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ABSTRACT In this paper, we propose a new technique for placement mi-

Placement migration is the movement of cells in an existing place- gration based on the physical process of diffusion. Diffusion is

ment to address a variety of post placement design closure issues? Well-understood process that moves a physical elements (such as

This work presents a new diffusion-based method that has the ad-air mo!gcgles) from a state with non-zero potential energy to a state
vantage of smooth spreading which preserves the integrity of the (?f .equ,”'b”um' The process can be modeled by tgkmg seyeral small
original placement. Furthermore, the mathematics of the diffusion finite time steps aqd moving each element the distance it would b?
process is a well studied field, with a wide body of formal meth- exp_ected to MOVe In th_at time step. Our approach to plac_emen.t mi-
ods and techniques available to draw upon. Our algorithm takes 9ration does just that; it moves each cell a small amount in a given
advantage of a discrete approximation td@sed formsolution of time step accordln_g to its local density gradient. The more t_lmc_a
the continuous diffusion problem formulation. This approach can St€PS the process is run, the closer the placement gets to achieving
address the problem of post placement optimization for objectives €Auilibrium. The main advantages to this approach are

such as timing, routing congestion, signal integrity, and heat distri-
bution. Our algorithm is also potentially useful as a generic spread-
ing technique to be used in conjunction with analytic or force-
directed placement algorithms. In this paper we use the diffusion
algorithm to address the problem of placement legalization. Our e It changes the placement incrementally and thus can be run
experimental results show significant improvements in wire length only as long as necessary to achieve the desired objective.
and timing as compared to other commonly used techniques.

e It spreads the placemesmoothlywhich is more likely to
preserve the integrity of the original placement as opposed
to techniques which move or swap cells.

e Its implementation is both simple and efficient.

1. INTRODUCTION Existing techniques that can be potentially used for placement

During placement and physical synthesis of VLS| circuits, one Migration are cell expansions [1] [2], flow based legalization [3],
is often faced with tasks such as cell spreading, legalization of heuristic ripple cell movement [4], and single row optimization [5]
overlapping cells, and manipulating the placement to address otherl6]- Cell expansion [2] enforces spreading in global placement by
physical objectives like power and routing congestion. These tasks €xPanding the cells by some amount, which forces more white
share a common theme of starting with an initial placement that is SPace inside the regions where cells were artificially expanded.
“good” and perturbing it so that it is improved in some way while !t still requires to run global ple_lcement, which is s_Iow and non-
still preserving the essential nature (cell ordering, wirelength, etc.) incremental, and would potential change the design characteris-
of the original placement. We call these sets of tasks “placement tic- In an effort to maintain the placement stability, [1] proposed

migration”. Some specific examples of placement migration in- to start placement from a later cut. However, it would still affect
clude: local placement relative order. The network flow approach [3] uses

minimum cost flows and dynamic programming to minimize the
e During physical synthesis, one may insert buffers and re- weighted sum of (squared) movements. Although the flow solution
power gates, creating overlapping cells. The instance needscan give the amount of cells that need to be moved between adja-
to be legalized while preserving the original placement char- cent bins, itis not trivial to decide which cell to move and whether a
acteristics. cell just moved into a bin should be moved again or not. Therefore
it would also change the local relative order during the flow realiza-
o After placement, it may be necessary to make Engineering tion phase. Mongrel [4] uses a greedy heuristic to move cells from
Change Orders (ECO) or insert decoupling capacitors which overflowed bins to under capacity bins in a ripple fashion based
requires spreading to resolve overlaps induced by these changs total wire length (TWL) gain computed for each move between
adjacent bins. Although the ripple move helps maintain relative or-
e Post placement routing analysis determines several hot spotsder, like flow based legalization, this approach can not directly de-
of routing congestion or crosstalk noise. Placement migra- termine the locations of cells when they are moved to another bin.
tion can locally spread out cells in these congested or noisy Therefore the gain computation is somewhat unrealistic when lots
regions. of cells move away from their original locations, or when cells need
to move more than one bin. This approach is more like a greedy re-
e An analytic or force-directed global placer uses placement alization phase with a simple network flow algorithm. The single
migration to spread out the optimal, yet overlapping, squared row optimization techniques [5] [6] use dynamic programming to
wirelength solution. optimally place cells in a single circuit row. However, they can



