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nite state machines (FSMs), which form an important part
Abstract of many VLSI products. Since the circuit realization of a

In this paper we _agdress the prqblem of statg encodmgFSM is mostly determined by the state encoding, the encod-
for synchronous finite state machines. The primary goal. . ;
. : S L . ing can be justly assumed to have a great influence on power
is the reduction of switching activity in the state register.

- . . dissipation. Our primary goal is the reduction of switching
ﬁtt;haenbuef(;?rggg;hi;tﬁtsvﬁfrgslagnegraeih;rse t{:gslfg(;n\:ﬁg]acnwty in the state register, but we will show that our encod-
red grapn whe 9 . ings often also lead to a reduced overall power dissipation of
the state transition probabilities. Next a maximum span- o
: . . the circuits generated by SIS [10].
ning tree of the undirected graph is constructed, and we . .
) ) Research on FSM state encoding was first targeted at
formulate the state encoding problem as an embedding of . . " . L .
minimization of circuit area and delay. For two level cir-

the shanning tre_e mtp a Boolegp hypercube. Of, unknqwn dI'cuits De Micheli et al. devised algorithms for symbolic min-
mension. At this point a modification of Prim’s maximum

spanning tree algorithm is presented to limit the dimensionimization and bit minimal state encoding [4], while Devadas
b 9 9 P et al. [5] developed the MUSTANG state assignment sys-

of the hypercube for area constraints. Then we propose g . .
S . L . em targeting multilevel networks. Power related research
polynomial time embedding heuristic, which removes the re-

striction of previous works, where the number of state bitsWas first aimed at precise computation of switching activ-

. e ity in sequential circuits [9][11]. Since then several low
used for encoding of A-state FSM was generally limited to . . .
Mog, k1. Next a?nore sophisticated egr]nbeddir):g algorithm power state encoding algorithms have been proposed. Tsui

is presented, which takes into account the state transitio et al. [12] integrated cost functions for state register and
P ’ "Yransition logic activity, while Benini et al. [1] developed

probabilities not covered by the spanning tree. The resultingaI orithms trading off accuracy vs. computational complex-
encodings of both algorithms often exhibit a lower switching . 9 9 yVs. P comp
ity. Chen et al. [2] already formulated the encoding prob-

activ?ty_ and power dissipation in co'mparison with a known lem as a hypercube embedding problem. Common to these
heuristic for low power state encoding. and other approaches however is the limitation to a predeter-
. mined number of bits for the state encoding, which will be
1. Introduction removed in this paper. We have just receivgd notice that si-
The synthesis of circuits with reduced power consumptionmyitaneously to this work Molitor et al. [6] developed a sim-
has grown more and more important over the last years. Onggr state encoding algorithm targeting the size of the BDD
driving force behind low power circuit design is the demand representation.

forlonger battery life of portable computers and telecommu-  The paper is organized as follows. Section 2 contains an
nication equipment. Another one results from the excessivesxamination of power related issues in FSM synthesis. In
power consumption of high performance micro processorsgection 3 we describe the connection of state encoding and
which is currently the limiting factor in integration density hypercube embedding and present a modification of Prim’s
of single- and multi-chip modules. This power consumption g|gorithm for spanning tree computation as well as two al-
often leads to reliability problems due to overly high oper- gorithms for spanning tree directed state encoding. Section
ating temperatures. The growing need for high performancey ¢ontains results and conclusions.

computers however can be expected to further raise the im-

portance of power related research in the future. 2. Power dissipation in FSMs

Research activity on low power circuit design is FSMs are representations of sequential boolean functions.
widespread and ranges from voltage scaling and process Ofrhey are conveniently described by a state transition graph
timization to high level approaches like instruction set de- (STG), where nodes represent the states, and directed edges,
signs and hardware/software codesign. This paper focussggpeled with inputs and outputs, describe the transition rela-
on minimizing the power consumption of synchronous fi- tion petween states. When implemented in hardware, FSMs



generally are realized by an architecture shown in figure 1LetS be the set of all states. For an infinitely long series of
Each state corresponds to a binary vector stored in the stat&gate transitionst/;,. can be expressed by
register. The combinational logic computes the next state

