
Modeling the Input History of

Programs for Improved

Instruction-Memory Performance

Carlos A. G. Assis, Edil S. T. Fernandes and Valmir C. Barbosa
�

Universidade Federal do Rio de Janeiro, Programa de Engenharia de Sistemas e Computação,

COPPE, Caixa Postal 68511, 21941-972 Rio de Janeiro, RJ, Brazil
�Corresponding author: valmir@cos.ufrj.br

When a program is loaded into memory for execution the relative position of its basic blocks is

crucial, since loading basic blocks that are unlikely to be executed first places them high in the

instruction-memory hierarchy only to be dislodged as the execution goes on. In this paper, we study

the use of Bayesian networks as models of the input history of a program. The main point is the

creation of a probabilistic model that persists as the program is run on different inputs and at each

new input refines its own parameters in order to reflect the program’s input historymore accurately.

As the model is thus tuned, it causes basic blocks to be reordered so that, upon arrival of the next

input for execution, loading the basic blocks into memory automatically takes into account the input

history of the program. We report on extensive experiments, whose results demonstrate the efficacy

of the overall approach in progressively lowering the execution times of a program on identical

inputs placed randomly in a sequence of varied inputs. We provide results on selected SPEC

CINT2000 programs and also evaluate our approach as compared with the gcc level-3 optimization

and with Pettis–Hansen reordering.
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1. INTRODUCTION

It is a well-known fact that only a small fraction of a program’s

instructions is responsible for most of its running time.

Coupled with the growing gap that exists between memory

and processor performance [1], this has over the years led to

the search for code-layout techniques for optimizing the use

of the memory system. The essential guiding principle in

this search is that the first of a program’s basic blocks to be

loaded into memory should be precisely those that are most

likely to be executed.

The earliest efforts related to optimizing code layout

concentrated on virtual-memory systems [2, 3, 4] and aimed

at producing code layouts that could reduce the number

of page faults at runtime. The advent of TLB’s and the

introduction of several cache levels in recent processors have

both shifted the context considerably and added new

momentum to the search for efficient techniques. Naturally,

the focus of this search is invariably placed on the

investigation of heuristic techniques, since the optimality of

a code layout cannot in general be decided [5].

Notable contributions within this more recent context

include some that target the reduction of the instruction-cache

miss rate [6, 7, 8, 9, 10], or the reduction of cache pollution

and bus traffic [11], or yet the reduction of the program’s

running time [12, 13, 14]. Most of these contributions involve

instrumenting the program for trace recording and the

eventual construction of a profile on which the code-layout

optimization technique operates. Some others, however,

concentrate solely on the development of new compile-time

techniques or combine profiling with compilation strategies.

Our interest in this paper is to investigate the construction

of a dynamic probabilistic model of the inputs to a program.

Specifically, as the program is run on an assorted sequence

of inputs, we describe how a probabilistic model can be

dynamically updated so that, at all times, it reflects the input

history of the program and can as such be used to update the

program’s code layout for subsequent use. Like in so many

of the techniques mentioned above, this model is built on

the profile of the program’s execution on each input. Unlike

those techniques, however, the one we introduce is based on

a model that persists from one execution of the program to
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the next while refining itself as information on each new

execution comes in. What we ultimately seek is the improve-

ment of running times with as much generality as possible

(this includes, for example, the absence of any direct

dependency on specific cache sizes, once again in contrast

to some of the related approaches).

The following is a high-level description of our overall

strategy. Let P be the binary code of some program for the

architecture at hand, and I, I0 two independent inputs to P.

Suppose we have a means of instrumenting P so that running

it on input I yields an abstract model of this particular

execution which can be used to estimate the set of basic

blocks of P that is most likely to occur in future executions. If

this is the case, then we can reorder the basic blocks of P in

such a way that, when input I0 comes along for execution, the

basic blocks to occupy the highest levels in the instruction-

memory hierarchy are none other than some of those that

were previously estimated to be the most likely to occur.

That estimate, of course, was based solely on input I, so it

may work rather poorly on the new input I0. However, the

execution of P on I0 can itself be instrumented and the model

resulting from this second execution can be combined with

the previous one in the hope of a more general, less execution-

dependent model to be used in a subsequent run of P.

Our central premise in this paper is that such modeling of

executions of P can indeed be achieved and used successfully

toward progressively more efficient runs of P as it is applied

to a stream of inputs. The model that we build of a particular

execution of P is based on recording a trace of the execution

as it goes through the basic blocks of P and then using the

data in the trace to construct a Bayesian network [15, 16, 17].

Combining this Bayesian network with another that records

a history of all previous executions of P, and then solving the

resulting Bayesian network for the most likely combination

of basic blocks, is what gives us the prediction capability that

allows for progressively more efficient executions. Sections 2

and 3 contain respectively the details of our model-building

and model-updating methodology, and a summary of our

overall strategy. Section 4 contains the results of extensive

experimentation on the SPEC CINT2000 suite [18]. Section 5

contains a discussion of how our new approach relates to

previous work.

One immediate difficulty with this approach is of course

that it may take considerable effort for the refined predictive

model to be obtained from an execution: not only does

instrumenting P slow it down significantly but also setting up

the Bayesian network and solving it may be quite time-

consuming. The entire strategy would then seem to be wholly

inappropriate for a real-world environment, since any gain

that might eventually be accrued would be totally overshad-

owed by the cost to obtain it. But we envisage a different

dynamics for the successful application of our approach, one

that only applies it to a sub-stream of the stream of inputs to

P, in such a way that rearranged versions of P only become

available every so often, as opposed to becoming available

right after every new input is processed. We provide further

considerations on these issues in Sections 4 and 6, in the latter

section along with conclusions.

2. THE MODEL

We consider a sequence I1, I2, . . . of inputs to P, along with

a corresponding sequence of directed graphs G1, G2, . . .,
where for i � 1 graph Gi represents the recorded trace of

executing P on input Ii. Each node of Gi is a basic block of P

that is reached during that execution. A directed edge exists in

Gi from basic block a to basic block b, denoted by (a ! b), if

during the execution b follows a immediately at least once.

In this case, the trace is complemented by a positive count,

denoted by fab, indicating the number of times this happens.

Notice that the node sets of G1, G2, . . . are not necessarily the

same, even though they are all subsets of the set of P’s basic

blocks.

Transforming each of these edge-labeled directed graphs

into a Bayesian network is one of the crucial steps of

modeling the executions of P that they stand for. Before

describing how the transformation is achieved, we pause

briefly for a discussion of the basic principles of Bayesian

networks.

2.1. Bayesian network basics

A Bayesian network is a node-labeled, acyclic directed graph

whose nodes are random variables and whose directed edges

represent the existence of direct causal influences. In other

words, if X and Y are nodes, then the existence of the directed

edge (X ! Y) indicates that the value of X influences the

value of Y directly. We use PX to denote the set of variables

from which edges exist directed toward X (the so-called

parents of X in the Bayesian network). If we let pX denote

a joint value assignment to the variables in PX, then for each

possible pX the label that goes with node X to complete the

definition of the Bayesian network includes the conditional

probability p(xjpX) that X has value x given the values of X’s

parents appearing in pX. In the case of 0, 1 variables, we need

2jPXj such probabilities (which may be problematic, depend-

ing on the size of PX); if PX ¼ ;, then the single necessary

probability is known as the prior probability of X.

One facilitating assumption that is always made in the

study of Bayesian networks is that conditioning the value of X

on the values of the variables in PX is the same as condition-

ing on the values of all the variables that cannot be reached

from X along directed paths. Given this assumption, and

letting x denote a joint value assignment to all the variables in

the Bayesian network, it is simple to see that

pðxÞ ¼
Y
X2X

pðx j pXÞ‚ ð1Þ
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where X is the set of all variables (the node set of the

Bayesian network), x is the value assigned to X in x1 and pX

comprises the values assigned in x to the variables in PX.

In the context of this paper, the key problem to be solved

once the Bayesian network has been set up is the following.

Let E � X comprise variables whose values are no longer

uncertain but known with certainty. These are the so-called

evidences and the problem asks for the joint value assignment

to the variables in XnE that maximizes p(xneje), where xne
denotes one such joint value assignment and e the evidences’

values.

This and other similar problems are in general computa-

tionally intractable, in the sense of NP-hardness, even though

p(xneje) can be derived from (1) rather straightforwardly.

This inherent difficulty stems essentially from the existence

of multiple paths joining two nodes in the undirected graph

that underlies the Bayesian network, and also from the

absence of a constant bound on the sizes of the PX sets.

There are several approximation schemes that can be used.

The one we use in this paper is based on recognizing first

that p(xneje) is proportional, by a normalizing constant, to the

p(x) of (1), and further that maximizing p(x) over the

possibilities for xne is equivalent to minimizing the function

�
X
X2X

ln pðx j pXÞ ð2Þ

over the same possibilities when the distribution in (1) is

everywhere strictly positive.

