Compiling for the Impulse Memory Controller

Xianglong Huang Zhenlin Wang Kathryn S. McKinley

Department of Computer Science, University of Massactsjs&mherst
{xlhuang, zlwang, mckinlégs.umass.edu

ABSTRACT

The Impulse memory controller provides an interface forapm
ping irregular or sparse memory accesses into dense asdesse
the cache memory. This capability significantly increaseses-

sor cache and system bus utilization, and previous work sl
formance improvements from a factor of 1.2 to 5 with currecht
nology models for hand-coded kernels in a cycle-level sataul

To attain widespread use of any specialized hardware feaair
quires automating its use in a compiler. In this paper, weqne
compiler cost models using dependence and locality arsatisit
determine when to use Impulse to improve performance based o
the reduction in misses, the additional cost for misses joulse,
and the fixed cost for setting up a remapping. We implement the
cost models and generate the appropriate Impulse systésnircal
the Scale compiler framework. Our results demonstrate dbat
cost models correctly choose where and when not to use Iepuls
We also combine and compare Impulse with our implementation
of loop permutation for improving locality. If loop permtian

can achieve the same dense access pattern as Impulse, emitpref
since it has no overheads, but we show that the combination ca
yield better performance.

1. Introduction

In this paper, we develop, implement, and evaluate compist
models to drive compiler optimizations for the Impulse meyno
controller [2, 3, 12]. The Impulse memory controller prozsd
address remapping in the memory controller for mappingsspar
memory access patterns into dense ones, thus exploitingatie
more effectively and reducing the memory/bus bandwidthiireq
ments of programs with poor memory locality.

Previous work demonstrates with simulation that using fireng
Impulse remappings can improve programs by a factor of 12 to
with current technology on scientific and image processuggs,
and by a factor of more than 10 with future technology models.
These results use hand coded kernels. Given the ever eyalain
riety and complexity of hardware, it is unreasonable to ekpeo-
grammers to exploit it effectively by hand, even for featuseich

as Impulse with large potential benefits. Instead, compiteust
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automate optimizations to exploit hardware effectively.

This work demonstrates that a compiler can automate theflise o
pulse for kernels with a few loop nests, and leaves to futuoekw
for the most part, automation for large applications. Ounpiber
uses locality analysis to detect spatial and temporal itycf8].

For array references without locality, the compiler thetedmines

if they will benefit from an Impulse remapping. We developtcos
models for three forms of fine grained Impulse remappings tha
consider the data set sizes, cache memory configuratiodshan
current cache contents. The cost model estimates the rtetfcas
remapping by determining the number of cache misses befare a
after remapping, multiplying these counts by the cost of éhea
miss with and without remapping. (Impulse misses take lohge
service than other misses.) The model also includes tha@sst

up the remapping. We apply Impulse remapping when it is prof-
itable, generating the Impulse system calls that set up aaney
and modifying the loop to use the new array. Our results shauv t
our cost model accurately chooses when and when not to apply |
pulse remapping. We also compare Impulse remapping with loo
permutation to improve locality [8], and the combinationladp
permutation and Impulse remapping. Since permutation basin
ditional overheads, if it can attain the same access pattettme Im-
pulse remapping, we will always prefer it. However, we shbes t
combination achieves better performance in some circurostga

The remainder of this paper is organized as follows. We fixg g
the hardware and compiler background necessary to understa
work. Next, we describe our cost models for using Impulseis fi
grained data remappings and code generation. Our resuit$ sh
that our cost models correctly predict when and when not & us
Impulse remapping for both current and future technologylet®
for five kernels that together exercise all of the remapping®e
then offer conclusions and discuss future work.

2. Background

In this section, we first review some trends in hardware tieghas

for hiding memory latency. Next, we give an overview of how
Impulse works, and of the fine grained dynamic data remagping
for which we will compile. We then briefly describe how we il
on previous locality analysis.

2.1 Hardware Trends and Impulse

To address the memory gap, computer architects have regeat|
posed adding processing power to the memory systemn,[?].
Most of these efforts aim to improve memory system perfoicean
by offloading varying amounts of work to the memory system it-
self. For example, the Morph architecturd [is almost entirely
configurable: programmable logic is embedded in virtualgre



data path in the system. The result is quite complex andylikebe
slower than a conventional microprocessor. The RADramegtoj
[?] and the IRAM project P] have the memory perform computa-
tion to eliminate memory to CPU transfers. The Impulse apgio
is instead in the category of “smart” memory systems thathedn
hide relatively high memory latencie®,[?, ?].

