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Abstract— With the increasing cost of global communication on-
chip, high-performance designs for data-intensive applications re-
quire architectures that distribute hardware resources (computing
logic, memories, interconnectgetc) throughout a chip, while restrict-
ing 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. Con-
ventional HLS tools are capable of extracting parallelism from a be-
havior for architectures that assume a monolithic controller/datapath
communicating with a memory or memory hierarchy. This work
provides techniques to extend the synthesis frontier to more general
architectures that can extract both coarse- and fine-grained paral-

lelism from data accesses and computations in a synergistic manner.

has been explored in several different areas (e.g, high-performance pro-
cessors, 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. We restrict our
attention to memory optimization in the context of HLS, while acknowl-
edging selected references from other fields that have motivated our work.

Reducing the memory size to exactly fit application requirements re-
sults in area, access time, and power benefits. Hence, techniques to esti-
mate storage requirements from a behavior were proposed in [3], [4]. Be-
havioral transformation techniques to reduce memory requirements have
been described in [5]. The problem of mapping (or binding) arraysin be-
havioral descriptions to one or more memories in RTL implementations
has been addressed extensively in previouswork. SomeHL S systems map
arrays in the behavioral description into a single monolithic memory [6],

Our methodology selects many possible ways of organizing data and[7], [8], [9], while others take the opposite approach by mapping each ar-

computations, carefully examines the trade-offsi(e., communication

ray to a separate memory [10]. In general, neither extreme is the optimal

overheads, synchronization costs, area overheads) in choosing one sasolution, necessitating the use of amany-to-many mapping scheme. Tech-

lution over another, and utilizes conventional HLS techniques for in-
termediate steps.

We have evaluated the proposed framework on several bench-
marks by generating register-transfer level (RTL) implementations
using an existing commercial HLS tool with and without our enhance-
ments, 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
(upto 5.31X, average of3.45X) performance improvements over
well-optimized conventional designs with small area overheads (upto
19.3%, 15.1% on average).

I. INTRODUCTION

High-level synthesis (HL S) has been atopic of research for along time,
but has seen limited adoption in practice. We believe one of the key rea-
sons has been that the quality of designs synthesized by HLS tools do
not favorably compare against manual designs, given the wide range of
advanced architectural tricks that experienced designers employ. While
the basic concepts in HLS (e.g, scheduling and resource sharing tech-
niques) have been well established [1], [2], there is a need to extend the
capahilities of HLS by importing various advanced techniques employed
in the context of custom high-performance architectures. We explore one
such technique in this work, 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 ac-
cess 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

Severa techniques have been proposed to optimize memory architec-
tures for high performance and low power. Since memory optimization
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niques to reduce memory size while mapping multiple arrays to a single
memory under performance constraints are presented in [11], [12]. Tech-
niques for mapping multiple arrays to memories while reducing power
consumption are described in [13]. The library mapping problem for
memories, which consists of mapping generic memories to specific mem-
ory modules present in alibrary, Is addressed in [14], [15]. Architectural
exploration techniques for datapaths with hierarchical memory systems
are presented in [16]. The work in [17] proposes a polyhedral analy-
sis technique and an integer linear program (ILP) formulation to find the
optimal memory architecture for a given performance constraint. Mem-
ory binding techniques for control-flow intensive behaviors are presented
in[18]. All the works described above are restricted to static arraysin be-
havioral descriptions. Memory optimizations for more complex abstract
datatypes, and dynamically allocated memory, are described in[19], [20].
Comprehensive data transfer and storage exploration methodol ogies that
address most of the sub-problems described above, have been devel oped
inthe DTSE and ATOMIUM projects[21], [22]. Our work iscomplemen-
tary to most work on memory optimization during HLS, since it explores
the partitioning of arrays (which are considered to be atomic in most of
the above efforts) into smaller partitions, and does so in a manner that is
synergistic with the partitioning of computations.