This minimization, in turn, can be achieved by a variation

of stochastic simulation that employs simulated annealing in

an attempt at near-optimality. If T is the temperature-like

parameter of simulated annealing, then whenever during the

process variable X is to be updated, it is assigned value x with

probability proportional (by a normalizing constant) toY
Y2NX

pðy j pYÞ1/T
‚ ð3Þ

given x as the value of X and the current joint value assign-

ment to some of the other variables in X. In (3), NX comprises

X itself and its so-called children (variables Y such that

(X ! Y) is an edge); indirectly, then, the probability depends

only on x, on the current values of X’s parents and children,

and also on the current values of its children’s other parents.

These are all well-known results and for details we refer the

reader to the pertinent literature [16]. Our use of the technique

in this paper is concentrated in Section 4, where the necessary

details are filled in.

As one last remark, notice that approximation schemes like

the one we just outlined do nothing to handle the potentially

problematic sizes of the PX sets as far as storing labels that

depend on such sets is concerned. The issue is crucial,

though, and we return to it shortly.

The remainder of Section 2 provides the reader with two

possible tracks on the Bayesian network model that underlies

our approach. The first track is confined to Section 2.2 and

contains only what must necessarily be grasped before

proceeding directly to Section 3 and from there to the

experimental results. Proceeding along this track omits most

of the probability- and graph-theoretic justifications of the

model. The second track leads the reader to delve deeply into

all the details and is spread over Sections 2.3 and 2.4.

2.2. Model overview

Our model is based on turning each of the directed graphs

G1, G2, . . . into a Bayesian network and also on obtaining, for

each input Ii 2 {I1, I2, . . .} to program P, a Bayesian network

that represents the history of running P on the entire sequence

I1, . . . , Ii of inputs. For i � 1, we denote the Bayesian network

that is derived from Gi by Bi and the one that summarizes

the behavior of P on the input sequence I1, . . . , Ii by Hi. The

former models the execution of P on input Ii, the latter the

history of running P on the i-input sequence. Both networks’

node sets comprise random 0, 1 variables in correspondence

to basic blocks. In the case of Bi, these basic blocks are the

ones ever to be executed as P runs on Ii. In the case of Hi,

the node set emerges from the network’s construction as

explained below.

Obtaining Bi from Gi involves detecting and breaking all

the directed cycles of Gi, so Bi can be guaranteed to be

acyclic, and also obtaining the various node labels (sets of

conditional probabilities) that a Bayesian network requires.

Ensuring the acyclicity of Bi is essentially a matter of

severing all back edges during a depth-first search of Gi while

adding two new nodes and edges for every back edge;

once this is done, the resulting directed graph is necessarily

acyclic and already yields the structure of Bi. Specifically,

if (a ! b) is such a back edge, then it is replaced with two

new edges, (a0 ! b) and (a ! b0), where a0 and b0 are a new

source and a new sink (i.e. respectively a node with no

incoming or outgoing edges). The new edges receive the

same label, fab, of (a ! b). We denote this acyclic variation

of Gi by G0
i.

The node labels of Bi are determined from the edge labels

of G0
i according to the following methodology. Let X be

a node of Bi that is not a source (source nodes need not be

handled here, as we explain in Section 3). Let PX ¼
fX1‚ . . . ‚ Xsg be X’s set of parents and pk

X, with 1 � k � s,

be the joint value assignment to the variables in PX

that assigns 1 to Xk and 0 to the other s � 1 variables.

The probability that X has value 1 given pk
X, denoted by

pið1 j pk
XÞ, can be determined easily by considering the labels

on all edges that in G0
i leave the basic block corresponding

1 Our typesetting conventions are fairly standard: we use boldface capitals

to denote sets of variables (e.g. X), italicized capitals to denote variables (e.g.

X 2 X), boldface lowercases to denote joint value assignments to a group of

variables (e.g. x for X) and italicized lowercases to denote a single variable’s

values (e.g. x for X).
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to Xk, following the interpretation of the value 1 as indicative

that the basic block corresponding to X is executed in a run of

P. If those labels are fab1 ‚ . . . ‚ fabr for the appropriate r � 1,

which includes the label, say fab, on the edge that joins the

basic block of Xk to that of X, then

pið1 j pk
XÞ ¼

fab
fab1 þ � � � þ fabr

: ð4Þ

When r ¼ 1 (that is, Xk is parent to no variable other than X),

it follows from (4) that pið1 j pk
XÞ ¼ 1. However, for reasons

that have to do with the correctness of the optimization

method that (3) summarizes, we must not allow such an

extremal value for any conditional probability. We then let

pið1 j pk
XÞ ¼ 1 � e for some small e such that 0 < e < 1.

In Figures 1 and 2, we give an illustrative example. For

i � 1, in this example input Ii is a positive integer and P is

a program that naı̈vely finds all multiples of 5 in f1‚ . . . ‚ Iig
by scanning this set and printing out a decision for each

number. Figure 1 depicts Gi as output by PLTO (cf. Section 4),

along with its edge labels, for Ii ¼ 100. Figure 2 shows the

corresponding Bi.

The probability pið1 j pk
XÞ is stored as part of the node

label of X as the (complementary) probability that X has

value 0 given the same condition, that is, pið0 j pk
XÞ ¼

1 � pið1 j pk
XÞ. The complete node label of X is obtained

by letting k ¼ 1, . . . ,s. We remark that such a size-jPXj
(as opposed to a size-2jPXj) node label is only possible if we

make the so-called noisy-OR assumption [17], as we hence-

forth do. What the assumption does is to force certain

independence relations in such a way that pið0 j pXÞ can be

expressed simply as the product

pið0 j pXÞ ¼ pið0 j pk1
X Þ � � � pið0 j pkz

X Þ‚ ð5Þ

B32  [ct = 1]
pushl %ebp
movl %ebp <- %esp
subl %esp <- $8
movl -4(%ebp) <- $1

B19063  [ct = 101]
cmpl -4(%ebp),$100
jg 0x08048250 

1

B34  [ct = 100]
movl %edx <- -4(%ebp)
movl -8(%ebp) <- $5
movl %eax <- %edx
cl 
idivl %eax <- -8(%ebp)
testl %edx,%edx
je 0x08048232 

100

B19060  [ct = 1]
movl %eax <- $0
leave
ret

1

B19061  [ct = 80]
subl %esp <- $8
pushl -4(%ebp)
pushl $0x0808cefe
call _IO_printf:B148

80

B35  [ct = 20]
subl %esp <- $8
pushl -4(%ebp)
pushl $0x0808cee8
call _IO_printf:B148

20

B38  [ct = 80]
addl %esp <- $16

80

B19062  [ct = 100]
leal %eax <- -4(%ebp)
incl (%eax)
jmp 0x0804820a

80

100

B36  [ct = 20]
addl %esp <- $16
jmp 0x080481f9

20

20

FIGURE 1. Edge-labeled Gi for the P that separates multiples from non-multiples of 5 in {1, . . . , Ii} with Ii ¼ 100. Shaded nodes correspond to

basic blocks containing a branch instruction.
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for any of the 2jPXj possibilities for pX, where Xk1 ‚ . . . ‚ Xkz are

the parents of X that have value 1 in pX. If all of X’s parents

have value 0 in pX, then we use pið0 j pXÞ ¼ 1 � e.

Let us now turn to the construction of Hi. First, we

recognize that, by definition, H1 and B1 are the same Bayesian

network. Then, for i > 1, we define Hi recursively as a

combination of Hi�1 and Bi. In other words, we let the history

of running P on the input sequence I1‚ . . . ‚ Ii be an extension

of the history on I1‚ . . . ‚ Ii�1 by the execution that Bi

represents. In order to be specific on how this combination

is achieved, we first let qið0 j pk
XÞ, for i � 1, be one of the

node-label components of Hi, defined entirely analogously to

the definition of pið0 j pk
XÞ above. Unlike that other defini-

tion, though, qið0 j pk
XÞ is now obtained as a combination of

qi�1ð0 j pk
XÞ and pið0 j pk

XÞ for i > 1, provided q1ð0 j pk
XÞ ¼

p1ð0 j pk
XÞ. The combination we use is simply the geometric

average qi�1ð0 j pk
XÞ

1�ai pið0 j pk
XÞ

ai , suitably normalized,

where 0 < ai < 1. The required normalization comes from

assuming that qið1 j pk
XÞ is also proportional to

qi�1ð1 j pk
XÞ

1�ai pið1 j pk
XÞ

ai , and then

qið0jpk
XÞ

¼ qi�1ð0jpk
XÞ

1�ai pið0jpk
XÞ

ai

qi�1ð0jpk
XÞ

1�ai pið0jpk
XÞ

aiþð1�qi�1ð0jpk
XÞÞ

1�aið1�pið0jpk
XÞÞ

ai
:
ð6Þ

One important observation is that, since the node and

edge sets of Hi�1 and Bi are not necessarily the same, some

precautions are in order. The first one is to let the node set of

Hi be the union of the node sets of Hi�1 and Bi, and similarly

for its edge set. The second precaution comes from realizing

that building the structure of Hi in this way may render one of

qi�1ð0 j pk
XÞ or pið0 j pk

XÞ undefined (Xk may not be a parent

of X in Hi�1 or Bi). Whenever this occurs, we let the missing

probability acquire the same small value e used above.

We are then left with the single task of determining ai.

