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Abstract

With the growing awareness that individual hardware
cores will not continue to produce the same level of per-
formance improvement, there is a need to develop an in-
tegrated approach to performance optimization. In this
paper we present a paradigm for Continuous Program
Optimization (CPO), whereby automatic agents monitor
and optimize application and system performance. The
monitoring data is used to analyze and create models of
application and system behavior. Using this analysis, we
describe how CPO agents can improve the performance
of both the application and the underlying system.
Using the CPO paradigm, we implemented cooperating
page size optimization agents that automatically opti-
mize large page usage. An offline agent uses vertically
integrated performance data to produce a page size ben-
efit analysis for different categories of data structures
within an application. We show how an online CPO
agent can use the results of the predictive analysis to au-
tomatically improve application performance. We val-
idate that the predictions made by the CPO agent re-
flect the actual performance gains of up to 60% across
a range of scientific applications including the SPEC-
cpu2000 floating point benchmarks and two large high
performance computing (HPC) applications.

1. Introduction

In this paper, we present a paradigm for Continuous
Program Optimization (CPO), whereby applications and
their execution environment are optimized throughout
their lifetime. A key component of the CPO paradigm
is a vertical Performance and Environment Monitoring
infrastructure [29] that collects integrated performance
information from any layer of the execution stack. This
performance information is used by CPO agents to cre-
ate models of the application and system performance.
An analysis based on the models is then used to af-
fect both the application code and the execution envi-
ronment to increase system performance. In this paper,

we focus on the benefits of CPO for single application
performance in scientific and high performance comput-
ing. However, CPO is a general paradigm that targets a
broad range of application scenarios including system
throughput for commercial and transaction processing
applications.

To demonstrate the CPO paradigm, this paper presents
an offline CPO agent and an online CPO agent that coop-
erate to optimize large page usage. The first time an ap-
plication is run on the system, the offline agent collects
sampled data addresses and TLB (Translation Lookaside
Buffer) misses using hardware counters, page fault in-
formation from the operating system, and memory allo-
cation events from the runtime library. The offline agent
uses this information to model the behavior of the ap-
plication and predict the relative benefit of using large
pages for different application data structures. The anal-
ysis results are stored in the CPO database by the offline
agent. For subsequent invocations of the application,
the online agent examines the database and the number
of large pages currently available and determines which
data structures to map to large pages. Consistent with
the CPO paradigm, these subsequent runs are monitored
by the online agent to validate that the chosen mapping
had the predicted benefits.

We chose this page size optimization scenario because,
although both modern hardware and most operating sys-
tems support multiple page sizes for improved perfor-
mance, they are typically difficult to use, and therefore
end users often do not take advantage of them. Our solu-
tion is completely automatic: no programmer interven-
tion is required.

In this paper we make the following contributions:

e we present a validated multiple page size benefit
analysis; we show how using information across
layers of the execution stack allows an offline agent
to predict the behavior when application data struc-
tures are mapped to different page sizes; we vali-
date that the execution time of the applications fol-
lows the predicted benefits; and we show this vali-
dation holds across different inputs.
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Figure 1. Architecture of CPO and PEM

e we describe an online agent that implements data
allocation and page mapping policies based on the
model predictions.

e we demonstrate the benefits of the CPO approach
for page size optimization through experimenta-
tion.

We demonstrate our analysis on a combination of
the SPECcpu2000 floating point benchmarks [22] and
two large HPC applications (UMT2K [27] and RF-
CTH [13]). The infrastructure is implemented on the
K42 research operating system [3, 15] and was run on
Apple Xserve G5 systems [1].

In this paper, the page size optimization scenario is
presented as an instance of the CPO paradigm. The
paradigm is designed to support additional optimization
scenarios. For example, we are exploring MPI commu-
nications as our next optimization scenario.

The rest of the paper is organized as follows: in Sec-
tion 2 we describe the CPO paradigm; in Section 3 we
present our analysis for estimating the benefits of multi-
ple page sizes; in Section 4 we describe the online agent;
in Section 5 we discuss our infrastructure and we present
the analysis validation. We present related work in Sec-
tion 6 and conclude in Section 7.

2. The CPO Paradigm

Continuous Program Optimization is a paradigm to as-
sist in and automate the challenging task of performance
tuning. In CPO, performance tuning is a continuous pro-
cess of feedback-directed adaptation along two dimen-
sions: 1) adapting the application to its execution en-
vironment, and 2) adapting the execution environment
to enhance application performance. While the idea of
feedback-directed optimization in compilers is not new,
CPO extends it to a more dynamic, negotiation-based
optimization process beyond compiler based optimiza-
tion.