It bears mentioning that a significant body of research exists on func-
tional partitioning of designsfor HLS (see [23] for agood survey). These
techniques typically focus on deriving irregular partitions. Our work fo-
cuses on regular partitions, by examining critical loops and deriving com-
putation partitions through a tiling of the loop iteration space. Further,
previous functional partitioning techniques perform computation parti-
tioning 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 micropro-
cessors, parallel processing and distributed systems, and custom signal
processing architectures, and attempts to adapt these techniques and in-
tegrate 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 [24], [25], [26], [27]. In distributed systems, the
high communication cost between processing elements has led to the de-
velopment of techniques to partition computations and data to balance
load and maximize performance [28], [29], [30], [31].
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Fig. 1. Waveletesign : (a) C Behavior, (b) CDFG representation, and (c) atwo-way distributed |ogic-memory architecture

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 HL S algorithms. Hence, we believe that existing HLS
flows can be easily adapted to take advantage of our techniques. Conven-
tional HLS tools result in controller/datapath implementations that com-
municate with a monolithic memory, or at best a banked or hierarchical
memory organization. We demonstrate that joint partitioning of the be-
havior's computations, and data that they operate on, results in architec-
tures with superior performance characteristics. We also demonstrate that
exploiting the performance improvement potential of distributed logic-
memory architectures requires a systematic methodology to explore the
complex tradeoffs involved. We propose an enhanced HL S flow that in-
cludes techniques to perform automatic data and computation partition-
ing, 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 partition-
ing (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 par-
titions of the loop iteration space and the corresponding footprints in the
data space, co-ordinated scheduling of the individual partitions to elim-
inate memory access conflicts introduced due to parallel accesses, and
constrained resource sharing to result in distributed logic-memory imple-
mentations. We evaluate the proposed techniques using several exam-
ple benchmarks in the context of a commercial design flow, and demon-
strate that distributed logic-memory architectures can achieve significant
performance improvements (upto 5.31X, average of 3.45X) over well-
optimized designs generated by state-of-the-art HL S techniques.

Il. MOTIVATION: ILLUSTRATIONS AND ANALYSES

In this section, we illustrate the following issues using examples.

» Circuits designed using conventional HLS techniques are con-
troller/datapath implementations that communicate with a single
monolithic memory. For many applications, the use of banked mem-
ory or memory hierarchy eases data access bottlenecks to some ex-
tent. However, the performance gains are still inferior to what can
be obtained when data and computations are partitioned in an inte-
grated fashion (see Example 1).

» There are many possible ways of partitioning data and computa-
tions for a given circuit behavior. This means that the design space
of possible partitioned implementations can be very large. Exam-
ple 2 demonstrates that this design space necessitates many areaand
performance trade-offs 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 par-
tition or a solution in terms of area, performance, communication
overheads etc.

« Example 2 also point outs that scheduling for a distributed archi-
tecture requires existing HL S schedulers to be suitably enhanced to
guarantee functional correctness of the overall system.

Example 1: Consider the behavior shown in Fig. 1(a) that describes

a system implementing the discrete wavelet transform agorithm. 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 ¢rsnd, which isfinally 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. 1(b). Each node
in the CDFG corresponds to an operation in the behavior. For example,
node >> 5 in the CDFG corresponds to the computation z = i >>
1 in the behavior. M RO,...,MR4 and MWO,..., MW 4 represent
memory read and write operations. Solid (dotted) edges in the CDFG
represent data (control) dependencies between operations. A + (—) ona
control edge denotes true (false).

Conventional HLS techniques, when applied to this 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. 2(a).
While addition and subtraction operations in this schedule take two cy-
clesto 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. 2(a) shows a snapshot of simulating the resultant imple-
mentation using a 32 x 32 input image. The figure shows the schedule
of computations in an iteration, wherein four pixels of data are processed
in 38 cycles. Therefore, the steady-state performance of the circuit for
aopllying the wavelet transform algorithm to a 32 x 32 image is 9,728
cycles.

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. 2(b) shows the schedule for a system with two
memory banks such that odd and even columns of data are located in sep-
arate banks (distinguished by the shaded and non-shaded memory reads
and writes in the figure). Reads or writes to the banked memory can be-
gin two cycles after a previous memory operation. For a 32 x 32 input
Image, an iteration of wavelet now completes in 26 cycles, leading to a
faster execution time of 6,656 cycles (a reduction of 32% compared to
conventional HLS).