not handle global placement changes that require cells to move be-where A; is the overlapping area of celland bin(y, k). For sim-
tween rows. Although all these techniques can be used to perturbplicity, we assume the fixed macros either totally occupy a bin or
the placement, the perturbation is rather discrete compared to thenot, therefore the density for a bin on a fixed macro is alwiays
diffusion-based method that is much mea@ntinuous If all the bins have density less than or equal fove can easily
We also need to mention forced directed technique proposed by produce a legal placement by simply snap cells into the closest legal
Eisenmann and Johannes [7] in the context of global placement.location. It is difficult when the bin density is larger thanwhich
Force directed approach generates spreading forces from globaimeans cells need to move out of their own bins. Those cells would
density distribution and uses it in the quadratic optimization for- end up far away from their original locations and affect the relative
mulation. This spreading technique models the density map as anorder. They will also increase the density of other bins and force
electric field whereby every region of the density map has some cells in those bins to move, causing a domino effect. Therefore the
attraction or repulsion to every cell in the design. The diffusion objective of placement migration for legalization is to generate a
based approach generates cell velocities from local density distri- placement that will make the density of each bin untién other
bution and use integral equations of velocities to directly compute words, the objective is to achieve a maximum density,Qf. = 1.
cell location. There are several major differences of force directed Meanwhile, the new placement should be similar to the original il-
approach (FORCE) and diffusion based approach (DIFF): legal placement in order to keep the original design characteristics.
Cells should gradually move between adjacent bins during the mi-
e FORCE determines the cell coordinates by solving the linear gration process instead of jumping to bins far away. Therefore the
system generated by cell connections and spreading forces,placement mitigation for legalization should smoothly move cells
while DIFF computes cell location by solving the integral from bins overd,, . to those undetl,,q. .
equation of the diffusion velocities. The problem of placement migration for legalization can be de-
scribed as: Given an existing placemént, y;) for each celli,
e FORCE computes spreading forces from the global density how to gradually move cells to produce a new placenteffy; )
distribution, while DIFF only requirel®cal density informa- such that the maximum density . is less than or equal i@,
tion to compute velocities. This process is similar to the diffusion process, which moves
material from high concentration area to less concentrated area.

» FORCE can not achieve density equalization withoutthe help Natyrally, we can formulate the placement migration process un-
ofiterations, while DIFF is a closed-form formulation, which  yer the diffusion law, which is given in next section.

can spread out the design without even recompute the real ) )
cell density. The density-time relationship can be solved by 2.2 Diffusion Process

the diffusion equation alone. Although diffusion process has been heard little in VLSI phys-

. e ical design area, it is not unfamiliar at all for the semiconductor
¢ Electric force model can not be used in diffusion process, but ;4 g4y “The dopant diffusion process on chip substrate is a well
dn‘fusm_n velocity ac_tually can l_:)e_used as spreadmg_force for known diffusion process [8]. Intuitively, materials from highly

force dlrected.algonthm. It satisfies all the four requirements concentrated areas would flow into less concentrated areas. Diffu-

for the spreading force [7]. sion is driven by the concentration gradient, which is the slope and
steepness of the concentration difference at a given point. And the
increase in concentration in a cross section of unit area with time is
simply the difference of the material flow into the cross section and
the material flow out of it. The final equilibrium of diffusion is an
qual concentration distribution.

Mathematically, we can describe the relationship of material
concentration with time and space using following equation.

e Itis hard to apply the force-directed approach to placement
migration, which does not start from scratch but from an ex-
isting placement.

Among all the placement migration applications, the most straighg
forward one is legalization. Therefore we will use legalization to
describe the detail of diffusion method. The rest of the paper is
organized as follows. Section 2 describes the formulation of the
diffusion-based placement migration in the context of legalization. 9d _ DV2d )
Section 3 gives the numerical method to simulate the diffusion ot
process. Section 4 describes the proposed diffusion-based legalwhered is the material concentratior) is the diffusivity which
ization algorithm and its implementation details. The experimental determines the speed of diffusion (For the rest of the work, we set
results are shown in section 5, followed by the conclusion in sec- D to 1 for the simplicity of presentation). It states that the speed of

tion 6. density change is linear to its second order gradient over space.
In the context of placement, material concentration can be de-
2. PROBLEM EORMULATION fined as the placement density , (¢). Note that, unlike bin den-

sity d;,,. which is defined on discrete bin coordinatgsk), d.,, is
defined on continuous space coordindtesy).