Suppose, initially, that we can devise an ideal proportion,

call it a0, for the geometric average. Our strategy is to let

ai ¼ a0 when we detect that P has run on Ii as fast as it has,

according to a certain average, run on the previous inputs

I1, . . . , Ii�1. If faster, then we let ai be closer to 0 than a0; if

slower, we let it be closer to 1. The idea is then that inputs

that cause P to run more slowly influence Hi more strongly.

For i > 1, the precise functional form that yields ai is

ultimately a function of a0‚ . . . ‚ ai�1 and also of the running

times t1, . . . , ti�1 of P on I1‚ . . . ‚ Ii�1. The value of a1, in turn,

depends on a0 and also on a T0 parameter that gives some

a priori knowledge on the expected running time of P. The

ideal proportion a0, finally, can be determined alongside T0.

Of course, our choice regarding the influence of Ii on Hi

may be totally inappropriate if P is somehow interactive in

a way that depends more on the user’s responsiveness than on

the input, or yet if Ii is some sort of erroneous input and

detecting errors is time-consuming. While in the former case

we may simply assume that ti excludes whatever time is spent

in waiting for the user, in the latter case it might be best not

to let Ii influence Hi at all (i.e. use ai ¼ 0). We then proceed

on the assumption that cases like these can be handled by

redefining ti as needed or by occasionally preventing Ii from

influencing Hi altogether.

2.3. The execution model

For i � 1, we model the execution of program P on input Ii by

a Bayesian network denoted by Bi. Constructing Bi involves

transforming the edge-labeled directed graph Gi into the node-

labeled, acyclic directed graph Bi. We describe this transfor-

mation as a sequence of two steps. The first step transforms Gi

into an acyclic directed graph G0
i that already has the desired

structure of Bi but still carries integer labels on its edges.

The second step completes the transformation into Bi by

computing its node labels (sets of conditional probabilities)

from the edge labels of G0
i.

Y1

Y ′8

Y9

Y2

Y3

Y4

Y5

Y6

Y7

Y ′2
Y8

FIGURE 2. Bayesian network Bi for the Gi of Figure 1. Except

for Y0
2 and Y0

8, which are inserted for directed-cycle elimination,

nodes are placed relatively to each other as their counterparts

in Figure 1. The probability in (4) is given as follows for each

node (except for Y1 and Y0
8, which are sources and need not be

handled). Variables whose single parent has no other child: pi(Y5 ¼
1jY4 ¼ 1) ¼ pi(Y7 ¼ 1jY6 ¼ 1) ¼ piðY0

2 ¼ 1 j Y8 ¼ 1Þ ¼ 1 � e.

Variables whose two parents have no other child: pi(Y2 ¼ 1jY1 ¼ 1,

Y0
8 ¼ 0) ¼ pi(Y2 ¼ 1jY1 ¼ 0, Y0

8 ¼ 1) ¼ pi(Y8 ¼ 1jY5 ¼ 1, Y7 ¼ 0) ¼
pi(Y8 ¼ 1jY5 ¼ 0, Y7 ¼ 1) ¼ 1� e. Variables whose single parent has

two children: pi(Y3 ¼ 1jY2 ¼ 1) ¼ 100/101; pi(Y9 ¼ 1jY2 ¼ 1) ¼ 1/

101; pi(Y4 ¼ 1jY3 ¼ 1) ¼ 80/100; pi(Y6 ¼ 1jY3 ¼ 1) ¼ 20/100.
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The node set of G0
i contains one random variable for each

of the nodes of Gi, that is, for each of the basic blocks of P

that is executed when P is run on input Ii. A variable may

only have value 0 or 1, representing respectively the event

that the corresponding basic block is not or is executed in

a run of P. Notice that this does in no way contradict the fact

that, by definition, all basic blocks in Gi are executed in the

run of P to which it corresponds. Building the probabilistic

model Bi is simply an intermediate step that seeks to later

integrate the contribution of this particular run into a model

of the input history of P. We let Xa be the variable

corresponding to basic block a.

The node sets of Gi and G0
i are thus so far in one-to-one

correspondence with each other. Their edge sets, on the other

hand, cannot in general have the same property, since G0
i

(having the same structure of Bi) must be acyclic, while Gi is

in general not so. The source of directed cycles in Gi is of

course the presence of basic blocks whose last instruction is

a branch instruction to implement a loop in P. The edges of Gi

that correspond to such branches are precisely the ones that

get eliminated in order to generate G0
i, which is then acyclic.

The process of eliminating branch edges is very simple.

First, we identify the only possible source node in Gi, i.e. the

single node that has no edges incoming to it. This node

represents the first basic block that is executed when P is run

on Ii; since P is fixed, such a node is the same for all values

of i. Once the source node is identified, a depth-first search is

conducted starting at it and all the back edges it produces

are eliminated. Note that, even though it can be argued that

these back edges correspond precisely to the branch edges

that implement loops in P, what matters is simply that the

resulting directed graph is acyclic.

But let us examine the process of eliminating a back edge

from Gi more closely. By definition of the edge labels of Gi,

summing up the labels on the edges incoming to any of its

nodes (with the exception of its single source and its sinks—

nodes with no outgoing edges) must yield the same value

as summing up the labels on that node’s outgoing edges.

If (a ! b) is a back edge, severing it disrupts this balance

so that the resulting graph no longer conveys the same

information as Gi regarding the relative frequencies with

which basic blocks are executed. What we do to solve this is

to create two additional nodes (one source and one sink),

called a0 and b0, and two additional edges, ða0!bÞ and

ða!b0Þ, each receiving the same label, fab, of the edge being

severed. Clearly, the desired balance is thus maintained. The

resulting node and edge sets are shared by both G0
i and Bi.

Let us now consider the second step in turning Gi into Bi,

that is, the step whereby the edge labels of G0
i are transformed

into the node labels of Bi. A node Xa in G0
i or Bi has jPXa

j
parents, and for each of the 2jPXa j possible joint value assign-

ments to those parents, say the value assignment pXa
, the con-

ditional probability pið0 j pXa
Þ (or, equivalently, pið1 j pXa

Þ)
must be provided as part of the label of Xa, assuming pi is the

probability distribution for Bi. Evidently, requiring such an

exponentially large number of label components is imprac-

tical even for moderately complex instances of P and some

more efficient representation must be adopted.

Our choice on this issue has been to adopt the customary

noisy-OR assumption [17], whose core in our context is

the following. Let Xa be a node with at least one parent,

and let Xa1‚ . . . ‚ Xas be its parents, with s ¼ jPXa
j. The

assumption is that whatever causes the event Xa ¼ 1 to be

unaffected by the event Xak ¼ 1 is independent from

whatever else may cause Xa ¼ 1 to be unaffected by

Xa
l
¼ 1, where Xak

and Xal
are any two distinct parents of Xa.

If we let pk
Xa

denote the joint value assignment to the parents

of Xa that sets Xak ¼ 1 and all other parents to 0, then clearly

the noisy-OR assumption for pi amounts to

pið0 j pXa
Þ ¼

Ys
k¼1

Xak¼1

pið0 j pk
Xa
Þ‚ ð7Þ

where the Xak ¼ 1 condition indicates that the product ranges

over the parents of Xa that have value 1 in pXa
. If all the

parents of Xa have value 0 in pXa
, then we let pið0 j pXa

Þ ¼
1 � e for some small e 2 (0, 1). (We note that it is critical that

e be a strictly positive value. Setting any of the conditional

probabilities to an extremal value, 0 or 1, disrupts the

fundamental nature of a Bayesian network as a Markov—or,

equivalently, a Gibbs—random field, in which case all the

theory that underlies the optimization process summarized

by (3) crumbles [16].) By (7), only the s conditional prob-

abilities pið0 j p1
Xa
Þ‚ . . . ‚ pið0 j ps

Xa
Þ need to be specified: the

remaining 2s � s ones can be easily computed as they

become necessary.

For 1 � k � s, the following is how we obtain the value of

pið0 j pk
Xa
Þ for use in Bi. Let Xb1 ‚ . . . ‚ Xbr be the children of

Xak (including, of course, Xa). We then let

pið0 j pk
Xa
Þ ¼ 1 �

f aka
f akb1 þ � � � þ f akbr

: ð8Þ

In words, what (8) is saying is that pið1 j pk
Xa
Þ ¼

1 � pið0 j pk
Xa
Þ is, of all the times the execution of P goes

through basic block ak, the fraction in which it proceeds

directly to basic block a. An illustration depicting the

variables involved in this process is given in Figure 3. Note

Xa1
Xak

Xa�

Xbp
XaXb1

. . .

. . .

. . .

. . .

FIGURE 3. The surroundings of variable Xa that are relevant to (8).
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that the case of r ¼ 1 (that is, Xak is parent to Xa only) leads,

by (8), to pið0 j pk
Xa
Þ ¼ 0, which as before we must not allow.

We then let pið0 j pk
Xa
Þ ¼ e.

