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ABSTRACT
Scratch-pad memories (SPMs) enable fast access to time-critical
data. While prior research studied both static and dynamic SPM
management strategies, not being able to keep all hot data (i.e.,
data with high reuse) in the SPM remains the biggest problem.
This paper proposes data compression to increase the number of
data blocks that can be kept in the SPM. Our experiments with
several embedded applications show that our compression-based
SPM management heuristic is very effective and outperforms prior
static and dynamic SPM management approaches. We also present
an ILP formulation of the problem, and show that the proposed
heuristic generates competitive results with those obtained through
ILP, while spending much less time in compilation.

Categories and Subject Descriptors
D.3.4 [Programming Languages]: Processors—compilers, opti-
mization

General Terms
Algorithms, Performance

Keywords
scratch-pad memory, compilers, data compression

1. INTRODUCTION
While cache memories can speed up embedded programs by ex-

ploiting data and instruction locality, there are several problems as-
sociated with them (in particular, with data caches). First, the suc-
cess of a cache-based system depends strongly on the compatibil-
ity between the data access pattern and the hardware-guided cache
line replacement policy. Second, since data transfers in and out of
the cache are managed by hardware, there is no guarantee that a re-
quired data item will be in the cache at the time of access. This may
be an important problem in real-time embedded systems. Third, in
many situations, the cache management policy is too general for
a given application. Because of these problems, as compared to
general-purpose systems, data caches are not as prevalent in em-
bedded systems where execution behavior/time predictability is of-
ten paramount.

In comparison, software-controlledscratch-pad memory(SPM)
can guarantee fast access to time-critical data and instructions. A
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large data structure can be accessed through the SPM by dynam-
ically loading its blocks on a need-basis. Prior research efforts
on scratch-pad memories have mainly focused on different man-
agement strategies (e.g., static versus dynamic, or instruction SPM
versus data SPM) and on hybrid architectures that make use of both
conventional caches and SPMs. While the studies in [16, 11, 5, 19,
10, 7, 9, 12, 17, 20] have focused on data accesses, [13, 4, 17] have
proposed strategies to optimize for instruction accesses. Today,
many commercial architectures employ SPMs [15, 8, 18]. How-
ever, since SPM is very small in size when compared to main mem-
ory and is shared by multiple data sets (e.g., different arrays) simul-
taneously, in many cases, some important (critical) data blocks are
still left in the off-chip memory. Therefore, for many large, data-
intensive embedded applications, taking full advantage of the SPM
is not possible.

In this paper, we explore the possibility of usingdata compres-
sionto increase the effective SPM space. The idea is to let the com-
piler derive access patterns of different data blocks, and come up
with a reasonable SPM management strategy based on data com-
pression/decompression. Specifically, the compiler builds asched-
ule that indicates (at each time step) which data blocks need to
be brought from the off-chip memory to the SPM, which blocks
should be sent from the SPM to the off-chip memory, and which
blocks need to be compressed/decompressed within the SPM. Fo-
cusing on a set of array-intensive embedded applications, this paper
reports that such a SPM management strategy can generate much
better results than the current state-of-the-art, that does not employ
compression/decompression. We also present an ILP (integer lin-
ear programming) based formulation that determines an optimal
set of compressions/decompressions as well as the optimal points
in execution to perform them. The experimental results with six
embedded applications show that the compiler-based heuristic is
much faster than the ILP-based solution, and generates competi-
tive results. Based on our implementation and experimental re-
sults, we believe that the compiler is in a very good position to
decide the program points at which data blocks need to be com-
pressed/decompressed.

The rest of this paper is structured as follows. The next section
discusses SPM-based execution models for both the default case
(without compression) and the compression/decompression based
case. Section 3 presents the details of our approach. Section 4
gives our compiler algorithm. Section 5 introduces our experimen-
tal platform, describes benchmarks, and reports experimental data
that illustrate the effectiveness of our new SPM management strat-
egy. Section 6 discusses how our approach compares to an ILP-
based strategy that determines the optimal compressions and de-
compressions. Section 7 concludes the paper with a summary of
our contributions.

