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Abstract— We present different tasks from the generic de-
sign flow that is used to identify and select computational
patterns as well as map applications and schedule them on
processors with extensions implementing these patterns. The
distinctive feature of our approach is that all design tasks are
completely specified and solved using constraints program-
ming with specially developed graph constraints. We can
model functionally reconfigurable processor extensions with
different architectural models, accessed from processors us-
ing specialized instructions. These instructions correspond to
computational patterns identified as most frequently occur-
ring or other interesting patterns in the application graph.
The architectural and technological constraints imposed by
target processors and FPGA devices can be considered
during the identification process. The selected computational
patterns are then merged into reconfigurable cells under
design constraints optimizing different design aspects. Our
methods can handle both time-constrained and resource-
constrained application scheduling. The results obtained for
real-life applications are presented.

Keywords: ASIP Design, Computation Patterns, Reconfig-
urable Hardware.

1. Introduction

A general purpose processor is able to execute any appli-
cation. However, execution efficiency depends on whether
the processor instruction set is adequate for a particular
application. Therefore, application execution is often accel-
erated by extending processor instruction set by application
specific instructions that implement selected computational
patterns. ASIP DSP processors are a good example for this
approach. Their specific data-path contains a multiplier, an
adder and an accumulator register needed for the MAC
instruction implementation. This instruction, computing mul-
tiplication and addition, can be executed every clock cycle
(sometimes with latency of 2 clock cycles). Figure 1.a
depicts the pattern, represented by a data-flow graph (DFG),
that can use MAC instruction. The corresponding DSP
processor data-path for this instruction is presented in Figure
1.b. MAC instruction is very useful for DSP applications
such as convolution, correlation, dot product, distance, and
FFT. These applications, modeled by the corresponding DFG
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Fig. 1: The computational pattern of the MAC instruction.
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Fig. 2: An example of the DFG graph corresponding to the
FIR application.

graphs, contain MAC computational pattern depicted in Fig-
ure 2. For example, Figure 1 depicts the DFG corresponding
to the FIR (Finite Impulse Response) filter obtained after
a loop unrolling transformation. In general, each processor
instruction and all application specific instructions can be
modeled by DFG graphs, called in this paper computational
patterns.

To be able to use processors accelerators with application
specific instructions we need development tools. Basically,
we need tools that will identify typical computational pat-
terns existing in an application, select patterns that maximize
required speed-up and finally tools for merging patterns and
creating reconfigurable processor extension. Traditionally,
these tools have been built using dedicated heuristic algo-
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rithms. In this paper, we propose constraint programming
approach that defines these problems with constraints (possi-
bly non-linear and global) and then uses standard constraint
solving methods. We use in our approach specially devel-
oped graph constraints to express sub-graph isomorphism
constraints as well as solve clique founding problems. Our
method is more general and flexible and can adopt different
constraints in the same model. Moreover many tasks, such
as pattern selection, binding and scheduling, can be solved
in one optimization step taking into account all constraints.

In this paper, we will define conditions for existence of
patterns, requirements for these patterns as well as cost
functions for optimizations. They are formally defined as
mathematical formulas but they are implemented in our
system as finite domain constraints or combination of these
constraints and are directly used to find solutions to defined
problems.

Consider, for example, FIR filter from Figure 2. The
overall execution time for sequential execution can be ex-
pressed as a constraint defining the sum of the execution
times of all executed instructions needed to process all nodes
of an application graph. It can vary because nodes of the
application graph can be executed by different instructions.
For instance, each node corresponding to a multiplication
in the graph from Figure 2 can be processed either by
MAC or Multiply instructions. Instruction and computational
pattern selection problem can also be solved with constraints.
We define constraints that specify which patterns can cover
different parts of the application graph and minimize the
overall application execution time. This will select relevant
patterns. Figure 3 shows an example of the FIR application
with selected computational patterns and FIR DFG covered
by the selected patterns.

P
out  out

Fig. 3: An example of the DFG graph corresponding to the
FIR application.

Application specific instructions are implemented as ex-
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Fig. 4: Generalized ASIP processor model.

ternal processor extensions tightly or loosely connected to
a processor. In this paper, we consider processor extensions
which are directly connected to processor data-path. These
extensions can also communicate with an internal processor
register file (Figure 4). Application specific instructions can
be implemented to be executed sequentially or in parallel to
instructions of an ASIP core processor. This provides ways
to trade-off execution time against hardware cost.

A generic simplified architecture is depicted in Figure 4. It
is composed of heterogeneous cells and registers connected
by an interconnection structure with a processor data-path.
The number of registers and the structure of interconnections
are application-dependent. Each cell implements one or more
selected patterns. The registers store intermediate results that
reduces data transfers between our architecture extension and
a processor register file.

Processor extensions can be implemented in different way
optimizing different design parameters, such as area and
latency. Many application specific instructions implement
same operators and use similar interconnections that pro-
vides opportunity to reuse these elements. These problems
can be solved by using graph merging techniques and related
clique constraints. However, special attention is required
here to control other architectural constraints such as, critical
path latency.

Until now, we have considered that the application specific
instructions set is given. This is not true in general and we
need to define how to automatically find these instruction
sets for a given application or a set of applications. For ex-
ample, an interesting instruction could be one corresponding
to the most frequently executed part of an application but this
is not a rule. We will show that this problem can also be
solved using a graph matching constraint together with other
constraints.

The paper is organized as follows. In section 2, related
work on the identification, selection and scheduling of com-
putational patterns as well as graph matching is discussed.
Section 3 introduces the constraint programming that is used
in our approach. Pattern identification is described in section
4. Section 5 presents how pattern selection and scheduling
are modeled. The pattern merging is discussed in section



6. Section 7 presents an example of a specific application.
Finally, conclusions are presented in section 8.

2. Related Work

Previous research on pattern extraction, such as [1], [2],
[3], is characterized by combined pattern matching and
pattern generation for ASIPs. In [1], this is achieved with
clustering that uses information on frequency of node type
successions. Authors of [2] and [3] use an incremental
clustering that uses different heuristic approaches with the
common aim of identifying frequently occurring patterns.

