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Abstract—This paper presents a generic approach of exploiting
GPU parallelism to speed up the essential computations in VLSI
nonlinear analytical placement. We consider the computation
of wirelength and density which are widely used as cost and
constraint in nonlinear analytical placement. For wirelength
gradient computing, we utilize the sparse characteristic of circuit
graph to transform the compute-intensive portions into sparse
matrix multiplications, which effectively optimizes the memory
access pattern and mitigates the imbalance workload. For density,
we introduce a computation flattening technique to achieve load
balancing among threads and a High-Precision representation is
integrated into our approach to guarantee the reproducibility. We
have evaluated our method on a set of contest benchmarks from
industry. The experimental results demonstrate our GPU method
achieves a better performance over both the CPU methods and
the straightforward GPU implementation.

I. INTRODUCTION

VLSI global placement is a pivotal stage in physical design
flow. A substantial amount of research efforts have been
devoted on the global placement [1–10]. Among existing
placement methods, the analytical approaches, especially the
nonlinear placement, has obtained the best quality up to the
present. However, compared with other approaches such as
simulated annealing or partitioning, the nonlinear methods
suffer from a slower performance. The reason is that nonlinear
methods apply mathematical programming to derive the solu-
tion, which involves a huge numbers of arithmetic operations
and becomes the bottleneck of performance. Therefore, the
goal of this paper is to exploit the parallelism of GPU to
speed up the computations in nonlinear placement.

GPU is well-known for its capability to conduct massive
computations concurrently. There are several researches on
applying GPU to EDA applications [11] [12] [13] [14] [15],
and some focus on using GPU on EDA placement. The
authors [11] propose a fast sparse matrix-vector multiplication
method based on GPU and utilize the method to expedite a
quadratic placer. Another paper [12] demonstrates the feasibil-
ity of accelerating simulated annealing placement with GPU.
The placement models in both papers are different from state-
of-the-art nonlinear placement and it is not clear how the
methods can be extended to benefit nonlinear placement. The
paper [13] applies GPU to optimize the performance of an
analytical placer. The authors adopt a straightforward paral-
lelization method such as delegating the outer loop of a nested
loop to GPU threads which does not require modifying the
original computing scheme. However, adherence to the CPU
computing scheme refrains the method from fully exploiting
potential parallelism brought by GPU and some critical issues
such as imbalance workload cannot be effectively resolved
due to the framework’s inherent limitation. Besides, due to

the limited GPU compute capability, their method has to
compromise with reduced numerical accuracy which degrades
the solution quality.

In this paper, we consider the cost model that is broadly
used by existing nonlinear placement approaches. The cost
model of nonlinear placement approaches can be generally
formulated as

minimize Wirelength

subject to Dbin ≤ Dthreshold

The wirelength is a differentiable function, e.g. log-sum-
exp [16] or weighted average [17] that approximates the half-
perimeter wirelength (HPWL) and the Dbin is the bin density
on the layout. Mathematical optimization such as the iterative
gradient descent method is commonly applied to minimize the
cost. As a result, fast computation of the wirelength gradient
and the bin density is important to the performance of the
placer and two GPU approaches are developed to respectively
accelerate the computing of the wirelength gradient and the
density. We summarize our contributions as follows:
• Our method is faster than the CPU methods and can obtain

further speedup over a straightforward GPU parallelization.
The efficiency of our methods has been evaluated through
experimenting on a set of contest benchmarks.

• Our method does not design for a specific placer, instead
placers that adopt the same cost model can apply the
proposed method to achieve performance improvement.

• Reproducibility is guaranteed in the proposed methods.
A stable and reproducible output is particularly useful in
software debugging.

