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Rectilinear-Steiner-Minimum-Tree (RSMT) generation is a key
step in VLSI routing. This paper describes a deterministic RSMT
heuristic named SFP because it is simple, fast, and parallel. It is
based on a rapid method for computing the optimal solution for
three-pin nets, which it extends and applies to larger nets. Compared
to FLUTE, a fast and high-quality RSMT algorithm, SFP incurs a
wirelength penalty of 0.38 percent on the 16 ISPD 2008 inputs with
13 million nets. However, on a 16-core 2950X CPU, parallel SFP is
19 times faster than FLUTE, and on a Titan V GPU, it is 86 times
faster. Serial SFP can generate an RSMT for a 10,000-pin net in
under 1.5 seconds.
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I. INTRODUCTION

Signal routing is an essential step in the physical design of a
VLSI chip. Its goal is to determine where to run the wires that
connect the logic blocks (e.g., macros, cells, and gates) while
keeping certain factors like wirelength, signal-propagation time,
and power consumption low. This study focuses on the Rectilin-
ear Steiner-Minimum-Tree generation—i.e., the first step of sig-
nal routing that involves minimizing the overall wirelength. The
input is the location of the pins of each logic block as well as
information about which pins to connect. A set of pins that must
be connected is called a net. All nets together are referred to as
the netlist.

Panel (a) in Fig. 1 provides an example of a net with three
pins that connects the output (P1) of one logic gate to one input
each (P2 and P3) of two other logic gates. The three pins can be
connected as shown in panel (b) but doing so results in an un-
necessarily long wirelength. Panel (c) shows a better solution
that is optimal assuming we can only connect pins to pins. This
solution can be found by computing the Minimum Spanning
Tree (MST) of all possible pin connections. If waypoints, called
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Steiner points [15], are allowed, the wirelength can be shortened
further as illustrated in panel (d).

Due to manufacturing constraints, only rectilinear (horizon-
tal and vertical) wires are typically allowed. Panels (e) through
(h) of Fig. 1 show four possible rectilinear solutions. They are
constructed by connecting the pins in P2-P1-P3 order using L-
shaped wires with one turn. The solutions in panels (e), (f), and
(g) all have the same suboptimal wirelength. The solution in
panel (h) containing the Steiner point S is optimal. It is shorter
because the part of the two L-wires between P1 and S is shared.
In general, the goal of Rectilinear-Steiner-Minimum-Tree
(RSMT) generation is to interconnect k pins in a plane using
only horizontal and vertical wires such that the total wirelength
is minimized.
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Fig. 1. Several layouts of a three-pin net (blue dots denote pins, red dots
indicate Steiner points, the net is blue, and solid wires are rectilinear)

Finding the set of optimal Steiner points is NP-hard [15].
However, interconnecting given pins and Steiner points can be
accomplished by computing an MST, a polynomial-time algo-
rithm, of a complete graph where the vertices are the pins and
Steiner points, and the edge weights are the rectilinear distance
(Manbhattan distance) between the edge’s endpoints. Despite the
NP-hardness, the optimal solution can often be computed in
practice because nets tend to comprise just a few pins. Finding
the optimal solution is trivial for two-pin nets and easy for three-
pin nets (cf. Section IIT). Taken together, two- and three-pin nets



often make up the majority of the nets in a netlist. FLUTE [7], a
fast and effective RSMT algorithm, precomputes the optimal so-
lution for all nets with up to nine pins, stores them in a table, and
performs a lookup when an RSMT is needed. GeoSteiner [22],
another RSMT algorithm, computes the optimal solution for any
net using linear programming to avoid the exponential runtime
in many cases.

We are building a VLSI-design tool chain where every step
is parallelized, including the RSMT generation. Many RSMT
approaches exist (cf. Section II), but none have been devised
with parallel execution in mind. We set out to create a new
RSMT heuristic that is deterministic, fast, easy to parallelize,
and incurs only a small wirelength penalty. We named the re-
sulting heuristic SFP. It requires little state per thread (O(n)
memory for n-pin nets with a small constant factor) and can,
therefore, also be used on massively parallel devices like GPUs.
SFP is based on a fast approach to compute the optimal solution
for three-pin nets, which it applies to larger nets (cf. Section III).
On the sixteen ISPD 2008 inputs with between 219,794 and
2,635,625 nets, it incurs an average wirelength penalty of 0.38%
relative to FLUTE while running 19.5 times faster on a 16-core
system and 86.1 times faster on a GPU.

This paper makes the following contributions.
e [t presents SFP, a fast and deterministic RSMT heuristic.
e [t describes how to parallelize SFP for CPUs and GPUs.

e It shows that SFP incurs only a small wirelength penalty
while running two orders of magnitude faster than
FLUTE.

The serial C++, parallel OpenMP, and parallel CUDA im-
plementations of SFP are freely available in open source [20].

The rest of the paper is organized as follows. Section II de-
scribes related work. Section III explains our SFP heuristic in
detail. Section IV presents the experimental methodology. Sec-
tion V discusses the performance and wirelength results. Section
VI concludes the paper with a summary.

II. RELATED WORK

There is only little prior work on parallel RSMT algorithms.
Hence, we also summarize important milestones of serial Stei-
ner-tree generation in the following paragraphs.

The Batched Iterated 1-Steiner (BI1S) heuristic starts by
computing all optimal 1-Steiner points [16]. It then finds a max-
imal independent set of all Steiner points that shorten the wire-
length without reducing the MST cost savings of any other
points in the set. These Steiner points are incorporated in a single
batch. This process repeats until there are no more Steiner points
that result in savings. SFP follows the same high-level structure
of computing possible Steiner points, eliminating useless and
conflicting candidates, and iteratively adding the remaining can-
didates in batches until convergence is reached. However, SFP
uses a new and very different heuristic for identifying the possi-
ble Steiner points.

GeoSteiner [21][22] employs a two-phase exact algorithm
for creating Full Steiner Trees (FSTs). It first generates a small

set of FSTs and then concatenates them using an integer pro-
gramming formulation solved by branch-and-cut. Zachariasen
[23] improves upon this approach by growing the FSTs to avoid
overhead in the first phase. Later, he and Rohe [24] propose an
algorithm that deletes useless points on the Hanan grid.

