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ABSTRACT

Real-time embedded software developers need to balance
the dual (and seemingly conflicting) concerns of efficiency
and predictability. Efficiency concerns are typically addressed
by tuning the application and its underlying processing plat-
form through a variety of techniques such as generating cus-
tom instructions in the instruction set, or configuring the pro-
cessing platform. However, timing predictability remains
a difficult goal to achieve, specifically in the presence of
performance-enhancing micro-architectural features such as
data caches. Presence of data caches can cause vast variation
in the execution time for even programs with a single path.
In this paper, we study a new approach to achieve pre-
dictable cache behavior (without large performance degrada-
tion) in data-intensive embedded applications. Our approach
is to rewrite a given application into a “cache-efficient” style,
where the data memory accesses are tracked and transformed
to systematically reduce data cache conflicts. Our program
transformation leads to lesser execution time variation in
the transformed program (across program inputs as well as
across cache configurations). We also develop a new Worst-

case Execution Time (WCET) analysis method for data caches,

and show that it leads to tighter WCET estimates for cache-
efficient programs. Our experiments indicate that adopting
the cache-efficient style of programming for data-intensive
embedded software can help balance the dual concerns of
efficiency and predictability.

Keywords: Timing predictability, Timing Analysis, Cache-
efficient algorithms.

1. INTRODUCTION

Over the past decades, a very substantial portion of com-
puting research has been directed towards building techniques
and platforms for high-performance software. Indeed, many
of the advances in computer architecture such as caches,
pipelines and branch prediction — optimize the average-
case in a program, while introducing large variations in the
execution time of a program across its inputs. As a result,
these performance enhancing techniques also result in a loss
of “predictability” — meaning there are large variations in
the possible execution time of a program. This loss of pre-
dictability is evident when we try to develop timing analysis

methods to bound a program’s Worst-Case Execution Time
(WCET) — the analysis methods become complicated and
the WCET estimates are sometimes gross over-approximations
of the actual WCET.

Memory access behavior is one of the significant reasons
for lack of timing predictability in programs. Most modern
processors are endowed with a cache — an on-chip memory
which stores recently accessed memory blocks. Typically
separate caches are maintained for instruction and data. Un-
fortunately caches also reduce predictability in a program’s
execution time — access to the same memory memory block
can sometimes be a hit in the cache, and be a miss at other
times. For instruction memory accesses, this is less of an
issue — due to heavy regularity in instruction memory ac-
cesses and also due to the fact that the execution of a par-
ticular program instruction I involves exactly one block in
the instruction memory (the memory block which contains
I). Indeed, analysis techniques to bound instruction cache
access timings have been developed (e.g., see [21]). How-
ever, ensuring timing predictability of data cache accesses
remains a difficult problem.

Ensuring timing predictability of data cache accesses is
hard for (at least) two reasons. First of all, many programs
have highly irregular data accesses — whose cache access
time is affected by the (irregular) order in which they are
executed and the data memory layout. Secondly, “address
analysis” to find the different data memory addresses ac-
cessed by repeated executions of the same instruction is also
a difficult problem. For data intensive programs this causes
a large variation in the program’s execution time.

In this paper we take a fresh look at the issue of cache
access predictability. Our proposal does not involve build-
ing heavyweight analysis methods to analyze and bound data
cache behavior. Nor does it assume any hardware/compiler
support to replace caches with compiler-controlled memo-
ries. Instead, we propose certain program transformation
strategies which can make cache access more predictable.
We show that adopting such program transformations signif-
icantly lessens variations in program execution time, while
providing reasonable program performance. Further, we de-
velop a timing analysis method which can be used to accu-
rately bound the execution time of the transformed program
while taking into account its data cache behavior.



Technical Contributions. Technically, our program trans-
formations are inspired by the so-called “cache-efficient” al-
gorithms which have been studied in the algorithms research
community [19]. These algorithms systematically track data
memory accesses in a program and try to ensure that they
will not lead to conflict misses in the data cache. However,
adopting such algorithms for efficient and time-predictable
embedded software construction involves several technical
challenges. We tackle these challenges as follows.

o First of all, cache-efficient algorithms are based on a
“theoretical execution model”, merely concentrating on
the cache misses. We execute them on realistic proces-
sor models (such as the one supported by Simplescalar
platform [3]) to study the efficiency issues — specifi-
cally those involving instruction as well as data cache.

e Secondly, developing a cache-efficient algorithm is a
highly “creative” activity. Indeed, algorithms researchers
have studied at great depth how to make individual al-
gorithms to be cache-efficient [5]. We distill the intu-
ition behind cache-efficient algorithms to develop some
guidelines to transform an arbitrary data-intensive pro-
gram into a cache-efficient one.

e We show through detailed experiments that the varia-
tion in execution time (say due to differing program in-
puts) is significantly reduced by our program transfor-
mations. This constitutes a conceptual novelty, since
cache-efficient algorithms were primarily designed for
program efficiency, whereas we advocate a balance of
efficiency and predictability via our program transfor-
mation.

e For programs with a single path and pre-determined
access patterns, there is no execution time variation
for a given cache configuration. However, execution
time may vary substantially due to change in cache
configuration. As shown in our experiments (Sec. 7),
our transformed programs show less variation due to
change in cache configuration. In other words, we can
execute the transformed programs on a processor with
smaller cache without substantially sacrificing perfor-
mance.

e Last but not the least, we develop a static Worst-case
Execution Time (WCET) analysis method for data caches.
By exploiting the cache-efficient property of the trans-
formed programs we can give tighter WCET estimates
than the state-of-the-art data cache analysis methods
proposed in literature.

In summary, this paper presents a program transformation
approach to produce programs which show less execution
time variation across inputs/cache-configurations, while main-
taining acceptable performance. Experimental evidence is
presented to demonstrate the efficiency, predictability and
accurate timing analysis of the transformed programs.

2. RELATED WORK

Timing predictability of embedded systems has been an
important topic of research in recent years. Researchers in
timing analysis have stressed the importance of bringing a
balance between analysis methods and predictable system
design (e.g., see [22]). Lee has articulated several roadmaps
for integrating timing predictability issues into system de-
sign (e.g., see [13]).