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 111, we can derive a high-
performance architecture, as shown in Fig. 1(c). The architecture has
three partitions (denoted A, B and C) with conventional HLS-style cir-
cuits (controller, datapath and memory are local to two partitions, while
the third partition has a controller and datapath). Data in array org are
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Fig. 2. Schedule snapshots for RTL implementations produced by (a) conventional HLS, (b) HL'S enhanced for memory banks, and (c) our algorithm

first distributed among the two partitions, as shown in Fig. 1(c), by parti-
tion C. The controller in partition C regulates the functioning of the entire
system and co-ordinates the individual schedules of the local controllers
in each partition. Fig. 2(c) shows the snapshot of each partition’s sched-
ule derived in a co-ordinated manner using the scheduling formulation
presented in Section I11-B.3. The controller in each partition then exe-
cutes its schedule on its local datapath, while reading/writing appropri-
ately from itslocal memory or remote memory (memory local to another
partition). For example, in the schedule for partition A, operations M W1
and MW?2 are local memory accesses (which take three cycles), while
MW 3b and MW 4b denote accesses to data stored in partition B (which
take four cycles). Once the controller in each partition terminates its exe-
cution, the controller in partition C schedules the output of data from each
local memory onto DATA.

The performance of the above system is better than both the conven-
tional HLS and banked HLS cases. The execution time for the wavelet
algorithm reduces to 3,584 cycles (2.71X and 1.86X speedups over the
corresponding numbers in conventional and banked HL S solutions). In
this way, the partitioned architecture of Fig. 1(c) distributes the available
resources efficiently and extracts significant parallelism from the given
behavior. B

The next example details the issues and trade-offs involved in deriving
agoodpartitioned implementation for a behavior.

Example 2: Figs. 3(a) and 3(b) show the main body of a behavior im-
plementing the standard matrix multiplication agorithm and the corre-
sponding CDFG representation, respectively. The behavior multipliesthe
elements of two matrices P and @, and stores the result in matrix R.
HLS of the behavior in Fig. 3(a) results in a scheduling of computations
as shown in Fig. 3(b). The schedule assumes a resource budget of (a) two
Wallace-tree multipliers and adders with multiply (add) taking four (two)
cycles, and (b) 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 x 32 matrices. The schedule takes 267
cycles to execute, leading to an overall execution time of 273,408 cycles
for multiplying two 32 x 32 matrices. If synthesis must now determine a
partitioned implementation that can better the above performance, it must
consider several possible ways of partitioning data and computations, and
evauate and compare each candidate based on suitable cost metrics (area,
performance, power, etc). While handling such a vast design space effi-
ciently is one problem, conventional HLS must be revamped to provide
solutions that can address the following issues.

o Consider Fig. 4(a) which describes a possible choice of divid-
ing matrices P, Q and R among two partitions A and B. P1
in the figure refers to data from the upper haf of matrix P
(P[1---N/2,1--- NJ), while R1 refersto data from the left quad-
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Fig. 3. (a) C behavior for Matrix, and (b) schedule snapshot for conventional HLS

rant of matrix R (R[1--- N/2,1-.- N/2]) (assume N iseven), and
so on. Data are organized among the two partitions so that parti-
tion A computes R1 and R2, while partition B computes R3 and
R4. Fig. 4(c) 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. 4(c) shows that the
schedule for computing R2 requires a local access (M R1) for an
element from P1 and aremote access (M R2b) for an element from
Q2. Likewise, the schedule for computing R3 makes a local access
(M R1) for an element from P2 and a remote access (M R2a) for
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Fig. 4. (&) One possible data distribution for a two-way distributed logic-memory architecture, (b) another possible data distribution, (c) schedule with memory access bottlenecks, and (d)
correct schedule with arbitration

an element from Q1. However, the schedule snapshots show that with communication).
these accesses happen concurrently and cannot be satisfied by the B
single-ported memory in each partition, leading to amemory access
bottleneck. Thus, schedules for each partition derived in isolation of
one another cannot guarantee functional correctness of the overall
system.

« A simpleway to overcome the memory access bottleneck seen above
is through the use of an arbiter to facilitate contention-free memory
accesses. For example, access M R2b in the schedule for computing
R2 proceeds by first requesting the arbiter to check with the con-
troller of partition B if such an accessisfeasible. If the arbiter finds
the memory ready to service such arequest, 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. 4(d), with handshaking between the par-
titions as indicated. The schedules are functionally correct and the

stem execution time for computing R2 and R3 with arbitration
is 75,624 cycles. Note that every memory access now requires an - computations
arbitration check and hence, the schedules of R1 and R4 also incor-
porate arbitration overheads and thus take 68,352 cycles. Therefore,
the overall execution time of this configuration is 143,976 cycles.

