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A Framework for Analog Cir
uit OptimizationbyPiotr MitrosSubmitted to the Department of Ele
tri
al Engineering and Computer S
ien
eon February 17, 2004, in partial ful�llment of therequirements for the degree ofMaster of Engineering in Computer S
ien
e and EngineeringAbstra
tThis thesis presents a system for optimization of analog 
ir
uit topologies and 
om-ponent values. The topology is optimized using simulated annealing, while the 
om-ponent values are optimized using gradient des
ent. Lo
al minima are avoided and
onstraints are kept through the use of 
oordinate transformations, as well as theuse of default starting points for 
omponent values. The system is targeted for usein 3D integrated 
ir
uit design. The ar
hite
ture is extendable, and is designed toeventually in
lude 
apabilities for automated layout and mixed-signal design.Thesis Supervisor: L. Rafael ReifTitle: Professor
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Chapter 1
Introdu
tion
1.1 Introdu
tionWe present a system used for optimizing analog integrated 
ir
uit topologies and
omponent values. The system di�ers from existing 
ir
uit generation and layoutprograms in a number of key areas. First, this system requires minimal additionaltraining on the part of the user, sin
e its usage is similar to that of tools familiar toengineers. Se
ond, the system s
ales well to typi
al-sized 
ir
uits. Finally, the systemis targeted primarily at 3D integrated 
ir
uit design, whi
h presents a unique set of
hallenges beyond those inherent in traditional 2D design. The eventual goal of theproje
t is to 
reate a CAD system 
apable of partially automating the design andlayout of 3D mixed signal systems.Simulated annealing is used for topology optimization, while a numeri
ally eÆ
ientform of gradient des
ent is used for 
omponent value optimization. Constraints areimplemented and lo
al minima are avoided by the use of a 
ombination of 
oordinatetransformations, default 
omponent values, and 
arefully 
hosen obje
tive fun
tions.1.1.1 Motivation3D integrated 
ir
uits 
onsist of a sta
k of wafers, ea
h with a layer of devi
es, withdense verti
al inter
onne
ts. There exist a number of pro
esses for developing 3D13



integrated 
ir
uits. Depending on the pro
ess, the verti
al dimensions of the inter-
onne
ts may be 
omparable to the horizontal dimensions of the inter
onne
ts. Asa result, there is no signi�
ant penalty due to wires going from wafer to wafer. Inthe 
ase of digital 
ir
uits, this may be exploited to signi�
antly redu
e inter
onne
tlength, and therefore in
rease performan
e or redu
e power 
onsumption. An au-tomated system for 3D digital 
ir
uit layout was developed by Shamik Das [3℄ anddemonstrated a 28-51% redu
tion in wire length.We believe 3D IC te
hnology 
an a
hieve signi�
ant gains in the analog and mixedsignal domains as well. However, we believe the major gains are more likely to 
omefrom a

ess to multiple types of devi
es, rather than simply from tighter layout. Asan example, a software radio 3D IC would likely in
lude an RF die for the front-end, an analog die for the ADC, a digital layer for DSP/network-layer pro
essing, aswell as possibly a power devi
e layer for driving an antenna or for power 
onversion.Due to the nature of 3D IC pro
esses, it is feasible to have �ne-grained distributionof 
omponents to the optimal layer within a small se
tion of the 
ir
uit. Thus, inaddition to shorter wires, we 
an gain bene�ts from from 3D IC in several ways.First, within individual 
omponents, we may be able to bene�t from the varietyof devi
es. In designing an operational ampli�er, we 
an 
hoose to use high r0 devi
esin the VAS in order to avoid 
as
odes, therefore providing large output swing. At thesame time, we 
an use faster, lower-
apa
itan
e devi
es in the input stage, in orderto move the se
ondary poles out.Se
ond, we 
an have high 
oupling between analog and digital 
ir
uits. For in-stan
e, in the software radio 
ase, the digital logi
 may be able to monitor ADCdistortion based on known properties of the signal, and provide feedba
k that adjustsbias levels of the ADC to redu
e this distortion.Finally, surprisingly, we may a
tually be able to a
hieve e
onomi
 gains throughthe use of 3D IC te
hnology. Espe
ially in the mixed signal domain, we may be able toa
hieve 
ir
uits with equivalent performan
e to traditional ones, but using primarilysigni�
antly simpler, 
heaper pro
esses. For instan
e, the original Pentium pro
essorwas implemented on a BiCMOS pro
ess, although it used very few bipolar transistors.14



One of the major design goals for the Pentium II was to move to a signi�
antly moree
onomi
 pure-CMOS pro
ess. Using 3D IC te
hnology, we 
ould pla
e most of thedesign on a low-
ost CMOS dies, while pla
ing the few, spe
ialized 
omponents on asingle BiCMOS, EEPROM, or otherwise spe
ialized layer. Even in high-performan
edesigns, signi�
ant portions of the 
ir
uit are not in the 
riti
al path. Those we 
ouldmove to a more mature pro
ess, with, again, signi�
antly redu
ed 
ost and improvedyield.We must also pay attention to distribution between layers in order to avoid wasteddie spa
e, and therefore high 
ost | in most pro
esses, the die dimensions 
annotvary between layers. As a result, in a 
hip with one layer that is 
onsiderably morepopulated than another, it may make sense to shift non-
riti
al 
omponents betweenlayers in order to redu
e die size. In general, when shifting 
omponents betweenlayers, it makes sense to reevaluate topology | for instan
e, a 
as
ode may not bene
essary on a layer with higher Early voltage.The eventual goals of the proje
t are to design a tool 
hain 
apable of end-to-end3D IC mixed signal design and layout, and to design a 
ir
uit demonstrating the levelof performan
e in
rease from 3D IC over 
onventional 2D te
hnologies. In this paper,we present a system for optimizing 
omponent pla
ement between layers, as well asthe 
hoi
e of topology, and of 
omponent values.1.1.2 Design ConstraintsOne goal of this tool is to be very pra
ti
al. A number of 
ir
uit optimizers or genera-tors require a signi�
ant amount of training on the part of the user, sin
e they rely oninterfa
es and �le formats that the general engineering 
ommunity is unfamiliar with.A number of systems must be given large amounts of additional knowledge about thespe
i�
 topologies they optimize, and as a result, inputing large numbers of topolo-gies is impra
ti
al ([4℄, [5℄). This system, in 
ontrast, uses a variant on the Spi
e �leformat, whi
h most engineers are familiar with. It is 
apable of operating with no ad-ditional knowledge about the 
ir
uit, beyond what would be available in a Spi
e �le(although the system is 
apable of using additional information, if available). Thus,15