The Impulse main memory controller (MMC) can be configured to
respond to accesses to otherwise unused physical addresges

those at or above 0x40000000 on a system with one gigabyte of

installed DRAM. We refer to such addresseshadow addresses
Accesses to physical addresses that correspond to itsER&M
are treated normally. However, the processor configuresnthe
pulse memory controller to treat accesses to shadow plysiea
dresses as something other than a bus error, as would beatgher
on a system with a conventional memory controller. In patéic
the MMC cangathercache lines in shadow memory from locations
in real physical memory.

An application that is using Impulse’s address remappimngtion-
ality performs a system call indicating what kind of remaggpto
create. For example, one remapping operation that Impulse s
ports is to scatter/gather array data accessed via andtidimevec-

tor, as illustrated in Figure 1. Thers_mapshadow system call
configures the MMC to create a synthetic varialfle, that corre-
sponds to the indirectly accessed data elemeptol | dx[i]]

in the original program. In response to the system call, tBea®
locates a sufficiently large range of shadow physical adéeso
containPi . The OS then configures the MMC by performing a se-
ries of 1/0 writes to indicate remapping-specific infornoatisuch

as which address range to configure, what kind of remappiag th
MMC should perform (e.g., access via an indirection vecting
size of the elements being remapped, and the location of @ pag
table that specifies the location of the target data in regsiphl
memory. After configuring the MMC, the OS maps the shadow
physical addresses to an unused portion of the applicatidriual
address space and returns a pointer to where this range &iart

the user process. This sequence sets up the shadow memory for

Impulse remapping..

Figure 2 illustrates how the Impulse hardware then gathetissda
the indirection vector. When the user process accessesdaesad
corresponding to the remapped data struct¥e, the processor
converts this virtual address to the corresponding shadowip
cal address using its normal virtual memory mapping fumetiiby.
When the Impulse MMC sees a read (or write) request to a valid
shadow address, it must determine which virtual addresstsei
process address space correspond to this shadow regiorericon
these virtual addresses to real physical addresses, addHem
from memory. To support this functionality, the MMC contain
both a pipelined address calculation unit and an MTLB (the MM
translation look-aside buffer, or MTLB for short). In ourar-
ple, the address calculation unit would determine from tHealew
address which elements of the remapped array the program is a
cessing, load the corresponding elements from the indrewec-

tor into the Indirect Vector (1V) buffer, and calculate thtwal
addresses in the calling process for the correspondingesienof
the original array. These virtual addresses are passedghre
MTLB to determine the physical addresses of the element& Th
MMC loads the elements residing at these physical addrésses
an output buffer using an optimized DRAM scheduler, and send
the gathered data back to the processor to satisfy the ndistp
read request.

2.2 Fine Grained Remappings

Impulse offers both fine [2, 3] and page grain remappings, [42]
well as MMC prefetching. We focus only on the fine grain remap-
pings here. The prototype Impulse hardware supports ejivea
remapping at once. The fine grain remappings require apiolica
with data structures that exhibit largely static, albeghty irreg-
ular, data access patterns (e.g., sparse matrix-vectdugi® and
ray tracing). Impulse has three remappings that we considbe
compiler: transpose(a.k.a. corner-turn)hase-stride andindirec-
tion vector Section 2.1 describes tivedirection vectoremapping,
and now we describe the other two with simple examples. We as-
sume C language row-major storage order for the remaindixeof
paper. Consider the following code fragment.

for (i=0; i<N;, i++)
for (j=0; j<N, j++)
AT

With row-major accesses ®and an inner loop that accesses more
than the number of cache lines, each access will cause a Agss.
suming of course that other array dependences precludéritap
change, the Impulstansposeemapping simply swaps the dimen-
sions to produce contiguous accesses such that the reusetof e
cache line is close together in time.

t p.ar g. newaddr =&A_New;
t p.arg. vaddr A

;sl;n.s_maps hadow TRANSPCSE, tp_arQ)

for (i=0; i<N;, i++)
for (j=0; j<N, j++)
. Anewi ][]

The base-strideremapping generalizesanspose Consider this
simple example.

for (i=0; i<N;, i++)
Ali*s]...

If the steps, which is a loop invariant, results in one or very few
touches to each cache line of A, Impulse can remap the acctEsse
contiguous ones as follows.

bs_ar g. newaddr =&A New;,
bs_ar g. vaddr A

ams_mapshadow( BASESTRI DE, bs_ar Q)
for (i=0; i<N;, i++)
Anewfi]...

This remapping is especially useful for C codes in which the p
grammer has linearized multi-dimensional array accesses.

