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Abstract. An area efficient architecture for organization of sublitho-
graphic PLAs(Programmable Logic Arrays) is proposed. Two-way max-
clique clustering and partitioning algorithm is suggested for use on this
architecture for efficient logic mapping. This algorithm bridges the bar-
rier between the traditional schemes of Top-down partitioning and Bottom-
up clustering in VLSI design and gives a unified approach to the problem
of logic mapping. The scheme is based on recent developments in heuris-
tics for maximum clique search in an undirected graph using sequential
coloring.

1 Introduction

Recent advances in molecular electronics [27] [17] and sub-lithographic Nano-
architectures of FPGAs(Field Programmable Gate Arrays) [10] [16] [33] has
reaffirmed the belief that nanotechnology will extend the Moore’s Law [28] in
this new century [19] [30]. Most of these nano-architectures [3] [11] [12] [32] are
crossbar structures because of their ease of fabrication and support for defect
tolerance. This paper envisions an architecture for full-scale electronic systems
based on the crossbar approach.

We organize the nano-PLAs into nano-PLA blocks and further group them
into nano-PLA clusters. These nano-PLA clusters form the building blocks of
reconfigurable nano-electronic devices similar to the existing lithographic CPLDs
(Complex Programmable Logic Devices). Because of the bottom-up fabrication
techniques used to make these nano-electronic devices (nano-CPLDs), they will
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have interconnect requirements very different [12] from the existing CPLDs [13].
Their efficiency would closely depend on the logic mapping technique used to
embed logic onto them.

Traditionally, logic mapping techniques in VLSI design literature have been
divided into two classes - the Bottom-up Clustering and the Recursive Top-down
Partitioning [26]. The Top-down partitioning methods [24] [14] [34] divide a
circuit into smaller and more manageable components. The Bottom-up clustering
methods [6] [18] [31] look at the problem of circuit logic break-up from the view
of grouping together elements to form circuit clusters. While top-down methods
fail in cases when the circuits are large because of their complexity, bottom-
up fail because of their lack of reliance on the global view of the circuit. The
algorithm proposed banks on the strengths of both these methods and in that
sense is a hybrid of the two.

Recent developments in graph heuristics for maximum clique search [8] [22]
are the motivation of the proposed algorithm. These heuristics are used to find
the maximum clique in a circuit. This clique is removed clique and the maximum
clique in the residual graph is searched and so on. The partitions so obtained are
unbalanced and we balance them using bottom-up techniques based on density
criterions.

We thus makes two original contributions through this paper. First, we sug-
gests a feasible architecture for full-scale nano-devices based on Programmable
Logic Array Blocks. Second, we propose an integrated algorithm based on top-
down and bottom-up techniques to map logic into these systems.

The paper is organized into four sections. The first section gives an overview
of the proposed architecture. The next section discusses the concepts and defi-
nitions used in the algorithm for logic mapping onto this architecture. The third
section presents the algorithm. In the fourth section we analyze the results of our
algorithm on a benchmark circuit. Finally, we state the conclusions and avenues
of further research.

2 Architecture

Large PLA blocks provide higher speeds and guarantees predictable timing of
operations. At the same time they increase the complexity of logic synthesis
because of the NP-hard complexity of the two level minimization problem [8].
However, it has been shown [5] that the PLAs outperform LUT-based FPGAs
in terms of both belay and area. This is why most of the new architectures using
sublithographic techniques aim at making nano-PLAs [3] [12] [32]. The nano-
CPLDs that will result from these PLAs will have very high logic gate density
and will require very effective CAD tools to achieve better performance and to
maximize logic utilization similar to that required by some of the new CPLDs [7].

Advances in controlled nanowire construction [9] [29], assembling them into
crossbar structures [20], establishing diode crosspoints [3], and techniques for
addressing nanowires from lithographic scale wires [11] have established crossbar
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structure a feasible architecture for nano-PLAs. There have been several variants
of these nano-PLAs [12] [16] [33].

To make full scale nano-CPLDs from these nano-PLAs we propose the follow-
ing hierarchy. The nano-PLAs are first organized into nano-PLA blocks which
are PLAs wired along with a nano-Buffer/Inverter Unit [12]. These nano-PLA
blocks are then organized in such a way that upon logic mapping they differen-
tiate into nano-PLA clusters. We will demonstrate in the last section that logic
mapping attains its best packing efficiency at different cluster sizes depending
on the logic. This cluster size is defined as the natural cluster size for a circuit.
These clusters together form the entire nano-CPLD. Making cluster size depen-
dent on the logic mapped onto the nano-CPLD ties the architecture closely with
the logic mapping algorithm and provides maximum logic packing efficiency. In
the next section, we introduce the techniques used by our algorithm for logic
mapping on these nano-CPLDs.