CPO optimizes programs throughout their lifetime and
programs may switch between tuning and monitoring
during execution or may be optimized between runs.
The CPO paradigm involves the following: 1) dynam-
ically identifying and characterizing performance prob-
lems; 2) modeling application behavior and negotiating
resources on behalf of the application; 3) applying opti-
mizations based on resource availability; and 4) validat-
ing that the applied optimizations are effective.

There are several components of the CPO architecture
(shown in Figure 1) that execute in the two primary
phases of tuning and monitoring. The PEM infrastruc-
ture [29] allows vertically integrated performance mon-
itoring information to be gathered from all layers in the
execution stack. CPO agents analyze this data and per-
form optimizations based on the analysis. The analy-
sis consists of modeling salient aspects of application
behavior, using static information about the applica-
tion, and obtaining dynamic data from PEM. Some CPO
agents execute online while others execute offline. Of-
fline CPO agents are used to optimize applications be-
tween runs, and are usually invoked once, unless the
optimization fails the validation phase. CPO agents,
both offline and online, store behavior information in the
CPO database.

The CPO database acts both as a repository for the his-
tory of past optimizations and their performance metrics,
as well as a unified place to resolve competing or con-
flicting optimizations. There may be several CPO agents
active concurrently, and their resource requirements may
be conflicting. The common database and PEM infras-
tructure provides the means for resolving potential con-
flicts by providing each agent with a view of perfor-
mance events across the entire system. CPO agents can
coordinate their activities by monitoring the system for
performance events issued by other agents.

The validation of optimizations is a vital aspect of the
CPO paradigm. It is crucial because modeling will not
be able to capture all the complex interactions in cur-
rent or future systems. Therefore, it is critical to con-
tinuously monitor the optimized applications in order to
validate that the modeled optimizations are having the
intended effect and take action if they are not. Both
optimization and validation occur automatically without
programmer intervention.

In this paper we demonstrate our first instance of the
CPO paradigm for optimizing the use of large pages.
We have implemented the core PEM infrastructure, an
initial prototype of the CPO database, and offline and
online CPO agents that cooperate to automatically ex-
ploit the benefits of large pages. The page size optimiza-
tion scenario instantiates most but not all aspects of the
CPO paradigm. Currently, the CPO agents achieve the



optimization through an offline optimization loop, that
is, across two runs of the applications. Future work in-
cludes online optimizations during a single run for dif-
ferent CPO scenarios.

3. Page Size Benefit Analysis

Most current hardware and operating systems support
multiple page sizes. The benefits of using large page
sizes include reduced TLB misses and reduced page
faults. On some architectures (but not the Apple Xserve
G5 we used in our experiments) large pages can improve
hardware prefetching if the prefetching mechanism ex-
tends to large page scope. However, larger page sizes
come at a cost: potential increase in fragmentation and
an increase in memory footprint which may cause ad-
ditional paging overhead in the operating system, espe-
cially in a multiprogrammed environment. Large pages
also provide a contiguous data layout in real mem-
ory which may benefit cache behavior and prefetching.
Given these constrains, the decision of what portions of
the application data should be mapped to different page
sizes is non-trivial. Moreover, current interfaces in com-
mercial operating systems and hardware have placed the
burden on the end user to make the decision of which
data to map to large pages, thus further limiting large
page usability.

In this section we describe an automatic way of map-
ping data structures in an application to different page
sizes. We first introduce our notation, then describe our
prediction model and its implementation. In Section 4
we discuss how the model can be used to implement dif-
ferent policies of large page usage, and then we present
the results validating the model on real applications in
Section 5.

3.1. Notation

We introduce the following notation:

e F: event stream — the collection of vertically in-
tegrated events from the PEM infrastructure in-
cluding memory allocation and deallocation events,
page faults, DTLBs misses, and sampled memory
addresses; Each memory allocation event in E de-
notes a unique data object.

e ¢;: data category — used to group different data
objects that are processed as a single entity by the
model. The granularity of the categories is config-
urable and can be as fine as individual data objects.

e M: page size mapping — the function that deter-
mines a page size M (c;) for each data category c;.

addr, addrs addrs addry
J data categorization

data objects/categories:  o1/c;  oslca  o1ler  osles
J page resolution

memory references:

page references: P1 P2 p1 P2
J pagelocality anaysis

page reuse distances: Inf. Inf. 1 1
J TLB histogram

TLB misses: miss  miss  hit hit
J Page Faults histogram

Page faults: miss  miss

Figure 2. Processing of an event stream

For ¢ categories and p different page sizes, there
are p° different possible mappings in an applica-
tion. The model only considers a subset of the total
mapping space: the base mappings, where a base
mapping is a mapping that either maps all cate-
gories to the same page size, or a single category
to a non-small page size.