II. WIRELENGTH COMPUTATION

Wirelength is one of the most important cost functions in
VLSI placement. A commonly used wirelength model is the
half perimeter wirelength (HPWL) which sums the width and
height of the bounding box formed by the pins. However,
HPWL is a non-differentiable function and thus cannot be
directly used in the analytical placement method. Several
approximation models are proposed and one popular approach
is the Logarithm-Sum-Exponential (LSE) model [16]. The
LSE of a given net n with m pins on it can be calculated
as follows:

LSE(n) = γ{ln(
m∑

i=0

exi/γ) + ln(
m∑

i=0

e−xi/γ)}+

γ{ln(
m∑

i=0

eyi/γ) + ln(
m∑

i=0

e−yi/γ)}
(1)
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In equation (1), each (xi, yi) is the x and y coordinate of
a pin on n and γ is a predefined constant. Since the gradient
calculation is identical in both x and y directions, we only
discuss the computation on x below. For a pin connected with
k nets, its wirelength gradient can be derived by differentiating
the LSE equations of the k nets and sum them up. Below is
the equation to calculate the wirelength gradient of a given
pin p in the x direction (the gradient in the y direction can be
derived using the same formula by replacing the x coordinate
with the y coordinate).

Gradx(p) =

k∑

i=0

{ exp/γ

∑
v∈ni

evx/γ
} −

k∑

i=0

{ e−xp/γ

∑
v∈ni

e−vx/γ
} (2)

The implementation to calculate equation (2) on CPU can
be divided into two steps. In the first step, for each net, we
compute the summation of the exponential term for each pin
on the net. In the second step, we use the summations from
the first step following the equation 2 to derive the gradients
of each pin in both x and y directions. Algorithm 1 shows the
pseudo code to compute the wirelength gradient of each pin
on the x coordinate, where the first step is from line 3 to line
12 and line 13 to 21 is the second step.

Algorithm 1 Wirelength gradient on x using CPU

Input: P : Pins, N : nets;
Output: Grad : gradients of each pin
1: ExpSum ← {};
2: NegExpSum ← {};
3: for each n in N do
4: sum ← 0;
5: neg sum ← 0;
6: for each p of n do
7: sum ← sum+ exp/γ ;
8: neg sum ← neg sum+ e−xp/γ ;
9: end for

10: ExpSum ← ExpSum ∪ {sum};
11: NegExpSum ← NegExpSum ∪ {neg sum};
12: end for
13: for each p in P do
14: left term ← 0
15: right term ← 0
16: for each n of p do
17: left term ← left term+ 1/ExpSum[n]
18: right term ← right term+ 1/NegExpSum[n]
19: end for
20: Grad[p] ← exp/γ ∗ left term− e−xp/γ ∗ right term
21: end for

A. Wirelength gradient on GPU

GPU is suitable for the gradient computation due to its
ability to do massive computations concurrently. To utilize
GPU for wirelength gradient computing, an intuitive way is to
launch two kernels sequentially with the first kernel executing
the first step and another for the second step. To be more
specific, in the first kernel, we assign a thread to a net to
compute the exponential sum of its pin coordinates, and in the
second kernel, a thread is delegated to compute the gradients
for a pin.

This method is simple and does not require any modification
to the CPU algorithm. However, there are two deficiencies in
this method:
• As the number of pins on nets are disparate and pins

have different numbers of connected nets, the memory

Algorithm 2 GPU Kernel 1 on exponential sum

Input: P : Pins, N : nets, ExpSum, NegExpSum;
1: id ← blockSize ∗ blockId+ threadId
2: sum ← 0;
3: neg sum ← 0;
4: for each p of N [id] do
5: sum ← sum+ exp/γ ;
6: neg sum ← neg sum+ e−xp/γ ;
7: end for
8: ExpSum[id] ← {sum};
9: NegExpSum[id] ← {neg sum};

Algorithm 3 GPU Kernel 2 on wirelength gradient

Input: P : Pins, N : nets, ExpSum, NegExpSum;
Output: Grad : gradients of each pin
1: id ← blockSize ∗ blockId+ threadId
2: left term ← 0;
3: right term ← 0;
4: for each n of P [id] do
5: left term ← left term+ 1/ExpSum[n]
6: right term ← right term+ 1/NegExpSum[n]
7: end for
8: Grad[id] ← exp/γ ∗ left term− e−xp/γ ∗ right term

access can be very inefficient and threads can suffer from
imbalance workload, for example, a pin coordinate can be
read multiple times in different threads and some threads
can perform more computations than others.

