1694

IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN OF INTEGRATED CIRCUITS AND SYSTEMS, VOL. 24, NO. 11, NOVEMBER 2005

Generation of Distributed Logic-Memory
Architectures Through High-Level Synthesis
Chao Huang, Srivaths Ravi, Anand Raghunathan, Senior Member, IEEE, and
Niraj K. Jha, Fellow, IEEE

Abstract—With the increasing cost of on-chip global communication, high-performance designs for data-intensive applications
require architectures that distribute hardware resources (computing logic, memories, interconnect, etc.) throughout the chip,
while restricting computations and communications to geographic
proximities.
In this paper, we present a methodology for high-level synthesis (HLS) of distributed logic-memory architectures, i.e.,
architectures that have logic and memory distributed across several partitions in a chip. Conventional HLS tools are capable
of extracting parallelism from a behavior for architectures that
assume a monolithic controller/datapath communicating with a
memory or memory hierarchy. This paper provides techniques to
extend the synthesis frontier to more general architectures that
can extract both coarse- and fine-grained parallelism from data
accesses and computations in a synergistic manner. Our methodology selects many possible ways of organizing data and computations, carefully examines the tradeoffs (i.e., communication
overheads, synchronization costs, area overheads) in choosing one
solution over another, and utilizes conventional HLS techniques
for intermediate steps.
We have evaluated the proposed framework on several benchmarks by generating register-transfer level (RTL) implementations using an existing commercial HLS tool with and without
our enhancements, and by subjecting the resulting RTL circuits to
logic synthesis and layout. The results show that circuits designed
as distributed logic-memory architectures using our framework
achieve significant (up to 5.3×, average of 3.5×) performance
improvements over well-optimized conventional designs with
small area overheads (up to 19.3%, 15.1% on average). At the
same time, the reduction in the energy-delay product is by an
average of 5.9× (up to 11.0×).
Index Terms—Distributed architectures, high-level synthesis,
logic-memory architectures, scheduling.

I. I NTRODUCTION

H

IGH-LEVEL synthesis (HLS) has been a topic of research for a long time. However, it has seen limited
adoption in practice. We believe one of the key reasons for
this is that the quality of designs synthesized by HLS tools
do not favorably compare against manual designs, given the
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wide range of advanced architectural tricks that experienced
designers employ. While the basic concepts in HLS (e.g.,
scheduling and resource-sharing techniques) have been well
established [1], [2] there is a need to extend the capabilities
of HLS by importing various advanced techniques employed
in the context of custom high-performance architectures. We
explore one such technique in this paper, namely the use of
distributed logic-memory architectures.
Several important application domains, including digital signal, image, and network processing, are characterized by large
volumes of data access interleaved with computations. While
several techniques have been developed to optimize memory
access, and the logic that implements the computations, separately during HLS, significantly higher-quality designs can
result if they are addressed in a synergistic manner, as shown
in this paper.
A. Related Work
Recognizing the growing dominance of memory in terms of
area, performance, and power, several techniques have been
proposed to optimize memory architectures for high performance and low power. Since memory optimization has been
explored in several different areas (e.g., high-performance
processors, embedded systems, distributed systems, parallel
processing, etc.), which collectively represent a large body of
research, a comprehensive review of related work is beyond the
scope of this paper. However, some of the underlying concepts
in our paper have roots in technology developed in areas
such as high-performance processors, parallel and distributed
systems, and custom signal-processing architectures. Hence,
we acknowledge selected references from those fields that have
motivated our work.
Reducing the memory size to exactly fit application requirements results in area, access time, and power benefits.
Hence, techniques to estimate storage requirements from a
behavior are proposed in [3] and [4]. The algorithm presented in [5] estimates strict upper and lower bounds on the
individual data-dependence sizes in high-level code, given a
partially fixed execution ordering. Behavioral-transformation
techniques to reduce memory requirements have been described
in [6]. The problem of mapping (or binding) arrays in behavioral descriptions to one or more memories in register-transfer
level (RTL) implementations has been addressed extensively
in previous work. Some HLS systems map arrays in the behavioral description into a single monolithic memory [7]–[10],
while others take the opposite approach by mapping each array
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to a separate memory [11]. In general, neither extreme is
the optimal solution, necessitating the use of a many-to-many
mapping scheme. Techniques to reduce memory size, while
mapping multiple arrays to a single memory under performance
constraints, are presented in [12] and [13]. Techniques for mapping multiple arrays to memories while reducing power consumption are described in [14] and [15]. The library-mapping
problem for memories, which consists of mapping generic
memories to specific memory modules present in a library, is
addressed in [16] and [17]. Architectural exploration techniques
for datapaths with hierarchical memory systems are presented
in [18]. The issue of systematic data reuse for irregular access
patterns is discussed in [19]. The technique presented in [20]
guides memory binding by identifying groups of arrays that can
potentially occupy the same memory locations. The work in
[21] proposes a polyhedral analysis technique and an integer
linear program (ILP) formulation to find the optimal memory architecture for a given performance constraint. Memorybinding techniques for control-flow intensive behaviors are
presented in [22]. All the works described above are restricted
to static arrays in behavioral descriptions. Memory optimizations for more complex abstract data types, and dynamically allocated memory, are described in [23] and [24]. Comprehensive
data transfer and storage-exploration methodologies, which
address most of the subproblems described above, have been
developed in the data transfer and storage exploration (DTSE)
and a toolbox for optimizing memory I/O using geometrical models (ATOMIUM) projects [25]–[27]. The work in the
PHIDEO [28] and EXPRESSION [29] projects addresses the
issues of memory-acce ss assignment and scheduling combined
with “back-end mapping.” Apart from the use of retiming in
datapath synthesis, special attention has been paid in PHIDEO
to memory optimization across loop boundaries in hierarchical
flow graphs. In EXPRESSION, an embedded system compiler
has been developed for a customizable memory and processor
organization. However, PHIDEO is targeted at the design of
real-time systems, requiring the user to indicate which operations are tightly coupled, resulting in a number of subgraphs
[28], to obtain the computation partitions. Our work is complementary to most work on memory optimization during HLS,
since it explores the partitioning of arrays (which are mainly
considered to be atomic in most of the HLS efforts above, such
as [3]–[24]), and does so in a manner that is synergistic with the
automatic partitioning of computations.
It bears mentioning that a significant body of research exists
on functional partitioning of designs for HLS (see [30] for
a good survey). These techniques typically focus on deriving
irregular partitions. Our work focuses on regular partitions, by
examining critical loops and deriving computation partitions
through a tiling of the loop-iteration space. Furthermore, previous functional partitioning techniques perform computation
partitioning without special consideration to memories, while
the focus of our work is on joint computation and data partitioning to result in distributed logic-memory architectures.
Our work draws upon techniques developed for joint
partitioning of computations and data in domains such as
high-performance microprocessors, parallel processing and distributed systems, and custom signal-processing architectures,
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and attempts to adapt these techniques and integrate them
into an HLS flow. The growing processor–memory gap and
large disparity between on-chip and off-chip memory bandwidths prompted several prominent research efforts to integrate
general-purpose processors and memory [31]–[34]. In parallel
computing and distributed systems, the high communication
cost between processing elements has led to the development
of techniques to partition computations and data to balance
load and maximize performance [35]–[40]. The performance
and power benefits of distributed logic-memory architectures
have been demonstrated in the context of manually designed
signal-processing architectures in [41]–[43].
B. Paper Overview and Contributions
In this work, we present techniques for HLS of distributed
logic-memory architectures. The proposed methodology does
not require any change to the core HLS algorithms. Hence, we
believe that existing HLS flows can be easily adapted to take
advantage of our techniques. Conventional HLS tools result in
controller/datapath implementations that communicate with a
monolithic memory, or, at best, a banked or hierarchical memory organization. We demonstrate that joint partitioning of the
behavior’s computations, and the data that they operate on, results in architectures with superior performance characteristics.
We also demonstrate that exploiting the performanceimprovement potential of distributed logic-memory architectures requires a systematic methodology to explore the complex
tradeoffs involved. We propose an enhanced HLS flow that
includes techniques to perform automatic data and computation
partitioning, and discuss how these steps are interleaved with
conventional HLS tasks, such as scheduling and resource sharing. The enhanced HLS flow consists of the following steps:
identification of critical code for partitioning (we focus on
loops, since they account for the bulk of computations, as well
as data accesses in the application domains of interest), choice
of the number of data-logic partitions, automatic techniques
to identify partitions of the loop-iteration space and the corresponding footprints in the data space, coordinated scheduling of
the individual partitions to eliminate memory-access conflicts
introduced due to parallel accesses, and constrained resource
sharing to result in distributed logic-memory implementations.
We evaluate the proposed techniques using several example
benchmarks in the context of a commercial design flow, and
demonstrate that distributed logic-memory architectures can
achieve significant performance improvements (up to 5.3×,
average of 3.5×) over well-optimized designs generated by
state-of-the-art HLS techniques. The reduction in the energydelay product is by an average of 5.9× (up to 11.0×).
II. M OTIVATION : I LLUSTRATIONS AND A NALYSES
In this section, we illustrate the following issues using
examples.
1) Circuits designed using conventional HLS techniques are
controller/datapath implementations that communicate
with a single monolithic memory. For many applications,
the use of banked memory or memory hierarchy eases
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Fig. 2.

