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Abstra
tDSP pro
essors often have a 
omplex memory ar
hite
ture, astheir memory spa
e, while addressed in a 
ontinuous way, physi
ally
onsists of a number of di�erent memory banks, ea
h with theirown a

ess 
onstraints and a

ess times. Therefor, data pla
ementhas a major in
uen
e on the exe
ution speed of a DSP appli
ation.We des
ribe a mathemati
al model that allows us to address theproblem at hand in a formal way. The input for this model is anexe
ution tra
e of the program to optimize. We also show a numberof solutions for the problem, based upon the model presented. First,an optimal but slow solution using a generate and test algorithm ispresented. Next, we show how this solution 
an be sped up with onlya minor loss of optimality by applying a geneti
 algorithm. Finally,we present a di�erent but very fast solution, based upon the samemodel but using heuristi
s. An example for a simple, theoreti
alma
hine shows that the latter te
hnique is very promising.
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tDSP pro
essors often have a 
omplex memory ar
hite
ture, as their memory spa
e, whileaddressed in a 
ontinuous way, physi
ally 
onsists of a number of di�erent memory banks, ea
hwith their own a

ess 
onstraints and a

ess times. Therefor, data pla
ement has a majorin
uen
e on the exe
ution speed of a DSP appli
ation. We des
ribe a mathemati
al modelthat allows us to address the problem at hand in a formal way. The input for this model is anexe
ution tra
e of the program to optimize. We also show a number of solutions for the problem,based upon the model presented. First, an optimal but slow solution using a generate and testalgorithm is presented. Next, we show how this solution 
an be sped up with only a minor lossof optimality by applying a geneti
 algorithm. Finally, we present a di�erent but very fastsolution, based upon the same model but using heuristi
s. An example for a simple, theoreti
alma
hine shows that the latter te
hnique is very promising.1 Introdu
tion1.1 The ProblemTraditionally, 
ompilers optimizing for speed put all their e�orts on the sele
tion and s
hedulingof instru
tions. The data these instru
tions operate on does, for general purpose pro
essors, notin
uen
e exe
ution speed sin
e memory is just one 
ontinuous address spa
e where all memorylo
ations are of the same type1 (various levels of data and instru
tion 
a
hes exist, but there is noway of expli
itly manipulating what's in them at a 
ertain point in time2). However, this view ofoptimizing is not suÆ
ient for DSPs sin
e these pro
essors have to a

ess di�erent types of memorywhere some a

esses 
an even be dependent on others due to 
onstraints on the memory: one part ofmemory may be faster than another and there may even be inter-memory 
onstraints with respe
t toparallel data a

ess. It is therefor intruiging that DSP 
ompilers/linkers seem to ignore the problemof pla
ing data in su
h a way that maximum parallellism (and hen
e maximum exe
ution speed)1i.e. have the same physi
al 
hara
teristi
s2In a limited way, this 
laim is not entirely 
orre
t: some ar
hite
tures support su
h things as 
a
he freezing orsoftware managed 
a
hing 1




an be a
hieved. Indeed, DSP programmers still have to optimize their 
ode by hand and have tomanually indi
ate where 
ertain data is pla
ed. We 
all this thememory layout problem and in thisreport we make an attempt to ta
kle it. The reasons for doing this are twofold: �rst, the better the
ompiler generated 
ode is, the less work the programmers have to do. Se
ondly, if the generated
ode is faster, a slower (and 
heaper) DSP might be able to do the work instead of a faster (and moreexpensive) one. In both 
ases, the bene�ts are re
e
ted in a de
rease of 
osts for the DSP basedindustry. Optimizing by hand and/or writing the 
riti
al parts of the 
ode in assembly instead ofC is still more the 
ase than the ex
eption in the DSP industry (e.g. the development methodologyTexas Instruments proposes for it's TMS320 series in [Texas Instruments, 99℄ expli
itely mentionsmanually optimizing the assembly 
ode generated by their C 
ompiler), so solving the problemat hand is 
ertainly worthwhile. The reason that our approa
h uses (an exe
ution tra
e of) anexe
utable program as it's input, is that thememory map (i.e. a formal des
ription of how memoryis organized on the ar
hite
ture on whi
h the program should run) is known to the linker but notto the 
ompiler (e.g. in [Texas Instruments, 97℄):\The linker, not the 
ompiler, de�nes the memory map and allo
ates 
ode and data into targetmemory. The 
ompiler assumes nothing about the types of memory available, about any lo
ationsnot available for 
ode or data (holes) or about any lo
ations reserved for I/O or 
ontrol purposes.The 
ompiler produ
es relo
atable 
ode that allows the linker to allo
ate 
ode and data into theappropriate memory spa
es."1.2 A Small ExampleA small example should illustrate the problem at hand. Consider a simpli�ed DSP ar
hite
turewith 2 memory banks, one of whi
h, B1, 
an be a

essed on
e during ea
h 2 
pu 
y
les (so it's a1-waitstate memory) and one of whi
h, B2, 
an be a

essed twi
e during 1 
pu 
y
le. Furthermore,assume there are no 
a
hes and there's a 4-stage pipeline (where the stages are, in this order:Fet
h, De
ode, Read, Exe
ute). Also given is the following pie
e of 
ode we wish to exe
ute onthis ar
hite
ture:...neg reg4neg reg2add sr
_addr2,sr
_addr3,dst_reg3store sr
_reg1,dst_addr1...It's immediately obvious that the 
ode will have to be pla
ed in B2 (if memory size allowsthis and if there is no instru
tion 
a
he available) sin
e otherwise one 
pu 
y
le is lost for everyfet
h and (
ode-fet
hing) performan
e would be halved3. But where to pla
e the data? Pla
ingboth sr
 addr2 and sr
 addr3 in B1 is inferior to pla
ing one of them in B1 and the other in B2.However, sin
e the 
ode is already residing in B2 there may not be enough spa
e left for all thedata. A 
areful 
hoi
e would then have to be made as for whi
h data is important enough to reside3This problem 
an be abstra
ted away though, by assuming that there is an instru
tion 
a
he that ensures thefet
hing of 1 instru
tion ea
h 
y
le. 2



in B2 and whi
h data gets pla
ed in B1. A good starting heuristi
 would be to pla
e the data thatis used most frequently (i.e. in the innermost loops) in the fastest memory. In a 
pu with morebanks, additional 
onstraints may exist due to the bus stru
ture. All this indi
ates that a 
arefulpla
ement of data in memory may result in faster 
ode exe
ution.1.3 Data vs CodeData and 
ode are 
losely intertwined. Given an exe
utable program (and thus a given allo
ations
heme for all data), just �ddling with the memory addresses to reallo
ate the data in a moreoptimal way 
an lead to in
orre
tness. Consider e.g. an array that is a

essed in a loop by addingan index to an o�set: if the optimal data pla
ement would be to have part of the array reside in onebank and the remaining part in another bank, the 
ode needs to be 
hanged a