2.3 Locality Analysis and Compiler Support

We use dependence testing and locality analysis to detatiabp
and temporal reuse in a nest [8]. These are implemented in our
Scale Compiler framework The compiler first constructs a depen-
dence graph by using the Omega libraries [10]. After cowsitig

the dependence graph, the compiler performs locality aisagnd
detects spatial and temporal reuse using the method deddoio

1See httpf /www-ali.cs.umass.edScalg.



for (i =0; i <n; i++) {
sum = 0;
for (j = Rows[i]; | < Rows[i+1]; j++)
sum += Data[j] * P[Colldx[j]];
b[i] = sum
Original code

arg. newaddr = &Pi;
arg.vaddr = P;
arg.ivaddr = Col | dx;
éﬁis_mapshadow( VI NDI RECT, &arQg);
for (i =0; i <n; i++t) {
sum = 0;
for (j = Rows[i]; j < Rows[i+1]; j+4+)
osum+= Data[j] * Pi[j];
b[i] = sum

After remapping

Figure 1: Scatter/gather through an indirection vector changes indirect accesses to sequential accesses.
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Figure 2: Gathering data through an indirection vector.

McKinley, Carr, and Tseng [8]. If necessary, our compileplas
loop permutation to improve the locality of the array referes, as
described in the same paper. Besides dependence testifarahd
ity analysis, the compiler also computesegular sectiorfor each
array reference inside a loop. A regular section is a trigté the
format: lowerbound:upperbound:stef an array in the innermost
loop nest still has neither spatial nor temporal localitgrt we de-
termine if its access pattern matches any of the the threelsap
remapping forms. If so, we apply our cost models, which wsku
the information provided by the regular section, as desdrib the
Section 4 below, and use remapping only if the cost modetatds
it will be profitable.

3. Related Work

In previous work, Carter et al. [2, 3] present their handezbdp-
timizations for the Impulse MMC. Their work shows great pote
tial for the Impulse memory controller to improve progranifpe
mance. Here we are trying to automate this process in a cempil

Chandramouli et al.q] have independently studied the effects of
a cost model for Impulse that also considers copy-baseg egra
structuring which ours does not. Our cost model is more ket
estimating the cache misses and therefore the real cost af thy
references before and after remapping.

Some related work has produced more accurate and expensilve m
els of data locality, for example Ghosh et al. [4, 5], but wendo
require this level of accuracy. Static data remapping fon@ Bor-
tran programs has typically been implemented with copyitgj 6,

7]. The overheads are different than in Impulse, and a fudkex
mental comparison is beyond the scope of this paper.

4. Cost Models

This section is organized by the remappings. We begin wigh th
simplest remappingtranspose and then presertiase-strideand
theindirection vectoremappings. Each model first assumes a cold
cache, which means none of the data is in the cache before the
loop nest, and then we generalize for the case when data may be
the caches. Since the MMC gathers L2 cache lines in an Impulse
remapping from a variety of memory locations, it lengthems t
time to load a line into the L2 cache. The time to load the noasde
line into the L1 cache is unchanged compared to a convemtiona
L1 load. We thus optimize for L2 cache misses, and below we
always refer to the L2 cache, unless we explicitly state rotfse.

We denote the costs of the original array accesses with tieeapt

org and the Impulse accesses with the subsdénit We compute

the cost of the original loop nest and the Impulse nest asvisll

Misrg X Misspenalty
MiS$mp x Miss penaltymp + Setu fimp

COShrg
COStmp

In our cost model the setup cost of Impulse remapping is ealcu
lated by the following heuristic, suppose the size of thaytreing
remapped 8/ bytes and the size of shadow region being generated
isY bytes then the cycles Impulse takes to do remapping is:

setunp =M xA+Y xB+C

The constants A, B, and C are machine dependent. In our exper-
iments, this estimation is within 5% compared with the realp
cost.

When cosbrg > 1.05 x cosimp, we will generate the appropriate
Impulse remapping for the array references (i.e., if we iotdch-
pulse will improve performance by more than 5%, we will geter



Variables | Definitions |

CS cache size

CLS cache line size

DV data volume of a loop

dv data volume of an array

E array element size

El indirect vector element size
M array size

N indirect vector size

RS row size of a matrix

st stride

Table 1: Variable definitions

code that uses the Impulse system calls). We use overheaids th
match those gleaned from the simulator.

As we just mentioned, the Impulse L2 miss penalty is more ex-
pensive than the original; it is around 2 times higher thamrm ¢
ventional miss. This cost is amortized if the number of ndsse
reduced by more than 2 per second level cache line. Impulse ca
further reduce this miss penalty using prefetching, but wenot
model prefetching at this point.

