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Abstract

Excessive power supply noise increases propagation de-
lay of switching gates and reduces noise margin of the cir-
cuit. Adding on-chip decoupling capacitors (decaps) is an
effective way to reduce voltage noise in a on-chip power de-
livery system. In this paper, we propose an efficient and novel
algorithm to allocate decaps in an area efficient way. The
new algorithm applies the sequence of linear programming
based approach to searching the minimum decap area to re-
duce voltage drop below user specified threshold. We show
existing sensitivity based decap allocation algorithms tend
to over estimate the decap areas due to nonlinear sensitivity
dependence on decap values. Experimental results show that
the proposed algorithm uses significantly less decap area
than the existing conjugate gradient based approach but with
similar CPU runtimes.

1 Introduction

With increasing integration density and roaring clock fre-
quency, reliable on-chip power supply becomes a critical
concern for VLSI chip design. To retain signal integrity in
power/ground (P/G) network, which supplies power from the
power/ground pads to all modules on a chip, extra careful
design effort is required to reduce the voltage noise in the
on-chip power supply networks. Excessive voltage varia-
tions, including voltage drop and ground bounce, would have
an adverse impact on chip performance and reliability, since
they not only degrade the already tight noise margin in to-
day’s VVLSI circuits, but also increase gate delay, cause false
logic switching, and sometimes even lead to logic failure. In
practice, most designs now require voltage drop to be con-
fined to certain percentage (like 10%) of the nominal supply
voltage.

Adding decoupling capacitors is an effective way to re-
duce AT noise in package as shown before [6, 13]. For VLSI
design, the inductive wire impedance can no longer be ig-
nored, and the on-chip AT noise becomes more pronounced
as inductance scales poorly with wire sizing. As a result,
on-chip decaps are indispensable for robust on-chip power
suppI?/ [15, 3, 17]. On the other hand, on-chip decaps are
usually manufactured as gate capacitance of transistors. As
the supply voltage continues scaling, leakage currents due to
reduced threshold voltage and dielectric leakage prevent ex-
cessive use of decaps [2]. So economic use of on-chip decaps
is equivalently important.

In this paper, we propose an efficient decap allocation al-
gorithm, which explicitly minimizes the decap area subject
to the voltage drops and other design rule constraints. We
formulate the decap allocation problem as a linear program-
ming problem and solve it by a sequence of linear program-
ming (SLP) method. Although we only address decap opti-
mization for voltage drop here, ground bounce can be dealt
with in a similar fashion with little modification. The new de-
cap allocation algorithm is especially suitable for P/G grids
with a few troubling spots, which is typically the case for a
properly designed P/G grid, where a priori decaps are added
already by other tools based on some simple estimation. Ex-
perimental results show that the new algorithm uses signifi-
cantly less decap area than the best existing decap allocation
aI%orithm [8] with similar performance. Similar with 511], to
achieve even higher efficiency with extremely large P/G net-
works, a hierarchical decap budgeting strategy can also be
easily developed based on the algorithm presented here.
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The rest of this paper is organized as follows. The next
section briefly reviews existing sensitivity-based decap bud-
geting algorithms. Section 3 forms decap budgeting into a
sequence of linear programming problem. Section 4 presents
the SLP based decap allocation strategy with discussion of
some practical implementation considerations. Experimental
results are presented in section 5. The last session concludes
the paper and comments on future work.

2 Review of Sensitivity-Based Decap Alloca-
tion Algorithms

Existing on-chip decap budgeting algorithms basically
fall into two categories. In [16, 12, 3, 15], the current pattern
around ’hot spots’ (where excessive voltage drop occurs) is
first derived and electric charge needed to supply that cur-
rent demand is estimated. To get an optimal decap budget,
a critical step here is the precise estimation of voltage drop,
which unfortunately, proves to be difficult for practical P/G
networks. Usually only a lower or upper bound of maximum
voltage drop can be obtained [2].

