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Abstract. Over the last years, we have witnessed the increased use of
Application-Speciﬁc Instruction-Set Processors (ASIPs). These ASIPs
are processors that have a customizable instruction-set, which can be
tuned towards speciﬁc requirements. The identiﬁcation, deﬁnition and
implementation of those operations that provide the largest performance
improvement and that should be hardwired, extending in this way the
Instruction-Set, constitutes a major challenge. The purpose of this paper
is to investigate and study the issues regarding the customization of an
Instruction-Set in function of the speciﬁc requirements of an application.
Additionally, the paper provides an overview of all relevant aspects of
the problem and compensates the lack of a general view of the problem
in the existing literature.

1

Motivation

Electronic devices are very common in everyday life. It’s enough to think about
mobile phones, digital cameras, etc. This great variety of devices can be implemented using diﬀerent approaches and technologies. Usually these functionalities are implemented using either General Purpose Processors (GPPs), or
Application-Speciﬁc Integrated Circuits (ASICs), or Application-Speciﬁc Instruction-Set Processors (ASIPs). GPPs can be used in many diﬀerent applications in
contrast to ASICs which are processors designed for a speciﬁc application such
as the processor in a TV set top box.
The main diﬀerence between GPPs and ASICs is in terms of ﬂexibility. The
programmability of GPPs supports a broad range of possible applications but
usually leads to more power consumption due to the ineﬃcient units consumption. On the other hand, ASICs are able to satisfy speciﬁc constraints such as
size, performance and power consumption using an optimal architecture for the
application, but today designing and manufacturing an ASIC is a long and expensive process [1]. This design complexity grows exponentially due to shrinking
geometries and the high mask and testing costs constitute a signiﬁcant part of
the manufacturing cost.
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Over the last years, we have witnessed the increased use of GPPs that are
combined with ASIPs. These ASIPs are processors situated in between GPPs
and ASICs that have a customizable instruction-set, which can be tuned towards
speciﬁc requirements. Time-to-market and reduced development costs have became increasingly important and have paved the way for reconﬁgurable architectures. These combine the ﬂexibility of SW with the performance of HW. The
higher cost/performance ratio for ASIPs have led researchers to look for methods
and properties to maximize the performance of these processors. Each particular conﬁguration can then be seen as an extension of the instruction-set. The
identiﬁcation, deﬁnition and implementation of those operations that provide
the largest performance improvement and that should be hardwired, constitutes
a major challenge.
The issues involved at each step are various and range from the isomorphism
problem and the covering problem, well known computationally complex problems, to the function’s study necessary for the guide function and the cost function, involved in the generation step and in the selection step respectively. Beside
these, all the issues involved in this problem will be analyzed and studied in detail.
The customization of an instruction-set can be categorized in two main approaches. As the name suggests, complete customization involves the whole instruction-set which is tuned towards the requirements of an application [2,3,4,5],
while partial customization involves the extension of an existing instruction-set
by means of a limited number of instructions [6,7,8,9,10,11,12,13,14]. In both
cases the goal is to design an Instruction-Set containing the most important
operations needed by the application to maximize the performance. Besides providing an overall account, we also address considerations such as scalability, how
to deal with overlapping instructions and how to address the complexity of the
problem at hand.
The instruction-set customization problem represents a well speciﬁed topic
where results and concepts from many diﬀerent ﬁelds, such as engineering and
graph theory are required. Especially the latter is the dominant approach and
seems to provide the right analytical framework. Every application is thus represented by a directed graph and the required new complex instructions are seen
as subgraphs having particular properties. The problem then translates into
recognizing isomorphic subgraphs. Equally important are the covering and the
selection problem. These are addressed by diﬀerent techniques such as branchand-bound, dynamic programming, etc. The proposed solutions are either exact,
mathematical models whenever appropriate and possible or, given that the problem involved is known to be computationally complex, heuristics that are used
in those cases where the mathematical solution is not computable.
The purpose of this paper is to investigate and study the issues regarding
the customization of an instruction-set in function of the speciﬁc requirements
of an application. The main goal of the paper is to provide a critical and detailed overview of all the aspects involved in instruction-set customization. The
contribution of the paper is twofold: ﬁrstly, it provides an overview of all relevant aspects of the problem. Secondly, it compensates for the lack of a general
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view of the problem in the existing literature which only consists of sporadic
comparison limited to isolated issues involved.
The paper is structured as follows. In Section 2, an introduction to the problem is presented. Section 3, 4 and 5 present the subproblems involved in the
instruction-set customization, namely instruction generation and selection and
the guide/cost function respectively. Section 6 presents an analysis of the type
of instructions which is possible to generate. Concluding remarks and an outline
of research conducted are given in Section 7.