« While the use of arbitration as above facilitates functionally correct
schedules, it does not necessarily provide the best performing sched-
ules. For example, Fig. 5 shows the schedules derived for each par-
tition in a co-ordinated 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. Schedulesfor R1 and R4 are aso free of arbi-
tration overheads and complete in just 51,968 cycles. Therefore, the
overall execution time of this configuration is only 111,104 cycles.
Note that unlike multi-processor systems which must be capable of
executing many behaviors, ASIC designs require the system to be
capable of executing a single behavior. Therefore, a good schedul- Fig. 5. Co-ordinated schedules for the two partitions
ing algorithm for distributed logic-memory architectures should not
only provide functional correctness but also limit arbitration and

R4
computations

communication overheads. Such a framework is provided in Sec-  [||. METHODOLOGY AND ALGORITHMS
tion 1.
« If datareplication is possible, then partitioning must be able to factor In this section, we describe our methodology for synthesizing multi-

in area costs. The performance and area of the RTL implementation  partitioned architectures. Section I1I-A presents an overview of the pro-
change if we adopt the partitioning scheme presented in Fig. 4(b).  posed framework, while Section I11-B details the constituent steps.

Here, data from array P are made available to both the partitions.

Communication-free partitions are now feasible so that R1 and R3 A. Overview

are computed in partition A, and R2 and R4 are computed in par- Fig. 6 outlines the flow for synthesizing circuits with multiple logic-
tition B. The execution time of this configuration is 103,936 cycles. memory partitions from a given circuit behavior. The inputs to the frame-
Note that, while this partitioning choice delivers enhanced perfor- work also include the design constraints (area and resource constraints)
mance and is communication-free due to data replication, it comes as well as the parameters to the different optimization steps. The shaded
with area overheads (27.7% more area than the partitioning solution  portionsin the figureindicate steps where conventional HLSisapplicable.
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The agorithm 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 2-4 then perform integrated
computation and data partitioning for the targeted code. For a K-way
partition (where K can be specified), steps 3-4 consider candidate choices
of partitioning data and computations K -way in order to find a good set
]E)f”candidate partitions that can minimize the overall execution time as
ollows.

« Atiling of theiteration space (computations) requires some portions
of the array data space to be read from and written to. Therefore,
step 4afirst determinesregionsin different arrays (called footprint9
referenced by each tile.

« For agiven partitioning of the array data space, different portions of
the footprint can physically belong to different partitions. Regions
of afootprint 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 4b).

Partition space exploration in the above manner employs afast but rea-
sonably accurate estimation technique for computing the overall execu-
tion time. Based on the ranking of the partitioning candidates, the m best
solutions are selected (step 5) for further analysis. Details of these steps
are presented in Section I111-B.1.

Steps 6-10 now perform a fine-grained evaluation of each solution.
Step 6 first transforms the input behavior into communicating sub-
behaviors to enforce the partitions on data and computations as deter-
mined by a solution (see Section 111-B.2). Step 7 schedules the behavior
identified for each partition using aconventional HL Sscheduler. Sincethe
schedules derived in this step for communicating partitions can contend
for the same memory resource, step 8 performs an incremental reschedul-
ing of each schedule to enforce conflict-free memory accesses (see Sec-
tion 111-B.3). The overal performance of the system can now be calcu-
lated based on the expected number of cycles (ENC) of the co-ordinated
schedule (step 9). High-level area estimates are also obtained at this stage.
If areaconstraint is met, the framework exits successfully. Resource shar-
ing can now be performed on the co-ordinated schedule with the restric-
tion that no sharing is feasible between operations belonging to schedules
in different partitions.

B. Algorithms

In this subsection, we describe salient features of our algorithm. Sec-
tion 111-B.1 describes steps 4a-4bof the algorithm, while Sections|111-B.2
and 111-B.3 detail steps 6 and 8.

B.1 Footprints, partitions and their costs

We first present the basic notation and terminology introduced in [28]
to describe iteration space tiles, array references and basic footprintsin a
behavior with an example.

Example 3: Consider the two-level nested 'OEE’ below, where, the ar-

ray reference in the loop body is given by A[g (7

for(iv =0,i1 < N,i1 + +)
for(iz = 0,_?2 < N,iz ++)
FAZOD;

Let the index function 7 (7) be affine with 7 =

words, let § = 7G + @ with G = ( gunogiz ) o
g21  g22

where G isa2 x 2 matrix with integer entriesand @ is the offset vector,

an integer constant vector of length 2.