e RDg(r;): the reuse distance of reference r; in
a stream of references R = rirars.... The
reuse distance is defined as the number of distinct
references between two accesses to the same ad-
dress [17]. For example, in the reference stream
a b cc a, the reuse distance for the first access of a
is infinity because a has not be accessed yet and the
reuse distance for the second access of a is 2.

e Hp: the reuse distance histogram for a reference
stream R. Each entry Hg(7) in the histogram de-
notes the number of references with reuse distance
i. Reuse histograms are a good metric of locality,
and can be used to model cache and page behavior
as follows: given a fully associative cache with an
LRU replacement policy and C entries, the number
of hits and misses for R can be computed as:

i<C
Hitsgp = ZHR(i) and Missesg = Z Hg(i). (1)
=0 i>C
3.2. Analysis

Given a stream of memory references R € E and a set
of data allocation and deallocation events from the ap-
plication, the page size benefit analysis estimates the re-
duction in the number of TLB misses and page faults for
a set of page size mappings M;.

The event processing algorithm is illustrated in Figure 2
and consists of the following steps:



Data categorization: for each reference r; € R, de-
termine the data object o; by mapping the address
of r; to one of the allocation events. In addition,
determine the data category ¢, for object o;;

The remaining steps are performed for each base page
size mapping M;. The model is additive, so that the ben-
efits of non-base mappings that map more than a single
category to a large page size, can be derived by combin-
ing the benefits of the respective base mappings.

Page resolution: translate reference stream R into a

stream of page accesses P = p; ps p3 --- by
modeling the mapping M; for the given data cate-
gorization;

Page locality analysis: apply reuse distance analysis to
the page accesses in stream P. Reuse distance
computation is applied twice: once to compute
the reuse distance histogram for TLB references,
Hr g, and a second time to filter the page accesses
for those reference that miss in the TLB to compute
the histogram for page faults, Hpr;

The histograms obtained by processing the event stream
are used in the following steps:

Cost model computation: determine the number of
TLB misses and page faults and estimate the num-
ber of cycles serving misses as follows:

MissCycles(M;) = Missesuyy 5 (Mi) X CTLBmiss
+ Missesup, (M;) x Cpr,
)

where Missesg,, 5 (M;) and Missesm,, (M;)
are computed using Equation 1 on Hppp and
Hpp, respectivelyl. Crrpmiss and Cpp are the
(experimentally determined) average numbers of
cycles for a TLB miss and a page fault;

Benefit ranking: the last step of the algorithm, ranks
the mappings M; based on the number of pages of
each size used and the MissCycles(M;) value.

The benefit ranking computed by the algorithm is saved
in the CPO database. The database entry consists of a set
of directives, one for each data category explored by the
analysis through the corresponding base mapping. Each
directive denotes a data category and its computed ben-
efit rank for different page sizes. The directives are used
by the online CPO agent to implement different page
mapping policies as outlined in Section 4.

1Equation 1 applies to fully associative TLB and page tables.
Therefore, to estimate the missesfor a TLB and page table we model a
smaller sized fully associative TLB and page table, respectively, simi-
lar to [14].

3.3. Implementation

We have implemented the CPO agents for the page size
benefit analysis and the PEM infrastructure on top of
the K42 [15] research operating system running on Ap-
ple Xserve systems. These systems are dual processor
(PowerPC 970FX [4]) machines.

The PowerPC 970FX processor supports two page sizes,
4 KB and 16 MB. K42 supports large page mappings as
an extension to the mmap system call. K42 uses the
GNU glibc [12] library. In this paper, we defined the
data categories based on the glibc malloc allocation pol-
icy that distinguishes between small and large allocation
requests. Thus we define three categories: static data
(which includes BSS data), small dynamic allocations
(allocations below 128 KB) and large dynamic alloca-
tions (allocations above 128 KB). Given the two page
sizes and three data structures categories, we have five
base page mappings to explore: (1) all small, (2) static,
(3) small dynamic, (4) large dynamic, (5) all large. All
small and all large map all data categories to small and
large pages, respectively. Static maps only the static
data category to large pages, and small and large dy-
namic map the small and large dynamic category to large
pages, respectively.