and output function based on the current state and input val- Eg = Z p(i < j) h(i,)) (1)
ues. The binary values of the inputs and outputs of a FSM i,jES

are usually determined by external requirements, while the ] N »

state encoding is left to the designer. wherep(i + j) is the probability of a transition between

statesi and j, andh(i, j) is the hamming distance of the
state codes afandj. p(i <> j) can be determined stochasti-
outputs . . . .
combinational logic cally by assuming equiprobability of all input patterns of the
FSM and solving the Chapman Kolmogorov equations [3].
Alternatively they can be obtained statistically by applying a
sufficiently long series of input patterns until the state occur-

inputs ————=

State register rence and transition probabilities converge towards discrete
values [9].
Fig. 1: FSM hardware realization For the purpose of minimizing (1), a FSM representation

is sufficient, which contains only the state to state transition
In a sequential circuit of this type, power is dissipated in theprobabilities. We will therefore transform the initial STG by
state register as well as in the combinational logic. This pri-coljapsing all directed edges between any pair of states into
marily results from changing values of circuit signals, where g undirected edge. The undirected edges are then weighted
capacitances are charged or discharged (dynamic power diggith their corresponding transition probability. Since the
sipation). probabilities concerned are unconditional, the sum of all
The dynamic power dissipation in the combinational parteqge weights including self loops equals one. From now on

of the circuit s very difficult to estimate, even after the state thjs undirected weighted graph will be referred asphab-
encoding is determined. At the beginning there are alreadyjjity attraction graph(PAG, figure 2).

several different realizations to choose from, depending on
what kind of technology will be used. Later, when the gate 0.061 0.190
level implementation is known, the exact computation of
the dynamic power dissipation including glitches is often
intractable, since it requires the examination of all possi-
ble pairs of input patterns of the combinational logic. Due
to these difficulties the research in this paper focusses on
the minimization of the expected state register switching ac-
tivity described below. This approach still leads to a good
circuit in terms of power consumption, if a low switching
activity in the latch outputs corresponds to a low switching
activity in the combinational logic.

The average dynamic power dissipation of the state reg-
ister Py, can be described by following expression:

0.042
Fig. 2: PAG ofdk15

P,y = %Vfd « Fx Y Ol EG) 3. Hypercube embeddings

icsb A state encoding can always be formulated as an embed-
ding of the STG or PAG into a (Boolean) hypercube. A
where f is the clock frequency of the state machiG&;)  hypercubeof dimensionn is a graph witl2" nodes, where
is the capacitance of the latch storing stateitihd £(i) ~ every node is labeled with an unique binary value from 0
is the eXpeCted SWitChing aCtiVity of the latch. Notice, that to 2™ — 1. Furthermore, every nodehasn edges labeled
C(i) is not necessarily the same for all bits, since it in- 1 5 which lead to all nodes whose labels have hamming
cludes the capacitance of the latch fanout into the Combi-distance 1 fromv. Consequenﬂy, the hamming distance of
national part. Since this fanout cannot be determined beforgyny two nodes in the hypercube equals the length of the
the state encoding is known, we simplify by assuming anshortest path between the nodes. émbeddingf a graph
overall state register capacity, and introduce an expected ( into a host grapt is an injective mapping of the nodes
register switching activity,, : of G to the nodes off, so that every edge i corresponds
1 to the shortest path between the mappings of its terminal
Py ~ §Vd?d X fx Cgp X Egp nodes inH. Thedilation of an edge of7 is defined as the



length of the corresponding path k. More detailed infor- A maximum spanning tree can be constructed in time
mation on embedding problems can be found in works ONO(#Elog #V) e.g. by Prim’s algorithm [7], and it is
parallel computing [8][13]. Since most problems concermn- nique by construction, if no two edges@fhave the same
ing embeddings of general graphs are NP complete, we willyeight. Furthermore, all trees are cubical, and while the ex-
only give an informal discussion on what could be a good et determination of their cubical dimensiasis NP hard,
hypercube embedding with respect to power dissipation:  some Jower and upper boundsefare known. Lef'(V, E)