Among solutions proposed for constructing predictable
embedded software, writing programs with fewer paths has
been studied. In particular, [7, 11] advocate the “single-
path” approach where the authors recommend developing
programs with a single program path. Clearly, writing pro-
grams with a single path may not always be possible. More-
over, even for programs with a single path, the cache be-
havior can be very unpredictable. To see this issue, let us
consider a simple example (the arrays b, d are inputs).

for(i = 0; 1 < 256; i++)
for(j = 0; j < 16; j++)
c[d[i]+3] = albli]l+3j] + 10;

The program has only one path. If inputs b, d are such that
c[d[i]+7j] and a[b[1]+7] map to the same cache line
there can be lot of cache misses. Furthermore, depending
on the data layout, if the starting address of arrays b and d
map to the same cache line, all the b [1] and d [1] accesses
also conflict with each other. This example illustrates that
ensuring predictable cache behavior goes beyond developing
programs with a single control flow path.

Among solutions proposed for predictable data cache be-
havior in programs, works on data cache locking deserve
mention [23]. In these approaches, certain memory blocks
are pre-loaded into the cache for enhancing timing predictabil-
ity. Works on scratchpad memory allocation [20, 24] pro-
pose predictable memory access via compiler managed mem-
ories. However, data cache locking approaches requires plat-
form extensions at least in the form of a cache-locking in-
struction in the instruction set, whereas scratchpad memo-
ries require explicit compiler support. Our approach does
not involve any changes to the compiler or processor.

Finally, we note that our work differs substantially from
works on worst-case execution time analysis of data cache
behavior (e.g., see [18]). Instead of developing heavyweight
WCET analysis methods, we propose a different approach
towards program predictability. Moreover, worst-case data
cache behavior is not so amenable to static WCET analysis
and leads to gross over-approximations as discussed in the
following section.

3. BACKGROUND

In this section, we give the background for our program
transformation oriented approach. We first briefly discuss
why static timing analysis of data cache behavior is difficult
(Sec. 3.1). This motivates our program transformation based
approach. We then give an overview of the intuition behind



cache-efficient algorithms — a recent development in algo-
rithms research which inspires our approach (Sec. 3.2).

3.1 Difficulties in Data Cache Analysis

Data cache is an important component for WCET analy-
sis. For data intensive programs, analyzing data cache be-
havior can give much tighter WCET estimates compared
to analysis results without considering data cache (i.e., all
misses). However, unpredictability of data accesses in a
program makes it difficult to analyze data cache behavior.
A significant amount of research has already been done in
data cache analysis. Cache miss equations [10] and Pres-
burger arithmetic formulations [4] are two such important
techniques. Both of these works can be used only for ac-
cess patterns which are affine in terms of loop induction vari-
ables. Moreover, the analysis time can be exponential in the
length of the formulas generated in worst case. Cache miss
equation approach has been further extended to handle more
general loop nests and data dependent conditionals in [17].
Static cache simulation [25] has also been proposed to cate-
gorize data access patterns for analyzing the worst case data
cache behavior.

Abstract interpretation is a theoretical framework which
inherently guarantees safety and used is for statically analyz-
ing programs. Thus there has been a lot of interest in using
abstract interpretation for WCET analysis and more specifi-
cally cache analysis (as safety is crucial for WCET estima-
tion). Abstract interpretation for data cache analysis is used
in [8] and [18]. [8] describes a persistence analysis for data
cache, whereas [18] extends the classical must cache anal-
ysis for instruction cache to data cache. Both of these analy-
ses rely on an address computation technique which returns
an over-approximation on the set of addresses accessed by a
particular load or store instruction in the program. Since the
address range is over-approximated for safety, both of the
above works suffer from heavy over estimation as it is not
clearly known which of the memory blocks are actually ac-
cessed in concrete execution of an instruction. Although no
experimental results are presented in [8], experiments from
[18] show that most of the cases generate a heavy over-
estimate in WCET computation in presence of data cache.
The problem is tackled in [18] by partial unrolling of a loop
and compromising the analysis efficiency a bit. The follow-
ing simple example shows the imprecision that creeps into
generic data cache analysis.

int c[512];
for(i = 0; 1 < 1024; i++){
x = Db[i];
for(j = 0; 3 < 8; Jj++)
j] = cl[x+j] + 10;

First of all, in the above example both cache miss equation
and presburger arithmetic formulation will fail as access pat-
terns of array c is not an affine combination of loop induction
variables. This leaves us with using abstract interpretation

bounded_copy (int *A, int *B) {

int C[2 * BLOCK_SIZE]; /*copy buffer*/

if (set(A)==set(B)) /*two memory blocks conflict*/
if (set(A)==set(C[0])) /*also conflict with first memory block in copy buffer */

*C = C[BLOCK_SIZE];

else *C = C[0];
for (i=1to BLOCK_SIZE) CJi] = B[i;
for (i = 1 to BLOCK_SIZE) A[i] = C[i];

else
for (i=1to BLOCK_SIZE) A[i] = BJi];

Figure 1: Bounded copy procedure

for data cache analysis as described in [8] and [18].

For the sake of illustration assume that we are dealing with
a 1 KB and 2-way set associative data cache and cache line
size 32 bytes. Let each of the array elements be 4 bytes
(they are integers). Also assume that elements of array b has
value such that all of the memory blocks of array ¢ has been
touched in full computation of the loop. The size of array ¢
is 512 x 4 = 2!1 bytes, spanning across at least 211 /32 = 26
memory blocks. A global address computation thus com-
putes (at least) 26 memory blocks to be accessed. Since the
cache has only 2° cache lines, the ¢ array accesses cannot be
inferred to be globally persistent and the analysis presented
in [8] thus computes a total of 8 x 2 = 16 data cache misses
for the whole computation of the inner loop.

Extended must analysis presented in [18] will also fail
to give a precise result as the number of memory blocks
accessed by array c is more than one, although the store
to array c is an all-hit situation. However in concrete ex-
ecution we can see that at most 2 memory blocks of ¢ (in
fact, 8 x 4 = 32 bytes spanning across at most two memory
blocks) are accessed in each outer loop iteration leading to
only 2 data cache miss per outer loop iteration. Further, the
store to c array is always a hit.

Thus, in the above example program, both [8] and [18]
will compute a 8 x overestimation in data cache miss count
which leads to a very imprecise worst-case execution time
(WCET) estimate.

3.2 Cache Efficient Algorithms

We now give a general overview of I/O and cache-efficient
algorithms. Our proposed program transformation is inspired
by these past developments in the algorithms research com-
munity.