Zhou [25] combines the edge substitution idea from Borah
et al. [4] with the spanning graph algorithm by Zhou et al. [26]
to arrive at an efficient RSMT heuristic that has a worst-case
time complexity of O(n log n). As mentioned, FLUTE [7] em-
ploys a different approach to reduce runtime. It precomputes op-
timal solutions for low-degree nets and records them in a lookup
table. Additionally, it recursively breaks high-degree nets into
smaller subnets until they are small enough for the lookup table.
FLUTE provides parameters to control its lookup table size and
the accuracy of the recursive step to trade off processing speed
for result quality and vice versa.

More recent work extends the GeoSteiner and FLUTE ap-
proaches to avoid obstacles. Li et al. [17] modify GeoSteiner to
support obstacles in the routing region while maintaining solu-
tion optimality. FOARS [2] is an obstacle-aware version of
FLUTE that partitions a net into multiple subnets that are un-
cluttered by obstacles. The solution for each subnet is then
merged and refined. Cao et al. [5] introduce Fashion, a solution
to the global routing problem that uses dynamic pattern routing
and movable-segment-driven dynamic pattern routing. In addi-
tion, Fashion also handles overflow. SFP does not handle over-
flow or obstacles as it focusses on speed and simplicity.

In addition to wirelength, SALT [6] can also minimize signal
delay or source-sink pathlength. It is based on a shallow-light
tree data structure that enables a smooth tradeoff between the
two objectives. Alpert et al. [1] proposes a Prim-Dijkstra-based
construction (PD-2), which outperforms SALT in terms of
source-sink pathlengths but yields similar wirelengths. We in-
clude BI1S, GeoSteiner, FLUTE with different parameters, and
SALT in our performance evaluation in Section V.

Most pre-existing RSMT algorithms can be parallelized by
dividing up the nets across multiple CPU cores. Yet, we only
found two papers that mention parallelism [8][18]. Both of them
describe distributed-memory solutions and focus on sorting, par-
titioning, and communication, three issues that are not of con-
cern in shared-memory implementations such as our work.

Additionally, parallelization for massively parallel devices,
like a GPU, is difficult as it requires two levels of parallelization,
both over the nets and within the nets. We only found one very
old paper that targets a Connection Machine [14]. It assigns each
pin to a processor and builds the Steiner trees along scanlines.
We are not aware of any prior GPU parallelization of an RSMT
algorithm.

III. SFP HEURISTIC

Fig. 2 depicts optimal solutions for three-pin nets. The solu-
tion must lie on the Hanan grid [11], which is outlined in gray.
After considering rotational and mirror symmetries as well as
the fact that there is no order among the three pins, only the two
scenarios shown in the top half of the figure remain (note that
the horizontal and vertical distances a, b, ¢, and d can be zero).
Optimal solutions for both scenarios are given in the bottom half
of the figure. In either case, the L-routes between pin pairs can



be flipped diagonally to obtain other optimal solutions. The sce-
nario shown on the right requires a Steiner point.

Our SFP RSMT heuristic is based on the observation that the
center point of any 3-by-3 Hanan grid is always either the only
Steiner point or a pin of the net. In both cases, the solution is to
directly connect the non-center-point pins to the center point.
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Fig. 2. Possible 3-pin nets (top) and their optimal solutions (bottom) on the
Hanan grid; pins and net are blue, the Steiner point is red

Importantly, the coordinates of the center point (X, ym) can
be obtained rapidly from the coordinates of the three pins. x,, is
the median of the three x coordinates and y,, is the median of the
three y coordinates. The median m of three values v;, vz, and v;3
can be computed with just four binary operations:

m = max(min(v;, v,), min(max(v;, v2), v3))

Many CPUs and GPUs have machine instructions to compute
the minimum and maximum of two values. They only need to
execute four instructions to find the median of three values.

Our SFP heuristic uses this approach directly on three-pin nets
to find the optimal solution and conceptually applies the idea to
larger nets by processing them in the following way:

1. Compute the Minimum Spanning Tree (MST) of all pins
based on their pairwise rectilinear distances.

2.Pick any two pins that are connected to the same third pin
in the resulting MST.

3. Compute the median of the coordinates of those three pins.

4. If this median location is distinct from the three pins, add a
Steiner point (i.e., a new pin) at that location.

5. Repeat the above four steps until no more Steiner points can
be added.

Fig. 3 illustrates this procedure on the example of a four-pin
net. First, the MST depicted in panel (a) is computed. Then,
three connected pins, P;, P2, and P;s in this example, are selected.
Their median is S; as shown in panel (b). Since S; does not co-
incide with any of the three selected pins, it is added as a Steiner
point and a new MST is computed, which is depicted in panel

(c). Now, the only three connected pins that yield a distinct me-
dian are Sy, P3, and Py, so they are selected and Steiner point S»
is added as shown in panel (d). Finally, a last MST is computed,
which is depicted in panel (e). Since all connected sets of three
pins now have medians that coincide with one of their pins, the
algorithm terminates. Note that the heuristic could alternately
have selected P>, P3, and Py in the first step, which would have
led to adding S: before S;.
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Fig. 3. Conceptual steps of the SFP heuristic applied to a sample 4-pin net (the
selected pins have a hollow core)

The SFP heuristic is not guaranteed to yield optimal solu-
tions for nets with more than three pins. The upper bound of the
MST solution’s suboptimality was proven to be 4 [12]. This im-
plies that any RSMT solution that improves upon the MST so-
lution will share this upper bound. Because SFP is an MST-
based improvement heuristic, i.e., it only adds Steiner points
when they shorten the wirelength, its upper bound is also at most
Y.

Our experimental tests with SFP resulted in the worst case
illustrated in Fig. 4, indicating that the upper bound may only be
Y. In this example, the MST is W-X-Y-Z because the rectilinear
distance of 2a+¢ between W and Z is greater than the distance of
2a between W and X as well as between Y and Z. Given this
MST, the SFP heuristic cannot find a Steiner point that is not
already a pin of the net. However, the optimal solution does re-
quire a Steiner point as shown in the right panel.
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Fig. 4. Four-pin example with ¢ < a: MST-based solution on left, optimal
solution on right



The wirelength of SFP’s solution is 4a+e whereas the opti-
mal wirelength is 3a+2¢. The limit of the wirelength ratio is:
4da+e 4a 4

lsl—r>r(}3a+2£=§=§

This experimental bound of '3 is consistent with the results
presented in Section V.B below.