ordingly (possiblyneeding two loops, one to iterate over the �rst part of the array and one to iterate over the otherpart). Changing the 
ode to re
e
t the data reallo
ation adds another level of 
omplexity to theproblem and is a possible topi
 for future resear
h. In this report, only reallo
ations that don'tresult in a need for 
hanging the 
ode are 
onsidered.1.4 Hardware vs SoftwareWhy not use additional 
a
he memories instead of doing this software-based optimization? Thereare several (primarily e
onomi
al) reasons that show the software solution to be more interesting:� Extra 
a
he memory in
reases the 
ost of the overall produ
t. For the software, you pay on
e.For hardware, this is not the 
ase as you pay the extra bit for ea
h pro
essor or board thatrolls o� your produ
tion line. If your 
ompany is produ
ing for a multiple billion 
onsumermarket, 1 dollar extra per item is an enormous amount of money.� Extra 
a
he memory means extra power 
onsumption. Having as low a power 
onsumptionas possible is vital for the DSP world. E.g., take a look at the booming market for GSM
ellular phones: an additional power 
onsumption of 10% means that the battery life willbe 
ut down by 10% also. A lot of e�ort is done already to keep power 
onsumption to aminimum, see e.g. [Catthoor, 98℄.� What memory banks exa
tly will ea
h 
a
he be atta
hed to? Giving ea
h bank a seperate
a
he doesn't solve the problem, it just moves it down one level onto 
a
he memory allo
ation.This 
an be solved by using very fast 
a
hes with multiple a

esses per 
pu 
y
le and highinter-
a
he-a

ess parallellism, but then the extra 
ost will be very high. Adding one 
a
he infront of multiple banks also implies the need for very fast (and hen
e very expensive) 
a
hememory.2 A Mathemati
al Model of the Problem2.1 A �rst approximated spe
i�
ation of the problemWe start from an exe
ution tra
e of a given 
ompiled program, all arguments to the instru
tionsare assumed manifest4. We will ignore details of the instru
tion 
a
he and we will also make noattempt to res
hedule the instru
tions. These 
on
erns 
an be taken into a

ount at a later point:4i.e. their values are known 3



the rationale is that usually the generated 
ode has a high quality already, but the assigment ofdata stru
tures to memory lo
ations (banks in parti
ular) is poor and 
an be improved upon.The obje
ts and the memory lo
ations We will model memory lo
ations and the operandsof instru
tions { whi
h we name obje
ts { separately: the obje
ts need to be pla
ed somewhere inmemory. Obje
ts 
ome from the set Obj. Obje
ts have a size that is given by the fun
tionosize : Obj ! N0Memory lo
ations are modeled as natural numbers 2 AS � N, whi
h intuitively 
orrespond totheir e�e
tive addresses. Of 
ourse, obje
t sizes have some restri
tions with respe
t to the numberof elements of AS.The memory banks There are k memory banks Bi, i = 1 : : : k. Ea
h bank is a subset of N.The 
apa
ity of a bank Bi is just #Bi. The union of all banks is denoted by Banks = Ski=1 fbig.Note that interleaved5 banks are modeled by their 
ontents, that 8 bi; bj 2 Banks : bi \ bj = ;and Ski=1 bi = AS.The instru
tions The exe
ution tra
e T is given as a series of instru
tions instri, i = 1 : : : I.For ea
h instru
tion, it is known whi
h obje
ts it uses as operands, by the fun
tion ops whoseresult is a n-tuple of obje
ts (n 
an vary per instru
tion): it should not be a (multi-)set, as in somear
hite
tures the order of the operands 
an in
uen
e the time an instru
tion takes to exe
ute.Assignment of obje
ts to memory banks An assignment of obje
ts to memory banks is afun
tionass : Obj ! ASAn assignment has to obey the following 
onstraints:8 a; b 2 Obj : a 6= b) [ass(a); ass(a) + osize(a)[ \ [ass(b); ass(b) + osize(b)[ = ;We will introdu
e some other 
onstraints on the fun
tion ass later.ass 
an be extended in a trivial way from an assignment of obje
ts to an assignment of tuplesof obje
ts.Note that one 
an relax ass to be a relation instead of a fun
tion. The 
onstraints as de�nedabove imply that there is no overlap between obje
ts but a
tually there 
an be, i.e. if the ob-je
ts are live during non-overlapping periods when exe
uting the program. However, this wouldrequire adding some extra 
ode for moving obje
ts from one bank to another, something we're not
onsidering at this moment (see the part about 
osts later on).5In an interleaved memory ar
hite
ture, 
onse
utive addresses reside in di�erent banks4



Neighboring obje
ts Very often obje
ts are grouped together as arrays, whi
h means thatthese obje
ts must be assigned neighboring addresses - at least, if the 
ode di
tates so by e.g. usingaddress register in
rements to go through the array. As su
h, it is 
lear that there does not needto be an expli
it relation between arrays and osize. As we do not deal with addresses dire
tly, wewill model neighboring obje
ts by assuming the existen
e of a fun
tionnext to : Obj �Obj ! Booleanwhi
h 
aptures exa
tly that. Given the fun
tion next to, any assignment ass must obey the re-stri
tion:8 a; b 2 Obj : next to(a; b)) ass(b) = ass(a) + osize(a)The fun
tion next to itself must obey:8 a; b; x; y 2 Obj : next to(a; b) & (x; y) 6= (b; a)) : next to(a; y) & :next to(x; b).The 
ost of an instru
tion We make the approximation that the 
ost of an instru
tion 
anbe 
omputed in isolation. Then the 
ost 
an be des
ribed as a fun
tion 
ost from an n-tuple ofmemory banks to R6 . There are in prin
iple no restri
tions on this 
ost fun
tion, but realisti
ally,the 
ost of n-tuples for 4 � n is never needed as instru
tions have usually less than 4 operands inmemory.The 
ost of an exe
ution tra
e with respe
t to an assignment For given sets Banksand Obj and a given fun
tion next to, the 
ost of an exe
ution tra
e instrk with respe
t to anassignment ass 
an now be des
ribed byCost(ass) =PIk=1 
ost(ass(ops(instrk)))A �rst optimization problem 
onsists now in �nding an assignment ass that minimizes theCost(ass).A se
ond optimization problem In prin
iple, assignments 
an vary during the exe
ution of aprogram. E.g. if the program 
onsists of two subprograms, that are exe
uted after ea
h other onlyon
e, and they work on di�erent obje
ts, then it 
ould be bene�
ial to swap the sets of obje
tsbefore swit
hing from one subprogram to the other. In general, we will therefor 
onsider the 
ostof a sequen
e of assignments fassig, for i = 1 : : : N as follows:Cost(fassig) =PNk=1PIj=1 
ost(assk(ops(instrj))) +PN�1k=1 swit
h 
ost(assk; assk+1)6the nature of the instru
tion itself is 
ompletely ignored - maybe that is not good; also what is load and what isstore is ignored. Would something like Cost(ass) =PIk=1 
ost(ass(ops(instrk)); instrk) solve this?5



where swit
h 
ost(a; b) represents the 
ost of swit
hing from assignment a to assignment b. It is
lear that8assignments a : swit
h 
ost(a; a) == 0.Now the new optimization problem 
onsists of �nding a sequen
e of assignments assi, so thatCost(fassig) is minimal.A derived optimization problem Swit
hing from an assignment a to an assignment b 
anbe implemented in several ways. It is 
lear that one wants the implementation whi
h minimizesswit
h 
ost(a; b). This problem seems easier than the memory layout problem, but is not entirelytrivial, as an optimal implementation will depend on the instru
tion set, the 
hara
teristi
s of thebanks, the available registers, the o