Fig. 1. C behavior of Wavelet transformation.

data-access bottlenecks to some extent. However, the performance gains are still inferior to what can be obtained
when data and computations are partitioned in an integrated fashion (see Example 1).
2) There are many possible ways of partitioning data and
computations for a given circuit behavior. This means that
the design space of possible partitioned implementations
can be very large. Example 2 demonstrates that this
design space necessitates many area and performance
tradeoffs mandating that: a) synthesis should work in
conjunction with a design-space exploration strategy; and
b) the overall flow must provide ways to model the
“goodness” of a partition or a solution in terms of area,
performance, communication overheads, etc.
3) Example 2 also point outs that scheduling for a distributed architecture requires existing HLS schedulers to be
suitably enhanced to guarantee the functional correctness
of the overall system.
Example 1: Consider the behavior shown in Fig. 1, which
describes a system implementing the discrete wavelet transform
algorithm. The system takes as its inputs a flag IN_RDY that
initiates data processing and an input/output channel DATA,
through which data of length SIZE are streamed. Input data are
stored in an array org, on which the loop nest implementing
the wavelet algorithm operates. The transformed image data
are stored in the array trsnd, which is finally output through
DATA with the output flag OUT_RDY set to 1. The control-data
flow graph (CDFG) representation of this behavior is shown in
Fig. 2. Each node in the CDFG corresponds to an operation in
the behavior. For example, node 5 in the CDFG corresponds
to the computation x = i  1 in the behavior. MR0, . . . , MR4

CDFG representation of wavelet transformation.

and MW0, . . . , MW4 represent memory read and write operations, respectively. Solid (dotted) edges in the CDFG represent
data (control) dependencies between operations. A +(−) on a
control edge denotes true (false).
Conventional HLS techniques, when applied to the above
CDFG, derive a controller/datapath RTL implementation of the
circuit with the org and trsnd arrays stored in a monolithic
memory block. An iteration of the schedule derived with a
resource library consisting of two adders, two subtracters, three
comparators, and two shifters is shown in Fig. 3(a). While addition and subtraction operations in this schedule take two cycles
to complete, all other computations are single-cycle operations.
Read (write) operations to the single-ported memory unit take
an access time of four cycles. Fig. 3(a) shows a snapshot of
simulating the resultant implementation using a 32 × 32 input
image. A monolithic single-port memory is implemented in this
solution. The total storage size for the original source data and
the transformed data is 2K-word by 32-bit (area of 0.89 mm2
based on the Taiwan Semiconductor Manufacturing Company
(TSMC) 0.25-µm process [44]). The figure shows the schedule
of computations in an iteration, wherein 4 pixels of data are
processed in 38 cycles. Therefore, the steady-state performance
of the circuit for applying the wavelet transform algorithm to a
32 × 32 image is 9728 cycles. The energy-delay product of the
entire circuit is 0.92 mJ · s.
The memory-access times clearly contribute to a significant
fraction of the overall execution times. Memory-organization
techniques, such as memory banks, are increasingly used in
HLS to speed up data accesses to/from memory. Fig. 3(b) shows
the schedule for a system with two memory banks, such that
odd and even columns of data are located in separate banks
(distinguished by the shaded and nonshaded memory reads and
writes in the figure). Reads or writes to the banked memory
can begin two cycles after a previous memory operation. For
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Schedule snapshots for RTL implementations produced by (a) conventional HLS, (b) HLS enhanced for memory banks, and (c) our algorithm.

a 32 × 32 input image, an iteration of wavelet now completes
in 26 cycles, leading to a faster execution time of 6656 cycles
(a reduction of 1.5× compared to conventional HLS). The
memory implementation of two memory banks in this circuit
is based on two 1K-word by 32-bit single-port static random
access memories (SRAMs) with a shared data bus of 32-bit
width (area of 0.95 mm2 [44]). The system energy-delay
product is 0.70 mJ · s (a reduction of 1.3× over the conventional HLS solution).
The performance of existing HLS solutions can be improved
further if the knowledge of data accesses, computational patterns, and the given resource constraints are used in an integrated manner during synthesis. Using the framework described
in Section III, we can derive a high-performance architecture,
as shown in Fig. 4. The architecture has three partitions
(denoted A, B, and C) with conventional HLS-style circuits
(controller, datapath, and memory are local to two partitions,
while the third partition has a controller and datapath). Data in
array org are first distributed among the two partitions, as shown
in Fig. 4, by partition C. The controller in partition C regulates
the functioning of the entire system and coordinates the individual schedules of the local controllers in each partition. Since
the data and computations are distributed mainly in partitions A
and B, we call this implementation a two-way partitioned system. Generally speaking, in a K-way distributed architecture,
each one of the K subsystems has an independent controller

Fig. 4. Two-way distributed logic-memory architecture.