All we are left to do is then to handle the case in which Xa

has no parent and therefore needs a prior probability. This

case includes the single source inherited by Bi from Gi

and all the ones we inserted artificially when severing back

edges during the transformation of Gi into G0
i. However, as

will become apparent in Section 3, all such prior probabilities

are irrelevant and we need not worry about them. This is so

because the source that represents the initial basic block is an

evidence (so its value never changes) and all the other sources

are treated, during the solution of the Bayesian network, in

a somewhat unorthodox way intended to ensure that their

values are consistent with those of the sinks that were created

along with them.

2.4. The history model

For i > 1 (that is, after P has been run at least once), the

history model of the first i � 1 executions is a Bayesian

network, denoted by Hi�1, which incorporates probabilistic

knowledge on the occurrence of the basic blocks of P as it is

executed. We now describe how to incorporate the proba-

bilistic knowledge that Bi embodies about the ith execution

of P into Hi�1 so that Hi, a new Bayesian network now

incorporating information on the first i executions, can be

obtained.

In order to achieve the combination of Hi�1 and Bi into Hi,

first we must ensure that the two Bayesian networks we start

with have the same node and edge sets. This can be achieved

simply by first determining the union of the two node sets

and the union of the two edge sets, and then enlarging each

node set to make it equal the union of the node sets, then

similarly for the edge sets. The only problem with this is that

it leaves some node labels incomplete, i.e. in both Hi�1 and

Bi there may be a non-source variable X with less than jPXj
conditional probabilities specified for it. Each missing

probability is a probability that X ¼ 0 given that a newly

added parent has value 1 and all others value 0. What we do

in these cases is to set all missing probabilities to the small

value e introduced in Section 2.3.

We may then henceforth assume that Hi�1 and Bi have the

same node and edge set, and also that they have labels

completely specified within the noisy-OR assumption for all

non-source nodes. These shared node and edge sets are also

the node and edge sets of the resulting Bayesian network, Hi.

Let X denote this common node set and x stand for a joint

value assignment to all the variables in X.

We would like, ideally, to obtain the node labels of Hi in

such a way as to ensure that the resulting joint distribution

over X were the (normalized) geometric average of the two

source joint distributions, i.e. those that correspond to Hi�1

and Bi. The geometric average of two distributions seems

only natural in the Bayesian network context, since it

involves products of probabilities and such products already

lie at the core of any analysis of Bayesian networks [cf. (1)].

So, recalling that pi is the probability distribution for Bi and

letting qi be the distribution for Hi, we would aim at having,

with ai 2 ð0‚ 1Þ and ni ¼ jXj,

qiðxÞ ¼
qi�1ðxÞ1�ai piðxÞaiP

x02f0;1gni qi�1ðx0Þ1�ai piðx0Þai
ð9Þ

for all x 2 f0‚ 1gni . And in fact it is easy to demonstrate that

(9) is achieved if it is also achieved at the node-label level,

that is, if

qiðx j pXÞ ¼
qi�1ðx j pXÞ1�ai piðx j pXÞaiP

x02f0;1g qi�1ðx0 j pXÞ1�ai piðx0 j pXÞai
ð10Þ

for all X 2 X, all x 2 {0, 1} and all pX 2 f0‚ 1gjPX j.
Let us digress briefly to outline the main argument of this

demonstration. If we assume that (10) holds as stated, then we

obtain, for all x 2 f0‚ 1gni and starting with an application

of (1),

qiðxÞ ¼
Y
X2X

qiðx j pXÞ ð11Þ

¼
Q

X2X qi�1ðx j pXÞ1�ai piðx j pXÞaiQ
X2X

P
x02f0;1g qi�1ðx0 j pXÞ1�ai piðx0 j pXÞai

:

ð12Þ

Rewriting the denominator yields

Q
X2X qi�1ðx j pXÞ1�ai piðx j pXÞaiP

x02f0;1gni
Q

X2X qi�1ðx0 j pXÞ1�ai piðx0 j pXÞai
‚ ð13Þ

where x0 is the value of X in x0. By (1), this leads to (9).

The problem is that the qiðx j pXÞ of (10) is in general

not compliant with the noisy-OR assumption we made in

Section 2.3 even if qi�1ðx j pXÞ and piðx j pXÞ are. In order to

see this, we assume the latter and rewrite (10) using the

notation of Section 2.3 with s ¼ jPXj; by (7), we get, for

instance for x ¼ 0,

qið0 j pXÞ ¼

Qs
k¼1
Xk¼1

qi�1ð0 j pk
XÞ

1�ai pið0 j pk
XÞ

ai

P
x02f0;1g qi�1ðx0 j pXÞ1�ai piðx0 j pXÞai

‚ ð14Þ

where the denominator can also be rewritten:

Ys
k¼1
Xk¼1

qi�1ð0 jpk
XÞ

1�ai pið0 jpk
XÞ

ai

þ 1�
Ys
k¼1
Xk¼1

qi�1ð0 jpk
XÞ

0
B@

1
CA

1�ai

1�
Ys
k¼1
Xk¼1

pið0 jpk
XÞ

0
B@

1
CA

ai

: ð15Þ
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Clearly, for noisy-OR compliance we should have

qið0 jpXÞ ¼
Ys
k¼1
Xk¼1

qi�1ð0 jpk
XÞ

1�ai pið0 jpk
XÞ

aiP
x02f0;1g qi�1ðx0 jpk

XÞ
1�ai piðx0 jpk

XÞ
ai

ð16Þ

¼

Qs
k¼1
Xk¼1

qi�1ð0 jpk
XÞ

1�ai pið0 jpk
XÞ

ai

Qs
k¼1
Xk¼1

P
x02f0‚1g qi�1ðx0 jpk

XÞ
1�ai piðx0 jpk

XÞ
ai
‚

ð17Þ

but the two denominators—the one rewritten in (15) and the

one of (17)—are not in general equal.

The inescapable conclusion is then that we must choose

between the concise node-label representations afforded by

the noisy-OR assumption and achieving (9) through (10). Given

our application domain, in which variables with hundreds of

parents do occur, the ability to represent node labels parsi-

moniously is absolutely essential. We then choose the first

option while the second one remains an ideal to be approxi-

mated. Having opted for conciseness, it then suffices to apply

the geometric-average rule of (10) to the jPXj conditional pro-

babilities of each and every variable X 2 X that is not a source

(recall that prior probabilities are unnecessary in our context).

It now remains for us to find a suitable value for ai. The

strategy we use is based on the following general premise.

Suppose we can devise an ideal value, call it a0, for the

mixture of the two Bayesian networks. This can be done, for

instance, by running P a number of times on a randomly

chosen sequence of inputs, each time with a different can-

didate value for a0, and at the end selecting the value that

yields the smallest overall running time. The chosen a0 can

then be used as a sort of threshold: after P is run on Ii and Bi is

obtained, we check its running time against some average

of the running times of P on the previous i � 1 inputs; if

smaller we select a value for ai that is smaller than a0, and

correspondingly if it is larger. What this is doing, since we are

dealing with geometric averages of numbers below 1, is to let

executions with comparatively larger running times weigh

more in the history model than executions with comparatively

smaller running times (essentially, the probability that gets

raised to the smallest exponent yields, if large enough, the

result that is nearest 1 and therefore affects the geometric

average the least—cf. Figure 4 for a clarifying illustration).

Now for the details. Let t1‚ t2‚ . . . be the running times of P

on I1‚ I2‚ . . . respectively. Let Ti�1 be the average, weighted

by normalized versions of a1‚ . . . ‚ ai�1, of the first i � 1

running times, that is,

Ti�1 ¼
a1t1 þ � � � þ ai�1ti�1

a1 þ � � � þ ai�1

: ð18Þ

The value we use for ai is then

ai ¼
1

1þ 1 � a0

a0

� �
e�gðti�Ti�1Þ

‚ ð19Þ

where g > 0 is a parameter. The functional dependency in

(19) has a sigmoidal form and maps ti into the interval [0, 1].

It yields ai ¼ a0 when ti ¼ Ti�1, that is, when P runs on the

ith input as fast as it has on average; smaller values of ti bring

ai closer to 0, larger values bring it closer to 1. The function’s

steepness around ti ¼ Ti�1 is controlled by the g parameter.

Illustrations with g ¼ 1 are given in Figure 5.

All of our discussion concerning the evolution of the history

model holds, of course, for i > 1. For i ¼ 1, no previous

history model exists and B1 simply becomes H1 while we let

T1 ¼ t1. In addition, determining a1 for later use requires that

T0 be known as well; there are various possibilities, one being

to take T0 as the average running time of P during the initial

experiments that yield the value of a0.

3. THE OVERALL STRATEGY

The following is a summary of our strategy in this paper.

It provides the main steps to be followed as the program P is

FIGURE 4. Contour plots of r ¼ q1�apa/ðq1�apa þ
ð1�qÞ1�að1�pÞaÞ with 0 � p‚ q � 1 for a ¼ 0.2 (a) and a ¼ 0.8

(b). As a is increased from 0.2 in (a) to 0.8 in (b), r becomes more

sensitive to the value of p than to the value of q.