while some of the system's more advan
ed features require learning details spe
i�
 tothe system, the 
ore fun
tionality is available with minimal additional training, andthere is a smooth learning 
urve to the more advan
ed fun
tionality.In spite of signi�
ant resear
h, automati
 analog 
ir
uit generation and layoutprograms still 
reate 
ir
uits signi�
antly inferior to those designed by high-
aliberanalog engineers. Our tool allows engineers to manually design or to pla
e arbitrarydesign 
onstraints on arbitrary portions of the 
ir
uit. As a result, the tool 
an beused to automate the design of non-
riti
al portions of the 
ir
uit, leaving the 
riti
alportions to the engineer, and so integrates well with existing industry design 
ow.This system is also designed to s
ale to larger 
ir
uits than many typi
al a
ademi
systems.However, to a
hieve these goals, we ta
kle a mu
h more 
onstrained problem thanthe one ta
kled by most automated 
ir
uit design tools. Spe
i�
ally, most automatedtools 
an generate arbitrary topologies. Ours, however, merely optimizes topologiesbased on 
omponents designed and provided by engineers. The system 
annot 
reatefundamentally new 
ir
uits, although it may 
ompose existing ones in interestingways.1.1.3 Paper OrganizationChapter 2 introdu
es the ar
hite
ture of the system, des
ribes pra
ti
al usage, andgives an overview of the �le formats. Chapter 3 des
ribes the simulated annealingalgorithm used for dis
rete topology optimization. It requires knowledge of the datastru
tures introdu
ed in 
hapter 2. Chapter 4 presents the 
omponent value opti-mization algorithm. The 
oordinate transformations in 
hapter 4 require knowledgeof 
hapter 2, but otherwise, 
hapter 4 stands alone. Chapter 5 gives an overview ofthe test setup of the system. Finally, 
hapter 6 
on
ludes with areas of future resear
hand enhan
ement to the system.
16



Chapter 2
System Ar
hite
ture
2.1 OverviewThe system represents 
ir
uits as a hierar
hy of 
omponents. As an example of therepresentation used, the hierar
hy for one operational ampli�er is shown in �gure 2-1.This representation 
ontrasts with those used in traditional automati
 
ir
uit gener-ation programs in that most traditional simulated annealing systems view 
ir
uits interms of 
onne
tions between 
omponents, rather than as a hierar
hy [7℄ (althougha few systems with hierar
hi
al representations exist [5℄). As a result, they 
an rep-resent arbitrary or nearly-arbitrary 
ir
uits, the vast majority of whi
h do not work.Our hierar
hi
al representation has the property that nearly every possible 
ir
uitworks, although the 
ir
uits vary in performan
e. This property is due to the require-ment of additional input from the user, in the form of pre-designed 
omponents fromwhi
h to build hierar
hies. The property that nearly every generated system worksallows us to s
ale to signi�
antly larger systems.Ea
h 
ir
uit element has asso
iated with it a ve
tor of 
ontinuous values. For in-stan
e, in the 
ase of a transistor, this might 
orrespond to the gate length and width.In the 
ase of a 
ompound 
omponent like a 
urrent mirror, this would 
orrespondto the properties of all of its sub
omponent elements (although the 
orresponden
ewould not ne
essarily be one-to-one).The program runs in bat
h mode. The input to the program is a set of �les de-17
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Figure 2-1: Operational Ampli�er Representations
ribing the possible topologies of the 
ir
uit to be optimized and its sub
omponents.The output is a Spi
e �le of the �nal 
ir
uit. For more advan
ed usage, the programis designed to be modi�ed | it has an ar
hite
ture for in
orporating new fundamentaland 
ompound types of 
ir
uit 
omponents, and the obje
tive fun
tion is spe
i�ed inthe sour
e 
ode.2.1.1 Cir
uit Element Data Stru
tureEa
h 
ir
uitElement 
onsists of an automati
ally generated ID (unique to the
omponent type), a human-readable (potentially non-unique) name, and a ve
tor of
oating point numbers representing 
omponent values (widths and length of transis-tors, et
.).Spe
ial 
omponent types exist for fundamental 
omponents, su
h as resistors, 
a-pa
itors, and transistors. In addition, there is a 
ompoundCir
uitElement type,whi
h represents an aggregation of 
omponents. Ea
h subelement is given a name.In addition to the �elds inherited from 
ir
uitElement, 
ompoundCir
uitEle-18