Another category is the sensitivity based optimization [17,
1, 10], where the adjoint method [5, 4] is applied to calculate
sensitivity of violation area with respect to decap in time do-
main:
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is defined as the violation area at node j, with tY) the start of

violation, and tﬁj) the end of violation. V,,,;,, is the tolerance
of voltage drop. v, (t) is the transient voltage at node j and ¢;
is the added decap at node 7. In [17], violation area at node
7 is explicitly reduced as the objective function based on the
sensitivity information one at a time. But a problem with this
method is that the decap area is not explicitly miniminized.

Recent work [8] improved the sensitivity based decap
allocation algorithm by using time domain merged adjoint
method for fast sensitivity calculation and explicitly consid-
ering the decap area optimization in the objective function.
Merged adjoint method allows the sensitivity to be com-
puted directly for the objective function instead of individual
nodes. The conjugate gradient (CG) optimization method
was used to minimize the following objective function itera-
tively, which considers decap area explicitly:
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where the weighting factor « will keep changing in each
CG iteration. Notice that in (3) we used Ac; instead of ¢; to
denote added decaps at each iteration.

A drawback with CG method is the slow convergence of
CG optimization. Theoretically it takes n steps before CG
converges, where n is number of variables [9]. Moreover,
in [8] « is estimated after each iteration by equating the two
summation items in (3). The idea behind this is to let CG to
reduce violation area and decap area at the same time. But
such balance can be misleading for optimization —sometimes
it tends to inflate an actually unimportant part and renders



optimization less efficient. For example, at later stages when
there’s very little violation left, a little bit more decap would
suffice, but with a very large o, optimization is not very well
oriented, because the direction of CG is decided by gradient
of the objective function which is mainly determined by the
value of «, instead of the sensitivity of violation with respect
to decap itself.

More importantly, in practice, selection of « proves to be
tricky and difficult. For CG to perform optimization effi-
ciently, an objective function is supposed to be convex on its
domain. If (3) is monotonously decreasing, line search for
the minimum would end up with a full step and stop at the
far end, adding decaps for all nodes with non-zero sensitiv-
ities and the maximum allowed decap for the node with the
greatest sensitivity. This often leads to overestimation of the
necessary decap. Even worse, when (3) is monotonously in-
creasing, line search always ends at the starting point, and
optimization is stuck at the current stage since no decap
would be added. The first case corresponds to a too big
«, which favors violation too much; the second case corre-
sponds to a too small «, favoring decap area too much.

3 Sequence of Linear Programming Based
Decaps Allocation

In this section, we show how the sequence of linear pro-
gramming method can be applied to solve the decap alloca-
tion problem.

3.1 Sequence of Linear Programming

The basic idea of sequence of linear programming (SLP)
method is to linearize the nonlinear parts of a nonlinear op-
timization problem and solve the linearized programming
problem by a sequence of linear programming method in an
iterative way. SLP method is similar to the Newton-Raphson
method for solving nonlinear equations, where linearized cir-
cuit matrix (Jacobian) is solved iteratively to find the so-
lution. So SLP will have a quadratic convergence rate and
is usually better than conjugate gradient method in terms of
convergence rate as demonstrated in [18].

3.2 Problem Formulation

In contrast to the inherent ambiguousness in (3), we
choose decap area minimization as the sole objective and
enforce violation elimination as a constraint. Since on-chip
area for a capacitor is linearly proportional to the capacitance
value, minimization of decap area is equivalent to minimiza-
tion of total decap values.
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where d; is the maximum decap allowed at node 4, a param-
eter decided by the available white space (WS) around node
1. Notice that there are other power integrity constraints like
current density for eletromigration. Assuming those power
integrity constraints are better addressed by other optimiza-
tion options like wire-sizing and topology selection etc., we
ignore them here for simplicity.

In our problem, the only nonlinear portion is the con-
straint (5). Hence our first step is to linearize it with sensitiv-
ity s;; defined in(1). Computation for s;; will be discussed
in the next section. With s;;, to remove the IR drop violation

at node j, we add decap at node ¢ based on the first order
approximation. This is true for other candidate nodes with
tunable decaps. As a result, to meet with the nonlinear viola-
tion constraint (5) at violation node j, we have the following
linearized constraint for added decaps Ac;:
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Replacing constraint Eq. (5) with (7), we end up with a linear
programming problem. Iteration goes on until all violation is
eliminated. In practice, we may not always be able to remove
all the IR drop constraints due to other constraints.