Our compiler framework determinds = the size of elements in
the array. LeCS=the L2 cache size, ar@dLS= the length of L2
cache line. We set these two constants in a target archiéectun-
figuration file that Scale uses. The regular secticiowgerbound:
upperbound: stepln our cost model, we usd = (upperbound-
lowerbound x E, which is the range of the target array that the
loop will accessed. We thus have the data access voldmef
each reference:

v upperbour;?;l;))werbound>< E : stepxE >CLS
(upperbound- lowerbound x E : otherwise

We also compute the total data access volume in the loop nest.

DVioop = z dv

uniquearray_re ferences

For the array references we can not get tipperbound, lower-
bound or stepfrom the program, we will assume the array’s dv is
larger than the size of L2 cache size. We assume that L2 cashe h
set associativitys and uses a LRU replacement policy. We assume
no pathological mapping problems such thaDifiyop < CS then

all the data stays in the L2 cache. This assumption is reaofa

the L2 cache. If it is not, we could use techniques such asr&ive
and Tseng [11] to eliminate conflicts. We also assume tharfor
array which haslv < C§ the array data will stay in the cache as
long as possible whebVioop < 2 x CSand the data of the array
will be evicted ifDVigop > 2 x CS Table 1 lists these definitions.

4.1 Cost Model for Transpose (Corner Turn)

Impulse uses th&ansposeremapping to map a two-dimensional
matrix to its transpose without copying. We show the sintples

example in Section 2.2, and below we show a linearized C array

access. Let RS be the row size of the two dimension array.

for (i=0; i<RS; i++)
for (j=0; j<RS; j+4+)
..AjJ*RS +i]...= AneWi*RS + j]

Cold Cache
Consider the following two cases.

1. If RS< CS/CLSand DVjgop < 2x CS or if RS< (CS—
(DV — M))/CLSthen after the cold miss the next access to
elements in the same line will be a hit, and we clearly do not
need Impulse.

2. Otherwise, after the cold misses the next access to the ele
ments in the same line will also be a midéissyg is simply
the number of elements in the original array:

Misgrg = RSx RS
and misgnp is reduced by the number of elements per line:

missmp = RSx RSx E/CLS

Warm Cache

Suppose array is initialized inl oop1l just prior tol oop2, the

one we are considering for remapping. We assume the data of
A will stay in the cache as much as possible afteopl and
DMoopt £ CS The same assumptions are made in the following
warm cache cost models fbase-strideandindirect vector

1. If DVigop2 < 2xCSandM < CS A will stay in the cache
duringl oop2, therefore

Misgrg =0

2. If DVigop2 > 2x CSandM < CS A will always be evicted
by other data in the loop, then

Misgrg = RSx RS

3. If M > CS the elements accessedlbyop2 will be evicted
out of cache before they are accessed. So this case is the
same as the cold cache model above.

Because Impulse flushes remapped elements out of the cabbas w
setting up a new remapping)issmp Will be the same as the cold
cache model

miS$mp =RSx RSx E/CLS
4.2 Cost Model for Base-Stride

For a strided array referené¢ i *st ), Impulse can produce con-
tiguous accessésew i ) with its base-strideemapping, as illus-
trated in Section 2.2. If we have a multi-dimension array reiis
the size of the innermost dimension, we require an invasaide
through the arrayN modst = 0.

for (i=0; i<N'st ; i++)
Ali*st]...= Anewi]



Cold Cache
Assuming a cold cache, we have the following cases.

1. If stx E > CLS every element we read from the array in
the original loop will be in a different L2 cache line. Thus
Missrg is the number of elements accessed in the loop.

misgrg = M/ (st x E)
Remapping yields sequential array references, which e2duc
the misses by the number of eleme@isS/E per line.
M/(E x st)
CLS/E
M
stx CLS

MiS$mp

2. If stx E < CLS then the loop accesses more than one ele-
ment per L2 cache lineMissorg is thus the number of cache
lines we need to load into the cache, i.e., the size of thés/arr
divided by the size of L2 cache line size.

M
CLS
With the Impulsebase-strideremapping, we have the same
result as previous case.

missmp = M/(st x CLS).

MiS$rg =

Warm Cache

Suppose arraj is initialized inl oop1 just prior tol oop2, the
one we are considering for remapping. Here we assumog1 ini-
tializes all the elements in arra; not only the elements accessed
byl oop2.

1. If DVigope < 2x CSandM < CS all of A accessed ihoop2
is in the cache, and

Misgrg =0

2. Inall other cases, that is, Wh8Vjgop > 2x CSorM >CS
the total misses of accessing elements will be the same

Let N be the size of index array. Let El be the size of elements in
index array. For simplicity, we suppose each accesijiotieXi]
will cause a miss on arraf. Because the index array is accessed
sequentially, the misses for the indirect arraymiss, = N/CLS

Cold Cache

Considering we will accedd/E| elements in arraj, we have the
number of misses as follows, which includes the misse& émd
the index array.