The boundary conditions af€dy,,,, (t) = 0 for coordinates
(zv, y») ON the chip boundaries or boundaries of fixed macros, be-
: : : : cause cells can not move out of boundary.

2.1 Placement Mlgratlon for Legallzatlon In diffusion a cell migrates from an initial location point to its

Suppose we divide the chip area imbequal sized bins. Ifthe  fina| equilibrium location via a very non-direct route. This route

In this section, we first give the formulation of placement migra-
tion using the example of legalization, then introduce the diffusion
process for placement migration.

chip has a width of¥ and height off/, the densityl; x of each bin can be captured by a velocity function that gives the velocity of a
(J, k) can be defined as: cell at every location in the circuit for a given tinte This veloc-

ity at certain position and time is determined by the local density

NYA; gradient and the density itself. Intuitively, sharp density gradient

djk = WH (1) or sparse density will cause cells to move faster. We can define a
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Figure 1: Cell Trajectory in the Velocity Field.

velocity fieldv,,y, = (vEs,y, vys,y) Of diffusion at timet, which
can be computed as:

ad
_ Oz
de,y
ad
9y
de,y
Therefore, as shown in Fig 1, starting from a initial location
(z(0),y(0)), the cell location(z(t), y(t)) at timet can be calcu-
lated by integrating the velocity field thus:
Z
z(0) +
z°,
VYo (er), (e (1)t
0

VT y (1)

VYz,y (t) (3

t
sz(t’),y(t/) (t/)dt/

y(0) + (4)
With (2), (4) and (3), we can incrementally change a placement
based on the continuous density distribution. However, the contin-

uous form of these equations can not be directly used in placement

migration, which has a discrete bin structure. Therefore, in next
section, we will give a discrete approximation for these equations.

3. DIFFUSION DISCRETIZATION

The discretization of continuous coordinates is similar to divide
the chip image into bins. The widtB,, and heightB;, of a bin

are the steps on horizontal and vertical directions, respectively. We (x

can also discretize continuous timento discrete timen where
t = nAt. In the rest of the paper, we use bin coordingtgs)
instead of the continuous coordinatas y) (For the simplicity of
the presentation, we assunik, = B, = 1), and discrete time
stepn instead of continuous time

Assume that the density; . (n) has already been computed for

d1,3=1.0 d2,3=0.2
Vi2
l_" ‘Vz,z
do2=1.2 |d;-=0.4 #d»,=0.8 |d3,=0.6
V21
Vi1
o1=1.4 |d;1=1.0 dzylz(:% ds;,=0.8
d1,0:1.6 d2,020.6

Figure 2: Density and Velocity Distribuation at Time n.

a density distribution at a given time shown in Fig 2, assuming
At = 0.2. The density of bir(1, 2) at timen + 1 can be computed
as:

dia(n+1) = dia(n) + %5 (daa(n) +doa(n) — 2d12(n)

0.2
+7(d1,3(n) —+ dlyl(n) - 2d172(n)) = 0.64

After we getd; »(n), we can then compute the velocity of each
bin by discretizing (3).

dj+1,6(n) — dj—1,k(n)

vaik(n) = - 2d; 1 (n)
vyjk(n) = — oot (;lcgj’_k(cg)’kﬁ ) (6)
The velocity for bin(1, 1) in Fig 2 can be computed as:
VT, = — %jm =0.5
VY1,1 — 7(11’;6;17?1’0 =0.6

Similarly we can getz 1 = (0.25, —0.25), V22 = (—0.125,0.125),
andvy > = (0.5,0). Keep in mind that at horizontal boundary
vy = 0, and at vertical boundaryx = 0.