Consider atiling of the iteration space such that the basic tile at the
originisaparallelogram given by matrix L* below (any semi-open hyper-
parallelopiped can be represented in this manner [28]). The row vectors
of L™ are vertices of the basic tile.

(I
L = * *‘
< I3 15
Since footprints are regions of the array data space accessed by atile,

we can now determine the basic footprintmatrix mapped by L* for the
reference A[ 7 (7)] asfollows,
* * _ lIlgll + l1(2.921
Di= L' xG= ( 131911 + 132921
_(dn di
dy1  d3p
[ |
The basic footprint determined in [28] 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 pat-
ternsinfluenceinter-partition communication. Weillustrate our procedure
for determining the desired regions using the following example.
Example 4: Matrix D™ in Example 3 defines the position and size of
the basic footprint at the origin in the data array space shown in Fig. 7.
Since the row vectors of D* form abasis for the footprint, all the vertices

of thefootprint are simply linear combinations of the row vectors. In other
words, they are given by set F'P~ below.

FP" ={(0,0), (d71,d12), (d31,d32), (di1 + d31,d7> + d35)}

In order to incorporate the effect of offset vector ? consider Fig. 7.
The actual footprint due to the array reference A[?( )] (denoted F'Py)
is a displacement of the basic footprint as shown. Then F'P; is given by

FP = {oil, o3, 013,014}
= {(alaa2)7(dil +a1,d’{2+a2),(d§1 +a1,d§2+a2),
(diy +d31 + a1, di; + dsp + as)}

(il, Zz) In other

(a1,a2)

liig12 + 112922
151912 + 152922

A
5
Via
°,
Vis
FP*/ |
FP,
~ -
_a;(a 15 Vi3
1

(0,0) >

Fig. 7. Basicfootprint F'P* and footprint F' Py

For a given K-way tiling of the iteration space, al tiles are displace
ments of a basic tile through offset vectors {p?,: = 1,2,..., K}.
order to find the footprints a$OC|ated with each tile, consider atlleL as—
souated with an offset vector pt = (pi1, pi2) from the basic tile L. Any

point 7= = (41,142) in L™ accesses memory data at locations given by
TG+ @
The corresponding point T+ Pt initeration tile L accesses the mem-
ory data at

(7T +P)G+@=(7G+ @)+ PG



The above expression shows that the footprint of atile L; has (a) shape
and sizeidentical to the basic footprint, and (b) isassociated with an offset
vector gt = PG = (qi1, gi2) inthe array dataspace. Thus, for any F P,
the vertices of the footprint can be computed by adding the offset vector
¢ to the vertices of the basic footprint £ P*.

= {0+ @B+ T, 08+ 7,00 + T}

= {(a1 4 g1, a2 + qi2), (di1 + a1 + qir, dis + a2 + qi2),
(d51 + a1 + qi1, d5o + a2 + qi2),
(diy +d31 + a1 + i1, diy +d3y + a2 + qi2)}

In this way, for a given K-way tiling of the iteration space, we can
determinetheregions {FP;,i = 1,2, ..., K} corresponding to the foot-
prints due to all thetiles. B

The footprints determined above demarcate the different regions of the
array accessed by the behavior. In apartitioned architecture, each partition
is associated with afraction of each array and, hence, different fragments
of afootprint. The best partitioning choice would, therefore, maximize
the area of afootprint that lieswithin the local memory to minimize inter-
partition communication. We can formulate a cost function to evaluate a
partitioning choice using the following example scenarios (assume that a
partition takes o cycles for a single read/write to its local memory and 3
cycles for the corresponding operation to the remote memories).

« If footprint F'P; (corresponding to loop tile L;) completely liesin
data partition P;, al the data accesses for iteration space L; can be
satistied by the local memory in subsystem iBecause the footprint
sizeis approximately the number of memory accesses, we have the
cost of memory access for loop tile L; as the following.

cost; = a X area(FP;NP;) = a x area(FP;)

Fig. 8. Footprint F'P; and the memory partitions

o If footprint F'P; partidly liesin data partition P; asshownin Fig. 8,
all the data accesses for iteration space L; cannot be satisfied by
the local memory in subsystem iThe overlapping area of footprint
F P; and data partition P;, which approximately represents the local
memory accesses, is given by

local_acc(F P;) = area(FP; N P;)

The remote accesses are given by the sum of the remote accesses
made to partitions P;_; and P; 1. In other words,

remote_acc(FP;) = area(FP;,NP;_1) + area(FP,NP;11)

Therefore, the estimated cost for the given choice of array partition
and iteration tile is given by

a x area(FP;NP;)

+8 x (area(FP,NP;_1) +area(FP,NP;11))

=  «a x local_acc(FP;) + B x remote_acc(F P;)

cost; =

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

K
Total Cost = Z cost;
=1
Since the vertices of afootprint are known and the partition is given, the

intersection region and its area can be computed from well-known tech-
niques in computational geometry [32].