Another method is presented in [4] where the pattern
searching algorithm identifies a big pattern using convexity
and input/output constraints. Some improvements of this
method were proposed in [5]. Pattern searching under in-
put/output constraints is also used in [6]. The basic algorithm
starts from each exit node of the basic block and constructs
a sub-graph by recursively trying to include parent nodes.
The assembled sub-graph is considered as a potential new
instruction. The quality of this instruction is then determined
by their system. In [7], a set of Multiple Input Single Output
sub-graphs (MaxMISO) is identified first. Each MaxMISO
sub-graph is not contained in any other MISO sub-graph.
In the next step a candidate set composed of two-input/one-
output MISOs found inside the MaxMISO set is selected.
Finally, using the selected candidates the application graph
is partitioned by a nearly-exhaustive search method using
the branch-and-bound algorithm. Recently, in [8], a complete
processor customization flow was presented where patterns
are clustered, one after the other, making some local deci-
sions.

Our original approach [9] resembles the method presented
in [10]. Patterns are incrementally assembled by adding
the neighbor nodes to existing matches corresponding to
non isomorphic patterns formed in the previous iteration.
The difference is the selection of neighbor nodes and new
potential patterns. In particular, our approach applies smart
filtering of patterns. It decides which new potential pattern is
“useful” and can be later extended. The smart filtering uses
information derived by a special method that is based on sub-
graph isomorphism constraints and constraints programming
that is also radically different from the approach proposed
in [10]. Our recent method is totally implemented using
constraint programming methods. All constraints defining a
valid pattern are specified first and patterns that fulfill all
these constraints are selected [11].

Pattern selection, binding and scheduling are computation-
ally difficult problems and therefore most researchers use
heuristic approaches, such as greedy algorithms, simulated
annealing, genetic algorithms and tabu search. Recently
several interesting approaches have been proposed. Wang
et.al. uses ACO (Ant Colony Optimization) algorithm [12]
and Guo et.al. [10] a heuristic algorithm based on max-
imum independent set of a conflict graph. Our approach

is different. The pattern selection, binding and scheduling
problem is completely defined using a constraint model.
Different approaches can be used here. Our first method
uses graph matching constraint together with other binding
and scheduling constraints. The other method first identifies
possible matches of patterns in an application graph and then
uses this information for pattern selection, scheduling and
binding. This is also defined as constraint solving problem.
The defined problems can be solved using either complete
or heuristics methods.

Computational pattern merging has been explored, in first
place, in the context of reconfigurable architectures. It can
be carried out on fine (circuit or logic) or coarse grain
level (functional blocks). In this paper, we are interested
in functional reconfiguration that implies coarse grain level
only. The patterns for this problem are usually modeled
as graphs and graph algorithms can be applied for solving
the problem. Clique partitioning of compatibility graphs
has been, for example, used for pattern merging in [13].
In our work, we use constraint programming and graph
constraint for sub-graph isomorphism and clique finding.
In this framework we can combine optimal and heuristic
methods for solving pattern merging problem.

A design flow for a simple processor with a dynam-
ically reconfigurable data-path acting as an accelerating
co-processor for a specific application domain has been
proposed in [14]. The authors reported significant speedup
for accelerators that have data-path consisting of hardwired
function units and reconfigurable interconnect. Integer Lin-
ear Programming (ILP) has been used to solve hardware
resource sharing and allocation, and maximum clique finding
on compatibility graphs for data-path merging. Our approach
also uses compatibility graphs, but we define different design
constraints and cost functions to find the best reconfigurable
accelerators. We also use a constraint programming approach
that makes it possible to use both heuristic and optimal
methods in combination with the newest clique finding
constraints [15].

In [16] the authors present an efficient heuristic which
transforms a set of custom instructions into a single hardware
data-path. Their method starts with a set of customized
instructions modeled as directed acyclic graphs (DAGs)
and the goal is to minimize the area, not the sharing of
interconnections. Their approach is based on the classical
problems of finding the longest common sequence and sub-
string of two (or more) sequences. The heuristic produces
circuits that are much smaller (up to 85.33%) than those
synthesized with ILP approach that do not explore resource
sharing.

A high level synthesis for data-path-intensive ASIC design
has been proposed in [17]. The authors propose performance
optimization using template mapping. The key of their
algorithm is the introduction of the concept of bypassabililty
which allows partial graph matching. A template node is



said to be bypassable on some input if its output value
can be set equal to this input by setting the other inputs to
constants without inducing side-effects. We use and extend
this concept to handle bypassable expressions of a data-path
to optimize performance as well as area.

Recently, in [18], a pattern-based high-level synthesis for
FPGA resource reduction has been proposed. The paper
presents a general pattern-based synthesis framework that
extracts similar structures in programs. Their approach ben-
efits of advanced pruning techniques that include exten-
sively sensitive hashing techniques and characteristic vectors
to capture similar structures. This is based on notion of
graph edit distance. Considering knowledge of previously
discovered patterns, the data-path generated at the binding
step of the synthesis reduces interconnect costs, but with a
latency overhead. We also use pruning techniques but they
are incorporated in our constraint programming framework.

Since graphs are the main representation for problems in-
volving patterns, graph algorithm are used to automate many
of design activities. This includes (sub-)graph isomorphism
and clique finding, for example.

Different types of homomorphism between graphs and
sub-graphs have been extensively studied and many algo-
rithms have been proposed. The first algorithm for sub-
graph isomorphism has been developed by Ullmann in [19].
Larossa and Valiente [20] studied sub-graph isomorphism
problem and methods for solving it using constraint satis-
faction. They explored four different solving approaches that
have really full look ahead characteristics.

The VF2 algorithm that can be used for both graph and
sub-graph isomorphism has been developed by authors of
[21]. This algorithm can be described be means of State
Space Representation (SSR). In each state a partial mapping
solution is maintain and only consistent states are kept. This
states are generated using feasibility rules that remove pairs
of nodes that cannot be isomorphic. We use very similar
method to this used by VF2 but we extend the set of rules
to be able to handle both undirected and directed graphs as
well as different types of “ports” that connect edges in the
graph. This is necessary in our case when non-symmetric
operations, such as “=” are used.

Graph matching constraint together with constraint satis-
faction formulation has been used in electronic design au-
tomation area. Teram et. al. [22] have developed the QUEST
system for pattern search in hierarchical structural designs.
Their system is based on sub-graph isomorphism constraint
that uses graph pattern matching methods proposed in [23].
Special search methods are used to find final matching. The
QUEST system can handle large real-life graphs representing
electronic circuits (up to 30,000 nodes and 87,000 edges).

Results on (sub)graph matching found in the literature
indicate that it is possible to build efficient methods that
can establish sub-graph isomorphism for practical problems.
Application of these methods for computational pattern

selection requires some extensions and refinements of these
methods. In this paper, we present this extension together
with practical application for selection of computational
patterns.

