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Abstract—Transactional Memory (TM) is an alternative to separated from implementation. A transaction is a block of
conventional multithreaded programming to ease the writig  computations that appear to be executed with atomicity and
of concurrent programs. In the context of unbounded TM, sqation. Thus, transactions replace a pessimistic lased

concurrent threads may use hardware signatures to record athe del b timisti del and th | bstracti d
memory addresses issued inside a transaction to detect cdofs. model by an optimistic model an €y solve abstraction an

Signatures are usually implemented as per-thread fixed hanstare  COMposition problems. _ _ o
Bloom filters that summarize a very large amount of read and TM systems execute transactions in parallel, committing
write memory addresses at the cost of false conflicts (detéoh the non-conflicting ones. A conflict occurs when a memory
of non-existing conflicts). location is concurrently accessed by several transactions

In this paper, to reduce the probability of false conflicts, anovel . . .
signature design that exploits spatial locality is proposg. The at least one access is a write. In such a case, the conflict must

design is based on new hash function mappings, so that nearbyPe resolved to preserve atomicity. Conflicts can be idedtifie
located addresses share some bits inserted in the filters. ihis and solved while the transactions are running (eager conflic
favorable particularly for large transactions that usually exhibit  detection) or at commit time (lazy conflict detection).

some amount of spatial locality. Besides, its implementain This paper focuses on hardware implementation of TM,

does not require extra hardware. The proposed signature was - .
experimentally evaluated using the GEMS simulator and all the systems that map basic TM operations on hardware.

the codes of the STAMP benchmark suite. In most cases, the Earlier systems exploited the fact that conflicting regsi¢st
results show significant improvement, particularly in the mdes transactional memory locations can be observed throudtecac

that involve long-running, large-data transactions. coherence mechanism [3], [4], [5], [6], [7]. These impletzen
Keywords-Hardware Transactional Memory; Signatures; tions can support only transactions bounded in time and size
Bloom filters; H3 Hashing; Memory locality More recently, the TM proposals include hardware support

for very large transactions by adding some mechanisms to
handle transactions that overflow the cache hierarchy 8], [
[9], [10], [11], [12], [13], [14], [15]. Other approachedké
Writing multithreaded parallel programs is a complex taskybrid TM models, simplify the hardware support by not
It forms a major obstacle in utilizing multicore processorsmplementing some complex transactional features [16]],[1
Parallelism introduces non-determinism that must be cofi8]. Finally, there are certain systems that provide hamw
trolled by careful designing of the computational threadd a support to speed up parts of software TM implementation
their coordination through explicit synchronization. 8t (STM) [19], [20], [21].
data used in critical sections must be accessed in mutualll the above mentioned TM systems must record all
exclusion to avoid race conditions (ensure consistenaykt memory reads and writes during the execution of transagtion
based techniques are used traditionally to provide mutdat detecting and resolving conflicts. Recently, signatuaee
exclusion by serializing the execution of critical secidrom proposed as hardware devices to store the addresses of such
concurrent threads. By narrowing these sections, the dhreaemory access. Systems that use these signatures include
serialization can be minimized, but at the cost of incremsiBulkSC [22], LogTM-SE [11], SigTM [23], FlexTM [21],
the lock overhead and the risk of deadlock. In gener&ASTM [24], DynTM [25] and STMlite [26], the last one be-
there is a trade-off between serialization and lock coigent ing a full software implementation. These systems implemen
depending on the lock granularity. In addition, locks havsignatures as per-thread Bloom filters [27], one for recaydi
other disadvantages, like convoying or priority inversiand read addresses and the other for recording write addresses.
difficulties in problem detection and solving. Finally, kec Basically, they use fixed hardware to summarize a very large
based techniques lack effective mechanisms of abstraatidn amount of read and write memory addresses at the cost of
composition, because explicit synchronization requines the false conflicts (i.e. non-existing conflicts).
programmer is aware of implementation details. Previous signature designs consider that all memory ad-
Transactional Memory (TM) [1], [2] is emerging as an alterdresses are uniformly distributed across the address .space
native to the conventional multithreaded programming eeaHowever, in real programs the address stream is not random
the writing of concurrent programs. TM introduces the cqtceas it exhibits some amount of locality. The first and main
of transaction as a convenient abstraction for coordigaticontribution of this paper is proposing a novel sighaturggle
concurrent access to shared data, allowing semantics tohased on Bloom filters, calledbcality-sensitive signature

I. INTRODUCTION



. . . . REGULAR BLOOM FILTER PARALLEL BLOOM FILTER
(LS-Sig), which exploits memory reference locality to redu address address

the probability of false conflicts. The proposal defines new Nl
address mappings of the hash functions to reduce the number @ @ @
of bits inserted in the filter (occupancy) for the addresses
with spatial locality. That is, nearby memory locationsrgha
some bits of the Bloom filter. As a result, false conflicts are
significantly reduced in transactions that exhibit spétiedlity
in their read or write sets, but the false conflict rate remai
unalterable for transactions that do not exhibit localityat
This is favorable particularly for large transactions thstially
present a significant amount of spatial locality. In additias
the proposal is based on new locality-aware hash mappingsBloom filters are also known as true or regular Bloom filters.
its implementation does not require extra hardware. Sanchez et al. [30] propose parallel Bloom filter as an al-
The second contribution of this paper is implementingrnative hardware-efficient implementation to reguland®h
the proposed LS-Sig in a hardware TM simulator to shofiiters. The regular filter is implemented as:gorted SRAM,
how savings in false conflicts translate into important gerf and the parallel one ds 1-ported SRAMs, yielding the same
mance improvements while executing concurrent transagtioor better false positive rate. Fig. 1 shows the implemenmati
In particular, different variants (hash mappings) of L$-Siof both regular and parallel filters. Sanchez et al. conclude
were evaluated on codes from the STAMP [28] benchmatkat Bloom filters should use H3 class hash functions [31],
suite using the Wisconsin GEMS [29] simulator. Also, thes@stead of bit-selection ones [32], as they are closer tdoan
signatures were compared with other state-of-the-artémplistribution. However, H3 hashing is hardware-expensivé a
mentations available in literature. In most cases, thelt®siheeds an XOR tree per hash bit.
show significant improvement in performance, particuléoly An alternative hardware-efficient implementation of hash

codes with larger transactions. functions, Page-Block-XOR hashing (PBX), has been pro-