The scenario in Fig. 4 occurs almost never in practice. We
added a fix for it to our code but found it to lower the overall
wirelength only insignificantly on the 16 tested inputs. We re-
moved the fix so as not to slow down and complicate the imple-
mentation. It is not included in the rest of the paper.

Algorithm 1 SFP heuristic
Input: N, the pin net to be processed

Output: G, the processed pin net with the edges and the
Steiner points added (i.e., the RSMT)

1:  procedure SFP(N)
2: repeat
3: pinAdded «— False
4. G «— MST(N, rectilinear)
S: for each edge e in G do
6: dist[e] — 0
7: SteinerPoint[e] — @
8: end for
9: for each edge pair (e,, e;) where e; connects
1, p2and e, connects p», p; in G do
10: ps < MedianCoordinates(p,, p, p;)
11: if p; # p; and p, # p> and p, # p; then
12: if Dist(p;, p;) > dist[e;] then
13: dist[e,] < Dist(p>, ps)
14: SteinerPoint[e;] < p;
15: end if
16: if Dist(p,, p;) > dist/e,] then
17: dist[e,] < Dist(pz, ps)
18: SteinerPoint[e;] < p;
19: end if
20: end if
21: end for
22: for each edge pair (e;, e;) where e, connects
1, p2 and e; connects p,, p; in G do
23: if dist[el] > 0 then
24: if SteinerPoint[e;] == SteinerPoint[e,] then
25: N.include(SteinerPoint/e;])
26: pinAdded «— True
27: end if
28: end if
29: end for
30: until pinddded == False
31: return G

32: end procedure

A. Serial Implementation

The full SFP algorithm is given in Algorithm 1. For perfor-
mance reasons, it differs a little from the conceptual approach
outlined earlier. Since finding all connected pin triples and com-
puting their medians can be done in linear time, but generating
the MST requires quadratic time, our implementation minimizes
the number of times an MST is computed (line 4). Specifically,
it always computes all potential Steiner points in each round (re-
peat-until loop, lines 2 through 30) and batch adds (lines 22
through 29) those that reduce the wirelength (line 23) while not
conflicting with “better” Steiner points (line 24). To find these
“best” Steiner points, SFP determines the median coordinates
(line 10) for each pin triple (line 9). If the median is distinct (line

11) and provides more wirelength savings (lines 12 and 16), the
potential Steiner point is recorded on the two edges (lines 14 and
18) along with its savings (lines 13 and 17).

Fig. 5 illustrates the operation of the SFP heuristic step-by-
step on a six-pin net. Panel (a) displays the MST of the six given
pin locations. Each diagonal (dotted) line in the figure should be
thought of as a rectilinear L-route. Panel (b) shows, using cross-
hairs, the four potential Steiner-point locations computed by
SFP when considering the four connected pin triples DEF, CDE,
BCD, and ABC. Potential Steiner points that involve a common
edge (each pin triple encompasses two edges) are in conflict and
will not be included together (see below). In case of conflict,
SFP picks the Steiner point that is farther away from the median
point of the triple because this maximizes the wirelength sav-
ings. Ties are broken deterministically using the unique pin IDs.
As seen in panel (b), only Steiner point S3 is selected. It conflicts
with the potential Steiner points S2 and S4, which provide less
savings as S2 is closer to pin D and S4 is closer to pin B than S3
is to pin C. Moreover, the potential Steiner point S1 conflicts
with the potential Steiner point S2 but provides less wirelength
savings as S1 is closer to pin E than S2 is to pin D, so S1 is also
deselected.
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Fig. 5. Step-by-step processing of a six-pin net using the SFP heuristic

After adding the new Steiner point (S3 — G), the MST in
panel (c) is computed. Panel (d) shows the next set of potential
Steiner points. Some of them coincide with G and are, therefore,



not considered. However, two of the remaining three potential
Steiner points are independent and provide the locally maximal
wirelength savings, so both S5 and S7 are included at the same
time, that is, they are added in a single batch.

The MST with the newly added pins H and I included is
given in panel (e). As shown in panel (f), all but one of the po-
tential Steiner points coincide with existing pins, so only the one
Steiner point (S8 — J) is considered and included. The final
MST is presented in panel (g). Since all potential Steiner points
now coincide with existing pins, the SFP heuristic terminates.

Fig. 6 provides an example of four medians (potential Stei-
ner points) whose corresponding pin triples each share a com-
mon edge with two other pin triples. Only two opposing medians
should be used as Steiner points because including all four me-
dians would yield the suboptimal solution shown on the right.
This example highlights why SFP checks for conflicts and uses
at most one median per MST edge at a time.
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Fig. 6. Five-pin net with MST and 4 medians (left), optimal solution with 2
Steiner points (center), and poor solution using all 4 medians (right)

Our SFP implementation employs Prim’s algorithm to com-
pute the MST. For a net with n pins, this requires O(n?) work
since the graph is complete. Determining all connected pin tri-
ples and computing their medians, i.e., finding the potential Stei-
ner points, requires O(n) work as the work per tree edge is con-
stant. Hence, each iteration of SFP requires O(n?) work. In the
best case, O(1) iterations suffice. In the worst case, O(n) itera-
tions are needed because there are at most O(n) Steiner points
and at least one new Steiner point must be added per iteration.
This leads to a worst-case running time of O(n?). The empirical
test with large random nets described in Section V.D yielded an
average-case running time of about O(n*!7) because, in most it-
erations, many Steiner points are added at the same time. Here,
it is important to note that big-O complexity analysis only holds
for sufficiently large n. In the RSMT domain, almost every net
has a very small n, meaning that other factors dominate and de-
termine the runtime, making the big-O complexity largely irrel-
evant.

B. Parallel Implementations

Our parallel SFP codes implement the same algorithm as the
serial code. In fact, the parallel codes are deterministic and al-
ways produce the exact same result as the serial SFP code.

1) OpenMP CPU Parallelization

Since a netlist typically comprises many nets but each net
tends to only have a few pins, we opted to parallelize SFP across
nets in our OpenMP implementation for multicore CPUs. In
other words, each thread applies the heuristic to a separate set of
nets by running Algorithm 1 on each net. Since nets require dif-
ferent amounts of processing time, we use a dynamic schedule
to balance the workload. As soon as a thread is done with one

net, it obtains the next net from the worklist. This procedure re-
peats until all nets have been processed.