Clique partitioning is often used to find merged patterns.
While the problem of finding a maximal cliques is NP-
hard there exist many heuristic and non-heuristic algorithms.
In our work, we use clique constraint built on principles
proposed in [15]. This approach proposes new pruning
techniques that make it possible to solve many previously
difficult benchmarks.

3. Constraint Programming

In our work we use extensively constraint satisfaction
methods implemented in constraint programming environ-
ment JaCoP [24].

A constraint satisfaction problem is defined as a 3-tuple
S=W,D,C) where V = {x1,xa,...,2,} IS a set of vari-
ables, D = {D1,Ds, ..., D,} is a set of finite domains (FD),
and C is a set of constraints. Finite domain variables (FDV)
are defined by their domains, i.e. the values that are possible
for them. A finite domain is usually expressed using integers,
for example z :: 1..7. A constraint ¢(z1,z2,...,2,) € C
among variables of V is a subset of D; X Dy X ... X D,
that restricts which combinations of values the variables can
simultaneously take. Equations, inequalities and even pro-
grams can define a constraint. Our graph matching constraint
is implemented, for example, using a specially developed
pruning algorithm presented later.

A solution to a CSP is an assignment of a value from
variable’s domain to every variable, in such a way that
all constraints are satisfied. The specific problem to be
modeled will determine whether we need just one solution,
all solutions or an optimal solution given some cost function
defined in terms of the variables.

The solver is built using constraints own consistency
methods and systematic search procedures. Consistency
methods try to remove inconsistent values from the domains
in order to reach a set of pruned domains such that their
combinations are valid solutions. Each time a value is
removed from a FD, all the constraints that contain that
variable are revised. Most consistency techniques are not
complete and the solver needs to explore the remaining
domains for a solution using search.

Solutions to a CSP are usually found by systematically
assigning values form variables domains to the variables. It is
implemented as depth-first-search. The consistency method
is called as soon as the domains of the variables for a given
constraint are pruned. If a partial solution violates any of the
constraints, backtracking will take place, reducing the size
of the remaining search space.
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Fig. 5: Representing vertices of HCDG for graph matching
constraint.

3.1 Diff constraint

In this paper, we use intensively Diff constraints. Diff
constraint takes as an argument a list of 2-dimensional
rectangles and assures that for each pair of 4, j (¢ # j) of 2-
dimensional rectangles, there exist at least one dimension k
where ¢ is after j or j is after ¢. The 2-dimensional rectangle
is defined by a tuple [O;1,0s, L1, Lo], where O; and L;
are respectively called the origin and the length of the 2-
dimensional rectangle in i-#h dimension. The Diff constraint
is used in this paper for defining constraints for scheduling
and resource binding.

The discussion of propagation method for this constraint
is beyond the scope of this paper. In general, the constraint
propagator uses a method know from computational geom-
etry [25], called sweep or plane sweep (in two dimensions).
Paper [24] discusses the implementation of this constraint
for JaCoP solver.

3.2 Graph matching constraint

In our approach we use Hierarchical Dependency Graphs
(HCDG) [26] to model designs. Implementation of graph
matching constraint requires definition of a graph that can
cover basic features of HCDG. We have defined a special
labeled graph with explicitly defined connecting ports for
each node of the graph. Labels are used for defining function
of a node (e.g., “+” or “-” in Figure 5) as well as type of
the connecting port (e.g. “in”, “out” or “left_in”, “right_in”
in Figure 5). Ports are explicitly specified and assigned to
nodes. Both nodes and ports can be formally considered as
vertices of the graph. More formally our graph is defined as
follows.

Definition 1 (Graph): Let G = (V,E) be a graph. We
extend our definition to labeled graph G' = (V, E, u, ),
where

V=NUPNNP=0 (1
w:V —1L 2)
w: N — P(P),n(n;) Nm(n;) =0 for n; #n; 3)
(pi,p;) € E, where each port p;,p; € P @

is only present in one e € E
The definition defines vertices of a graph as nodes of
HCDG graph, N, and connecting ports, P (1). All vertices
(nodes and ports) are labeled by labeling function p using
labels from set L in (2). Each node get assigned ports in

(3). Ports are unique and the same port cannot be assigned to
more than one node. Finally, edges are defined by connecting
two ports (4). It is important to note that each port can be
connected to only one other port. Fan-outs must be defined
by multiport nodes.

Our graph definition defines always a vertex of a graph as
a node and its ports. This makes it possible to distinguish, for
example, two input adder from three input adder. Traditional
graph definition will define it as a labeled node and will not
make it possible to distinguish between these two types of
operations explicitly.

Our graph matching constraint, GraphMatch, is defined
by a number of rules specifying conditions for graph iso-
morphism. Our matching function assigns a pattern node to
a node of a target graph since it provides an easy way to find
a cover of an application graph with a given set of patterns.
The matching conditions are defined below for our graph.

Definition 2 (Graph Matching): Given two graphs G; =
(Vi By, pg, ) and G, = (Vj, Ep, pp, mp) the matching f :
Vi — V,, is a non-injective function respecting the following
properties:

Vo € Vit py(v) = pp(f(v)) (5)
Vn € N exist a bijective function (6)
gn = p(f(n)) = me(n)
Yu,v € Py : (f(u), f(v) € E, & (u,v) € Ey @)
Vu,v,p,q € Pu#p,v#q: (f(u), f(v) = (f(p), f(a))
(®)

ANu € m(n;) ANvem(ng) Ap € m(ng) Ag € m(ng) =
n; # ni A nj # ny, matchings do not overlap

The definition defines conditions for graph isomorphism
between target graph G and pattern graph G,,. The vertex
of pattern graph G,, is mapped into a vertex of target graph
G, if the four conditions are satisfied. It happens when
labels of vertices are the same (5) and the ports of pattern
graph can be one-to-one mapped into ports of the target
graph (6). Condition (7) specifies a constraint on existence
of corresponding edges between mapped nodes. Finally,
condition (8) specifies a special condition for our method
that excludes overlapping patterns in the target graph. This
condition is necessary because otherwise one node can be
used as an end-node for more than one mapped edge. The
developed algorithm implements these conditions as the
rules that prune non possible matchings.