FIGURE 5. Plots of a ¼ ð1þ eT�tð1�a0Þ/a0Þ�1
with T ¼ 6 for

a0 ¼ 0.2, 0.5, 0.8.
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run, in succession, on the inputs I1, I2, . . . . We assume that

running P on Ii for i � 1 automatically produces the Bayesian

network Bi as summarized in Section 2.2 or detailed in

Section 2.3, and also yields the measure ti for the running

time of P on Ii. This running time is assumed to exclude all

the instrumentation effort that creates Bi. We also assume that

the value of a0 is known from previous experimentation

with P on a random assortment of inputs, and furthermore

that the average running time of P during those experiments

is recorded as T0.

1. Run P on I1, then do:

(a) Let

a1 ¼ 1þ 1�a0

a0

� �
e�gðt1�T0Þ

� ��1

:

(b) Let T1 ¼ t1.

(c) Duplicate B1 to yield H1.

(d) Solve H1 for the most likely joint occurrence

of basic blocks, then reorder the basic blocks of P

accordingly.

2. For i > 1, run P on Ii, then do:

(a) Let

ai ¼ 1þ 1�a0

a0

� �
e�gðti�Ti�1Þ

� ��1

:

(b) Let

Ti ¼
a1t1 þ � � � þ aiti
a1 þ � � � þ ai

:

(c) Obtain the node and edge set of Hi as the union

respectively of the node and edge sets of Hi�1 and

Bi. Let X be the node set of Hi.

(d) For X 2 X, do the following if X is not a source. Let

s ¼ jPXj and PX ¼ {X1, . . . ,Xs}. Let also pk
X, with

1 � k � s, be the joint value assignment to the

variables in PX that assigns 0 to all variables except

Xk, which receives value 1. For k ¼ 1, . . . ,s, let

qið0 j pk
XÞ ¼

qi�1ð0 j pk
XÞ

1�ai pið0 j pk
XÞ

ai

Zk
i

‚

where

Zk
i ¼ qi�1ð0 j pk

XÞ
1�ai pið0 j pk

XÞ
ai

þ ð1�qi�1ð0 j pk
XÞÞ

1�aið1�pið0 j pk
XÞÞ

ai :

If either qi�1ð0 j pk
XÞ or pið0 j pk

XÞ is missing

(because Xk is not a parent of X in both Hi�1 and

Bi), then assume a small value e 2 (0, 1) for it.

(e) Solve Hi for the most likely joint occurrence of

basic blocks, then reorder the basic blocks of P

accordingly.

Solving the history models in Steps 1(d) and 2(e) can

be achieved, for example, by the variation of stochastic

simulation mentioned in Section 2.1. During the simulation,

the variable that corresponds to the initial basic block is

treated as an evidence, that is, its value remains fixed at 1 at

all times.

All other variables have their values updated regularly

according to the probability prescribed in (3), but the follow-

ing special precaution is taken when updating the source-sink

pairs of variables created as back edges are severed during

the construction of the execution model. If Xa0 and Xb0 are

respectively such a source and sink, then Xa0 is never updated

directly but rather has its value copied from that of Xb0

whenever Xb0 is updated. This is intended to ensure the

semantic consistency that the creation of the two variables

implicitly suggests as desirable.

The reordering of P’s basic blocks in the same two

Steps 1(d) and 2(e) involves examining all the variables that

have value 1 in the global joint value assignment obtained

as solution of the history model. This assignment is an

approximation of an x� for which qi(x
�) is maximum given

the evidence corresponding to the execution of the initial

basic block. In x�, we expect variables with value 1 to be such

that they can be arranged into a directed path in the history

model whose first variable corresponds to the initial basic

block, provided we allow jumps between variables like the

Xb0 and Xa0 above to be included in the path.2 As we discuss

in Section 4, this expectation has in practice been verified for

the approximations of x� that we obtain as well. Reordering

the basic blocks is then simply a matter of placing the basic

blocks of this directed path in a position inside P that ensures

they are the first to be loaded into memory for execution on

the next input.

Note, finally, that node labels for both the execution

models, via (4) [equivalently, (8)], and the history models, via

Step 2(d), are stored concisely according to the noisy-OR

assumption. By (5) [equivalently, (7)], all the conditional

probabilities not explicitly stored may be obtained readily

when needed during the simulation.

4. EXPERIMENTAL RESULTS

We have conducted extensive experiments to assess the

performance of the strategy summarized in Steps 1 and 2 of

Section 3, henceforth referred to as the Bayesian network

approach. Our goal has been 2-fold: first, to verify the

approach’s ability to provide better running times as a

program is repeatedly run on the same input, possibly with

the intervention of other inputs; second, to compare the

running times under the Bayesian network approach with

those obtained under the gcc level-3 optimization (with no

2 In this case, the path is no longer what we call a simple or elementary

path (a path with no node repetition), but a path nonetheless.
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further code reordering) or Pettis-Hansen reordering [12]

(as implemented in PLTO [14]). In the remainder of the paper,

we refer to the latter two strategies concisely by the epithets

O3 and PH respectively.

The PH strategy operates precisely on the Gi graph of

Section 2. In essence, what it does is to repeatedly concatenate

basic-block chains greedily based on the counts that label the

graph’s edges. To this end, it first lets every basic block be

a chain, and then proceeds by examining the edges that

connect the end of a chain to the beginning of another and

selecting the one that has the greatest label to join its end

chains. When chains can no longer be joined, they are placed

in a relative order that favors the most frequently taken

branches. The program’s basic blocks are then reordered

accordingly. PLTO, including the functionality to do basic-

block reordering from edge-labeled graphs like Gi, provides

a convenient framework for implementing not only the PH

strategy (which it does by default) but also the basic-block

reordering prescribed by our Bayesian network approach

(which we lead it to achieve, as discussed below).

In addition to this use of PLTO to achieve the reordering

of basic blocks, we also use it as part of the procedure to

generate the graph Gi, as it already implements a considerable

portion of the profiling functionality that is necessary to build

that graph. However, PLTO does this profiling separately for

each procedure and does not provide the frequency counts

that correspond to returns from executing procedures. But in

Gi every node and edge must be properly placed (and, in the

case of edges, labeled), so in essence we do the following

addition to the processing of PLTO. Let a be a basic block

through which a certain procedure is called, and let b be the

basic block that follows after the procedure is executed. PLTO

provides the edge labels inside the procedure’s code but links

a directly to b along with the label fab. But what we need in

Gi, instead, is an edge directed from a to the procedure’s entry

basic block, and also an edge directed from the procedure’s

exit basic block to b. We then create each of these edges with

label fab and eliminate (a ! b).

We concentrated our experiments on the SPEC programs

listed in Table 1.3 For each program, the inputs that appear

in the suite’s Reference, Train, Test and Reduced sets are

numbered sequentially from 0 as indicated in the table.

Within each of the four sets, our numbering follows the same

order as used for the suite’s files.

We used for all our experiments an AMD Athlon running

at 1.66 GHz with a 128 KB level-1 cache, a 256 KB level-2

cache and 256 MB of main memory. We used the RedHat 7.3

Linux operating system (kernel version 2.4.18-3) and version

2.96 of gcc (always with the level-3 optimization option).

Every running time we report is expressed in seconds and

refers, for each program on each input, to the middle time

of three runs (i.e. the one that remains after discarding the

lowest and highest times).

Let nP denote the number of distinct inputs to a program P

from the SPEC suite (in Table 1, inputs are then numbered

from 0 through nP � 1). Our methodology for experimenta-

tion on P has been to apply the Bayesian network approach to

the sequence I1, . . . , I6nP of inputs to P generated randomly

in such a way that each of the nP inputs appears exactly six

times in the sequence. In order to apply the Bayesian network

approach to this sequence via Steps 1 and 2 of Section 3, we

first chose the values of a0 and T0 as indicated in that

section,4 and then proceeded to one of the two steps on each

of the 6nP inputs with e ¼ 0.05 and g ¼ 1.

Whenever applying (3) for solving a history model by

stochastic simulation, we let T vary from T ¼ 104 down to the

first value below 1 that could be obtained by letting each

new value for T be 98% of its predecessor. It then follows

that T went through d1 � ln 104/ln 0.98e ¼ 457 continually

decreasing values. For each value, each non-source variable

of the model was updated exactly once according to the

probability in (3). At the end, searching through the variables

for those with value 1 consistently yielded, in all occasions,

the desired directed path from the initial basic block

described in Section 3.

In our experiments, this is where our use of PLTO’s

functionality once again comes in. Specifically, we revert to

the Gi graph and modify its edge labels as follows before

feeding it to PLTO. First, edges that do not appear in the

directed path that solves the history model have their labels

set to 0. Then, we scan the edges of that directed path, starting

at the initial basic block, and change all edge labels by

assigning a large label (at least equal to the number of nodes

of Gi) to the first edge encountered, this first label minus 1 to

TABLE 1. Input distribution.

Program Reference Train Test Reduced

bzip2 0–2 3 4 5–7

crafty 0 1 2 3–5

gap 0 1 2 3–5

gcc 0–4 5 6 7, 8

gzip 0–4 5 6 7–21

mcf 0 1 2 3, 4

parser 0 1 2 3–5

twolf 0 1 2 3, 4

vortex 0–2 3 4 5–7

vpr 0, 1 2, 3 4, 5 6–9

3 We have omitted eon and perlbmk from our experiments because

there seems to be some incompatibility with the PLTO version that was current

when we wrote this paper. But the conclusions we draw in the sequel appear

to be well supported by the programs we did consider, so we believe these

two omissions to be essentially harmless.