Event stream: The PPC970FX processor has a
set of programmable hardware performance monitors
(HPMSs). In addition to counting individual events, such
as cycles, cache misses, and instructions completed, the
PPC970FX supports the ability to sample instruction
and data addresses for marked instructions. We use the
sampling mechanism to collect data addresses of load in-
structions in the running application to generate a stream
of memory references. In Section 5.1 we discuss how
the sampling rate affects the accuracy of our analysis.
During the same run we also collect data TLB miss in-
formation and we used K42 to collect information about
the frequency of page faults. To produce dynamic data
allocation and deallocation events we instrumented the
malloc and free functions in glibc and we collected in-
formation about the static data segment of an application
from its binary image.

Significance test: Prior to performing the page size ben-
efit analysis we applied a significance test to rule out
applications that have insignificant TLB miss and page
fault rates and can therefore not directly benefit from
large pages. An application fails the significance test
if both its data TLB miss rate and its page faults rate
are below certain thresholds (further discussed in Sec-
tion 5.3.1). Passing the significance test provides a nec-
essary but not a sufficient indication of benefits from
large pages. Large page benefits depend on both a signif-
icant TLB miss/page fault rate and the application’s page
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Figure 3. Benefit ranking for galgel

access pattern which is analyzed by our benefit analysis.
Benefit ranking: We perform the page size benefit anal-
ysis on the applications that pass the significance test.
The outcome of the analysis is a benefit ranking. To
provide detailed information for decision making in the
CPO online agent, we define a new ranking strategy, a
relative weighted benefit ranking, based on the percent-
age of maximal benefits (PMB) rank and the number of
large pages that are required to fulfill that mapping. The
mapping with the highest benefits compared to the de-
fault all small page mapping has a ranking of 100%. All
other mappings will have a fraction of maximal benefits,
between 0-100%. An example of the benefit ranking for
the SPECfp2000 benchmark galgel is presented in Fig-
ure 3. The benefit ranking shows the percentage of max-
imal benefits against the number of large pages that are
needed for each of the five base mappings.

In the special case that we run the application with the
same input, the online agent can use the ranking to de-
termine the most beneficial option for the number of cur-
rently available pages. In the more general case across
different input, the online agent uses only the PMB rank-
ing to select the most beneficial mapping. This way the
agent optimizes large page utilization by avoiding to use
large page for data categories with no or minimal pre-
dicted benefits.

4. Page Allocation Policies

An important aspect of the page size benefit analysis is
that it is predictive and not just reactive. After running
an application once using the default configuration of
the all small mapping, the offline CPO agent is able to
predict the relative benefit for different data categories.
The benefit ranking for each of the chosen category map-
pings is stored in the CPO database.

We implemented our online CPO agent prototype for a
single workload scenario. When a particular application
has been invoked, the online agent uses the stored ben-
efit ranking to determine the best mapping of categories
to large pages. Many operating systems currently limit
the number of large pages available to applications. If
there are insufficient large pages available to back all
the application’s data, the online CPO agent selects only
the categories of the application’s data that will benefit
the most from large pages and directs the underlying op-
erating system to implement that mapping. This is use-
ful even in a dedicated environment; the automatic agent
frees users from reasoning about whether their whole ap-
plication can be backed by large pages.

Discussion. In a multiprogrammed environment, the on-
line CPO agent faces a more complicated task, because
unlike running in batch mode, the agent does not nec-
essarily know a priori how many applications will be
run or what their memory requirements will be. A pos-
sible heuristic for the online CPO agent in a multipro-
grammed environment is to keep track of the number of
available large pages and as the pool decreases, to in-
crease the PMB rank that a data category must exhibit in
order to be mapped to large pages. Being able to selec-
tively choose on-the-fly data categories to map to large
pages allows better use of large pages than if applica-
tions were written with a fixed mapping.

Currently, we work on architectures with two page sizes,
4KB and 16 MB. Future systems will have a range of
page sizes with intermediate page sizes such 64 KB,
making a manual decision of what to back with which
page size even more challenging. Thus, we expect
agents that automatically select the most beneficial page
sizes to be increasingly valuable in the future.

5 Experimental Results
5.1. Infrastructure

Underlying operating system and tracing support:
We chose to develop our prototype on top of K42 [15] a
research operating system. K42 is one of the operating
systems recommended in the Department of Energy’s
Operating/Runtime Systems for Extreme Scale Scien-
tific Computation [3] initiative.

K42 provides an efficient foundation to support the Per-
formance and Environment Monitoring (PEM) infras-
tructure. K42 has a mechanism allowing for events from
anywhere in the execution stack to be logged to a uni-
fied trace buffer. The trace buffer is shared across all ad-
dress spaces including the kernel with events written to
it using a non-locking atomic update scheme [28]. The



implementation supports variable length events, which
is important for space efficiency.