1. If DV < 2xCSandM + N < CS we have only one cold miss
for each cache line,

(M +N)/CLS
N/EI+N/CLS

N/EI > M/CLS

MiS%rg = { otherwise

2. Otherwise, iDV > 2xCSor M+ N > CS we will get all
misses for each access in array
misgrg = N/EI+N/CLS

Butif M < CSandN/EI > M/E, itis reasonable to assume
the access to the same elementfowill be a hit, then the
misses will be:

missrg = M/E+N/CLS

For Anew, the number of misses is the same as the number of
misses in a sequential accesses of an array which has N/EI ele
ments.

missmp = (N/EI) x E/CLS
Warm Cache

Again, suppose arrayis initialized inl oop1 just prior tol oop2,
the one we are considering for remapping.

1. If DV <2xCSandM + N < CS§ all the data accessed in
| oop2isin the cache, and

Misgrg =0

as the misses we calculated in the cold cache case because

no data loaded ihoop1 will stay in the cache whehoop2
accesses it.

3. Because Impulse flushes remapped elements out of thescache

when setting up a new remapping, we have

array_size/(stridex cacheline_size
M/(stx CLS

MiS$mp

4.3 Cost Model for Indirect Vector

Impulse provides a remapping of a region of shadow addrésses
data structure through andirection vector In this case, a shadow
address at offsetoffsetin a shadow region is mapped to a pseudo-
virtual addrespvaddr+stridex vectoifsof fse}, as illustrated be-
low.

for (i=0; i<X; i++)
...Alindex[i]]...= Anewi]

2. IfDV <2xCSandM + N > CS there may be data left in the
cache that will result in some hits. The probability of a aach
miss is a very complicated mathematical formula which is
not practical to implement in the compiler. Therefore, we
use a simple estimation of the probability P.

array_sizet indexarray_size— cachesize
array_sizet indexarray_size
M+N-CS
M+N

P —

Mmissrg = P x (N/ElI4+N/CLS)

3. Otherwise, whedV > 2 x CS the cache misses will be the
number of cold misses.

misgrg = N/EI+N/CLS



1. Dependence testing 5. If the cost model indicates remapping is beneficial, the-co
& locality analysis piler inserts the remapping system call at the proper ositi
2. Calculate regular and replaces the original array references with remapped ar
sections ray references.
] 6. Experimental Results
Suitable f_or loop Yes In this section, we first introduce our experimental envinents
permutation?
} and measurements.
No Permute the loop 6.1 Experimental Environment
‘ We implement our locality analysis, cost models and codeeigen
> ation in Scale, a compiler infrastructure implemented by @
Y search group. Scale accepts Fortran or C input, and traastatto
For each array referende an intermediate representation called Scribble. Scalades op-
No | check if it is suitable fo M, timizations, such as partial redundancy elimination, @alumber-
=] Impulse remapping? | references ing, and sparse constant propagation. Scale produces SBARC
sembly code, which we feed to the Impulse simulator, URSiR- U
Yes‘y Sim emulates Impulse remappings and is built on top of RSim [9
No | Use cost modelto ) ) ) )
) check if it is beneficial We configure URSIim to use an aggressive 4-way issue, out ef ord
to do remap? execution, 64 instruction window, and a 32K L1 cache with gzb
cache lines and set associativity of 2. The latency for Llheac
Yes access is 2 cycles. We use a 128K L2 cache with 128 byte cache
L lines, set associativity of 2, and an 8 cycle latency. Thenley
Generate code for memory access is between 48 and 200 cycles, dependirgon t
outstanding misses which URSim models. The shadow memory
access latency is about 100 cycles more than a normal memory

access. We also examine some of our benchmarks under a 5 year
hardware projection, where the L1 cache latency is 3 cydlgs,
cache latency is 20 cycles, and memory latency is 200-50@xyc
We use a processor clock-rate of 5GHz versus bus/memork-cloc
Again if M < CSandN/EI| > M/E, we assume the access to  rate of 300MHz which results in the ratio of 16 : 1, for the jpaipd
the same element ohwill be a hit, then the misses will be: hardware in 5 years compared with the ratio of 3:1 in our aurre

. model. These projections of the cache and memory latencis i

misgrg = M/E +N/CLS years from now come from the work of Agarwal et al. [1].

6.2 Case Studies

We use five benchmark kernels to examine the performance-of Im

pulse remapping. The following table describes each of each-

mark kernels. We validate our cost model on all of the bencksya

and we compare and combine it with loop permutatiomor m,

missmp = (N/EI) x E/CLS andvpenta The majority of our input sizes are close to the cross-

. over point between when we want to use Impulse in order to test

5. Code Generation our cost models. Carter et al. [2, 3] show larger improvemémt

In Figure 3 we show the process of analysis and code generiatio  |arger data sets.

our compiler framework. We describe each steps below.