ment adds a map of subelement names to strings indi
ating subelement types, anda se
ond map from names to the a
tual subelements. The �rst map is used so thatthe global system knows what sorts of elements it 
an populate the se
ond map with.2.2 Component GeneratorThe system has a library that is 
apable of generating 
omponents based on a 
om-ponent type. There may be multiple designs for a 
omponent of a given type (forinstan
e, the n 
urrent mirror type might be implemented as a plain 
urrentmirror, a 
as
ode 
urrent mirror, a Wilson 
urrent mirror, and as a variety of otherdesigns). Similarly, a 
omponent may have multiple types (in most 
ases, a gen-eral type, su
h as n 
urrent mirror, as well as several spe
i�
 types, su
h asn wilson 
urrent mirror).Ea
h type of 
omponent has an asso
iated generator1 obje
t 
apable of 
reatinginstan
es of that 
omponent. These generators are registered in a map of stringsto ve
tors of element generators. New elements may be 
reated with:
ir
uitElement*getElementOfType(string type, int index);int getElementCount(string type);getElementOfType returns a new element based on its type (the index is usedto di�erentiate between multiple elements of the same type), while getElement-Count returns the number of elements of a given type.The C++ startup order guarantees that global variables will be set to zero priorto exe
ution of any 
ode, in
luding the 
onstru
tors of global variables. We reliedon this property of C++ to implement the element generator subsystem in su
h away that it requires no initialization. We 
reated a series of stub 
lasses and ma
rosthat add generators through the use of 
onstru
tors of dummy global variables. Asa result, 
omponents may be added to the system simply by adding �les to the buildpro
ess | there is no global initialization that instantiates and adds the individual1This is 
alled an obje
t fa
tory in some OO programming models.19



elements. Given a new 
omponent 
lass, a 
orresponding generator 
an be 
reatedand added to the 
omponent generator subsystem with a simple ma
ro:ADD_GENERATOR g1(new elementGeneratorAdapter0<newComponent>, "Name");Here, elementGeneratorAdapter0 is a template that 
reates an appropri-ate element generator. Similar templates are provided for elements whose 
onstru
-tors take arguments. Name is the name under whi
h the 
omponent is registered.ADD GENERATOR 
reates an obje
t, with no data or fun
tions aside from a
onstru
tor, whose 
onstru
tor registers the generator with the 
omponent genera-tion subsystem.2.3 File Formats2.3.1 Cir
uit ElementsThe most 
ommon 
omponent type is the autoElement. This is a sub
lass of
ompoundCir
uitElement that is automati
ally generated from a �le. This typeof �le is the primary interfa
e that an engineer would use to input elements into thelibrary. A sample autoElement des
ription �le is shown below:' Basi
 Operational AmplifierNAME: Operational Amplifier 1TYPE: OPAMPTYPE: SIMPLE_OPAMP1SUBELEMENT: P_CURRENT_SOURCE I1SUBELEMENT: P_CURRENT_SOURCE I2SUBELEMENT: P_DIFF_PAIR DIFF1SUBELEMENT: N_CURRENT_MIRROR M1 20



SUBELEMENT: N_TRANSISTOR Q1SUBELEMENT: BUFFER B1SUBELEMENT: CAPACITOR C1 2400-- SPICE MODEL.SUBCKT NAME 1 2 3 4 5XI1 1 2 6 I1XI2 1 2 8 I2XDIFF1 1 2 3 4 9 7 6 DIFF1XMIRROR 1 2 9 7 M1XQ1 8 7 2 Q1XB1 1 2 8 5 B1XC1 7 8 C1.ENDS NAMEHere, the name �eld gives a human-readable name, primarily used for debuggingpurposes. The type �eld registers the 
omponent to be in
luded in the map of thattype. In the example given, if another 
omponent 
alls for an opamp, the elementgenerator may 
reate an element of the type from the �le shown above. By 
onvention,elements also usually in
lude at least one unique type, in this 
ase simple opamp1, in
ase another 
omponent wants to in
lude those elements expli
itly. The subelementlines map 
omponent types to names used within the a
tual 
ir
uit. In the 
ase of
apa
itor 
1, a default value for the �rst element of the des
ribing ve
tor is spe
i�ed.The use of this will be explained in 
hapter 4. Finally, the spi
e model se
tion givesthe a
tual model of the 
ir
uit. Here, name will be repla
ed with the 
omponentname, when the 
omponent is generated. The strings for subelements will, likewise,be repla
ed with the names of those sub
omponents in the a
tual Spi
e �le.There are two ways of handling mat
hed 
omponents. The long way is to gen-erate and use 
ompound 
omponent types, su
h as mat
hed transistor. As ashorthand notation, it is also possible to in
lude the same element twi
e in the Spi
emodel se
tion under the same name (this is handled 
orre
tly for total 
ir
uit area21




al
ulations and elsewhere).2.3.2 Subelement ListThe subelement list �le 
ontains the �lenames of all of the in
luded autoElements,one per line.2.3.3 Pro
ess FileThe pro
ess �le is divided into se
tions. Ea
h se
tion has a tag delimiting the begin-ning and ending:--BEGIN-SECTION-NAME--...--END-SECTION-NAME--Where se
tion-name may 
urrently be either sheet-resistan
es, 
apa
itan
e-matrix, or transistor-parameters.The sheet-resistan
es se
tion 
ontains a mapping of layers to resistan
e (in
=2), with ea
h line 
ontaining the name of a layer, followed by a numeri
 resistan
e.The transistor-parameters is in the same format, but 
ontains transistor param-eters (minimum dimensions, et
.). Finally, the 
apa
itan
e-matrix 
ontains a listof layers, followed by an upper-triangular matrix 
ontaining interlayer 
apa
itan
es.A sample se
tion is shown below:--BEGIN-CAPACITANCE-MATRIX--Bulk N+ P+ Poly Poly2 M1 M2 M3 N_W0 428 726 87 0 33 17 10 420 0 2456 0 36 17 12 00 2366 0 0 0 0 00 883 62 16 9 00 53 0 0 00 31 13 022