The re.mamder.of thg paper IS orgamz_ed as follows. In tlEJ%sed in [33]. The authors of this proposal use the concept
next section, a brief review of signatures is presentedsttay of entropy to find the most random bits of the address,

with a description of designs and impl_emen_tatiqn_ in relat hich reduce the hardware complexity of the hash functions.
Wprks. In_ Sectu_m i, th_e proppsed LS-Sig deS|gn IS Int . Notary [33] also proposes a technique to reduce the number
W!th a d|scus§|on_ of its basu:_s, followed by_l_ts_com_parlsoslr asserted bits in the signature. However, his approach is
with the generic signature designs for probabilistic eatian. different as it is based on segregating addresses intot@riva

Sfe Etéog.lv de?rlls th the |mplct:lrznl\</legtatllon IO]; d|ffer(;nija|tm and shared sets, and then recording only the shared adslresse
o ~>19 on the Winconsin simutator, and QISCUSS&sys 56|y tion requires support at the compiler, runtinbedry

how LSI;_Slg”car;mtprov\(/e the exeCl::]IOH per;‘ormanci ,'[E_Se\:e[’ﬁld operating system levels. In addition, the programmest mu
cases. Finally, Section V sums up the conclusions of thiys Y define which objects are private and which are shared. The

approach proposed here, however, requires neither saftwar

Il. BACKGROUND ) )
support nor programmer’s help. In fact, it could be used in
In the context of HTM, concurrent threads use hardwaE%mbination with every technique in [33]

signatures to record all the memory addresses issued within ] )
a transaction. These addresses are sorted out into a read s¥re recently, Choi and Draper [34] proposed adaptive

(RS) and a write set (WS). Each thread uses a separate priVifdn Signatures that store the history of transactiontatzord
signature for storing each set. As a conflict detection agvidynamically change the input bit range to the hash functions
signatures should not tolerate false negatives (undeteate ©N the abort history. The aim of this design is to reduce the
conflicts), but may assume false positives (false conflidts) number of false positives that affect execution perforneanc
addition, as the sizes of RS and WS are not known in advanceSeveral hardware supported TM systems adopt signatures
signatures should not limit the number of addresses to tather than keeping transactional state in cache hierarchy
tracked. Finally, test and insertion operations shouldast. f Modifying caches to track transactional information hasrbe
Fulfilling the above requirements, Ceze et al. [4] proposepaoved to be beset with major constraints, because traosact
signature implementation with per-thread Bloom filterse3& are limited to cache sizes, scheduling time-slice (quajtum
filters were devised to test whether an element is a membemaifyration problems,... Also, cache memories are critittag-
a set in a time- and space-efficient way. A Bloom filter allowsined structures that should not be modified by adding ad-
insertions of an unbounded number of elements at the costditfonal hardware. Signatures are used to enforce se@lenti
false positives, but not false negatives (elements can 8edadconsistency in BulkSC [22]. LogTM-SE [11] uses them in the
to the set, but not removed). It comprises a bit array Anddirectory and ensures paging and context switching witbajlo
different hash functions that map elements idtdandomly signatures. SigTM [23] is similar to LogTM-SE. VTM [10]
distributed bits of the array. At first, all the array bits a&et uses a global signature for cache victimization. Finallyna-
to 0. Inserting an element into the Bloom filter consists itures are also proposed as a good solution to support conflict
setting to 1 thek bits given by the hash functions. Test fodetection in hardware TM implementations on FPGA-based
membership consists in checking if thasdits are asserted. computing systems [35].

insert
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rIlig. 1. Regular Bloom filter vs. Parallel Bloom filter designs
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[1l. L OCALITY SENSITIVE SIGNATURES EXAMPLE OF LOCALITY-SENSITIVE SIGNATURE ADDRESSES AND THEIR
) ) i ) CORRESPONDINGH3 INDEXES FOR ABLOOM FILTER WITH K=4,
This section discusses how memory reference locality prop- 2m=1024.

erty can be used to reduce the probability of false conflicts i

. . . Address | ho hi ha h3
the ;lgnatqrgs |mplementedl as Bloom.fllters. . . Oxf0—T 240 1158 T 889 [ 554
It is clarified that what will be considered in the ensuing Oxffffl [ 586 | 158 | 889 | 554
discussion here is a Bloom filter that maps a space&’of 8Xm§ 79306 gg ggg ggi
. f X
memory _addressesﬁ,l ={0,1,...,2" — 1}, into an array of oxfftta  T8T 19061284 554
2™ bits (indexes),B = {0, 1,...,2™ — 1}, m < n, through a oxffffs [ 527 | 906 | 484 | 554
family of k& hash functions{hog, h1,..., hx—1}. Hash func- 8xgg 63717 ggi igi ggi
. . . . . X
tions of class_, H3 will be used, because they exhibit h_|gh oxfiis 78497 621163
quality behavior for memory address streams [30]. Funstion Oxffffo [116 | 497 | 62 | 163
in class H3 basically define a linear transform between an gxgg gg gg gg igg
. : . 1x 1x X
n-bit Worq and arm-b|t_ W(_)rd. hi:GF(2)1*" — GF(2)**™, oxfific 65T T 72716751 163
GF(2) being the Galois field of two elements [36], under the oxfiffd | 49 | 741 | 675 | 163
bitwise XOR. Two basic operations are defined over the Bloom Oxffffe | 545 | 800 | 675 | 163
filter: (i) inserting an address by asserting its mapped bits Oxfftf | 155 | 800 | 675 | 163

(hi(xz) = 1), and (ii) checking if an address has been already

inserted by testing if all its corresponding mapped bitssate ) o

to 1. Let BF(zo, 21, ..., xs_1) be the set of asserted bits in? formal _general signature scheme is introduced here that

the Bloom filter after inserting the sequence sofiddresses €a" take into accqunt the locality of reference to rgduce the

0, %1, Lo, .., 2s_1. This set is given bYJf:é BF(x;), being occupancy of the filter when nea.rby addresses are inserted.

BF(z) = Ulté hy (). B Definition 1: Let be a_BIoom filter that maps a space of

Itis to be Jnoted that false positives arise from two situatio 2" memory ad_dressesl, Into a space o™ bits, B, m < n,

First, an addresg (not inserted) gives rise to a false positive{*hrongh a family ofk hash functlon_s of the class H3, and let