• Same values can be computed several times in differ-
ent threads, leading to the inefficient use of computing
resources. For example, a pin p1 can be connected to
nets n1 and n2 and thus the exponential value of the p1
coordinate will be computed twice in different threads of
the first kernel.

B. Our GPU implementation

To overcome these deficiencies, we propose a new GPU
implementation flow containing five steps. To prevent com-
puting the same value repetitively among threads, we first
launch a kernel to calculate the exponential values of each
pin’s coordinates and store the result in a vector for later
use (Algorithm 4). Based on the fact that a circuit can be
represented as a sparse graph, we construct a sparse (0, 1)-
matrix where the rows correspond to nets, columns correspond
to pins, and the value of an entry (i, j) is 1 if pin j is in net
i. With the sparse matrix and the vector of the exponential
values, the exponential sum of each net can be derived through
multiplying the sparse matrix with the vector (Algorithm 5).
The next step is to launch a kernel to compute the reciprocal of
the exponential sum for each net (Algorithm 6). To calculate
the summation of reciprocals for each pin, a kernel is used to
sum the reciprocals of all connected nets and a key observation
here is that the summation can also be obtained by multiplying
a sparse matrix with the reciprocals (Algorithm 7), where the
sparse matrix is the transpose of the sparse matrix in the
second step. The last step is to derive the gradient by adding
the sum of reciprocals for each pin.

A major concern of using GPU is the overhead incurred
from data transfer between CPU and GPU. The proposed
GPU method requires two data transfers, one is to transfer the
pin coordinates from CPU to GPU memory in the beginning
and another is to copy the gradients back to CPU memory.
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Algorithm 4 GPU Step 1 on exponential values

Input: P : Pins
Output: ExpV al, NegExpV al
1: id ← blockSize ∗ blockId+ threadId
2: p ← P [id]
3: ExpV al[id] ← exp/γ

4: NegExpV al[id] ← −e−xp/γ

Algorithm 5 GPU Step 2 on exponential sum

Input: ExpV al, NegExpV al, P : Pins, N : Nets
Output: ExpSum, NegExpSum
1: ExpSum ← SparseMatrix(P,N) ∗ ExpV al
2: NegExpSum ← SparseMatrix(P,N) ∗NegExpV al

Although the data transfer overhead is inevitable, we can
further reduce the overhead by using streams. A stream is
similar to a job queue which holds GPU operations to be
executed sequentially, whereas operations in separate streams
can run concurrently if available resource exists. Hence, we
can create several streams to overlap data transfers with
computations through dispatching GPU operations on subsets
of data to different streams. Considering overlapping the step
one kernel (Algorithm 4) by copying pin coordinates to GPU,
we first divide pins into disjoint subsets and map each subset
to a stream, then a copy operation and a kernel for computing
exponential value are enqueued into each stream to operate on
the corresponding data. By having multiple streams process
different subsets, we can keep the copy device and execution
device occupied [18] as shown in Figure 1.

(a) Data transfer without overlapped with computations.

(b) Overlap data transfer with computations through streams. Opera-
tions with the same color are enqueued in the same stream.

Fig. 1: Comparison of data transfer with and without using
streams

Our proposed flow has two benefits over the straightforward
GPU implementation:
• We transform the two nested loops, the most time-

consuming parts, to two sparse matrix multiplications. A
sparse matrix can be stored in various formats such as
a compressed sparse row (csr) or a coordinate list (coo)
and those data structures unleash more opportunities to
optimize the memory access and reorder the computations
for balancing the workload.