0 32 00 00--END-CAPACITANCE-MATRIX--A single 
ir
uit may have devi
es based on several pro
esses, as would be foundin mixed-signal 3D integrated 
ir
uits.
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Chapter 3
Topology Optimization
3.1 NotationLet us de�ne the set 
 to be the set of possible 
ir
uit topologies. Let f : 
 =) <be the obje
tive fun
tion we are trying to minimize over 
.3.2 Global Optimization of TopologyThe global topology is optimized using simulated annealing [6℄. The general ideabehind simulated annealing is that we try to 
onstru
t a near-optimal solution througha series of random 
hanges to the system. In general, we prefer to keep 
hanges thatde
rease the obje
tive fun
tion. To avoid lo
al minima, however, we allow a smallnumber of 
hanges that in
rease it. The a
tual algorithm is inspired by annealing |for every 
on�guration of the system, we treat the obje
tive fun
tion as the energy ofthe system. At every point in time, we have a temperature for the system. At hightemperatures, we perturb the system by large amounts, and more frequently a

ept
on�gurations that have a higher energy than the original. As the system evolves,we redu
e temperature, and so make smaller perturbations, and show a strongerpreferen
e for ones with lower energy.The basi
 simulated annealing algorithm is as follows:1. Start with a system S 2 
 and a temperature T .25



2. Perturb the system S to a new system S 0 2 
. At large temperatures, makelarge perturbations. At low temperatures, make small perturbations.3. De�ne the weights w = f(S) and w0 = f(S 0). Compute the probability p =ew�w0kT . With probability p, assign S �! S 0. Noti
e that if w0 � w, thisassignment always happens. If w0 > w, it will o

asionally happen, but withde
lining probability based on the di�eren
e between w and w0.4. De
rease the temperature a

ording to the annealing s
hedule.5. Repeat until we rea
h some end 
ondition.In our implementation, the initial system 
onsists of a randomly 
onstru
ted 
ir-
uit. Ea
h perturbation 
onsists of repla
ing a subset of the sub
omponents of the
ir
uit with new, randomly generated 
omponents.It is implemented as a template fun
tion:template<
lass T1> 
ir
uitElement*perturb(
ir
uitElement *
e,int level, T1 f, double s
ale);Here, level is the 
urrent depth in the 
ir
uit tree. f is a fun
tion that takesthe 
urrent level, and returns a boolean value indi
ating whether or not we shouldrepla
e an element. It is a template type, so we 
an implement f as either a truefun
tion, or as an arbitrary fun
tion obje
t.As used in our algorithm, we pass as f a fun
tion obje
t that 
ontains the 
urrenttemperature. It 
al
ulates p = (1 � T )l, where T is the temperature and l is thelevel, as well as a random number r between 0 and 1. If p is less than r, it returnstrue; otherwise, it returns false. This way, at high temperatures, we have frequentand global perturbation. As temperature de
reases, the perturbations be
ome lessfrequent and more lo
alized to lower levels.In addition to simulated annealing, we also implement primitives for use in geneti
algorithms [9℄ and other forms of optimization (
al
ulating distan
e between elements,et
.). At this time, however, the primitives are not used.26



Chapter 4
Component Value Optimization
4.1 Optimization of Component Parameters4.1.1 Gradient Des
ent AlgorithmFor gradient des
ent, we use a variant on Powell's Dire
tion Set Method.The na��ve approa
h to gradient des
ent relies on 
omputing the gradient of theslope, minimizing in the dire
tion of greatest des
ent, and repeating. This yields verypoor results in pra
ti
e | by the Proje
tion Theorem, the ve
tor 
hosen for everystep is orthogonal to the previous one. The problem with this is shown in �gure 4-1.If we are in a valley, minimizing in 2 dimensions, and the initial step happens tofall at a 45Æ angle to the valley, the su

essive step will fall at 45Æ in the oppositedire
tion, and ea
h su

essive step will also fall at a 45Æ angle. As a result, the overallminimization takes a very large number of steps.In this example, we would, instead, like to minimize in the dire
tion of the valley.Let us de�ne n to be the number of dimensions. The intuition behind Powell's methodis that, assuming the shape and dire
tion of the valley is fairly 
onstant, ea
h set ofn orthogonal steps will be similar to the one before (this 
an be seen by looking atpairs of steps in �gure 4-1). An example of Powell's algorithm is shown in �gure 4-2.Stated more formally, let us begin at point p0 and minimize in the n orthogonaldire
tions. Call the resulting point pn. Minimize again, and 
all the resulting point27



Figure 4-1: Example of Na��ve Gradient Des
ent on Valley
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Figure 4-2: Example of Powell's Algorithm on Valleyp2n. Then, p2n�pn � pn�p0, so pmn � m �(pn�p0). As a result, after a single set of nindependent minimizations, we de�ne a ve
tor v = pn� p0, and run the optimizationin the dire
tion v.At the end of ea
h iteration, we repla
e a ve
tor in the original dire
tion set withthe new ve
tor v. In this way, if we are still in the same valley, in the next iteration,the original set of orthogonal ve
tors a
ts as a 
orre
tion term to v. Formally, letv0:::vn�1 be the original set of independent ve
tors. We assign vn  � v = pn � p0,and then shift vi  � vi+1. In this way, the new v0:::vn�2 form a 
orre
tion fa
torfor the amount by whi
h v is in
orre
t. Brent [1℄ shows that in n-dimensional spa
e,in general, we need n iterations of the algorithm (n2 line minimizations) in order torea
h the bottom of a quadrati
 form.This approa
h has the problem that the ve
tors build up dependen
e, and after a29