(A,d) and (p(B),d;,) be two metric spaces. Such a Bloom

if  was inserted in the Bloom filter anBF(y) = BF(z), " . o .
: filter is called(r, §)-locality sensitive (r,0)-LS), with r € N
. In such a case, one can say thaandy are aliase ] DN
y 7w . y J 1ases andé : N — N, if, for any z,y € A, it satisfies that,

that is, their mappings through the hash functiansare the
same. In a Bloom filter, the probability of two addresses gpein » if 1 < d(z,y) < 2" —1 then0 < dy(BF(z), BF(y)) <
aliases depends on particular hash functions and their aymb ~ d(d(z,y)) <k,
k. For higherk, this probability would be smaller. Second, In a Bloom filter designed according to this definition,
a false positive may appear because of curomuupancyof nearby locations assert not-disjoint bit sets into the biayg
the filter. This happens for a non-inserted addrgsafter the j.e. they share some bits. The functidmreturns the distance
insertion of s addresses, ifBF(y) C BF(xo,x1,...,45—1) between two addresses and may be considered as the value
andy is not alias of anyr;. However, a false positive takesof the bitwise XOR,d(x,y) = = @ y, although the Euclidean
place. One expects that the higher the filter occupancy, thigtance,d(x,y) = |z — y|, can also be suitable. The usual
higher would be the probability of false positives. In fai€t, metric of the distance between two sets, is the cardinality
the filter saturates (all bits set to 1) all subsequent gedde of the symmetric difference. Nevertheless, it is defined tha
non-inserted addresses become false positives. dn(BF(x), BF(y)) = k—|BF(x) N BF(y)|, which basically
In general, small data set transactions, a common case [3Wgasures the number of differing hash function outputs when
occupy a small fraction of the Bloom filter and, henceaddresses andy are mapped. A$BF(z)| = k, this metric
show false positives most of which are due to aliases aiglhalf of the cardinality of the symmetric difference betme
only a few due to filter occupancy. However, large data seto sets.
transactions show many false positives, which are due to hig It can be seen that in Def. 1, the parameteacts as
filter occupancy. Reducing the number of hash functidns, the radius of action of the LS scheme. Addresses, whose
helps large data set transactions, but not the small onés [3fistances are greater tha&i — 1, are mapped as though
Memory reference locality is a property that may be used by a generic Bloom filter. The functiod(d(x,y)), which
favor small and large transactions simultaneously. Thigepa returns the number of differing indexes between two adeess
proposes to build a Bloom filter that maps locations far away, (BF (z), BF (y)), can as well be chosen to increase with
from each other as normal Bloom filters do, while the nearhi(z, y), in such a way that the nearer addresses can be mapped
locations are mapped sharing some bits. This way, one dato less disjoint sets of bits.
choosek to be high enough to favor small transactions, and, An example of an LS scheme is shown in Table |, where the
at the same time, the large ones too by reducing the occupaoayputs of thek hash functions were computed for a sequence
of the filter, thanks to locality. of adjacent locations. It is to be noted that for addressés wi
Different locality- or distance-sensitive hashing schemee d(x,y) =  ® y = 1, mappings differ in only one value.
available in the literature. They are used to formulate igger Addresses with distance 2 are different in no more than 2 hash
of similarity in metric spaces using compact represematiovalues. On the other hand, addresses with distances greater
of objects [38], [39], [40]. Motivated by these definitionsthan2*~! — 1 = 7 may have no hash values in common.



A. Implementation Hereafter, this signature scheme will be referred to as IgS-S
This section introduces implementation of a locality- Hence, the computation of an index by a hash function with

sensitive signature scheme by defining certain hash fumtiomatrix LH; does not depend on thieleast significant bits

Such implementation is an instance of Def. 1, where 4, of the address. The example in Table | has been generated

d(z,y) = 2@y, dy(BF(z), BF(y)) = k— |BF(2)NBF(y)|, following this scheme. This way, the three last rows of the
r—k—1 and: ' matrix associated witths, the two last rows of the matrix

1 it d _1 associated withh, and the last row of the matrix for the
. (z,y) = functionh; are null, whereas no rows of the matrix associated
6(d(w,y)) =4 2 if2<d(z,y) <3 1)

3 if4<d(zy) <7 with kg are null.

For operational reasons, argument values outside thevatter

[1,2" — 1] will be mapped as’(0) = 0 andd(d) = k, if B. Features

d>2k1, Two important features of a hash function are uniformity
Next, a set of H3 matrices are proposed according &md implementation cost.

the parameters described above. As H3 functions under conA hash function is expected to be uniform, that is, inputs

sideration map addresses linearly into indexes, they can $f®uld be equitably mapped over their output range. In this

completely characterized by a matrix @' (2)"*™ [36]: way, the number of inputs colliding on the same element of

the destination space should be the same, avoiding aliases

Z”’l"m’l Z”’l"m’Q an,o to concentrate on certain elements. In the case of a linear
H— "_2_’7"_1 "_2"7"_2 "Tg’o . (2) transformation, as the one in expression 3, the alias loiiton
: : : is directly related to the null space associated with thedin
ho,m—1 hom—2 -+ hoo function. The null space is given by those vectorsuch that

xH = 0, 0 being the null vector of the destination space. It is
commonly denoted a& (H). If two inputsa, b are considered
aliases, themH = bH = (a — b)H = 0 and therefore,
a—b € N(H). All linear combinations of vectors in the null
space are aliases 6f and an alias of a given input can be
generated by adding a vector of the null space to it.

The rank of a matrix and the dimension of its
[brm—1...b1bg]) = [an—1...a1a0]H. (3) null space are related by the rank-nullity theorem:
dim(N(H)) + rank H) = n. According to this, for a given
matrix H, it is desirable to have a null space as small as
possible, because the number of aliases increases witlizthe s

Essentially, it is an x m) binary matrix whose coefficient
hi; is 1, if the bits of the address is an input bit of the
XOR tree that computes the bjt of the index. The hash
outputb = h(a) = [by—1..-b1bg] Of an n-bit address with
binary expression = [a,,_1...a1a0] corresponds to a mapping
GF(2)'*" — GF(2)*™, which is computed as follows:

For example, a hash function, mapping a spac eiddresses
into 22 possible indexes, is as follows:

10 of null space. The minimum dimension &f(H ) is achieved

h(a) = [asazarao) L1y _ las ® az @ ao, az ® a1l. for the m_aximum rank ohxm_—matrix_H, which will be m
0 1 ’ (m < mn), if such a number of linearly independent rowshn
10 is guaranteed. In this caggm(N(H)) =n — m.