Another mativation for using K42, was that while it sup-
ports a Linux API allowing us to run standard bench-
marks, it is also designed to be customized easily. Thus,
the changes we needed to make for our large page poli-
cies were minimal. Now that we have completed our
prototype implementation, we are implementation por-
tions of the CPO framework on other operating systems.

Large page support: We implemented the support
for the different page size mappings using environment
variables to control each data category mapping. For
the static data mapping we modified the K42 program
loader to map the static data and BSS sections to large
pages. For the small dynamic category, in which the
space is allocated using the br k system call, we modi-
fied K42 to map the heap to large pages. For the large
dynamic category, which glibc allocates through the
mmap system call, modified glibc to pass an additional
large page flag to mmap. Each category is independently
controllable with a separate environment variable.

As in most commercial systems, the underlying Pow-
erPC 970FX architecture does not support dynamic up-
or downgrade between large and small pages. Thus,
to dynamically change page size would require explicit
copying. Due to the involved overheads, we only change
the page size mapping across runs.

Sampling rate and accuracy: The CPO agent captures
the application memory access patterns through sampled
data addresses. The PowerPC 970FX architecture al-
lows loads and stores to be marked, and upon comple-
tion records the address of the completed load or store.
As with any statistical sampling there is a tradeoff be-
tween how frequently the addresses are sampled and the
accuracy of the results. Furthermore, we wanted to ver-
ify that the sampled stream was representative of the full
data reference pattern exhibited by applications.

We performed the following preliminary investigation.
We ran the applications and the K42 operating system
both on hardware and on a simulator. On the simulator
we gathered every load and store address. On hardware
we marked instructions to gather addresses with differ-
ent granularities ranging from marking every fiftieth in-
struction to every thousandth instruction. Empirically
we found this gathered about twenty times fewer loads
and stores, i.e., marking every fiftieth instruction gath-
ered about every thousandth address and marking every
thousandth instruction gathered every twenty thousandth
address.

After gathering the address streams from hardware and
simulation, we ran a statistical analysis to determine
the probability that the sampled address stream gathered
on hardware is representative of the full address stream

gathered on the simulator. The Hellinger Affinity Ker-
nel (HAK) [2], loosely based on the Kullback-Liebler
Divergence [21], takes as input two probability density
functions (PDFs) and generates as output the probabil-
ity that the PDFs are the same. Preliminary results indi-
cate the validity of our approach. Specifically, we per-
formed a HAK calculation for the RF-CTH benchmark
by comparing two traces generated on hardware using
two different sampling rates, one gathered by marking
every fiftieth instruction and one gathered marking ev-
ery thousandth instruction. This yields a HAK value of
60%. Comparing the hardware trace generated by mark-
ing every fiftieth instruction to the full simulator trace
yields a HAK value of 54%. Comparing two non-similar
traces, one from RF-CTH trace and one from a different
benchmark (Radix) yielded a HAK value of 7%. Other
HAK calculations demonstrated a similar trend provid-
ing confidence that the hardware sampled addresses are
representative of the full access pattern. A full scien-
tific study is out of scope of this paper and the subject of
future work.

For our experiments we used a sampling rate of marking
every thousandth instruction which experimentally pro-
vided the best balance between sampling accuracy and
trace size.

Overhead: When the CPO agents are enabled, there
are three potential sources of overhead: trace collec-
tion during the initial application run, trace analysis in
the offline CPO agent, and implementation of the the
page size directives in the online CPO agent in subse-
quent runs. Our PEM implementation leverages K42’s
efficient tracing infrastructures [28] that supports event
trace collection to memory with negligible overhead.
The CPO agent can be invoked directly off of the mem-
ory trace buffers resulting in no measurable tracing over-
head. We used the reuse distance algorithm by Almasi
et al. [5] in our offline CPO agent which has a complex-
ity of O(IN log M), where N is the number of page
samples and M is the number of unique page samples.
The work of the online CPO agent consists of retrieving
the the page size directives and setting the appropriate
environment variable and which incurred no measurable
overhead with our simple prototype database implemen-
tation. In a production system, the overhead of the on-
line agent will be dominated by the database retrieval
cost.

5.2. Benchmarks

We experimented with the SPECfp2000 [22] benchmark
suite and two large scientific applications: UMT2K [27]
and RF-CTH [13]. For each application we use a large
(reference) and a small (train) input data set.
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Figure 4. Execution time comparing all small pages with different data categories mapped to

large pages.