number of iterations, we may be minimizing over a subset of the global spa
e. Thereare a number of solutions to this problem. We take the approa
h of resetting theve
tors after some preset number of iterations.Formally, the overall algorithm is as follows:1. Let v0:::vn�1 be a set of n orthogonal ve
tors. Let p0 be the initial point.2. Let p � p0. For i = 0:::n� 1, let p � linemin(p; vi)3. Let vn  � p� p0. Let p0  � linemin(p; vn)4. For i = 0:::n� 1 let vi  � vi+15. If number of inner iterations not ex
eeded (default n), return to step 26. If number of outer iterations not ex
eeded, return to step 1In pra
ti
e, we found that this algorithm was able to rea
h very 
lose to theminimum in a small number of iterations of line minimization. Nevertheless, due tothe number of steps in ea
h line minimization, the overall system did not s
ale wellto large problems. The algorithm is implemented as a template, and so 
an operateon arbitrary ve
tor types, so long as the +, *, = and [℄ operators are implemented,as well as the resize(int) fun
tion.4.1.2 Lo
al Minima, Constraints, and Changes of VariablesRaw gradient dissent su�ers from problems with lo
al minima. In parti
ular, in the
ase of 
ir
uits, most 
ir
uits will have lo
al minima where devi
es are outside of theirdesired region of operation.For instan
e, starting with a simple 
ommon-emitter ampli�er, as shown in �gure4-3, we �nd that if R1 and R2 are 
hosen su
h that the transistor is biased outsideof its a
tive region, most of the signal feeds through the 
olle
tor-base 
apa
itan
eof the transistor. As a result, if we optimize for a given gain greater than 1, theoptimizer a
ts to maximize this 
apa
itive 
oupling, and so will in
rease the resistor30
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R3

R4Figure 4-3: Common-Emitter Ampli�er with Degenerationvalues to as 
lose to in�nity as possible. Sin
e the 
apa
itive 
oupling and the signal
oming from the gain of the transistor are dire
tly out of phase, the optimizer a
tsto minimize gain from the transistor.This problem has traditionally been addressed using systems, su
h as simulatingannealing or geneti
 algorithms, whi
h o

asionally take random steps uphill. Wedo not, however, believe that this approa
h 
an s
ale to large 
ir
uits. Spe
i�
ally,let us assume that given random 
omponent values, ea
h a
tive 
omponent has someprobability p of being biased 
orre
tly. With n a
tive 
omponents, the probability ofthe overall 
ir
uit fun
tioning drops to pn.As a result, while the simulated annealing supports modi�
ation of 
ontinuous
omponent values, in the �nal version of the algorithm, we disabled this fun
tionality.Instead, we used a simpler, more manual algorithm. In all the 
ases we en
ountered,the minima 
ame from the 
ir
uit entering regions where it fundamentally does notwork | if the 
ir
uit does work, there is usually a dire
t path of des
ent to theoptimal value. We address this problem through several te
hniques to guarantee the
ir
uit stays within a valid region of operation.The primary te
hnique in our tool-box is to allow the designer to spe
ify defaultvalues for 
omponents. This simple te
hnique eliminates the vast majority of lo
alminima. For 
ompound 
omponents, su
h as a 
urrent or voltage sour
es, the ar
hi-te
ture allows the engineer to qui
kly sub
lass a new 
ir
uitElement type thatdoes a 
oordinate transformation, so the higher-level 
omponents 
an spe
ify default31



values in a simple format.In the few 
ases where this approa
h fails, the ar
hite
ture allows several otherte
hniques. First, we 
an revert to simulated annealing. For isolated 
ases, probablythe best way to do this is to simply to 
reate several 
omponents with di�erent defaultvalues and let the dis
rete optimizer pi
k the working one. We still su�er from pns
aling, but the approa
h previously outlined may make n suÆ
iently small that thiswill not be a problem.The next series of te
hniques rely on modifying the obje
tive fun
tion of the overall
ir
uit to avoid lo
al minima. These primarily rely on having the expense of non-fun
tional 
ir
uits (and potentially other lo
al minima) be mu
h higher than thatof poorly performing 
ir
uits. We provide a library of mathemati
al fun
tions thatallow simple 
onstru
tion of 
omplex weight fun
tions. These are listed in appendixA. This should be used sparingly, sin
e over-relian
e on this 
lass of te
hniques 
anyield very poor numeri
al performan
e.In the most extreme 
ases, the designer 
an override the 
ir
uitElement typeto for
e more 
omplex 
onstraints.4.2 ConstraintsThe manufa
turing pro
ess imposes some 
onstraints on devi
e size. For instan
e,transistors have minimum lengths and widths. The system imposes these 
onstraintsthrough 
oordinate transforms. The basi
 
lasses for transistors, resistors, and 
apa
-itors map the des
ribing ve
tor to a hyperbola. The hyperbola was 
hosen be
ause,away from the minimum, the des
ribing ve
tor still maps dire
tly to 
omponent val-ues. Near the minimum, it gives a smooth fun
tion, and so does not result in thenumeri
al instability in the way that, for instan
e, jxj+ ymin would. The 
urvatureof the hyperbola has not been optimized. Less 
urvature would result in a worsemapping of ve
tor values to 
omponent values and would likely slow 
onvergen
e for
omponents away from the minimum. More 
urvature would in
rease gradient min-imization time for 
omponents near the minimum, and if taken to an extreme, may32