To get the cell placement, we need to compute the integral equa-
tion (4). First we use the discretelized form(f), y(n)) instead of
(t),y(t)), wheren ;. to represent the location of a cell.
Then (4) can be transformed into a recursive form. Suppose we
have already computed:(n — 1), y(n — 1)), we can simply use
Taylor expansion to computgn), y(n).

z(n — 1) + vTpn-1),y(n-1)(n — 1) At
y(n — 1) + VYu(n-1),y(n-1)(n — 1) At

z(n)

y(n)

@)

time n. Next we need to find how the density changes and cells .

move during the next time step+ 1. Suppose we use Forward

Time Centered Space (FTCS) [9] scheme to discretize (2) (assum
ing D = 1):
dj,k(n + 1)

i) + S (10 (0) + dy1.0() — 2d5()
At

iy

Starting fromd, 1 (0), we can compute density; . (n) at each
bin (4, k) for any timen using (6). For example, let us consider

(djk+1(n) + dj—1(n) — 2d;,k(n)) 5)

3.1 Velocity Interpolation

One problem with the proposed approach is that every cell within
a bin has the same velocity and will thus get the same displacement.
Meanwhile a cell just across the bin boundary will get a totally dif-
ferent velocity. So before we assign the velocity of a bin to a ve-
locity of a cell, we use interpolation. As shown in Fig. 3, the bin
velocity will be marked at the lower left corner of each bin. The
velocity for a point inside of a bin is interpolated by the velocities
at the four corners of this bin. Given a cell(at, y) which is inside



Bin (1,2) v22 | Bin(2,2) Algorithm 1 Diffusion-based Legalization Algorithm
V1,z> Inputs: cell locations(x;, y; ), max densityl,,q., bin numberv,
diffusion timeT'

1: map cells onto bins and computg;. for each bin(j, k)

Vi1 / 2: computed;,x using (11), the average bin density is Ndw,.

-N0AlL____/___ 3: dj’k(O) — d]',k
£ =04 | Vis14 4 n e 0
Bin (L1 Bin (2,1 S repeat . .
(L) (21) 6: computevz; (n),vy; K (n) for each bin(j, k) using (6)
a=05 7: computez;(n),y;(n) for each celk using (7) and velocity
V2,1 interpolation (8)

8: computed; x(n + 1) for each bin(j, k) using (6)
9 ne—n+1

Figure 3: Velocity Interpolation inside Bin. .
g ¥ interp 10: until n = T ORmaz(d; . (n)) < dmas + A

of bin (j,k), wherej < z < 7+ 1,k <y < k+ 1, we can
computevz,,, andvy.,, using following interpolation:

VIpy = UTk + (VTip1k — vT5k) + BT k41 — VT;k)
+aB(VTjk + VTj41, k41 — VTj41,k — VT4 k41)
Vey = VYjk + a(Vyj+1,e — vY5k) + B0Yk+1 — VYik)

+aB(vyjk + VYj+1,k+1 — VYit1E — VYsk+1) (8)

wherea =z — jandg =y — k.

For the example shown in Fig 3, which is the zoom-in picture of
bin (1, 1) in Fig 2. We calculate the velocity & = 1.5, y = 1.4)
with @ = 0.5, 8 = 0.4,

v1514 = vzl + 0.5(vre1 —vxr1) + 0.4(ver2 — ver)

Figure 4: Diffusion-based Legalization Example.

+0.2(vx1,1 + vE22 — VT2, —vX1,2) = 0.3
w1514 = vy, + 0.5(vy21 —vyr1) + 0.4(vy1,e — vy1,1)

H0.2(0y11 + vyaz — vyt — vy12) = 0.13 4.2 Initial Density Generation

Since the diffusion process will generate an equal density place-
ment when it reaches the equilibrium, we can expect the the final
4. ALGORITHM density after diffusion is average dens&ﬁ]\%’“ of the initial den-

In this section, we first give the diffusion-based legalization sities, which means not only the cells in bins abaweill expand,
algorithm, then describe its implementation details such as how those in bins above average will expand as well. This is unnec-
to manipulate initial density to satisfy the maximum density con- essary and would cause the new placement far different than the
straint, and how to deal with boundary conditions. The complexity original placement. Therefore, to satisfy the maximum density con-

analysis is given at the end. straints while not overly expand bins, we have to change the density
. . . . . values of those bins under the maximum density. Suppose we want
4.1 Diffusion-Based Legallzatlon Algorlthm to achieve the maximum density, .. for the equilibrium, the total

The input of the diffusion-based legalization algorithm are loca- areaA, that need to spread out of bins ovkj.. are:
tions (z;, y;) of each cell, maximum bin densityl,,,qz, bin num-
ber N and diffusion timeT". It first computes the initial bin density Ao = Xmaz(djx — dmaz, 0) ©)
using the given placement, then manipulates the density map toThe total slackA. that can be used to hold,, is:
avoid over spreading, which will be explained in section 4.2. Start-
ing from time 0, it recursively compute bin density, bin velocity As = Emaz(dmae — djyk, 0) (10)
and cell locations for each time step It stops afterT" iterations
or when the maximum bin density is less théh,.... The complete
diffusion algorithm is given in Algorithm 1.