2. EXECUTION MODEL
We assume a single CPU-based embedded architecture with a

SPM. While the architecture can also have data and instruction
caches, in this work we exclusively focus on SPM management
and on data accesses. The execution model in a SPM-based envi-
ronment depends strongly on the order in whichdata blocks(also

25.3

401



for j1 = 1,N1, 1
for j2 = 1,N2, 1
... X[j1, j2] ...
... X[j1 − 1, j2 + 1] ...

=⇒

for i1 = 1,N1, T1
for i2 = 1,N2, T2
for ii1 = i1, max{N1,i1 + T1 − 1},1
for ii2 = i2, max{N2,i2 + T2 − 1}, 1
... X[ii1, ii2] ...
... X[ii1 − 1, ii2 + 1] ...

Figure 1: An example loop nest written in a pseudo high-level
language and its blocked (tiled) version. Each data tile is of size
T1 × T2 array elements, and the transformed loop nest is struc-
tured based on that. Note that, for clarity, we do not show the
explicit data block transfers between the SPM and off-chip mem-
ory (which occur across the iterations ofi1 and i2).

called data tiles) are accessed. If no compression is used, the
only task that needs to be performed by the compiler is to sched-
ule explicit data block transfers between the SPM and the off-chip
memory. This can be done statically or dynamically. In the static
approach, the compiler analyzes the code and identifies the data
blocks with high data reuse (i.e., hot blocks). These blocks are then
permanently assigned to the SPM. In other words, once they are in
the SPM, they remain there until the end of the program execution.
As a result, this approach can be expected to be most successful in
situations where there exist a few data blocks with very high reuse.
In comparison, in the dynamic approach, the contents of the SPM
are varied as the execution moves from one phase of the compu-
tation to another. The goal behind this scheme is to capture the
dynamic variations in data reuse. In either case, the success of a
SPM management strategy depends strongly on an important fac-
tor: being able to keep data with high reuse in the SPM as much
as possible. Clearly, the available SPM space plays an important
role here since if the total size of the data blocks with high reuse
is larger than the available SPM capacity, some critical data blocks
have to be left out. Obviously, this can have a devastating impact on
both performance and energy consumption, as it leads to frequent
off-chip accesses for data.

It is possible to increase effective SPM capacity by making use
of data block compression since, at any given time, not all the data
blocks in the SPM have the same criticality. For example, while
some of them might be in active use, others will not be accessed
until some time in the future. Therefore, it might be possible to
keep the latter type of data blocks in a compressed form to increase
the available space for new data blocks. The drawback of compres-
sion is that if such a (compressed) block needs to be accessed later,
it first needs to be decompressed, which typically takes time and
consumes energy. Because of this, the number of decompressions
should be minimized as much as possible. In fact, for such a SPM
management strategy to be successful, the cost of decompressing
a data block within the SPM must be lower than accessing it (in
an uncompressed form) from the off-chip memory. As an example,
consider a 200MHz embedded processor and a decompression rate
of 20MB/sec (similar to the LZO algorithm [14]). Decompressing
a 1KB compressed data block (to 2KB) within the SPM takes about
20,000 cycles. Instead, assuming a 100 cycle off-chip memory la-
tency, bringing a 2KB block from the off-chip memory consumes
50,000 cycles (assuming a 1-word wide bus). In other words, if we
find the requested data block in the SPM in the compressed form, it
will be 2.5 times faster than accessing the same block from the off-
chip memory. Moreover, our compiler algorithm tries to keep the
hot data blocks uncompressed as much as possible, and only com-
presses the data blocks that will not be needed for some time. Also,
the off-chip memory accesses keep getting more and more expen-
sive in terms of processor cycles (as a result of increased clock fre-
quencies) and energy. Therefore, one might expect a compression-
based SPM management scheme to be even more attractive in the
future.