upan
y of the banks at the moment of the swit
h ...The 
omplexity of the �rst optimization problem The k�
olorability problem is a problemthat is known to be NP -
omplete (e.g. [Kozen, 92℄). Given a graph G = (V;E) (V is the set ofverti
es, E the set of edges) and an integer k, is there a 
oloring of G with k or fewer 
olors? A
oloring is a map � : V ! C su
h that no 2 adja
ent verti
es have the same 
olor; i.e., if (u; v) 2 Ethen �(u) 6= �(v). Using the 
on
ept of redu
tion7, we 
an prove that the memory layout problemis redu
ible to the k-
oloring problem indi
ating the former is NP -
omplete. The redu
tion isstraightforward by asso
iating the nodes of the interferen
e graph with the obje
ts we want toput in memory. If there's an edge between 2 nodes in the interferen
e graph, we say that the 2obje
ts 
orresponding with these nodes must reside in di�erent8 memory banks.2.2 A more realisti
 spe
i�
ation of the problemA more re�ned 
ost fun
tion will take into a

ount the pipeline: we will have to model time fordoing that. We de�ne a pipeline P as a series of stages si, i = 1:::S. Ea
h instru
tion enters thepipeline at stage s1 and leaves it when it has 
ompleted stage sS or is 
ushed. An inje
tive priorityfun
tion prio, whi
h gives ea
h stage a unique priority number, de�nes a total order over the stagesas follows:prio : P ! Nwhere8 si; sj 2 P : si 6= sj , prio(si) 6= prio(sj)Priorities are needed as tie-breakers: when a 
on
i
t in the pipeline o

urs, i.e. when two ormore stages are �ghting over the same resour
e, one of them must have priority over the othersand use the resour
e. We will assume that a stage gets priority over another stage if it's prioritynumber is lower.7A problem A is said to be redu
ible to a problem B if there is a way to en
ode instan
es x of problem A asinstan
es �(x) of problem B. The en
oding fun
tion � is 
alled a redu
tion.8For this to be entirely a

urate, we must 
onsider a bank bi with a
(bi) � 2 to be a
(bi) di�erent banks. A betterway to formulate interferen
e is to say that 2 nodes interfere if they need to be a

essed during the same 
pu 
y
le.6



To determine whi
h resour
es are needed by whi
h stages at a 
ertain point in time, we indi
atewhi
h operands of an instru
tion are used by a 
ertain stage by de�ning a fun
tion sops (analogousto ops) whi
h returns an n-tuple of obje
ts:8 instri 2 T; sj 2 P : sops(instri; sj) = fo 2 Obj j instri a

esses o in sjgwhere obviously sops(instri; sj) � ops(instri) and Sj sops(instri; sj) = ops(instri).In prin
iple, ea
h stage of the pipeline should 
omplete it's operation on a 
ertain instru
tionin 1 
pu 
y
le, so as to give us the desired exe
ution time of 1 
y
le for ea
h instru
tion. However,memory ar
hite
ture and memory layout imply 
ertain 
onditions for whi
h a stage 
an not �nishit's job in 1 
y
le. We de�ne two fun
tions a
 and 
a over Banks, whi
h respe
tively give themaximum number of a

esses per 
y
le and the number of 
y
les per a

ess of a bank bk:a
 : Sifbig ! N0 and 
a : Sifbig ! N0a
 and 
a allow us to model some of the restri
tions the memory ar
hite
ture poses on thea

ess of banks:� a bank bk has a maximum of a
(bk) a

esses per 
y
le: all extra a

esses will have to wait� a bank bk 
an have a waitstate of w, whi
h means that one a

ess takes 
a(bk) = 1+w 
y
les:other stages of P may have to wait for the result of this a

essThere is another ar
hite
tural restri
tion whi
h is vital with respe
t to our problem: the busstru
ture. As the 
pu is 
onne
ted to memory via a number of buses, we have to 
onsider theseas well: the way the buses are 
onne
ted as well as the throughput they 
an deliver may further
onstrain the model. E.g. if we have 2 banks b0 and b1 that both allow 2 a

esses per 
y
le, butthey are 
onne
ted to the 
pu by the same bus whi
h only supports 2 transfers per 
y
le, we havea maximum of 2 a

esses per 
y
le, even if memory would allow up to 4. We will therefor modelbuses buk as pairs (nk;Mk) wherenk is the maximum number of transfers per 
y
le for bus bukandMk = fbi j buk 
onne
ts bi to the 
pugIntuitively, one would model P as a window WP of size S sliding over T , i.e. as a snapshot ofP at a 
ertain point in time. However, using T as de�ned before would lead to a model that 
annot take into a

ount all possible 
on
i
ts that may o

ur in P . This is illustrated by the followingexample where B
ond is a 
onditional bran
h:...mnem1 op1_1,op1_2mnem2 op2_1,op2_2mnem3 op3_1,op3_2 7



B
ond 
ond,labelmnem4 op4_1,op4_2mnem5 op5_1,op5_2mnem6 op6_1,op6_2mnem7 op7_1,op7_2label: mnem8 op8_1,op8_2...If we e.g. have a 4-stage pipeline (Fet
h, De
ode, Read and Exe
ute) and instru
tion mnem6is fet
hed from the same memory bank bi as the operands of instru
tion mnem4, a problem arisesif only 2 a

esses per 
y
le are possible from bi. If T is the exe
ution tra
e (i.e. T is the series ofinstru
tions as they are exe
uted by the pro
essor), we will miss the fa
t that there is a pipeline
on
i
t here sin
e mnem4 and mnem6 are not in T and we 
an not 
ush the pipeline when B
ond is inthe de
ode stage sin
e we don't know whether the 
ondition for bran
hing is true or false. To avoidin
omplete exe
ution of instru
tions following a bran
h, the pipeline is 
ushed. However, by thetime it is known that we are dealing with a bran
h instru
tion, another instru
tion has been fet
hed.This problem 
an not be simply ignored, as a bran
h often marks the end of a loop and as su
h ispotentially exe
uted a lot of times. A possible solution for this problem is to repla
e the exe
utiontra
e T by a tra
e Tep whi
h is the series of instru
tions of the program (so instru
tions insertedby the pipeline me
hanism are not in
luded in Tep) that 
onse
utively enter the pipeline. For theabove example, Tep = fmnem1; mnem2; mnem3; B
ond; mnem4; mnem5; mnem6; mnem8g.Pipelinetime Fet
h De
ode Read Exe
utet + 0 mnem1 - - -t + 1 mnem2 mnem1 - -t + 2 mnem3 mnem2 mnem1 -t + 3 B
ond mnem3 mnem2 mnem1t + 4 mnem4 B
ond mnem3 mnem2t + 5 mnem5 mnem4 B
ond mnem1t + 6 mnem6 mnem5 mnem4 B
ondt + 7 mnem8 - - -We 
an now de�ne the me
hani
s of P as a transformation � :�(is1 ; :::; isS ; Tep; state; duration)and under normal 
onditions � behaves as follows:�(is1 ; is2 ; : : : ; isS�1 ; isS ; Tep; is1 + 1; nml; 0) = (is1 + 1; is1 ; : : : ; isS�2 ; isS�1 ; Tep; is1 + 2; nml; 0)whi
h basi
ally is the aforementioned window sliding over the tra
e where isi is the index in Tep ofthe instru
tion that is 
urrently in pipeline stage si.8



