization order

stays the same. Clearly, we are interested in the best performing

execution that satisfies a schedule – we describe how to obtain such

execution in Section 5.



Schedules. The central concept used to describe schedules is the

concept of a turn. At any given time during the execution, it is only

one thread’s turn, and only while a thread has the turn can it exe-

cute synchronization operations. Ensuring that the turn is passed

in a deterministic manner leads to a deterministic thread commu-

nication. Exactly when is the turn passed, determines which of the

following schedule types will be enforced.

In the serial schedule [8] a thread holds on to its turn until the end

of its execution. Effectively, this schedule forces the parallel execu-

tion to emulate the thread communication of an execution in which

threads are executed synchronously, in program order (i.e., as func-

tion calls). In the round-robin schedule [26] a thread passes its turn

after each executed synchronization operation. Thus, threads exe-

cute synchronization operations in a round-robin fashion.

In the dynamic schedule [34] the turn is passed on each tick of a

per-thread deterministic logical clock. The original proposal by Ol-

szewski et al. [34] uses store instructions to maintain logical clocks,

i.e., a thread passes its turn upon executing one memory store. Note

that a logical clock does not necessarily follow physical time pre-

cisely, but the closer it does so, the closer will the deterministic

execution resemble a non-deterministic one.

The hybrid schedule [17] can be seen as combination of the se-

rial and dynamic schedule. The execution of each thread is broken

down into quanta and the serial schedule is enforced during each

quantum – a thread passes its turn only when it reaches the end of

its single quantum. The duration of a quantum is determined using

logical clocks: a thread’s quantum ends when it executes N ticks,

where N is an input parameter of this schedule. Additionally, a

thread also could end its quantum after executing a synchronization

operation – this variation is known as the “reduced serial mode” [5].

While primarily introduced to handle programs with data races,

we note that the hybrid schedule can be seen as a generalization

of the serial schedule (when N = ∞), the round-robin schedule

(when N = ∞ and a quantum also ends upon executing a synchro-

nization operation) and the dynamic schedule (when N = 1). We

utilize this aspect when building a framework for finding the cost

of enforcing these schedules.

5. How much does it cost?
To answer this question, we use a schedule-record-replay frame-

work (Figure 1). When evaluating the performance of a program

under a specific schedule, we execute it twice. During the first run,

we run the program with a scheduler and record the order of syn-

chronization operations. In the second run, we replay the recorded

schedule, guaranteeing the same deterministic execution as in the

first run, but without the scheduler’s overhead. The crucial require-

ment of the replay run is that it should force threads to wait only

when absolutely necessary for the schedule to be respected and that

it should do so with little or no overhead. If we can achieve that,

then the run time of the second run is a close-to-best time that can

be attained with any system enforcing the same schedule.

During replay, the schedule is represented with multiple arrays,

one per each thread. Each element of a thread’s array corresponds

to one critical section2 that will be executed by this thread and indi-

cates the next thread to enter a critical section protected by the same

lock. A thread traverses its array during the execution, consuming

one element of the array for each executed critical section. Hence,

laying out the elements of a thread’s array in the order in which

the thread will enter critical sections (and this order is known in

2We focus our description on critical sections – our framework sup-
ports the other commonly used synchronization primitives (barriers
and condition variables) as well.

advance from the recording run) enables a fast fetch of the array

elements and guarantees good cache behavior (a single byte array

element representation supports programs with up to 256 threads).

schedule

application

replayer

application

recorder

sequentialdynamic

hybrid

round-robin

scheduler

serial

thread1 thread2 threadn...
Critical 

section

Critical 

section

Critical 

section

2

1

Figure 1: The schedule-record-replay framework.

We use the replay lock and unlock operations, shown in Figure 2,

that replace corresponding Pthread routines and are inspired by

ticket locks [31]. We hijack the pthread_mutex_t structure, and

use it to store the identifier of the thread currently holding the lock:

a thread can enter a critical section only if the value currently stored

in the mutex structure equals the thread identifier. The initial value

of the mutex structure is set during the pthread_mutex_init rou-

tine and then updated with the identifier of the next thread to ac-

quire the mutex upon exiting a critical section.

int pthread_mutex_lock(pthread_mutex_t *mutex){

  volatile char *currentThreadID = (char*) mutex;

  // wait until the previous thread releases the mutex.

  while (*currentThreadID != get_threadID());

  return 0;

}

int pthread_mutex_unlock(pthread_mutex_t *mutex){

  char *currentThreadID = (char*) mutex;

  // allow the next thread to acquire the mutex.

  *currentThreadID = get_nextArrayElement();

  return 0;

}
Figure 2: Replay lock and unlock operations.