and datapath, and its local memory. In addition, the top-level
logic, which is used to regulate the functioning of the entire
system, only has a controller and datapath.
Fig. 3(c) shows the snapshot of each partition’s schedule, derived in a coordinated manner using the scheduling formulation
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Fig. 5. C behavior for Matrix.

presented in Section III-B4. The controller in each partition
then executes its schedule on its local datapath, while reading/
writing appropriately from its local memory or remote memory (memory local to another partition). For example, in the
schedule for partition A, operations MW1 and MW2 are local
memory accesses (which take three cycles), while MW3b and
MW4b denote accesses to data stored in partition B (which take
four cycles). Once the controller in each partition terminates
its execution, the controller in partition C schedules the output
of data from each local memory onto DATA. An independent
1K-word by 32-bit single-port SRAM attached to a 32-bitwide data bus serves as local memory in each partition A and B
(area of 0.50 mm2 [44]).
The performance of the above system is better than both the
conventional HLS and banked HLS cases. The execution time
for the wavelet algorithm reduces to 3584 cycles (2.71× and
1.86× speedups over the corresponding numbers in conventional and banked HLS solutions). The energy-delay product is
0.15 mJ · s, which is a reduction of 6.1× and 4.7× compared
to the conventional and banked HLS solutions. In this way,
the partitioned architecture of Fig. 4 distributes the available
resources efficiently and extracts significant parallelism from
the given behavior. At the same time, this architectural solution
is also good from energy × delay considerations.

The partition-based solution presented in the previous example clearly delivers enhanced performance over solutions
determined using existing HLS techniques. Since communication-free partitions are not always possible, the synthesis
flow must examine different ways of partitioning a behavior
to determine the best solution that can meet the target design
constraints. The next example details the issues and tradeoffs
involved in deriving a good partitioned implementation for a
behavior. The example also shows that performance tradeoffs
must account for both communication and synchronization
overheads.
Example 2: Fig. 5 shows the main body of a behavior implementing the standard matrix-multiplication algorithm, and
the corresponding CDFG representation is given in Fig. 6(a).
The behavior multiplies the elements of two matrices P and
Q, and stores the result in matrix R. HLS of the behavior in
Fig. 5 results in a scheduling of computations as shown in
Fig. 6(a). The schedule assumes a resource budget of: 1) two
Wallace-tree multipliers and adders with multiply (add) taking
four (two) cycles; and 2) a single-ported memory with reads
and writes taking four cycles. The snapshot shown is that of
the schedule for the inner loop of the loop nest to multiply two
32 × 32 matrices. The schedule takes 268 cycles to execute,
leading to an overall execution time of 273 411 cycles for multiplying two 32 × 32 matrices.

If synthesis must now determine a partitioned implementation that can surpass the above performance, it must consider
several possible ways of partitioning data and computations,
and evaluate and compare each candidate based on suitable cost
metrics (area, performance, power, etc.). While handling such a
vast design space efficiently is one problem, conventional HLS
must be revamped to provide solutions that can address the
following issues.
1) Consider Fig. 7(a), which describes a possible choice
of dividing matrices P , Q, and R among two partitions A and B. P1 in the figure refers to data from the
upper half of matrix P (P [1 · · · N/2, 1 · · · N ]), while
R1 refers to data from the left quadrant of matrix
R (R[1 · · · N/2, 1 · · · N/2]) (assume N is even), and
so on. Data are organized among the two partitions so
that partition A computes R1 and R2, while partition B
computes R3 and R4. Fig. 6(b) shows the corresponding
schedules for computations in the two partitions determined by conventional HLS schedulers. The schedules
show that the computations of R1 and R4 happen concurrently in each partition, followed by those of R2 and R3.
Observe that the memory reads and writes for computing
R1 and R4 require accesses to data local to each partition
(P1 and Q1 for R1, and P2 and Q2 for R4). However,
data for computing R2 or R3 require accesses from both
partitions. Fig. 6(b) shows that the schedule for computing R2 requires a local access (MR1) for an element from
P1 and a remote access (MR2b) for an element from Q2.
Likewise, the schedule for computing R3 makes a local
access (MR1) for an element from P2 and a remote access
(MR2a) for an element from Q1. However, the schedule
snapshots show that these accesses happen concurrently
and cannot be satisfied by the single-ported memory in
each partition, leading to a memory-access bottleneck.
Thus, schedules for each partition derived in isolation of
one another cannot guarantee functional correctness of
the overall system.
2) A simple way to overcome the memory-access bottleneck
seen above is through the use of an arbiter to facilitate
contention-free memory accesses. For example, access
MR2b in the schedule for computing R2 proceeds by
first requesting the arbiter to check with the controller
of partition B if such an access is feasible. If the arbiter
finds the memory ready to service such a request, it
allows partition A to access data from the local memory
of partition B. Assuming a fair arbiter, the snapshots of
memory accesses and computations for R2 and R3 are
given in Fig. 6(c), with handshaking between the partitions as indicated. The schedules are functionally correct
and the system execution time for computing R2 and R3
with arbitration is 75 624 cycles. Note that every memory
access now requires an arbitration check and, hence, the
schedules of R1 and R4 also incorporate arbitration overheads, and thus, take 68 352 cycles. Therefore, the overall
execution time of this configuration is 143 976 cycles.
3) While the use of arbitration as indicated above facilitates functionally correct schedules, it does not necessarily provide the best-performing schedules. For example,
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(a) Schedule snapshot for conventional HLS, (b) schedule with memory-access bottlenecks, and (c) correct schedule with arbitration.

Fig. 8 shows the schedules derived for each partition in
a coordinated manner by our algorithm. No arbitration is
required since remote memory accesses are made by a
partition only when the other partition is free. Computing
R2 and R3 now takes only 59 136 cycles. Schedules for
R1 and R4 are also free of arbitration overheads and
complete in just 51 968 cycles. Therefore, the overall
execution time of this configuration is only 111 104 cycles. Note that unlike multiprocessor systems, which must
be capable of executing many behaviors, applicationspecific integrated circuit (ASIC) designs require the system to be capable of executing a single behavior. Therefore, a good scheduling algorithm for distributed logicmemory architectures should not only provide functional
correctness, but also limit arbitration and communication
overheads. Such a framework is provided in Section III.
4) If data replication is possible, then partitioning must
be able to factor in area costs. The performance and
area of the RTL implementation change if we adopt the
partitioning scheme presented in Fig. 7(b). Here, data
from array P are made available to both the partitions.
Communication-free partitions are now feasible so that
R1 and R3 are computed in partition A, and R2 and R4

Fig. 7. (a) One possible data distribution for a two-way distributed logicmemory architecture and (b) another possible data distribution.

are computed in partition B. The execution time of this
configuration is 103 936 cycles. Note that, while this partitioning choice delivers enhanced performance and is
communication free, due to data replication, it comes
with area overheads (27.7% more area than the partitioning solution with communication).
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Fig. 8. Coordinated schedules for the two partitions.