I/O-efficient algorithms have been studied by the algo-
rithms community to minimize the memory/secondary stor-
age I/O accesses for data-intensive algorithms [1, 16]. Some
general techniques have been developed for a program to
be I/O-efficient. For example, scanning is one of the ba-
sic paradigms applied in I/O-efficient algorithms. Scanning
technique is motivated by the observation that if NV data are
read in sequential order, they can be accessed in O(N/B)
I/O operations; otherwise if the data are randomly accessed,
the I/O cost is (V) in the worst case. Thus, if the original
algorithm is modified so that it accesses the input in sequen-
tial order, overall I/O cost is reduced. Designing the I/O-



efficient version of an algorithm often requires good under-
standing of the algorithm’s behavior. I/O-efficient versions
of many classic algorithms have been proposed, including
sorting, matrix tranposition/multiplication, FFT and graph
algorithms. Furthermore, given the input size and memory
configuration, asymptotic bounds on average/worst case I/O
operations can be calculated.

Caches are commonly used in modern processor architec-
tures to bridge the increasing gap between processor speed
and memory access latency. Due to the limited cache size
and associativity, cache conflict miss is one of the major
sources for cache performance degradation and unpredictabil-
ity. For example, consider the following code fragment.

for(i = 0; 1 < 100; i++) ali] = b[i];

Assuming cache associativity to be 1 and cache block size
to be equal to 4 array elements, memory accesses to ali]
result in 25 cache misses (1 miss for every 4 consecutive
data accesses) in the best case (where a[é] and b[¢] never con-
flicts in the cache), and 100 cache misses in the worst case
(where a[i] and b[i] are always mapped to the same cache
set, cache thrashing). Cache efficient algorithms have been
proposed to reduce worst-case cache conflict misses [19, 6].
A cache-efficient algorithm can be designed by introducing
cache emulation theorem to the I/O-efficient one. A spe-
cial cache-resident data structure Bu f is used to hold mem-
ory blocks in each stage of the computation to prevent cache
conflicts. Buf is allocated as contiguous memory locations
having a size smaller than the total cache size. By restrict-
ing all memory block references in the computation phase of
an /O efficient algorithm though Buf, the cache emulation
theorem guarantees these memory block references do not
conflict with each other in the cache. To achieve this, data in
the memory blocks referenced in each stage of the computa-
tion must be copied to Buf before its use. Similarly, output
data in each stage of the computation are also stored in Bu f
and will be copied back to the output array after completion
of the stage.

Note that the worst case behavior of cache thrashing (as
discussed in the above example) could also be incurred dur-
ing copying data between input/output arrays and Buf for
direct mapped cache. [19] introduced the concept of bounded
copy to copy one memory block to another block that guar-
antees no cache conflicts between the two. Figure 1 presents
the bounded copy proposed in [19]. If the two memory
blocks with starting addresses of A and B — are mapped
to the same cache set, an auxiliary buffer (C in Figure 1)
that is mapped to a difference cache set is used. The source
memory block is first moved into the auxiliary buffer, and
then the memory block is copied from the auxiliary buffer
to the destination memory block. In this case, the auxil-
iary buffer C' should contain 2 contiguous memory blocks
so that one of them does not conflict with both source and
destination. Otherwise, if source and destination memory
blocks are mapped to distinct cache set, direct copy can be
performed without cache conflicts.

4. PERFORMANCE ISSUES

Cache efficient algorithms are designed to improve per-
formance of data-intensive computations, by minimizing I/O
operations (use of underlying I/O efficient algorithms) and
cache conflict misses (cache emulation techniques). The
asymptotic bounds for worst and average case behavior of
the cache efficient algorithms are presented in [19]. For
example, it shows that the optimal cache-aware M/B-way
mergesort algorithm can sort N numbers in

N log(l+ N/B)
O(NlogN + L B Tos(1 5 M/B)
where M,B,L are the cache size, block size and miss la-
tency, respectively. However, such asymptotic bounds are
computed at the algorithm level. They cannot be used di-
rectly as timing properties in the design of real-time applica-
tions, where the worst/average case execution time of a pro-
gram needs to be given as a concrete quantity. Furthermore,
they do not consider the real implementation of the algo-
rithm and the underlying micro-architectural features (other
than data cache) that may affect the execution time of the
cache-efficient programs. In particular, the following im-
portant issues are clearly not considered in the asymptotic
bounds.

) time

e The real implementation of an algorithm may intro-
duce many additional or auxiliary variables. Memory
references to these auxiliary variables might conflict
with the buffer variable Bu f used in the cache efficient
algorithms, and invalidates the buffer’s cache-resident
property assumed in the cache emulation theorem.

e Depending on the underlying architecture, register spilling
may occur when there are more live variables than the
number of registers in the processor. For example, in
the case that the Buf access index is stored in the
memory due to register spilling, and its memory block
conflicts with the Buf in the cache, the actual num-
ber of cache misses is no longer bounded by the given
asymptotic upper bound.

e The cache efficient algorithms implicitly assume that
the memory block references are aligned. Sequential
access of B data items is considered as referencing
within a single memory block, which might not be true
(depends on the data layout).

e Many other micro-architectural features of a modern
processor affect the memory accesses during program
execution, e.g., branch prediction, pipelining, and out-
of-order execution. Branch prediction may wrongly
speculate and execute certain code, which may have
constructive or destructive effect on subsequent cache
accesses.

[6] shows that the execution time of I/O efficient algo-
rithms outperforms the original algorithms on general-purpose
processor architectures with large input size. However, the
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Figure 2: Performance comparison between original mergesort and cache efficient mergesort

same results may not be applied in the context of embed-
ded systems, where available computing resources (instruc-
tion/data cache size) are often limited. We implement a
cache efficient M/B-way mergesort program by introduc-
ing cache emulation and bounded copy into the I/O effi-
cient mergesort algorithm described in [16]. We compare
the cache efficient mergesort with original mergesort pro-
gram in terms of overall execution cycles, number of data
cache misses and instruction cache misses. The comparison
is done via SimpleScalar ([3]) simulations. The processor
configuration used is as follows — direct mapped 2 K-Byte
L1 instruction cache, direct mapped 1K-Byte L1 data cache,
perfect branch predictor, 5-staged pipeline, in-order execu-
tion, 32 Byte memory block size and 30 cycle cache miss
penalty. We simulate the original and the cache-efficient
mergesort programs with a fixed input size and the same set
of randomly generated input data. Figure 2 shows the simu-
lation results.