The overhead associated with the get_nextArrayElement and

get_threadID macros is reduced down to a few assembly instruc-

tions (e.g., 3 register-to-register x86 instructions for the get_threadID

macro) by carefully aligning the stack of each thread, similar to the

implementation of Linux’s currentmacro [15]. By comparing the

run times of the non-deterministic execution of our benchmarks

to the run times of the non-deterministic execution in which we

modified the synchronization operations to include the replayer’s

macros, we found the overhead to be under 2% for all the bench-

marks. Hence, we consider the execution time obtained by our

framework during the replay run of a pre-recorded schedule to pro-

vide close to an upper bound on performance that can be achieved

with any deterministic execution enforcing the same schedule.

Results. The “Deterministic slowdown” column of Table 3

shows the run times of different deterministic executions normal-

ized w.r.t. the non-deterministic execution on a 16-core dual-chip

Xeon E5-2660 machine, i.e., it shows by how much enforcing a par-

ticular schedule slows down the execution. The benchmarks were

run with at least 8 threads (certain PARSEC benchmarks spawn

more threads than specified when starting the program [9]). For the

dynamic schedule, we use the number of executed stores instruc-

tions to maintain logical clocks, as done by Kendo [34]. For the

hybrid schedule, we set the phase duration to 100,000 instructions



and do not use the reduced serial phase since these setting have

been found previously to give the best performance [26].

Benchmark
Parallel
Speedup

Deterministic slowdown

Lock freq.

serial rr dynamic hybrid dynamic+

s
p
la
s
h

barnes 6.86 1.10 0.98 0.95 0.99 0.96 2.49·102

cholesky 3.99 3.39 2.39 1.07 1.10 1.05 1.67·101

fft 7.27 4.36 1.02 1.01 1.02 1.01 2.66·10-1

fmm 6.66 6.34 1.33 1.16 1.19 1.13 4.21·101

lu_cb 7.32 1.00 1.00 1.00 1.00 1.00 1.44·10-3

lu_ncb 4.24 1.00 0.99 1.01 1.00 1.00 4.52·10-4

ocean_cp 4.57 1.00 1.00 1.00 1.00 1.00 4.50·10-2

ocean_ncp 7.79 1.00 1.00 1.00 1.00 1.00 2.65·10-2

radiosity 6.99 7.58 3.04 1.09 2.67 1.08 1.30·102

radix 7.71 1.00 1.00 1.00 1.00 1.00 2.63·10-3

raytrace 7.71 7.72 2.93 1.08 1.88 1.02 4.76
volrend 6.37 6.12 1.91 1.08 1.67 1.02 9.59

water_nsquared 6.81 1.00 1.00 1.00 1.00 1.00 3.14

water_spatial 6.31 1.00 1.00 1.00 1.00 1.00 8.19·10-3

p
a
rs
e
c

blackscholes 7.98 1.00 1.00 1.00 1.00 1.00 0.00

bodytrack 5.83 5.87 1.04 1.05 1.05 1.05 4.30·10-1

dedup 3.95 5.04 1.77 1.63 1.34 1.33 3.11
facesim 6.17 6.19 1.00 1.00 1.00 1.00 1.22

ferret 2.92 6.19 3.19 1.58 1.25 1.23 9.70·10-3

fluidanimate 5.99 1.81 0.99 0.99 0.97 0.97 6.09·102

raytrace 7.18 7.26 1.52 1.06 1.01 1.01 2.19

streamcluster 6.11 1.00 1.00 1.00 1.00 1.00 9.19·10-3

swaptions 7.92 1.00 1.00 1.00 1.00 1.00 0.00

vips 7.61 7.61 5.27 1.31 1.05 1.06 6.87·10-1

average slowdown 3.61 1.60 1.09 1.17 1.04
maximum slowdown 7.72 5.27 1.63 2.67 1.33

Table 3: The speedup of the non-deterministic execution w.r.t.
the single-threaded execution, slowdowns occurred during de-
terministic executions, and the frequency of lock operations
(per million cycles) during the non-deterministic execution.

We make the following observations. First, the performance of

a significant number of benchmarks (10 out of 24) is unaffected

by the schedule being enforced and is the same in both the non-

deterministic and deterministic case. Looking at the lock frequency,

it can be seen that these benchmarks use no or infrequent synchro-

nization. However, the two of the most synchronization-intense

benchmarks (barnes and fluidanimate) experience only a mod-

erate slowdown. Although intuition suggests that lock frequency

should be an indicator of deterministic performance (since less syn-

chronization operations gives less opportunities to a schedule to

force threads to wait) this is not always the case.