2

Introduction to the Problem

Typically we start with a high level code, like C, that speciﬁes the application
and we manually specialize the embedded processor in a way that performance
and cost constraints are satisﬁed. Irrespective of the type of customization, complete or partial, we can distinguish two approaches related to the level of abstraction on which we operate, i.e. the granularity at which code is considered:
ﬁne-grained and coarse-grained. The ﬁrst one works at the operation level and
implements small clusters of operations in HW [7,10,12,13,14,43,59,44]; the second one operates at the loop or procedure level and identiﬁes critical loops or
procedures in the application, and displaces them from SW to HW as a whole
[16,17,18,19,20,21]. The main diﬀerences are in terms of speedups and ﬂexibility:
although a coarse-grained approach could produce a large speedup, its ﬂexibility
is limited, given that this approach is often performed on a per application basis
and it is diﬃcult that other applications have the same loop or procedure as
critical part. Consequently many authors prefer either a ﬁne-grained approach,
even if it limits the achievable speedup compared to the coarse-grained one, or a
mix of coarse and ﬁne-grained techniques, since they operate at diﬀerent levels
and do not interfere with each other.
Basically the target is the identiﬁcation of the operations that should be
implemented in HW and the ones that have to be left for SW execution to
achieve the requirements of the application. For this reason many authors naturally deﬁne this problem as a HW-SW codesign problem or HW-SW partitioning
[22,23,24,25,26] which consists of concurrently balance at design time, the presence of HW and SW. The operations implemented in HW are incorporated in
the processor either as new instructions and processor capabilities, in the form
of special functional units integrated on the processor or implemented as peripheral devices. The interface between these systems parts is usually in the form
of special purpose instructions embedded in the instruction stream. These HW
components are more or less tightly coupled to the processor and involve diﬀerent
synchronization costs. Thus it becomes necessary also to select an appropriate
communication and synchronization method within the architecture. The implementation of clusters of operations in HW as new complex operations, whatever
nature they have, will beneﬁt the overall performance only if the time the HW
platform takes to evaluate them is less than the time required to compute the
same operations in SW. As a result, compilation time and initialization time of
the reconﬁgurable resources have to be considered as well.
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At ﬁrst, we proﬁle the application SW looking for computation intensive segments of the code which, if mapped on HW, increases performance. The processor is then manually tailored to include the new capabilities. Although human
ingenuity in manual creation of custom capabilities creates high quality results,
performance and time-to-market requirements as well as the growing complexity
of the design space, can beneﬁt from an automatic design ﬂow for the use of these
new capabilities [28,29,12,30,31,32,13,14,60]. Moreover the selection of multiple
custom instructions from a large set of candidates involves complex tradeoﬀ and
can be diﬃcult to be performed manually.
There is a huge number of diﬀerent interpretations and possible solutions to
the instruction-set extension problem. Many authors adopt a graph theoretical
approach in their work. Graph theory has became the dominant approach and
seems to provide the right analytical framework. In this context the code of the
application is represented with a directed graph, called the subject graph, and
the intensive segments of the code to map on HW are subgraphs of the subject
graph [12,14]. Depending on the level of abstraction on which we operate, nodes
represent basic operations as well as entire procedures, functions or loops; edges
represent data dependencies.
The extension of an instruction-set with new complex instructions can formally be divided into instruction generation and instruction selection. Given the
application code, instruction generation consists of clustering of basic operations
(such as add, or, load, etc.) or of mixed operations into larger and more complex operations. These complex operations are identiﬁed by subgraphs which can
cover entirely or partially the subject graph. Once the subgraphs are identiﬁed,
these are considered as single complex operations and they pass through a selection process. Generation and selection are performed with the use of a guide
function and a cost function respectively, which take into account constraints
that the new instructions have to satisfy to be implemented in HW. We now
analyze instruction generation and instruction selection in more detail.