3.3 Sensitivity computation

The sensitivity defined in (1? is, more precisely, incremen-
tal sensitivity (also called small change sensitivity). Two ma-
jor methods to calculate incremental sensitivity are the direct
method which involves construction of a sensitivity circuit,
and the adjoint method [5, 4], which involves construction of
an adjoint circuit [14, 7]. As concluded in [7], the former has
advantage in computation of sensitivities of many responses
with respect to a few parameters, and the latter fits better in
cases where sensitivities of a few responses with respect to
many parameters are required, which is exactly our case. To
save space here we only present some relevant conclusions
from the adjoint method, which can be basically deducted
from Tellegen’s Theorem.
The performance function in our problem is

T
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Following adjoint method, we have
T
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where v;(t) is the derivative of voltage waveform at node ¢

with respect to the normal forward time, v; ;(7" — t) is the

waveform at node ¢ in the adjoint circuit under excitation at
node j with respect to the reverse time related to the adjoint
circuit, and s;; is defined in (1). Now that the performance
function (8) is already in integration form, so
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which is a unit step waveform between the start and end of
violation at node ;.

4 Proposed SLP-based Decap Allocation
Framework

We first consider some important practical issues, which
would affect speed, memory and optimization results, then
present the entire flow.

4.1 Constraint Relaxation

One important observation is that decap sensitivity is a
nonlinear function of decap values. Detailed study shows
that the decap sensitivity (absolute value) of a node typically
increases with added decap values at the same node as shown
in Fig. 1. It reaches a peak at some point and then goes down
to zero when the violation goes away. This implies that we
would over-estimate decaps based on the sensitivity calcu-
lated when no decaps or small decaps are added at the begin-
ning.

This causes two problems. First, SLP may fail to find a
feasible solution given a very small sensitivity as small sen-
sitivity may lead to large decaps to remove the same amount
of violation area due to constraint (7). But the decap areas
can not go too large as they are also bounded by constraint
(6). Second, we may add more decaps than necessary due
to smaller sensitivities. That actually explains why existing
sensitivity based methods like [17], which does not optimize
decap areas, tend to require more decaps. For SLP method,
this also leads to over estimation as we do not further opti-
mize decaps for a violating node when the violation is gone
after decaps are added sufficiently.

(10)
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Fig ure 1. Typical pattern of sensitivity change with added decap
value

To resolve this issue, we intentionally relax the violation
area constraint by artificially increasing all sensitivity values
calculated at earlier stages by multiplying them, or equiva-
lently, dividing violation at all nodes, with a constant value.
Notice that this relaxation won’t change the relative mag-
nitude among sensitivities, thus keeping optimization in the
right direction until a feasible solution is found by a linear
programming solver.

Another benefit of such constraint relaxation strategy is
that for actually infeasible decap allocation problems (the vi-
olation can not be completely removed), the proposed SLP
can detect the infeasible problem or give a solution which
removes as much violation area as possible.

4.2 Fast Convolution Computation

If no controlled source exists in the original P/G network,
which is true for P/G grids modeled as RLC linear networks,
the adjoint network is a passive circuit and further improve-
ment can be made.

From (10) we know that there’s no excitation in the ad-
joint network and all node voltages remain zero until tgj),
which is the time point when violation ends for node j (no-
tice simulation for an adjoint network is performed in reverse
time, from 7" to 0). As a result, convolution is only necessary

in the interval [0, £ )] for any node 7 and indeed, (9) can be
modified with:
o)
Sij = / U;,j (T — t) X @i(t)dt (11)
0
4.3 Other Practical Issues

The most memory consuming part of the adjoint method
is to store waveforms at every node in both original circuit
and adjoint circuit. Basically we follow [17] and store wave-
forms with piecewise approximation. In this way the dimen-
sion of a waveform matrix to be stored is number of time
steps by number of circuit nodes. This can be huge for large
circuits, specially small time steps are required for precision.
However, noticing that as the simulation for the adjoint net-
work goes on from 7" to 0, convolution in (9) can be carried
out at each time step on the fly. There’s no need to store the
adjoint waveforms, which leads to a great memory saving.