• Data movement between processing units is a common
bottleneck in heterogeneous computing and our approach
reduces the overhead by overlapping computations with
data transfers through utilizing streams.

Algorithm 6 GPU Step 3 on reciprocal exponential values

Input: ExpSum, NegExpSum
Output: RecExpV al, RecNegExpV al
1: id ← blockSize ∗ blockId+ threadId
2: RecExpV al[id] ← 1/ExpSum[id]
3: RecNegExpV al[id] ← 1/NegExpSum[id]

Algorithm 7 GPU Step 4 on summation of reciprocals

Input: RecExpSum, RecNegExpSum, P , N
Output: RecSum, RecNegSum
1: RecSum ← SparseMatrix(P,N)T ∗RecExpSum
2: RecNegSum ← SparseMatrix(P,N)T ∗RecNegExpSum

Algorithm 8 GPU Step 5 on gradient of each pin

Input: RecSum, RecNegSum, ExpV al, NegExpV al, P , N
Output: Grad
1: id ← blockSize ∗ blockId+ threadId
2: Grad[id] ← RecSum[id] ∗ ExpV al[id]+
3: RecNegSum[id] ∗NegExpV al[id]

III. DENSITY COMPUTATION

Density computation is an essential step in analytical place-
ment methods. During the optimization process, the density
will be evaluated in every iteration and the placement can stop
once the cells’ overlap is lower than a predefined threshold.
In this section, we first formulate the density computation
problem and present a CPU implementation, then we demon-
strate a straightforward GPU implementation and discuss its
deficiencies. Lastly, we propose a High-Precision GPU imple-
mentation and introduce two techniques to further improve the
performance.

A. Density problem formulation

We consider a general formulation where the layout is a
two-dimensional grid and the cells C to be placed are rectan-
gular. To compute the density, the first step is to accumulate the
overlapped area between bins and the cells. Then the density
can be derived by dividing the accumulated area in each bin
with unit bin area (a coarser density map can be formed by
combining multiple bins into a single bin). Parallelizing the
second step is pretty straightforward, so in this paper we will
focus on parallelization of the overlapped area accumulation.

B. Area accumulation on CPU

Algorithm 9 Area accumulation on CPU

Input: Cells, Grid
Output: OverlapArea
1: for each b ∈ Grid do
2: OverlapArea[b] ← 0
3: end for
4: for each c ∈ C do
5: overlap bins ← FindOverlapBins(Grid, c)
6: for each b ∈ overlap bins do
7: area ← FinOverlapArea(b, c)
8: OverlapArea[b] ← area+OverlapArea[b]
9: end for

10: end for

To compute the overlapped area between cells and bins,
an intuitive way is to loop through each cell and add the
overlapped area of the cell to corresponding bins. Algorithm 9
is the pseudo code to accumulate overlapped area for each bin.
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Reproducibility is guaranteed in this CPU implementation as
the floating point additions are executed in deterministic order.

To speed up the computation, an instinctive way is to use
the multiple cores in CPU to have several threads doing the
accumulation concurrently. Consider line 4 in Algorithm 9,
cells can be partitioned into subsets with nearly equal size and
each thread is responsible for a subset of cells. A challenge of
parallel programming is to maintain the data integrity under
multi-thread execution. Notice that in line 8, the accumulated
area in each bin is shared among all threads and concurrent
access to this data might result in data race.

A simple and efficient solution is to use atomic operation.
An atomic operation serializes the access to the data without
using locks, which protects the data from running into the race
condition and can still maintain good performance. However,
in C++ the standard library does not provide atomic operations
for the floating type. An alternative way is to implement
the atomic floating operation via the atomic compare-and-
exchange instruction. The compare-and-exchange instruction
atomically checks whether the destination value is equal to a
given value and replaces the destination value by a new value
if the predicate is satisfied. Therefore, a thread can first take a
snapshot of the destination bin and then use the compare-and-
exchange instruction with the snapshot value to update the bin.
Algorithm 10 presents the pseudo code of the multi-threaded
area accumulation. In lines 1 and 2, we launch multiple threads
and assign a subset of cells to each thread. From lines 3 to
14, each thread adds the overlapped area of each cell to the
corresponding bins via the compare-and-exchange instruction
in line 11.