4 We found a0 ¼ 0.8 to be satisfactory regardless of P, and also the

particular value assigned to T0 to be practically immaterial.

Improved Instruction-Memory Performance 753

The Computer Journal, Vol. 49 No. 6, 2006



the second edge, and so on while unvisited edges remain

on the path. Indirectly, this necessarily leads PLTO’s default

strategy (the PH strategy) to reorder the basic blocks as

desired.

Our results on the programs of Table 1 are summarized in

the plots of Figure 6. For each of the ten programs, the figure

contains two sets of plots displayed side by side. The plots on

the left refer to inputs on which the program is considerably

slower than on those whose plots appear on the right (with

only two exceptions, gcc and gzip, plots on the left

correspond exactly to the inputs in the Reference set). The

two plot sets for each program share the same abscissae

representing the sequence numbers of the various input

instances of that program in the randomly generated sequence

of inputs. Each plot comprises six points connected by a line,

each point referring to a different occurrence of the same

input in the sequence.

For the sake of facilitating the interpretation of the data in

the figure, let us look more closely at the topmost two plot

sets, those that correspond to P being bzip2. In this case, by

Table 1 inputs are numbered 0 through 7, so nP ¼ 8. Each

abscissa in Figure 6 represents a position in a randomly

generated sequence of inputs to P that comprises six instances

of each of the nP inputs. Abscissae, therefore, vary from 1

through 6nP, thus from 1 through 48 in the case of bzip2.

The input sequence we used for bzip2 is the one given in

Table 2: input 0 appears in positions 12, 30, 35, 36, 39 and

40; input 1 in positions 14, 19, 24, 37, 43 and 45; and so on

for inputs 2 through 7. For each input, a plot is given in the

sets in question joining the six points that correspond to the

input’s positions in the sequence only. In the case of bzip2,

the eight different inputs can be divided into those whose

running times surpass 100 seconds and those whose running

times fall far below this threshold. In order to be able to

extract information from the plots visually, data for the

former inputs (numbered 0 through 2) are plotted separately

from those for the latter inputs (numbered 3 through 7)

respectively on the left- and right-hand side plot sets.

In general, dividing the plots for each program in this

manner does more than simply solve the scale problem on the

ordinate axis: at least qualitatively (and also quantitatively,

provided one bears in mind the differences in scale between

the left- and right-hand sides), the division highlights the

fact that the program’s performance on inputs on the left

(those for which running times are larger) tends to improve

noticeably as the sequence of inputs is played, particularly

when the same input occurs in the sequence with little or

no occurrence of other intervening inputs. This is to be

contrasted with what happens to the inputs on the right (the

ones for which running times are smaller). With only a

few exceptions, on these inputs the program tends to perform

in a relatively unaltered way, yielding practically the same

running time at all encounters with the same input. Interes-

tingly, the exceptions are precisely those inputs for which the

running times stand out within the sets on the right-hand side,

that is, those that require substantially larger running times

than the other inputs in their sets. This pattern of behavior is,

of course, what we aimed at with the design summarized in

Section 3.

In Tables 3 through 12, 1 for each of the ten programs, we

provide data that help interpret the plots of Figure 6, and also

data for comparing our Bayesian network approach with the

O3 and PH strategies. The PH strategy, the reader should

recall, refers to the same Gi on which the execution model Bi

and, consequently, the history model Hi are based. In each

table, the tlast column gives, for each input, the program’s

running time on the last (the sixth) occurrence of that input in

the randomly generated sequence of inputs, while tfirst gives

the running time on the input’s first occurrence. Similarly,

tO3 and tPH refer to the running times respectively of the O3

and PH versions of the program on that same input. Note that

tfirst and tO3 are expected to be practically the same for the

input that happens to be the first in the randomly generated

sequence (for this input, and recalling that all compilations do

level-3 optimization, the O3 strategy is indistinguishable

from ours).5

The remaining three columns in the tables give the final

percent gain of the Bayesian network approach over the

first encounter with each input, and also over the O3 and

PH versions. These three gains are defined respectively

as gfirst ¼ 100 (tfirst � tlast)/tfirst, gO3 ¼ 100(tO3 � tlast)/tO3 and

gPH ¼ 100(tPH � tlast)/tPH. With very rare exceptions, positive

gains dominate the ten tables and indicate a superior

performance, by up to 12.61% in the case that relates to the

first execution on the input in question, 14.50% in the case

of O3 and 12.96% in the PH case, of the Bayesian network

approach. The figures for gfirst clearly corroborate our con-

clusions when analyzing Figure 6. Also, gains over O3 tend

to surpass those over PH, once again with rare exceptions.

One subtle but crucial issue regarding gains over the

PH strategy is that, while tPH always refers to running the

program on some Ii based on the profile Gi that is itself

relative to the same input Ii (that is, tPH is essentially the

runtime of a re-execution of the program on Ii), tlast refers, for

i > 1, to running the program on Ii based on the history model

Hi�1, which is influenced by all of G1, . . . ,Gi�1 (these, in

turn, possibly including replicas of Gi) but almost never by

Gi alone. This observation, in our opinion, lends special

significance to the favorable values of gPH we have recorded,

since the replicas of Ii that may be present in I1, . . . , Ii�1 are

often mixed up with several inputs that differ significantly

5 Another peculiarity also holds for I1. If it is the same as I2, then t2 is

expected to be no larger than the value of tPH for I1. The reason for this is that

t2 reflects the reordering achieved by Step 1(d) of Section 3 on B1, which

essentially solves the same global optimization problem on G1 as PH, but

does it by global search (as summarized in (3)), whereas PH does a local

search (i.e. does it greedily). The data we report are insufficient to

demonstrate this, but we have confirmed it in other experiments.
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FIGURE 6. Performance evolution for the SPEC programs of Table 1.
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FIGURE 6. Continued.
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from Ii. As a consequence, what tlast reflects is the effect

of probabilistically summarizing a random combination of

profiles that includes runs of the program not only on Ii but

also on substantially different inputs.

TABLE 5. Performance data for gap.

Input tlast tfirst gfirst tO3 gO3 tPH gPH

0 194.83 200.70 2.92 203.78 4.39 200.98 3.06

1 6.17 6.57 6.09 6.49 4.93 6.41 3.75

2 0.78 0.80 2.50 0.83 6.02 0.79 1.27

3 0.52 0.55 5.45 0.56 7.14 0.53 1.89

4 0.22 0.22 0.00 0.22 0.00 0.24 8.33

5 0.06 0.06 0.00 0.06 0.00 0.06 0.00

TABLE 7. Performance data for gzip.

Input tlast tfirst gfirst tO3 gO3 tPH gPH

0 36.38 39.87 8.75 40.77 10.77 40.13 9.34

1 18.65 19.83 5.95 20.72 9.99 19.89 6.23

2 46.11 49.76 7.34 51.14 9.84 50.06 7.89

3 38.11 40.87 6.75 42.52 10.37 41.34 7.81

4 68.08 70.76 3.79 74.26 8.32 72.23 5.86

5 24.14 25.30 4.58 26.96 10.46 26.56 9.11

6 0.00 0.00 0.00 0.00 0.00 0.00 0.00

7 0.74 0.74 0.00 0.76 2.63 0.74 0.00

8 0.27 0.27 0.00 0.29 6.90 0.27 0.00

9 0.82 0.83 1.20 0.85 3.53 0.84 2.38

10 0.68 0.68 0.00 0.70 2.86 0.68 0.00

11 1.23 1.23 0.00 1.27 3.15 1.25 1.60

12 0.70 0.73 4.11 0.73 4.11 0.71 1.41

13 0.28 0.28 0.00 0.30 6.67 0.28 0.00

14 0.54 0.54 0.00 0.57 5.26 0.54 0.00

15 0.68 0.69 1.45 0.72 5.55 0.69 1.44

16 1.01 1.01 0.00 1.05 3.80 1.02 0.98

17 0.69 0.69 0.00 0.71 2.82 0.70 1.43

18 0.29 0.29 0.00 0.30 3.33 0.29 0.00

19 2.23 2.24 0.45 2.32 3.88 2.27 1.76

20 0.68 0.68 0.00 0.71 4.23 0.69 1.44

21 1.41 1.42 0.71 1.49 5.37 1.44 2.08

TABLE 3. Performance data for bzip2.

Input tlast tfirst gfirst tO3 gO3 tPH gPH

0 141.87 148.13 4.23 148.91 4.73 148.11 4.21

1 115.76 119.34 3.00 122.51 5.51 119.47 3.11

2 112.87 118.34 4.62 120.76 6.53 118.03 4.37

3 10.97 12.28 10.67 12.07 9.11 11.98 8.43

4 8.63 9.67 10.75 9.77 11.67 9.63 10.38

5 2.38 2.54 6.30 2.65 10.18 2.59 8.11

6 2.02 2.07 2.42 2.07 2.42 2.02 0.00

7 1.94 1.95 0.51 2.04 4.90 1.97 1.52

TABLE 4. Performance data for crafty.

