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Time
(writing RTL is tedious 
and time-consuming)

Cost
(custom circuits are 

expensive to fabricate)

Design Effort
(efficient RTL requires 

digital design expertise)

Xilinx Zynq UltraScale+ FPGA Automatic generation of RTL from high-level language

High-Level 
SynthesisC/C++

RTLSystemC
OpenCL
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High-Level 
Synthesis

C/C++

Directives

RTLSystemC

OpenCL

Hints to optimize 
code locations

# Lines of Code

Many Directive Choices

Various Potential  
Directive Settings

Performance vs. Cost

Accelerator Design Space

Latency

Resource Cost

To use HLS, we need an intelligent and 
automated method to explore large design 

spaces quickly and accurately!



The Prospector Framework
• Multi-dimensional design space exploration
• Encoding of accelerator design space
• Directive placement and configuration
Prospector synthesizes efficient 
accelerators with Bayesian optimization
• Discovers pareto frontiers that balance 

performance and cost
• Outperforms prior search heuristics
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• Conclusions
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Place and Route

User must select and 
configure directives 
for code locations

Performance Resource Cost

How are these directives placed and configured?

High-level language description

Hardware description 
and implementation

High-Level 
SynthesisC/C++

Directives

RTLSystemC
OpenCL
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int M1[N], int M2[N], int prod[N];

x:for(x=0; x < ROW_SIZE; x += BLK_SIZE)
y:for(y=0; y < ROW_SIZE; y += BLK_SIZE)
i:for(i=0; i < ROW_SIZE; ++i)
k:for(k=0; k < BLK_SIZE; ++k)
i_row = i * ROW_SIZE;
k_row = (k + y) * ROW_SIZE;
tmp_x = M1[i_row + k + y];
j:for(j=0; j < BLK_SIZE; ++j)
mul = tmp_x * M2[k_row + j + x];
prod[i_row + j + x] += mul;

Set directives for 
blocked matrix 
multiplication
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int M1[N], int M2[N], int prod[N];

x:for(x=0; x < ROW_SIZE; x += BLK_SIZE)
y:for(y=0; y < ROW_SIZE; y += BLK_SIZE)
i:for(i=0; i < ROW_SIZE; ++i)
k:for(k=0; k < BLK_SIZE; ++k)
i_row = i * ROW_SIZE;
k_row = (k + y) * ROW_SIZE;
tmp_x = M1[i_row + k + y];
j:for(j=0; j < BLK_SIZE; ++j)
mul = tmp_x * M2[k_row + j + x];
prod[i_row + j + x] += mul;

Array Partitioning
(M1, M2, Prod)

[1, 2, 4, 8…]

Loop Unrolling
(x, y, i, k, j)

[1, 2, 4, 6, …]

Loop Pipelining
(x, y, i, k, j)

[0, 1, 2, .., 7]

Which Configuration 
Values?



Design Space Exploration

March 2020 Mehrabi, Manocha, Lee, Sorin / Duke University

Which locations?

Arrays: M1, M2, prod

Loops: x, y, i, k, j



Design Space Exploration

March 2020 Mehrabi, Manocha, Lee, Sorin / Duke University

Which locations? Which directives?

Array Partitioning

Loop Unrolling

Loop Pipelining

Arrays: M1, M2, prod

Loops: x, y, i, k, j
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Which locations? Which directives? Which configuration 
values?

Array Partitioning

Loop Unrolling

Loop Pipelining

Arrays: M1, M2, prod

Loops: x, y, i, k, j

[1, 2, 4, ..., 2x]

[1, 2, 4, ..., 2x]

[0, 1, 2, ..., 7]

HUGE Design Space to Explore
HLS and RTL implementation 

can be expensive
Kernel code can be complex 
(multiple arrays and loops)
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Each directive d represented with bitmap 
of L bits (D x L bits) for each location l

D directives, L code locations per directive

Each bit represents whether or not the 
location has the directive applied

Loop Unrolling
Loop Pipelining

Loops: x, y, i, k, j L = 5
D = 2

Unroll_ x
Unroll_ k
Unroll_ j 

Pipeline_ j

d1 = loop unrolling (b1 b2 b3 b4 b5)
d2 = loop pipelining (b1 b2 b3 b4 b5)

l1 = x l2 = y l3 = i l4 = k l5 = j

d1 = 10011 = 19 
d2 = 00001 = 1
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Each directive has a range of permissible 
values for configuration 