result in numeri
al instability.4.3 Line MinimizationWe rely on a standard golden-ratio bise
tion algorithm for minimization of a fun
tionin one variable. Given a starting point, we sear
h geometri
ally in both dire
tionsuntil we �nd a set of three points su
h that the middle point is smaller than theremaining two points. In the general 
ase, a 
omponent should not be able to growinde�nitely, sin
e fundamentally, all variables eventually map ba
k to area, whi
hshould be in
luded in the obje
tive fun
tion.The line minimization fun
tion is implemented as a template, and so theoreti
ally
an be applied to arbitrary data types, with an arbitrary type of operation over whi
hto minimize.The performan
e of the line minimization algorithm was the dominant bottlene
kin the performan
e of the program, and we are 
urrently experimenting with moreintelligent algorithms.4.4 Further ReadingsNumeri
al Re
ipes [6℄ o�ers a good overview of te
hniques for fun
tion minimizationwith and without derivatives. Brent [1℄ o�ers rigorous proofs about the properties ofthe algorithms used.
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Chapter 5
System Results
In a survey of resear
h papers, the testing methodology was suspe
t | namely, inall but one 
ase, the author of the paper would show a 
hart with two 
olumns,one with desired spe
s, and the other with the spe
s of the 
ir
uit that the programgenerated (the one ex
eption used a simple �lter design from an introdu
tory 
ir
uits
ourse, and 
ompared to student performan
e). In all 
ases, the test program metthe required spe
s. It was, however, impossible to determine how ambitious thetarget spe
s were, how 
lose to optimum the �nal design was, nor how the program
ompared to previous attempts. Due to the fa
t that no proper testing methodologiesare available, we follow in this tradition.We tested the system on a number of small to medium s
ale 
ir
uits. Conver-gen
e on small 
ir
uits was very rapid (the degenerated 
ommon-emitter ampli�ermentioned previously and similar 
ir
uits) | several hundred simulations at most.On a fairly 
omplex operational ampli�er design, with several dozen degrees offreedom in 
ontinuous parameters, and a large library of possible sub
omponents, theoverall system was impra
ti
al. The gradient des
ent took several hours per design1.Sin
e ea
h step in the simulated annealing requires a gradient des
ent, using theoverall algorithm was unreasonably slow.As a result, for medium-s
ale 
ir
uits, we tested the gradient des
ent algorithmindependently of the simulated annealing. Our test setup was an operational ampli�er1Test system was a Pentium III/866 notebook.35



design proje
t from MIT's advan
ed graduate honors analog MOS LSI 
ourse2. Thisdesign problem was 
hosen for a number of reasons:� The 
ir
uit only fun
tions within a tight region of design parameters. To a
hievethe DC signal gain, the output stage must have fun
tioning 
as
odes. However,the �1V output swing spe
i�
ation, 
ombined with the �1:25 power rail leavesa very narrow region of operation for the 
as
odes. Similarly, the resistor in the
ompensation network must remain reasonably mat
hed to the gm of the outputstage, or else the system fails to a
hieve adequate phase margin. This tightnessof the spe
s results in a large number of narrow valleys outside of whi
h the
ir
uit 
eases to fun
tion; this is the sort of problem whi
h automated 
ir
uitoptimizers tend to be worst at.� The spe
s were fairly tight. A fair portion of the 
lass did not su

essfullymeet all spe
s. As a result, we had external eviden
e that the spe
s formed areasonably 
hallenging baseline against whi
h to evaluate the 
ir
uit.Here, we used the operational ampli�er shown in �gure 5-1. This 
on�guration has33 degrees of freedom. We began the simulation in a known-working but rather poor
on�guration | namely, we used a very large 
ompensation 
apa
itor to guaranteestability, and uniform, large, square devi
es to avoid short-
hannel e�e
ts. The weightfun
tion for all variables ex
ept phase margin was:f(x) = 8><>: a � e�r�b : x > �:25r2 : x � �:25with r = (x� x0)=x0, x
 = 0:25, b = 2x
 , a = x2
 � e�b�x
.This fun
tion behaves as least squares when ea
h variable was far away from thetarget. Near the target, it swit
hed to a de
aying exponential, in order to give asmall additional bonus for performan
e beyond the target. The 
onstants are 
hosensu
h as to make the fun
tion and its derivative 
ontinuous at the transition fromsquare-law to exponential.26.775: Design of Analog MOS LSI 36
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Figure 5-1: Test Operating Ampli�er TopologyFor phase margin, we used the obje
tive fun
tion:f(x) = 8><>: (x�x0)2x0 + e20�x : x < 600 : x � 60The addition of the exponential gave a wall that guaranteed the 
ir
uit did notfall out of the desired region of operation. The overall weight fun
tion was a sum ofthe individual weight fun
tions of all asso
iated variables.Due to simulation time, we simpli�ed the spe
s from the original problem in the
lass. First, we pruned several \automati
" spe
s, namely power supply reje
tionratio and 
ommon mode reje
tion ratio. If these are spe
i�ed at �xed frequen
ies,as was the 
ase with this problem, it is trivially possible to send these to valuesarbitrarily 
lose to zero. To do this, we 
an 
ouple the power rails and 
ommon modeinto either inverting or non-inverting nodes. The gradient des
ent will set the levelof 
oupling su
h as to give zero gain from the input to output. Furthermore, this37



Spe
i�
ation Target Final ResultPower Dissipation < 100�W 91�WDC Signal Gain at VOUT = 0V > 20000 26527DC Signal Gain at VOUT = 1V > 10000 17172DC Signal Gain at VOUT = �1V > 10000 18559Unity Gain Frequen
y > 50MHz 63MHzPhase Margin > 60Æ 60ÆTable 5.1: Gradient Des
ent Resultstopology tends to give fairly good CMRR and PSRR naturally, so we did not expe
tthese to be limiting fa
tors.We also removed spe
i�
ations for settling time and step response. These requirelengthy transient simulations, and 
an be fairly a

urately approximated from band-width and phase margin. Finally, we removed spe
s for noise and input 
ommonmode range, sin
e these spe
s were not the limiting fa
tor on the topology.As is shown in table 5.1, the gradient des
ent was able to ex
eed all spe
s. It took5,000 iterations of Spi
e to initially meet spe
s, although the �nal spe
s shown areafter 60,000 iterations (although the values did not 
hange signi�
antly during thelast half of that run).As mentioned, due to performan
e 
onstraints, the simulated annealing algorithmwas tested on a library of operational ampli�ers and operational ampli�er sub
om-ponents without gradient des
ent. It was 
lear that it was improving the system,although due to the la
k of optimization on 
omponent values, it is diÆ
ult to givean obje
tive metri
 of performan
e. A library of sub
omponents used in testing sim-ulated annealing is given in appendix B. The top-level 
ir
uits were variants on theoperational ampli�er shown in �gure 5-1, with and without the addition of an outputbu�er.5.1 Theoreti
al Performan
e S
alingIt is easy to show Spi
e performan
e 
annot s
ale better than linearly in the sizeof the 
ir
uit. In pra
ti
e, it is often 
onsiderably worse, and furthermore, 
omplex38