UMT2K is a 3D, deterministic, multigroup, photon
transport code for unstructured meshes. It solves the
first-order form of the steady-state Bolzmann transport
equation. The equation’s energy dependence is modeled
using multiple photon energy groups, each using a col-
location of discrete directions. The memory access pat-
tern varies substantially for each direction, and the entire
mesh is “swept” multiple times.

RF-CTH is a code used to explore the effects of strong
shock waves on a variety of materials using many differ-
ent models. The code simulates shock hydrodynamics
equations. It can be run in two modes, one using adap-
tive mesh refinement, and one with a fixed mesh. The
results presented in the next section are obtained using
the latter mode.

The UMT2K and RF-CTH benchmarks are written in
a combination of C and Fortran and use OpenMP and
MPI. We ran the uniprocessor version of the code.
Although we experimented with the SPECint2000
benchmark suite, the data footprints of these bench-
marks are too small to show any benefits from large
pages. While a large data footprint is necessary to ben-
efit from large pages, it alone is not sufficient as shown
in the next section.

5.3. Evaluation

Figure 4 illustrates the change in execution time that re-
sult from mapping the different data categories to large
pages over the default all small mapping. Each group of
four bars represents a benchmark. The first bar shows
the change in execution time for the static data map-
ping. The second and third bars represent the change in
execution time for the small dynamic and large dynamic
mappings, respectively. The last bar shows the change in

execution time for the all large mapping. The execution
times were determined as the median time of five exe-
cutions. The number shown in parenthesis next to each
benchmark name is the number of large pages required
for the all large mapping.

The data illustrates that a simple one-size-fits-all strat-
egy for mapping large pages is not effective. First, the
data shows that even within the class of scientific ap-
plications, improvements from large pages vary widely.
Second, data footprint size does not provide a sufficient
indicator for large page benefits. For example, swim
yields the greatest speedup from large pages (59%)
with a data footprint size of 15 large pages. There are
other benchmarks with equal or larger footprints (ap-
plu, UMT2K, RF-CTH) that have significantly lower
speedups (4%-6.6%). Most importantly, the data shows
that no specific category always performs the best when
mapped to large pages. For example, static data is the
best category for swim, applu, and galgel. However, for
equake and ammp, small dynamic is the best category.
Finally, for lucas, fma3d, RF-CTH, and UMT2K, the
greatest improvements are achieved with the large dy-
namic category.

Another important observation from the data is that us-
ing large pages may also have an adverse impact on per-
formance resulting in a slowdown. Adverse effects may
result from the changed memory layout, additional con-
flicts in the memory hierarchy and impact on specula-
tion. Mapping data to large pages may produce a differ-
ent data alignment which can both introduce and elim-
inate cache conflicts. Furthermore, the contiguous real
memory layout that results from large pages may cause
an increase in memory bank contention. Mgrid is the ex-
treme example. There is a 39% slowdown when mgrid’s
static data is mapped to large pages. Although, we mea-
sured increases in speculation activity and memory traf-



reference input training input
mapping: all small (all large) mapping: all small
benchmarks execution PGFLT DTLB(K) execution | PGFLT | DTLB(K)
time rate rate time rate rate
RF-CTH 197.1 (186.4) 796  (66) 935 (0.8) 23.6 1,205 67
UMT2K 786  (73.6) | 4073  (40) 291 (3.9 9.0 6,734 200
apsi 438.8 (439.9) 129 (126) 353 (348) 7.6 7,342 39
sixtrack 163.7 (163.1) 81  (40) 7 (15 421 369 11
fma3d 296.9 (284.4) 126 (34) 181  (5.7) 161.9 32 0
lucas 13.8 (10.5) | 3,912 (364) | 1,646 (2.7) 1.0 4,097 20
ammp 737.8 (588.0) 30 (9) | 1,080 (157) 100.4 115 1,093
equake 154.9 (140.7) 129  (50) 312 (0.7) 28.1 243 233
art 225.6 (233.7) 18 (14 4 (0.2 32.3 117 2
galgel 237.7 (229.1) 919 (12) 208 (0.2) 13.4 2,817 40
mesa 190.3 (190.1) 45  (33) 35 (0.8) 113.7 70 28
applu 257.9 (246.8) 201 (16) 252 (0.3) 11.9 764 357
mgrid 215.7 (301.3) 77 (8) 307 (0.6) 10.6 401 194
swim 1,516.6 (617.8) 34 (5) | 2,877 (0.2) 30.7 615 5,311
wupwise 166.9 (167.1) 304 (303) 179 (179) 25.8 1,991 172

Table 1. The execution time, page fault rate per second, and data TLB miss rate per second
when all small (all large) pages are used. The data TLB misses are in thousands.

fic, our investigation with the available PPC970FX hard-
ware performance monitors did not provide a clear ex-
planation for mgrid’s slowdown. For other benchmarks,
the impact from adverse effects is less pronounced. For
example, art has a 3.6% slowdown when large dynamic
objects are mapped to large pages. Equake is another
example of adverse effects where the speedup of map-
ping all categories to large pages is lower (9.2%) than
the speedup of individual category mapping (12.4% for
small dynamic).