In managing a SPM based on data compression, one needs to
make several important decisions: (1) When a new data block is
created, should it be compressed, or be left uncompressed? (2)
Where should a newly-created data block be stored – in the SPM,

Block
(Tile)

Data
1T

2T

2N

1N

Figure 2: Dividing a two-dimensional array into data blocks
(tiles). All the data blocks have the same size except possibly at
the boundaries of the array.

or in the off-chip memory? (3) When the SPM is full and a new
data block needs to be brought in (from the off-chip memory), what
should be done? Should we kick out the unused (SPM) blocks to
the off-chip memory, or should we compress them within the SPM
itself? (4) When the current use of a data block is over, should we
compress it or not? In the rest of this paper, we present a compiler-
based SPM management heuristic based on data compression. In
our strategy, the decisions mentioned above are made by anopti-
mizing compilerbased on a thorough analysis of the application
at hand. Our experiments with several applications show that data
compression can be very useful in increasing the benefits coming
from a SPM.

3. DETAILS OF OUR APPROACH

3.1 Preliminaries
We focus on programs constructed using loop nests (with compile-

time known bounds) and array accesses (with affine subscript ex-
pressions). Figure 1 shows an example loop nest that accesses an
arrayX through two references with affine subscript expressions
(X[j1, j2] andX[j1 − 1, j2 + 1]). In order to make use of a SPM,
an array is (logically) divided intodata blocks(data tiles), which
are theunit of transferbetween the SPM and the off-chip memory
(see Figure 2). When an array element that is not in the SPM is re-
quired by the current computation, the corresponding data block is
brought into the SPM. The transformed code in Figure 1 gives the
blocked (tiled) version of the original loop nest. In this code, loops
i1 andi2 iterate over the data blocks, and are called theinter-tile it-
erators(or block iterators). In comparison,ii1 andii2 are referred
to as theintra-tile iterators,and iterate over the elements of a given
data block (indexed byi1 andi2). The explicit data block transfers
between the SPM and the off-chip memory occur only across the
iterations ofi1 andi2.

Self temporal reuseis said to exist when an array reference in a
loop nest accesses the same data in different loop iterations. Simi-
larly, if a reference accesses nearby data in different iterations, we
say that there existsself spatial reuse[21]. It should be empha-
sized that the most useful forms of data reuse (temporal or spatial)
are those exhibited by the innermost loop. Therefore, a good SPM
management strategy is the one that converts temporal and spatial
data reuses into data locality. That is, the available SPM space
should be managed in such a way that the vast majority of the data
requests from the CPU should be satisfied from the SPM.

3.2 Reuse Vectors at the Data Tile Level
In this subsection, we give three crucial mathematical definitions

that help us formulate the problem of utilizing the available SPM
space in the most efficient way using a compression/decompression
based scheme.

Definition: A block iteration vector(BIV) is a vector each entry
of which has a value from the block iterator. For example, in the
blocked loop nest shown on the right of Figure 1,~I = (4 2)T

represents a BIV, and corresponds to the execution of the blocked
loop nest withi1 = 4 andi2 = 2.

Definition: A block-level reuse vector(BRV) is defined to be
the difference between two BIVs that access the same data block.
Specifically, if ~I1 and ~I2 are two BIVs that access the same data
block and~I2 > ~I1, then~r = ~I2 − ~I1 is the corresponding BRV. As
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an example, consider the blocked loop nest on the right of Figure 1.
The data block whose first element isX[a, b] is first accessed by the
block iteration vector~I1 = (k1 l1)

T such thatk1 = a andl1 = b.
The reuse of the same data block occurs when the block iteration
vector~I2 = (k2 l2)

T is executed, wherek2−1 = a andl2+1 = b.
Sincek2 = a + 1 andl2 = b − 1, the BRV between them can be
calculated as~r = ~I2− ~I1 = (a+1 b−1)T - (a b)T = (1 −1)T .
That is, the data block has a reuse distance of(1 −1)T . Note that,
in this example, the first use of the data block in question occurs via
the first reference in the loop nest, whereas the second use (reuse)
occurs via the second reference.

Thus, a BRV captures the distance between the successive ac-
cesses to the same data block. Therefore, it can be used to guide
compression/decompression decisions. For example, if~r is very
(lexicographically) large, it indicates that it may not be a good idea
to keep the corresponding data block in the SPM in an uncom-
pressed form (since otherwise it would be occupying SPM space
without much use). In contrast, a small~r value indicates a nearby
data reuse. However, while BRV captures the data reuse from the
viewpoint of a single data block, since the SPM is a shared space
(among potentially all data blocks), we need a modified reuse vec-
tor definition that can enable us rank different data blocks according
to their relative importance (criticality) at any given point during
the execution. This observation leads us to our next definition.