After diffusion, the placement should have a max density of

If we can changé; i for those bins undet,, .. to makeAd, = A,,
then at the equilibrium only the overlaps, will move to A, and
the densities of all the bins will be undé..... One way to adjust

. . L dj i is

dmas and is roughly legal. We need to run a final legalization step 9k
to put cells onto circuit rows without overlap. Any legalizer can ~ dmaz — (dmaz — dj )42 djg < dmaz

. . . . d [ Js Ag Js (11)
be used at this step. It will only take the legalizer a little effort 7, dix dip>d

. Js 7,k = Umax

to remove those overlaps. Here we use the IBM CPlace internal _ ~
legalizer. We can validate that the ned; = Ymaz(dmas — dji,0) = Ao.

Fig 4 shows an example of diffusion-based legalization in a Fig 5 shows an example of the density manipulation f2x& bins.
small region surrounded by fixed blocks. The left picture shows In the left figure, there are one bin whose density is over the
the initial illegal placement. The right picture is the placement out maximum allowed density, two bins whose densities are lower
of legalization. Cells are colored to represent their relative order. than 1, and the other bin whose density is exactly Therefore
We can see after diffusion, the relative orders are not changed. A, = 0.3andAs = 0.6. If we adjust the density on those two bins



dl,o:l.3 d1'1:O.6 dl,O:1-3 d1,1:0.8
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Figure 5: Initial Density.
d3,6:1.0 d4,520.2

d2'5=1.2 d315=0.4 d4,5=0.8 d5,520-6

d2'4=1.4 d3y4=0.8 d4,4=1.0 d5,4=1-0
d3,3:1.6 d4,3:1.0 d5,3=1.0

Figure 6: Boundary Condition.

under1 with (11), we will get the density map shown on the right:
A=A,

d;, will be used as the initial conditions & 0) for the diffusion
equation (6)

d;,(0) = dji
4.3 Macro and Chip Boundary Handling

At the boundary of the chip or a fixed macro, there is no diffu-
sion between either side of the boundary

Vd;i(n) =0

(12)

(13)

The complexity of computing the density and velocity for each
bin at any given time i)(NN), whereN is the total number of
bins. Since the diffusion usually takg(V') time to close to equi-
librium, we need to comput® (V) timing points?, therefore the
complexity of updating density and velocity matrixe<I§N?). If
there areK cells in the design, we need to compu@éN) time
steps to get their final locations. The complexity of computing the
cells locations ar@ (K N). Therefore, the overall complexity is
O(N? + K N). We can see thaV can not be too large for the run-
time consideration. On the other hand, we want to choose a large
N, such that the bin size will be small enough to reflect the detailed
density information.

One way to solve this conflict is to run the diffusion process on
subsets of the chip image. Since the area of each subset is smaller
than the chip area, we can use a smaNeand still get a small bin
size. If we divide the chip int& subsets, the overall complexity
is O(S(&)? + K&). In addition to the runtime advantage, using
subset can help to make the local diffusion. Since the diffusion is
limited in a subset, it will not move cells to other subsets which
could happen if the diffusion is to be performed globally. The
downside of this approach is that the diffusion in one subset can
not migrate into the other subset even if it needs to, which might
result in suboptimal solution. Therefore we need to able to dynami-
cally resize the subset to make sure the available area is bigger than
the overlaps.