A model inherently does not capture all possible effects
that may be exhibited during actual application execu-
tion. Moreover, the presence of adverse effects is highly
dependent on the specific architecture. Dealing with
architectural idiosyncrasies and a model’s inherent in-
completeness motivated the validation component in the
CPO paradigm. Validation is implemented through the
ongoing monitoring of key performance measures, such
as IPC, TLB and cache miss rates, in order to verify that
the predicted behavior matches the observed behavior
of the running program. If a mismatch is found, the
online CPO agent updates the CPO database entry to
de-emphasize the recommendations made about this ap-
plication for future runs. The online CPO agent may
also start another agent that will perform a more in-depth
analysis.

5.3.1 Significance Test

Recall, that prior to applying the page size benefit analy-
sis, a significance test is applied to rule out applications
that have insignificant page fault or TLB miss rates. Ta-
ble 1 shows the information that was collected to ap-
ply the significance test. The column labeled PGFLT
rate (DTLB rate) shows the page fault (DTLB miss)
rate per second. We apply the significance test to fil-
ter out benchmarks that have both a particularly low
DTLB miss and page faults rates. We experimentally
determined the significance thresholds to be 100K for
the DTLB miss rate and 1000 for the page fault rate.
For the reference input the following benchmarks do not
pass the significance test: mesa, art and sixtrack. For the
train input the mesa, art, sixtrack, and fma3d failed the
test. After failing the significance test, we can safely de-
termine that no measurable benefits can result from page
faults and TLB miss reductions alone so that no further
analysis is necessary.

5.3.2 PMB Ranking Error

The page benefit analysis is applied to the benchmarks
that passed the significance test. The analysis produces
a predicted PMB ranking. We also ran the benchmarks
with the reference input for different page size mappings
to compute an actual PMB ranking based on execution
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Figure 5. Benefit model prediction error for reference input (i) and training input (ii).

times as shown in Figure 4. We compute the ranking er-
ror per mapping to be the distance between the predicted
and the actual PMB rankings. The overall ranking error
for a benchmark is determined as the average ranking
error across all mappings. A detailed view of the rank-
ing comparison was shown for galgel in Figure 3, which
results in an overall ranking error of 6.6%. The overall
ranking error for all benchmarks is shown in Figure 5(i).
The ranking error is low in most cases with a geometric
mean of 2.3%. Equake is an outlier with a ranking er-
ror of 23%. As discussed earlier, equake is an example
of a program where adverse effects dominate the perfor-
mance improvements that result from reduced TLB miss
and page fault rates.

There are two benchmarks (apsi and wupwise) for which
no PMB rankings are produced because the analysis in-
dicates no benefits based on the cost/benefit model. Fig-
ure 4 illustrates that there is no significant performance
benefit from large pages for these applications. Inspec-
tion of hardware performance monitors in Table 1 for
wupwise and apsi confirm that there is no significant
change in TLB miss and page fault rates, validating the
analysis prediction.

5.3.3 Input Sensitivity

There is evidence in the literature that locality properties
of programs remain stable across inputs [9]. We con-
ducted a second experiment that demonstrates that the
computed PMB ranking that are based on locality prop-
erties also remain relatively stable across inputs.

We repeated the above experiment using the train input
to produce the event trace for the analysis and compared

the resulting PMB ranking against the actual ranking
for the reference input. Figure 5(ii) shows the result-
ing overall ranking error. As expected, there is a slight
degradation in the geometric mean of the ranking error.
However, in most cases the ranking errors are almost
identical to the ones that results from same-input analy-
sis.

There is one outlier, lucas, where we see a dramatic
increase in ranking error. A closer inspection of lucas
showed that in the train input the sizes of dynamic data
structures are much smaller than in the reference input.
In fact, in the training input, the large dynamic cate-
gory was empty making it impossible for the analysis to
match the benefits that the reference input obtains from
that category. The lucas error points to a weakness in
our current static scheme for data categorization based
on data object size. We are currently working on a dy-
namic categorization strategy that uses access frequency
and affinity information to group data structure into cat-
egories to address the problem with lucas.