Algorithm 10 Multi-threaded area accumulation on CPU

Input: Cells, Grid
Output: Bin
1: launchThreads()
2: myCell ← AssignCells(myThreadId, Cells);
3: for each c ∈ myCell do
4: overlap bins ← FindOverlapBins(Grid, c)
5: for each b ∈ overlap bins do
6: area ← FindOverlapArea(b, c)
7: update ← false
8: while update �= true do
9: snapshot ← Bin[b]

10: new value ← snapshot+ area
11: update ← CAE(Bin[b], snapshot, new value)
12: end while
13: end for
14: end for
15: synchronizeAllThreads()

C. Area accumulation on GPU

The multi-threaded CPU approach of area accumulation can
also be applied to GPU. For the GPU method, we launch a
kernel with assigning a thread to each cell to compute the
overlapped area among bins. In contrast to the CPU, modern
GPUs support atomic operation for the floating type, circum-
venting the need of using compare-and-exchange instruction.
However, there are two deficiencies in this approach:

• No guarantee of reproducibility: Although the atomic
operation resolves the data race problem, it does not
admit reproducibility. The reason is that floating point
arithmetic is non-associative [19]. As atomic operation

does not enforce a deterministic order on thread execu-
tion, given same operands the result could be slightly
different every time.

• Imbalanced workload: As the size of the cells is not
uniform, the number of bins cross by different cell
could differ greatly. Therefore, divergence might occur
in the kernel due to the inconsistent iterations among
threads (line 6 in Algorithm 9), which might hamper the
performance.

To conquer the first problem, we adopt a High-Precision
method [20]. The method represents every floating number by
N 64 bits integers where each integer carries a fraction of
the floating number and N controls the representable range
of floating number. Our idea is to perform accumulation
on the integers converted from floating numbers and the
resulting integers can then be translated into floating numbers
after the accumulation finishes. As the arithmetic addition on
integers is associative, given the same inputs the outcome of
accumulation will be identical. Another benefit of this method
is obviating the need to impose a predefined execution order
among threads which might be detrimental to performance.

To evenly distribute the workload among threads, we come
up with a computation flattening technique. Since the dimen-
sions of cells and bins are known in the beginning and remain
unchanged during placement, we can derive the maximum
number of bins that intersect with each cell before placement.
With this information, we can determine the total number of
threads to be launched by summing up the number of bins
intersecting with each cell and assign a thread to compute the
overlap area between a cell and one of its intersected bin and
add the result to the corresponding bin. For example, Figure 2
shows flattening computation of two cells.

Fig. 2: An example illustrates computation flattening. Cells
A and B intersect with four and nine bins respectively and
thirteen threads are created to compute the overlapped area
for each portion.

This approach also requires two data transfers: one is to send
the cell coordinates to GPU memory and another is to fetch the
accumulated area from GPU memory. To further reduce the
transfer overhead, we use stream to overlap both data transfers
with two computation kernels. For the cell coordinates transfer,
we map subsets of cells to streams and a kernel is enqueued
into each stream to compute the overlapped area in the High-
Precision format for the cells. For the second data transfer, we
associate subset of bins to streams and each stream enqueues
a kernel to convert the integers to floating numbers for the
bins and copy the results to CPU memory. Algorithm 11 is the
pseudo code of the High-Precision GPU method with streams.
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Algorithm 11 High-Precision area accumulation on GPU