To avoid numerical problems, data scaling is needed, as
sensitivities, decaps and voltage changes can be very small.
Also, as indicated in [18], power networks should be con-
verted to ground networks for better numerical stability dur-
ing SLP. The transformation can be done by the following
rules: (1) short-circuit all VDD pads to the ground; (2) in-
verse the directions of all independent current sources.

4.4 The SLP-based Decap Allocation Flow

With previous discussion, our decap budgeting algorithm
can be summarized in Fig. 2.

Sensitivity relaxation discussed in section 4.1 is carried
out in step 8, where all sensitivities are magnified by a con-
stant. This constant can be selected according to optimiza-
tion stages, or, in our implementation, the ratio of current vi-
olation with already added decap to original violation before
decap placement. Usually the larger constant is, the smaller
decap budget yielded, but the longer operation time.

DECAPBUDGETSL P(PIG network)
Solveinput circuit, establish violation node set;
while (violation node set is not empty){
Store waveform for all nodes;
Construct adjoint network;
for node j in violation node set{
Apply excitation at node ;5 and solve adjoint network;
Convolute waveforms and compute all s;;;}
Magnify al s;; according to current violation stage ;
Formulate LP problem and Solve the LP problem;
10 while (LP solver fi nds problem infeasible {
11 Increase s;; solve the relaxed LP problem again;}
12 Update decap with output from LP solver;
13  Solvecircuit with updated decap, update violation node set; }
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Figure 2. SLP-BASED DECAP BUDGETING ALGO-
RITHM .

The number of the outer iteration is dependent on the con-
vergence of SLP, which has a quadratic convergence rate. In-
deed we observe that SLP usually converges in several itera-
tions for most of our experiment circuits. Within each of this
iteration, a total number of (1+violation node number) sim-
ulations are to be performed. The first 1 denotes simulation
for the normal circuit and the rest are simulation of adjoint
network with different excitations.

The time complexity of the algorithm depends on the
number of violation nodes. It is efficient given a small num-
ber of violaton nodes, which usually is the case for a well de-
signed P/G grid. Also violation node number often decreases
quickly as optimization goes on and it’s not uncommon to
find there’s only several nodes at later iterations.

For extremely large P/G networks with many violation
nodes, a hierarchical decap budgeting method can be devel-
oped. Basically, the circuit is partitioned into several blocks,
each with a relatively small number of violation nodes. Note
that in hierarchical decap allocation, boundary conditions
need to be taken care of explicitly. The SLP algorithm pre-
sented here can be readily fit into hierarchical analysis like
the work in [11]. Since the SLP-based decap algorithm usu-
ally yields smaller budgets than other methods, combination
of hierarchical analysis and the SLP-based decap algorithm
presented here can be expected to be both fast and efficient
in decap allocation. In this paper we only focus on the de-
cap budgeting algorithm itself and won’t go to further details
about hierarchical methods, but we note that for a given cir-
cuit, the hierarchical strategy usually yields similar or even
smaller decap budgets than the flat method [11].

5 Experimental Results

Based on the proposed SLP-based optimization algorithm
outlined in Fig. 2, we implemented our prototype decap bud-
geting tool in C++. All experiments are carried out on a
Linux workstation with dual 1.6GHz AMD Althon CPUs and
2G memory.

All P/G circuits are generated by the authors with realistic
parameters for R, C and current sources based on industry
designs. Since our approach is general enough, those P/G
circuits are enough for evaluation purpose too.

For fair and reasonable comparison between the conjugate
gradient (CG) and sequence of linear programming ?SLP)
based optimization algorithms, we modified [8] by explicitly
trying to bracket the minimum before each line search, thus
avoiding the problem mentioned in section 2. If the bracket
fails, « is adapted correspondingly and the bracket is tried
again, and so on. Incorporating this step ensures the follow-
ing line search effective and more importantly, makes the al-
gorithm robust enough for all examples. Bracketing the min-
iImum avoids useless line searches and would only improve
efficiency of the CG algorithm.