The overall average performance of cache efficient merge-
sort is worse than the original mergesort (Figure 2(a)). In
the worst case scenario where the input data causes cache
thrashing in the original mergesort. Cache efficient merge-
sort performs better by preventing data cache conflicts in the
merge phase. In terms of data cache behavior, cache effi-
cient mergesort has better utilization of the data cache and
has fewer total data cache misses (Figure 2(b)). The main
reason for the overall average case performance degrada-
tion in cache efficient mergesort is the increase in instruc-
tion cache misses (Figure 2(c)). The original mergesort pro-
gram consists of 85 lines of source code, which can be en-
tirely fitted into the instruction cache. On the other hand, the
cache efficient M/B-way mergesort consists of 215 lines of
source code (due to the use of n-way mergesort algorithm
and bounded copy procedure for the cache emulation). The
total number of instruction cache misses increases dramati-
cally and compromise the benefits from improved data cache
behavior.

The results in Figure 2 allow us to make two nuanced
observations about cache-efficient algorithms. First of all,
even though cache efficient algorithms have been proposed
(by the algorithms research community) for efficiency, the
overall execution time of cache-efficient style programs may

indeed be worse than their normal counterparts. This is be-
cause the asymptotic analysis adopted by algorithms researchers
only concentrate on the data cache, while leaving out tim-
ing effects of other architectural features such as instruc-
tion cache. Secondly, and more importantly, the overall per-
formance of a program P is comparable to a the perfor-
mance of the the program P’ obtained by transforming P
to cache-efficient style. In other words, there is no drastic
performance degradation in transforming P to P’. This in-
deed is the key thesis behind our approach — we propose
cache efficient style programs since they ensure better tim-
ing predictability without drastic performance degradation.
We now discuss our program transformation for converting
programs to cache efficient style. As we establish via exper-
iments, the transformed programs demonstrate lesser varia-
tion in execution time (across inputs) and hence higher tim-
ing predictability.

5.  PROGRAM TRANSFORMATION

In the design of real-time embedded software, it is often
important for the program to be timing-predictable, rather
than being very efficient in the average/worst case execution
times. Now, what are the characteristics of a program which
is timing-predictable? We believe a timing predictable pro-
gram typically satisfies the following criteria.

e The program should have relatively small variation be-
tween the best and worst case execution time to pro-
cess each set of input data (of fixed size),or between
the normalized processing time of each individual in-
put data block for variable input data length (e.g., each
frame in the MPEG decoding).

e The program should be analysis-friendly, such that a
static analysis can be used to estimate a tight WCET
bound. For example, the “single-path" program trans-
formation technique ([7, 11]) reduces the WCET over-
estimation due to path analysis. In this sense, programs
having only one path do have a certain degree of pre-
dictability. However, as observed in Section 2 pro-
grams having a single path may still have very unpre-
dictable cache behavior. Thus, we state that a timing-
predictable program should not only be analysis-friendly



in terms of program path analysis, but also in terms of

overall timing analysis (which includes micro-architectural

int BufA[BLK_SIZE];
int BufB[BLK_SIZE];
int BufC[BLK_SIZE);

L1 for (i=0; i<16; i++)
L2 for (j=0; j<256; j++)

modeling). alj] = blc(il+jl;
. PR T L1 for (i=0; i<128; i+=BLK_SIZE)
5.1 Transformation Guidelines bounded. copy( &BuTe, &elil);
Although we have shown that the real implementation of L2 for (j=0; j<BLK_SIZE; j++)
. ) ) L3 for (k=0; k < 256; k+=BLK_SIZE)
cache-efficient programs might not give better overall per- bounded_copy{ &BufB, &b[BUfC[j] +KI);
formance on embedded architectures, the idea of using programmer- L4 for (h=0; h<BLK_SIZE; h++)

controllable cache buffer for large array accesses to reduce
data cache conflict misses in the cache efficient algorithms
is still valuable to improve embedded software timing pre-

dictability. However, developing the the I/O efficient or cache-

efficient version of an arbitrary program is in general chal-

lenging and timing-consuming. For our purpose of predictability-

oriented program transformation, we adopt the idea of cache
emulation and bounded copy from cache-efficient algorithms,

without explicitly requiring the program to be also I/O-efficient

(minimized I/O operations).

The purpose of our program transformation is to make
a (data-intensive) program to have the following character-
istics — (i) less execution time variation across different
input values (less normalized execution time across differ-
ent input sizes), and (ii) easy-to-analyze via static timing
analysis techniques. We propose the following guidelines
which we use to develop the cache-efficient version of a
given program. Thus, these guidelines drive our program
transformation. Even though our program transformation is
not fully automated, these guidelines greatly simplify the ef-
fort in developing a cache-efficient program from a given
program. It should be noted that in the past researchers have
devoted specific effort for converting individual algorithms
to cache-efficient versions (e.g., see [5]); instead here we dis-
till the general intuition behind cache-efficient algorithms to
develop a common set of guidelines for developing cache
efficient programs.

Our guidelines for transforming an arbitrary data-intensive
program to a cache-efficient program are as follows. First, to
facilitate the address computation in static data cache analy-
sis, we use a set of cache buffers Buf = {bufi,...,buf,}
such that MEM (bufi) N ... N MEM (buf,) = 0 and
size(bufi) + ... + size(buf,) < C where M EM (buf;)
and size(buf;) are the memory locations and size of buf;
respectively and C' is the capacity of available data cache
size. Thus, the memory range of each cache buffer is easy-
to-compute, and no two memory blocks referenced within a
single cache buffer will map to the same cache set.

Secondly, data in large arrays (say for input/output arrays)
must be visited through the cache buffers to prevent con-
flict misses. Thus, data must be copied to a particular cache
buffer via the bounded copy procedure discussed earlier (re-
fer Fig. 1).

Thirdly, the buffer copying should be outside the loop
scope of the computation which accesses the buffers, so that
the cache-resident property of the buffer variables is retained.
Indeed, this property is exploited in our proposed static tim-
ing analysis for cache efficient programs.

BufA[h] = BufB[h];
bounded_copy( &a[k], &BufA);

(a) Original program (b) Transformed program

Figure 3: A program and its transformed version.
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Figure 4: Timing predictability of transformed program of the ex-

ample in Figure 3.