Second, enforcing the serial schedule comes with a significant

cost of up to 7.72x slowdown. Moreover, this schedule degrades

the performance of certain benchmarks to that extent that their de-

terministic parallel execution is slower than the single-threaded ex-

ecution, i.e., the deterministic slowdown is higher than the speedup

in these cases. Third, the round-robin schedule on average incurs

modest slowdown of 1.60x, although it can as well result with a sig-

nificant performance degradation of more than 5x. Fourth, the dy-

namic and hybrid schedules induce only a small average slowdown

of 9% and 17%, respectively. However, while the hybrid sched-

ule can result with up to 2.67x slowdown, the executions under the

dynamic schedule never experience a slowdown greater than 63%.

We also experimented with a version of the dynamic schedule

where the logical clocks are incremented on each instruction, in-

stead of on each store instruction (the “dynamic+” column in Ta-

ble 3). Although the performance counter for the number of in-

structions is not stable on our platform (and in general [36]), the

replayed executions we use to obtain performance results are de-

terministic due to our schedule-record-replay approach. With this

change we observe even better performance of the deterministic ex-

ecution – the deterministic slowdown never raises above 33% - and

we hypothesize this is caused by the total number of instructions

better tracking threads progress than just the number of stores.

This result demonstrates that, at least for our set of benchmarks

and our target environment, and with implementation overhead set

aside, there is fundamentally a very small cost to determinism.

6. How about determinism in the field?
One of the promised benefits of determinism is that, once the

multi-threaded software gets deployed in the field, the software

continues to behave as tested, i.e., “deployed determinism has the

potential to make testing more valuable, as execution in the field

will better resemble in-house testing” [18]. This however, makes

efficient deterministic execution especially challenging, since the

programs are run on a variety of systems. Moreover, even when

executed on the same machine, programs are exposed to different

conditions due to, for example, OS interactions (interrupts and con-

text switches) or temperature changes (processors with Intel Turbo

Boost adjust the clock frequency based on temperature, among

other parameters). Nonetheless, we are unaware of any work that

analyzes the performance of deterministic execution in more then

one setting. To that end, we evaluate deterministic execution of the

best performing schedule (dynamic+) using the same framework

but in the presence of system perturbations and across systems.

Determinism under perturbations (small perturbations, back-

ground processes and DVFS). We simulate small execution per-

turbations via Linux signals and wait periods. Specifically, to mimic

a perturbation in a thread, a signal is first sent to this target thread

which upon receiving the signal simulates the magnitude of the

perturbation by just waiting a certain time period. On a micro-

benchmark in which we test smallest possible perturbation, the ob-

served delay in the target thread execution was around 5µs, which

allows us to imitate the first-order effects of perturbations of similar

and larger magnitudes (e.g., context switch, thread migrations and

page faults) [4,22]. Hence, we randomly insert two types of delays

(10µs and 1ms delays) so that on average there is one 10µs delay

for each 1ms of execution time and one 1ms delay for each 100ms

of execution time. We explore two scenarios: balanced perturba-

tions (delays inserted in each thread with the previously mentioned

frequency) and unbalanced perturbations (the frequency of delays

varies over threads, ranging from the aforementioned frequency to

the 1/8 of that frequency).

To account for the presence of other processes, we spawn a num-

ber of background threads which repeatedly execute a work-sleep

pattern in which they first spin in an empty loop (keeping the pro-

cessor busy) and then sleep (allowing for other threads to run). By

varying the duration of the work vs. sleep phase we control the

impact that the background thread has on the core utilization and

the other running threads. Again we explore two scenarios: a low-

intensity balanced one in which there is a one background thread

running on each core and each thread spends just 5% of its cy-

cles working, and a intense unbalanced one where there is only one

background thread but it spends 50% of it cycles working.

We also analyze the impact of the dynamic voltage and frequency

scaling (DVFS). First, by utilizing the Linux’s ondemand gover-

nor, we try the scenario where the power-performance balance is

required, and OS dynamically adjusts the CPU frequency. Second,

by using the userspace governor, we set the frequency of some

cores to the lowest value (1.2 GHz), while periodically switching

the frequencies of the other cores between 1.2 GHz and 2.2 GHz.

This scenario simulates the per-core DVFS approach [24].

Determinism across systems (NUMA and asymmetric archi-

tectures). To explore the effects that a non-uniform memory access

(NUMA) architecture has on deterministic execution, we spread

the threads across the two chips of our NUMA machine in a round

robin manner. For experiments with the asymmetric architecture,



we utilize the same machine but this time we employ the earlier

described DVFS to create asymmetry (a similar approach to cre-

ating asymmetry was done by Shelepov et al. [35]). We explore

a scenario where half of the threads are running on the cores that

are more powerful than the others (2.2 GHz vs. 1.2 GHz) and a

scenario where only one thread is running on a powerful core.