5. EXPERIMENTAL RESULTS

In this section, we report the experimental results of diffusion-
based legalizerIpI F'F). We evaluate its merit by comparing it
with other legalizers, i.e. a greedy legaliz&f REE D) which
uses slide-and-spiral techniques to place cells onto their nearest le-
gal locations, and a network flow legalizef LOW’) which uses
min-cost flow algorithm to direct cell movement8 LOW is sim-
ilar to [3], which includes two steps: first cells are roughly spread
out by the min-cost flow algorithm, then, in a second step they are
moved to their final positions such that all overlaps are removed.
GREED sorts all the cells and place them sequentially. It first
tries to place a cell at the original location. If that location is occu-
pied, it performs a spiral search starting from the original location.

where(j, k) are bins on the boundaries of the chip and fixed macros. During a spiral search, it could slide other placed cells a little bit
Therefore, we need to make the densities on both sides the same td" order to fit in. All three legalizers are implementedGhand
assure the density gradient is zero when computing (6). On a hor-run on a IBM P690 server. The timing result are reported by IBM

izontal boundary, we maké; +1(n) = d;k—1(n), while on a
vertical boundaryd;1.x(n) = dj_1,x(n). For example, suppose
At = 0.2 and bin(4, 3) to (5,4) are fixed, the density value for
time n is shown in Fig. (6). When computings 4(n + 1), we
replacedy,4(n) with d2 4(n) to satisfy the vertical boundary con-
ditions.

doa(n+1) = dsa(n) + o (da(n) + da,a(n) — 2daa(n)

0.2
+7(d3,5(n) +ds,3(n) — 2ds,4(n)) = 0.96

Similarly, we replaceu(4,4,n) with «(4,6,n) when computing
u(4,5,n + 1) to satisfy the horizontal boundary conditions:

das(n+1) = das(n)+ %(d&s(n) + ds,5(n) — 2ds,5(n))

0.2
+7(d4,6(n) —+ d4,6(n) — 2d4,5(n)) = 0.62

For bins inside of fixed macros, we do not update the density.

4.4 Complexity Analysis

Einstimer.
Table 1: Design sizes and inflations
testcases number of cells| size(mm) | Inflation(%)
cktl 64K 19x1.9 23.1
ckt2 72K 23x23 32.4
ckt3 159K 5.3x5.3 47.2
ckt4 216K 9.0x9.0 40.4
ckt5 307K 11.9x11.9 254
ckt6 440K 10.0x 10.0 42.2
ckt7 1076K 13.0x13.0 18.9

We use7 industrial circuits for comparison. The sizes of cir-
cuits range from 64K cells to over a million cells. All the circuits
were legally placed initially. To simulate the behavior of repow-
ering in physical synthesis we inflate cells which creates overlaps
that need to be resolved. This technique can also be used to reduce

LI we choose a biggea for the max density constraint in Algo-
rithm 1, it can be significantly less th&n(V).



routing congestion using diffusion to resolve overlap removal from

inflating cells in congested regions. The circuit sizes and amount Table 4: FOM Comparison of Three Legalizers (ns)

of inflations generated are reported in Table 1 (the inflations are testcases Base | GREED | FLOW | DIFF | %improv
reported as the percentage of inflation to the total moveable cell cktl -3188 | -4942 | -8441 | -3883 60
areas) . ckt2 0 -247 -620 -319 -29
ckt3 -446 -1073 | -1054 | -524 87
ckt4 -557 -1321 | -1068 | -862 40
Table 2: TWL Comparison of Three Legalizers (m) ckt5 -144 -4827 -4871 | -3069 38
testcases Base | GREED | FLOW | DIFF | %improv ckt6 -15286 | -24694 | -24154 | -22936 14
cktl 11.48| 13.23 13.40 | 12.46 44 ckt7 -2583 -5391 -7631 | -4157 44
ckt2 15.06| 17.03 | 17.33 | 16.65 19 Average 36
ckt3 47.10| 52.47 | 52.65 | 51.76 13
ckt4 51.37| 59.02 | 58.67 | 56.85 25
cktb 150.8| 159.0 | 159.2 | 158.7 3 Table 5: CPU Time Comparison of Three Legalizers (s)
ckt6 166.6| 175.6 | 175.4 | 174.8 8 testcases GREED | FLOW | DIFF
ckt7 367.7| 3827 | 3825 | 381.7 5 cktl 161 55 107
Average 17 ckt2 41 24 74
ckt3 228 197 290
ckt4 320 313 581
ckt5 414 584 841
Table 3: Worst Slack Comparison of Three Legalizers (ns) ckt6 619 626 | 1231
testcases Base | GREED | FLOW | DIFF | %improv ckt7 2102 1768 | 4681
cktl -0.571| -1.266 | -1.497 | -0.921 50
ckt2 0.275 | -0.287 | -0.789 | -0.065 40
ckt3 -0.265| -1.155 | -1.121 | -0.265 100 or concentrated inflations. Table 6 shows the result®éf F
ckt4 -1.592| -3.569 | -3.447 | -2.373 58 and FLOW on the same circuitkt1 but with different inflation
ckt5 -0.623| -6.072 | -3.640 | -2.047 52 distributions. The inflations are centralized)( or distributed al-
ckt6 -0.387| -3.450 | -3.562 | -3.305 5 most evenly D). The amounts of inflations are 23% and 18% for
ckt7 -0.796| -1.601 | -1.274 | -0.796 100 centralized and distributed cases, respectively. The centralized in-
Average 15 flation mimics a hot-spot that need to be spread out. The distributed