Now, depending on how the pipeline was implemented, a lot of extra rules 
an re�ne thetransformation. We will use the aforementioned 4-stage pipeline (modi�ed by adding a �fth stage(Writeba
k)) to illustrate some of these rules. In general, the 
urrent state of this pipeline is givenas a 9-tuple(iF ; iD; iR; iE ; iW ; Tep; iTep ; state; duration)where� ix = the index (in Tep) of the instru
tion in stage x, e.g. iR is the index for the read stage� Tep is the tra
e as previously de�ned� iTep is the index (in Tep) of the next instru
tion to fet
h when the pipeline is operating undernormal 
onditions� state indi
ates whether or not the pipeline is handling a spe
ial 
ase (e.g. state = nml whenthe pipeline operates under normal 
onditions, state = usb when the pipeline is busy handlingan undelayed standard bran
h, et
...)� duration indi
ates how long the pipeline will 
ontinue to be in the 
urrent state (whenduration = 0, it'll swit
h ba
k to normal state)Let's have a look at some examples now:� normal operation:�(is1 ; is2 ; is3 ; is4 ; is5 ; Tep; is1 + 1; nml; 0) = (is1 + 1; is1 ; is2 ; is3 ; is4 ; Tep; is1 + 2; nml; 0)� un
onditional standard (= nondelayed) bran
h BRA:�(is1 ; iBRA; is3 ; is4 ; is5 ; Tep; is1 + 1; nml; 0) = (ibub; ibub; iBRA; is3 ; is4 ; Tep; is1 + 1; usb; 0)�(ibub; ibub; iBRA; is3 ; is4 ; Tep; is1 + 1; usb; 0) = (ibub; ibub; ibub; iBRA; is3 ; Tep; is1 + 1; nml; 0)� program wait due to multi
y
le a

ess (here: is1 + 1 is fet
hed from 2-waitstate memory so
a(ass(Tep[is1 + 1℄)) = 3):�(is1 ; is2 ; is3 ; is4 ; is5 ; Tep; is1 + 1; nml; 0) = (is1 + 1; is1 ; is2 ; is3 ; is4 ; Tep; is1 + 2;m
f; 1)�(is1 + 1; is1 ; is2 ; is3 ; is4 ; Tep; is1 + 2;m
f; 1) = (is1 + 1; ibub; is1 ; is2 ; is3 ; Tep; is1 + 2;m
f; 0)�(is1 + 1; ibub; is1 ; is2 ; is3 ; Tep; is1 + 2;m
f; 0) = (is1 + 1; ibub; ibub; is1 ; is2 ; Tep; is1 + 2; nml; 0)
9



What we have de�ned here is a
tually a finite state ma
hine. Note that the last 2 parameters(state and duration) 
an be merged together into one parameter (i.e. the 
ross produ
t of theirvalue sets 
an be used) in those 
ases where the 
ross produ
t set is not too big, whi
h is a realisti
assumpation sin
e memory with 2 waitstates or more is almost never used.The 
ost fun
tion 
an now be de�ned in a very simple way, i.e. it's the number of times � hasto be applied to the initial Tep to get to a �nal state(isomething ; isomething; indexsomething ; isomething; isomething; Tep; iTep ; normal; 0)where iTep is invalid (e.g. iTep > #Tep). This is obvious sin
e ea
h appli
ation of the � transforma-tion 
orresponds to one 
pu 
y
le of program exe
ution. A more eÆ
ient 
ost fun
tion (in termsof evaluation 
ost) is to 
ount the number of pipeline 
on
i
ts dete
ted. Sin
e we don't �ddle withthe instru
tions in this �rst step, the number of pipeline 
on
i
ts is a valid indi
ation of how goodthe 
urrent memory layout is: less 
on
i
ts means less pipeline bubbles (ibub) or pipeline stalls, i.e.faster exe
ution of the program.3 Solutions Built upon the Model3.1 An Optimal SolutionIf #Banks = NB and NV is the number of variables used in Tep, then we de�ne a string S =[s1; : : : ; sNV ℄ where si 2 [1::NB ℄. Semanti
ally, si = 
 means that the ith variable (we just assign anumber to every variable so they are ordered) of Tep resides in bank b
. So now we have to �nd astring Sopt for whi
h � is minimal. We do this by generating all valid strings9 and then evaluating� for ea
h of them. We then just take the allo
ation for whi
h the 
orresponding string resulted inthe smallest � value. It is 
lear that sin
e evaluating � is equivalent with simulating the programwe wish to optimize, this solution is not viable in pra
ti
e due to time 
onstraints10.� �best  1� while (further valid strings 
an be generated) do{ generate a new valid string snew{ �new  � applied to snew{ if (�new < �best) then �best  �new� return �best3.2 A Close-to-Optimal Solution3.2.1 The Basi
 Geneti
 AlgorithmA more 
lever version of the previous generate-and-test algorithm 
an be built by using a geneti
algorithm. The idea is that in the previous solution we new strings are generated blindly while9Not all strings are valid. If we generated all strings that are possible, we might end up with a lot of allo
ationswhere the total size of all the obje
ts assigned to a 
ertain bank bk is too large to �t into bk.10As an illustration of this, if we 
onsider a program with just 50 obje
ts whi
h has to run on a DSP pro
essorwith 4 memory banks, we already have a worst 
ase of having to simulate our program 450 times.10



this may be done more intelligently by a

epting the fa
t that good strings will probably not di�erthat mu
h from the optimal string (and vi
e versa). Starting from a number of random strings, theidea is to keep the �ttest strings (i.e. those with the lowest � value) and breed a new populationfrom them. Fitter strings should be obtained with ea
h iteration until a string is 
reated that is�t enough to meet our requirements. One generi
 version of su
h a geneti
 algorithm whi
h 
an betuned to the needs at hand (from [Mit
hell, 97℄) is given here:GA(Fitness; F itnessthreshold; p; r;m)� Initialize population: P  Generate p hypotheses at random� Evaluate: for ea
h h in P , 
ompute Fitness(h)� While [maxFitness(h)℄ < Fitnessthreshold do Create a new generation PS :1. Sele
t: probabilisti
ally sele
t (1 � r)p members of P to add to PS . The probabilityPr(hi) of sele
ting hypothesis hi from P is given by Pr(hi) = Fitness(hi)Ppj=1 Finess(hj)2. Crossover: probabilisti
ally sele
t r:p2 pairs of hypotheses from P , a

ording to Pr(hi)given above. For ea
h pair hh1; h2i produ
e 2 o�spring by applying the Crossover oper-ator. Add all o�spring to PS .3. Mutate: 
hoose m per
ent of the members of Ps with uniform probability. for ea
h,invert one randomly sele
ted bit in its representation.4. Update: P ! PS5. Evaluate: for ea
h h in P , 
ompute Fitness(h).� Return the hypothesis from P that has the highest �tnessNote that the Crossover and Mutate steps should be implemented in su
h a way that prohibitthat invalid strings are generated. Note also that a geneti
 algorithm typi
ally uses a populationof bitstrings as its input, so the notion of a string here is really a bitstring. E.g. to optimize aprogram with 10 obje
ts for an ar
hite
ture with 4 banks, we'd use bitstrings of length 20 (2 bitsper obje
t). If the number of banks is not a power of 2, there's an additional 
ase to 
he
k forwhen trying to avoid generating invalid bitstrings.3.2.2 Speeding up the AlgorithmThere are several ways whi
h may de
rease the exe
ution time of the sear
h:� The way the Cost fun
tion is implemented (i.e. as a transformation or equivalently as a �nitestate ma
hine) is important be
ause of the possible simpli�
ations that 
an be made. Theproblem is that 
al
ulating the � fun
tion (and hen
e 
al
ulating the penalty of all memory
on
i
ts) will take too long, even if we use the simpli�
ation mentioned above. Therefor, theme
hani
s of � itself need to be simpli�ed, i.e. 
ertain 
ases that give rise to memory 
on
i
tswill have to be negle
ted. Sin
e � is a �nite state ma
hine, this will result in getting rid of
ertain states.
11