Definition: Let ~t represent the current point in execution in
terms of block iterators. Thenext reuse vector(NRV) of a data
block is the difference between the next use of the block (specified
in terms of a block iteration vector) and~t. That is, if the data block
in question is next used by iteration~I, then the corresponding NRV
can be calculated as~n = ~I − ~t. Note that~I > ~t. As an example,
suppose that~t = (2 3)T and, for a given data block, its next reuse
occurs when~I = (5 3)T . Based on this, we can calculate the next
reuse vector as~n = (5 3)T - (2 3)T = (3 0)T .

3.3 Data Block Ranking Based on NRVs
The NRVs of different data blocks can be used to rank them ac-

cording to their relative criticality. To illustrate this, let us assume
that there areK different data blocks (in the compressed form or
not) in the SPM at execution point~t (again, defined in terms of
block iterators), and that a new data block needs to be brought in.
Assuming that there is not enough space in the SPM to accom-
modate the incoming block, we need to create space for it. One
way of solving this problem is to select avictim data blockand
either compress it within the SPM or send it to the off-chip mem-
ory. If we can calculate NRVs~n1, ~n2, ..., ~nK for data blocks 1,
2, ..., K that are currently in the SPM and compare them with
each other lexicographically, we can identify the largest one and
select the associated data block as the victim. Put another way,
the victim is selected to be data blockj, where ~nj > ~nk for all
k 6= j and 1 ≤ k, j ≤ K. Obviously, repeating such a cal-
culation/comparison sequence at each execution step~t at runtime
could be intolerable from a latency point of view. Therefore, in
the proposed strategy, the compilerprecomputesthese decisions at
compile-time and comes up with aschedule. This schedule (which
can also be considered as a lookup table) is represented using a data
structure (to be described shortly) and can be executed at runtime
without much overhead. In a sense, the workload in our approach
is divided between the compiler and the runtime system. The com-
piler is responsible for generating a suitable schedule at compile-
time, and the runtime system is responsible for executing it (i.e.,
moving data blocks between the SPM and off-chip memory and
compressing/decompressing them as deemed necessary).

Ideally, at any given point during the execution, our compiler al-
gorithm tries to achieve the situation depicted in Figure 3. In this
figure, the data blocks, ordered from left to right according to non-
decreasing NRVs, are divided into three groups. The first group
(the one on the left), that consists of blocks that will be referenced
soon (since their NRVs are lexicographically small), are in the SPM
in an uncompressed form. Note that keeping such blocks com-
pressed would cost lots of execution cycles to be spent in decom-
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Figure 3: A snapshot during execution illustrating how and
wheres data blocks are kept based on their NRVs. Note that the
blocks are ordered from left to right according to (lexicographi-
cally) non-decreasing NRVs.

pression. The second group (in the middle) holds the data blocks
whose NRVs are not as small as those in the first group but not
very large either. These blocks are good candidates to be kept in
the SPM in the compressed form. The last group of blocks (on
the right) are the ones with large NRVs that should reside in the
off-chip memory since storing them in the SPM would waste SPM
space without much benefits. Our current implementation is reluc-
tant in sending data blocks to the off-chip memory; rather, if com-
pressing a data block with large NRV will create enough space to
accommodate the newly-requested/created block, it employs com-
pression.

4. COMPILER ALGORITHM
Our implementation operates under an assumption: a data block

is operated on only from the SPM; that is, if the execution needs
a data block that is currently residing in the off-chip memory, the
block first needs to be brought into the SPM. However, with appro-
priate modifications to the algorithm, we can drop this assumption.