Input tlast tfirst gfirst tO3 gO3 tPH gPH

0 125.03 129.85 3.71 133.25 6.16 126.21 0.94

1 18.06 19.98 9.61 20.12 10.24 19.30 6.42

2 2.88 2.97 3.03 3.08 6.49 2.91 1.03

3 0.56 0.56 0.00 0.58 3.45 0.55 �1.82

4 0.21 0.21 0.00 0.23 8.70 0.21 0.00

5 0.07 0.07 0.00 0.07 0.00 0.07 0.00

TABLE 2. Input sequence for bzip2.

Position in the

sequence

1 2 3 4 5 6 7 8 9 10

Input number 6 4 4 4 6 5 7 6 6 2

Position in the

sequence

11 12 13 14 15 16 17 18 19 20

Input number 4 0 5 1 3 7 6 2 1 7

Position in the

sequence

21 22 23 24 25 26 27 28 29 30

Input number 4 5 3 1 5 3 5 6 5 0

Position in the

sequence

31 32 33 34 35 36 37 38 39 40

Input number 7 3 4 3 0 0 1 3 0 0

Position in the

sequence

41 42 43 44 45 46 47 48

Input number 7 7 1 2 1 2 2 2

TABLE 8. Performance data for mcf.

Input tlast tfirst gfirst tO3 gO3 tPH gPH

0 767.03 789.98 2.91 789.98 2.91 786.53 2.48

1 66.05 69.23 4.59 69.34 4.74 69.34 4.74

2 0.36 0.37 2.70 0.37 2.70 0.36 0.00

3 1.85 1.85 0.00 1.86 0.54 1.86 0.54

4 0.13 0.13 0.00 0.13 0.00 0.13 0.00

TABLE 6. Performance data for gcc.

Input tlast tfirst gfirst tO3 gO3 tPH gPH

0 80.15 83.53 4.05 85.89 6.68 83.31 3.79

1 86.43 89.98 3.95 92.82 6.89 89.78 3.73

2 8.78 9.98 12.02 10.27 14.50 8.95 1.90

3 14.73 15.90 7.55 15.92 7.66 14.97 1.80

4 46.98 50.20 6.41 52.02 9.69 50.82 7.56

5 3.01 3.29 8.51 3.29 8.51 3.01 0.00

6 1.16 1.21 4.13 1.31 11.45 1.16 0.00

7 0.32 0.32 0.00 0.35 8.57 0.32 0.00

8 0.06 0.06 0.00 0.06 0.00 0.06 0.00
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We finalize the section by addressing the issue of how

much overhead is incurred, and what each of its portions

represents, when our Bayesian network approach is used.

We have observed along all our experiments that running

times may on average double (sometimes nearly triple) as

a consequence of instrumenting the program through PLTO

and also of constructing and solving the Bayesian network

models. Even though we envisage a use for this approach that

nearly eliminates all overhead (cf. Section 6), we feel it is

informative to examine some of the overhead figures involved

in detail.

Significant portions of this overhead are inherent to PLTO’s

innards, so we concentrate on examining those portions that

are related to constructing execution models and solving

history models. We show data for these in Table 13, where

each figure gives an average time, in seconds, taken over all

6np runs of each program for its input sequence. In the table,

we give data on the overhead for generating Bi from Gi

and for solving Hi. We note that the averages we give are

representative of the underlying distributions, in the sense

that the accompanying variances, which we omit, are negli-

gible. This means that, even though the Bayesian networks

involved differ substantially from one value of i to another

as far as node labels go, they tend to be structurally similar

and thus have the same size, since it is size (how many nodes

and edges), rather than the numbers annotated in node labels,

that determines the times we are examining.

As we consider the figures in Table 13 vis-à-vis those

reported in Tables 3 through 12, we see that, except for gcc,

and considering those inputs on which the programs take the

longest times, the two overheads tend to be relatively small.

For the remaining inputs, however, the overheads become

disproportionate. We then see that, especially for inputs of the

latter type, the alternative approach we describe in Section 6

is expected to have significant impact.

5. RELATION TO PREVIOUS WORK

The Bayesian network approach we have introduced for the

placement of basic blocks has a number of distinctive features

that set it apart from other, previously proposed strategies.

We regard these features as belonging to three different

categories, as we now discuss.

TABLE 12. Performance data for vpr.

Input tlast tfirst gfirst tO3 gO3 tPH gPH

0 226.91 233.47 2.81 240.89 2.81 237.21 4.34

1 206.21 211.91 2.69 225.39 8.51 212.52 2.97

2 10.88 12.45 12.61 12.45 12.61 12.50 12.96

3 18.46 19.58 5.72 21.05 12.30 19.76 6.58

4 1.19 1.18 �0.85 1.24 4.03 1.22 2.46

5 0.73 0.74 1.35 0.77 5.19 0.74 1.35

6 0.17 0.17 0.00 0.18 5.56 0.17 0.00

7 0.00 0.00 0.00 0.00 0.00 0.00 0.00

8 0.02 0.02 0.00 0.01 �100.00 0.01 �100.00

9 0.00 0.00 0.00 0.00 0.00 0.00 0.00

TABLE 9. Performance data for parser.

Input tlast tfirst gfirst tO3 gO3 tPH gPH

0 403.08 408.93 1.45 414.80 2.84 408.07 1.24

1 9.06 9.62 5.82 9.80 7.55 9.63 5.92

2 2.94 2.93 �0.34 3.09 4.85 3.01 2.33

3 3.38 3.41 0.88 3.45 2.03 3.41 0.88

4 0.46 0.48 4.17 0.48 4.17 0.46 0.00

5 0.20 0.20 0.00 0.20 0.00 0.20 0.00

TABLE 10. Performance data for twolf.

Input tlast tfirst gfirst tO3 gO3 tPH gPH

0 865.97 884.64 2.11 884.64 2.11 875.21 1.06

1 20.53 21.36 3.89 21.76 5.65 21.54 4.69

2 0.20 0.20 0.00 0.21 4.76 0.20 0.00

3 0.71 0.71 0.00 0.72 1.39 0.70 �1.43

4 0.07 0.08 12.50 0.08 12.50 0.08 12.50

TABLE 13. Average time for turning Gi into Bi and for solving Hi

in Steps 1(d) and 2(e) of Section 3.

Program Generation of Bi Solution of Hi

bzip2 0.84 2.64

crafty 1.08 6.78

gap 1.66 6.92

gcc 7.31 38.49

gzip 0.84 2.66

mcf 0.74 2.49

parser 0.94 4.87

twolf 1.09 6.79

vortex 1.72 18.17

vpr 0.94 4.19

TABLE 11. Performance data for vortex.

Input tlast tfirst gfirst tO3 gO3 tPH gPH

0 108.78 114.21 4.75 116.00 6.22 114.32 4.85

1 91.81 95.67 4.03 97.50 5.84 95.97 4.33

2 136.02 140.25 3.02 143.29 5.07 141.12 3.61

3 9.29 9.76 4.82 10.13 8.29 9.87 5.88

4 5.39 5.53 2.53 5.77 6.59 5.54 2.71

5 0.61 0.61 0.00 0.65 6.15 0.59 �3.39

6 0.21 0.22 4.55 0.22 4.55 0.21 0.00

7 0.05 0.05 0.00 0.05 0.00 0.05 0.00
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Profile-based strategies for code placement are in general

of a static nature. What this means is that, once profile

information has been collected and processed, it remains

static as the program is executed based on that information.

Approaches that base their profile gathering on a single input

are particularly sensitive to this as new inputs come in for

execution, but even collecting profile information from wider

input corpora (as, for example, in [9]6) may ultimately be

inadequate if the new stream of inputs differs substantially.

Our approach, by contrast, is inherently dynamic, based

as it is on profile information that is continually updated as

new inputs come in for execution by the program. As

a result, the profile that guides the loading of the program

into memory at each new input is automatically based on,

in principle, every previous execution of the program. Of

course, executions that occurred too far back contribute

very little to the current history profile, so what emerges is

a strategy that continually reconstructs the profile to be used

based on a sort of moving input corpus that emphasizes the

most recent executions.

Another distinctive feature comes from considering that,

essentially, what all profile-based strategies seek when

building an input profile for a program is to capture the

inherent uncertainty that characterizes the future stream of

inputs to the program. When a single input is used, there is

consequently a very strong dependency on how typical that

input can be considered. Using a wide input corpus, on the

other hand, makes such a dependency less stringent. In any

event, and notwithstanding this particular issue of input

representativeness, in general the profile information that is

gathered is organized into a deterministic model for later

use. This seems to us like a far from ideal methodology,

considering that representing uncertainty by probability-

theoretic methods—as it ought to be represented—can be

achieved in many different ways. In the case of representing

profiles for code placement, in which an underlying directed-

graph structure is already available, Bayesian networks

provide the natural candidate methodology: not only do

they take advantage of that structure almost directly but also

they provide for a principled way to decision-making whose

implications can be recognized, for example, in the method

we use to approximate a global (as opposed to merely local)

optimum.