Figure 3: Process of code generation.

Since the Impulse remapping function flushes the cache defwr
ing remapping, the misses in the loop with a warm cache will be
the same as the misses with the cold cache.

[ Benchmark | Functionality | Arrays | Nests| Depth ]
1. First the compiler performs dependence testing anditgcal base-stride _ test 1 2 1
analysis as described in Section 2.3. Regular sections are mxm matrix multiply 1 3 3
also calculated for each array reference in the loop. transitive |  all pairs shortest path 4 5 2
) S ] matrix | sparse matrix multiply 1 20 2
2. The compiler then performs loop permutation if doing sk wi vpenta | invert 3 pentadiagonals a1 7 2

improve the locality and permutation is legal.

3. Then compiler checks each array reference to see if it con- Base-Stride
forms to a pattern without locality that we can remap. For Thebase-stridekernel consists of the following, plus an initializa-
example, if we find a two dimensional array has a transpose tion loop.
access pattern, then itis a candidatetfansposaemapping.

for (i=0; i<N; i++)

4. Ifwe find an array reference is a candidate for remapphey, t s=s+A[*STRIDE;

compiler uses the regular section in the cost models we-intro
duced in the previous section to decide if remapping the ar-
ray reference is beneficial. All our benchmarks have a warm The code generated by Scale after inserting the Impdse-stride
cache and thus we only test the warm cache cost models.  remapping function is as follows.



bs_ar g. newaddr =&A NewO;

bs_arg. vaddr = A
bs_arg. count = ARRAYS| ZE/ STRI DE;
bs_arg.stride = STRI DE*si zeof (int);
bs_arg. of fset = 0;
ams_mapshadow( BASESTRI DE, bs_arg);
for (i=0; i<N;, i++)

s=s+A NewO[ i ]

We tested a wide range of array sizes and strides, and incpde-

sentative results in Table 2. In all the tables, the "Yes’hia tCost

Model” column means our cost model determine that it is berafi
to perform Impulse remapping.

The results in Table 2 indicate that remapping has the edfieict-
creasing the total number of accesses (L1 hits2 hits + Misses)
because of the additional accesses to shadow memory. Howeve
the Impulse remapping improves cache locality and theeefer
duces total execution time when the array size is large. ©sir ¢
model correctly determined whether Impulse remapping dbel
beneficial in 68 of the 72 configurations (94.4%) that we tste
which ranged from array sizes from 32K to 1024K, with stridés
32, 64, and 133.

Matrix Multiplication
For classic matrix multiplication, the original code is aidws.

for (i=0; i<Vertices; i++)
for (j=0; j<Vertices; j++)
for (k=0; k<Vertices; k++)
c[il[i] +=a[i][klI*b[K][j];

In this version, the inner two loops are out of order. Scategates
the following code for Impulse (without performing loop parta-
tion) using the transpose remapping.

newaddr =&bNew,

vaddr b;

el emsi ze = sizeof (int);

rownum = Vertices;

rowsi ze = Vertices*sizeof (int);

tp.arg.
tp.arg.
tp.arg.
tp.arg.
tp.arg.

ans_mapshadow( TRANSPCSE, &t p_ar g) ;
for (i=0; i<Vertices; i++)
for (j=0; j<Vertices; j++)
for (k=0; k<Vertices; k++)
clil[jl+=ali][K]*bNew[j][K];

The results in Table 3 demonstrate that the Impulse remgppiih
reduce the total number of misses, and yield a speedup wieen th
matrix is bigger than 13@ 130. Loop permutation gives an even
better performance improvement because it does not haveéne
heads of Impulse. Note that our cost model has correctlyigiest
that no speedup will be gained for the smaller matrix sizeg, 82

and 64. The cost model fails to choose Impulse for the maizix s

of 130 where it has an 11% speedup. However, it resumes aecura
predictions from matrix sizes of 150 upwards.