Results. Table 4 shows the execution time of the deterministic

run with the dynamic+ schedule for each of the described execu-

tion settings normalized w.r.t. the non-deterministic run under the

same setting, i.e., it shows by how much enforcing the dynamic+

schedule slows down the execution for each setting. Additionally,

we have grayed the cells for which there is more than 10% change

in the slowdown compared to the slowdown from Table 3.

Benchmark

Small perturb. Bkgd. processes DVFS

NUMA

Asym. arch.

bal. ubal. bal. ubal. auto manual 8/8 1/15

s
p
la
s
h

barnes 0.95 0.96 0.96 0.97 0.92 0.96 0.91 0.94 0.96
cholesky 1.05 1.05 1.06 1.25 1.06 1.02 1.08 1.03 1.09

fft 1.01 1.02 1.07 1.02 1.01 1.01 1.01 1.00 1.01
fmm 1.13 1.13 1.19 1.24 1.13 1.13 1.14 1.15 0.97
lu_cb 1.00 1.00 0.99 1.03 1.00 1.00 1.00 1.00 0.98

lu_ncb 1.01 1.01 1.01 1.03 0.97 1.01 1.03 0.99 0.98
ocean_cp 1.00 1.00 1.00 1.01 1.00 1.00 1.00 1.00 1.01

ocean_ncp 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
radiosity 1.07 1.08 1.19 1.94 1.13 1.07 1.11 1.46 1.71

radix 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
raytrace 1.03 1.03 1.14 1.92 1.08 1.02 1.03 1.44 1.69
volrend 1.03 1.03 1.08 1.19 1.06 1.02 1.03 1.38 1.55

water_nsquared 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.02 0.97
water_spatial 1.00 1.01 1.00 1.08 1.00 1.00 1.00 1.00 1.03

p
a
rs
e
c

blackscholes 1.00 1.00 1.01 1.00 1.00 1.00 1.00 1.00 1.00
bodytrack 1.04 1.06 1.05 1.51 1.04 1.05 1.03 1.33 1.56

dedup 1.33 1.33 1.35 1.31 1.29 1.33 1.32 1.64 1.31
facesim 1.00 1.01 1.00 1.00 0.99 1.00 1.00 1.00 1.00

ferret 1.24 1.25 1.19 1.29 1.21 1.25 1.15 1.37 1.10
fluidanimate 0.97 0.97 0.97 0.98 0.97 0.97 0.97 0.98 1.01

raytrace 1.00 1.01 1.07 1.77 1.05 1.01 1.02 1.39 1.63
streamcluster 1.00 1.00 1.01 1.00 1.00 1.00 1.00 1.00 1.00

swaptions 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
vips 1.06 1.07 1.09 1.09 1.15 1.06 1.06 1.43 1.53

average slowdown 1.04 1.04 1.06 1.19 1.04 1.04 1.04 1.15 1.17
maximum slowdown 1.33 1.33 1.35 1.94 1.29 1.33 1.32 1.64 1.71

Table 4: The slowdowns under various execution settings.

The data shows that the cost of determinism increases when threads

face significantly askew conditions (unbalanced system load and

asymmetric architectures). In the worst case, deterministic exe-

cution causes a slowdown of 94%, or almost 2x. This suggests

that guaranteeing a fixed communication order across significantly

different settings is probably too slow for production use. Look-

ing at the application characteristics, we found that the increase

typically happens for programs that implement dynamic load bal-

ancing, where the non-deterministic execution is able to adjust the

per-thread work to the changing execution conditions, while the

deterministic execution is not.

7. Conclusion
Our quantitative analysis shows that thread communication is the

most prevalent source of non-determinism; however, previously

unmentioned sources, like lazy binding, C++ static initialization

and compiler auto-vectorization coupled with ASLR, must be taken

into account when designing deterministic systems.

By using a schedule-record-replay framework, we are able to

measure the cost of deterministic thread communication in the ab-

sence of implementation overhead. We show that, while most sched-

ules inherently cause significant performance degradation, the dy-

namic schedule has the potential to deliver determinism with only

4% slowdown. This makes us hopeful that a low overhead deter-

ministic system will be a reality one day.

However, our experiments also show that achieving efficient de-

terminism in the field (and not only on a single machine), will be

harder and that it will probably require a more relaxed definition of

determinism, e.g., by allowing reordering of commutative shared

memory accesses, or by allowing an execution to follow any of the

multiple permitted schedules for a single program input.
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