� Cal
ulating � is a 
ostly operation sin
e it involves going over all instru
tions of Tep. Op-timizing the memory layout will involve 
al
ulating � a (potentially very large) number oftimes. Therefor, Tep is divided into segments and � is approximated by 
al
ulating �i for ea
hsegment Si in Tep. A

ordingly, � =PNSi=1 �i is used, where NS is the number of segments inTep. The memory layout of these segments is then optimized individually. This way, those
on
i
ts that may exist between segment borders are missed, but this is a loss that 
an beminimized by pi
king appropriate segments. Instead of just �xing the size of a segment, basi
blo
ks are 
hosen as segments. This has the bene�t towards the eÆ
ient 
al
ulation of � thata lot of segments (basi
 blo
ks) in Tep are the same, e.g. when a loop is exe
uted. Indeed,
al
ulating � for the loop body on
e is enough if the body never 
hanges. However, 
are mustbe taken here sin
e there is a 
ase where this 
an go wrong. Consider the following extra
tfrom a loop body:...mnem (r5)++,r6...The �rst time, register r5 will point to an obje
t o1 and in the 
onse
utive exe
ution of theloop body it will point to an obje
t o2. Now what if the DSP ar
hite
ture for whi
h theprogram (or more pre
isely: the data allo
ation) must be optimized has a 
ontinuous addressspa
e where the address of o1 is in memory bank bi and the address of o2 (whi
h is the nextaddress) is in bj (i 6= j)?3.3 A Fast and Pra
ti
al Solution3.3.1 Re
onsidering � : the Similarities with Register Allo
ationA good starting point for �nding a better way to ta
kle the problem at hand is to re
onsider whatinformation running � over a given program 
an supply. While evaluating � , a datastru
ture thatholds information on the 
on
i
ts between various obje
ts 
an easily be updated. This information
an, if needed, be very detailed: for ea
h obje
t, it is not only possible to 
olle
t the number of
on
i
ts with ea
h other obje
t but also the nature of those 
on
i
ts. The �rst question to askthen, is: given the task to perform, what part of the information is useful and what part is not?� the number of 
on
i
ts (or even more pre
ise: the number of lost 
y
les due to the presen
eof those 
on
i
ts) between 2 obje
ts is vital as it leads to the natural heuristi
 that the morethey interfere11 , the more important it is for them to be allo
ated in a way that either thenumber of these 
on
i
ts or the negative e�e
ts of those 
on
i
ts are minimized.� the number of uses of ea
h obje
t is also relevant: the more an obje
t is a

essed frommemory, the more important it is that is resides in a bank where it 
an be a

essed with theleast possible loss of 
y
les. Frequently used obje
ts must be assigned to fast banks.� the size of the obje
ts: although the optimal 
hoi
e for an obje
t o may be to reside inbank bk, if Size(o) > Size(bk) it's just not possible without 
hanging (part of) the 
ode (e.g.split an array into several parts). Also, bigger obje
ts may have to be assigned �rst sin
e11Analogous to what is known in register allo
ation ([Chaitin, 81℄, [Chaitin, 82℄, [Briggs, 92℄), we say that twoobje
ts oi and oj interfere if there exists at least one 
on
i
t between them during the exe
ution of the program.12



doing this later on may severely limit the pla
ement options: in �gure 1 (a), obje
t o is toobig to �t into B2; in (b), o5 doesn't �t in either bank, but if we had e.g. assigned o4 to B1instead of B2, o5 
ould have �t into B2. In �gure 1 (b) seems to indi
ate that the size of anobje
t must play a 
ertain role during during the de
ision pro
es of the order in whi
h obje
tsare assigned to a bank: larger obje
ts must be assigned early enough to guarantee that they�t in somewhere. However, under the assumption that there always is a large enough (slow)memory the obje
t 
ould �t in, it is obvious that we don't need to take osize into a

ount:if an obje
t is not used very often and it doesn't 
ause a lot of 
on
i
ts, it doesn't matter ifwe have to put it into a slow bank due to its size. Putting it in a smaller but faster bankearly will probably 
ost us too mu
h later on, be
ause a lot of often used or highly 
on
i
tingobje
ts that will then have to be put into the larger but slower bank.
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Figure 1: Pla
ement problems with obje
t size.� the nature of the 
on
i
t (e.g. program wait 12, program fet
h in
omplete 13 , ...)is unimportant. Basi
ally, what happens is reading or writing (parts of) obje
ts. If theassumption is made that every memory bank has both read and write a

ess and reading aword from memory and writing a word to it are equally fast, 
on
i
t natures 
an safely beignored. This assumption is valid be
ause the memory ar
hite
ture of a DSP pro
essor mustbe general enough to be able to do a lot of di�erent tasks.� the stru
ture of the pipeline is hidden by applying � whi
h gives an overview of the
on
i
ts that parti
ular pipeline design would 
ause. Therefor, we don't have to take it intoa

ount anymore.� the memory ar
hite
ture itself: this is obviously a major fa
tor.The problem 
onsidered in this report is similar to the storage bandwidth optimisation problemas des
ribed in [Catthoor, 98℄, but their input is di�erent (C sour
e 
ode instead of an exe
utiontra
e) and the 
onstraints they have to take into a

ount are di�erent also: while we try to putdata into a given memory ar
hite
ture, they try to derive an optimal memory ar
hite
ture to beable to run the 
ode within a given 
y
le budget.Given the fa
ts 
fr. supra, the datastru
ture 
an be kept very simple. We will build aninterferen
e graph14 G = (N;E) where ea
h node ni of the set of nodes N represents an obje
t12An instru
tion fet
h must be delayed be
ause there are too many a

esses to the same memory that the instru
tionmust be fet
hed from or a multi
y
le data a

ess is needed.13Fet
hing the instru
tion takes more than 1 
y
le be
ause of memory waitstates.14Cfr. supra, we again adapt the terminology widely used in the domain of register allo
ation.13



of the program15 and ea
h edge ej of the set of edges E is a labeled, undire
ted ar
 (between2 or more edges16) where the label is the total number of possible 
on
i
ts between the obje
tsrepresented by the nodes that are 
onne
ted by the edge. Note that a node 
an have an edge toitself, i.e. self � referen
ing edges mayexist. In �gure 3, obje
t C has a self-referen
ing edgeindi
ating that during some 
y
le C is a