Our compiler algorithm makes an important decision for three
different (but similar) types of activities: (1) when creating a new
data block; (2) when bringing a data block from the off-chip mem-
ory to the SPM; and (3) when decompressing a data block within
the SPM. In all these cases, the compiler first computes the NRVs
for all the current residents of the SPM and determines the one with
the (lexicographically) largest NRV. After that, the compiler checks
whether the victim selected has already been compressed. If this is
the case, it is sent to the off-chip memory. If this is not the case, the
compiler checks whether compressing the selected victim block in
the SPM would create sufficient space for the incoming data block.
If so, the victim is compressed within the SPM and the new block
is brought in. If compression cannot create sufficient free space,
then the compiler can potentially consider two alternatives: (1) it
checks whether sending the selected victim to the off-chip memory
would create sufficient space for the incoming data block, and (2)
it identifies a second victim (i.e., the one with the second largest
NRV among the SPM residents) and calculates the potential SPM
space saving if this second victim is also compressed (along with
the first victim) within the SPM. Our current implementation favors
(2) since it is oriented to use the SPM space more aggressively, and
our initial assessment has indicated that it generally generates bet-
ter results than (1). If the victim block (when compressed within
the SPM or sent to the off-chip memory) is not sufficient to cre-
ate SPM space needed, the compiler selects another victim, and
repeats the same process. In other words, as long as there is not
enough SPM space, we keep selecting a new victim block, and ei-
ther send it to the off-chip memory or compress it within the SPM.
However, if a (victim) block is compressed, we count this as an ac-
cess to that block, and this delays its transfer to the off-chip mem-
ory. Note also that this algorithms first tries to compress as many
SPM-resident blocks as possible, before starting to send blocks to
the off-chip memory. In other words, it utilizes the SPM space as
much as possible. An additional optimization we employ is that
the selected victim is directly sent to the off-chip memory (after the
compression) if it has no next reuse in the rest of the execution.

The data structure constructed by the compiler is illustrated in
Figure 4. This is an array of records; each of the three entries of a
record instance is the head of a linked list. The first of these linked
lists keeps the ids of the data blocks that need to be brought from the
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Ids of blocks to be sent to off−chip memory
Ids of blocks to be compressed within SPM
Ids of blocks to be brought from off−chip memory or to be decompressed

t

Figure 4: The schedule data structure constructed by the com-
piler. This data structure is built at compile time but the schedule
it contains is executed at runtime.

for each nest∇i:
tile ∇i;
identify data blocksδi1, δi2, ...,δifi

endfor
for each tiled nest∇i:

identify block iterator bounds~bil and ~biu

for each~ti from ~bil to ~biu − 1
determine required data blocksµi1, µi2, ...,µigi

by ~ti

~ti.required = ids ofµi1, µi2, ...,µigi
for eachµik , where1 ≤ k ≤ gi:
repeat
select a victim blockv
if v is compressed:
~ti.to-be-sent +=v

else
~ti.compressed +=v

endif
until SPM space is available

endfor
endfor

endfor

Figure 5: Algorithm for determining a schedule for data trans-
fers and compressions/decompressions. “+=” indicates “adding
a new block id to the linked list in question.”

off-chip memory or to be decompressed within the SPM (i.e., the
blocks requested at that step during the execution). Note that since
the ids of the blocks to be decompressed are kept in the schedule, at
runtime, we can easily check whether a SPM access entails decom-
pression. The second list keeps the ids of the blocks that need to be
compressed within the SPM. And, finally, the third list keeps the ids
of the blocks that need to be sent to the off-chip memory. The com-
piler fills this data structure conservatively at compile-time, and
restructures the code accordingly. It needs to be conservative as
it may not have complete information about the possible branch
outcomes. One might argue that, given ever increasing array sizes
and loop iteration counts in array-intensive embedded applications,
this data structure can be very large. However, this is not the case,
mainly because~t iterates over the data blocks (i.e., not on individ-
ual array elements), and given that data blocks can be large, the
number of different vectors taken on by~t (which are determined by
the block iterator bounds) is not very large.

The overall compiler algorithm is given in Figure 5. The algo-
rithm iterates over all the nests in the application code and over all
potential~t vectors for a given nest. In this algorithm,~ti.required,
~ti.compressed, and~ti.to-be-sent correspond to the three linked lists
explained in the previous paragraph. Note that we need to create
a space in the SPM for each of the data blocks whose id is in the
~ti.required list, and this is achieved by the algorithm within the sec-
ond for loop in the algorithm code. The algorithm terminates when
all values that can be taken on by~ti are iterated. The asymptotic
complexity of this algorithm isO(NB2), whereN is the number
of nests in the application andB is the maximum number of data
blocks. As will be discussed later in the experimental results sec-
tion, in practice, this algorithm increases the original compilation
time by 47.3% in the worst case, and is much faster than an ILP-
based solution that derives a slightly better schedule.