(A) Regarding equation (1) it is desirable to embed with o 5 tree and lek be the maximum degree of any node
small dilation, since the dilation of an edge,w) corre-  , c v/ Then

sponds directly to the hamming distance of the encodings of

v andw, and the hamming distance determines the register max([log, #V1, k) < cd(T) < #V -1
switching activity for a given state transition. The best ob- Both lower and upper bounds of this inequation are at-
vious solution for our purpose would be an embedding withtained by certain types of trees. A path grafyhof length
dilation 1 for all edges. Graphs with such an embedding ares#y —1 e.g. can be embedded by a Gray code wittTp) =
calledcubical Unfortunately it can be shown that there is [log, #V], while the star grapfils with k& = #V —1 for the

no dilation-1 embedding for many graphs (e.g. graphs concenter node hasi(Ts) = k = #V — 1. Since the dimen-
taining odd cycles). Furthermore, the problem of finding ansjon of the embedding is strongly connected to the degree
embedding with minimum overall dilation is NP complete of nodes in the tree, we have modified Prim’s algorithm to
for general graphs [13]. For most cubical graphs it is alsoaccept a parameteél, . limiting the degree of any node in
difficult to determine theicubical dimensionwhich is the  the resulting spanning tree:

dimension of the smallest hypercube, where they can be My odified prim(graph ~ G(V,E), int  dmax)

bedded with dilation 1.

(B) Regarding overall power dissipation, it is also desir-
able to embed into a hypercube with low dimension, since
the .dlmen5|on of the hypercube corresponds to the number cut = {(viny, w) € E}
of bits of the state encoding, and unnecessary large state reg-
isters may increase power consumption. Area restrictions
may even limit the number of state bits available for encod-
ing. Without boundaries to dilation it is always possible to
embed a graph witk nodes into a hypercube of dimension

Vr := {one initial Vinit € V'}
ET = @

do #V —1 times
(u,v) := select _edge(cut, dmax)
where w e Vp,v e V\Vp
Er:=ErU (U,’U)

Mog, k]. Unfortunately this will often lead to a high state Vi i=VrUv .
register switching activity for many state transitions. remove edges containing v from cut
While most research has concentrated on B with Aasa  cut := cut U {(v,w)|w € V\Vr}

side issue, we will try to find a solution to A, withBasa  return T(Vr, Er)

secondary criterion. For that we have to embéuhto a hy-  }

percubeH, so that dilation of edges @f with high weight In the original versionselect _edge simply selects the

is minimized while the dimension df is kept small. Obvi-  edge with the highest weight from the cut. The new pro-
ously it is infeasible to optimally embed an arbitrary graph cedure selects the highest weighted efige), which does
G(V, E), but the problem can be simplified by embedding not increase the degree of the nade V- aboved,, ., if

a subgraptG’(V, E'), so that dilation> 1 occurs only on  this is possible. Subsequent tests with our embedding al-
edges(v, w) with (v,w) € E and(v,w) ¢ E'. Thatis, if  gorithms showed, that fat,,., = log, #V + 1 all bench-

we construct a cubical subgraph Gf which contains the marks could be embedded into a hypercube of dimension
edges with the highest weights, a dilation-1 embedding of2 log, #V or less with no significant penalty in switching
this subgraph would intuitively lead to a low switching ac- activity. The resulting spanning tree, which in most cases is
tivity in the state register. Such a subgraph is the maximuma maximum spanning tree, proved to be a good structure for
spanning tree of the PAG. directing a hypercube embedding.