A general Bloom filter withk hash functions is character- FOcusing on the computation of locality hash matrices
ized by k H3 matrices{Hy, Hj, ..., Hy_1 }. To obtain an LS according to expression 5, it can be seen that the dimension
scheme that is compatible with function in expression 1, of the null space, and consequently the uniformity of théhhas
each of these functions is transformed by masking efgh function, will not be affected if the rows being nullified are
with the following square matrix); € GF(2)"*", obtained linearly dependent on the remaining ones. This condition is

by nullifying the last! elements of the identity matrix: easy to fulfill if the input space is larger than the destiorati
space, as has already been assumed € n), and the
,_"fl_\ ,_/l_\ number of nullified rows does not exceed the aforementioned
M; = diag(1,1,---,1,0,0,---,0) = maximum kernel dimension, that i&,< n — m.
(1 e This situation was verified for all the matrices used in the
1 e experiments of this work. For example, the effect of nuitify
1 (4) the last rows on one of these matrices is shown in Fig. 2,
= | Y~—~— ) which depicts the hash matrix and its associated null space.
ntones ,l_z/eri Dots represent the non-zero matrix coefficients. For thé nul
0 spaces, a vector basis is shown in the reduced row echelon
0 form, which makes their visual comparison easy. It is to be

noted that when nullifying théth last row of the hash matrix,
vectors with only thel-th bit asserted appear in the the null
space basis. Nevertheless, it is important that the nultespa
dimension remains at its maximum desirable vaiue m for
LH, = M, - H,. (5) all LS matrices.

The proposed LS Bloom is now characterized byH3
matrices{LH,, LHy,..., LH;_1}, where the last rows in
each one have been nullified, that is:
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Fig. 3. Pattern of the aliases of zero for LS hashing matiicdsg 2 (left),
and its density distribution (right).

What is happening here is that the pattern of aliases 9
changing as rows are nullified, but the number of aliasés
remains unchanged. This fact can be observed in Fig. 3 whig
shows the aliases of zero for matrices of Fig. 2. As the numﬂ@r
of nullified rows increases, aliases concentrate in batolfies
consecutive addresses (nullifyirgrows involves batches o
size2'). This can be seen in the alias density histogram of e
figure. Therefore, the way the locality sensitive hash roasi !

even simpler, because several hash functions do not make use
of certain bits of the address. LS-Sig can also be implendente
directly following a parallel Bloom organization [30]. In
addition, this locality-sensitive scheme can be easily lmoed

with or extended to other implementations, like the PBX
hashing [33], as shown in Section IV-E.

C. Evaluation

In this section, the proposed LS signature is evaluated
in relation to the general case discussed in [30]. For this,
a sequence of addresses,,z1,...zs_1, IS considered for
insertion into a generic Bloom filter. As each hash function
maps one address into one2¥f possible bits, the probability
of one bit being asserted i§}7, assuming that the outputs
of the hash functions are uniformly distributed. Hence, the
probability of a bit remaining zero id — QLM After the
insertion of s addresses, using hash functions per address,
the probability of a bit being zero is

1 sk
pZERo(ma k, 5) = (1 - 2_m) ) (6)

assuming that the outputs of the hash functions are indepen-
dent.

To get a positive match, all thé bits checked must be
asserted. Thus, the probability of a positive is:

sk\ *
Peosmve(m, K, S) =(1 _pZERO)k _ (1 . (1 _ 2171) ) .
)

A test for membership is a true positive for thaddresses
inserted thus far, but not for the remainiity— s addresses,
which also get a positive matcl® being the number of total
positives. So, the probability of getting a false positigethe
probability of getting a positive and also of not being an
inserted address [30]. According to Bayes’ rule

Dracse POSITIVE(m7 k, 3) = pPOSITIVE(ma k, S)Ts

~ pPOSITIVE(m7 k, 3)-

This approximation assumes that the number of total pesitiv

in the space under test is much larger than the number of
inserted addresse& (> s).

Next, a general expression of the false positive rate is
Qtained for the locality-sensitive signatures of Def. Xhwi
function of expression 1 and the rest of conditions in
fction HI-A. The probability of false positives is expedt
depend on the spatial proximity between addresses. For
instance, a new addregsis considered for insertion in the

~
~

(8)

fBIoom filter, « being the nearest address already inserted.

nsidering the stochastic variable assume thaff; is the
probability thatd function is equal ta, for any address to be

are generated does not alter the null space dimension, grerted with its nearest address already in the filter,

consequently the number of aliases will be the same for the

starting hash functions.
As regards implementation cost, no additional hardware fitere,minf(z) denotes the value of where a given function

required, because the proposed LS-Sig can be considerefl(:@) is minimum. This definition excludes the repetitions of

special case of Bloom filter. Besides, the XOR trees could bedresses during insertion; hengg,has not been taken into

fe=Pr(3(d(y, min 9)

= <t<k.
n d(@,) =1),1<t<k



. . . . TABLE Il
Generic Bloom vs Locality Sensitive, 1024 bits PROBABILITIES DEFINED BY EXP. 9 FORSTAMP CODES(THE HIGHER

THE f1 THE MORE THE SPATIAL LOCALITY IN TRANSACTIONS).

o
©
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Genome |0.24|0.15| 0.14{0.47|| 0.26| 0.20| 0.03| 0.51
Intruder |0.24|0.15|0.07|0.54|| 0.17| 0.14| 0.09| 0.60
Kmeans |0.48|0.25|0.12| 0.15|| 0.49| 0.25| 0.12| 0.14
Labyrinth |0.46|0.25|0.13| 0.16|| 0.46| 0.26 | 0.13| 0.15
SSCA2 |0.19|0.06| 0.13|0.62|| 0.14| 0.00| 0.00| 0.86
Vacation |0.13[0.10{0.08|0.69|| 0.29| 0.12| 0.19| 0.40
Yada 0.25/0.24|0.16| 0.35|| 0.29| 0.27| 0.17| 0.27
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distant inserted addresses continues to follow the exipress ‘g’ 50f

Nevertheless, neither of the two near addresseg (having 3 40f

distance less tha?2¥—!) will assertk bits. Instead, they assert ;,30.

only k+4d(d(z,y)) bits in total. Making use of the probabilities izo-

of expression 9, the probability of a bit remaining zero tog t g |

locality-sensitive scheme can be written thus: gnlo
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- . .. Fig. 5. Average Bloom filter occupancy saving of localityysiéive signature
Hence, the probability of false positives for the localitywith respect to generic signature, both for read set (tog)varite set (bottom),

sensitive signature can be expressed thus: varying the filter size from 64b to 8Kb.