The cost function can now be formulated for the general case. Assume
we have (a) a K-way partitioning of the system with the iteration space
divided into K tiles given by {L;,i = 1,2,..., K}, (b) aset of data
arrays { Array,,v = 1,2,...,V}intheorigina system, and (c) aset of
data references {_i)Guv +an,upy = 1,2,...,U,} for each Array, in
the nested loop. Let FPi(“”) (associated with loop tile L;) represent the
footprint of data reference ?Guv + @, todataarray Array,. Thenthe

cost of accessing footprint FPi(“”) by L; isgiven by
cost}’ = a X local_acc(FPi("”)) +8x remote_acc(FPi("”))

Therefore, the total cost of this partitioned system is

K V U
Total Cost = Z Z Z Costl(“”)

i=1 v=1 u,=1

In [28], cumulative footprints are introduced to aggregate footprints
of auniformly 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 digoint as in our approach to compute local and
remote accesses |eads to more accurate cost estimates.

B.2 Behavioral Transformations for Computing Partitions’ Schedules

A candidate partition selected by step 5 can be further analyzed, once
its effects are incorporated in the original behavior. The necessary trans-
formations to prepare scheduler-ready behaviors corresponding to each
partition areillustrated in Fig. 10 for Wavelet Fig. 10(a) shows the mod-
ified behavior with sub-behaviors identified for two partitions, PARTI-
TION_A and PARTITIONB, according to loop tiles given by regions
LA = {(0a0)7(N/2 - 1a0)7(07N - 1))(N/2 - 17N - 1)} and
L B= {(N/270)7 (N - 170)7 (N/27N - 1)7 (N - laN - 1)}

The array references in each sub-behavior must also be modified to
indicate whether it is alocal or remote access. Therefore, we transform
every array reference as shown in Fig. 10(b) to first incorporate the ef-
fect of accesses to data located in the memories of different partitions. If
P1 and P2 are the partitions on trsnd and F P1 is the footprint corre-
sponding to L_A for reference trsnd[ADR(z,y + H_SIZE)], then we
include array index checks as shown. Now, the annotations can be cor-
respondingly changed for HLS to operate correctly. Local access in the
figure is denoted A/ W3 and remote access becomes MW 3b. Note that
inthiscase, FP1 N P1 isnull. Hence, the corresponding statements can
be eliminated. In this way, we can modify the different array references
in each sub-behavior of Waveleto obtain Fig. 10(c).

From @ten@ From
++J__,_—' N e Spo ++1

Original CDFG

Schedule A Schedule B

Fig. 9. Partitioned schedules and conflicts between memory accesses

B.3 Rescheduling for Conflict-free Accesses

When schedules are derived by conventional HLS for the CDFGs cor-
responding to each sub-behavior (identified through the techniquesin Sec-
tions 111-B.1 and I11-B.2), they can contend for access to the same mem-
ory resource in any state. Fig. 9 shows an example CDFG that has been
bi-partitioned 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 M R1 in schedule A and a remote access M Rla in schedule B.



#i fdef PARTITION_A
#define PARTI TION_A
for(j=0; j<N j+=2){ /1<1,
for(i=0; i<N2; i+=2){//<2,
A=or g[ ADR(i ,j)1; /1AL,
B=org[ ADR(i +1,j)1;
C=or g[ ADR(i,j +1)];
D=or g[ ADR(i +1, j +1)];
P=A+B+C+D;
Q=A-B+C-D,
R=A+B- C- D;
S=A-B- C+D;

#i fdef PARTITION_A
#define PARTITION_A
+1
+2
M1
A2,
A3,
+4,
+6,
-2

/1+3,
11 +4,
/1+3,
11+5,
ll-1, .
11+5, +6,
/-1, -2,

MR2
MR3
A4, MRA
+7
+8
-3
-4

for(j=0; j<N j+=2){//<1, +1
for(i=0; i<N2; i+=2){//<2, +2

if (ADR(x, y+H SI ZE) in intersect(FP1, P1))
trsnd[ ADR(x, y+H_SI ZE)] =HL; // +10, A7, M\Ba
i f(ADR(x, y+H_SI ZE) in intersect(FP1, P2))
trsnd[ ADR(X, y+H_SI ZE)] =HL; / / +10, A7, MABb