2) CUDA GPU Parallelization

This straightforward parallelization does not work well for
GPUs. We tried it and found it to underperform the OpenMP
code due to thread divergence, little opportunity for coalesced
memory accesses, too large of an active working set, and too
little shared memory space for each simultaneously processed
net. To alleviate these problems and boost performance, our
CUDA implementation assigns each net to an entire warp, again
using a dynamic schedule for load balancing. The 32 threads
making up a warp process the given net in parallel, i.e., both the
MST and the Steiner-point computations are parallelized as ex-
plained in the next two paragraphs. Hence, the GPU code com-
bines two levels of parallelization: (1) within each net and (2)
across all nets. Nevertheless, the kernel code that executes on
the GPU only requires about 100 CUDA statements.

We parallelized Prim’s MST algorithm (called on line 4 in
Algorithm 1) as follows. The code comprises a doubly nested
loop that performs O(n?) work. Due to a loop-carried depend-
ency in the outer loop, we targeted the inner loop. This loop up-
dates the distance from the growing tree to all pins that are not
yet in the tree and determines the closest such pin. The distance
computations are independent and easy to parallelize. Finding
the pin with the minimum distance requires a reduction, which
is implemented using atomicMin operations.

The Steiner-point computation is parallelized as follows.
The initialization is embarrassingly parallel (loop starting at line
5 in Algorithm 1). To simplify the rest of the computation, the
code first converts the edge list into an adjacency list for each
pin, i.e., it builds a more suitable data structure. Each warp
thread processes a different set of edges and appends the two
neighboring pins to the appropriate adjacency lists. AtomicAdd
operations are used to determine the correct location in the adja-
cency lists. Then, the code computes the median of the three pins
for all edge pairs with a common pin (loop starting at line 9).
Each warp thread processes a disjoint set of adjacency lists. The
highest achievable distance savings is recorded for each edge
using an atomicMax operation (if statements starting at lines 12
and 16). Finally, the warp threads concurrently process the edge
pairs to determine which pairs agree on the same Steiner point
(loop starting at line 22). Those Steiner points are added to the
list of pins using a parallel sum reduction to determine their lo-
cation in the list.

The resulting C++, OpenMP, and CUDA codes are available
in open source [20]. All three versions, including the parallel
ones, produce the same output for the same input and are deter-
ministic, meaning that they always produce the same result for
a given input irrespective of what system they are executed on
or what thread count is being used. Moreover, SFP naturally
handles duplicate pins in the input, so there is no need to remove
duplicates before processing.

IV. EXPERIMENTAL METHODOLOGY

We evaluated the seven RSMT codes shown in TABLE 1.
We selected these codes because they perform well and are pub-
licly available. FLUTE is fast and produces an optimal solution
for 9-pin and smaller nets. GeoSteiner is slow but guaranteed to



produce an optimal solution for all nets. BI1S lies between Ge-
oSteiner and FLUTE in terms of both speed and result quality.
Similarly, SALT lies between FLUTE and BI1S.

TABLE 1 EVALUATED RSMT IMPLEMENTATIONS
Device | Ser/Par [Name Version | Origin
BIIS n/a [3]
FLUTE 3.1 [9]
CPU | serial [GeoSteiner 5.1 [10]
SALT n/a [19]
SFP-C++ (our code) 1.0 [20]
CPU |parallel [SFP-OpenMP (our code) 1.0 [20]
GPU |parallel|SFP-CUDA (our code) 1.0 [20]

We modified the programs so that they all use the same code
to read the inputs into memory, time the RSMT computation,
and evaluate the wirelength. In other words, the programs only
differ in their implementation of the RSMT algorithm. Note that
only the RSMT computation is timed. For FLUTE, the time to
load the lookup table is not included. To make SALT compatible
with the other codes, we set €=10,000 so it minimizes the wire-
length. We ran each program five times and used the median of
the measured times to compute the throughput. Since all seven
implementations are deterministic, they always produce the
same wirelength for a given input. We checked the output by
comparing the solution for each net to that of GeoSteiner. As
expected, none of the other implementations produced a better
solution for any net.

The system we used for the measurements is based on an
AMD Ryzen Threadripper 2950X CPU with 16 cores. Hyper-
threading is enabled, i.e., the cores can simultaneously run 32
threads. The main memory has a capacity of 64 GB. The oper-
ating system is Fedora 30. The GPU in the system is an NVIDIA
Titan V with 5120 processing elements distributed over 80 mul-
tiprocessors. Its global memory has a capacity of 12 GB. The
GPU driver version is 450.66.

We compiled the CPU codes with gec/g++ 9.3.1 using the
“-03 -march=native” optimization flags and the GPU code with
nvce 11.0 using the “-O3 -arch=sm_35” optimization flags. The
OpenMP version of our code uses 32 threads and employs a dy-
namic schedule (for load balancing) with a chunk size of 256 (to
minimize overhead and false sharing). The CUDA version also
employs a dynamic schedule. It processes nets with up to 32 pins
using 61,440 threads and the rest with 7,680 threads (to increase
the amount of shared memory available per thread).

We used the sixteen inputs listed in TABLE II. They stem
from the ISPD 2008 Global Routing Contest [13]. The table lists
the name, abbreviation, total number of nets, how many nets
have more than 256 pins, the average net size, and the maximum
net size for each input. For all codes, we truncated the few nets
with more than 256 pins and only used the first 256 pins. We
had to truncate because, as downloaded, BI1S and GeoSteiner
only work correctly for input nets up to and including 256 pins
but not for all nets up to 512 pins. This affected between two and
six nets per input. Moreover, we had to remove duplicate pins
from the inputs as SALT does not support duplicates.