1\° Syt f 1
|ocal . _ _
Peaise posmvel 7 K 8) = | 1 <1 2m) -4 D. Locality in benchmarks

Fig. 4 shows the analytical evaluation of false positive Prior to including locality-sensitive signatures in a @ycl
probability for the original Bloom filter (expression 8) foraccurate HTM simulator, a straightforward functional T™M
severalk values, and the proposed LS scheme (expression Byptem was developed to estimate the locality properties of
for k = 4. To parameterize the evaluatioffi, = Zf:—ll f. the benchmarks used in evaluating the present proposal (see
was introduced as the probability of an address being nézgction 1V-B). Intel's PIN instrumentation tool [43] waseads
to some inserted address. Consequently; f = f is the to rapidly implement the system. PIN intercepts the executi
probability of being far from those already in the filter. At Of the first instruction of a program, and instruments it dyna
parameterf gathers probabilities for different distances, a zZipitally. To implement the TM system, routines were developed
distribution was chosen, which is often assumed for modelithat analyze benchmark instructions until an “opeact()” is
reference locality [41], [42]. In this way, expression 11swafound. Next, instrumentation code keeps track of traneacti
evaluated withfo = 1f1, f3 = %fl_ It is to be noted that data sets and the log. In case of a conflict, the requestetsabor
expressions 10 and 11 are valid only for the distance mettite transaction. When a “commitact()” instruction is found,
under consideration. Likewise, this metric introduces sonthe transaction commits.
constraints to possiblg values. Considering a monotonically The probabilitiesf,, 1 < ¢t < k = 4, were measured
increasing consecutive sequence of different addredssasi for both the read and the write sets of different benchmarks
thus fulfilled thatf, > % and f; < % The lower bound off (see Table Il). As expected, exploitable locality was pnése
in the plot was derived from these constraints. in all codes. In fact, for two of the codes, Kmeans and

Whereas low values of are advantageous for large transkabyrinth, f; almost reached its maximus, for the metric
actions, and high values df for small ones, with a generic under consideration.

Bloom filter, it can be inferred from Fig. 4 that the LS scheme Using PIN TM simulator, the filter occupancy (that is,
can achieve the benefits of both situations if the addretf® number of bits set to 1) of committed transactions
sequence exhibits medium/high spatial locality. was recorded for both generic and LS signatures. The av-



erage occupancy saving percentage of LS signatures, wgéin a comprehensive insight into locality-sensitive aigines

respect to generic ones, was calculated sa®ing = behavior. All signatures used 4 hash functions.

°°°”pa”C?Ci':;';cn_cic‘;‘:]pemq"’ca"ty and shown in Fig. 5. The results Finally, Ruby adds pseudorandom delays to the latency of

were obtained %y varying the filter size from 64Kbit to 8Kbitmemory accesses to deal with variability in simulation expe

On large filters, occupancy conflicts are rather unlikelgréh iments. Therefore, each experiment was carried out mailtipl

fore, rightmost bars show the maximum possible occupaniisnes to obtain confident error bars [45].

savings that LS-Sig can achieve for the tested benchmadrks. |

is to be noted that codes with the highest locality in Table B Benchmarks

Rardly saves it n the signatures because 1& ransaain - Al (e benchmarks used in this paper belong 1o the
Stanford’s STAMP suite [28]. This suite is designed for

very small. In fact, its WS is of 1 or 2 addresses on avera ; . )
(see Table I1l) and the saving is 0% as shown in Fig. 5. Finalﬁ?ansactmnal Memory research and includes a wide range of

. [T T o pplications, particularly those with long-running traasons
occupancy saving helps in diminishing the probability o : .
. . . o and large read and write sets. Such benchmarks are of special
stalling or aborting transactions due to false positivesné¢,

- . . terest for signature evaluation, because they put thet mos
these significant occupancy savings of LS-Sig are expeote ;
. o pressure on signatures. STAMP benchmarks were adapted to
improve the execution time.

GEMS by applying Luke Yen'’s patches from the University
of Wisconsin, Madison.
) ) ) i } . Specifically, the patches introduce the following changes i
This section deals with the simulation environment angle penchmarks: (i) every thread is bound to a processor to
methodology (Section IV-A), the STAMP benchmark Suitgeep the operating system from descheduling it; (i) a per-
used for evaluating the present proposal (Section IV-B) aggkead memory pool is used, instead of “malloc’, to allocate
t_he experimental results. obtained from the. simulator (se&ynamic data; (i) the memory pools are traversed before
tions IV-C to IV-F). Section IV-C explores different LS-Sigstarting computation to avoid page faults inside traneas;
schemes, Section IV-D discusses about false sharing aRg shared data structures are padded to avoid false shar-
LS-Sig, Section IV-E describes the effect of applying PBX,g at cache block level; (v) library functions, used inside
hashing on LS-Sig, and finally, Section IV-F discusses aboyinsactions, are also called before entering transaction

IV. EXPERIMENTAL EVALUATION

saving hardware. let the linker fill in the Procedure Linkage Table (PLT) (vi)
some transactions in Vacation benchmark are split to ingrov
A. Simulation environment and methodology scalability for small signatures; (vii) in Labyrinth bermolrk,

The simulation environment comprises a full systerfie code that privatizes the grid is enclosed in open traiosec
execution-driven simulator called Simics [44] along wittet to avoid inserting those reads in the signature. For effgcti
HTM module GEMS [29] provided by the Wisconsin Multi-change (ii), a modified version of the memory pool library
facet Project as open-source. provided by STAMP was used.

Simics simulates the SPARC architecture and runs anTable lll summarizes the input parameters and main transac-
unmodified copy of a Solaris operating system. Solaris 1®@nal characteristics of the workloads. Column “#xactbeis
was installed on the simulated machine and all workloadge number of committed transactions, and the column “Time
run on its top. GEMS’s Ruby module, which includes #& Xact” the percentage of transactional cycles. The métric
detailed timing model for the memory system, implementgcality in benchmarks, column “Xact locality”, was drawn
the LogTM-SE HTM [11]. Ruby was modified to include thefrom Table Il. The last four columns stand for average and
locality-sensitive signature designs. For implementhgghash maximum values of RS and WS size distributions in cache
functions, same H3 matrices of Ruby were used after effgctiflocks.
the modifications described in Section IlI-A.

The base CMP system consisted of 16 in-order, single-issge Exploring radius and delta

cores. Each core has a 32KB split, 4"’?"?’“’ a;sociative, 64BSome works [30][46] consider that parallel signatures
block private L1 cache. L2 cache was unified with the fOIIOWs'hould be used, instead of the regular ones, because they

ing specifications: 8MB capacity, 16-bank, 8-way assogali can perform equally well or even better, besides being more

qnd 64B block size. A packet-switched interconnect, witB 64, rea-efficient. Another suggestion they offered is to use fo
links, connected the cores and cache banks. Cache coher

. i %hore high-quality hash functions, preferably from the H3
implemented the MESI protocol and maintained an On'Cthmin. The present experiments also prove (not shown), that

directory, which held a bit vector of sharers. Main memory, ., cases, the performance given by four hash functions i
was 4GB'. . . better than that given by one or two functions. Besides,gusin
S_lmulat|on experlmepts use perfect signatures (no faléfght hash functions gives no significant improvementgadt

positives, hardware unimplementable) as the goal to re""ﬁr}equires additional hardware. Consequently, all expents

Para_llel _signatures, both gen_eric and locality-sensioves, were carried out using parallel Bloom filters with 4 H3 hash
ranging in length from 64 bits to 8K bits were used to functions