III. M ETHODOLOGY AND A LGORITHMS
In this section, we describe our methodology for synthesizing multipartitioned architectures. Section III-A presents
an overview of the proposed framework, while Section III-B
details the constituent steps.
A. Overview
Fig. 9 outlines the flow for synthesizing circuits with distributed logic-memory architectures from a given circuit behavior. The inputs to the framework also include the design
constraints (area and resource constraints, etc.), as well as
the parameters to the different optimization steps. The shaded
portions in the figure indicate steps where conventional HLS
is applicable.
The algorithm performs a data-dependence analysis of the
behavior first, and demarcates critical portions of the code for

further optimization (step 1). This step typically identifies loop
nests and regular portions of the code suitable for partitioning.
Steps 2–5 then perform integrated computation and data partitioning for the targeted code. For a K-way partition (where K
is specified in step 2), steps 3–5 consider candidate choices of
partitioning data and computations K-way, in order to find a
good set of candidate partitions that can minimize the overall
execution time as follows.
1) A tiling of the iteration space (computations) requires
some portions of the array data space to be read from
and written to. Therefore, step 4 first determines regions in different arrays (called footprints) referenced by
each tile.
2) For a given partitioning of the array data space, different
portions of the footprint can physically belong to different partitions. Regions of a footprint present within
a partition are local data accesses for the corresponding
iteration-space tile, while regions of a footprint outside
the partition boundary are remote data accesses. The
cost of a partitioning choice can now be formulated as
a function of the local and remote accesses for each
partition (step 5).
In the data-intensive applications, memory accesses dominate the performance of the entire ASIC. Partition-space exploration in the above manner employs a fast, but reasonably
accurate, estimation technique for computing the overall execution time. Based on the ranking of the partitioning candidates,
the m best solutions are selected (step 6) for further analysis.
Steps 7–10 now perform a fine-grained evaluation of each
solution. Step 7 first transforms the input behavior into communicating sub-behaviors to enforce the partitions on data and
computations as determined by a solution (see Section III-B3).
Step 8 schedules the behavior identified for each partition using
a conventional HLS scheduler. Since the schedules derived in
this step for communicating partitions can contend for the same
memory resource, step 9 performs an incremental rescheduling
of each schedule to enforce conflict-free memory accesses
(see Section III-B4). The overall performance of the system
can now be calculated based on the expected number of cycles
(ENC) of the coordinated schedule (step 10). Estimates of
high-level design metrics are also obtained at this stage. If the
given constraints are met, the framework goes to step 2 to
explore partitioning solutions further with larger partitioning
numbers. If the constraints are violated, the framework exits
successfully and returns the previous solution that satisfies the
constraints. Resource sharing can now be performed on the
coordinated schedule with the restriction that no sharing is
feasible between operations belonging to schedules in different
partitions.
We mainly focus on the applications with do-all nested loops
with affine array indices. Nonlinear access patterns are not
addressed in this paper.
B. Algorithms
In this section, we describe the salient features of our algorithm. Section III-B1 introduces the background of loop tiles,
footprints, and memory-access costs. Section III-B2 describes

HUANG et al.: GENERATION OF DISTRIBUTED LOGIC-MEMORY ARCHITECTURES BY HIGH-LEVEL SYNTHESIS

Fig. 9.

1701

HLS flow for obtaining RTL circuits with distributed logic-memory partitions.

steps 4 and 5 of the algorithm, while Sections III-B3 and
III-B4 detail steps 7 and 9.
1) Footprints, Partitions, and Their Costs: We first present
the basic notation and terminology introduced in [35].
a) Basic terminology: Data-array references in a behav→
ior are commonly of the form A[−
g (i1 , i2 , . . . , il )], where the
l
d
→
−
index function is g : Z → Z , l is the level of the nested loop
in which the reference is present, and d is the dimension of
data array A. Index functions are typically affine and can be
expressed as follows
→
−
→
−
−
→
→
g( i )= i G+−
a

for (i1 = 0, i1 < N, i1 + +)

where reference matrix G is an l × d matrix with integer
→
entries and −
a is the offset vector, an integer constant vector
of length d. A semiopen hyperparallelopiped tile at the origin
of an l-dimensional iteration space can be described by matrix
L∗ (called a basic tile).
The set of iteration points included in the tile is

l

→
−
→
−
→
αi l∗ ,
x |−
x =
i

b) Data-array footprints: The basic footprint determined
in [35] gives only the shape and size of regions accessed in
an array by a reference. However, the exact location of these
regions needs to be determined to gauge how memory-access
patterns influence interpartition communication. We illustrate
our procedure for determining the desired regions using the
following example.
Example 3: Consider the two-level nested loop below with
→
−
→
an array reference in the loop body given by A[−
g ( i )], with
→
−
i = (i1 , i2 ).


0 ≤ αi < 1

for (i2 = 0, i2 < N, i2 + +)
 

→
−
→
f A −
g(i) ;
→
−
→
→
Let −
g = i G+−
a , with G =

g11
g21

g12
g22

→
and −
a =

(a1 , a2 ).
Let matrix L∗ represent a basic tile at the origin.

i=1

−
→
where li∗ is the ith row of L∗ . The row vectors of matrix L∗ are
the vertices of the basic tile.
In the data space, the footprint of a tile with respect to a refer→
−
→
ence A[−
g ( i )] present in the loop, is the set of all data elements
→
−
→
−
A[ g ( i )] of data array A. In other words, the footprints are
regions of the data accessed by a loop tile. Given basic tile
matrix L∗ and array reference matrix G, matrix D∗ defines the
basic footprint for a single reference as D∗ = L∗ G. The row
vectors of matrix D∗ are vertices of the basic footprint mapped
by the basic tile. The size of the footprint is the area of the
semiopen hyperparallelopiped specified by D∗ , which is given
by | det D∗ | = | det(L∗ × G)|.



L∗ =



∗
l11
∗
l21

∗
l12
∗
l22

.

We can now determine the basic footprint matrix mapped by
→
−
→
g ( i )] as follows.
L∗ for the reference A[−
D∗ = L∗ × G =




=

∗
∗
l11
g11 + l12
g21
∗
∗
l21 g11 + l22
g21

d∗11
d∗21

d∗12
d∗22

∗
∗
l11
g12 + l12
g22
∗
∗
l21 g12 + l22
g22

.

Matrix D∗ defines the position and size of the basic footprint
at the origin in the data-array space shown in Fig. 10. Since
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Fig. 10. Basic footprint FP∗ and footprint FP1 .

Fig. 11. K-way partitioning in the iteration space.

the row vectors of D∗ form a basis for the footprint, all the
vertices of the footprint are simply linear combinations of the
row vectors. In other words, they are given by set FP∗ below.
FP∗ = {(0, 0), (d∗11 , d∗12 ) , (d∗21 , d∗22 ) , (d∗11 + d∗21 , d∗12 + d∗22 )} .
Due to the constant offsets in the indices, the actual footprint
→
−
→
accessed by array reference A[−
g ( i )] (denoted FP1 ) is a
displacement of the basic footprint (see Fig. 10). By using the
→
offset vectors −
a , any arbitrary displacements from the basic
footprint can be incorporated to locate the actual footprints.
FP1 is given by
−→ −→ −→
FP1 = {−
v→
11 , v12 , v13 , v14 }
= {(a1 , a2 ), (d∗11 + a1 , d∗12 + a2 ) , (d∗21 + a1 , d∗22 + a2 ),
(d∗11 + d∗21 + a1 , d∗12 + d∗22 + a2 )} .
For a given K-way tiling of the iteration space, all tiles are
→
displacements of a basic tile through offset vectors {−
p i, i =
1, 2, . . . , K}. In order to find the footprints associated with each
tile, consider tile Li shown in Fig. 11 associated with an offset
→
−
→
vector −
pi = (pi1 , pi2 ). Any point i = (i1 , i2 ) in basic tile L∗
accesses memory data at locations given by
−
→
→
i G+−
a.