6. Related Work

There is a significant amount of work related to feed-
back directed and dynamic optimization. A comprehen-
sive survey of dynamic JIT compiler optimizations in
virtual machines can be in found in [6]. In the context of
virtual machines, the term continuous compilation has
been used to describe an approach in which compilation
is overlapped with program interpretation and native ex-
ecution [19]. Dynamic optimization has also applied to
native binaries without compiler support [10].



There are a number of previous approaches that, like
CPO, emphasize the aspect of continuity in the opti-
mization process. The work by Kistler and Franz [16],
describes an approach to continuous program optimiza-
tion that has been applied to optimizing the data layout
in object-oriented programs based on online feedback.
Childers et al. [8] describe an approach to continuous
compilation that applies aggressive code optimization at
all times, from static optimization to online dynamic op-
timization. The continuous compilation framework has
been demonstrated for adaptive application code in em-
bedded systems. These previous approaches have fo-
cused on compiler optimizations. Our CPO paradigm
goes beyond compiler optimizations and includes sys-
tem and environment adaptation, such as the page size
optimization described in this paper. Continuous opti-
mization has also been used to describe a hardware dy-
namic optimization mechanism to optimize an applica-
tion’s instruction stream [11].

In the early 1990s researchers began analyzing the ef-
fect large pages had on the working set size and on TLB
performance [25]. In later work researchers [24, 20] de-
scribed the potential usefulness provided by large pages
and identified hurdles in realizing the full potential.
Romer et al. [20] states that “good policies for super-
pages have been elusive [because] a cost benefit analysis
is required to determine if the overhead of constructing
a superpage is outweighed by its benefit”. Their work
as well as more recent work [18] migrate data to large
pages reactively with analysis performed at the operat-
ing system level using data gathered by the system. In
contrast, we develop a predictive model and use infor-
mation gathered from layers across the execution stack.
Current operating systems such as Linux, AlX, and So-
laris support restricted use of large pages. Commonly, a
fixed pool of large pages is fixed at boot-time and may or
may not be modified during system execution. If mod-
ification is allowed it is typically an expensive opera-
tion. Thus, the ability to predict the benefit of using large
pages and the required number of such pages is helpful.

Stack distance or reuse distance has been used to model
memory behavior since 1970 [17]. Following the ini-
tial implementation of stack distances using a list [17],
researchers have proposed different methods to both
speedup the stack processing and scale it to larger data
sets [26, 7, 23, 5, 9]. Each method has its own trade-
offs, based mainly on how the method is used: to model
pages, TLB or caches. While the method in Ding and
Zhong [9] is the fastest, it is also approximate. Because
we are looking at pages and not cache lines, and the
amount of data is not a concern, we chose to use the
method in Almasi et al. [5] to compute the reuse dis-
tances for our page traces.
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7. Conclusions

We presented a Continuous Program Optimization
(CPO) paradigm leveraging vertically integrated per-
formance data gathered from layers across the execu-
tion stack. As the complexity of hardware and soft-
ware grows, and the speedup gained from hardware
slows, there is a growing importance to work across
the hardware-software interface, and across levels of the
software stack. The CPO vision describes a paradigm
whereby gathering data and affecting control are inte-
grated across the stack.

A primary contribution of this paper was to use the CPO
paradigm to implement offline and online CPO agents
that cooperate using large pages automatically to im-
prove application performance. The offline agent per-
forms a page size benefit analysis and stores the anal-
ysis results in a database. The online agent uses those
stored results to determine which data categories to re-
quest the underlying system to map to large pages. The
process occurs automatically without manual program-
mer effort. We validate that the predictions made by the
CPO agent reflect the actual performance gains of up to
60% across a range of scientific applications.

8. Future Directions

Our initial implementation divided data structures into
fairly coarse categories. It may be advantageous to per-
form the page size benefit analysis on a per data struc-
ture basis. Furthermore, once the offline analysis is per-
formed, the ability to integrate the analysis information
with the compiler may allow a more efficient implemen-
tation of directing the mapping of data structures to large
pages. We also would like to investigate a tighter inte-
gration with the operating system allowing it to call the
CPO agent when it makes large page allocation deci-
sions. The CPO agent may have a better opportunity
to dictate policy than the operating system because the
CPO agent has information gathered both from previous
runs and across the whole execution stack. Finally, large
pages is just one area where the CPO paradigm can im-
prove performance. We are in the process of looking at
other areas to apply the CPO paradigm.
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