164 bits matches the word length in SPARC architecture wise8&abits FoII_oyving Def-.l- SiX(r, 5)"-8 signatures were e?(plorEd by
matches the performance of perfect signatures for the atedilbenchmarks combining two different delta functionsy andd,, with three



TABLE Il
WORKLOADS: INPUT PARAMETERS AND TRANSACTIONAL CHARACTERISTICS(DATA SET SIZES ARE REPORTED IN CACHE BLOCKS

Time Xact avg avg max max
in xact | locality | |RS| | |WS| | |RS| | |[WS|
Bayes -v32 -r1024 -n2 -p20 -s0 -i2 -e2 523 94% High 76.9 | 40.9 | 2067 | 1613
Genome -g512 -s64 -n8192 30304 | 86% Mid 121 | 4.2 400 156
Intruder -al0 -1128 -n128 -s1 12123 96% Mid 19.1 | 25 267 20
Kmeans | -m40 -n40 -t0.05 -i rand-n1024-d1024-c1l6 1380 6% High 99.7 | 485 | 134 65
Labyrinth -i rand-x32-y32-z3-n64 158 100% High 765 | 629 | 278 257
SSCA2 -s13 -i1.0 -ul.0 -I3 -p3 47295 19% Low 2.9 1.9 3 2
Vacation -n4 -q60 -u90 -r16384 -t4096 24722 97% Mid 19.7 | 3.6 90 30
Yada -a20 -i 633.2 5384 100% High 62.7 | 38.4 | 776 510

Bench Input #xact

Bayes Genome Intruder Kmeans
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Fig. 6. Execution time normalized to perfect signature carimg parallel generic signatures afw §)-LS-Sig withr € {1,3,5} anddo.

different radii, 1, 3 and 5. Also, another delta functidop, is For example, forr = 5, dp is as follows:
proposed, which behaves better independently of benclemark Uit d(z,y) = 1
Its radii are 3 and 5. So, the following are the explored LS : Y) =
_ Sp(d(z,y)) =< 2 if 2<d(z,y) <7
schemes: 3 if 8 < d(z,y) < 31
1) (r,d0)-LS: Addresses within intervals of radius (i.e =a5Y) =
(0,27 —1],[2",2"+! —1],...) were mapped to the same Fig. 6 shows the execution time normalized to perfect filters
bits in the filter. That is, 0 indexes are different betweefor all the benchmarks using locality-sensitive signasusith
the maps of the addresses within the same interval: ¢, and three different radii. Time for parallel generic filtéss
_ : r also shown for comparison.
do(d(z,y)) =0 if 1 <d(w,y) <2" - 1. (r, 80)-LS-Sig operates as a generic filter which maps the
2) (r,01)-LS: Addresses within intervals of radiuswere addresses at granularity higher than that of cache blocks.
mapped to the same bits except one. That is, whemys, 5, could suffer from additional false sharing (see
mapping the addresses of an interval, only 1 index diffefsection 1V-D) when the radius is high. For radius equal to
between maps: 1, the memory block is 1 bit larger from the viewpoint of
Si(d(z,y) =1 if1<d(z,y) <2 —1. signatures. It introduces little additional false shariagd
e _ consequently almost all benchmarks behave the same than
3) (r,0p)-LS: Addresses within intervals of radiuswere 5 51| generic signatures do when the filters are largeefex
mapped depending on the distance between them. Thi3,) apyrinth and Bayes, which performs worse, because of
delta function is defined piecewise as follows: false sharing, with about.7x slowdown for 2Kb, 4Kb and
1 ifd(z,y) =1 8Kb in Labyrinth and1.7x slowdown for 8Kb in Bayes.
Sp(d(x,y) =< 2 if2<d(z,y) <231 -1 With shorter filters, (1, 5o)-LS-Sig performs equally well or
3 if 2zl <d(z,y) <27 -1 slightly better due to occupancy saving. For radius equal to
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Fig. 7. Execution time normalized to perfect signature carimg parallel generic signatures at §)-LS-Sig withr € {1,3,5} andd;.

3, the signature block is larger by 3 bits; so, there is moe¢ cache granularity in addition to the false sharing from th
additional false sharing, as shown by larger filters. It can Ibhree hash functions operating at coarser granularityn See
seen from Fig. 6 that Labyrinth slows down &y for 4Kb and ¢, outperforms parallel signatures in most cases.

8Kb signatures, Bayes i for 8Kb signature, and Genome Additionally, one more LS scheme was defined that per-
by 1.25x for 8Kb signature. Conversely, occupancy savingerms more evenly, whatever be the benchmarkdp)-LS.
lead to better results when the signature size decreasgesB&uch a scheme merges several granularities to trade off be-
shows a speedup of.25x from 128b to 2Kb signatures, tween additional false sharing and false positives. Fidi\@vs
Genomel.7x for 1Kb, and Intruder and Vacatioh.5x on the execution time normalized to perfect signatures foalper
average for small signatures, while Labyrinth and Yada dpegeneric signaturesr, 6 p)-LS-Sig withr € {3,5} and(5, 41)-

up by 7x and 5x respectively. When the radius is equal td.S-Sig. It is to be noted thdt, jp)-LS-Sig performs the same
5, 2° addresses were mapped to the same four bits in tvay or better than parallel filters do on large signaturessize
signature. Consequently, false sharing resultxnslowdown so that they can get rid of the additional false sharing éffec
of large signature performance for Bayes, Genome, Labyrirthat comes up inj; and §, for Bayes, Genome, Intruder or
and Intruder. However, the sparse filling of the filter leanls Labyrinth. As far as small signatures are conceri8djp)-
significant results for almost every benchmark. In most €asé S-Sig gets closer to parallel filters because it is built ughw
Labyrinth, Yada, Bayes, Intruder and Vacation are twice asnaller radius than that db, p)-LS-Sig, which, conversely,
fast as parallel generic signatures, as shown in Fig. 6, edsergets closer tq5, d;)-LS-Sig.