Function f can be partial and then f : V; — V, U {L}.
This feature is used when we do not want to establish
full graph isomorphism. The isomorphism in this case is
restricted to parts of the target graph and a pattern graph
and establishes sub-graph isomorphism. This is achieved by
assigning value | for variables representing not mapped
parts in the target graph. This sub-graph isomorphism is
different than the classical definition from graph theory
where sub-graph isomorphism means that a found pattern



// target graph (Vi, E), with nodes n; € N,
// pattern graph (Vp, E,), with nodes p; € Ny

Q «— {no,...,nn}
while @ non-empty // queue of changed nodes
remove n; from @
for each p; € D(n;)
// same node type and port structure
if n;.label = p;.label A m; and p; have the same ports
for each port type ¢, of p;
P «— nodes connected to p; through port type t,
T—0, N—20
for each node m; connected to n; through port type ¢,
N — NUm;
T — T U (PnND(my))
// the same neighbor structure and not overlapping
if size of bi-partite matching between T  and P > |P]|
for each m; € N that has assigned single value v € P
remove v from domains of variables of N \ {m;}
else
remove p; from domain of D(n;)
else
remove p; from domain of D(n;)
if D(n;) has been changed
add n; and its neighbors to @

Fig. 6: Consistency algorithm for graph matching.

can be connected arbitrarily to the rest of the target graph.
For the purpose of this paper this is more suitable defini-
tion but our constraints supports also traditional sub-graph
isomorphism and monomorphism, if needed. In practice we
use function that defines mapping between nodes only, i.e.
fiNy— NyU{Ll}.

The consistency method for graph matching constraint
discussed above is implemented using a consistency algo-
rithm in our solver. The algorithm is depicted in Figure 6. It
inspects all nodes in a queue and compares a selected target
node to all possible matching nodes specified in its domain.
It applies a number of prunings depending on different
conditions. If pruning has been applied to a node variable
the node and all its neighbors are put back into the queue
for recomputation of consistency algorithm.

The first if-statement in the algorithm checks if two nodes
have the same node type and port structure. If this is not
the case the related pattern node number is removed from
the current node variable domain. This removes possible
matching between current target node and the pattern node.
The second if-statement checks if the structure of neigh-
borhood nodes is the same for both the target graph and the
pattern graph. If there is no possible mapping between target
graph nodes and pattern nodes representing neighborhood,
the related pruning of the current node variable takes place.
This step of the algorithm assures also that patterns found
in the target graph will not overlap. This is achieved by
removing already assigned values from other nodes in the
neighborhood.

This constraint is used in several places of our system to
support different decisions. Here are some examples of its
use.

Example 1. Finding isomorphism between graphs G; and
Go.

GraphMatch(Gi, Gs)
search(variables(nodes(G1)))

If there is a solution for this search, graphs G; and G, are
isomorphic otherwise they are not.

Example 2. Finding coverage of graph G with pattern
graph P (finite domain variables assigned to nodes of G
have in their domain values assigned to nodes of P and a
designated value 1, for example -1). Moreover, we impose
Count constraints to limit number of possible matches in
the graph to one. Count constraint counts number of values
specified by node identifier value(n) on the list of node
variables of graph GG, variables(nodes(G)), and, in our
case, limits them to one.

GraphMatch(G, P)
for each n € P

Count(value(n), variables(nodes((G)), 1)
searchAll(variables(nodes((G)))

If there is a number of solutions we have found all possible
matchings of pattern P in graph G otherwise there is no
matching.

For example, the target graph from Figure 7 can be
covered in three different ways by the pattern graph and
our solver will produce three possible assignments to node
variables [0, 1, -1, -1], [-1, -1, O, 1] and [-1, 1, O, -1].

Example 3. Finding cover of graph G with patterns from
P. Note that not all graphs of P need to be selected for a
valid cover.

GraphMatch(G, P)
searchAll(variables(nodes(G)))

It will generate all possible covers of graph G with selected
patterns from P.

For example, for graphs from Figure 7 our solver will
produce a full cover of the target graph represented by
assignment [0, 1, 0, 1]. It represents two matches of nodes
0 and 1, and nodes 2 and 3, however, interpretation of this
result is not straightforward. One can deduce match of nodes
2 and 1 that is incorrect since nodes 0 and 3 will not have
their corresponding matching nodes. We call this kind of
match as a phantom match. To avoid such situations we
can use several identical patterns with different identifiers
together with constraints prohibiting multiple use of the
same pattern. In our case, we can use two identical patterns,
one numbered 0 and 1 and the other one 2 and 3. Covers [0,
1, 2, 3] or [2, 3, 0, 1] will be found that distinctly identify
matches.

To be able to see what are characteristics of graphs
representing electronic systems we have checked typical
HCDG graphs for programs. It can be noted that these graphs
are not tightly connected and has parameter n = W
very low, where |E| is number of edges and |V| is number
of vertices in the graph. Usually they have only a small
percentage of edges of the fully connected graph with the
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Fig. 8: Runtime for sub-graph matching for MCNC bench-
marks.

same number of vertices. Our experiments show that the
low value of 7 is typical for graphs used in electronic design
automation. Since we had not large program graphs we have
used MCNC Partitioning93 benchmarks to find sub-graph
isomorphism. The test was to find a maximum coverage of
the graph with four possibly overlapping patterns of different
sizes. Overlapping patterns were chosen since distinguishing
patterns with similar structures becomes the critical moment
in the proposed algorithm. Two patterns of three nodes and
two patterns of two nodes were used in the test. The results
are presented in Figure 8. Our method works efficiently for
these examples. Graphs of size up to 10,000 nodes can be
handled in seconds or less than a second. The majority of
the graphs from real designs have less than 5,000 nodes as it
is reflected in the benchmark. Only extremely large graphs
require up to 6 seconds for the algorithm to find the maximal
coverage.

3.3 Clique constraint

Clique finding is known to be a difficult problem and
maximal clique finding is known to be NP-hard. In our work,
we use a clique constraint, Clique. This constraint takes as
an argument a graph and a finite domain variable defining a
size of its clique (K). The constraint assures that 0/1 variables
assigned to its nodes are one if related nodes belong to a
clique and K defines the size of the clique. Variable K can be
used to get a size of a clique, to constraint its size or to find
maximal clique by maximizing the value of this variable.

The consistency method implemented by the Clique
constraint is based on algorithms of [15]. That approach has

proved to solve many difficult problems as well as, for the
first time, solve a number of problems with unknown results.
In our experiments, we have solved many large graphs rather
quickly. For example, a weighted clique is found in a graph
with 2,122 nodes and 2,116,470 edges (94.05% edges of
fully connected graph) in ~ 2s.

4. Pattern Generation

We have experimented with different pattern generation
methods based on incremental pattern creation as well as
pure constraints defined search.