#i fdef PARTITION_A

#define PARTI TI ON_A

for(j=0; j<N, j+=2){//<1, +1
for(i=0; i<N2; i+=2){//<2, +2

trsnd[ ADR(X, y)]=LL; //A5, MAL

trsnd[ ADR(x+H_SI ZE, y)] =LH, / / +9, A6, MA2
trsnd[ ADR(x, y+H_SI ZE)] =HL; // +10, A7, MABb
trsnd[ ADR( x+H_SI ZE, y+H _SI ZE)]; // +9, +10

x=i >>1; y=j >>1; 11>>5, >>6

s

11 A8, MMb

LL=P>>2; LH=Q>>2;
HL=R>>2; HH=S>>2;
trsnd[ ADR(X, y)]=LL; //A5, MAL

11>>1, >>2

11>>3, >>4 P1

1}
#endi f
#i fdef PARTITION_B

N2

trsnd[ ADR(x+H _SI ZE, y)] =LH, / / +9, A6, MR
trsnd[ ADR(x, y+H_SI ZE) ] =HL; / / +10, A7, MA@
trsnd[ ADR( x+H_SI ZE, y+H_SI ZE)] ; // +9, +10

P2

#defi ne PARTI TI ON_B
for(j=0; j<N, j+=2){//<1, +1
for(i=N2; i<N i+=2){//<2, +2

FP1 N 4

N 4

———

11 A8, MM trsnd[]

4

trsnd]
trsnd[ ADR(x, y)]=LL; //A5, MMa

1}
#endi f #ifdef PARTITION A

#define PARTI TION_A

#i f def PARTI TI ON_B

#def i ne PARTI TION_B

for(j=0; j<N, j+=2){ 11<1, +1
for(i=N2; i<N i+=2){//<2, +2

1}
#endi f

1}
#endi f

for(j=0; j<N j+=2){//<1, +1
for(i=0; i<N2; i+=2){//<2, +2

trsnd[ ADR(x+H_SI ZE, y) ] =LH; // +9, A6, MA2a
trsnd[ ADR(x, y+H_SI ZE)] =HL; / / +10, A7, M\B
trsnd[ ADR(x+H_SI ZE, y+H S| ZE)];// +9, +10
11 A8, MM
1}
#endi f

@

(b)

(©

Fig. 10. Waveletwith (a) loops partitioned, (b) references modified and re-adjusted to introduce remote and local accesses, and (c) fully partitioned

While it is possible to compute the union of the two schedules and ex-
tract valid schedules for partitions A and B, such an approach is computa-
tionally inefficient. Therefore, we use a rescheduling strategy that incre-
mentally 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 5: The schedulesin Fig. 9 are rescheduled upon detection of
the indicated memory access conflicts as follows.

1. Each partition is given exclusive access to the contended memory
resource. 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 parti-
tion 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 contlicting memory access terminates in the
other partition. Therefore, memory accesses and operations in their
dependency fan-out are moved from their current statesin the sched-
ule 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. 11(a) reflects this modification to the schedule of
partition B through the addition of inputs C'trl1 and C'tri2 that ar-
rive after the conflicting accesses complete in schedule A. Modified
schedule B defers the scheduling of accesses M R1a and M R2 and
all operations dependent on them to later states as shown. Schedule
A, however, remains unchanged.

. The schedules derived in the above step can introduce new memory
conflicts. In that case, we re-apply the above step to the modified
schedules. For example, Fig. 11(a) shows conflicts between mem-
ory access M R3b and M R2. Re-applying step 1 resultsin the mod-
ification in Fig. 11(b) which shows schedule A with a new control
input Ctri3 delaying M R3b (schedule B remains unchanged now).
Note that since the initial transformation can lead to a sub-optimal
schedule (41 can be scheduled with A4), we always perform incre-
mental re-scheduling in conjunction with our transformation [33].
Incremental re-scheduling removes sub-optimalities by percolating
operations wherever possible and, thus, compresses the schedule.
Thisis shown in Fig. 11(c).