Yada and Labyrinth are six-times as fast in some cases. From the results ofr, 6 p)-LS-Sig, shown in Fig. 8, bench-

Fig. 7 shows the execution time normalized to perfect filter8arks can be classified into three groups, considering their
for all the benchmarks using, 6, )-LS-Sig withr € {1,3,5}. behavior:
01 combines three hash functions operating at granularityl) SSCA2:This benchmark exhibits the smallest transac-
coarser than that of cache and one hash function working at tions of the whole suite. RS and WS maximum sizes
cache block granularity. This way, the hash function wagkin are only 3 and 2 cache blocks respectively. Moreover,
at cache granularity can distinguish between addressés tha the benchmark spends most of the time outside trans-
map to the same bits because of coarser granularity of the actions (see Table Ill). Hence, SSCA2 is not signature-
other three hash functions, as long as it does not incur a dependent.
false positive. As Fig. 7 shows, benchmark performance for2) Kmeans, Vacation, Intruder and LabyrinthThese

large signature sizes is now either slightly worse thanljgra benchmarks show similar behavior when signature size
signatures or the same. With = 5, Genome slows down decreases. In some cas€8,0p)-LS-Sig and(5,dp)-

its execution byl.1x for 4Kb and 8Kb signatures, Intruder LS-Sig reduce the execution time considerably. They
by 1.2x for 1Kb and Labyrinth1.36x for 4Kb. For small always either outperform or match the performance of
signatures, execution is slower than thatgf because of the generic signatures.

addition of false positives from the hash function that epes Kmeans is low contended and spends only 6% of time
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3)

in transactions; so, this is also not signature-depend:t

(Fig. 8 shows a speedup of 1.14x for the best case). Ev

so, (r,0p)-LS-Sig reduces execution time of generic

ones when 128b filters are used, because transactions ¢
of medium size and exhibit high locality (see Table II) £
In Vacation, (r, §)-LS-Sig matches the execution time<
of generic signatures, because of mid-locality an® i
medium-to-small scale transactions. They are better {
64 and 128b signatures, because the maximum di
set size (max RS size is 90) is close to the signatu
size, and generic signatures have higher occupan.,.

Genome

Yada

Vacation is high contended and does not scale well for

small signatures. Intruder behaves the same way as d
Vacation, but scales better.

Finally, Labyrinth shows a great improvement in perfor-
mance. High locality, large transactions on average (both
RS and WS) and high contention, help dp)-LS-Sig
in outperforming generic signatures remarkably.
Bayes, Genome, Yaddn these benchmarks, LS-Sig
yields better results for large signature sizes than generi
signatures do, but slightly worse results for small ones.
This behavior is related to the manner in which LogTM-
SE resolves conflicts. LogTM-SE stalls transactions that
request for a conflicting address, retries its coherence
operation, and aborts on a possible deadlock cycle.
Hence, with(r, 6p)-LS-Sig, transactions can run for a
longer time before encountering a conflict, even on small
signatures, but on abort, they must undo the log that is

longer than what it was, had the conflict been detectedrina]ly, the linear correlation between execution time and
earlier. Fig. 9 shows the average RS and WS percentag@gt time was calculated for the experimental setups of
of false positives. The percentage of false positives wafgs, 6, 7 and 8. The total time of aborts depends on the
obtained by dividing the total number of false positivegymper of aborts, as also of the time required to solve them,
by the total number of both false and true positivegyhich is mainly a function of the length of the log to be

——Generic

I (3.3,)-LS-Sig

64 128 256 512 1K 2K 4K 8K
Signature Size

LS signatures.

Fig. 8 shows that the number of false positives is higher
for signatures from 64b to 256b, but Fig. 9 shows

that the number of true positives also is higher as the
percentage becomes low. This confirms that transactions

False Positives %

—— Generic

I 3.3,)-LS-Sig

64 128 256 512 1K 2K 4K 8K
Signature Size

Ig. 9. Average of RS and WS percentage of false positivegédaeric and

0P )-

run longer by virtue of(r, 6 p)-LS-Sig. It is to be noted

that decreasing false positive rate in signatures does not
necessarily lead to direct improvement in performance,

as other factors, like abort patterns, also matter.

In real systems, signatures are likely to increase in size,
as in the case of caches and memories. This way, despite
the aforementioned execution time loss when signatures

are 256b or smaller3, 6p)-LS-Sig and(5, dp)-LS-Sig
are good alternatives to parallel generic signatures.




undone. The observed correlation coefficient varies fro®8 0.large, the number of false positives due to occupancy isclos
to 0.99, which reflects the strong correlation between the zero and almost every false positive is due to false sbarin

execution time and the abort time.

(light gray in Fig. 10). This situation leads to the definitiof

Implication: For large signature size$ér, p)-LS-Sig per- two types of locality in a parallel benchmark and therefore,
forms equally well or better than parallel generic signesurto the classification of benchmarks depending on the type of
do, while for small signatures, in most cases, it outperfrniocality they exhibit:

parallel ones. Alsojp behaves more evenly thaiy and 6,
do for all the benchmarks tested. Therefore pardliebp)-
LS-Sig is a good alternative to parallel generic signatures

D. Interthread vs. intrathread locality: the effect of atidnal
false sharing

In the preceding section, the teradditional false sharing

has been introduced to denote the false sharing added by

locality-sensitive signatures because of hash coarseilgnéty.
This section discusses how additional false sharing cactaff

« Interthread locality A parallel code shows interthread lo-
cality, if their threads reference shared memory locations
near in time and there is spatial proximity between such
locations.

Fig. 6 shows that Bayes and Labyrinth slow down their
execution for (r € {1,3,5},d0)-LS 8Kb signatures,
implying thereby that such benchmarks exhibit high in-
terthread locality. Genome and Intruder get worse results
with radius 5, but with radius 1 or 3 they do not slow
down their execution significantly. Thus, shared data is

located farther away from each other than that of Bayes
and Labyrinth; so, it can be said that Genome and
Intruder exhibit medium interthread locality. The other
benchmarks, which do not show significant slowdown for
(5, d0)-LS-Sig, can be regarded as of low interthread lo-
cality. Overall, interthread locality is likely to be a feiat

of codes whose shared data comprise arrays of primitive
data types and light-weight structures, like the Labyrmth
three dimensional integer array which represents the maze
where the benchmark finds the shortest-distance paths
between pairs of points, or the net of structs which holds
the marks of the Bayesian network in Bayes. However,
the shared data access patterns will ultimately determine
the degree of interthread locality in a parallel applicatio
Intrathread locality A parallel code shows intrathread
locality if their threads reference their private memory
locations near in time and there is spatial proximity
between locations.

the performance of benchmarks and its relationship to iycal

To break down the number of false positives into those
caused by Bloom aliasing/occupancy and those caused by
additional false sharing, the following procedure wasdetd
depending on the delta functiosuper blockwill be used to
refer to locality-sensitive hashing blocks):

e dp, every hash function at the same granularity larger
than cache blocksAn additional false sharing false
positive is detected if the address involved was not really
inserted in the filter, but another address was inserted
within the same signature super block. The filter thus
matches the address because of additional false sharing.

« J1, one hash function at cache block granularity and the
others at the same larger granularitA false positive
due to additional false sharing is detected if there is a*®
false positive due to aliasing/occupancy in the filter which
operates at cache block granularity, and the address was
not really inserted, but another one in its super block was.