essed twi
e. The reason we add hyper edges to the graphis that it is important to see the a
tual 
on
i
ts in the graph: later on, we will remove edges fromthe graph one by one, ea
h edge representing a 
on
i
t. As some 
on
i
ts have a bigger in
uen
eon performan
e than others, it will be important to resolve them in order of importan
e (i.e. givepriority to the 
on
i
t that implies the heaviest penalty). As a small example, 
onsider the twographs from �gure 2 where (a) is the version without hyper edges and (b) is the version with hyperedges in
luded. From (b) we learn that there are a
tually only two 
on
i
ts, while looking at (a)leads us into the false 
on
lusion that there are 6. While the additional bene�ts of hyper edgesmay not be immediately obvious, they 
an lead to interesting additional bene�ts. Consider theexample in �gure 3 where in (b) part of the 
on
i
ts from (a) are represented by a hyper edge ofdegree 317 so at a 
ertain moment during the program exe
ution, we need one a

ess to B andtwo a

esses to C during the same 
y
le. Imagine that in our assignment algorithm we have thefollowing situation: when resolving graph (a), �rst all 
on
i
ts 
orresponding to edges of degree2 are resolved and afterwards the self-referen
ing 
on
i
t is looked into. We might already havede
ided to put C into a slower bank (e.g. only 1 a

ess per 
y
le) and due to other assignmentsthere may no longer be a pla
e for C in a faster one. In (B) this problem is avoided: if the hyperedge 
on
i
ts are resolved �rst, C is automati
ally pla
ed in a faster bank. This illustrates theextra knowledge gained by introdu
ing hyper edges: the relations between 
ertain 
on
i
ts are nowvisible in the graph while without hyper edges they are not.
A

BC

A

BC

(a) (b)Figure 2: Hyper edges introdu
e additional (i.e. more pre
ise) knowledge.The fa
t that the representation of the problem is so similar to what was introdu
ed for registerallo
ation was already hinted at by the proof of the NP-
ompleteness where we mapped our problemonto the k-
olorability problem. The equivalen
e is not trivial though, sin
e the 
on
ept of spilling18is a lo
al phenomenon in register allo
ation (with a 
ost that is known) while for our memory layoutproblem it has a more global nature. Spilling a variable that is only known inside a loop will result15In the rest of the text, the 
on
epts node and obje
t will be used inter
hangeably16We 
all edges using 
onne
ting more than 2 nodes hyper edges and will represent them by dotted lines.17We de�ne the degree of a hyper edge to be the number of nodes 
onne
ted by it. The degree of a self-referen
ingedge is 2.18In register allo
ation, a variable is spilled if no suitable register 
an be found for it. For ea
h variable, spill 
odeis inserted into the program. Basi
ally, ea
h use of the variable is pre
eded by a load and ea
h def is followed by astore. Here, spilling an obje
t 
an be interpreted as having to put that obje
t into a bank that is not optimal for itin the sense that it is still involved in some 
on
i
ts. 14
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(a) (b)Figure 3: Hyper edges introdu
e additional bene�ts.in some load and store instru
tions lo
ally to that loop. However, if we have to put the samevariable into a di�erent memory bank, this may a�e
t the entire program (spilling it to that bankmay result in a lot of extra 
on
i
ts). Also note that the nature of the problem we're solving bearsmore similarity to register assignment than register allo
ation19.3.3.2 The Interferen
e Graph Part 1: Building it UpThe problem with the above is that an interferen
e graph for a parti
ular allo
ation was 
onsidered.What is really needed is an interferen
e graph for all possible 
on
i
ts, i.e. for the worst allo
ationpossible. Given su
h a graph, the obje
tive is then to try to 
olor the nodes of it where 
oloring anode with a 
ertain 
olor is equivalent with assigning the obje
t related to the node to a 
ertainmemory bank. If � is slightly modi�ed to just go over Tep and report any possible memory 
on
i
tbetween two obje
ts to the interferen
e graph (whi
h is then updated a

ordingly), the worst 
ases
enario is e�e
tively modeled (just pla
e every obje
ted in the same - and slowest - memory bankand all possible 
on
i
ts will be a
tual 
on
i
ts). Sin
e the number of uses of a 
ertain obje
tis also important, a label is atta
hed to ea
h node whi
h represents exa
tly that. By using theinformation this graph provides, it should be possible to build up a good allo
ation. For thatto work, some good heuristi
s are needed to indi
ate whi
h obje
ts will be allo
ated �rst. Theimportan
e of allo
ating a node before other nodes is that this allo
ation (possibly) puts extra
onstraints on the subsequent allo
ations of those remaining nodes (e.g. they might not �t into a
ertain bank anymore be
ause of the size of the obje
t that just got put there).3.3.3 The Interferen
e Graph Part 2: Breaking it DownWhen 
onsidering breaking down the interferen
e graph, the vital question is: will the fo
us beon the nodes or on the edges? Removing a node from the graph 
orresponds to assigning thatnode to a 
ertain memory bank. Removing an edge, however, 
orresponds to resolving a number of
on
i
ts between various nodes: if all the nodes that are 
onne
ted by the edge under 
onsiderationare assigned to a memory bank, we have a
tually �gured out whether a given number of 
on
i
ts
an or 
an not be resolved. Therefor, removing edges seems the logi
al thing to do: if the goal isto assign a 
ertain obje
t to a memory bank, it's highly desirable that this be done with respe
t tothe assignment of other, interfering obje
ts. With this issue resolved, the next problem to addressis de
iding in what order the edges should be removed. Removing an edge involves assigning thenodes it 
onne
ts to a memory so some nodes will be assigned earlier than others, whi
h may lead19While register allo
ation deals with de
iding whi
h variables will reside in a register and whi
h will not, theregister assignment pro
ess determines in whi
h physi
al registers ea
h allo
ated variable will reside.15



T2f number of lost 
y
lesf1(b1; b1) 0f2(b1; b2) 0f3(b1; b3) 2f4(b2; b2) 0f5(b2; b3) 2f6(b3; b3) 3Table 1: Table for 
on
i
ts of degree 2.to a di�erent result 
ompared to what it would have been if the order was di�erent. In order to getas 
lose as possible to the optimal solution, as mentioned above, some good heuristi
(s) are neededto determine whi
h 
on
i
ts to resolve early on and whi
h to leave until the end. We will addressthis problem by taking a look at what we gain by resolving every 
on
i
t in the graph. The gainis trivially expressed in terms of 
pu 
y
les. If we have an interferen
e graph where the degreeof the edges is in the range 2::n, we build n � 1 tables T2; : : : Tn where Ti has �#Banks + i � 1i � =(#Banks + i � 1)!i! (#Banks � 1)! entries20. Ea
h entry in Ti is a fun
tionf(b1; :::; bi) : Banks�Banks� : : :�Banks! Nwhere bj 2 Banks (j 2 [1::i℄) and f(b1; :::; bi) is the number of 
y
les lost to a 
on
i
t of degreei (i.e. a 
on
i
t involving i obje
ts) where one obje
t is in bank b1, one obje
t is in b2, : : : and oneobje
t is in bi. If e.g. Banks = fb1; b2; b3g where� 
a(b1) = 1� a
(b1) = 2� 
a(b2) = 1� a
(b2) = 2� 
a(b3) = 2� a
(b3) = 1� b1 and b2 
an be a