SPANNING TREES TREE EMBEDDINGS
Let G(V, E) be a weighted connected graph. spanning  For a given trel’(V, E) our embeddings begin always at
tree of G is a subgrapi'(V, E') of G, so thatT" is con-  subsets of nodes and eddgs, E- of T, which form the
nected andtE' = #V —1. LetT be the set of all spanning center of the tree with respect to longest paths. This is a
trees ofG. A maximum spanning tréB,.«(V, Emax) of G direct way to construct Gray code embeddings with loga-

is a spanning tree, so thétl'(V, E') € T: rithmical dimensions for simple paths. Besides, for a well
balanced tree the subtrees connected by the center of the tree
>
Z W (v, w) Z W (v, w) can be embedded with about the same dimension, so that a

(v,w)€Bmax (v,w)eE’



divide and conquer approach should find an embedding oR.p N g = V' # 0: In this case: contains a node’ € V",
low overall dimensionV andE are defined as follows:  therefore\(¢) > 2. Since at least one of the subpaths from
Letforp = vy, ... , v path ofT be\(p) = k the number  aterminal node op, ¢ to v;, u; does not contain nodes from
of edges om. Then V' A(P') = M) = |%], and (2) is valid again. This is
illustrated in figure 4.
Vol = {vig) v}

is the set of nodes in the center @f We now define the
center of the tree as

VC = U ch
p:A(p)=k maximum

Fig. 4
The center of the tree has the following property: Expression (2) already implies, that neithemor ¢ are
longest paths, if they have different centers. n
Vo = ﬂ Ve? E¢ is defined as the set of edges in the center of longest
p:A(p)=k Maximum paths. Here we have to distinguish between two cases for

the length% of longest paths:

1. k is even We know from our definition above, that
#Ve = 1. E¢ is now defined by

Proof: Itis sufficient to prove the expression for any pair of
longest paths.

Assume there are two longest paths- vy ... v, andq =
ug ... ug. The size of the path centers exclusively depend E. := {(v,w) |[vE€ Ve A Ip=v,w,... ,u:
onk, so that: i
#VP = #V 1 Ap) = 5}

Assume further, that there are nodgse Vi andu; €

\ 2.k isodd Here#V:- = 2 and consequently
Ve, with v; ¢ Ve? andu; ¢ VP, Let ¢ be the path

betweenv; andwu;. Then there are subpath§ ¢’ of p,q Ec :={(v,w) |veVe N weVe A v#w}
of maximum length, which end in;, u;, so that following o )
equations hold: Ve andE¢ can be efficiently computed by a single pass over
the tree: Our algorithm iteratively removes the set of leafs
pPng = 0 from the tree, unti#V < 2. V- remains unchanged during
Prec = {v} this operation, since
dne = {u;} 1.noleafisinVg, if #V > 2, and

2. any longest path looses both terminal nodes.

therefore the path centers do not move. After the last iter-
AP ocoq) =A@ + M) + A) > k @) ation, V- consists of the nodes remainingliy and E¢ is
either the final edge it/ or the set of edges, which were
The equation on the leftis true, sinchas one node in com- removed last from the tree:
mon with eachp’ and¢’. For the inequation on the right get tree _center (T(V,E),Ec, Vo)
there are two different cases to be examined: {
1.pNg = 0: In this case\(p') = A(¢') = [£], because Vieafs:= {v € V| degree (v) =1}
the longest subpaths @f ¢ to a node in their path centers Fleafs:=0
contain at least half of the edgesmfg. SinceA(c) > 1, while  #V > 2
here (2) is valid. See figure 3 for illustration. Eleafs:= {(v,w) € E | {v,w} N Vigats # 0}
V= V\Vieafs
E := E\Ejeafs
Vieafs:= {v € V | degree (v) =1}
VC =V
if #E>0
Ec:=F
else
Ec := Eleafs

We will now show, that




We will now present polynomial time divide and conquer codes of nodes in different subtrees differ at least in position
algorithms, which construct dilation 1 embeddings of treesi. Since any pair of nodes is somewhere in the recursion
into a hypercube by dividing the trees at the center definedsplitted up and assigned to different subtrees, the encoding
above. is injective.