3

Instruction Generation

Instruction generation is mainly based on the concept of template. We call template a set of program statements that is a candidate for implementation as a
custom instruction. Therefore a template is equivalent to a subgraph representing the list of statements selected in the subject graph, where nodes represent
the operations and edges represent the data dependencies.
Instruction generation can be performed in two non exclusive ways: using
existing templates or creating new templates. A collection of templates constitutes a library of templates. Many authors assume the existence of templates
which are given as an input and which are identiﬁed inside the subject graph
[33,6,31], however this is not always the case and many authors develop their
own templates [16,17,34,7,10,35,14,43,59].
In the ﬁrst case, instruction generation is nothing more than the identiﬁcation
of recurrences of speciﬁc templates from the library within the application. It
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is similar to the graph isomorphism problem [36,37,62]. In this case instruction
generation can be considered as template identiﬁcation. In the second case
templates are identiﬁed inside the graph using a guide function. This function
considers a certain number of parameters (often called constraints) and starting
from a node taken as a seed, grows a template which respects all the parameters.
Once a certain number of templates is identiﬁed the graph is usually reanalyzed
to detect recurrences of the built templates.
The analysis of the application to identify instructions is often called design
space exploration. We can detect a certain number of problems involved in instruction generation: (1) the complexity of the exploration, (2) the shape of the
graph and (3) the overlapped templates.
A graph with n nodes contains 2n subgraphs. Theoretically this means that
there is an exponential number of possible new complex operations which can
be selected inside a graph. This turns into an exponential complexity in the design space exploration. This problem can be avoided in two ways: reducing the
design space explored, for example using heuristic instead of exact algorithms,
or introducing more parameters into the guide function and introducing eﬃcient
bounding techniques. The use of heuristics, even though it reduces the design
space explored, turns into the generation of non optimal solution or feasible ones,
and they are often used with no theoretical guarantee. The introduction of additional parameters in the guide function can reduce the number of candidates for
HW implementation, but has the drawback that every time a node is evaluated
for a possible inclusion or not in the cluster, every parameter has to be satisﬁed
and therefore the reduction of candidates turns into an increase of complexity
of the approach due to the multiple analysis of the nodes.
A way to solve exactly covering problem is by using a branch-and-bound
approach. This approach starts with a search space potentially exponential in
size, and reduce step by step the search space using eﬀective bounds and pruning
techniques [38,39]. Other covering approaches use dynamic programming which
is a way of decomposing certain hard to solve problems into equivalent formats
that are more amenable to solution. A drawback of dynamic programming is
that it can only operate on tree-shaped subject graph and patterns, excluding
directed graph with cycles. Thus the non-tree-shaped graph has to be decomposed into sets of disjoint trees. Other approaches, like [10], are based on dynamic
programming, without the requirement that the subject graph and the patterns
are trees.
The second diﬃculty concerns the shape of the graph. First of all graphs
can be divided in cyclic and acyclic graphs. Usually only acyclic graphs are
considered during the analysis. This follows from the fact that acyclic graph can
be easily sorted, for example by a topological ordering, whereas cyclic graph
cannot. Therefore the trouble of deﬁning a one-to-one order of the nodes to the
complexity of the problem is added. Moreover a cyclic graph can be transformed
into an acyclic one if, for example, the cycles are unrolled. An other problem is
given by the management of disconnected graphs. Even though the study of the
problem including disconnected graphs in the analysis allows for exploiting the
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parallelism provided by considering each connected components at the same time
[40,12,14], in many cases the authors have taken up only the study of connected
graphs [10,28,25,31,32,41], shifting the study of disconnected graph in the study
of k graphs, where k is the number of connected components.
The last problem is the management of overlapped templates1 [32,42]. This
problem is mainly related to the case when templates are provided. Usually, when
a template is grown, the nodes included in the template are removed from the
nodes subject to further analysis and therefore two disjointed templates can not
overlap. This problem which, for instance, can be solved with the replications of
the common nodes between the overlapped template, is very important. By the
replication of few nodes, the cost of the replicated nodes can be paltry compared
to the gain in performance which it is possible to get implementing in HW all the
overlapped templates, especially under tight area constraint. Although mainly
related to instruction generation, overlapped templates are a problem which
aﬀects also instruction selection.