ir
uits require larger numbers of simulations. For instan
e, the test operational am-pli�er required a minimum of three simulations in order to demonstrate performan
eover a range of output levels, and would require nine in order to evaluate all pa-rameters in the original problem. If we were to extend the problem to 
al
ulatinga
ross pro
ess 
orners, temperature variations, and devi
e variations, evaluating theobje
tive fun
tion would require dozens of simulations. A large body of work existson approximating Spi
e results with neural networks and other approximate mod-els [10℄. However, these systems base results on 
hanging parameter values with a�xed topology. It is not 
lear if or how they 
ould be applied to di�ering topologies.While this 
ould 
on
eivably in
rease the speed of individual gradient des
ents, dueto the initial number of Spi
e runs needed to train the model, we are s
epti
al ofthe possibility of order-of-magnitude performan
e in
reases, although it is 
ertainlya worthwhile area of experimentation.Powell's algorithm theoreti
ally requires n2 iterations to rea
h the minimum of ageneral quadrati
 form [1℄. In pra
ti
e, we found that a reasonable approximation tothe minimum was rea
hed 
onsiderably more qui
kly in most 
ases, and the a
tualnumber of iterations was equal to a small 
onstant times n. However, in a best 
ase,it still takes a minimum of n iterations to determine the path of steepest des
ent.Line minimization requires a logarithmi
 number of operations in the ratio betweendistan
e to minimum and toleran
e.
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Chapter 6
Con
lusion
6.1 Future ImprovementsThis program is the �rst step in the development of a larger system used for automat-ing optimization and layout of mixed signal 
ir
uits, spe
i�
ally targeted at use in 3dintegrated 
ir
uit design. As a result, there is a large set of tasks remaining.6.1.1 LayoutEventually, the system will also need to in
lude support for automati
 layout. Simu-lated annealing is one of the more 
ommon te
hniques for automati
 layout of analog
ir
uits [8℄. Adding basi
 support for automati
 layout would 
onsist of the followingsteps:� Adding a method to the generi
 
ir
uitElement 
lass that returns a layout,based on some externally a

essible parameters.� Adding support to the simulated annealing algorithm for optimizing the layout-related parameters.The major diÆ
ulty with implementing automati
 layout is developing a reason-able representation of a 
ir
uit | one that is likely to produ
e realisti
 layouts, havea reasonable number of degrees of freedom, and allows 
onvergen
e to a near-optimal41



layout reasonably qui
kly. Spe
i�
ally, statisti
ally 
ommon 
on�gurations shouldfollow the appropriate rules of analog layout. Although a large body of a
ademi
resear
h exists in this area, automated layout still lags behind manual layout, and sois still primarily limited to the low-performan
e digital domain.In the same way as the ar
hite
ture des
ribed here 
urrently supports large, man-ually designed blo
ks, the ar
hite
ture also naturally supports manually laid outsub
omponents in 
riti
al portions of the 
ir
uit. It should also be relatively easy toadd 
onstraints to the layout by sub
lassing from the appropriate 
ir
uitElement
lass. As a result, 
riti
al se
tions of the layout may be implemented manually by alayout engineer.6.1.2 Mixed Signal IntegrationBasi
 mixed signal integration is nearly automati
. Adding support for mixed signal
ir
uits would require adding 
ir
uitElement types for digital elements, modify-ing output to in
lude non-spi
e for non-analog elements, and 
reating an obje
tivefun
tion evaluator for the overall system.6.1.3 Sub
omponent OptimizationThe performan
e of this system s
ales better than that of most a
ademi
 systems,but very large 
ir
uits may still be prohibitively slow. One way around this problemis to preoptimize sub
omponents. While theoreti
ally a good idea, in pra
ti
e, thisapproa
h is fairly diÆ
ult to implement | namely, 
ir
uits have very large numbersof unknown variables. Determining what to optimize for, and whi
h 
omponents are\better" than others is diÆ
ult, and the library of preoptimized 
omponents veryqui
kly grows to be unreasonably large.6.1.4 More Intelligent Sub
omponent Sele
tionSimulated annealing and geneti
 algorithms 
an run mu
h more eÆ
iently if, ratherthan 
hoosing a 
omponent at random, they have some idea as to whi
h 
omponents42



work well. This way, they 
an 
hoose di�erent sub
omponents with di�erent proba-bilities. The simple way to implement this would 
onsist of allowing the designer tospe
ify default or probable 
omponent values, in mu
h the same way as we permitdefaults for des
ribing ve
tor values.A more ambitious approa
h would 
onsist of developing ma
hine learning algo-rithms to determine what 
omponents work well in what 
ontexts, or alternatively,what substitutions generally make sense. However, 
reating a usable de�nition of\
ontext," and useful groupings of 
omponents is diÆ
ult. The 
on
epts are veryvaguely de�ned, and as a result is un
lear what the proper approa
h to the problemis.6.1.5 Improvements in Line MinimizationOur 
urrent line minimization algorithm is based on the simple golden ratio bise
tionalgorithm. More sophisti
ated line minimization algorithms exist | generally, theyrely on some sort of extrapolation from existing data points, falling ba
k to goldenratio bise
tion for 
ases where extrapolation is not 
onverging well.Although it would make sense to implement a quadrati
 extrapolation te
hniqueimmediately, many 
ir
uit equations are not well-modeled by a quadrati
. We maybe able to do better by implementing a larger set of extrapolators, and either 
hooseone based on a ma
hine learning algorithm, or simply dire
tly 
hose the one that bestmat
hes existing known points in the line.6.1.6 Faster Cir
uit ModelingGradient des
ent 
an be signi�
antly improved if we 
an use existing data-points togenerate an a

urate model of the 
ir
uit. This model 
an be used with our algorithminstead of simulation for a modest performan
e in
rease. More ambitiously, given su
ha model, we may be able to 
al
ulate the optimal solution dire
tly. Several approa
hesto generating models exist, 
ommonly relying on neural networks [10℄ or posynomialmodels [2℄. 43