3 Mathematical Framework

Circuit Partitioning and Clustering are the two approaches of dividing a circuit
into group of nodes which are densely interconnected as compared to the rest of
the graph thus reducing the interconnect. In Computer Aided Design literature
for VLSI logic mapping these two are referred to as the Top-down(Partitioning)
and Bottom-up(Clustering) approaches.

Top-down approaches partitions a given circuit into smaller partitions. These
techniques have the advantage of having a complete view of the circuit but at
the same time the disadvantage in terms of computational resource requirement
due to the need for global analysis at each step [31]. The top-down approach
includes the iterative bi-partitioning algorithms like the Fiduccia-Mattheyses [14]
variant of the Kernighan-Lin algorithm [24], flow oriented repeated minimum-cut
algorithms [36], etc.

Bottom-up approaches cluster nodes in a given circuit based on some clus-
tering criterion into small clusters. These techniques have the advantage of be-
ing fast but at the same time they have more probability of making mistakes
and hence waste time in back-tracking [31]. The bottom-up approaches include
greedy clustering methods, density based methods [21], random walk method [4],
techniques using transitive closure (k-1 connectedness [15]), etc. All these algo-
rithms use several different clustering objectives to merge nodes into cluster,
each one has its own pros and cons which have been studied in great detail [23].

In our approach we take the problem of circuit partitioning into a graph
theoretic framework. Recently, it has been shown that all real life graphs are
1-perfect [8]. Thus, it is easy to color them and find the maximal clique. There
are several heuristics to find the maximum clique [8] [22]. Some people have
suggested the use of coloring algorithms to cluster circuits [31].

We iteratively divide the circuit on the basis of maximal cliques (which are
arguably the densest regions in a circuit) using heuristics (top-down partition-
ing). Then we recombine the smaller cliques into clusters using some clustering
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criterion (bottom-up techniques). This technique thus takes the benefit of the
advantages of both the bottom-up techniques and the top-down techniques.

These clusters are then mapped onto the nano-PLAs using the traditional
mappers like DDMap [6], TEMPLA [1], PLAmap [2], etc. Most of these mappers
assume that the input network has been decomposed to 2-bounded network and
so our clusters fit easily into these algorithms.

We model the boolean circuit as an undirected graph G(V, E), where the
vertex set V={v;|i = 1, 2, 3, ..., n} represents the gates(nodes) while the edge
set E={e; ;]i,j = 1, 2, 3, ..., n} represents the fact that i and j are input-output
pairs. A hyperedge from a netlist(list of nets or hypergedges) N with source n:
N, = {n, ny, ny, ng, ..., n, s modeled as the set of edges {€n.n1, €n.n2, €n.n3,

vy €nnn ) thus n and ng for k = 1, 2, 3, ..., n form input-output pairs. We
store the graph in the form of an adjacency matrix A=[a;;] where i and j are
input-output pairs.

A cluster is a sub-graph of the boolean circuit graph. A mazimal clique is the
maximum sized complete connected sub-graph. We will now state the proposed
algorithm in the next section.

4 Max-Clique Partitioning Algorithm

Our algorithm takes its input from a netlist. We convert this netlist into an
undirected graph G using the model developed in the previous section. We use
Coudert’s heuristics [8] to find the maximal clique C in this graph. We then
remove the maximal clique from the graph and again use the heuristics to find
the maximal clique in the residual graph G-C. This process continues until we
have partitioned the entire graph into partitions which are cliques of different
sizes.

Although graphs with high edge density have a balanced breakup in terms
of the number of partitions of different sizes (Table 1). The picture changes
completely when we look at sparse graphs similar to the ones observed in real-
life circuits (Table 2). Thus in practice the size of the partitions reduces very
fast as the algorithm progresses and a major chunk of these partitions are single
nodes or edges (two nodes).

This is where we introduce the bottom-up techniques to regroup these cliques
into larger clusters. We set a window for the allowed size of a partition based
on the size of the maximal clique for the graph. Then we regroup these clusters.
There can be several different criterions for doing this regrouping. In the criteria
that we use the smallest cluster is regrouped with the cluster with which it shares
the maximum number of edges. This criteria helps bring down the interconnect
in the partition. This process continues until all the clusters (except maybe one)
are of sizes within that window. When we do this for the case of Table 2 then
we get Table 3.