FAST EMBEDDING ALGORITHM GREEDY EMBEDDING ALGORITHM
We have shown that the removal of an edgeff breaks  The above algorithm is very fast, since it only embeds edges
up a longest path at or near it's center, leaving two subtreegom the spanning tree without regard to costs from other
of unknown size and.struct'ure. Since both subtrees are t@qgges in the PAG. Our second algorithm tries to take into ac-
be embedded recursively, it would be best to balance theount those edges of lower weight, too. This however is only
subtree embeddings with respect to dimension to minimizepossime between nodes, which are connected by a path of
the dimension of the overall embedding. It is however diffi- already embedded edgesiin The new procedure therefore
cult to determine in advance, what dimension a subtree eMalways maintains a region of encoded nobigse Which are
bedding will have. Our first algorithm therefore selects ancqnnected by edges with known indicégncis initialized
edge(v,w) € Ec, whose removal fronk leads to the most  \ith a nodev € Vi of the center of the overall tree. Ev-
evenly sized subtreeS’ andT" with respect to the number  gry time an index is assigned to an edgew), where one
of edges of the subtrees. Then an indexN corresponding  of the nodes, say, is already encoded, the encoded region
to the edge label in the host hypercube is assignéd,t0), s expanded by and others, which are connectedutcby
which means that the labels of the nodes connecteddify previously embedded edges:
fer exactly in position.. Now (v, w) is removed from the . .
tree, splitting it up into two subtrees. The algorithm then re_embed_tree -greedy(tree TV, E), int i)
cursively processes the subtr@&sandT"’: {

embed_tree _fast(tree T(V,E), int 1)

{

get _tree _center (T,Ve,Ec)

get _tree _center (T,Vc¢, Ec)
if  Venc=0

Vjpit ‘= v € Ve

Vjpjt-code = 0

select edge  (v,w) € Ec Venc:= {vinit}

connecting most balanced subtrees

' ) for all (v,w) € Ec

(v,w).idx =1 (v,w).idx := select _index (T, Venci)
remove (v,w) from E =i+ 1
get subtrees  T'(V',E'), T"(V",E") remove (v,w) from E
it #E >0 expand _region (Venc
it #E" >0 it #E >0

;.
embed._tree fast( T", i+1) embed_tree _greedy( T', 1)

}

The lgoitm stas wtembed vee s 7.0 and [12200e o el Sleees o e oot
it terminates, when all edges have indices assigned. OveraE ' : 9 | €dg o
y a special greedy proceduselect _index , which is

. i 5 i
rgntlme Is of the ordgr oD (#V*) of the original graph, . described below. Second, all edgesha are embedded
since the procedure is called once for every edge, while 7" . ) .

L . , within the actual call without selection. This usually leads
an efficient implementation afet _tree _center runsin

O(#V"). To derive an encoding from the embedded tree ato a faster growth of the encoded region in comparison with

code is first assigned to one of the nodes. Then the codes c?ﬁ (; p:ﬁ\éfsussegl?nozﬁzr?iﬁallzcljc;;hesiatmhgt rsel?t:);tor get:iosnl“;g:;?ﬁs
adjacent nodes are computed by toggling the bit adressed b ncgded nodes are embedderc)i, first. This also immediatelg
the index of the connecting edge. This procedure is iterated, . B . ey
until all nodes are encoded. Since there are no cycles thl‘ncreases the encoded region, the size of which determines

L ; . e accuracy of the index selection, as follows:

overall encoding is uniquely determined by the code of any .
node. For an edgg{v,w) nqt connected to the engoded region

By incrementing the index parameteduring the recur- Vencselect index simply returns the maximum index

. ; alue, which corresponds to the edge index assigned in
sion, the embedding procedure ensures, that for any dept : . .
. : . he fast embedding algorithm. If howevér, w) is con-

the index of the edgév, w) selected fromE is not again nected toVen the nodew ¢ Venc can be encoded, and
used in one of the subtrees connecteddyw). This en- enc enc :

sures, that any path from one subtree to another traverses %glc?g;ror_;ntﬂixcofdoé g;lbpotz S|bII?nlngli;:.eﬁ_c;:)erm)ﬁéessv\tlnghri\ﬁw
least one edge with an unique laliel Therefore all state y1oggiing bit. 9