TABLE II INPUT NETLIST INFORMATION

Number |Nets with| Average | Pins in
Input |Abbrev. . .
ofnets [>256 pins| pins per | largest
adaptecl al 219,794 2 4.28 2,271
adaptec2 a2 260,159 2 4.08 1,935
adaptec3 a3 466,295 2 4.01 3,713
adaptec4 a4 515,304 2 3.70 3,974
adaptec5 a5 867,441 4 4.01 9,863
bigbluel bl 282,974 2 4.03 2,621
bigblue2 b2 576,816 3 3.65| 11,869
bigblue3 b3 1,122,340 2 3.40 7,623
bigblue4 b4 2,228,903 4 3.98] 20,766
newbluel nl 331,663 2 3.68] 12,335
newblue2 n2 463,213 2 3.80 8,089
newblue3 n3 551,667 2 342 16,008
newblue4 n4 636,195 2 390 13,518
newblue5 ns5 1,257,555 6 3.90 17,912
newblue6 n6 1,286,452 2 4.10[ 19,862
newblue? n7 2,635,625 2 3.82| 17,324
V. RESULTS

A. Runtime and Throughput

TABLE III lists the time it takes the seven programs on our
system to process all nets in each input. The bottom row shows
the geometric mean over the sixteen inputs. The corresponding
throughput, i.e., the number of nets divided by the processing
time, is listed in TABLE IV. Higher throughputs are better. The
rightmost three columns present results for variations of
FLUTE. For example, “8-1" corresponds to a lookup table size
of 8 and an accuracy parameter of 1. The default FLUTE lookup
table size is 9 with an accuracy of 3. We do not show FLUTE 9-
2 as it performs between 9-1 and 9-3 in both wirelength and
speed and, therefore, does not provide additional insight.

Compared to the serial SFPc++ version, SFPomp running on 16
hyperthreaded cores is 16 times faster (i.e., hyperthreading does
not help much) and SFPcupa running on the Titan V GPU is 71
times faster, showing that our algorithm is parallelizable and
scales to many cores and processing elements.

On each tested input, our parallel GPU code is the fastest and
our parallel CPU code is the second fastest. Ignoring the non-
default versions of FLUTE, our serial CPU code is the third fast-
est implementation with one exception. FLUTE is the next, fol-
lowed by SALT, then BI1S, and GeoSteiner is the slowest. Our
serial SFPC++ code is 1.21 times faster than default FLUTE but
only a little more than half as fast as FLUTE with a lower accu-
racy (9-1). Interestingly, reducing the table size of FLUTE (8-1)
does not yield additional speedup. In contrast, increasing the ac-
curacy to the maximum level (9-12) makes FLUTE nearly 15
times slower. Evidently, the accuracy parameter has a signifi-
cant impact on the throughput of FLUTE whereas the size of the
lookup table does not. SFPowmp is 19.5 times faster and SFPcupa
is 86.1 times faster than the serial default FLUTE.



TABLEIII ~ RUNTIME (MILLISECONDS) be significantly lower than the reported pseudo-parallel through-
BIIS | FLUTE| GeoSt. ]| SALT | SFPc::|SFPowr|SFPcua| 81 ] 91| 9-12 puts.
al | 6.1279] 1747] 153853 30475 1494] 112 30| 731 73.0] Lssid
a2 | 85211 199.8] 188989 30267 1572] 106 20| A 733 26386 TABLE V THROUGHPUT (MILLIONS OF NETS PER SECOND) WHEN
a3 | 87428 2107] 207149] 34339] 1755] 106 20] 83| s34] 29283 RUNNING 32 COPIES OF EACH SERIAL CODE SIMULTANEOUSLY COMPARED TO
a4 | 133532] 3579] 299887 54735 2591 162 3.8 1282] 128.1] 46441 PARALLEL SFP
a5 | 21,025.1]  4659] 42,0656 6.884.6] 3578 202 39] 167.5] 166.8] 6.065.7
bl | 21,042.1 527.7) 55,448.8] 10,986.8] 530.7 36.7 7.6] 261.3| 261.3] 6,838.0 BI1S-32| FLUTE-32|GeoSt-32|SALT-32] SFP-32 | SFPomp | SFPcupa
b2 | 123075 1944] 207855] 32085] 1634] 98 20| 801 798] 29453
b3 | 12,5745 302.0] 20.6472] 58133 2636] 152 2.7] 1330 1329] 46082 al 0.71 23.62 029 138 30.69] 19.62 73.86
b4 | 64.90L4] 1,139.0] 1089439 1534L9] 8822 459 9.1 3753] 374.7] 16.094.1 a2 0.51 20.84 0.23 137 29.06] 20.77 55.13
nl | 51.845.8] 1,353.4] 123.745.4] 24.588.6] L125.0] _ 93.9] 20| 578.8] 577.6] 14,5282 23 058 2333 025 1451 3035 2459] 12078
n2 | 96585 25L7] 224339] 401L0] 1938] 124 32| 946 942 32283)
3 | 150063 294.5] 241232 4.729.6] 2186] 159 2.6] 110.7] 110.3] 4,188.9 a4 0.68 2472 0.31 L63] 37.12] 2871 12354
04 | 16,7792]  3792] 34.7419] 65647 3123] _ 19.0 22| 156.1] 157.1] 49116 as 0.48 21.07 0.25 1.44]  2926] 25.48] 131.69
15 | 25.9969] 507.6] 51.799.0] 8.170.1 4416] 244 53] 203.3] 202.8] 7.2186 b1 082 3015 032 5ol 3360l 2365 11410
16 | 46,089.6] 1,094.5] 104.726.4] 17.039.6] 8873] 474 10.5| 409.8] 4084] 152425
07| sdcta]  1332] 13.0853] 2.5664] 1236 66 1.8] 360.4] 358.7] 11,039.9 b2 0.45 2723 0.27 1.68] 34.87] 2885 141.62
em] 16,193.6] 369.7 34,8209 6,142.3[ 304.8]  19.0 43] 164.4] 1642 55077 b3 0.90 34.68 0.39 1.89 44.69 37.97] 215.26
b4 0.33 18.17 0.21 0.78 25.53 24.44 123.23
TABLEIV ~ THROUGHPUT (MILLIONS OF NETS PER SECOND) nl 0.85 29.48 0.36 172 40.18[ 2373| 7626
n2 0.68 25.16 0.30 1.55 35.03 26.64 103.23
BIIS | FLUTE| GeoSt.| SALT| SFPc.+ | SFPowme | SFPcupa] 81 | 91 | 912 n3 0.60 30.18 0.39 1.85] 4235] 29.09] 17813
al | 004 126 o001] 007 147] 1962] 7386 3.01] 301 o012 n4 0.65 27.33 0.32 1.59] 3674 2899 131.99
a2 | 003]  110] o01] 007 140 20770 55.13] 298] 2.99] 0.8 n5 0.48 23.87 0.25 149]  29.67] 2607 119.73
a3 0.03 1.23 0.01] 0.08 1.48 24.59 129.78§ 3.13] 3.12] 0.09 né 0.53 21.97 0.24 1.42 2913 26.51 120.24
a4 | 003]  130] 0.02] 009 1so] 28710 123.54] 3.64] 3.64] 0.10
as | 002] 11 oo1] 007] 144 2548] 13169 3.08] 3.09] 0.8 n7 0.78 30.05 0.34 055 3631] 3341] 12230
bl | 004 64| 0.02] 008] 163] 2365] 1140 332] 332 0.3 gm| 0.6l 2539 0.29 1400 33.72| 26.44) 116381