6.1.7 Three Dimensional IntegrationAt the moment, the system supports multiple transistor types. However, sin
e it isnot yet 
apable of layout, it does not re
ognize the 
ost of swit
hing between layers.In some types of 3d pro
esses, this 
ost is fairly expensive, and needs to be well-modeled. This should 
ome as a natural 
onsequen
e of integrating layout. However,integrating this sort of information into the simulated annealing algorithm, outsideof the obje
tive fun
tion, may result in improvements in speed. Spe
i�
ally, adding apenalty to swit
hing layers in the perturb fun
tion may potentially result in faster
onvergen
e.6.2 Con
lusionWe have demonstrated a system 
apable of automati
 optimization of analog inte-grated 
ir
uits. The system is 
urrently 
apable of working on small to mediumsize 
ir
uits. We believe, however, that it 
an be extended to large-s
ale 
ir
uitsas well. Primarily due to the length of the edit/
ompile/run 
y
le, the parametersused in gradient des
ent are still very suboptimal. Optimizing these should give alarge improvement in performan
e. Implementing some level of extrapolation in gra-dient des
ent should also give a signi�
ant improvement in performan
e. Finally,avoiding a full gradient des
ent in between steps in simulated annealing, but ratherreoptimizing only the portions of the 
ir
uit e�e
ted by the perturbation 
an give anorder-of-growth improvement in speed.Furthermore, the 
ir
uit has dire
t paths of extension for use with 3D IC layout,as well as mixed signal design. Although these are signi�
ant endeavors, we believethe system provides a natural, 
exible ar
hite
ture within whi
h to implement them.
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Appendix A
Library of Fun
tions
The system in
ludes a library of fun
tions to assist in 
onstru
ting obje
tive fun
tions.A.1 Bri
k WallThis fun
tion is used to prevent a parameter from exiting a 
ertain range.f(x) = 8><>: 1x : x > 0MAX FLT : x � 0A.2 Limiting Fun
tionsThese fun
tions 
an be used to limit a parameter to fall within a given range, andare typi
ally used if we want to guarantee that one parameter will always be moreimportant than another. f(x) = e�x2f(x) = 1� e�x2f(x) = e�x6f(x) = 1� e�x645



f(x) = ar
tan(x)2�A.3 Approximate Least SquaresThis approximates square-law, until we rea
h 
lose to the desired value. At that point,it swit
hes to exponential to 
ontinue to give small gains for beating the spe
i�
ation.f(x) = 8><>: a � e�r�b : x > �x
r2 : x � �x
with r = (x� x0)=x0, x
 = 0:25, b = 2x
 , a = x2
 � e�b�x
.
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Appendix B
Component Library
For simulated annealing, we in
lude a library of pre-made 
omponents. Althoughthese are shown with bipolar transistors, in most 
ases, they allow an arbitrary tran-sistor of the same polarity as a sub
omponent. In most 
ases, we only in
lude somesubset of the 
omponents in ea
h run.B.1 Current Sour
es

+
−

+
−

5 5

B.2 Voltage Sour
es
Vdd Vdd
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B.3 Current Mirrors
Vdd

Vdd

B.4 Di�erential Pairs
B.5 Bu�ers

48



Bibliography
[1℄ Ri
hard P. Brent. Algorithms for Minimization Without Derivatives. Prenti
e-Hall, Englewood Cli�s, NJ, 1973.[2℄ W. Daems, G Gielen, and W Sansen. Simulation-based generation of posyn-omial performan
e models for the sizing of analog integrated 
ir
uits. IEEETransa
tions on Computer-Aided Design, 22(5):57{534, May 2003.[3℄ S. Das, A. Chandrakasan, and R. Reif. Design tools for 3-d integrated 
ir
uits.In Pro
. ASP-DAC, pages 53{56, January 2003.[4℄ F. El-Turky and E. Perry. Blades: An arti�
ial intelligen
e approa
h to analog
ir
uit design. IEEE Transa
tions on Computer-Aided Design, 8(6):680{692,June 1989.[5℄ R. Harjani, R. Rutenbar, and L. Carley. Oasys: A framework for analog 
ir-
uit synthesis. IEEE Transa
tions on Computer-Aided Design, 8(12):1247{1266,De
ember 1989.[6℄ W. Press, S. Teukolsky, W. Vetterling, and B. Flannery. Numeri
al Re
ipes inC: The Art of S
ienti�
 Computing, 
hapter 10. Cambridge University Press,se
ond edition, 1992.[7℄ T. Sripramong and C. Toumazou. The invention of 
mos ampli�ers using geneti
programming and 
urrent-
ow analysis. IEEE Transa
tions on Computer-AidedDesign, 11(21):1237{1251, November 2002.49



[8℄ M. Ve

hi and S. Kirkpatri
k. Global wiring by simulated annealing. IEEETransa
tions on Computer-Aided Design, 2(4):215{222, O
tober 1983.[9℄ Patri
k H. Winston. Arti�
al Intelligen
e, 
hapter 25, pages 507{528. Addison-Wesley, Reading, Massa
husetts, third edition, 1992.[10℄ G. Wolfe and R. Vemuri. Extra
tion and use of neural network models in au-tomated synthesis of operational ampli�ers. IEEE Transa
tions on Computer-Aided Design, 22(2):198{212, February 2003.

50