Input: Cells, Grid, myCellId, myBinId, numStream
Output: Bin
1: cudaMemSet(hpBinArea, 0)
2: cudaCreateStream(Streams, numStream);
3: for each s ∈ Streams do
4: s ← copyP in(myCellId, Cells)
5: s ← countOverlap(myCellId, Cells, hpBinArea)
6: end for
7: cudaDeviceSynochronize()
8: for each s ∈ Streams do
9: s ← convertToF loat(myBinId, hpBinArea, fBinArea)

10: s ← copyDensity(myBinId, fBinArea,Bin)
11: end for

IV. EXPERIMENTAL RESULTS

We implement all programs in C++. The GPU used in the
experiment is NVIDIA GeForce GTX 1080 and the CPU is
Xeon 3.0 GHz Quad cores with 32 GB memory. We implement
a gradient descent placer based on the LSE wirelength model
and conduct experiments on the benchmarks from the 2015
ISPD routing-driven placement contest [21]. The statistic of
the benchmarks is in Table I. For GPU programs, we record
the runtime from host (CPU) side, including kernel launch
latency, the overhead of pin coordinates (host to GPU) and
results (GPU to host) transfer.

TABLE I: Benchmark Statistic

Benchmark Cells Nets

mgc fft 1 32,281 33,307

mgc fft 2 32,281 33,307

mgc matrix mult 1 155,325 158,527

mgc matrix mult a 149,650 154,284

mgc matrix mult b 146,435 151,612

mgc pci bridge32 a 29,517 29,985

mgc pci bridge32 b 28,914 29,417

mgc des perf 1 112,644 112,878

mgc des perf a 108,288 110,281

mgc des perf b 112,644 112,878

mgc edit dist a 127,413 131,134

mgc fft a 30,625 32,088

mgc fft b 30,625 32,088

mgc superblue12 1,286,948 1,293,413

mgc superblue11 a 925,616 935,613

mgc superblue16 a 680,450 697,303

A. Wirelength

We implement the wirelength gradient computation with
four methods: CPU, CPU with four threads, straightforward
GPU parallelization, and our proposed GPU method. The
cuSPARSE library [22] is adopted for sparse matrix multi-
plication in our method. The wirelength gradient computation
is not affected by cells’ locations, and we report the results in
one iteration. Table II lists the runtime of the four methods.
Among the four methods, the CPU method is the slowest and
the proposed GPU method is the fastest over all test cases.
Consider the average speedup, our method outperforms the
CPU, CPU with four threads and the GPU loop parallelization
by 173×, 93× and 8× respectively.

B. Density

For density experiment, we implement four methods for
comparison: CPU, CPU with four threads (with the compare-
and-exchange technique to ensure data integrity), proposed

GPU method with and without using streams. We set the N
in the High-Precision method to 3, i.e., each floating number
is represented by three 64-bits integers.

For each test case, the placement stops when successive cell
displacement is small and we record the average computation
time. The grid size is 2048×2048 for the superblue family and
1024×1024 for the others. Table III lists the runtime for each
test case. From the Table III, the GPU method with streams
has the best performance in all test cases while the multi-
threaded CPU method only obtains minor improvement in
few benchmarks. The compare-and-exchange operation is the
primary cause for the slower performance of multi-threaded
method. Unlike the atomic operation which serializes the
access to data, the threads that failed to update the bin using
the compare-and-exchange operation have to retrieve the new
value and compete for the access (lines 8-12 in Algorithm 10),
resulting in high overhead when there are many overlaps
between cells.

V. CONCLUSION

In this paper, we present GPU approaches to accelerate
the wirelength gradient and density computation. For the
wirelength gradient computing, we convert the summations
into sparse matrix multiplications, which effectively miti-
gates the non-uniform workload among threads and increases
the performance. For the density computing, we propose a
computation flattening technique to completely resolve the
imbalance workload. With the CUDA stream, runtime can
be further reduced by overlapping the computation and data
transfer. Lastly, a High-Precision method is integrated into our
approach to ensure reproducible results.
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