4

The Guide Function and the Cost Function

Instruction generation as well as instruction selection make use of a function to
identify or select the most proﬁtable instructions to hardwire. These functions
are called guide function and cost function respectively. They are strictly
related one another and both are used to help the search of new instructions.
The aim of the guide function in template generation is to help the identiﬁcation of a certain number of templates inside the graph. The output of the guide
function is a set P deﬁned as follows: P = {Ti ⊆ G, with i ∈ N}, where G is the
subject graph and Ti are the templates identiﬁed in G.
Instruction selection makes use of a cost function. This function, similar to
the guide function, is used to prune the set of candidates P generated during
instruction generation. The main goal of the cost function is the identiﬁcation
of an optimal subset POpt ⊆ P of templates. These templates satisfy a certain
number of constraints. This is usually reﬂected into a reduction of the execution
time of the application, and/or into a properly ﬁlling of the available area on
the reconﬁgurable component, and/or into a minimization of the delay, and/or
of reduction the power consumption, etc. Clearly the bigger is the size of P , i.e.
the greater is the number of templates identiﬁed inside the subject graph, the
harder is the selection of POpt ⊆ P . Although this can be seen as an additional
problem, it is not always the case. A big size of P in terms of candidates for HW
implementation becomes useful when the constraints are changed, shrunk or relaxed allowing diﬀerent choices of the subset POpt satisfying the new constraints.
As a consequence, the reconﬁgurability of the approach beneﬁts.
The guide function usually includes physical constraints as parameters like
the number of inputs and outputs. Apart from that, the guide function can
include more generally constraints which, if respected, allows the implementation
1

For example two subgraphs with set of nodes {1, 2, 4} and {1, 3, 5} respectively
overlap at node 2 and then only one of them is enumerated.
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in HW. A cost function, however, reduces a big set and leaves those elements
which increase performance. The two functions are often considered together
since they have a similar use. When the functions are considered independently,
a right division of the parameters taken into account by the functions can reduce
the complexity of the approach limiting the number of checks. For example [12]
describes an approach for the generation of convex MIMO operations. The new
operations are grown from a single operation/node taken as a seed and the
adjacent nodes are evaluated for inclusion in the cluster. Every time a node is
analyzed for inclusion in the cluster, the node passes through a triple check:
inputs, outputs and convexity. Using this approach to identify convex MISO
operations the complexity can be reduced. This because a MISO operation is
naturally a convex operation [14,43,44] and therefore a check on single outputs
of the ﬁnal cluster naturally implies that the cluster is convex.
The main metrics which usually are all or part of the parameters used by the
guide and cost functions are the following :
– number of inputs and outputs, usually related to the type of architecture
used. Although limitations on input and output result in reduced performance, many architectures impose severe limitations on the characteristic of
the ﬁnal cluster to implement in HW.
– area, although it is hardly related to the single instructions, each instruction
occupies a certain area, hence the total area of the cluster is an important
factor;
– execution time, even though not possible to obtain accurate estimates of the
system’s cycle time in all cases. Therefore cycle count is often used as a
substitute for the execution time;
– power consumption.
Usually a subset of the above metrics is used to identify and select an optimal set
of new instructions. An exhaustive outline of metrics can be seen in [2, Chap.4].
One of the main goals when designing an instruction-set is to make the design
appropriate for an implementation on many diﬀerent technologies.
The coming of new technologies, and especially the increased use of reconﬁgurable technologies in the last decade can therefore lead researchers to think
about the design of an instruction-set technology independent and suitable for
multiple reuses. Theoretically exact, this concept has to deal with the eﬀective
implementation of an instruction-set which includes compilation time, initialization time as well as time for loading and reading parameters from memory or
registers. Since these metrics are strictly dependent on the eﬀective implementation, the design of an optimal instruction-set cannot be completely independent
of the eﬀective architecture on which it is implemented. Additional metrics can
be identiﬁed in speciﬁc properties that the ﬁnal cluster has to satisfy, as graph
properties (like convexity, a property which guarantees a proper scheduling, etc.).
Additional properties can be seen as a metric but in this survey we make a distinction between metrics and graph properties like connection, convexity, etc.
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Instruction Selection