We tested P/G networks of different sizes and results are
summarized in Table 1. Column 1, 2, 3 represent circuit
name, total node number, and violation node number respec-
tively. Parameters including voltage drop tolerance, maxi-
mum decap at each node can be specified by users and are



Table 1. Comparison with CG method for P/G decap allocation

O #vio CG SLP decap budget
H Circuit ‘ #nodes nodes H decap [ iter | time(s) H decap [ iter [ time(s) || SLP/ CG H
ckil 185 4 4.08e-7 7 62 1.66e-7 2 4 40.7%
ckt2 553 15 2.40e-6 | 12 113 1.08e-6 7 11 45.0%
ckt3 1720 34 3.53e-7 | 10 158 8.50e-8 7 81 24.1%
ckt4 6105 260 3.70e-8 6 544 1.15e-8 1 198 31.8%
ckt5 14840 592 3.98e-8 | 7 1545 1.58e-8 5 1996 39.7%
ckt6 51360 126 4.83e-8 | 2 630 1.07e-8 1 754 22.2%

the same for CG and SLP. The last column compares the al-
located decaps by SLP and CG.

For all these circuits, violation elimination requirement
was achieved after decap placement. We compared decap
area, iteration number and optimization time.

From Table 1, we found that to achieve the same require-
ment, less decap budget is found by SLP optimization. For
some circuits like ckt3, ckt6, the SLP budget is only about
one fourth of that from CG.

This is not surprising, since SLP is based on more infor-
mation: adjoint method yields sensitivity of violation at ev-
ery node with respect to every decap, while merged adjoint
method only calculates the summed sensitivity of violation
with respect to each decap.

It can be seen that for P/G networks up to 10° nodes with
less than 5% violation nodes, SLP-based optimization can be
faster than the merged time adjoint method based CG opti-
mization. The speed advantage gained in sensitivity calcu-
lation by merged adjoint method is offset by the difficulty
with finding a suitable « to satisfy the convex property of
the objective function on its domain. The slow convergence
inherent with CG optimization can also be observed by com-
parison of iteration times.

Both searching for « and more iterations involve extra line
searches, which are expensive in decap optimization. Each
line search step involves a complete transient simulation pro-
cess of a circuit with different decap values, while simula-
tion for an adjoint circuit with different excitation only needs
forward substitution when LU decomposition of the original
circuit is reused.

If method in [8] is directly implemented without the afore-
mentioned « adjusting step, more line searches would be
wasted for a probably monotonous objective function (3),
and if unfortunately, (3) is a monotonously increasing one on
its domain, CG would just refuse to make any step forward
and optimization fails.

It can be observed from Table 1 that for large circuits with
more than 10 nodes, the speed advantage of SLP diminishes
because of the increasing number of violation nodes, each
corresponding to an adjoint circuit to be simulated. Thus
for truly large circuits, we will apply the divide and conquer
strategy, i.e., partitioning the large circuit into a number of
small circuits and optimize them individually. Notice that
directly optimizing very large P/G grids by CG method is
also prohibitive as transient simulations of the entire large
P/G circuits, which already is very slow or even infeasible,
are carried out at the internal optimization loop.

6 Conclusion and Future Work

This paper proposed a novel and efficient algorithm for al-
locating on-chip decoupling capacitors. The new algorithm
is based on sequence of linear programmings. Compared
to existing conjugate gradient optimization and other non-
linear programming methods, sequence of linear program-
ming demonstrates a faster convergence and much better op-
timization quality. For P/G circuits without too many viola-
tion nodes, which usually is the case for well designed P/G
grids, the proposed algorithm is found faster than algorithms
based on the time domain merged adjoint method. Since we
explicitly optimize decap area, the proposed algorithm yields
a smaller decap budget than existing sensitivity based decap
opltimization algorithm as demonstrated by experimental re-
sults.

For very larger P/G grids, partitioning based strategy can
be employed to achieve higher efficiency. Since the SLP-
based decap algorithm usually yields smaller budgets than
other methods, combination of hierarchical analysis and the
SLP-based decap algorithm presented here can be expected
to be both fast and efficient in decap allocation.
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