The first method, implemented in UPaK system, is an
iterative process (for details see [27]). Each iteration of
this method explores larger patterns (incremented by one
node) and identifies candidates for inclusion in a set of
patterns. This is achieved by calling in each iteration pattern
searching algorithm, depicted in Figure 9. Each time the
algorithm is called it generates a Next Pattern Set (N PS).
The method stops when an end condition is reached. In
our experiments, the algorithm stops when the pattern size
becomes K but other stop criteria are possible.

The inputs to the pattern searching algorithm are: Defi-
nitely Identified Pattern Set (DIPS ), Current Pattern Set
(C'PS) and Architecture Model (AM). Initially, DI PS and
CPS sets contain the same set of one-node patterns (Figure
9). The Architecture Model is used to determine whether
the newly created pattern ¢p can be executed on the selected
architecture (function PatternAccepted(tp, AM)).

// Inputs: DSPS-- Definitely Selected Pattern Set,

// CPS-- Current Pattern Set, APS-- Auxiliary Pattern Set
// Other variables: TPS-- Temporary Pattern Set
// NPS-- Next Pattern Set, RPS-- Reduced Pattern Set
// SN-- Set of Nodes
NPS «— 0
for each p;, € CPS
TPS «— 0

InsertPattern « true
for each m; € N corresponding to p;
SN « ReturnAllNodesConnectedToMatch(m;, G)
for each np € SN
tp «— CreateNewPatternFrom(m,I.’i, Nk,
if PatternAccepted(tp, AM)
// check if a new pattern tp is not isomorphic (#)
// to any existing pattern
NMPyy, — 0
if Vpattew“neTPS tp # pattern
TPS — TPSU {tp},
NM Py, — | FindAllMatches(G, tp) |
APS — 0
// smart filtering
for each tp, € TPS
if coefl* NMP,, < NMPyp,
APS — APS U {tp}
if coef2x NMP,, < NMPyp,
InsertPattern «— false
TPS «— APS
for each tpy, € TPS
if VYpatterneNPs tpr Z pattern
NPS «— NPSU {tpr}
if InsertPattern
RSP — RSP U {p;}
DSPS «— RSPUDSPS
return NPS

Fig. 9: Pattern searching algorithm.

Pi
sn; )



The pattern searching algorithm searches for new patterns
that can be synthesized from all possible matches in ap-
plication graph G corresponding to each pattern in C'PS
(see loop, line 8). A new temporary pattern tp is created
from current match m? of pattern p; € C'PS and the
selected node n; € N where N is a set of the nodes directly
connected to m? “ in G . The search is organized both upward
and downward to best explore new patterns. A new pattern
tp is accepted if it is not isomorphic to any of already found
patterns.

A smart filtering (line 24) then decides whether pattern
tp should be saved in set NPS or not. It also determines
inclusion of current pattern p; to the DIPS. This filtering
process uses information about the number of matches in an
application graph corresponding to patterns p; and ¢p. The
decision is based on a heuristic when two coefficients coef]
and coef2 are used. Their values have been experimentally
selected (coef1,coef2 € [0..1),coefl < coef2). When all
patterns from the C'PS set has been processed the pattern
generation algorithm stops the current iteration by copying
the NPS content to the CPS.

Although the presented method is simple, it enables
generation of small numbers of high quality patterns. This is
achieved since we use very precise information on sub-graph
isomorphism in our algorithm. Our constraint programming
methods check number of matches of partially created pat-
terns in an application graph as well as decide if a current
pattern is already isomorphic to existing patterns.

The second method, implemented in DURASE system,
uses pure constraint programming definition for pattern
generation (for details see [11]). In this method, for each
seed node, we first specify constraints defining valid patterns
as well as architectural and technological constraints for
generated patterns. Then standard constraint programing
search produces all possible patterns fulfilling the defined
constraints.

In this approach, the pattern generation is defined, for an
acyclic application graph G = (N, E) where N is a set
of nodes and E is a set of edges. A pattern is a subgraph
P = (N,, E,) of graph G where N, C N and E, C E.
Pattern P is also sub-graph isomorphic to graph G. This sub-
graph isomprohism is found, in our system, by defining a set
of constraints and finding solutions to them. To be able to
define this constraints we introduce a number of definitions.

A set of successor nodes of node n is defined by
suce(n) = {n’ : (n,n’) € E}. Similarly, we define
predecessors of node n as pred(n) = {n’ : (n’,n) € E}. All
successors of node n are defined recursively as allsuce(n) =
{n’Uallsucc(n’) : (n,n') € E}. A path between two nodes
n; and n; in graph G is defined as a path in non-directed
graph, i.e., as a string of nodes as follows path(G,n;,n;) =
(ni, Mit1,...,n;) where each consecutive nodes ny, N1
in this string satisfy (ng,ngy1) € E or (ngy1,n) € E.

Pattern generation iterates over all nodes in G. During

each iteration, all computational patterns formed around
node n, € N, called seed nodes, satisfying all of the
architectural and technological constraints are identified.
They form a current pattern set (C'PS). In the next step,
the CPS is reduced to only non-isomorphic patterns. Fi-
nally, patterns whose numbers of matches in the application
graph are high enough compared to the number of matches
obtained for related single seed node patterns are identified.
These patterns are added to the definitively identified pattern
set (DIPS). The number of matches of a given pattern
in the application graph is obtained using the constraint
programming method described in section 3).

The computational pattern created around seed node ng
in application graph G is an acyclic graph P,, = (N,, E,).
The constraint program builds patterns by imposing con-
straints that define valid patterns. Only solutions that fulfill
all these constraints are accepted. Constraints (9)-(13) define
valid computational patterns.

Constraint (9) states that each node n € N, different from
seed node ns, must form a path in pattern graph P, starting
at this node and leading to the seed node. We consider here
non-directed pattern graphs.

Vn € N, An#ns Ipath(Pp,,n,ns) )

Furthermore, each node n € N is modeled by one finite
domain variable n,.;. The value of this variable is 1 if node
n € N, or 0 otherwise. ns , = 1 because the seed node
ns always belongs to the pattern created around it. The
constraints for all nodes in a pattern are defined in formulas
(10) - (13).

Vn € (N — (allsucc(ns) Ung))

Nea=1= Y ma>1 (10)
mesucc(n)
Vn € (N — (allsucc(ng) Uny)) :
SUMmesuce(n)Msel = 0= Ngep =0 (1T)

Formulas (10) and (11) express two constraints between
each node n € N — (allsucc(ng) U n,) and its direct
successors. Constraint (10) requires selection of at least one
node among successors of node n if this node is selected to
be part of the pattern. Constraint (11), on the other hand,
prohibits node n to belong to the pattern if none of its
successors belongs to this pattern.