b2 [ 002] 146] 001l 009 1.73] 2885
b3 | 00s] 191 o002] o10] 219 3797 21526] 434 434 0.3
b4 | 002] 099 001l 007 127 2444 12323 299 3.00[ 0.07
nl | 004]  165] 002] 009l 198] 2373 76.26] 3.85] 3.86] 0.15
n2 | 003 132] 001l oos] 171 2664 10323 3.50[ 3.52] 0.10
n3 [ 003 1571 002] o1 212 2900 178.13] 419 420[ 0.1
nd | 003]  14s] o0.02] oos] 177] 2899 131.99] 3.53] 351 011
ns | 002] 125] o0o01] oo0s] 144 2607 11973 3.3 3.14] 0.00
n6 | 003] 115|001l 007 142] 2651 12024] 3.07] 3.08] 0.08
n7 | 004] 1es] 0.02] 009 178] 3341 12230] 3.57] 359 012
om | 003] 136] 001] 008] 164] 2644 11681 341] 341 o0.10

141.62) 3.53] 3.55[ 0.10

In absolute terms, our GPU implementation processes be-
tween 55 million and 215 million nets per second on the ISPD
2008 inputs. It provides nearly two orders of magnitude in
speedup over FLUTE, three orders over SALT, well over three
orders over BI1S, and close to four orders over GeoSteiner.

BI1S, FLUTE, GeoSteiner, and SALT are likely paralleliza-
ble. Whereas truly parallelizing them is beyond the scope of our
project, we did run 32 copies of each serial code, including the
SFP code, simultaneously and divided the resulting median
runtime by 32 to approximate the parallel performance. This ap-
proach disregards any synchronization that might be necessary
in an actual parallelization. The corresponding throughputs for
each input are presented in TABLE V.

This pseudo-parallelization yields a speedup of about 17 for
SALT, 19 for FLUTE, and 20 for BI1S, GeoSteiner, and SFP.
Even under these optimistic conditions, FLUTE is still slower
than the OpenMP version of SFP (SFPowmp) on the majority of
the inputs and on average when running on the CPU. Our GPU
implementation is 4.6 times faster than pseudo-parallel FLUTE.
Note that SFP-32 is 27.5% faster than SPFowmp, providing an in-
dication of how optimistic the pseudo-parallel throughputs are.
In other words, the throughputs of genuine parallel implementa-
tions of BI1S, FLUTE, GeoSteiner, and SALT would probably

B. Wirelength

The total wirelength, i.e., the sum of the wirelength over all
nets, is listed in TABLE VI. Higher numbers are worse. Recall
that each netlist has between two and six nets that were trun-
cated. The results for GeoSteiner are absolute, the remaining re-
sults are relative to GeoSteiner. Only one value is listed for SFP
as our three implementations always produce the same result for
a given input. The bottom row shows the geometric mean over
all inputs. As before, we include the results of FLUTE with dif-
ferent parameters in the three right-most columns.

TABLE VI TOTAL WIRELENGTH (ABSOLUTE FOR GEOSTEINER,
RELATIVE INCREASE OVER GEOSTEINER FOR THE OTHER ALGORITHMS, LE.,
WIRELENGTH = (1 + PERCENTAGE) * GEOSTEINER)

GeoSteiner BIIS/ |FLUTE/|SALT /| SFP/ 81/ 9-1/ [ 9-12/
GS GS GS GS GS GS GS
al 118,774,718] 0.11%] 0.20%| 0.12%] 0.74%] 0.60%[ 0.55%] 0.06%
a2 112,533,313|  0.08%| 0.18%| 0.10%] 0.58%] 0.56%| 0.52%] 0.04%
a3 280,751,697 0.06%| 0.18%| 0.09%] 0.53%] 0.48%| 0.45%] 0.06%
a4 266,751,075 0.06%| 0.19%| 0.09%] 0.48%] 0.57%| 0.54%] 0.06%
a5 491,276,114] 0.07%| 0.19%| 0.09%]| 0.58%] 0.60%]| 0.56%| 0.05%
bl 171,900,004| 0.10%]| 0.27%| 0.14%] 0.83%] 0.74%| 0.68%] 0.05%
b2 184,719,520]  0.11%] 0.25%| 0.14%] 0.60%] 0.69%| 0.65%] 0.06%
b3 386,392,738 0.06%| 0.17%] 0.08%] 0.46%] 0.42%[ 0.39%] 0.05%
b4 939,957,856 0.09%| 0.20%| 0.11%] 0.60%] 0.64%| 0.60%]| 0.06%
nl 70,066,240] 0.10%| 0.16%) 0.09%| 0.60%] 0.53%] 0.49%| 0.04%
n2 231,008,765 0.07%| 0.15%| 0.08%] 0.47%] 0.47%| 0.44%]| 0.04%
n3 295,740,999 0.04%| 0.10%| 0.05%] 0.28%] 0.32%| 0.30%]| 0.03%
n4 319,102,815 0.06%| 0.11%| 0.06%] 0.49%] 0.36%| 0.33%] 0.03%
ns 569,689,521] 0.10%| 0.28%| 0.15%] 0.69%J 0.77%| 0.72%| 0.06%
n6 587,289,719] 0.08%] 0.19%| 0.10%] 0.56%] 0.56%| 0.52%[ 0.05%
n7| 1429968,074] 0.07%| 0.15%] 0.08%]| 0.53%] 0.45%] 0.41%]| 0.04%
gm| 299,290,278 0.08%[ 0.18%] 0.10%| 0.55%] 0.53%] 0.50%] 0.05%

