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Abstract

Adding on-chip decoupling capacitors (decaps) is an ef-
fective way to reduce voltage noise in power/ground net-
works and ensure robust power delivery. In this paper, we
present a fast decap allocation algorithm, which is able to
confinethe voltage fluctuations below user specified thresh-
old by adding decapsin an area efficient way. The new algo-
rithmadoptsthe recently proposed time-domain adjoint net-
work method for sensitivity calculation. To avoid the time
consuming line search at each iteration in conjugate gradi-
ent method, we proposed a simple, yet efficient search step
computation method to accel erate the optimization process.
The experimental results show that the proposed algorithm
is at least 10X faster than the fastest conjugate gradient
method reported so far with similar optimization results.

1 Introduction

With increasing integration density and soaring clock
frequency, reliable on-chip power supply becomes a critical
concern for VLSI chip design. To retain signal integrity in
power/ground (P/G) networks, which supplies power from
the power/ground pads to all modules on a chip, extra de-
sign effort is required to reduce the voltage noise. Exces-
sive voltage variations, 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 today’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 volt-
age drop to be confined to a certain percentage (like 10%)
of the nominal supply voltage.

Adding decoupling capacitors is an effective way to re-
duce the AT noise in package as shown before [6, 11]. For
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VLSI design, the inductive wire impedance can no longer
be ignored, and the on-chip AI noise becomes more pro-
nounced, as inductance scales poorly with wire sizing. As
a result, on-chip decaps have been introduced and widely
adopted for robust on-chip power supply [13, 3, 15]. How-
ever, the problem of decap budgeting can be challenging.
On one hand, since the value of an on-chip capacitor is lin-
early proportional to its on-chip area, decap placement is
strictly limited by available on-chip white space. Minimiza-
tion of decap area is equivalent to minimization of the total
decap budget. Moreover, on-chip decaps are usually man-
ufactured as gate capacitance of transistors. As the supply
voltage continues scaling, leakage currents due to reduced
threshold voltage and dielectric leakage prevent excessive
use of decaps [2]. On the other hand, adding decap is es-
sentially a post-processing step of P/G network design and
is often expected to be fast even for large circuits. But since
decap budget optimization involves repeated simulation of
circuits, this step can be quite time-consuming when cir-
cuits grow very large [8].

In this paper, we propose an efficient decap allocation
algorithm, which is based on the recently proposed time-
domain merged adjoint network method [8] for sensitivity
calculation and a binary search strategy to reduce the de-
cap budget, subject to the voltage drop and other design
rule constraints. Although we will only address decap opti-
mization for voltage drop here, ground bounce can be dealt
with in a very similar fashion with little change. Theoretical
analysis indicates speed advantage of the new decap alloca-
tion algorithm compared to existing methods. Experimental
results show that it is indeed significantly faster than exist-
ing methods like [8] with similar decap budgets, and can be
applied to large circuits directly.

The rest of this paper is organized as follows. The fol-
lowing section briefly reviews existing sensitivity-based de-
cap budgeting algorithms. The new algorithm is introduced
in section 3. Aspects of practical implementation and the-



oretical analysis regarding to time complexity are also dis-
cussed. Experimental results with different circuits are pre-
sented in section 4. Section 5 concludes the paper and com-
ments on future work.

2 Review of Senditivity-Based Decap Alloca-
tion Algorithms

Existing on-chip decap budgeting algorithms basically
fall into two categories. In [14, 10, 3, 13], the current pattern
around "hot spots’(where excessive voltage drop occurs) is
first derived and the amount of electric charge needed to
supply that current demand is estimated. To obtain an opti-
mal decap budget, a critical step for these methods is the
precise estimation of voltage drops, which unfortunately
proves to be difficult for practical P/G networks without
simulation. Usually only a lower or upper bound of max-
imum voltage drop can be obtained [2].

Another category is the sensitivity based optimiza-
tion [15, 1, 9], in which the adjoint network method [5, 4]
can be applied to calculate sensitivity:
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where ¢; is the decap added at node ¢, n is the number
of nodes where decaps can be added. For simplicity we
assume all nodes are candidates for adding decap, thus n
equals the circuit node number and this assumption applies
to the rest of this paper.

T
giery ., cn) = / max(Viin — v;(t),0)dt  (2)
0

is defined as the violation area at node j. V,,.;», is the toler-
ance of voltage drop, which can be specified by users. v ;(t)
is the transient voltage at node j. So the sensitivity defined
in (1) measures how fast violation area at node ;5 changes
with respect to decap added at node 1.