The main goal of instruction selection is the identiﬁcation of a set of optimal
new instructions to hardwire from a superset of candidates generated by the
instruction generation step. One of the main problem during the selection of
the best candidates is the covering of the design space: exact algorithms can be
too expensive in terms of computational cost. Heuristics alone do not guarantee
optimality, or even feasibility of the solution. The selection can follow diﬀerent
policies. The elements of POpt 2 can be selected attempting to minimize the
number of distinct templates that are used [7], or the number of instances of each
template, or the number of nodes left uncovered in the graph [45,46], or in such
a way that the longest path through the graph should have minimal delay. Other
approaches select instructions based on regularity, i.e. the repeated occurrence
of certain templates [47,48,49,40], or resource sharing [50,51], or considering the
frequency of execution, or the occurrence of speciﬁc nodes [11,52]. Instruction
selection, guided by the cost function, can take one or more of these targets as
parameters for an optimal choice of the instructions.
A way to address instruction selection is by using Integer Linear Programming (ILP) and more generally Linear Programming (LP) in combination with
eﬃcient LP solver. Basically each instruction is associated to a variable which
can have integer value (Integer Linear Programming, ILP), non integer value
(Linear Programming, LP), or boolean value (0-1 Linear Programming). The
instructions, and then the variables, have to satisfy a certain number of constraints which are expressed with a system of linear inequalities and the optimal
solution is the one that maximize or minimize the, so called, objective function.
Example of instruction selection by using LP can be seen in [53,22,13,14].
A way to solve exactly covering problem is by using dynamic programming
or branch-and-bound methods. Exact solutions are proposed in [54,55]. Clearly
a method is eﬃcient if it is possible to prevent the exploration of unsuccessful
branches at earlier stages of the search, and this relies on eﬃcient bounding
techniques [38,39,56,57].

6

The Type of Instructions

Basically, there are two types of clusters that can be identiﬁed, based on the
number of output values: Multiple Input Single Output (MISO) and Multiple
Input Multiple Output (MIMO). Clearly the set of MIMO graphs includes the
subset of MISO graphs. We identify these two types of graphs for a speciﬁc
reason: the sequence of instructions to shift from SW to HW can be seen as a
multivalued function: given n ≥ 1 input the function produces m ≥ 1 outputs:
(Out1 , ..., Outm ) = f (In1 , ..., Inn ), which can be written in a short way using a
vector notation as Out = f (In).
Accordingly, there are two types of algorithms for instruction set extensions
which are brieﬂy presented in this section.
2

In case an optimal solution is not feasible, POpt contains elements which are closeto-optimal.