Vn € allsucc(ns) :

Ngel =1 =
mé (pred(n)N(allsuce(ns)Unsg))

Mesel Z 1 (12)

Vn € allsuce(ns) :

> Mael =0 = Nger =0 (13)

mée (pred(n)N(allsucc(ng)Unyg))



Table 1: Results for MediaBench applications for patterns
with 7 nodes limit for UPaK system and patterns with 4
input/2 output limit for DURASE system.

UPaK DURASE

Bl -] g 3 5 2

sS85 | 5| 5| 8
JPEG Write BMP Header 106 | 6 4 1 90% | 139 10 100%
JPEG Smooth Downsample 51 8 4 74% | 128 11 96%
JPEG IDCT 134 | 7 5 69% | 122 16 87%
MPEG Motion Vector 32 8 3 93% 37 4 100%
EPIC Collapse 56 | 7 4 | 69% | 128 15 100%
MESA Smooth Triangle 197 7 3 73% 49 8 99%
MESA Horner Bezier 18 9 3 83% 35 4 94%
MESA Interpolate Aux 108 3 2 85% 37 4 100%
MESA Feedback Points 53| 4 2 80% 39 8 100%
FIR 4417 4 | 2% 14 3 100%
Elliptic Wave Filter 341 9 4 | 67% 64 10 100%
Auto Regression Filter 28 4 3 96% 51 3 100%
Cosine 66 8 3 50% 96 11 100%

[ Average [ [64 33 ]74% [ 722 [ 823 [ 982% |

Constraints (12) and (13) define relations between each
node n € allsucc(ng) and its direct predecessors. Constraint
(12) requires selection of at least one node from the prede-
cessor nodes set reduced to nodes in the allsucc(ns) U ns
if node n is selected. Constraint (13) prohibits nodes from
predecessor set of node n reduced to nodes in allsuce(ng) U
ns to belong to the pattern if node n does not belong to this
pattern.

Computational patterns identified with previously defined
constraints can have any number of inputs and outputs. To
fulfill architectural interface requirements we need to control
pattern number of inputs and outputs and to achieve this
we impose additional constraints. To be able to define these
constraints, each node n € N has two associated constants
indegree, and outdegree, defining its number of input
edges and output edges respectively. Some of these edges can
become pattern external inputs or outputs. We also assume
that identified patterns cannot exceed number of inputs
PatternInputs and number of outputs PatternOutputs.

Vn € N : ngy, = indegree, — Z Mesel (14)
méepred(n)
Z (nser - Nin) < PatternInputs (15)
nenN
VYn € N : ngys = outdegree, — Z Msel (16)
meSucey,
Z (Nsel - Nout) < PatternOutputs 17
neN

An edge becomes pattern input (output) if node n € N,
has an external input (output) edge or a source (destination)
node for this edge does not belong to the pattern. Constraints
(15) and (17) limit the number of inputs and outputs of the
created pattern for nodes belonging to the pattern.

Pattern critical path defines clock cycle requirements for
the entire architecture and therefore needs to be controlled.

To be able to control the delay of critical path, additional
constraints can be imposed (see for detail [11]).

In some cases, we would like to control not only the delay
of the critical path but also size of a pattern. Constraint (18)
imposes the maximal number of nodes in the created pattern.
It is possible to control it even better using weighted sum
and applying different weights to different node types. In
this way, area requirements can be taken into account.

Z nge; < PatternNumberO f Nodes (18)
neN

Table 1 shows the quality of the generated patterns
using methods provided by both UPaK and DURASE
systems. The results were obtained for applications from
the MediaBench benchmark set under different constraints.
The U PaK method has been configured to accept patterns
composed of not more than 7 nodes. For the DURASFE
method, number of nodes in each pattern cannot exceed 7, a
critical path is limited to 15ns and the patterns must have at
most four inputs and two outputs. The DURASE method
delivers, in average, better graph coverage but selects more
patterns.

5. Pattern Selection and Application
Scheduling

When computational patterns are identified we can start
process of selecting patterns for application execution and
scheduling. It can be noted that depending on different
design constraints, such as performance or cost, different
patterns and schedules can be best suited. The process of
match selection, component binding and scheduling can also
be solved using constraints programming methods. The input
to this design step consists of an application graph G, a
target architecture model and a selected pattern set DIPS.
Graph G is used to generate operation precedence constraints
and dependence requirements while the architecture model
and pattern set DIPS are used to find actual matchings.
These constraints are defined as inequalities and specialized
constraints as specified in section 5.2. The constraint solving
technique is then used to find an optimal or suboptimal
solution which satisfies the given constraints and optimizes
a given cost function. We use a branch-and-bound (B&B)
algorithm to find the pattern selection and the schedule.

5.1 Architecture Model

Our approach can model abstract architectures composed
of interconnected cells where each cell can execute a single
pattern or a set of patterns. In general, all cells of an abstract
architecture can work concurrently with each other but each
cell can execute only one pattern at a time. ASIP proces-
sor, for instance, can assign a separate instruction to each
identified computational pattern and execute it sequentially
with all other instructions or patterns. The corresponding



abstract architecture, in this case, is reduced to a single cell
containing all patterns. One can also combine a number
of patterns and execute them in parallel using a single
instruction. In this case, an abstract architecture is composed
of one cell containing all one-node patterns corresponding
to the original instruction set and a set of cells representing
different patterns from the DIPS set. We can also manage
several different cells containing the same pattern in order to
speed-up the execution. In this paper, we consider both cases
(sequential and parallel) and report the related experimental
results.

5.2 Pattern Selection and Scheduling Model

The inputs for pattern selection and scheduling are the
application graph G = (N, FE) (where N is a set of
nodes and E is a set of edges), the DIPS set and the
abstract architecture model. During pattern selection and
scheduling, the system is looking for sub-graphs of graph
G corresponding to pattern graphs from the DIPS set. These
sub-graphs are called matches of pattern graphs because they
match these patterns. Some of the patterns from the DIPS set
whose matches have been selected during the optimization
process are later implemented by computational cells in
order to build a target architecture. When a cell contains
several implemented patterns, each pattern must be used
exclusively. Moreover, the final system implementation can
use different numbers of copies of the selected cells. The
defined constraints must follow these requirements.

We first define finite domain variables which are used
to model pattern selection and scheduling. We use variable
T to denote the start time of a given node. The subscripts
are used to identify related graph nodes. For example, T;
denotes a start time of node ¢ € N. Node dependencies in
G are defined by the inequalities as follows.