Compared to GeoSteiner, which computes the optimal solu-
tion, the other approaches are worse on every input. Disregard-
ing the non-default versions of FLUTE, BIIS is second best,



SALT is third, FLUTE is fourth, and SFP is last. However, the
differences are small. The total wirelength of BILS is only
0.08% longer than GeoSteiner, SALT’s is 0.1% longer,
FLUTE’s is 0.18% longer, and SFP’s is 0.55% longer. In other
words, SFP’s wirelength is about half a percent longer than op-
timal on average and less than one percent longer on all tested
inputs. We believe this to be a small increase for a solution that
is computed over 8100 times faster on average (cf. TABLE IV).
Moreover, given the simplicity of the SFP heuristic, the wire-
length is surprisingly good. Compared to FLUTE, the fastest of
the other four tested programs, SFP’s wirelength is 0.38% longer
(and computed 86 times faster). This small amount of extra wire-
length is likely insignificant compared to the wirelength added
in the later routing stage, in particular during rip-up and re-route.

The results for the variations of FLUTE show that the pa-
rameters, especially the accuracy parameter, allow the user to
trade off throughput (cf. TABLE IV) for wirelength. Both accu-
racy-1 versions of FLUTE produce a solution that is about 0.5%
worse than optimal and only slightly better than SFP. The accu-
racy-12 version produces a wirelength that is very close to opti-
mal and better than BI1S and SALT while still being faster.

A net-to-net comparison over all inputs (13.7 million nets in
total) shows that, in the most extreme case, BI1S, FLUTE, and
GeoSteiner find a solution that is 31.1% shorter than SFP’s (cf.
Fig. 4 and its discussion). In the other extreme, SFP finds a so-
lution that is 10.2% shorter than SALT’s, 15.6% shorter than
BII1S’, and 19.1% shorter than FLUTE’s. These improvements
again highlight the good result quality that the simple SFP heu-
ristic can deliver. SFP always produces the optimal solution on
2- and 3-pin nets, FLUTE on 2- through 9-pin nets, SALT on 2-
through 9-pin nets as it is based on FLUTE, and BI1S on 2-, 3-,
and 4-pin nets. GeoSteiner is always optimal.

C. Wirelength and Throughput for Different Net-Size Ranges

In this section, we study the wirelength and throughput for
small, medium, and large nets separately. We classify nets with
2 or 3 pins as small, nets with 4 to 9 pins as medium, and nets
with 10 to 256 pins as large. We selected these ranges such that
SFP is optimal on the small nets, FLUTE and SALT on the small
and medium nets, and GeoSteiner on all three size ranges.

The total wirelength, that is, the sum of the final wirelength
of each net in each size range, is listed in TABLE VII. Higher
numbers are worse. To improve readability, we only show the
geometric mean over the 16 inputs. The wirelengths for Geo-
Steiner are absolute whereas the other results are relative to
GeoSteiner. Only one value is listed for SFP as our three codes
are deterministic and produce the same result.

TABLE VII TOTAL WIRELENGTH (ABSOLUTE FOR GEOSTEINER,
RELATIVE INCREASE OVER GEOSTEINER FOR THE OTHER ALGORITHMS) FOR
DIFFERENT NET-SIZE RANGES

BIIS/ | FLUTE/| SALT/| SFP/ 81/ 9-1/ ] 9-12/
GS GS GS GS GS GS GS

2t03 122,205,140| optimal
4t09 81,944,821 0.05%]| optimal| optimall 0.51%] optimal| optimal| optimal
10 to 256 89,649,128]  0.21% 0.60%| 0.32%] 1.37%] 1.67%| 1.67%] 0.16%

Pin Range| GeoSteiner

optimal| optimal| optimal] optimal| optimal| optimal

The table shows that all tested approaches find the optimal
solutions on the small nets, only FLUTE, SALT, and GeoSteiner
are optimal on the medium nets, and only GeoSteiner is optimal

on the large nets as expected. BI1S is off by 0.05% and SFP is
off by 0.51% on the medium nets. On the large nets, BI1S is off
by 0.21% and outperforms FLUTE, which is off by 0.6%, as
well as SALT, which is off by 0.32%. SFP is off by 1.37%. In-
terestingly, the faster versions of FLUTE with an accuracy of 1
are off by 1.67% on the large nets and thus perform worse than
SFP. Except for GeoSteiner, the tested approaches perform pro-
gressively worse for larger nets. Nonetheless, they all produce
solutions that are close to the optimal wirelength.

TABLE VIII shows the runtimes and TABLE IX the
throughputs on the different net-size ranges. Again, we only list
the geometric mean over the 16 inputs. The first five (and the
last three) codes run on a single CPU core, SFPowmp runs on 16
hyper-threaded CPU cores, and SFPcypa runs on the GPU. The
SFP runtimes vary by no more than a few percent between runs.

TABLE VIII RUNTIME (MILLISECONDS) FOR DIFFERENT NET-SIZE RANGES

Pin Range| BIIS |FLUTE| GeoSt. | SALT | SFPc+ |SFPomp | SFPcupa|  8-1 9-1 9-12

2t03 133.4 37.6]  1,915.4] 1,868.3] 12.0 6.7] 0.9] FLUTE| FLUTE| FLUTE
4t09 4413.2]  190.8] 16,221.5] 1,662.0] 379.8 35.8 49] 190.1| FLUTE] FLUTE
10to 256 | 353,723.3] 7,464.6] 743,702.2] 4,363.0] 5,704.8] 412.1 83.3) 2,222.8] 2,224.0f 118,167.0,

TABLE IX THROUGHPUT (MILLIONS OF NETS PER SECOND) FOR

DIFFERENT NET SIZES

Pin Range| BIIS | FLUTE| GeoSt.[SALT | SFPc+| SFPomp | SFPcupa | 8-1 9-1 9-12
2to3 4.903| 17.394] 0.341] 0.350] 54.287) 97.196| 715.585] FLUTE| FLUTE| FLUTE
4t09 0.148] 3.427| 0.040] 0393 1.722] 18.254| 134.270] 3.440| FLUTE| FLUTE
10to 256 | 0.002f 0.088] 0.001] 0.150] 0.115 1.587 7.855] 0.294] 0.294]  0.006

GeoSteiner has the lowest and BI1S the second lowest
throughput except on the small nets, where BI1S outperforms
SALT. SALT is next followed by FLUTE, which beats serial
SFP on medium-sized nets, i.e., the nets where SFP is not opti-
mal, but FLUTE is. Parallel SFP is the second fastest and SFP
running on the GPU delivers the highest throughput on each net-
size range. SFPowmp does not scale well on the small nets due to
the very fast runtime of serial SFPc.+ (just 0.012 seconds for the
entire netlist on average), which makes it hard to overcome the
parallelization overhead.