Finally, the original bounded copy procedure as shown in
Figure 1 has three program paths that have different com-
putation workloads (the outer else corresponding to the sit-
uation where (set(A) # set(B)) has less computation re-
quired). It causes possible execution time variation while
processing different inputs. Furthermore, a static WCET
analyzer (without additional user annotation) will conserva-
tively take the path that contributes most computation work-
load as the longest path for each invocation of the procedure,
which leads to overestimation of the program’s execution
time. We propose to use the following direct copy

bounded_copy ( int *b, int =*c) {
for (i=0; i< BLOCK_SIZE; i++)
b[i] = c[i]
}

as the bounded copy procedure whenever the cache associa-
tivity A > 1. For example, when A = 2, both b[i] and c[i]
are resident in the cache even they are mapped to the same
cache set. In this case, both execution time variation and
static analysis overestimation can be reduced.

5.2 An Example

Figure 3 shows the original and transformed version of
an example program. In the original program, access pat-
tern of input array b[] is input-dependent (on the value in
another input array cf[]). Even for a fixed memory layout and
cache configuration, the data cache conflicts between mem-
ory blocks referenced by al] and b[] varies across different



data values in ¢[]. On the other hand, the transformed pro-
gram guarantees that the data copy between Bu f A[] (cache
buffer for a[]) and Buf B[] (cache buffer for b[]) in the scope
of loop L4 incurs no conflict misses, by following the above-
mentioned transformation guidelines. Note that the trans-
formed program may not obey cache-efficient transforma-
tion by definition, due to the dissatisfaction of the underlying
I/O-efficiency of minimizing I/O operations.

We compare the transformed program’s timing predictabil-
ity with the original program in terms of both execution time
variation and tightness of static WCET analysis estimate by
SimpleScalar simulation on some randomly selected input
sets. The experimental results in Figure 4(a) shows that
among the shown input sets, the execution time variation ra-
tio is

(obs. WCET — obs. BCET)/obs. BCET

where obs. BCE'T is the observed best-case execution time
(among the input sets simulated against) and obs. WCET
is the observed worst-case execution time (again among the
input sets for which the program was simulated). Of course
for fair comparison, we simulate the original and the cache-
efficient program against the same set of inputs. The vari-
ation ratio is 168.5% for the original program, compared
to only 3.7% for the transformed program. For the static
WCET analysis, we adopt the state-of-the-art data cache anal-
ysis [18] for general C programs and integrate it into our
static worst-case execution time (WCET) analysis tool [14].
We also propose a static timing analysis that exploits the
properties in the program transformation; this analysis will
be presented in next section). Our timing analysis exploits
certain characteristics of cache-efficient programs to deliver
tighter estimates. As shown in Figure 4(b), we can achieve
45.9% WCET estimate reduction by performing our new
WCET analysis on the transformed program (labeled as “Our
Est (tran. Program)”), compared to the generic WCET anal-
ysis for data cache [18] on the original program (labeled
as “Generic Est (org. Program)”). Thus, by adopting the
cache-efficient version of a program we not only enjoy lesser
execution time variation, but also lower WCET estimates
(which can help the program meet tighter deadlines).

6. TIMING ANALYSIS

Worst-case execution time (WCET) is the maximum ex-
ecution time of a program on a micro-architecture for all
possible inputs, which is an essential program characteri-
zation in real-time embedded system design. Static analy-
sis based WCET estimation proceeds by finding the longest
path in the program’s control flow graph, satisfying certain
loop bounds. The execution time estimate of each basic
block is found by micro-architectural modeling where we
develop timing models of the processor micro-architecture
(e.g., pipeline, cache, branch prediction) to find the WCET
of a sequence of instructions.

Pessimism of static WCET estimation comes from both
program path analysis (e.g., infeasible path, inaccurate loop

bound), as well as micro-architectural modeling. In data-
intensive applications, main overestimation of WCET anal-
ysis is due to imprecise data cache modeling/analysis. In
this section, we first discuss the well-known persistence data
cache analysis, and its potential drawbacks in analyzing the
cache-efficient programs. We propose an improved multi-
level persistence analysis to achieve fast and accurate data
cache analysis, which leading to a tighter WCET estimate.

6.1 Persistence Analysis

Persistence data cache analysis is introduced in [8] to de-
termine the persistence of a memory block. A memory block
m is guaranteed to be persistence if no other memory refer-
ences could evict m out from the cache during program ex-
ecution. Thus, a persistent memory block incurs cold miss
when first reference, and all further references to it result in
cache hits.

Given the data cache parameters as follows:

e Capacity C': size of the cache in number of bytes

e Block (line) size B: number of contiguous bytes to be
loaded from memory to cache on each cache miss.

e Associativity A: A-way set associative cache means
that information stored at some address in memory could
be loaded into any of A locations in the cache (depends
on the cache replacement policy).

e Cache set ' = (f1,..., fc/B/a): A cache set f;isa
group of cache blocks which contains all the A ways
that can be addressed with the same index.

Persistence analysis is based on a fixed-point computation of
the abstract cache state (ACS) ¢ over the program’s control
flow graph (CFG). Abstract cache state consists of abstract
set states for each cache set. Considering the LRU (Least
Recently Used) replacement policy, the abstract set state 3;
of a cache set f; captures the upper bound of the positions
(the relative ages) of the memory blocks that could possi-
bly reside in the cache set. An abstract line state $;(l,)
contains memory blocks that have maximal relative age of
a in the abstract set state §;, where 1 < a < A. For ex-
ample, $;(l2) = {mq, mp} denotes that memory blocks m,,
or my, could reside in cache set f; with relative age of 2 at
certain program execution point. Furthermore, an additional
abstract line state §;(l7) is introduced to each abstract set
state to keep track of memory blocks that have been refer-
enced before but evicted out from the cache by other later
memory references.

The analysis traverses the program’s CFG and manipulate
the ACSs via update and join functions to determine the per-
sistence of each memory block references. The update func-
tion takes an input ACS and a set of memory blocks possibly
referenced at the current program location, and produces an
output ACS which captures (conservative) cache behavior
due to the memory references. Intuitively, the update func-
tion inserts a possibly referenced memory block to abstract



(a) (b)

Figure 5: Overestimation in conventional persistence analysis.

line state $;(l,) if the memory block maps to cache set f;
and has a maximal relative age of a. It also update the rela-
tive ages of existing memory blocks in the input ACS due to
the possibly newly referenced memory blocks, by relocating
them to the appropriate abstract line states. If a control flow
node has more than one predecessors in the program control
flow graph (CFG), the join function is applied to compute
the ACS of the control flow node by join the output ACSs
of all its predecessors. The relative age of a memory block
in the joined ACS is set to be the maximum relative age of
all its occurrences in the predecessor’s ACSs. Readers are
referred to [8] for the details of the analysis.