IV. EXPERIMENTAL RESULTS

The techniques described in this paper were evaluated within the
framework of an existing ASIC design flow. We applied our algorithm
to several benchmark behaviors and were able to synthesize optimized
circuits with multiple logic-memory partitions in each case. HLS of the
input C behavior (with and without our techniques) was performed us-
ing a tool caled Cyber[34]. The resultant RTL implementation was
technology-mapped using Design Compilef35] with the TSMCO0.25 mi-
cron standard cell-based library to obtain gate-level netlists. The TSMC
0.25um Process Single-Port SRAM Genera{®@6] was used for al the
memory blocks in the experiments. Gate-level functional simulation

was performed using SYNOPSYS VSfd Cyclone[35] simulators. Fi-
nally, layouts of the original and optimized circuits were obtained using
a suite of layout tools from Cadence (CADENCE Silicon Ensemhl¢C
and LVD [37]). The resulting gate-level circuits and layouts were com-
pared with respect to the following metrics: areaand performance These
metrics were extracted from the technol ogy-mapped circuits and designer-
provided testbenches. The results obtained are summarized in Fig. 12(a).

Of our benchmarks, Waveletand Matrix were described in Section I1.
Finite impulse response (FIR) filter is a well-known signal processing
benchmark. Motionisabehavior that performs video compression during
video stream encoding. YUV2RGBimplements image conversion from
the YUV mode to RGB mode. Edgeis abehavior performing edge detec-
tion in images.

In Fig. 12(a), major columns Circuit, Areaand Performanceepresent
the name of the behavior, area (x 10° DBU?) and performance expressed
as the average execution time for processing 4K bytes of results data,
respectively. Minor columns Orig and Opt, respectively, represent the
original and the optimized partitioned systems. Columns A.O. and Pl.
report the area overheads and performance improvements, respectively.
Area overheads include the effect of replicating circuitry while partition-
ing physical memory, while performance improvements include the ef-
fects of rescheduling for conflict-free memory accesses across the parti-
tions. A.O. is compared with the area constraint to determine the opti-
mized partition.

The results presented in Fig. 12(a) describe the best performing par-
titioned architectures found by our algorithm for a target area constraint
(20%) specified in each case. Two-way partitioned architectures were
found for thefirst three examples, four-way for Edgeand YUV2RGBand
eight-way for Motion. The latter applications have a high memory access
to computation ratio and benefit from an increase in the number of parti-
tions. However, this trend is not reflected in all the cases. For example,
in FIR, the performance actually becomes worse as the number of par-
titions is increased from 8 to 16. Fig. 12(b) shows how the performance
and area vary as the number of partitions is increased. The performance
improvements begin to diminish as the remote accesses start dominating.
Eventually, the benefits of partitioning get outweighed by the communi-
cation overheads. The area overhead varied from 10.9% to 19.3% for the
examples. It includes the effect of laying out the complete system with
memory blocks and routing effects.

V. CONCLUSIONS

In this paper, we proposed a methodology for HL S of distributed logic-
memory architectures. Our methodology includes techniques for syner-
gistic 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. Experi-
ments with several benchmarks in the context of a state-of-the-art design
flow demonstrated that the proposed techniques achieve significant im-
provements 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
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Fig. 11. Stepsinvolved in rescheduling for conflict-free memory accesses
Execution time Area
(ms) (x10° DBU)
Area(x10°DBU?) Execution time (ms) 30001 A
Circuit Orig. [ Opt. [AO. (%) Orig. | Opt. | PL Execution time 7 Lsoo
Wavelet || 353,499 | 399,807 131 23347 86.01 | 2.71X
Matrix 527,204 | 584,669 10.9 1312358 | 5,332.99 | 2.46X 20001 400
FIR 234,316 | 269,698 151 3,002.09 | 1,47161 | 2.04X
Edge || 209,338 | 246391 | 17.7 137639 | 305.18 | 451X . %0
YUV2RGB|| 329,697 | 377,833 14.6 147475 | 40516 | 3.64X | 200
Motion || 240,209 | 286,569 19.3 661.12 12450 | 5.31X
Original 2-V\Ilay 4-wlay 8-vs;ay 16-way

(b)

Fig. 12. (a) Areaand performance comparisons for the original and optimized circuits, and (b) performance and area variations with different partitions for FIR

expert manual designs, and will promote the adoption of HLS tools in
ASIC design flows for promising application domains such as multime-
dia processing and network processing.
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