To finalize, we return to the question, raised briefly

in Section 1, of independence from specific architectural

properties (including processor caches). Independence here

does not mean that our strategy’s decisions are unaffected by

those properties. In fact, all decisions are ultimately based

on previous running times [cf. (17) and (18)] and are as such

affected by, in principle, every architectural detail. What is

meant, instead, is that no architectural parameter is taken

directly into account during the model-building stages of

the strategy. The most significant consequence of this is that,

owing to our strategy’s inherently dynamic character, several

architectural features can even be changed ‘on-the-fly’ (that

is, between one input to the program and the next): the

expected consequence of such a hypothetical degree of

architectural instability is merely a transitory inappropriate-

ness of the history model, which gets replaced with more and

more appropriate ones as old information is progressively

de-emphasized and replaced with new information.

6. CONCLUDING REMARKS

In this paper, we have introduced a new approach to

improving the usage of the instruction memory. Our approach

is probabilistic in nature and has two main ingredients. The

first ingredient is what we call the execution model and

concerns each individual execution of a given program on

a given input. The execution model is a Bayesian network

whose node labels are built from a trace recorded as the

program is run on the input. The second ingredient is what we

call the history model. It too is a Bayesian network, one that

is now focused on a given program as it runs on a varied

stream of inputs: after the program is run on a new input, the

resulting execution model is incorporated into the history

model by a technique that updates node labels to the

geometric average of two corresponding labels, one from

the current history model, the other from the new execution

model.

The effect of this continual updating of the history model

by data resulting from running the program on new inputs

is that, for each new input, the actual code to be executed

can take into account all the knowledge stored in the

history model. The way this is achieved is by reordering basic

blocks for use on the next input whenever the history

model gets updated. This reordering is done in such a way

that the program’s basic blocks which according to the history

model are the most likely to be executed are the ones to

occupy the highest levels of the instruction-memory

hierarchy.

Incorporating an execution model into the history model

can be achieved in various ways, even if we restrict ourselves

to using the geometric-average criterion. The particular way

we have chosen in this paper has been to select weights

for the geometric average that let comparatively longer

executions influence the history model more heavily than

comparatively shorter ones. Our results on selected SPEC

programs demonstrate the efficacy of the history model

in improving the running times of programs on precisely

those inputs for which such times are longer. They also

demonstrate, for the majority of the cases we investigated,

that running times tend to become better by a non-negligible

margin than those obtained by O3 or PH optimization.

As becomes apparent from Sections 2 through 4, main-

taining a Bayesian network history model for a program as6 See also [20], in the different context of branch prediction.
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it is run on a sequence of inputs depends on strategy and

parameter choices that are not necessarily unique. This is true

of our choice of a geometric average to combine two

Bayesian networks, and also of the functional form of (18) to

select weights for the geometric average. It is similarly true of

our choice method for solving the history model (stochastic

simulation coupled with simulated annealing) and of the

parameters involved.

But however arbitrary some of these choices are, running

an instrumented version of the program for trace recording

and solving the history model are costly procedures. In fact,

as we remarked in Section 4, it has been our experience

that running times may on average double or even triple as

a consequence of the resulting overhead, even though for

most programs only a small fraction of this overhead is

caused by the creation of the execution model or the solution

of the history model when inputs are demanding. One

naturally wonders, then, about the practicality of the overall

approach in a real-world context. Our vision here is that the

strategy summarized in Steps 1 and 2 of Section 3 is not to be

applied to the sequence of all the inputs that come along

for execution by program P, but rather to a subsequence of

that sequence, for example, as follows.

When input I1 arrives, two instances of P are started on it.

The first instance is not instrumented and returns the result of

the execution as soon as it becomes available. The second

instance, in turn, is instrumented and yields an execution

model to be incorporated into the history model for P. New

inputs that appear while such incorporation takes place only

cause one instance of P to be started (the one that is not

instrumented). Once the history model for P has been updated

and solved, and a corresponding reordered code has been

obtained, a new input for P may then once again trigger two

executions of P, but now employing the newly reordered

code. As more and more inputs to P arrive, those that do

cause the program’s instrumented version to be started are the

ones that constitute the input subsequence mentioned above.

In this vision, a background system can be dedicated to

maintaining history models and from time to time releasing

versions of crucial programs that are tuned to the types of

demand they have encountered. Curiously, a proposal with

similar flavor has been put forward in [19] for contexts that

include trace construction and optimization.

We note, finally, that even though the strategy of Section 3

targets dynamic code reordering explicitly, the underlying

Bayesian network models open up possibilities for novel

static approaches as well. For example, one could select key

representative inputs to P and combine the corresponding

execution models into a single Bayesian network whose

solution would provide the reordered code to be used from

then on. Naturally, the combining strategy would probably

differ substantially from the one summarized in Section 3.

The possibilities here are many and open to further

investigation.

ACKNOWLEDGEMENTS

The authors acknowledge partial support from CNPq, CAPES

and a FAPERJ BBP grant. They also thank S. Debray for

providing access to PLTO and for promptly making new

updates available.

REFERENCES

[1] Wilkes, M. V. (2001) The memory gap and the future of high

performance memories. ACM SIGARCH Comput. Arch. News,
29, 2–7.

[2] Ferrari, D. (1974) Improving locality by critical working sets.

Commun. ACM, 17, 614–620.

[3] Hartfield, D. J. and Gerald, J. (1971) Program restructuring for

virtual memory. IBM Syst. J., 2, 169–192.

[4] Hartley, S. J. (1988) Compile-time program restructuring in

multiprogrammed virtual memory systems. IEEE Trans. Softw.
Eng., 14, 1640–1644.

[5] Aho, A. V., Sethi, R. and Ullman, J. D. (1986) Compilers:
Principles, Techniques, and Tools, Addison-Wesley, Reading, MA.

[6] McFarling, S. (1989) Program optimization for instruction

caches. In Proc. Third Int. Conf. Architectural Support

for Programming Languages and Operating Systems,

pp. 183–191. ACM Press, New York.

[7] Hwu, W. W. and Chang, P. P. (1989) Achieving high

instruction cache performance with an optimizing compiler.

In Proc. 16th Annual Int. Symp. Computer Architecture,

pp. 242–251. ACM Press, New York.

[8] Hashemi, A. H., Kaeli, D. R. and Calder, B. (1997) Efficient

procedure mapping using cache line coloring. In Proc. ACM

SIGPLAN 1997 Conf. Programming Language Design and

Implementation, pp. 171–182. ACM Press, New York.

[9] Gloy, N. and Smith, M. D. (1999) Procedure placement using

temporal-ordering information. ACM Transact. Program.
Lang. Syst., 21, 977–1027.

[10] Ramirez, A., Barroso, L. A., Gharachorloo, K., Cohn, R.,

Larriba-Pey, J., Lowney, P. G. and Valero, M. (2001) Code

layout optimizations for transaction processing workloads.

In Proc. 28th Annual Int. Symp. Computer Architecture,

pp. 155–164. ACM Press, New York.

[11] Gupta, R. and Chi, C.-H. (1990) Improving instruction cache

behavior by reducing cache pollution. In Proc. 1990 Conf.

Supercomputing, pp. 82–91. IEEE Computer Society Press,

Los Alamitos, CA.

[12] Pettis, K. and Hansen, R. C. (1990) Profile guided code

positioning. In Proc. ACM SIGPLAN 1990 Conf. Programming

Language Design and Implementation, pp. 16–27. ACM Press,

New York.

[13] Ball, T. and Larus, J. R. (1994) Optimally profiling and tracing

programs. ACM Transact. Program. Lang. Syst., 16, 1319–1360.

[14] Schwarz, B., Debray, S., Andrews, G. and Legendre, M. (2001)

PLTO: A link-time optimizer for the intel IA-32 architecture.

In Proc. Workshop on Binary Rewriting.

[15] Pearl, J. (1988) Probabilistic Reasoning in Intelligent Systems:
Networks of Plausible Inference, Morgan Kaufmann, San

Mateo, CA.

760 C. A. G. Assis, E. S. T. Fernandes and V. C. Barbosa

The Computer Journal, Vol. 49 No. 6, 2006



[16] Barbosa, V. C. (1993) Massively Parallel Models of
Computation, Ellis Horwood, Chichester, UK.

[17] Russell, S. and Norvig, P. (2003) Artificial Intelligence:
A Modern Approach (2nd edn), Prentice Hall, Upper Saddle

River, NJ.

[18] SPEC CINT2000. Available at http://www.spec.org/cpu2000/

CINT2000.

[19] Chou, Y. and Shen, J. P. (2000) Instruction path coprocessors.

In Proc. 27th Annual Int. Symp. on Computer Architecture,

pp. 270–281. ACM Press, New York.

[20] Calder, B., Grunwald, D., Lindsay, D., Martin, J., Mozer, M. and

Zorn, B. (1995) Corpus-based static branch prediction. In Proc.

ACM SIGPLAN 1995 Conf. Programming Language Design and

Implementation, pp. 79–92. ACM Press, New York.

Improved Instruction-Memory Performance 761

The Computer Journal, Vol. 49 No. 6, 2006

http://www.spec.org/cpu2000/