5. EVALUATION

5.1 Setup
For our experiments, we modeled a processor architecture sim-

ilar to that of Intel StrongARM SA-1100 clocked at 200MHz by

enhancing the ARM-ISA extended [1] SimpleScalar simulator [2].
The modeled architecture has a SPM and an off-chip memory. The
default capacity of the SPM (with 1-cycle access latency) is 4KB,
and the off-chip memory is assumed to have a 100-cycle access la-
tency. In order to compare this SPM-based architecture to a conven-
tional data cache-based system, we also simulated a cache based
version of the same architecture. The simulated data cache (with
1-cycle access latency) is assumed to be 4-way set-associative with
a line size of 32 bytes. In order to make a fair comparison, we kept
the cache and SPM sizes equal. Also, for both the architectures,
we modeled a 256-entry fully-associative TLB with a 100-cycle
miss latency. In the rest of this paper, the data cache-based archi-
tecture/execution is referred to as thebase architecture/execution.
We use an LZO compression/decompression algorithm [14] to han-
dle compressions and decompressions; the decompression rate of
this algorithm is around 20 MB/sec. It is to be emphasized that
while, in this particular implementation, we chose a software-based
compression/decompression, our approach can also accommodate
a hardware-based compressor/decompressor (e.g., similar to that
proposed in [6]). In such a case, we could even perform decom-
pressions before the block is actually needed, thereby taking the
decompression cost out of the critical path. The data block size
used in our experiments is 512 bytes.

To test the effectiveness of our compression based approach, we
used a benchmark suite that consists of six array-based embedded
applications. The binaries for these codes are built on a NetWinder
Developer ARM workstation from Rebel Systems (www.rebel.com)
using GNU GCC version 2.95.1 with optimizations enabled (-O),
and compiled to use the Linux/ARM system calls. The important
characteristics of these codes are given in Figure 6. The third and
fourth columns in this table give, respectively, the number of exe-
cution cycles and the number of off-chip data references under the
base execution.All execution cycle results presented in Section 5.2
are given as a fraction of the values shown in the third column.

We performed experiments with three different SPM-based ver-
sions of each application. Thestaticscheme decides what should
be stored in the SPM by statically analyzing the program and de-
termining the most frequently accessed data blocks execution wide.
Once these data blocks are identified, they are brought into the SPM
and remain there until the end of the execution. In determining the
most frequently accessed blocks, we used profile data. In thedy-
namic scheme, the contents of the SPM are determined dynami-
cally during the course of the execution. The specific strategy used
here is very similar to that presented in [11]. Neither of these two
strategies employs data compression. Finally,compressedis used
to denote the heuristic described in this paper. All the code mod-
ifications necessary to implement these three schemes have been
fully automated within the SUIF compiler [3]. Also, before the
codes are modified for the SPM, they have been optimized for data
locality using a set of loop and data transformations (this also helps
improve the behavior of the base execution significantly).

5.2 Results
We start by comparing three different approaches to SPM man-

agement. The first and second bars in the graph given in Fig-
ure 7 represent the normalized execution cycles obtained through
the static and dynamic schemes, respectively. The third bar in the
graph corresponds to the results obtained by the approach presented
in this paper. These results clearly show that the compression-based
strategy generates much better results than the other two. Specifi-
cally, the average execution cycle improvements due to static, dy-
namic, and compression-based strategies are 22.22%, 36.81%, and
49.15%. In fact, we see that the compression-based strategy gener-
ates the best results for all six embedded benchmarks. The last bar
for each benchmark will be discussed later.