Fig. 12. K-way footprints in the data space.

→ →
−
The corresponding point i + −
pi in iteration tile Li accesses
the memory data at
→ →
−
→
−
→
→
→
( i +−
pi )G + −
a =( i G+−
a)+−
pi G.
The above expression shows that the footprint of a tile Li
has: 1) shape and size identical to the basic footprint; and
→
→
pi G = (qi1 , qi2 ) in
2) is associated with an offset vector −
qi = −
the array-data space (see Fig. 12).

We next explore the main cause for remote memory accesses.
Let us consider Example 3 again, with the two-level nested
loop and a single memory data reference. Suppose that the
entire iteration space has been partitioned into K loop tiles
(L1 , L2 , . . . , LK ), which are displaced from the basic loop tile
→
pi , i = 1, 2, . . . , K}.
L∗ with respective displacement vectors {−
All the K tiles consist of the iteration space defined by the
nested loop without any overlap, as shown in Fig. 11.
Let tile L1 be the basic loop tile, which means L1 = L∗ .
Then, we have the basic footprint expressed by matrix D1 as
−
−
−
→
→
→
l1
d1
l1 G
D1 = L1 × G = −
=
×
G
=
→
→ .
−
→
−
l2
d2
l2 G
Consider loop tile L2 , which is the adjacent loop tile to the
→
−
→
basic loop tile with an offset vector −
p2 = l2 . By the previous
→
→
→
q2 = −
p2 ×
method, we can obtain the data-space offset −
q2 as −
→
−
→
−
G = l2 × G = d2 , as shown in Fig. 12. This means that the
different footprints mapped by the different loop tiles cover the
entire data array without any overlap. If the corresponding loop
tile and the footprint are bound to the same subsystem, there is
no remote memory access at all, no matter what the partitioning
pattern (arbitrary matrix L∗ ) is. Hence, any partitioning in the
nested loop with only a single memory data reference is a
communication-free partitioning. Remote memory accesses are
caused by a set of data references in the loop body. In the
uniformly intersecting reference set, remote memory accesses
are caused by the different offset vectors.
Cost function: The footprints determined above demarcate the different regions of the array accessed by the loop
tiles in the behavior. According to K-way iteration tiling
{L1 , L2 , . . . , LK }, we have K-way memory data partitioning
{P1 , P2 , . . . , PK }. Each iteration tile Li and the corresponding memory partition Pi are bound together. We call this combination subsystem i. Then, memory partition Pi is the local
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The remote accesses are given by the sum of the remote
accesses made to partitions {Pj |1 ≤ j ≤ K and j = i}.
In other words
remote_acc(Li ) =

K


area(FPi ∩ Pj ).

j=1, j=i

Therefore, the estimated cost for the given choice of array
partition and iteration tile is given by
costi = α × local_acc(Li ) + β × remote_acc(Li )
= α × area(FPi ∩ Pi ) + β

Fig. 13. Footprints and memory partitioning in a two-way system.

memory of subsystem i. Any other memory partitions {Pj |1 ≤
j ≤ K and j = i} are remote memories outside subsystem i.
This is illustrated by the following example. In a partitioned
architecture, each partition is associated with a loop tile and
the corresponding fraction of the memory and, hence, different
fragments of a footprint.
Example 4: Fig. 13 shows footprints FP1 and FP2 for array
references associated with loop tiles L1 and L2 , respectively.
Suppose that the array is partitioned into P1 and P2 as shown.
Consider a two-way architecture, where L1 and P1 are bound
to say, subsystem 1, while L2 and P2 are bound to subsystem 2.
Then, region A1 represents the local memory accesses of
subsystem 1 by the data references in the loop iterations
corresponding to L1 . However, L1 also makes data accesses
corresponding to region A2 . This means that data must be read
from remote memory P2 , which lies in subsystem 2. Similarly, regions B1 and B2 contain the remote and local memory

accesses for iteration space L2 .
It follows that the best partitioning choice would maximize
the area of a footprint that lies within the local memory to minimize interpartition communication. We can formulate a cost
function to evaluate a partitioning choice using the following
example scenarios (assume that a partition takes α cycles for
a single read/write to its local memory and β cycles for the
corresponding operation to the remote memories).
1) If footprint FPi (corresponding to loop tile Li ) completely lies in data partition Pi , all the data accesses for
iteration space Li can be satisfied by the local memory in
subsystem i. Because the footprint size is approximately
the number of memory accesses, we obtain the cost of
memory access for loop tile Li as follows.
costi = α × area(FPi ∩ Pi ) = α × area(FPi ).
2) If footprint FPi partially lies in data partition Pi , all the
data accesses for iteration space Li cannot be satisfied by
the local memory in subsystem i. The overlapping area of
footprint FPi and data partition Pi , which approximately
represents the local memory accesses, is given by
local_acc(Li ) = area(FPi ∩ Pi ).

×

K


area(FPi ∩ Pj ).

j=1, j=i

In a K-way tiling, the total cost is, therefore
total_cost =

K


costi .

i=1

Since the vertices of a footprint are known and the partition is
given, the intersection region and its area can be computed from
well-known computational-geometry techniques [45], [46].
The cost function can now be formulated for the general
case. Assume we have: 1) a K-way partitioning of the system,
with the iteration space divided into K tiles given by {Li , i =
1, 2, . . . , K}; 2) a set of data arrays {Arrayv , v = 1, 2, . . . , V }
→
−
in the original system; and 3) a set of data references { i Guv +
→
−
a uv , uv = 1, 2, . . . , Uv } for each Arrayv in the nested loop.
(u )
Let FPi v (associated with loop tile Li ) represent the footprint
→
−
→
a uv to data array Arrayv . Then,
of data reference i Guv + −
(u )
the cost of accessing footprint FPi v by Li is given by




(u )
(u )
costui v = α × local_acc Li v + β × remote_acc Li v .
Therefore, the total cost of this partitioned system is

total_cost =

Uv
K 
V 


(uv )

costi

.

i=1 v=1 uv =1

In [35], cumulative footprints are introduced to aggregate
footprints of a uniformly intersecting set of data references into
a single bounding hyperparallelopiped. However, this aggregation leads to bad estimates of memory accesses whenever the
offset vectors become large. Therefore, keeping the footprints
disjoint, as in our approach to compute local and remote
accesses, leads to more accurate cost estimates.
2) Partitioning Algorithm: Given the behavioral description
of a nested loop and K, the number of the partitions, we
need to find a simultaneous partitioning of the iteration space
and data space to minimize the overall execution time. Since
the displacements of the different loop tiles and the different
→
→
footprints have a linear relationship, which is −
q =−
p G, it is
sufficient to examine the basic loop tile and footprints mapped
by the basic tile to estimate the memory-access costs of the
whole system. We will demonstrate our algorithm to partition
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Fig. 14. Three footprints mapped by basic tile L∗ .