Violation area is shown to be a good metric for voltage
noise [15]. Indeed, [15] chooses the total violation area in
circuit as the objective function and computes sensitivity of
violation area at each node to each decap. A Lagrangian
function is formulated and then fed into a quadratic pro-
gramming solver. The iteration goes on until violation is
eliminated. A problem with this method is that decap area
is not explicitly minimized but only taken as a constraint,
which may lead to overestimated decaps. Moreover, sensi-
tivity computation with the adjoint network method [5, 4] is
quite expensive in this case. Two simulations are required
s4; for each node j, one for the normal circuit and one for
the adjoint circuit with the same size. Ignoring overhead
from the quadratic programming solver, the time complex-
ity is approximately O(2n!-5lmh), where m is the number

of violation nodes, [ is number of sampling time points, and
h number of optimization iterations. The term i depends on
convergence rate of the optimization method, and n - is the
typical time complexity for solving sparse matrices [17].
Recent work [8] improved the sensitivity based decap al-
location algorithm by introducing the time domain merged
adjoint network method and explicitly minimizing decap
area by incorporating it into the objective function. In [8],
the merged adjoint network method computes sensitivity di-
rectly for the objective function, instead of computing for
individual nodes and summing them up. The conjugate gra-
dient (CG) method is applied to minimize the following ob-
jective function iteratively, which considers decap area ex-

plicitly:
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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 extra decaps added at each iteration. Here violation
and decaps are both incorporated into the objective function
and will be optimized by CG at the same time. But such bal-
ance can be misleading for optimization. Since the direction
of optimization is not decided by the sensitivity of violation
with respect to decap, but the gradient of (3) in which «
plays an important part. An improper o would inflate an
actually unimportant part and renders optimization less ef-
ficient. In practice, selection of « is critical. If a chosen «
happens to make the objective function (3) monotonously
increasing, optimization stagnates and no extra decap will
be added. Essentially this « is too small, favoring the first
part of (3) too much. Unfortunately, how to select a « is not
mentioned in [8].

3 Proposed Method

In this section, we show how we can derive a more robust
and much faster method for decap budgeting, based on the
improved objective function.

3.1 Problem Formulation

To avoid the inherent ambiguousness in (3), we still fol-
low [15] and choose total violation area as the objective
function.

Objective function
min Zgj(cl,...,cn) 4)
j=1

M aximum decap constraint
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where d; is the maximum decap allowed at node 7, a pa-
rameter decided by the available white space around node
1. There may be other power integrity constraints like cur-
rent density for electro-migration. 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.

From the Weierstrass theorem in optimization theory [?],
(4) is defined on a non-empty compact set and is guaranteed
to have a maximum and a minimum. Intuitively they corre-
spond to cases when no decap is added and when all decaps
are added to their limit. However, our real objective is to
eliminate violation with the user specified threshold. So in
fact, it still remains to decide whether a solution exists.

As in [15], minimization of decap area is not incorpo-
rated in our problem formulation either, but it will be im-
plicitly optimized with binary search as will be shown later.

3.2 Sensitivity Computation

The sensitivity defined in (1) is, more precisely, incre-
mental sensitivity (also called small change sensitivity).
Two major methods to calculate incremental sensitivity are
the direct method which is based on definition of sensitivity
and involves construction of a sensitivity circuit, and the ad-
joint method [5, 4], which is deducted from Tellegen’s The-
orem and involves construction of an adjoint circuit [12, 7].
As concluded in [7], the former has advantage in computa-
tion of sensitivities of many responses with respect to a few
parameters, and the latter fits better in cases where sensitiv-
ities of a few responses with respect to many parameters are
required, which is exactly our case.

In particular, we consider sensitivities of violation area
at a single node ;5 with respect to all decaps c1, co, ..., ¢,.
The performance function is

T
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Following adjoint method,

T
Sij = / vg7j(T—t) x v (t)dt, (i=1,2,..,n) (7)
0
where v;(t) is the derivative of voltage waveform at node 4
with respect to the normal forward time, v; ;(T' — t) is the
waveform at node 7 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 (6) is already in integration form, excitation of the
adjoint network can be immediately derived:
O (Vimin—v; (1)) .
—min 2 = —1 ifui(t) < Vining
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which is a unit step waveform between the start and end of
violation at node j. Notice that there may be more than one
violation intervals for a node.

Sensitivity of violation area at another node & with de-
caps can be derived in the same way.

T
sik:/ AW — 1) x i(t)dt, (i=1,2,...m) (9)
0

where v; , (T'—t) is calculated from an adjoint network with
excitation at node :

AVimin—vi(t)) _ . .
Ik(t) = { OGTZ)]C =-1 if vk’(t) < Vinin;

else.
(10)
Notice that from the principle of adjoint network con-
struction, the adjoint networks for calculating s;;, and s;;
are exactly the same in topology and parameters except the
excitation I (¢) and I, (¢). We have

T
51+ 5 = / (0L, (T — ) + o (T — £)) x 55(t)dt. (10)
0

for all 4. But from the superposition property of linear sys-
tems, (v; ;(T —t) + v; (T — t)) can be obtained directly
by simulating an adjoint network with both excitation I, ()
and I (t) present. More generally,

m T
Zsij = / (Vi (T — 1)) x 03 (t)dt  (i=1,2,...,n)
j=1 0
(12)

where v; (T — t) is calculated from an adjoint network
with excitations at all violation nodes present. Indeed, this
is the basic idea of time domain merged adjoint network
method in [8].