Overestimation in persistence analysis. Two major sources

of overestimation in persistence data cache analysis come
from (i) array access of multiple possibly memory blocks,
and (ii) only global persistence is captured in the analysis.
Without precise array index computation, an array access is
treated conservatively by using a reference to the set M =
{mi,...,my} of all memory blocks of the array [8]. If n
memory blocks in M mapped to the same cache set f;, the
update function simply increases the relative age of other
memory blocks in the abstract set state 5; by n (or move into
It if age is greater than cache associativity). On the other
hand, when program contains (multiple levels of) loops, mem-
ory blocks may be persistent only within certain loop scope,
but could be replaced by other memory references outside
the loop. Each time the (inner) loop scope is entered, these
memory blocks result in one cold miss, while subsequent
accesses within the loop scope will be cache hits. If only
the global persistence of memory blocks is computed, these
memory blocks are considered non-persistent, and the anal-
ysis counts all these references as cache misses.

Two illustrative examples are shown in Figure 5. Assume
all shown memory block references, are mapped to the same
cache set with associativity A = 2. The set {m,...,m,}
in Figure 5(a) contains possibly referenced memory blocks
by an array access. The original persistence analysis overes-
timates the data cache misses in the following ways.

e It cannot classify memory block m1 in Figure 5(a)
to be persistent, if the size of the memory block set
{my, ..., my} is greater than cache associativity. How-
ever, it is clear that since exactly one memory block in
{mg, ..., my} will be referenced in each iteration of
the loop, so m1 is persistent.

Figure 6: LPHG of the transformed program in Figure 3.

e [t classifies memory block m3 in Figure 5(b) to be non-
persistent. However, m3 is persistent with in the scope
of the inner loop. Thus, assume the loop bound for
the outer and inner loops to be nl and n2, the total
cache miss for m3 should be n1 (1 miss for each time
the inner loop is entered), comparing to nl X n2 as in
the original persistence analysis (m3 is not persistent
globally).

6.2 Multi-level Persistence Analysis

We propose an improved persistence analysis which gives
tighter estimation on the cache-efficient programs, by reduc-
ing the above-mentioned two major overestimation sources
in the original persistence analysis. The basic idea is to
perform multi-level analysis to capture the persistence of
memory blocks at different levels of the program execution.
Meanwhile, we show that the cache-efficient style of pro-
gram transformation will naturally reduce the overestima-
tion due to array access of multiple memory blocks in each
level of our analysis, which leads to tighter cache behav-
ior estimates. We build an loop-procedure hierarchy graph
(LPHG) [15] for our multi-level persistence analysis. Each
node in the graph represents the scope of a loop or a proce-
dure call. The graph is context-sensitive so that procedure
calls in different program location create separate nodes in
the graph. A directed edge in the acyclic graph denotes loop
inclusion or procedure invocation, where the root node is the
main procedure of the program. Figure 6 shows the LPHG
of the transformed program in Figure 3.

Algorithm 1 shows the multi-level persistence analysis,
which traverses the LPHG bottom-up and computes the mem-
ory block persistence for each scope. We use a modified ver-
sion of the control flow graph in our analysis, such that for
scope sc;, each node in CFG|s¢;] is either a dummy node
representing a child scope of sc; in the LPHG as a black box,
or a normal basic block outsides any of the children scopes
of sc¢;. The update (update AC'S()) and join (joinACS())
functions are adopted from the original persistence analysis
in [8].

Empty initial ACS is assumed for analysis of each scope
to capture the persistence within the scope (line 1). The anal-

ysis starts from the main procedure by calling M P A(CFG[main)),

recursively compute the ACS of each child scope (line 3).
Once ACS of a child scope sc; is determined, how its cache
behavior affects memory block persistence in the outer scope



Algorithm 1 MPA(CFG|[sc;]) — Multilevel Persistence
Analysis Algorithm. C'F'G denotes control-flow graph and
sc; s a scope.

l: Csc; = -L {start persistence analysis with empty ACS for each scope}

2: for each child scope sc; of sc; do

3:  MPA(CFG[sc;])

4: éi:;t = {joinACS(&%"")|Vn € exitBlock(sc;j)}

5: end for

6: while ésci not reach fixed-point do

7:  foreachnode n in CFG[sc;] do

8: &n = {joinACS(éf;i‘t) |Vn; € predecessor(n)}

9: if n represents a child scope sc; then

10: &%ut = mergeACS (&', é;’ZJ”)

11: else {7 is a normal basic block outside any children scopes}
12: &Mt = update ACS(E™, {m;|m; € reference(n)})
13: end if

14: end for

15: end while

is captured by éifjt, which is the joined union of the output
ACS:s of sc;’s exit blocks to the outer scope(line 4). In order
to compute the ACS of current analyzing scope sc;, for each
node in CFG|[sc;], we compute its input ACS (line 8), and
update with the memory references to get the output ACS of
the node (line 9-13).

If the node is a normal basic block, the original update
function in [8] is applied to compute the output ACS after
the sequence of memory references in the basic block. Oth-
erwise if the node represents a child scope, we propose a
merge function (mergeACS()) which compute the output
ACS of the node in current scope without re-calculation of
the child scope’s ACS. The merge function describes the ef-
fects on the ACS of the current scope by execution the entire
child scope, given the input ACS and the child scope’s out-
put ACSs at its exit blocks. Merging two ACSs is equivalent
to merging the abstract set states for each cache set, i.e.,

mergeACS(é1,é) = {merge(81,,52,;) V1 <i < C/(B/A)}

where C' is the cache size, B is the block size and A is the
associativity. Thus, C'//(B/A) is the number of cache sets.
Given the LRU replacement policy, two abstract set states $;
and So can be merged as follows.

e A memory block m; that only appears in §, will retain
its relative age ({1,..., A, T}) in the merged abstract
set state.

e A memory block m; that only appears in §; will have
its relative age increased by by Ny = size(S2), which
is the number of distinct memory blocks referenced in
the child scope that are mapped to cache set f;. If the
new relative age of m; is greater than cache associativ-
ity A, m; is possibly evicted out from the cache during
execution of the child scope, thus will be placed into
the [.