the system to achieve low-cost memory accesses using the
following example.
Example 5: Consider the two-level nested loop below.
for (i1 = 0, i1 < I, i1 + +)
for (i2 = 0, i2 < J, i2 + +)
B[i, j] = A[i, j] + A[i + 1, j] + A[i + 3, j + 2];
In the loop body, three memory references to data array
A are A[i, j], A[i + 1, j], and A[i + 3, j + 2], which form a
uniformly intersecting reference set. The reference matrix is

1 0
G=
.
0 1
The offset vectors are
−
→
−
→
a2 = (1, 0), and −
a3 = (3, 2).
a1 = (0, 0), →
Consider a rectangular partitioning in the iteration space,
using the basic tile L∗ given as follows

l
0
∗
L = 1
.
0 l2
The basic footprint in the data space is


l
1 0
0
D∗ = L∗ × G = 1
×
0 1
0 l2


=

l1
0

0
l2

.

The three footprints mapped by the basic tile, due to the data
→
→
a2 ,
references, are shown in Fig. 14. The offset vectors are −
a1 , −
→
−
and a3 .
The memory partition in the data space is considered to
have the same size and shape as the basic footprint. The solid
gray box in Fig. 15 shows a partitioned region defined by one
possible partition in the data space. The optimal position of
the gray box, which is the position of the data partition, needs
to be determined in order to achieve minimal remote memory
accesses.
If the gray box region is bound to the basic loop tile, all
the data located in the gray box are the local memory data.
Data accessed by the basic tile, but not located in the gray

Fig. 15.

Position of the memory data partition.

box, are remote memory data. The strip-shaded area in Fig. 15
illustrates the remote memory accesses for the three data references, A[i, j], A[i + 1, j], and A[i + 3, j + 2], based on the
partitioning.
→
We introduce a displacement vector −
v = (x, y), which represents the displacement of the basic memory-partitioning region to the basic footprint. To calculate the strip-shaded area,
→ → −
−
ai − →
v , which are
we first modify the offset vectors as bi = −
relative offset vectors.
− −
→
→
a1 − −
v = (0, 0) − (x, y) = (−x, −y)
b1 = →
→ −
−
→
b2 = →
a2 − −
v = (1, 0) − (x, y) = (1 − x, −y)
→ −
−
→
b3 = →
a3 − −
v = (3, 2) − (x, y) = (3 − x, 2 − y).
It is obvious that the optimal position of the gray box is in
the bounding area of the cumulative footprints. Accordingly,
→
the constraints for the data displacement vector −
v are


vk ∈ min(ar,k ), max(ar,k ) ,
r

r

∀k ∈ {1, 2, . . . , d} and r ∈ {1, 2, . . . , R}
→
v and ar,k is the
where vk is the kth component of vector −
→
−
kth component of the rth offset vector ar . In other words, the
data-displacement vector is a vector in which each component
is between the minimum and maximum of the corresponding
components among all the R offset vectors.
In this example, the constraints are
x ∈ [0, 3] and y ∈ [0, 2].
As shown in Section III-B1, an estimate of the number of re→
−
→
mote memory accesses by data reference A[−
g ( i )] is given by
∗

remote_acc(L ) =

l

k=1

det D∗

→

k→ b

where D∗ → is the matrix obtained by replacing the kth row
k→ b
→
−
of D∗ by b .
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Due to the first data reference A[i, j], we have the number of
remote accesses, denoted by remote_acc1 (L∗ ), as follows:


0
l1
−x −y
∗
remote_acc1 (L ) = det
+ det
−x −y
0
l2
= l1 y + l2 x.
Similarly, due to the second and third data references,
A[i + 1, j] and A[i + 3, j + 2], we have the number of remote accesses denoted, respectively, by remote_acc2 (L∗ ) and
remote_acc3 (L∗ ), as follows:

l1
0
remote_acc2 (L∗ ) = det
1 − x −y

1 − x −y
+ det
0
l2
= l1 y + l2 |1 − x|

l1
0
∗
remote_acc3 (L ) = det
3−x 2−y

3−x 2−y
+ det
0
l2
= 2l1 + 3l2 − l1 y − l2 x.
The total number of remote memory accesses is given by
remote_acc(L∗ ) = remote_acc1 (L∗ ) + remote_acc2 (L∗ )
+ remote_acc3 (L∗ )
= 2l1 + 3l2 + l1 y + l2 |1 − x|.
Since there are three data references in each iteration, the
total number of the memory accesses in the basic tile is

l
0
total_acc(L∗ ) = 3 × | det D∗ | = 3 × det 1
0 l2
= 3l1 l2 =

Fig. 16. Pseudocode of the symbolic partitioning algorithm.

Minimizing the objective cost function, subject to the above
constraints, is a linearly constrained optimization problem [47],
wherein the constraints are linear, but the objective function is
not. There are many well-known solution techniques for this
problem [48], [49] that can be used to determine the values
of l1 , l2 , x, and y.
When x = 1, y = 0, l1 = I, and l2 = J/K, the minimum of
the cost function is

3J
3α
IJ + (β − α) 2I +
total_costmin =
.
K
K
This partitioning divides the iteration space into K tiles as


3
IJ.
K

Then, the number of local memory accesses is
local_acc(L∗ ) = total_acc(L∗ ) − remote_acc(L∗ ).
The cost of memory accesses (Section III-B1) is
total_cost = α × local_acc(L∗ ) + β × remote_acc(L∗ )
=

3α
IJ + (β − α) (2l1 + 3l2 + l1 y + l2 |1 − x|) .
K

We need to minimize the cost function subject to variables
l1 , l2 , x, and y. The constraints of these variables that must be
obeyed are
x ∈ [0, 3],

y ∈ [0, 2],

l1 ∈ [0, I],

and

l2 ∈ [0, J].

In addition, homogeneous partitioning of the iteration and
array data spaces implies that | det L∗ |, which is given by l1 l2 =
IJ/K, is a constant. This is an additional constraint.


2J
J
J
≤j<
, 0 ≤ i < I,
,
0 ≤ i < I, 0 ≤ j <
K
K
K

(K − 1)J
≤j<J
.
. . . , 0 ≤ i < I,
K

The memory data are correspondingly partitioned into K key
→
regions. According to the data-displacement vector −
v = (1, 0),
they are

1 ≤ m ≤ I, 0 ≤ j <


J
K


2J
J
≤j<
, 1 ≤ m ≤ I,
K
K

. . . , 1 ≤ m ≤ I,

(K − 1)J
≤j<J
K

,
.