The merit of this method can be observed immediately if
we notice

m

f:s 8Zj:1gj(cl,...,cn)
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(13)

So with the time-domain merged adjoint network method,
sensitivities of the objective function with respect to all the
decaps can be calculated in two simulations, one for the
original network and one for the merged adjoint network
with all applicable excitations present.

In fact, just as the adjoint method can be adapted for dif-
ferent forms of performance functions, the merged adjoint
method can also be adapted for different objective func-
tions, like( 4) used here and( 3) used in [8]. We only need
to reformulate the excitations.

3.3 New Efficient Search Step Computation

Although the merged adjoint method can significantly
reduce the number of transient simulations, but a number of



transient simulation of the whole P/G grids are still required
at each step in the conjugate gradient based method. The
reason is that direct application of conjugate gradient opti-
mization like [8] requires a number of line searches to com-
pute the best search step at each step. In each line search,
a number of transient simulations are performed to evaluate
the objective function at different points along the current
gradient direction, which is very expensive.

To avoid costly line search at each step, we develop a
simple, yet efficient, search step computation method. The
method is based on the observation that the step size in each
search direction can be simply determined by computing the
maximum decap value allowed on one or some nodes under
this search direction (i.e. those nodes are added to their
maximum decap values under the given search direction). If
the violation are still present after this iteration, we continue
the process until all the violation are gone.

If all the violations are removed after we add the maxi-
mum decaps at some nodes afer one or more iteration, we
may add more decaps than necessary. To alleviate this prob-
lem, a simple binary search will be employed to find the
best step where violations are just removed and decap areas
are minimized. Notice that we only need to do one binary
search in the entire optimization process, which is in con-
strast to the previous CG based method, where linear search
is performed at every step. Experimental shows that such
simple decap stretegy leads to X10 speedup over the previ-
ous method at mild increase of decap areas.

3.4 Some Practical Considerations

If no controlled source exists in the original network,
which is true for P/G grids modeled as RLC linear net-
works, the adjoint network is a passive circuit. For some
period in the beginning there’s usually no excitation in the
adjoint network, thus all node voltages remain zero and no
simulation or convolution is needed in (12). From (8), we
know this period is [T, t.] where ¢. is the end of the latest
violation interval among all violation nodes. So (12) can be
modified into a more efficient version:

te
Sij = /O ’U;j (T — t) X Uz (t)dt (14)

At a first glance we need to store waveforms both for
original and adjoint network for the above convolution. Ba-
sically we follow [15] and store waveforms with piecewise
approximation. In this way the dimension of each wave-
form matrix to be stored is n x [. Recall that » is circuit
node number and [ is the number of sampling time points,
n x [ grows very quickly with circuit size or decreased time
step needed for fast changing waveforms. However, if the
convolution is carried out reversely after each time step as
simulation for the adjoint network goes from ¢, to 0, no

waveform needs to be stored for the adjoint network, result-
ing in a great memory cut.

Moreover, for numerical consideration, data scaling is
needed, for sensitivities, decaps and voltage changes can
be very small. Also as indicated in [16], power networks
should be converted to ground networks by the following
rules:

1. short-circuit all VDD pads to the ground,

2. inverse the directions of all independent current
sources.

3.5 Flow of The Proposed Algorithm

With previous discussion, our decap budgeting algorithm
can be summarized in the following:

DecAPBUDGETCG(P/G network)

1  Solve input circuit, establish violation node set;

2 while(violation node set is not empty){

3 Store waveform for all nodes;

4 Construct merged adjoint network;

5 Solve merged adjoint network, convolve for sensitivities;
6 Compute the next conjugate gradient direction;

7 Obtain the maximum step along the current direction;

8 Update all decaps with this step};

9  while(violation requirement satisfied) {

10 Halve the step to see if violation requirement is satisfied; }
11 Finalize decap budget with the smallest possible step obtained;

Figure 1. PROPOSED DECAP BUDGETING ALGO-
RITHM .

3.6 Time Complexity Analysis

The whole algorithm can be separated into two stages.
First, existence of solution is checked in the current direc-
tion computed by CG. Then a solution is located by binary
searches. Within each CG iteration, only two simulations
are needed for gradient computation. So the time complex-
ity of the algorithm is about O(2n'?I(h + r)). Again, n
is circuit node count, [ is the number of time points and A
is optimization iteration number. r denotes the number of
steps which binary search attempted.