In order to create space in the SPM for an incoming (or de-
compressed) data block, our approach uses compression and (if
this is not successful) off-chip storage (i.e., it sends the victim
block to the off-chip memory). A classical dynamic approach to
SPM management that does not use compression/decompression
performs only off-chip stores to create SPM space. To better illus-
trate why our compression-based approach outperforms the classi-
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Benchmark Brief Number of Number of
Name Description Cycles Off-Chip References

des DES crypto algorithm 1,709.44 316.26
disc Speech/music discriminator 286.67 97.85
hier Motion estimation algorithm 1,522.17 258.07
jpeg Lossy compression for still images 31.61 38.73
pgp IDEA/RSA public-key encryption 422.48 57.40
rasta Speech recognition 205.33 38.15

Figure 6: Benchmarks used in our experiments and their impor-
tant characteristics.
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Figure 7: Normalized execution cycles with different SPM man-
agement schemes.

cal dynamic approach, we present in Figure 8 the number of com-
pressions and off-chip stores performed by our approach over the
time for one of our benchmarks (disc). The x-axis in this figure
represents the time divided into epochs. The y-axis gives cumula-
tive dynamic compressions and off-chip stores. We can see that our
approach uses compression very heavily, and since decompression
is cheaper than reading data from the off-chip memory, this brings
large performance benefits at runtime. In a dynamic approach that
does not use compression, all compressions would most proba-
bly be off-chip stores, explaining the performance difference be-
tween the approaches. The success of our compression-based SPM
management strategy depends critically on the number of accesses
made to the compressed data blocks. If this number is high, it can
potentially offset the benefits that could come from compression.
This is reason why our approach tries to keep the hot data blocks in
an uncompressed form, whereas the non-hot SPM-resident blocks
are kept in the compressed form.

6. COMPARISON WITH AN ILP-BASED AP-
PROACH

Our ILP solution takes as input the compiler-derived data block
access pattern information (the same information used by the com-
piler to construct the schedule). Note that this access pattern in-
formation indicates the data blocks that need to be read/written at
each step. The output of the ILP solution is an optimal schedule. It
should be mentioned that the ILP formulation to be presented be-
low is more general than necessary in that it also allows operating
on data blocks while they are in the off-chip memory. However, for
our experiments, for a fair comparison with the heuristic approach,
we modified this formulation so that the execution operates only on
the SPM-resident data blocks.

Let s be the number of scheduled steps in the execution,d the
number of different arrays, andbi the number of data blocks for
array i. Our goal is to use 0-1 integer variables to determine the
optimal points in execution for transferring data blocks between
the off-chip memory and SPM and for scheduling compressions
and decompressions. In this particular problem, we define our 0-1
variables as follows:

• USj,k,b: indicates whether at stepj block b of arrayk is not
compressed and in the SPM.

• UMj,k,b: indicates whether at stepj block b of arrayk is in
the off-chip memory.

• CSj,k,b: indicates whether at stepj block b of arrayk is com-
pressed form and in the SPM.

Figure 8: Compressions and off-chip stores for disc. Each point
on either curve denotes a cumulative number over the execution
time.

Having defined our 0-1 variables, we now explain our ILP for-
mulation. Since a data block of an array can be in one of two loca-
tions (the SPM or memory) and in one of two forms (compressed
or uncompressed) at a given time, the following equation should be
satisfied:

USj,k,b + UMj,k,b + CSj,k,b = 1 (1)

However, a modification is necessary whenever a data block is
accessed. Since read/write can only be performed when the block
is not in the compressed form, if, at any given stepj′ where0 ≤
j′ ≤ s, blockb of arrayk is accessed, we have:

USj′,k,b + UMj′,k,b = 1 (2)

Another important constraint that has to be satisfied is regarding
the SPM size. More specifically, we cannot assign more blocks to
the SPM than it can hold. Assuming that the size of the SPM isL,
we can write the following equation for every step, wherecsizek

is used to represent the compressed size of a block of arrayk, and
sizek is used to denote the uncompressed size of a block of array
k :

d−1X

k=0

bk−1X

b=0

(CSj,k,b × csizek + USj,k,b × sizek) ≤ L,∀j (3)

After specifying the constraints that need to be satisfied for any
valid schedule, we next formulate thecost expression.Basically,
there are five components of the cost: read cost, write cost, transfer
cost (between the SPM and off-chip memory), compression cost,
and decompression cost. The read cost is incurred when the block is
read from the SPM or off-chip memory, and can thus be expressed
as:

PR =

s−1X

j=0

d−1X

k=0

bk−1X

b=0

Rj,k,b × (USj,k,b × CRUS + UMj,k,b × CRUM)

(4)
In this equation,Rj,k,b is used to indicate that, at stepj, the CPU
reads data blockb of arrayk. Note thatRj,k,b (that can be either 1
or 0) is extracted from the block access pattern information passed
to the ILP solver. On the other hand, CRUS and CRUM give the
cost of reading an uncompressed block from the SPM and off-chip
memory, respectively. Similarly, we can express the write cost as
follows:

PW =

s−1X

j=0

d−1X

k=0

bk−1X

b=0

Wj,k,b ×(USj,k,b ×CWUS +UMj,k,b ×CWUM)

(5)
Here,Wj,k,b, CWUS, and CWUM are similar toRj,k,b, CRUS

and CRUM, except that they are defined for the write operation.
The data transfer can be from the off-chip memory to the SPM, or
vice versa. In addition, a data block can reside in the SPM in the
compressed or uncompressed form. Consequently, we can formu-
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late the transfer cost as:1

PM =

s−1X

j=1

d−1X

k=0

bk−1X

b=0

(((USj−1,k,b||CSj−1,k,b)&&UMj,k,b)|| (6)

((USj,k,b||CSj,k,b)&&UMj−1,k,b)) × CM (7)

In this last formulation,CM is used to denote the transfer cost
(for a given data block). The last two components of the overall
cost are the compression and decompression costs (denotedPC and
PD , respectively), and can be written as follows:

PC =

s−1X

j=1

d−1X

k=0

bk−1X

b=0

((USj−1,k,b||UMj−1,k,b)&&CSj,k,b) × CC (8)

PD =

s−1X

j=1

d−1X

k=0

bk−1X

b=0

(CSj−1,k,b&&(USj,k,b||UMj,k,b)) × CD (9)

In these expressions,CC andCD indicate the cost of compressing
and of decompressing one block, respectively. Based on the cost
components described above, one can express the overall cost as:

Ptotal = PR + PW + PM + PC + PD

Therefore, our ILP problem can be defined formally as one of min-
imizing Ptotal under the constrains stated in (1), (2), and (3).

Note that our ILP-based formulation is different from the prior
work [17] as it focuses on scheduling not only data transfers but
also compressions and decompressions. The last bars in Figure 7
represent the normalized execution cycles for the ILP-based so-
lution described above. We see that the average execution cy-
cle reduction due to the ILP-based scheme is around 54.37%, that
is not excessively larger than the corresponding saving with the
compression-based heuristic (that is 49.15%). The reason that the
heuristic approach is not quite as good as the ILP-based one is
that in some cases trying to keep the data in the SPM in the com-
pressed form aggressively (instead of just forwarding it to the off-
chip memory) hurts performance. However, the compiler-based
algorithm reaches a solution in a much shorter time as compared
to the ILP-based scheme. Specifically, the average percentage in-
creases in compilation time (over the base scheme that does not
use compression) due to the heuristic strategy were 47.3%, 31.1%,
36.2%, 28.8%, 44.0%, and 26.9% for des, disc, hier, jpeg, pgp
and rasta, respectively. The corresponding percentage increases
for the ILP-based scheme were 487.1%, 392.6%, 886.9%, 721.0%,
1,024.2%, and 563.3%. In other words, the compiler-based scheme
achieves comparable results with the ILP-based scheme while spend-
ing much less time in compilation.

7. CONCLUSIONS
This paper demonstrates that data compression can be a viable

technique for increasing the effectiveness of SPMs. Our compression-
based heuristic brings around 25% reduction in execution cycles
over a previously-proposed dynamic SPM management scheme,
and is only 9.2% worse than an ILP-based optimal scheme. It
achieves this by keeping as many data blocks as possible in the
SPM but ensuring that frequently accessed data blocks are not fre-
quently compressed or decompressed. The scheme proposed in this
paper is different from the prior studies on SPM management in
that it uses compression/ decompression to better utilize the avail-
able SPM space.
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