Transitive

Transitiveis a Darpa Data Intensive System (DIS) Stress bench-
mark. The following array reference pattern, to which we apply

the Impulseransposa@emapping, appears in three loops within the
benchmark.

for (i=0; i<VERTICES; i++)
for (j=0; j<VERTICES; j++)
dout [j *VERTI CES + i]

newl;

After remapping we have:

newaddr =&dout New;

vaddr = dout;

el emsi ze = sizeof (int);

rownum = VERTI CES;

rowsi ze = VERTI CES*si zeof (int);

tp.arg.
tp.arg.
tp.arg.
tp.arg.
tp.arg.

ans_mapshadow( TRANSPCSE, &t p_ar g) ;
for (i=0; i<VERTICES; i++)
for (j=0; j<VERTICES; j++)
dout New[ i * VERTI CES + j]

newl;

Tables 4 and 6.2 show simulation results for the Transitemech-
mark with current, and 5 year projected, hardware parameeer
spectively. The results indicate a large performance ingr@nt
when the array is sufficiently large. Note that our cost mddel
correctly predicted that no speedup will be gained for thallem
array sizes. The speedup due to Impulse is reduced whentfre nu
ber of Verticesis increased from 411 to 697, which is counter intu-
itive,. This reduction is because there are significantlyenid.B
misses (71 compared to 366,748) with the larger data set\diee
could use Impulse’s superpages to eliminate these misset)di
improvement is beyond the scope of this paper.

Matrix

Matrix is another DIS stress benchmark. The following array pat-
tern, to which we can apply Impulse remapping, appears &ethr
loops within the benchmark:

static double vectorX[ DI M;

static int col i nd[ DI MFNUVBERNONZERQ ;

for (Il=tnprs; ll<tnpre; |I++)
...vectorXcolind[ll]]...;

The code after remappings is:

newaddr =&vect or X_Newl;

vaddr =vector X ;

count =DI M

obj si ze=si zeof (doubl e) ;

i v_vaddr =col . nd;

i v_obj count =DI M-NUVBERNONZERG,
i v_obj si ze=si zeof (int);

varg.
varg.
varg.
varg.
varg.
varg.
varg.

ans_mapshadow( VI NDI RECT, & v_ar g) ;
for (Il=tnprs; ll<tnpre; |I|++)
...vector X vect or XNewl] .. .;

Tables 6 and 6.2 show simulation results for the Matrix bench
mark with current and projected hardware parameters forabsye
out respectively. The results indicate excellent perforoeaim-
provement when the matrix is sufficiently large.

Vpenta



Array  Stride

Original Impulse Speedup| Cost
Size(K) L1 hits L2 hits Misses Cycles L1hits L2 hits Misses Cycleg Model
32 32| 38233 4225 1247 179298 42025 3357 1343  20101p 0.89 No
32 64| 38227 3715 1244 176404 41055 3309 1328  19742)7 0.89 No
32 133| 38266 3414 1240 175264 40816 3284 1318  23512p 0.75 No
256 32| 239576 25270 16012 1551960248555 25597 8590 1248312 1.24 Yes
256 64| 241458 24761 12604 1483098250587 25212 8715 1254803 1.18 Yes
256 133| 241664 24764 10453 1387045249342 25009 8618 1309383 1.06 Yes
256 256| 241664 24763 9504 1282063245453 24905 8587 1236120 1.03 No
1024 32| 950997 99388 65400 6178389982946 102054 34146 4824273  1.28 Yes
1024 64| 951004 99131 49254 5318694968155 100520 33629 4731783 1.12 Yes
1024 133| 939457 98712 41274 5312265964224 99511 33654 4972072 1.07 Yes
1024 256| 939463 98705 37457 5038962948741 99091 33525 4829841 1.04 No
Table 2: Simulation results: Base-stride with strides and aray sizes

Vertices Original Permutation Impulse Cost

Misses Cycles Misses Cycles Speedu;L Misses Cycles Speedupmodel

32 143 462821 142 464984 1.00 188 504780 0.92 No

64 431 3592985 430 3599255 1.0d 573 3832450 0.94 No

130 122667 33870493 7963 29283061 1.1¢ 13354 30612999 1.11 No

256 | 13807774 889336644 1529629 349294302 2.5fp 748852 498383702 1.78 Yes

Table 3: Simulation results: matrix multiplication with po or inner loop locality, loop permutation, and Impulse remapping.

\ertices

Original Impulse Speedup| Cost
L1 hits L2 hits Misses Cycleg L1 hits L2 hits Misses Cycleg Model
113 852245 60048 1317 4851675 1414605 31459 8499 6840206 0.71 No
277 | 3911864 658159 403768 55205286 8110085 201972 52511 31648797 1.74 Yes
411 | 7147463 830385 2566442 2371116P07862096 469483 130404  717460Y1 3.30 Yes
697 | 20117449 835468 11694075 9140510783530495 1112433 3824138 396397335 2.31 Yes
Table 4: Simulation results: Transitive
Vertices Original Impulse Speedup| Cost
L1 hits L2 hits Misses Cycleg L1 hits L2 hits Misses Cycleg Model
113 845648 59350 1412 4967264 1407949 30669 8810 17070311 0.29 No
277 | 3912415 656855 404744  1179974p88111553 200937 52509 101460382 1.16 Yes
411 | 7162959 828615 2567978 6118603BA 7878216 468469 130918 2435881112 2.51 Yes
697 | 20132067 833080 11746193 24042051483575551 1109738 3844610 1454859792 1.65 Yes