Time complexity of [8] is derived in the original paper
and can be rewritten as O(n!-1h(2 + r’)), where all vari-
ables are as defined above except r’, which is the number
of line searches in each iteration. Usually h, v’ and r are all
within the same order of magnitude. So the proposed algo-
rithm can be expected to be much faster as we only do the
binary (line) search once and we avoid the hr term in the
time complexity.



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

L #vio CG1 (existing) CG2 (proposed) speedup
Circuit f#nodes nodes decap [ iter | time(s) decap | iter | time(s) ratio
cktl 88 29 1.82e-6 8 2.3 2.12e-6 1 0.1 23
ckt2 336 63 3.15e-6 10 15.2 4.16e-6 2 0.8 19
ckt3 1233 143 2.43e-5 10 132 2.62e-5 1 24 55
ckt4 12673 1083 3.09e-7 8 1995 3.67e-7 1 54 37
ckt5 89496 592 1.94e-7 5 7241 3.10e-7 1 394 18
ckt6 242600 36501 N/A N/A | > 15hour || 3.08e-7 1 400 N/A

Compared with decap algorithm in [15], the proposed
method also lead to a great run time reduction, whose time
complexity has been derived in Section 2. The violation
node number m multiplied there is orders of magnitude
larger than the » added here. Also, the fast convergence
of conjugate gradient method has been observed in many
other applications.

4 Experimental Results

Based on the proposed algorithm in Fig. 1, we imple-
mented our prototype decap budgeting tool in C++. All ex-
periments are carried out on a Linux workstation with dual
1.6GHz AMD Althon CPUs and 1G memory.

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

We compared our method with [8]. To make compari-
son possible, we implemented [8] such that before each line
search, an explicit attempt to bracket the minimum is made,
and if the minimum is found to lie at the start of the line, «
is augmented. In this way we avoid the problem mentioned
in section 2 and make the algorithm robust enough for all
our tests.

We tested P/G networks of different sizes and results are
summarized in Table 1, where CG1 denotes the method
in [8] and CG2 denotes the proposed method. Column 1,
2, 3 represent circuit name, total node number, and viola-
tion node number respectively. Parameters including volt-
age drop tolerance, maximum decap at each node can be
specified by users and are the same for both methods. The
last column compares total optimization CPU times for the
two algorithms. For all these circuits, violation elimination
requirement was successfully achieved after decap alloca-
tion.

Table 1 demonstrate the CPU efficiency of the proposed
method over the existing approach. To eliminate violation
for the same circuit, the proposed algorithm are usually
more than 10X times faster than the method in [8]. The
fact that a circuit with 240k nodes can be optimized within
10 minutes is quite impressive. CG1 fails to optimize this
circuit within 15 hours. One thing needs to be addressed is

that we simulated all those circuits without any simplifica-
tion. Our transient simulation is based on LU decomposi-
tion while a structure level reduction technique was intro-
duced and applied first before optimization in [8].

An interesting observation is that CG1 usually takes
more iteration than the proposed method, which often ful-
fills the task within one or two iterations. Three reasons
may account for this difference. First, the o problem men-
tioned in section 2 often delays CG convergence, since the
objective function is always being updated and optimiza-
tion may be ill guided. In contrast we focus on the viola-
tion directly in our objective function and optimization is
based on sensitivities directly. Second, [8] as well as most
other sensitivity based approaches strictly follow existing
optimization techniques trying to find the minimum, while
we relax the decap optimization problem (its objective func-
tion) to simplify the optimization problem. Finally, in our
algorithm exactly one simulation is performed along all op-
timization directions before the last one, whereas a series of
line searches is required in [8], which further explains the
difference in speed.

We also notice that the decap area obtained by the pro-
posed method is slightly larger than the CG1 method. But
the increase in the decap areas are not significant.

The proposed optimization results could be further im-
proved by refining binary searches. A user defined thresh-
old may be introduced to decide whether more binary
searches should be made. It’s not uncommon in optimiza-
tion problems that the 90% refining efforts lead to only 10%
improvement. Especially in the problem of decap budgeting
where objective function evaluation is very expensive, such
marginal profits at the expense of time may not be wise.
Notice that even with refined binary searches, the time com-
plexity of the proposed algorithm remains unchanged, and
the speed advantage can still be expected.

5 Conclusionsand Future Works

This paper proposed an extremely fast algorithm for al-
locating on-chip decoupling capacitors. The new algorithm
is based on the time domain adjoint method for sensitivity
calculation, and computes gradient of the objective function
directly. Compared with the existing approaches, our con-



tribution is a simple, yet efficient search step computation
method to avoid the time consuming line search at each it-
eration in conjugate gradient method. Experimental results
demonstrated that the proposed method can lead to at least
one order of magnitude speedup over the fastest sensitivity
based decap allocation algorithm report so far with similar
optimization results.
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