The only problem now is that these clusters are very small and far too many.
To resolve this issue we form a adjacency matrix from these clusters, with an
edge between two clusters representing the existence of an edge between one of



Large-scale Nano-PLA Meshes with Efficient Logic Mapping 5

Table 1. The number of partitions of different sizes generated by repeated max-clique
partitioning on a 256 random graph generated with 10% probability of having edges
between two vertices.

Size of Partition Number of partitions

11
11
17
29
10
1

U W N

Table 2. The number of partitions of different sizes generated by repeated max-clique
partitioning on a 256 random graph generated with 1% probability of having edges
between two vertices.

Size of Partition Number of partitions

66
7
8
3

=W N =

Table 3. The number of partitions of different sizes generated by repeated max-clique
partitioning with re-clustering (with acceptable partition size 3-5) on a 256 random
graph generated with 1% probability of having edges between two vertices.

Size of Partition Number of partitions

0
1
74
8

=W N =




6 Kumar Jeev

the nodes in the cluster and the other in the second cluster. Then we perform
max-clique partitioning on this new graph. The new partitions generated are
partitions of clusters and are then converted into partitions of nodes. We again re-
cluster them into cluster with a new window of accepted cluster sizes. This goes
on until we find clusters of reasonable sizes which impose reasonable interconnect
requirements.

The cluster sizes that we obtain in this fashion are in some sense the natural
sizes into which the graph should be partitioned because they are based on both
the global conditions of edge density as well as the local ones of interconnect
sparsity. This is why in our proposed architecture emphasizes the need for re-
configurable cluster sizes which is dependent on the partitioning performed by
our algorithm.

In the next section we show the results obtained by running our algorithm
on a benchmark circuit.

5 Results

We run our algorithm on the ”apex4” which is a fairly large MCNC (Microelec-
tronics Center of North Carolina) Benchmark circuit [35] with 1147 nodes and
527 nets. This circuit has an unpartitioned circuit area (total number of edges
in adjacency graph) of 2549. We perform four iterations of our algorithm on
this circuit. The total number of clusters decreased with each iteration while the
maximum number of nodes in a cluster increased as in Table 4.

Table 4. The number of clusters and the maximum number of nodes in a cluster in
every iteration of run on apex4.

Iteration Number of Clusters Maximum number of nodes in a Cluster

1 337 4

2 100 14
3 15 105
4 2 938

We define the cluster area as the number of edges between nodes within a
cluster. The total cluster area is the sum of the area of all the clusters and the
average cluster area is the average of the area of all the clusters. We observe
that all these quantities increase with each iteration as in Table 5.

Finally, we look at the interconnect that we get from the partitioning and
clustering. We define interconnect as the total number of edges in the cluster
adjacency graph. Thus if there are more than one edges in the graph of the circuit
between nodes in one cluster and those in another then they contribute just one
unit to the interconnect. Similarly if there is no edge between nodes in one
cluster and those in another then there is no contribution to the interconnect by
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Table 5. The total cluster area, maximum cluster area and the average cluster area in
every iteration of run on apex4.

Tteration Total Cluster Area Maximum Cluster Area Average Cluster Area

1 335 6 0.994065
2 545 21 5.45

3 810 134 54

4 2158 2012 1079

that cluster pair. Cluster to Cluster Interconnect(C2CI) for a cluster is the total
number of interconnect edges it shares with different clusters. The Partitioned
Circuit Area(PCA) is a function of the interconnect(I), the maximum circuit
area(MCA) and the number of clusters(N). Mathematically,

PCA=1+MCAxN (1)

We observe in our results that although the Interconnect and the Maximum
Circuit to Circuit Interconnect reduces with each iteration, the Partitioned Cir-
cuit Area first decreases and then increases (Table 6). The maximum circuit
size at the iteration when the PCA is minimum is arguably the ideal cluster size
for a nano-PLA cluster.

Table 6. The interconnect, maximum cluster to cluster interconnect(C2CI) and the
partitioned circuit area in every iteration of run on apex4.

Iteration Interconnect Maximum C2CI Partitioned Circuit Area

1 1795 71 3817
2 1002 43 3102
3 99 7 2109
4 1 1 4024

6 Conclusions and Future Work

We have proposed that efficient architectures of nano-CPLDs should have nano-
PLAs grouped into a nano-PLA clusters which should have a reconfigurable max-
imum cluster size. We have also shown one possible alternative for an algorithm
for both finding the optimal cluster size and also the clusters themselves. The
algorithm successfully exploits the strengths of both the top-down and bottom-
up approaches. Further research needs to be done in comparing this algorithm
with some of the existing algorithms.
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