Serial SFP (SFPc++) is over three times faster than FLUTE
on the small nets, illustrating how fast the simple median com-
putation is upon which SFP is based. Since it yields the optimal
solution, this approach should generally be used for 3-pin nets.
However, serial SFP is only half as fast as FLUTE on the me-
dium nets. In this size range, FLUTE benefits from its precom-
puted solutions, i.e., the table lookup is about twice as fast as
computing the solution from scratch as SFP does. Since FLUTE
only has precomputed solutions for up to 9-pin nets, this ad-
vantage is lost on the large nets, where serial SFP is again faster.
However, SALT and especially the accuracy-1 versions of
FLUTE are faster than serial SFP on the large nets.

Parallel SFP outperforms the default version of the other four
codes on the tested net sizes by at least a factor 5.3 (OpenMP)
and 39.2 (CUDA). The two parallel SFP versions exhibit the
lowest drop in throughput between the small and the large nets,
meaning they scale better to larger nets. This is likely due to the
parallelization overhead being lower, relatively speaking, as the
absolute overhead per net is roughly constant regardless of the
net size but the computation time is higher for larger nets.



D. SFP Performance on Huge Nets

In this section, we evaluate SFP on nets with between 1000
and 10,000 pins. As downloaded, BI1S, FLUTE, GeoSteiner,
and SALT do not support such net sizes. For each size, we gen-
erated 100 nets with random x and y coordinates as pin locations
in the range 0 <x < 1000 and 0 <y < 1000.

Fig. 7 shows the average absolute runtime per net of serial
SFP. We also include the best-fit trendline in the figure to esti-
mate the growth rate.
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Fig. 7. Average runtime per net of serial SFP on nets with between 1000 and
10,000 randomly placed pins, including the best-fit trendline

These results highlight two important aspects. First, it takes
SFP under 1.5 seconds to produce an RSMT for a 10,000-pin
net. Hence, SFP can also be used for very large nets that are not
supported by the other studied codes. Second, in this net-size
range, SFP’s runtime complexity appears to be about O(n*!7),
where 7 is the number of pins, based on the best-fit power trend-
line. This is well below the O(n*) worst case mentioned in Sec-
tion III, implying that SFP adds a large batch of Steiner points
in each iteration.

Fig. 8. The RSMT generated by SFP for the largest net in adaptec5; given pins
are blue and inserted Steiner points are red (diagonal wires can be replaced with
either of the two possible L routes to produce a rectilinear solution)

To show a real-world example of a large net, we ran SFP on
the largest net in the adaptec5 input, which has 9,863 pins. Fig.
8 presents the result with one of the dense areas blown up to
provide more detail. It took serial SFP just 1.1 seconds and seven
iterations to compute this solution, which is 6.5% shorter than
the pure MST solution.

Fig. 9 displays the average number of iterations needed by
SFP per net to produce the RSMT. We again include the best-fit
trendline. The results show that the number of iterations is very
small. None of the 100 tested random 10,000-pin nets require
more than 14 iterations. Furthermore, the number of iterations
grows very slowly with the net size. Taken together, the results
presented in this section indicate that SFP can likely be used for
computing RSMTs of even larger nets in just seconds.
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Fig. 9. Average number of iterations per net of SFP on nets with 1000 to
10,000 randomly placed pins, including the best-fit trendline

VI. SUMMARY AND CONCLUSIONS

We are working toward a VLSI-design tool chain that is fully
parallelized. This paper presents one component thereof, a de-
terministic Rectilinear-Steiner-Minimum-Tree heuristic called
SFP and describes how we designed it to be effective and paral-
lelism friendly. It is based on a simple and fast approach to com-
pute the optimal solution for three-pin nets, which it extends to
larger nets. Compared to FLUTE, a serial code, SFP incurs a
wirelength penalty of 0.38% on the sixteen ISPD 2008 netlists
but is 86 times faster when running on a GPU. Compared to Ge-
oSteiner, BI1S, and SALT, SFP’s wirelength penalty is no more
than 0.55%, but it is up to 8100 times faster. Despite its simplic-
ity, the SFP heuristic can produce solutions that are over 19%
shorter than FLUTE’s. Moreover, SFP supports much larger net
sizes than the other tested codes. The serial C++, parallel
OpenMP, and parallel CUDA implementations of SFP are pub-
licly available [20].

If optimal solutions are required, SFP should be used for
small nets with 2 or 3 pins, FLUTE for medium nets with 4 to 9
pins, and GeoSteiner for large nets with 10 to 256 pins as they
are faster than the other tested codes. In cases where speed is
important in addition to a good wirelength and only serial exe-
cution is possible, SFP should be used for small inputs, FLUTE
for medium inputs, FLUTE with reduced accuracy for large in-
puts, and SFP for inputs with more than 256 pins. If parallel ex-
ecution, in particular GPU acceleration, is available and speed is
important, SFP should be used for all net sizes.



Speeding up the RSMT generation by orders of magnitude
not only accelerates this step of the tool chain but may also im-
prove other steps. For example, the fast run time makes it possi-
ble to quickly compute RSMTs during floor planning and place-
ment to provide better routing-cost estimates than the widely
used half-perimeter wirelength. Moreover, steps like placement
are often run iteratively to optimize the result. By speeding up
aspects of these steps, more iterations can be completed in the
allotted time, improving the overall result quality. Of course,
speeding up the entire tool chain through parallelization would
enable much larger improvements. For instance, it might allow
chip designers to explore additional dimensions of the design
space, thus yielding faster and more energy-efficient chips. We
hope our work will inspire others to parallelize and accelerate
their VLSI tools to make this a reality.
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