« Jp, one hash function at cache granularity and the others Therefore, codes not showing much interthread locality
at larger and different granularitiesA false positive due could benefit from(r, §p)-LS-Sig with high radius, because
to additional false sharing is detected if there is a faldets of adjacent locations will be mapped to the same bits
positive due to aliasing/occupancy in the filter whiclin the filter, keeping the occupancy low. However, codes with
operates at cache block granularity, and all the othRigh interthread locality may need lower radius and othétade
filters operating at different and coarser granularity itesuocality functions as discussed below.

in a false sharing false positive. The middle row of Fig. 10 shows the total number of

False sharing due to cache blocks was not taken into accowaiditional false sharing false positives 5, d;)-LS-Sig,
because benchmarks were tuned to avoid it via padding (seleich has a filter that operates at cache granularity. ltds/oi
Section IV-B). false positives due to false sharing in other filters as long

Fig. 10 shows the number of total false positives (FP), i.as a false positive due to occupancy is not detected in that
the number of false positives in the read set of all transasti filter. If it is detected, the other filters may get a false fiesi
plus the number of false positives in the write set of allue to false sharing. The probability of getting false pes#
transactions for parallel generic signatures and, the eurob increases with the occupancy of the filter; so, the proktstufi
false positives for(5, dp)-LS-Sig, (5, d1)-LS-Sig and(5,dp)- getting false positives due to false sharing will be highbew
LS-Sig. False positives concerning LS-Sig were broken dowine first filter gets full. However, thanks to locality-seiva
into false positives due to signature aliasing/occupafd3) ( signatures, three more filters, operating at higher graityla
and those due to signature false sharing (FS). The figuresshdwve not been spoiled by occupancy. Furthermore, by the time
five benchmarks that are sensitive to signature false dnarithe first filter has been spoiled by occupancy, there will b lo
Bayes, Genome, Intruder, Labyrinth and Yada. of addresses in the signature that may probably form blocks

It needs to be noted thdi, the top row, is the locality- of contiguous, locality-wise addresses, so that the otherdi
sensitive hash function that shows more false positivestaluethat have been storing super block addresses do not get lots
additional false sharing. In this case, when the filter size of false positives due to false sharing, because almosy ever
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Fig. 10. Number of false positives of parallel generic stgres (FP Generic) compared to the number of false positfess, do)-LS-Sig (top row),
(5, 61)-LS-Sig (middle row) and5, 6 p)-LS-Sig (bottom row). False positives for LS-Sig are brokkwvn into false positives due to aliasing (FP) and false
positives due to additional false sharing (FS).

address in a super block will probably have been inserteid. Tkomputation. Such randomness was calculated using the en-
is better achieved by functions of clags, because they maptropy of the addresses. Assuming 32-bit virtual and physica
addresses at different granularities, both fine and co8tsegh addresses, cache-blocks of 64 bytes and page size of 4kB,
a scheme minimizes the number of false conflicts due to falsgher entropy (i.e. higher randomness) was found from the
sharing as shown by the bottom row graphs in Fig. 10.  address bit, 26th to the 6th of the addresses. Yen et al. also
Implication: Benchmarks showing low interthread localityfound that bit-field overlap leads to higher false positiveed
benefit from LS-Sig with large radii, and vice-versa. Aso correlation between bit-fields. Therefore, the physpzde
regards intrathread locality, the larger the radius thdebetnumber bits, from bit 26th to bit 17th, were combined with
it would be, regardless of the amount of locality, becauske cache-index bits from bit 16th to bit 6th. The Appendix
only private data is involved. In case of general purposhows the PBX binary matrices used in this paper. Such
systems, where workloads may vary widely and the degreetrices define a surjection, that is, for every value in® th
of interthread locality is not known in advancg;, dp)-LS- codomain of indexes there exists at least one value in the
Sig is the best choice as it involves a trade-off betweerelargomain of addresses. To assure that, the ran i#(2) (the

radii, small radii,ép andd; LS-Sig. Galois field of two elements) of the matrices was calculated
and proved to have full rank. To get the LS-Sig PBX matrices,
E. LS-Sig PBX hashing they were shifted downwards inserting blank rows on the

In this section, Page-Block-XOR (PBX) hashing [33] Wagop, thus maintaining the bit-field disjunction and ensgrin

used to reduce hardware costs of Locality-sensitive Sigaat maximum use of bits. However, as signature gets smaller, the

PBX hashing was devised by Yen et al. to keep the randomnlesfgmOSt columns were subtracted from the matrices, kegpin

. : - € bits in those columns from being used to compute the final
of H3 functions while saving in area, power and latency of the ex. This wav. LS-Sia PBX could vield slightly different
signature implementation. H3 hashing requires a tree of XdE{d : Y, 9 y gnty

gates per bit of the hashing function output index, con\rygrseresuns for some benchmarks .(e.g_. Yada, Labyrinth) when
ignatures are small as shown in Fig. 11.

PBX requires only one XOR gate per bit resulting in a smgl% While working with Bloom filters implemented as regular

XOR gate row per hashing function. ' . . i
The insight behind PBX is that the input bits have enoungterS' it needs to be ensured that the union of matrices by

randomness to minimize the XOR trees involved in the index2The size of the bit-fields are not tied to the configurationhef CMP [33]
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Fig. 11. Execution time normalized to perfect signature fase positives) comparing Generic ae {3,5}, §p)-LS-Sig to their PBX versions.

pairs is of full rank. This way, all hash functions will yieldin generic schemes, with the expectation of improving the
different indexes for a given address. In this paper, paralexecution of concurrent transactions.

implementation was used so that there will be no need toLS-Sig was implemented in the Wisconsin GEMS simulator
check the rank of the union of the matrices. Hash functiomsd was evaluated using the STAMP benchmark suite. The
may yield the same index for a given address because differegsults obtained show that the proposed signature improves
subarrays are asserted. Even so, the matrices shown inlitkachmark performance in most cases, especially in large

Appendix have full rank by pairs. set long-running transactions, where the probability dédfa
positives may be high. A remarkable feature of LS-Sig is that
F. Saving hardware it does not require additional hardware over what is needed

. b idered bi ller si _for generic signatures. Therefore, parallel localitysstve
L.S-Sig can be considered to enable smaller signature S'Zﬁﬁnatures are a good alternative to generic ones in thgt the

as opposed to imprqving _only false-conflicts. Fig. 8 S‘ho"‘ﬁﬁeld similar or even better performance at the same cost.
that Yada and Labyrinth yield the same results if a parallel

LS-Sig is used with half the size of generic ones. Intrudet an ACKNOWLEDGMENT
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