Any fringe effects in memory partitioning can be combined
with the adjacent key regions to simplify its implementation. 
Given the l-level nested loop with R data references per
iteration and the d-dimension memory array, we conclude the
algorithm to find K-way partitions of the iteration space and
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Fig. 17. Wavelet with (a) loops partitioned, (b) references modified and readjusted to introduce remote and local accesses, and (c) full partitioning.

data space that minimize the cost of memory accesses in the
form of the pseudocode shown in Fig. 16.
1) Reference matrix G, which is an l × d matrix, is extracted
from the loop body (line 2). There are R memory data
references in each iteration. The corresponding iteration→
space offset vectors −
ai (length of d) are extracted from
the loop body (lines 3–4).
2) The l × l matrix L∗ is initialized. This matrix represents
the basic loop tile symbolically (line 5). The data-space
→
displacement vector −
v (length of d) is initialized as well
→
(line 6). −
v symbolically represents the displacement of
memory data partition to the basic footprint.
3) The d × d matrix D∗ is computed as D∗ = L∗ × G,
which represents the basic footprint (line 7).
4) To estimate the remote memory accesses in the data
→
space, the offset vectors −
ai are modified according to the
displacement vector (lines 8–9).
5) The accumulator remote_acc is reset to zero (line 10).
It counts the number of remote memory accesses. For
→
−
each data reference, the corresponding vector bi is used
∗
to replace the kth row of matrix D . The determinant is
accumulated to remote_acc (lines 11–13).
6) The total number of memory accesses total_acc is computed by the data number in the basic iteration multiplied
by the data reference number per iteration (line 14). The
number of local memory accesses local_acc is obtained
by extracting the remote access number remote_acc from
the total access number total_acc (line 15).
7) Suppose that a partition takes α cycles for a single
read/write to its local memory and β cycles for the
corresponding operation to the remote memories. The
cost function total_cost is computed in line 16.
8) The constraints for the elements in matrix L∗ are set by
1 ≤ lij ≤ Ij (lines 17–19), where Ij is the jth element
of the iteration-boundary vector (I1 , I2 , . . . , Il ). The constraints for the jth element of the data space-displacement
→
vector −
v are between the minimum and maximum of

the corresponding component among all R offset vectors
(lines 20–22). In order to distribute the task loads evenly
among the subsystems, there is an additional constraint
that the size of basic tile L∗ be a constant for a given K
(line 23).
9) Linearly constrained optimization techniques are used to
find the optimal solution to minimize the cost function
total_cost of memory accesses (line 24). The values of
→
v are used to obtain
matrix L∗ and displacement vector −
the partitioning {L1 , L2 , . . . , LK } in the iteration space
and associated partitioning {FP1 , FP2 , . . . , FPK } in the
data space (lines 25–28).
3) Behavioral Transformations for Computing Partitions’
Schedules: A candidate partition selected by step 6 in Fig. 9
can be further analyzed, once its effects are incorporated in
the original behavior. The necessary transformations to prepare
scheduler-ready behaviors corresponding to each partition are
illustrated in Fig. 17 for Wavelet. Fig. 17(a) shows the modified
behavior with sub-behaviors identified for two partitions,
PARTITION_A and PARTITION_B, according to loop tiles
given by regions L_A = {(0, 0), (N/2 − 1, 0), (0, N − 1),
(N/2 − 1, N − 1)} and L_B = {(N/2, 0), (N − 1, 0), (N/2,
N − 1), (N − 1, N − 1)}.
The array references in each sub-behavior must also be
modified to indicate whether they are local or remote accesses.
Therefore, we transform every array reference as shown in
Fig. 17(b) to first incorporate the effect of accesses to data
located in the memories of different partitions. If P1 and P2 are
the partitions of trsnd and FP1 is the footprint corresponding
to L_A for reference trsnd[ADR(x, y + H_SIZE)], then we
include array index checks as shown. Now, the annotations
can be correspondingly changed for HLS to operate correctly.
Local access in the figure is denoted as MW3 and remote
access becomes MW3b. Note that in this case, FP1 ∩ P1 is
null. Hence, the corresponding statements can be eliminated.
In this way, we can modify the different array references in
each sub-behavior of Wavelet to obtain Fig. 17(c).
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Fig. 18. Partitioned schedules and conflicts between memory accesses.

4) Rescheduling for Conﬂict-Free Accesses: When schedules are derived by conventional HLS for the CDFGs corresponding to each sub-behavior (identified through the
techniques in Sections III-B2 and III-B3), they can contend for
access to the same memory resource in some state. Fig. 18
shows an example CDFG that has been bipartitioned, and
the corresponding schedule snippets (schedules A and B) for
executing an iteration of the partitioned behaviors. The schedules show that memory resource conflicts exist, for example,
between a local access MR1 in schedule A and a remote access
MR1a in schedule B. While it is possible to compute the union
of the two schedules and extract valid schedules for partitions A
and B, such an approach is computationally inefficient. Therefore, we use a rescheduling strategy that incrementally modifies
the two schedules to guarantee functional correctness without
significantly losing the performance gains due to partitioning.
We illustrate this strategy using the following example.
Example 6: The schedules in Fig. 18 are rescheduled
upon detection of the indicated memory-access conflicts as
follows.
1) Each partition is given exclusive access to the memory
resource under contention. There are two scenarios possible based on the order in which this access is granted.
For each scenario, the schedule of one partition remains
unchanged, while the schedule of the other partition must
be modified to reflect the delayed access. The delay
is reflected in the schedule by introducing dummy primary inputs that arrive only when the conflicting memory access terminates in the other partition. Therefore,
memory accesses and operations in their dependence
fan-out are moved from their current states in the schedule to other states. This can possibly lead to resource
conflicts in those states, which lead to other operations
moved to new states. In our example, Fig. 19(a) reflects
this modification to the schedule of partition B through
the addition of inputs Ctrl1 and Ctrl2 that arrive after
the conflicting accesses complete in schedule A. Modified
schedule B defers the scheduling of accesses MR1a and
MR2 and all operations dependent on them to later states
as shown. Schedule A, however, remains unchanged.

Fig. 19. Steps involved in rescheduling for conflict-free memory accesses.

2) The schedules derived in the above step can introduce
new memory conflicts. In that case, we reapply the above
step to the modified schedules. For example, Fig. 19(a)
shows conflicts between memory access MR3b and MR2.
Reapplying step 1 results in the modification shown in
Fig. 19(b), which shows schedule A with a new control
input Ctrl3 delaying MR3b (schedule B remains unchanged now). Note, that since the initial transformation
can lead to a suboptimal schedule (+1 can be scheduled
with A4), we always perform incremental rescheduling
in conjunction with our transformation [50]. Incremental rescheduling removes suboptimalities by percolating
operations wherever possible and, thus, compresses the
schedule. This is shown in Fig. 19(c).