V(i,j)€ E: T;+D; <T; ND; € DS (19)

where DS is a set of delays corresponding to all cells used in
the system. A delay of node 7 can vary since it can be a part
of different matches. This is handled by other constraints
defining mapping between a selected cell and its delay.

Matches in graph G, corresponding to the patterns from
the DIPS set, are identified using our graph matching
constraint.

GraphMatch(G, DIPS) (20)

This constraint implies that only a limited number of
matches can coexist in GG. The existing matches, repre-
sented by finite domain variables my, ..., m,, are used in
the following constraints for imposing timing and resource
constraints.

It is required that all input signals of a match are available
before its cell starts execution. To model this we divide
nodes of each match of a pattern into a set of input nodes
Vi and a set of non-input nodes V;,;. We also introduce a

new set of dummy nodes V. The input node has no input
edges connected to other nodes in the same match. Non-input
nodes have inputs from other nodes in the match but they
can have a number of non-connected input edges as well.
Dummy nodes are added, in such cases, to assure the right
timing for input signals. Match timing model is depicted in
Figure 10 while the following constraints define this model
for nodes identified for match m.

VicVin,jevy 1i =15 =T (21)
VieVinjevy Di = Dj = Dy, = Dceu,,
\V/iev,im D7, = O

{Tdummszn’ :
D -D } Execution
dummy ~ ~Cell time of the
T match m on
cell, =D,
k Cellk

out

Fig. 10: Match timing modeling.

Delay D¢y, is the time needed by the Cell; to execute
a selected match m. Thus the match delay D,, = Dc¢ey, .
Thanks to the constraints described by equations (21) the
match is considered by the remaining nodes of graph G as
a separate unit executed at time 7, with delay D,,. The
delay from any of the inputs or dummy nodes to any of
the outputs is constant and is therefore equal to D,,. The
constraints rule-out also all non-convex matches.

If two or more matches in graph G can be implemented
using the same cell type they must either use different
physical cells or their executions must not overlap. We model
execution of a match on a cell through the rectangle as
it is often done in scheduling (Figure 11) and use Diff
constraints. This constraint assures that two dimensional
rectangles do not overlap that fits our purpose. For each
set of matches executed on a given cell ¢ we impose Diff
constraint. Below a formulation for three matches m;, m;
and my, executed on cell type g is presented. Figure 11
illustrates this constraint.

Diff([T)n,, Cellyi, Dpm,, 1], (22)
[T, Cellys, D, 1], [Ty, Cellg, Dy, 1])

Domains for variables Celly;, Celly; and Cellgy, are defined
as {1...|Cell;]} indicating possible selection of a cell
numbered from 1 to |Cell;| for execution of each match.
In resource-constrained scheduling the solver minimizes
the schedule length under given resource constraints. There-
fore we defined our cost function for minimization as the
latest completion time (LCT) for nodes of graph G. The
constraint can be simplified by defining it for nodes that
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Fig. 11: Modeling of resource constraints.

are last to execute. Minimization of LCT will provide the
shortest schedule. Our cost function is defined below.

LCT = maxz(To + Dy, ..., Ty, + D») (23)

where T; and D, are respectively the start time and delay of
node 1.

In time-constrained scheduling we minimize the number
of different cells used in an implementation and therefore
we defined our cost function as follows.

1 if exists m; that Cell
Resources — Z if exis s m; that uses Celly, (24)
k 0 otherwise

Time-constrained scheduling is done under execution time
constraint defined as follows.

LCT < Execl'imeLimit (25)

In the architecture model from Figure 4, registers store
intermediate results that reduces data transfers between
the architecture extensions and the processor register file.
However, it may happen that the extensions need additional
transfers because of limitations imposed by an ASIP pro-
cessor architecture. To model that, additional constraints are
needed. In this case, match delay D,,, expressed in processor
cycles, is composed of three parts as depicted in equation
(26).

Mdelay = 6inm + DCellk + 6outm (26)

where D¢, is execution time for match m on the Celly
while §;,,, and d,,,, represent read and write time of input
and output operands for match m respectively. The read
and write transfer times are variable. Read transfer time
is specified in equations (27)-(28) and equations (29)-(31)
specify write time.

IN= > N @7)
né€predl(m)
Siny, = [IN/in_PerCycle| — 1 (28)

Vn € last(m) : Z

mé&succl(n)

Mgy >0 B, =1 29)

oUT= > B, (30)
n€last(m)
Sout,, = |OUT Jout_PerCycle] — 1 (31)

where predl(m) defines a set of one node matches that
are predecessors of match m in graph G, succl(n) defines
a set of one node matches that are successors of node
n in graph G. The value of variable /N is equal to the
number of required read operations from processor internal
registers. These accesses are necessary because the data was
produced by processor instructions corresponding to one
node matches. The value of variable OUT is equal to the
number of write operations to processor internal registers.
These accesses are necessary because the data will be used
by standard processor instructions corresponding to one node
matches (for more details see [28]).

Table 2 presents the results obtained for the applications
from the MediaBench benchmark set. We present the number
of patterns identified by our algorithm, the number of
patterns that are actually selected for maximum coverage
of the graph as well as the graph coverage.

To explore possible speed-ups we consider two scheduling
methods for a selected set of computational patterns. The
first method schedules all matches and nodes assuming se-
quential execution of all operations while parallel scheduling
method assumes most parallel execution. Both methods are
compared to a sequential execution of the original graph. We
consider that each match (up to 7 nodes) can be executed
during one clock cycle by the corresponding cell. The clock
cycle is determined for the MIPS processor used as the
ASIP’s processor core (Figure 4) and implemented on Altera
Cyclon II FPGA devices running at 25 MHz.

6. Pattern Merging

Identified and selected patterns need to be merged into one
reconfigurable unit. This is achieved by the pattern merging

Table 2: Application graph coverage and speed-up for Me-
diaBench applications for patterns of with 7 nodes limit.