Table 5: Simulation results: Transitive with projected hardware for 5 years out

[ Dim[ #NonO| Original | Impulse | Speedup| Cost Model |
3912 8660 7195584 7357778 0.98 No
9400 50000 26140055| 25612026 1.02 No

30730 | 1400000| 733583510| 388726047 1.88 Yes
75000 | 3000000| 2044178149 800149886 2.56 Yes
Table 6: Simulation results: Matrix

[ Dim] #NonO] Original [ Impulse | Speedup] Cost Model ]
3912 8660 11217762 16398099 0.68 No
9400 50000 46613965 64162977 0.72 No

30730 | 1400000| 1956530541 1152998801 1.70 Yes

75000 | 3000000| 5356346911 2488114202 2.15 Yes

Table 7: Simulation results: Matrix with a hardware project ion for 5 years out




Thevpentabenchmark includes two categories of array references
that are amenable to Impulse remappirmase-strideand trans-
pose There are 90 candidate sites for Impulse remapping. The
Impulse architecture limits us to at most 8 remapping shadiew
scriptors. We use our cost model to select the most proauctin-
didates for remapping. We also combine Impulse remappirtiy wi
loop permutation to get further performance improvements.

Thebase-stridgattern that appears upentais as follows.
doubl e x[ SI ZE] [ SI ZE] ;

for (k= 0; k< SIZE;, k++) {
rid = x[k][1];

Here the stride is the size of the second dimension of thg arra
After inserting the Impulse remapping function, we haveltop:

doubl e x[ SI ZE] [ SI ZE] ;

bs_ar g. newaddr =&x_NewO;

bs_arg. vaddr = x;

bs_arg. count = Sl ZE;

bs_arg. obj si ze = si zeof (doubl e);
bs_arg.stride = Sl ZE*si zeof (doubl e) ;
bs_arg. of fset = 1*si zeof (doubl e);

ams_mapshadow( BASESTRI DE, &bs_ar g) ;
for (k= 0; k< SIZE, k++) {
rid = x_NewO[ k] ;

Thetransposepattern that appears upentais as follows.

doubl e a[ SI ZE] [ SI ZE] ;
for (j=0; j<SIZE;, j++)
for (k=0; k<SIZE; k++)
rid2 = a[k][j];

After transformation, we have the code below.

newaddr =&a_New;

vaddr a;

el emsi ze = si zeof (doubl e);
rownum = Sl ZE;

rowsi ze = Sl ZE*si zeof (doubl e) ;

tp.arg.
tp.arg.
tp.arg.
tp.arg.
tp.arg.

anms_mapshadow( TRANSPCSE, &t p_ar g) ;
for (j=0; j<SIZE; j++)
for (k=0; k<SIZE; k++)
rid2 = aNewj][Kk];

For the above loop, we can also do loop permutation to impttoze
locality in addition to Impulse remapping.

In Tables 8 and 9, we show the effect of Impulse remapping for
current and projected hardware for 5 years out respectifdigse
tables also show the effect of loop permutation with and exth
Impulse remappingBSand TP refer tobase-strideandtranspose
cost models respectively. If it is not applicable to applyeatain
type of remapping, there is "N/A” in the column. In the follew

ing table, the column "Row Size” means the row size of the inpu
matrix.

Because loop permutation changes the form of array refesenc
in the permuted loops, it eliminates candidates for tthaspose
remapping in this case. However, we can still applylihse-stride
remapping for some array references in the program. By aembi
ing loop permutation and Impulse remapping, we achieveebett
performance than when only one of them is used. The column "Im
pulse+LP” in Table 8 gives the result of performing both Iisgu
remapping and loop permutation.

We see from the above tables that Impulse can not only impheve
performance of the original programs, but can cooperate lodp
permutation to further increase the speedup. For almobealth-
marks, configurations, and data set sizes, our cost modelatiyr
predicts whether or not it is beneficial to do Impulse remagpi

7. Conclusions and Future Work

This paper develops compiler cost models to drive the Inguls
memory controller. We implement and measure the benefit ef Im
pulse remapping using the Scale Compiler framework and BiRSi
We demonstrate that we are able to use Impulse effectivelitam
excellent performance improvements without user intef@aron
five benchmark kernels. We plan to extend this work to coreplet
applications and integrate it more fully with loop transf@tions

to improve locality, including data copying and other daarga-
nization transformations.
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