e A memory block m; that appears both in §; with max-
imal relative age al and §; with maximal relative age

b LU [ [ 2B 4L
S1[{mga} [ {mp} [{mc} [ {mg} [ {me}
N N P N U
9 P2md [{ma} [{mg} [ § |
merge[ |, 12 13 14 I
(51,52 {mp,Ms,
{m¢} 4 [mamgl| { Me.me)

Figure 7: Tllustration of the merge operation.

a2 will have its new maximal possible relative age to
be max{al+(n—1),a2}. Note that the abstract cache
state ACS only captures the memory block’s maximal
relative age if it is referenced, but does not guarantee
the memory block will be eventually referenced (e.g.,
in presence of conditional branches, or array accesses
maps to multiple possibly referenced memory blocks).
Thus, if m; is not referenced in the child scope, its
new relative age will be al + (Ny — 1) because other
Ny — 1 memory blocks may be referenced in the child
scope and thus increase age of m;. Otherwise if m; is
indeed referenced in the child scope, its new age is a2.
Worst case between the two possibilities is considered
to ensure the analysis is conservative.

Thus, we have the merge function for two abstract set states
as:

lp — {ma|mqg € 82(lp) A mq & §1}U
{my|my & 32 Amyp € §1(lz) Nh =2 + Na}U
{mc|me € 82(1x) Ame € 31(1y)A
h = max{y + (N2 — 1),z}}
Vi<h<A
I1 — {mg|mg € $2(I7)}U
{my|my & 2 Amyp € 51(lz) Nx+ Na > AU
{mc|me € 382(1x) Ame € 31(1y)A
max{y + (N2 — 1),z} > A}
otherwise.

merge(31, 33) =

where N2 = size(§3) and A is the cache associativity. An
example of applying the merge function to two abstract set
states is shown in Figure 7 for a particular cache set of a
4-way associativity cache, where 3 is the abstract set state
before entering an inner scope L2, 35 is the abstract set state
at the exit block of L2 , which is computed by the per-
sistence analysis for scope L2 with assuming empty ACS.
merge(§1, §2) captures the conservative abstract set state af-
ter execution of L2 during the persistence analysis for the
outer scope L1. Consider the memory block m, that has
relative ages 1 and 2 in §; and $So, respectively. The worst
case relative age of m,, in the merged ACS is 3, which corre-
sponds to the scenario where only m ; and m,, are referenced
in the scope of L2 (m, may still appear in S5 due to condi-
tional branches or set of possibly referenced memory blocks
with an array access). Thus, m,’s new age is computed by
add 2 (N3 — 1) to its original age in 5.

6.3 Suitability for Cache-efficient Programs

Our multi-level persistence analysis is a generic data cache
analysis that can be applied to any program with well-structured



scopes (two scopes are either disjoint or one is included in
the other). By capturing the memory block persistence at
each scope, our analysis results are at least as accurate as
the the original persistence analysis [8] (where only global
persistence is computed). The fixed-point computation of
persistence analysis is required only once for each scope in
the LPHG. During the fixed-point computation of an outer
scope, the inner scope is treated as a black box, with its cache
behavior summarized by the union of all its exit blocks’
ACS. Such multi-level fixed-point computation converges
faster than the single fixed-point computation used in the
original persistence analysis. We note that [2] proposed a
multi-level persistence analysis for instruction cache. Their
multi-level analysis captures the multi-level persistence by
performing n persistence analysis simultaneously for n-level
of nested loops, which usually makes the analysis very slow.
We avoid this problem by summarizing cache behavior of
inner scopes via our merge operator.

Although our multi-level persistence analysis can be used
to obtain tighter data cache timing estimation for general
programs, we gain extra benefits by applying it to our trans-
formed cache-efficient programs. By exploiting our pro-
gram transformation guidelines, we show that the two ma-
jor sources of overestimation in persistence analysis can be
greatly reduced.

First of all, given our guidelines on usage of cache buffers
discussed in section 5, the restriction of large array access
via cache buffers during computation steps produces a good
chance for the cache buffers to be persistent during a cer-
tain scope in the computation. For example, in our running
example shown in Figure 3, memory blocks referenced by
BufA[] and BufB]] are persistent within the loop scope
L4.

Secondly, note that persistence analysis overestimates the
cache behavior when an array access references several mem-
ory blocks mapped to the same cache set. However, our
transformation guidelines prevent such a situation for the
buffer variable accesses (such as Buf A[], Buf B|[], BufC]]
in Figure 3). The buffers are required to be allocated into
contiguous memory regions which are smaller than the total
cache size. Thus, we infer that at most one memory block
will be loaded to each cache set for (several executions of) a
given buffer access.

Finally, sequential loading/storing of data between exter-
nal input/output arrays and buffer variables also guarantees
that at most two memory blocks of the input/output array
will be loaded to each cache set within the bounded copy
procedure. For example, in the bounded copy procedure
shown in Figure 1, BLOCK_SIZFE of contiguous data are
referenced by array A[i] each time the function is called. As
a result, at most two contiguous memory blocks in array A[]
can be accessed (depending on the memory data alignment)
within the scope of the function, regardless of how large A[]
is.

Thus, cache-efficient programs help reduce the overesti-
mation caused by cache persistence analysis. This makes
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L1: for (i := 0; i<N; i++)

L2: for (k:=0; k<N; k++)

L3:  for (j:=0; j<N; j++)
cfilfi] += a[l][k] bIK][]

int bufC[BLK_SIZE];
int bufB[BLK_SIZE*BLK_SIZE];
int bufA[BLK_SIZE];

L1: for (kk:=0; kk<N; kk+=BLK_SIZE)
(a) Original matrix multiplication L2: for (jj:=0; ji<N; jj+=BLK_SIZE)
L3: for (k:=0; k<N; i++)

bounded_copy(&bufB[k*BLK_SIZE], &b[KI[j]);

for (i=0; i<N; i++)
bounded_copy(&bufA, &alillkk] );
bounded_copy(&bufC, &ci][jj] );
for (k= 0; k<BLK_SIZE; k++)
for (j :=0; j<BLK_SIZE;j++)

L1:for (kk:=0; kk<N; kk+=BLK_SIZE) L4:
ji:=0; jj<N; jj+=BLK_SIZE)
for (i:=0; i<N; i++)
L4: for (k: <kk+BLK_SIZE; k++) L5:
L5: for (j := jj; j<jji+BLK_SIZE;j++) L6:
c[|][|]+ afi]k]*bIK][]

bounded_copy( &(c[il[jjl, &bufC);

(b) I/0-efficient matrix multiplication

Figure 8: Original, I/O-efficient, and cache-efficient matrix multipli-

cation.
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Figure 9: Simulation results for matrix multiplication program.

our analysis particularly suited for this class of programs.