essed in parallelthen T2 (�43� = 6 entries) and T3 (�53� = 10 entries) are de�ned as shown in table 1 and table 2respe
tively:For ea
h edge in the 
on
i
t graph, we 
onsult table Ti with I the degree of the edge. If we dothis for all edges, we 
an easily �nd whi
h 
on
i
t resolution will give us the most bene�t and inwhi
h memory banks the obje
ts involved in the 
on
i
t need to be pla
ed for an optimal result. Foran edge e 
onne
ting n nodes N1; : : : ; Nn where nr
 
on
i
ts o

ur between all nodes at on
e and20i-
ombinations with repetition of #Banks 16



T3f number of lost 
y
lesf1(b1; b1; b1) 1f2(b1; b1; b2) 1f3(b1; b1; b3) 2f4(b1; b2; b2) 1f5(b1; b2; b3) 2f6(b1; b3; b3) 4f7(b2; b2; b2) 1f8(b2; b2; b3) 2f9(b2; b3; b3) 4f10(b3; b3; b3) 5Table 2: Table for 
on
i
ts of degree 3.the total number of other uses of node Ni (i.e. uses that are not part of the 
on
i
t e 
orrespondsto) is uses(Ni), a good initial heuristi
 might be:BESTe = fj(b01; : : : ; b0n)� nr
 + Pni=1 uses(Ni)� 
a(b0i)wherefj(b01; : : : ; b0n) = minj fj 2 TnWhat this formula expresses is a
tually just the summation of two important fa
tors in ourde
ision making: the total number of 
y
les that are lost due to assigning the obje
ts N1; : : : ; Nnto banks b01; : : : ; b0n respe
tively when the nr
 
on
i
ts of edge e o

ur, plus the total number of
pu 
y
les for all other a

esses of the obje
ts (whether in another 
on
i
t or isolated). The latterfa
tor is not 
al
ulated in terms of lost 
y
les be
ause this would all too often be 0, whi
h wouldrender that part of the 
ost fun
tion useless.Similarly, we might 
al
ulate the loss of 
pu 
y
les for this situation when all obje
ts would beassigned to the largest, slowest memory bslow:WORSTe = fj(bslow; : : : ; bslow)� nr
 + Pni=1 uses(Ni)� 
a(bslow)whi
h is an upper limit to how bad we 
an do. As for breaking down the 
on
i
t graph, the
riterion 
an be either one of these (or, for that matter, any other 
riterion that expresses somethingalong the same lines):1. resolve the 
on
i
t with the biggest possible bene�t �rst2. resolve the 
on
i
t with the biggest possible worst 
ase �rst17



These are not ne
essarily equivalent, sin
e large, often used obje
ts might not �t into the fastestmemory bank.If we now iterate over all edges e and 
al
ulateGAINe =WORSTe �BESTefor ea
h of them, we have an indi
ation that, if for ei GAINei is maximal, than ei is the 
on
i
tto resolve �rst. The idea is that in that 
ase, we have the smallest loss of 
pu 
y
les21. Exa
tlyhow this all works out then, is illustrated in an example below.3.3.4 An ExampleGiven an ar
hite
ture with only a 2 stage pipeline, 1 three operand22 instru
tion instr sr
1 sr
2dst and 3 memory banks (Banks = fb1; b2; b3g) with restri
tions as des
ribed 
fr. supra and intable 1 and table 2. Further details of interest are:� in stage 1 of the pipeline the obje
ts (if any) in sr
1 and sr
2 are a

essed� in stage 2 of the pipeline, the obje
t (if any) in dst is a

essed� one memory 
ell (of any bank) 
an hold 1 instru
tion� Size(b1) = #b1 = 22� Size(b2) = #b2 = 22� Size(b3) = #b3 = 1000
onsider the following program with 8 obje
ts (Obje
ts = fA;B;C;D;E; F;G;Hg):instr #A, 2, 3instr 2, #A, 5instr 5, 5, #Ainstr -5, 0, 0instr 2, #B, 3instr #B, #C, #Dinstr #D, #C, #Cinstr #D, 3, #Binstr #D, #E, 0instr #B, 1, 7instr 2, #C, #Einstr #F, #C, #Einstr #C, #C, #Cinstr 2, #C, #Finstr #B, 3, #B21Of 
ourse, we will need some sort of tie-breaker me
hanism sin
e the same value for GAIN may o

ur more thanon
e.22An operand 
an either be an immediate or an address. If we write #O, we mean that the operand is an addressthat refers to a memory 
ell where a part of obje
t O is stored.18



instr #G, #C, #Einstr #G, -1, #Einstr #E, #H, 5instr 1, 4, 0instr #E, #G, #Cinstr 0, 0, #Bwhere: Size(A) = 1, Size(B) = 7, Size(C) = 15, Size(D) = 2, Size(E) = 2, Size(F ) = 6,Size(G) = 16 and Size(H) = 5. This results in the interferen
e graph of �gure 5 if nhyperedges are allowed and the one of �gure 4 if no hyper edges are used. The number inside ea
hnode represents the number of uses of the obje
t, the label on ea
h edge is the number of 
on
i
tsbetween those obje
ts.
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Figure 4: Con
i
t graph without hyper edges for the example from 3.3.4If we use �gure 5 as our 
on
i
t graph, we obtain the information as summarized in table 3where nodes lists the nodes involved in a parti
ular 
on
i
t (
on
i
ts where a 
ertain obje
t isinvolved n times are listed that many times), 
onfli
ts is the number of o

uren
es of this 
on
i
t,total uses is the total number of a

esses to the obje
ts involved in the 
on
i
t (total, i.e. for theentire program!) and uses =2 
onfli
t is the total number of times ea
h obje
t of the 
on
i
t isused outside of the 
on
i
t des
ribed in that row of the table. Table 4 then shows the value ofGAINe for ea
h edge e23.A

ording to the results from table 4, the obje
t allo
ation is done as follows:1. Remove edge (C;C) from the graph and assign C to b1.2. Remove edge (B;C;G) from the graph and assign B to b1 and G to b2. b1 is now 
ompletely�lled and b2 has 6 words of free spa
e left. Remove edge (B;C) be
ause all it's nodes havebeen allo
ated to a bank.3. Remove edge (C;E; F ) from the graph and assign E to b2 and F to b3. We take E over Fto be assigned to b2 be
ause E is used more often (7 uses for E 
ompared to 2 uses for F ).Remove edges (C;C;E), (G;E) and (B;F ).23Entries in the table are sorted in des
ending order a

ording to their GAINe value.19
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Figure 5: Con
i
t graph with hyper edges for the example from 3.3.4
nodes 
onfli
ts total uses uses =2 
onfli
tC, C 1 11 + 11 = 22 10 + 10 = 20B, C 1 7 + 11 = 18 6 + 10 = 16G, E 2 3 + 7 = 10 1 + 5 = 6B, F 1 7 + 2 = 9 6 + 1 = 7C, D 1 11 + 4 = 15 10 + 3 = 13B, D, E 1 7 + 4 + 7 = 18 6 + 3 + 6 = 15B, C, G 1 7 + 11 + 3 = 21 6 + 10 + 2 = 18C, C, E 1 11 + 7 = 18 9 + 6 = 16C, E, F 1 11 + 7 + 2 = 20 10 + 6 + 1 = 17C, D, D 1 11 + 4 = 15 10 + 2 = 12E, E, H 1 7 + 1 = 8 5 + 0 = 5Table 3: Relevant 
on
i
t information.