Application time (s) patterns speed-up
=l (5 =1

@ 3| 2| E| =

2 218l e | 2] %

z 23|88 &
JPEG Write BMP Header 106 49916 | 4 |90% | 2.83 | 10.60
JPEG Smooth Downsample 51 336 | 8 | 4 [ 74% | 1.96 | 3.70
JPEG IDCT 134 2090 [ 7 | 5| 69% | 2.03 | 2.48
MPEG IDCT 114 530 [ 3 |2 |54% | 1.718 | 2.03
MPEG Motion Vector 32 090 | 8 | 3 |93% | 457 | 8.00
EPIC Collapse 56 209 | 7|4 ]69% | 224 | 2.64
MESA Smooth Triangle 197 | 120.00 | 7 | 3 | 73% | 1.68 | 3.20
MESA Horner Bezier 18 036 | 9| 3 |83% | 3.00| 6.00
MESA Interpolate Aux 108 2280 | 3 | 2| 85% | 337 | 6.30
MESA Matrix Multiplication | 109 284 | 7 |4 ]56% | 1.57 | 2.80
MESA Feedback Points 53 170 | 4 | 2 | 80% | 2.73 | 5.00
FIR 44 12517 [ 4| 72% | 244 | 7.30
Elliptic Wave Filter 34 22019 |4 ]67% | 201 | 2.60
Auto Regression Filter 28 330|413 |9% | 3.50 | 5.60
Cosine 66 7.05 8 | 3]50% | 1.57 | 1.70




algorithm that accepts input pattern set and produces a
merged pattern. It is an iterative algorithm that in each itera-
tion merges two patterns: the temporary merged pattern and
the next pattern selected from the pattern set. The merging
method is composed of several steps, such as compatibility
graph generation, constraint generation for weighted clique
problem, constraint generation for critical path problem,
constraint generation for multiplexer minimization problem
and optimization. The optimization step uses the JaCoP
constraint solver and works on compatibility graph and
generated constraints.

{C2a17.48) )

(441

(*4,41,40)/(*7, +6)

[ (2,41,40)/(°7,46)!

Fig. 12: Compatibility graph and maximal weighted clique
for pattern set from Figure 13.

The compatibility graph is undirected graph CG =
(Ve, E.), where V. is a set of vertices and E. C V, x V_ is
a set of edges. Assuming two pattern graphs, G; = (V;, E;)
and G; = (Vj, E;) the compatibility graph contains three
types of nodes: regular, edge and path nodes. The regular
node, denoted as wu; /uj, is defined for compatible nodes
u; € V; and u; € V; of pattern graphs. Two nodes are
compatible if they have the same type and the same number
of inputs. Similarly, edge nodes are defined for compatible
edges. Two edges (u;, v;) and (u;, v;) are compatible if node
u; is compatible with node u; and node v; is compatible
with node v;. Finally, path nodes define compatibility rela-
tions between a path and an edge. Path (u;, w;,...,v;) is
compatible with edge (u;,v;) if u; is compatible to u;, v;

out out

a) pattern set b)merged pattern

Fig. 13: An example of a set of patterns and a merged
pattern.

is compatible to v; and all other nodes on the path can be
bypassed, i.e. their inputs can be set to such values that these
nodes transfer data from input to output.

An edge in CG defines mapping compatibility between
two nodes. Two CG nodes are not compatible whenever
they map the same element of graph G; (node, edge or
path) to two different elements of graph G, or vice-versa.
An example of a compatibility graph for the two patterns
from Figure 13.a is presented on Figure 12. The ellipse
nodes represent regular nodes, squashed rectangles nodes
represent edge nodes and square nodes are used to represent
path nodes. Nodes encapsulated with solid lines in the CG
graph represent the maximal weighted clique found for the
merged pattern from Figure 13.b.

Each node in CG has an associated weight. The weight of
a node expresses the area reduction of the merged pattern
if a given node is selected for merging. For instance, if
node u;/u; is selected, the corresponding area reduction is
Area(u) + Area(u) — Area(u) — Area(Mux), assuming
Area(u) = Area(u;) = Area(u;) since two nodes were
replaced with one node and a multiplexer.

To be able to compute a maximal weighted clique of CG
graph each node u € V, is modeled by finite domain variable
Sel,, = {0,1}. Variable Sel,, = 1 if the node is a member
of a maximal weighted clique and O otherwise. A clique in
CG is defined by constraint (32). This constraint imposes
a condition for each two not connected nodes in the CG
graph. At most one of these nodes can have its variable
Sel,, = 1. In order to find the maximal weighted clique in
CG the Sum variable defined by constraint (33) must be
maximized. Each weight(u) is defined as area reduction for
this node if implemented in a merged pattern.

V(te,ve) ¢ Ee : Sely, #1V Sel,, #1 (32)
Sum = Z Sel,, - weight(u) (33)
ueVe

In practice, we do not use formulation specified in equation
(32) but we use our Clique constraint instead. This makes
it possible to handle large clique graphs.

The presented model generates merged patterns that max-
imize weighted clique, i.e. maximizes the possible area
reduction for the selected solution. This does not provide
control over other important parameters such as critical path
length or number of additional multiplexers on a critical
path. In constraint based approach, this can be easily in-
corporated in the model by adding additional constraints.
More information on that can be found in [29].

7. Example

Figure 14 presents a simple example of the “Motion
Vector” application from the MediaBench set. The figure
depicts application graph AG covered with automatically
generated patterns and the set of selected patterns, P.S. The
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Fig. 14: Example of the “Motion Vector” application.

from set P.S. The resulting merged pattern, M P, is built by
combining patterns from the selected pattern set. Our pattern



merging method produced, in this case, the merged pattern
that has 74% area reduction over the total area of selected
patterns.

Figure 14 presents also schedule S obtained for the
sequential execution of the application on the processor
and its extension, implementing merged pattern M P. In
our model, computational patterns, implemented as a pro-
cessor extension, communicate directly with each other
using internal registers. Matches depicted in schedule S,
executed on the processor and on the processor extension,
are grouped separately. The figure also presents additional
cycles needed for data communication between the processor
and its extension as well as internal data transfers.

The design has been obtained under the following con-
straints. The maximal number of pattern nodes does not
exceed 10 and the critical path of a pattern is not longer than
15ns. The critical path corresponds to three processor cycles
for the Nios2Fast processor running at 200MHz on Stratix2
Altera FPGA. This simple application runs 30% faster with
the implemented processor extension.

8. Conclusions

We have shown different tasks from our generic design
flow for automatic generation of reconfigurable proces-
sor extensions. These tasks include computational pattern
identification, selection, binding scheduling and merging.
All these tasks are modeled and solved using constraints
programming methods developed by us. Our approach makes
it possible to take into account many architectural and tech-
nological constraints during design optimization. Moreover,
many problems can be solved in one optimization step, as
for example pattern selection, binding and scheduling that
has not been possible with standard approaches. We can
optimize either application speed-up or hardware resources.
Thus, space exploration is possible. The results for the
MediaBench applications show high quality of generated
patterns and high application speed-up for both sequential
and parallel execution models.
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