inflation is more like legalization after physical synthesis.col-
Table 2, 3, and 4 show th&W L, worst slack andFOM 2 umn reports the difference 6f andD. Both DIFF and FLOW
results of the three legalizers. Since we inflate cells, the new place-9€t Worse results on concentrated inflation distribution than those
ment have longer wire length, worse slack @i@M than those on distributed inflation distribution, although the amount of infla-
of the original placements. TH&improv column of each table tions are actuall_y smaller fo_r _concentrat_ed case. _Hoyvev_er, we can
reports the improvement dd1 F F over the best result of LOW see thatDIF'F is less sensitive to the |nfl_at|on distribution than
andGREED. We can see thdd ] F F achieves significantly smaller £ LOW. TheTW L degradation ofD1FF" is only 0.16m com-
TWL than FLOW or GREED. The average improvement of ~ Pared tol.06m of the FLOW. The slack and"OM degradation
TW L over seven circuits aré7%. The average improvementon  Of DIF'F is also significantly lower than those &fLOW. This
wiring congestion i227% (detailed number for each circuit not |n(_1||cates that diffusion-based legalization can handle hot-spot situ-
shown due to space limit). The slack aftD)M degradation of ~ ation better than the network flow based method.
DIFFis also significantly less than thosel6L.OW andGREED.

The average improvement 611 'F' over the best of” LOW and Table 6: Inflation Distribution Effect on Legalization
GREED is 45% of slack and36% for FOM. These results are TWL (m) Slack () FOM(S)
actually conservative because dht5, ckt6 and ckt7, the infla- type(%) [ FLOW | DIFF | FLOW | DIFF | FLOW | DIFF

tion did not cause a larger amount of overlaps due to sparse initial —p23) | 13.40 | 12.46 | -1.497 | -0.921 | -8441 | -3883
placements. We have also compared the three legalizers on indusf C(18) 1446 | 12.62] -1.976 | -1.253 | -11822 | -4361
try circuits generated by physical synthesis with overlapping mode, A 106 | 016 | 0479 -0.332 | 3381 | 478
the results show thaDIF'F' gives better timing,'WW L and con-

gestion for those circuits. Due to page limit, those result are not

shown.
Table 5 reports the runtimes for three legalizers. The runtime 6. CONCLUSIONS
of DIFF' is about 2X of FLOW. It takes a little more than an The incremental nature of design optimization demands smooth

hour to Iegalize.alM cells circuit, wh'ich is still accgptable. To  placement mitigation techniques. They must be capable of spread-
reduce the runtime, we can use a bigger subset size, sméller ing cells to satisfy design constrains such as image space, rout-
or shorter?’ for diffusion. We can also easily reduce the runtime ing congestion, signal integrity and heat distribution, while keep-

by tuning our C/C++ implementatiot{R E 2D and FLOW are ing the original relative order. To address these tasks, we proposed
heavily tuned codes). o S a diffusion-based method. This method inherits the characteris-
We also test" LOW and DIFF with different inflation dis- tics of local movement and incrementality of a physical diffusion

tributions to see whetheD I F'F' is better on distributed inflations  process. And the similarities between the physical process of dif-

2OM is a metric that measure the amount of work needed for fusion whi(_:h move material from high con(_:entr_ation area to low
a designer to close timing; basically it is weighted area under the concentration area, and the placement migrations such as legal-
timing histogram of the paths with negative slack. ization which move cells from overlapping area to under occupied




area, congestion mitigation which move cells from congested area
to non-congested area, etc. make the diffusion method very attrac-
tive. The experiment result on legalization problem has demon-
strated very significant improvements on timing and wire length
over conventional methods.
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