20



nodes 
onfli
ts WORSTe BESTe GAINeC, C 1 1� 3 + 20� 2 = 43 1� 0 + 20� 1 = 20 43� 20 = 23B, C, G 1 1� 5 + 18� 2 = 41 1� 1 + 18� 1 = 19 41� 19 = 22C, E, F 1 1� 5 + 17� 2 = 39 1� 1 + 17� 1 = 18 39� 18 = 21C, C, E 1 1� 5 + 16� 2 = 37 1� 1 + 16� 1 = 17 37� 17 = 20B, C 1 1� 3 + 16� 2 = 35 1� 0 + 16� 1 = 16 35� 16 = 19B, D, E 1 1� 5 + 15� 2 = 35 1� 1 + 15� 1 = 16 35� 16 = 19C, D 1 1� 3 + 13� 2 = 29 1� 0 + 13� 1 = 13 29� 13 = 16C, D, D 1 1� 5 + 12� 2 = 29 1� 1 + 12� 1 = 13 29� 13 = 16G, E 2 2� 3 + 6� 2 = 18 2� 0 + 6� 1 = 6 18� 6 = 12B, F 1 1� 3 + 7� 2 = 17 1� 0 + 7� 1 = 7 17� 7 = 10E, E, H 1 1� 5 + 5� 2 = 15 1� 1 + 5� 1 = 6 15� 6 = 9Table 4: Heuristi
ally de
iding the order for 
on
i
t resolution.4. Remove edge (B;D;E) from the graph and assign D to b2, leaving 4 words of free spa
e inthat bank. Remove edges (C;D) and (C;D;D).5. Remove edge (E;E;H) from the graph and assign H to b3.6. Assign A to b2.The �nal allo
ation is represented in �gure 6.
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Figure 6: Con
i
t graph without hyper edges for the example from 3.3.44 Some Notes of InterestRelation to link-time optimization Our optimization te
hnique is not suitable for use bythe 
ompiler as it needs the exa
t ma
hine instru
tions as they are exe
uted by the pro
essor.However, this te
hnique 
ould be embedded into the linker. After the introdu
tion of the idea in[Wall, 86℄, several link-time optimizers (and related to that, whole program optimizers) have been21



build, e.g. OM ([Srivastava, 93℄, [Srivastava, 94℄), Alto ([Muth, 98℄, [Muth, 99℄), Spike ([Cohn, 97℄,[Goodwin, 97℄), MLD ([Fernandez, 96℄) and Vortex ([Chambers, 96℄).Other sear
h strategies and/or 
riteria Instead of using a geneti
 algorithm to optimizethe � fun
tion, 
ould other sear
h strategies have been used? An ex
ellent overview of algo-rithms to optimize a fun
tion is given in 
hapter 10 of [Numeri
al Re
ipes, 92℄: Simplex, Powell,Gradient Des
ent, ... The main reason for avoiding these methods is that � is not a 
ontinuousfun
tion so there is not really the notion of a sense of dire
tion (or gradient) here: allo
ating justone obje
t di�erently may result in a totally di�erent evaluation value. Another very interestingidea 
ould be to use the notions of entropy, joint entropy and mutual information ([Reza, 94℄).Entropy is a measure of randomness. The more random a variable is, the more entropy it will have.joint entropy is a statisti
s that summarizes the degree of dependen
e of X and an other randomvariable Y. Mutual information then is a measure of the redu
tion of the entropy of a variable Ygiven another variable X. This might work to solve our problem in the following way: if we pla
eone obje
t o in a 
ertain bank b, we 
an 
al
ulate the mutual information and/or entropy betweeno and the other obje
ts oi. The probability distributions will have to be estimated a

ording tonotions of obje
t importan
e and the information we have in the BankChars and BusChars set.This may be a non-trivial task, but if we 
ould maximize the mutual information or maximize theentropy between all obje
ts, we would have a solution to our problem. If the entropy is maximal,the obje
ts interfere as little as possible, whi
h 
orresponds to a minimization of 
on
i
ts, just thething we need.Another point of interest is that optimization 
an be done with respe
t to a lot of di�erent
riteria. In the DSP 
ontext, power use is one of them. Fa
t is that a minimization of the poweruse of the memory is highly desirable for e.g. DSP pro
essors in GSM mobile phones. Using thesame � but a di�erent Cost fun
tion should enable us to optimize for this 
riterion using the sameframework.Topi
s for (immediate) future resear
h Other ideas that need to be looked into are the 
on-
ept of stride, the 
onne
tion between the nextto fun
tion and the fa
t that the tra
e is manifest,as well as the 
on
ept of lifetime of a variable. The latter is 
losely related to s
heduling. Instru
-tion res
heduling 
ould be an intermediate step between the 
urrent work and a
tually 
hangingthe instru
tions themselves and 
ould perhaps remove some 
on
i
ts, resulting in a simpler 
on
i
tgraph and possibly a better allo
ation.Also, we've been working with Tep for reasons of 
orre
tness, but working with just T would bea good way of de
reasing the exe
ution time needed to evaluate � . The reason this is valid, is thatmost pro
essors these days have near perfe
t bran
h predi
tion. Of 
ourse, putting Tep aside infavor of T is only important for the (near) optimal solution sear
h methods. If only one exe
utionof � is needed, it doesn't matter that it takes a bit longer to 
omplete.Finally, some thought must be given to dupli
ating (or 
loning) obje
ts in memory. A possible
ase where this 
an be interesting is shown in �gure 7. Banks = fb1; b2g where the banks 
an bea

essed in parallel during one 
pu 
y
le and a
(b1) = a
(b2) = 1. If there are 
on
i
ts betweenobje
ts A and C but also between B and C, we 
an solve this by dupli
ating C and putting it inboth banks. Then, we 
an modify the address of the a

esses to C in the 
ode to make sure thebene�ts from parallel a

ess are maximized.As for now, we do not take the size of an obje
t into a

ount when de
iding when to resolve
ertain 
on
i
ts before others. There are of 
ourse situation where this 
an lead to very bad results.For example, take the 
on
i
t graph from �gure 8: the 
on
i
t between obje
ts A and B is resolved22
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Figure 7: Dupli
ating obje
ts to maximize parallellism.�rst. This 
auses all other obje
ts to be moved to the large but slow memory bank, while allof them would have easily �tted into the smaller banks. Cases like this must de�nitely be dealtwith and will require further tuning of our 
riterion. this tuning will probably be appli
ation-typedependent, as the data requirements for dsp appli
ations are typi
ally that one large obje
t (theinput signal) needs to be a

essed during almost the entire exe
ution of the program, while formultimedia appli
ations there will be a lot of obje
ts with a short lifetime.
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Figure 8: The importan
e of obje
t sizes.Finally, some sort of ba
ktra
k me
hanism 
ould be interesting, sin
e at the moment there is noway of undoing a de
ision made earlier during the pro
ess if later on it be
omes obvious that thatlo
al allo
ation de
ision has very negative 
onsequen
es for the quality of the overall allo
ation.Perhaps we should also allow a few extra evaluations of � at 
ertain points during the algorithm ifvery important de
isions have to be made at those points: the bene�ts of making a good de
ision23



there may outweigh the additional 
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