}



costs betweew and all other encoded nodes are determined As we can see, for 28 out of 44 examples the expected
from the product of hamming distance and transition prob-switching activity F, is reduced with respect foow3 ei-
ability from the PAG. If the actual leads to a code that is ther by the fast algorithm or by the greedy algorithm, and it
already used for another node, cost is settoFinally the is increased by both in only three cases. Reduction varies
index leading to the lowest switching costs among the enfrom 2% to 28% with an average of about 13 percent, while

coded nodes is selected: the state register size is always kept at or beldug,, #V'.
int select _index(edge  (v,w), node _set Sometimes a reduction in switching activity is achieved
Venc iNt  imax) without a penalty in the size of the state register. For the
{ power consumption after synthesis, as estimated by SIS, the
if ¢ Venc and w & Venc results can be summarized as follows. Out of 37 circuits,
return iy where SIS optimization terminated for all encodings, 26 of

our best circuits are better in terms of power consumption

\\ assume v € Venc and w ¢ Venc than those encoded ippw3, while only six are worse. Here

for all i€ {l,... imax} _ _ improvement varies from 1% up to 29% with an average of
w.code :=w.code toggled in ith bt about 17 percent. Itis also shown in table |, that for 26 out of

cost (i):= 0 37 circuits improvements were achieved either for both reg-
for all u € Venc ister switching activity and power consumption or for nei-

if w.code = w.code ther of them. This as well as many particular results confirm

cost (i) := oo our assumption, that register switching activity and power

consumption are highly correlated. Comparison of state reg-
ister size and power consumption however reveals no clear
correlation. Sometimes circuits with larger state register dis-
sipate more power, but there are also cases, where the over-

if (u,w) € attraction graph
cost (i) :=cost (i) + h(u,w) x W(u,w)
if cost (i) <cost (imin)

Imin 1= 1 all power dissipation is reduced despite a larger state regis-
return  ipin ter and higher switching activity in the state register. This
} probably comes from larger sequential don’t cares leading

The greedy algorithm is considerably slower than the fasto better optimization by SIS.
one, since for every edge(#V’) indices have to be tested,  This paper addressed the FSM state assignment problem
and for every index all codes from the subset of encodedargeted towards low power dissipation. The problem was
nodes may be examined. It is however still polynomial, andformulated as a hypercube embedding problem, where the
feasible at least for medium sized problems, since all benchembedding process is directed by a maximum spanning tree
mark embeddings were generated within few minutes. of the probability attraction graph of the FSM. We proposed
a modification of Prim’s algorithm to limit the degree of the
4. Results spanning tree and along with it the dimension of the em-
We have run oufast andgreedy encoding algorithms on  bedding. Then two different state embedding algorithms
a set of MCNC FSM examples in kiss2 format. As a refer- were presented, which in about two out of three cases pro-
ence the) (#V #E) encoding algorithnpow3presented by  duced encodings with lower switching activiand power
Benini [1] was selected, since it computes a minimum lengthconsumption than a known heuristic of comparable com-
encoding targeting low state register activity in a compa-plexity. Due to the polynomial runtimes of our algorithms
rable small runtime. The results are summarized in tablethey are applicable to many large FSMs, where the states
I. Columns 1 and 2 contain the circuit name and the num-can be explicitly enumerated. It is also worth mentioning,
ber of states after elimination of unreachable and unleavablenat the proposed heuristics can be used for any state encod-
states. The following six columns in groups of three presenting problem, where the costs can be described by an edge
information about state register size and expected registeseight function of the STG.
activity for each of the algorithms tested. The final three
columns display the estimated power consumptiopliri References
of the circuit generated by SIS after extraction of sequential1] L. Benini and G. DeMicheli: State Ass. for Low Power Diss.
don't cares and optimization witbcript.rugged[10]. The IEEE Journ. on Solid State Circl1(4): 32-40, March 1994
runtimes of the three encoding algorithms are not printed{2] Chen, Sarrafzadeh, Yeap: State Enc. of FSMs for Low
since being in the order of seconds or minutes they were Power Design. To appear in VLSI Design.
always dominated by the preceding Chapman Kolmogoroy3] D.R. Cox and H.D. Miller: The Theory of Stochastic Pro-
and the following sequential optimization script. An aster- cessesChapman Hall, 1965
isk is printed where the optimization script did not terminate[4] ~DeMicheli, Brayton, Sangiovanni: Optimal State Ass. for
within several hours. FSMs.IEEE Trans. on CAD4(3) 269-284, JU|y 1985