D directives, L code locations per directive

One parameter for each directive’s 
configuration value on each potential 
location

Loop Unrolling
Loop Pipelining

Loops: x, y, i, k, j
L = 5
D = 2

Unroll-x-value
Unroll-y-value
Unroll-i-value
Unroll-k-value
Unroll-j-value

Loop unrolling factor: 
e.g. [1, 2, 4, 6, .., 18]
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Each directive has a range of permissible 
values for configuration 

D directives, L code locations per directive

One parameter for each directive’s 
configuration on each potential location

Loop Unrolling
Loop Pipelining

Loops: x, y, i, k, j L = 5
D = 2

Unroll_x_value
Unroll_k_value
Unroll_j_value
Unroll_j_value
Unroll_k_value

Loop unrolling factor: 
e.g. [1, 2, 4, 6, .., 18]

Loop pipelining Initiation Interval:
e.g. [0, 1, 2, 3, .., 7]

Pipeline_x_value
Pipeline_k_value
Pipeline_j_value
Pipeline_j_value
Pipeline_k_value

Placement à D parameter values
Configuration à D × L parameter values
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Statistical technique to optimize black-box functions

Statistical Model Data Acquisition

Estimate f(x) output 
and uncertainty

Evaluate f(x) and 
update Gaussian 
Process model

Reduce uncertainty 
and refine estimates Gaussian Process Model and optimize objectives

!" = $%&'$""()* "

Select next input sample 

Balance Exploration vs. Exploitation
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Black Box 
FunctionHyperparameters

Bayesian Optimization

Output

HLS

Performance and Cost
(Latency, FPGA resource usage)

Encoded Directives
(Placement and Configuration Parameters)
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Benchmark Optimization 
Targets

Design Space 
Size (# Points)

fdtd-2d 4 loops 6561

2mm 4 loops, 1 array 15625

fft 9 loops, 3 arrays, 3 
functions, 2 allocs

36000

bbgemm 2 loops, 1 array 960

stencil-3d 2 loops, 1 array 960

heat-3d 4 loops 2304

Evaluation Methodology

March 2020 Mehrabi, Manocha, Lee, Sorin / Duke University

Latency vs.  {# LUTs # FFs # DSPs # BRAMs}Performance vs. Cost:

• Application kernels from PolyBench and
MachSuite benchmark suites

• Spearmint Bayesian Optimization with 
PESMO acquisition function 

• Xilinx Vivado HLS: synthesis of RTL from
high-level code

• Xilinx Vivado Design Suite: place-and-route 
and FPGA bitstream generation

• Xilinx Zynq UltraScale+ FPGA
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Pareto frontier: design points such 
that no other design improves one 
metric without harming another

performance 
worsens

cost increases

Reason about 
design trade-offs

Pareto frontier
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Performance/ cost trade-off: 
Latency vs. LUT Usage

fdtd-2d benchmark
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Prospector-2D after 100 
iterations

Points along Pareto frontier 
discovered in few iterations
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Goodness: average distance 
between all points from 
golden pareto frontier to 

closest point on discovered 
Pareto frontier

performance 
worsens

cost increases

d1

d4
X = avg (d1 + d2 + d3 + d4 + d5)

Golden Pareto frontier Discovered Pareto frotier

A good search algorithm 
results in a small x value

d2
d3

d5
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Prospector Outperforms Search Algorithms

Design 2D Pareto FFs LUTs DSPs Cycles (M)

1 Latency-DSPs 4,926 7,289 32 1.175

2 Latency-LUTs 2,927 5,048 32 1.185

3 Latency-FFs 3,199 5,151 32 1.204

Lower dimensional search will lead to sub-optimal design points

~40% fewer LUTs and FFs 
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Prospector reveals the most accurate Pareto frontierAlternative search heuristics are less accurate
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• Efficient accelerator design is time-consuming
• HLS can automatically produce RTL, but RTL quality is sensitive 

to directive placement and configuration
• Prospector offers a framework for accelerator design with HLS
• Multi-dimensional accelerator design space exploration
• Automatic placement and configuration of directives

• Prospector synthesizes efficient accelerators
• Efficiently discovers Pareto optimal design space points
• Outperforms efficiency of prior search heuristics

Conclusions
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Thank you!
atefeh.mehrabi@duke.edu
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