7. EXPERIMENTS

In this section, we employ our approach on three subject
programs — (i) matrix multiplication (ii) Fast Fourier Trans-
form (FFT) computation and (iii) n-way mergesort. The first
two are programs with a single control flow path, whereas
the last one has many program paths.

7.1 Matrix Multiplication

Figure 8 shows the pseudo-code for the original, I/O-efficient,

and cache-efficient version of the matrix multiplication pro-
gram. The program has a single path with pre-determined
access patterns. As a result there is little execution time vari-
ability due to variation of input matrices. However, given an
input, we can observe variation in execution time due to vari-
ation of the cache size. Figure 9 shows the SimpleScalar
simulation results over different data cache settings for a
fixed input size of 32 x 32, with the configuration of di-
rect mapped 2 K-Byte L1 instruction cache, perfect branch
predictor, 5-staged pipeline, in-order execution, and 30 cycle
cache miss penalty. The data cache configuration is shown
on the horizontal axis as a 4-tuple S : B : A : L, where
S is the number of cache sets, B is the block size, A is the
associativity, and L represents LRU replacement policy.
Figure 8 shows that I/O-efficient and cache-efficient pro-
grams perform better than the original program. Further-
more, by varying the data cache configuration (size, block
size, associativity), we observe a variation in execution time
(defined as in section 5) of 64% in the original program,
126% in the I/O-efficient program, as opposed to a small

bufC += bufA[k]*bufB[k*BLK_SIZE+j]

(c) Transformed program (cache-efficient version)
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Figure 10: Simulation results for FFT program.

variation of 4.9% in the cache-efficient program. The results
show that the I/O-efficient program has large execution time
variation even though it minimizes the total number of I/O
operations, as it is unaware of the presence of data cache in
the processor architecture. Apart from showing lower ex-
ecution time variation across different cache configurations
for the cache-efficient matrix multiplication, the results have
another important ramification. We can execute our cache-
efficient program on a data cache size of 0.5 K-byte (corre-
sponding to the last three data cache configurations in Figure
9), without performance loss compared to using a 2 K-byte
data cache (corresponding to the first three configurations).
In other words, we can maintain good program performance
with much less on-chip cache.

As discussed in section 6.3, our multi-level persistence
analysis must produce tighter (or at least equal) WCET es-
timates on any program compared to a generic WCET esti-
mation of data cache behavior via a global persistence analy-
sis. This is because our multi-level analysis maintains more
fine-grained persistence information across program scopes.
We have employed our multi-level persistence analysis on
both the original program and the transformed program. For
a data cache configuration of 32 cache sets, block size 32,
2-way associativity data cache (32:32:2:L), our multi-level
persistence analysis reports WCET of 4, 676, 960 cycles for
the original program and 2,406, 530 cycles for the cache-
efficient matrix multiplication program. This corresponds to
a 48.5% reduction in WCET estimate by adopting the cache-
efficient style of programming.

7.2 FFT

Due to the large variation in execution time in I/O effi-
cient programs discussed above, we do not consider them
any more in our experiments. We only consider the origi-
nal program and its cache-efficient version. We transform
the original FFT program from MiBench [12] into a cache-
efficient style program following our transformation guide-
lines. The simulation results for original FFT and trans-
formed FFT program are shown in Fig 10, with the previ-
ously mentioned processor configurations. Similar to the
results shown for matrix multiplication, the execution time
variation of the original program over different data cache
configurations is 42.6%, compared to 11.1% variation for
the transformed program. For the data cache configuration
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of 32 cache sets, block size 32, 2-way set associative cache
(32:32:2:L), the WCET estimate produced by our multi-level
persistence analysis for the original FFT program is 2, 662, 190
cycles. The WCET estimate obtained via the same analy-
sis for the cache-efficient FFT program is 1, 803, 340 cycles
— amounting to a 32.3% reduction in WCET estimate by
adopting the cache-efficient style of programming.

7.3 Mergesort

Both original and cache-efficient mergesort program con-
tain multiple paths, so that the execution time can vary due
to different input data values. In Figure 2, we showed that
execution time variation for the cache-efficient mergesort
program is much smaller than that of the original program
(3.7% variation in the cache-efficient program as opposed
to 168.5% variation in the original program), even though
the average case performance of cache-efficient mergesort is
worse partly due to increased number of instructions (and
hence increased misses in the instruction cache). As far
as WCET analysis goes, our multi-level persistence analy-
sis obtained WCET estimate of 84,915,800 cycles for the
original mergesort program. For the cache-efficient merge-
sort program, the WCET estimate was 29, 285, 700 cycles
— amounting to a 65.5% reduction in WCET estimate by
adopting the cache-efficient style of programming.

8. CONCLUDING REMARKS

In this paper, we have presented a program transforma-
tion approach for developing embedded software with pre-
dictable data cache behavior. Our conceptual novelty is to
adopt cache-efficient algorithms (which have been proposed
by algorithms researchers for achieving fast cache access) to
a program development strategy for writing programs which
balance predictability with performance. We show that the
transformed cache-efficient programs demonstrate less exe-
cution time variation due to variation in input data as well as
cache configurations. Due to less execution time variation
across cache configurations, our cache efficient programs
can be executed in comparable times with smaller on-chip
cache resources — indeed an important issue in resource-
starved embedded platforms. Our experiments indicate that
we can also achieve a reduction in Worst-case Execution
Time (WCET) estimates by transforming a program to its
cache-efficient form.

In future, we will experiment our approach with other
benchmarks. Moreover, we plan to further study the inter-
play between instruction and data cache in determining the
execution time of cache-efficient programs. Interestingly,
our experiments with cache efficient programs reveal a sta-
ble cache behavior across cache configurations all of which
share a certain cache block size (mostly the block size pa-
rameter is exploited by the cache-efficient program). This
throws up an open question — whether we can adapt our
transformation strategy to consider cache-oblivious style pro-
grams [9] which show efficient cache behavior for “tall caches”
(caches where the number of cache blocks is larger than the



block size) but without encoding any cache parameters into
the program.
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