circuit #V #bits E,, SIS power (W)
pow3 | fast| greedy|| pow3 | fast| greedy| pow3 | fast| greedy
bbara 10 4 4 4 0.30 | 0.29 0.28 155 146 146
bbsse 13 4 5 6 0.86 | 0.78 0.77 339 | 320 340
bbtas 6 3 3 3 0.44| 0.44 0.44 98 94 97
beecount 7 3 3 4 0.48 | 0.48 0.47 198 214 192
cse 16 4 6 7 0.29 | 0.24 0.24 313 332 331
dk14 7 3 3 3 124 1.11 1.11 501 | 455 443
dk15 4 2 3 3 0.85| 0.83 0.83 406 391 391
dk16 27 5 6 7 1.84| 181 1.67 1176 | 1119 1063
dk17 8 3 4 4 1.04 | 1.04 1.04 333 | 308 304
dk27 7 3 3 3 1.19| 1.36 1.19 182 207 180
dk512 14 4 5 5 148 | 1.37 1.19 360 | 348 318
donfile 24 5 5 7 1.25| 1.42 1.33 506 593 615
dvram 35 6 6 10 1.03| 0.93 0.88 398 | 406 343
exl 20 5 5 7 1.23| 1.22 1.20 480 | 451 528
ex3 9 4 4 4 1.49| 1.28 1.20 344 326 320
ex4 13 4 4 5 1.04 | 0.96 0.96 183 241 222
ex5 8 3 3 3 1.13| 1.13 1.13 300 | 300 300
ex6 7 3 4 3 1.01| 1.03 1.01 388 387 422
ex’ 9 4 4 4 1.00 | 1.00 1.00 171 152 146
fetch 26 5 5 8 1.19| 1.38 1.11 410 | 457 362
keyb 19 5 8 9 0.65 | 0.56 0.56 392 528 455
kirkman 16 4 4 7 0.58 | 0.61 0.61 501 500 397
lion 4 2 2 2 0.40 | 0.40 0.40 87 87 86
lion9 9 4 4 4 0.80 | 0.64 0.64 144 141 149
log 17 5 5 8 0.87 | 0.93 0.76 294 327 *
markl 13 4 6 6 0.93| 0.97 0.95 263 | 274 319
mc 4 2 2 2 0.43 | 0.43 0.43 88 88 88
nucpwr 29 5 6 10 1.20| 1.16 1.04 506 | 445 389
opus 10 4 5 5 0.71] 0.71 0.71 248 222 239
planet 48 6 8 9 1.30| 1.16 1.10 * * *
ramtest 72 7 7 9 0.89 | 0.80 0.76 910 * *
rie 29 5 5 8 0.86 | 0.77 0.72 376 | 366 414
sl 20 5 5 8 1.33| 1.28 1.12 * * 721
s8 5 3 3 3 0.59 | 0.69 0.59 156 180 163
sand 32 5 8 9 0.66 | 0.61 0.57 || 1278 | 1267 *
scf 115 7 12 11 0.85| 0.87 0.85 1260 | 997 901
shiftreg 8 3 3 4 1.25| 1.00 1.25 190 164 164
sse 13 4 5 6 0.86 | 0.78 0.77 339 | 320 331
styr 30 5 6 6 0.59 | 0.58 0.55 * * *
sync 52 6 6 9 0.88 | 0.74 0.74 720 536 577
tav 4 2 2 2 1.00 | 1.00 1.00 158 | 158 158
tbk 32 5 8 10 1.14 | 0.98 0.99 * * 1121
trainll 11 4 4 6 0.79 | 0.79 0.57 253 222 191
train4 4 2 2 2 0.47 | 0.47 0.47 74 74 74
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