IV. E XPERIMENTAL R ESULTS
The techniques described in this paper were evaluated
within the framework of an existing ASIC design flow. We
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TABLE I
AREA, PERFORMANCE , AND ENERGY-DELAY PRODUCT COMPARISONS FOR THE ORIGINAL, ENHANCED , AND OPTIMIZED CIRCUITS

Fig. 20. Area, performance, and energy-delay product variations with
different partitions for FIR.

applied our algorithm to several benchmark behaviors and
were able to synthesize optimized circuits with multiple logicmemory partitions in each case. HLS of the input C behavior (with and without our techniques) was performed using
a tool called Cyber [51]. The resultant RTL implementation
was technology mapped using Design Compiler [52] with the
TSMC 0.25-µm standard cell-based library to obtain gatelevel netlists. The TSMC 0.25-µm Process Single-Port SRAM
Generator [44] was used for all the memory blocks in the experiments. Gate-level functional simulation was performed using
Synopsys VHDL System Simulator (SYNOPSYS VSS) and
Cyclone [52] simulators. Sequence Design’s integrated-circuit
power-estimation tools Watt Watcher and Peak Watcher [53]
were used to estimate the circuit power and energy consumption
in the full-simulation mode. Finally, layouts of the original and
optimized circuits were obtained using a suite of layout tools
from Cadence (Cadence Silicon Ensemble, IC, and LVD [54]).
The resulting gate-level circuits and layouts were compared
with respect to the following metrics: area, execution time, and
energy-delay product. These metrics were extracted from the
technology-mapped circuits and designer-provided testbenches.
The results obtained are summarized in Table I.
Of our benchmarks, Wavelet and Matrix were described
in Section II. Finite impulse-response (FIR) filter is a wellknown signal-processing benchmark. Motion is a behavior that
performs video compression during video-stream encoding.
YUV2RGB implements image conversion from the YUV mode
to RGB mode. Edge is a behavior performing edge detection
in images.

In Table I, major columns Circuit, Area, Execution Time,
and Energy × Delay represent the name of the behavior, area
(×103 µm2 ), performance expressed as the average execution time (millisecond), and energy-delay product (millijoule ·
second) for processing 4K bytes of results data, respectively.
Minor columns Orig., Enh., and Opt., respectively, represent
the original, enhanced, and optimized systems. The enhanced
system employs banked memory for data storage, and the
optimized system uses our proposed distributed logic-memory
architecture. Columns A.O., P.I., and Red. report the area
overheads, performance improvements, and the reduction in
energy-delay products, respectively, for the optimized system
over the original system. Area overheads include the effect of
replicating circuitry while partitioning physical memory, and
performance improvements include the effects of rescheduling
for conflict-free memory accesses across the partitions. A.O. is
compared with the area constraint to make sure the optimized
partition meets this constraint.
The results presented in Table I describe the best-performing
partitioned architectures found by our algorithm for a target
area constraint (20%) specified in each case. Two-way partitioned architectures were found for the first three examples,
four-way for Edge and YUV2RGB, and eight-way for Motion.
The latter applications have a high memory access to computation ratio and benefit from an increase in the number of
partitions. However, this trend is not reflected in all the cases.
For example, in FIR, the performance actually becomes worse
as the number of partitions is increased from 8 to 16. Fig. 20
shows how the area, execution time, and energy-delay product
vary as the number of partitions is increased. The performance improvements begin to diminish as the remote accesses
start dominating. The energy-delay product increases largely
when the execution time becomes longer. Eventually, the benefits of partitioning get outweighed by the communication
overheads.
The area overheads vary from 10.9% to 19.3% for those
examples. It includes the effect of laying out the complete
system with memory blocks and routing effects. The reduction
in energy-delay products by an average of 5.9× (up to 11.0×)
shows that the distributed logic-memory architectures are also
good based on energy-delay considerations.
A. Case Study: Effect of Other Memory Optimizations
Given a behavioral description, a designer can choose to
implement other memory optimizations in the context of an
HLS flow. We studied the effect of data buffering on the Motion
benchmark. We first briefly explain how motion estimation
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TABLE II
AREA AND PERFORMANCE COMPARISONS WITH AND WITHOUT DATA BUFFERING FOR THE ORIGINAL,
ENHANCED , AND OPTIMIZED CIRCUITS

is performed for clarity of exposition. Motion estimation is
the process of generating the motion vectors that determine
how each motion-compensated prediction frame is created from
the reference frame, in the context of video clips. Given two
related video frames (a current frame and a reference frame),
typically, each macroblock in the current frame is compared
with shifted regions of the same size from the reference frame,
and the shift which results in minimum error is selected
as the best motion vector for that macroblock. The motioncompensated prediction frame is then formed from all the
shifted regions of the reference frame. In terms of the memoryaccess pattern, data of the current macroblock are used for
comparisons against different shifted regions of the reference
frame.
Since we utilized SRAMs as main memories in our benchmarks, we use faster register files to buffer the macroblock
data. System performance can be potentially further improved
as follows: 1) the data of the macroblock are supplied from a
register buffer (local to the datapath), rather than being fetched
from the memory, thus decreasing expensive memory accesses;
2) the buffer is implemented using faster register files that have
shorter access latency than SRAMs for each data reference.
We implemented such a data-buffering scheme on top of the
original, enhanced, and optimized systems using the TSMC
0.25-µm process. The results are summarized in Table II.
The size of the macroblock is 16 × 16, which means 256
32-bit register files are used to buffer the entire macroblock
in the processing unit (for the original and enhanced circuits).
The conventional HLS implementation with data buffering
has an execution time of 427.6 ms (1.55× speed-up compared
to the conventional nonbuffering HLS solution), with a total
area of 2615.7 × 103 µm2 (8.9% overhead). As a comparison,
our distributed logic-memory architecture without data
buffering takes 124.5 ms (5.3× speed-up) with an area of
2865.7 × 103 µm2 (19.3% overhead). The performance of
our optimized circuit can be further improved by integrating a
separate buffer consisting of 256 registers into each subsystem
of the eight-way partitions. This results in the overall system
performance of 94.8 ms, which represents a 7.0× speed-up
compared to the conventional HLS implementation without
data buffering. However, the area overhead of this approach is
very large (205%), due to area-hungry register-file implementations. A possible alternative to reduce area overheads involves
buffering the macroblock partially. Such an architecture can
finely steer the tradeoffs between system performance and
total area.
In summary, our proposed distributed logic-memory architecture can be combined with other design improvements. The
designer can use his/her experience to determine what further
optimizations to employ.

V. C ONCLUSION AND F UTURE W ORK
In this paper, we proposed a methodology for HLS of distributed logic-memory architectures. Our methodology includes techniques for synergistic partitioning of the computations and data associated with critical loops in the behavioral description, followed by constrained scheduling and
resource sharing to result in the desired target architectures.
Experiments with several benchmarks in the context of a
state-of-the-art design flow demonstrated that the proposed
techniques achieve significant improvements in performance
under certain constraints. We believe that advanced HLS techniques, such as the ones proposed in this work, can bridge
the performance gap between RTL circuits generated by HLS
and expert manual designs, and will promote the adoption
of HLS tools in ASIC design flows for promising application domains, such as multimedia processing and network
processing.
Currently, we mainly focus on applications with do-all nested
loops with affine array indices. More complicated memoryaccess patterns, such as nonaffine loop indices, conditionals
inside loop body, and even nonlinear access patterns, will be
addressed in our future work. Since data duplication has an
unignorable effect on system performance (see Example 2
in Section II), our future work will consider the tradeoff of
performance against any possible overheads. Other design approaches, including heterogeneous distributed logic-memory
architectures and use of optimized custom-memory hierarchies,
are also possible.
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