The Instruction-Set Extension Problem: A Survey

217

For the ﬁrst one, a representative example is introduced in [58,28] which addresses the generation of MISO instructions of maximal size, called MAXMISO.
The proposed algorithm exhaustively enumerates all MAXMISOs. Its complexity is linear with the number of nodes. The reported performance improvement
is of some processor cycles per newly added instruction. Access to memory, i.e.
load/store instructions, are not considered.
The approach presented in [32] targets the generation of general MISO instructions. The exponential number of candidate instructions turns into an exponential complexity of the solution in the general case. In consequence, heuristic and
additional area constraints are introduced to allow an eﬃcient generation. The
diﬀerence between the complexity of the two approaches in [32,58] is due to the
properties of MISOs and MAXMISOs: while the enumeration of the ﬁrst is similar to the subgraph enumeration problem (which is exponential) the intersection
of MAXMISOs is empty and then once a MAXMISO is identiﬁed, it is removed
generating a linear enumeration of them. A diﬀerent approach is presented in [44]
where, with an iterative application of the MAXMISO clustering presented in [58],
MISO instructions called SUBMAXMISOs are generated with linear complexity
in the number of processed elements. The iterative application of this algorithm
allows the generation of MISO instructions of smaller size at each iteration when,
for instance, tight limitations on the total number of inputs are applied.
The algorithms of second type are more general and provide more signiﬁcant
performance improvements. However they also have exponential complexity. For
example, in [12] the identiﬁcation algorithm detects optimal convex MIMO subgraphs based on Input/Output constraints but the computational complexity is
exponential. A similar approach described in [41] proposes the enumeration of
all the instructions based on the number of inputs, outputs, area and convexity.
The selection problem is not addressed. Contrary to [12] which has scalability
issues if the data-ﬂow graph is very large or the micro-architectural constraints
are too ﬁne, this approach is quite scalable and can be applied on large dataﬂow graphs with relaxed micro-architectural constraints. The limitation to only
connected instructions has been removed in [61], where the authors address the
enumeration of the disconnected instructions.
In [13] the authors target the identiﬁcation of convex clusters of operations
given input and output constraints. The clusters are identiﬁed with a ILP based
methodology. The main characteristic is that they iteratively solve ILP problems
for each basic block. Additionally, the convexity is veriﬁed at each iteration
increasing in this way the overall complexity of the approach.
In [14] the authors address the generation of convex MIMO operations in a manner similar to [13] although the identiﬁcation of the new instructions is rather different. The authors construct convex MIMO based on MAXMISOs clustering in
order to maximally exploit the MAXMISO level parallelism. The main diﬀerence
between this approach and [13] is that the latter iteratively solves ILP problems
for each basic block, while the former has one global ILP problem for the entire
procedure. Additionally the convexity is addressed diﬀerently: in [13] the convexity is veriﬁed at each iteration, while in [14] it is guaranteed by construction.
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An extension of the work in [14] is presented in [43]. In [43], the authors
present a heuristic of linear complexity which address the generation of convex
MIMO instruction. The key diﬀerence between the two solutions presented in
[14] and [43] is the combination per levels. Since single MAXMISO execution
in HW does not provide huge improvements in performance, the main idea is
to combine, per levels, MAXMISOs available at the same level in the reduced
graph, into a convex MIMO that is executed as a single instruction in HW where
convexity is theoretically guaranteed. The idea of combining MAXMISO per
level(s) has been further extended in [44,59] where linear complexity algorithms
based on the notion of MAXMISO are presented.

7

Conclusions

In this paper, we presented an overview of the Instruction-Set extension problem providing an analysis of all relevant aspects involved in the problem. It
compensates the lack of a general view of the problem in the existing literature
which only consists of sporadic comparisons that address only a limited number
of the issues involved. Additionally, we provided an in-depth analysis of all the
subproblems involved. Therefore, our study beneﬁts diﬀerent kinds of readers
ranging from the one simply interested in the issues involved in the problem, to
the one interested in advancing the state-of-the-art and needs to know in detail
the existing approaches and the open issues.
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