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The year 2011 marked an important transition for FPGA high-level synthesis (HLS), as it went from prototyp-
ing to deployment. A decade later, in this article, we assess the progress of the deployment of HLS technology
and highlight the successes in several application domains, including deep learning, video transcoding, graph
processing, and genome sequencing. We also discuss the challenges faced by today’s HLS technology and the
opportunities for further research and development, especially in the areas of achieving high clock frequency,
coping with complex pragmas and system integration, legacy code transformation, building on open source
HLS infrastructures, supporting domain-specific languages, and standardization. It is our hope that this article
will inspire more research on FPGA HLS and bring it to a new height.
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1 INTRODUCTION

The year 2011 was an important milestone for FPGA high-level synthesis (HLS) technology.
Early that year, Xilinx, the largest FPGA provider, completed the acquisition of the startup
company AutoESL Design Technologies Inc., whose HLS tool AutoPilot was showing increasing
adoption by FPGA customers worldwide. Late that year, IEEE Transactions on Computer-Aided
Design published a keynote paper entitled “High-Level Synthesis for FPGAs: From Prototyping to
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Deployment” [1]. Using AutoPilot as the main example, the paper highlighted the progress of the
HLS community in multiple dimensions, including (i) robust support of C/C++-based synthesis
(AutoPilot was the first HLS tool that built upon and extended the then-nascent LLVM compiler
infrastructure [2], which received wide adoption later on); (ii) a platform-based approach, which
provided detailed modeling of various building blocks on an FPGA and integration with FPGA
vendors’ IP libraries; (iii) advances in core synthesis and optimization, such as the use of the
scheduling algorithm based on the system of difference constraints (SDC) [3, 4] and memory
optimization [5]; and (iv) an integrated simulation and verification. Moreover, the paper reported
detailed benchmark results of AutoPilot on multiple real-life examples by both BDTI [6] and Xilinx.
The first benchmarking example was an implementation of the optical flow algorithm carried out
by BDTI. Its result showed that on comparably priced consumer-grade FPGA and DSP targets, the
AutoPilot implementation achieved an approximately 30 times better throughput per dollar than
the optimized DSP implementation. For the amount of source modification, BDTI rated the DSP
processor implementation “fair, whereas it rated the AutoPilot implementation “good,” indicating
that less source code modification was necessary to achieve high performance with AutoPilot.
The second benchmarking was carried out by Xilinx on a sphere decoder implementation for
a multi-input multi-output (MIMO) wireless communication system with about 4,000 lines of
C code. Compared to expert-level manual RTL designs, AutoPilot used fewer resources while
meeting the same performance target (225 MHz on a Xilinx Virtex-5 FPGA).

Encouraged by these results, the FPGA industry rolled out the HLS tools in the subsequent
years. Xilinx introduced its C/C++-based HLS tool derived from AutoPilot in 2012 as Vivado
HLS [7, 8] (and renamed it to Vitis HLS in 2019). Altera first introduced an OpenCL-based HLS
tool named Altera SDK for OpenCL in 2013. After Intel’s acquisition of Altera, Intel also offers
a C++-based HLS tool named HLS Compiler [9]. HLS-based design methodology has been widely
adopted, as evidenced by a large number of research publications in many fields, such as machine
learning (ML) (e.g., [10-22]), bioinformatics (e.g., [23-28]), data processing (e.g., [29-32]), graph
processing (e.g., [33]), image processing (e.g., [34, 35]), networking (e.g., [36]), scientific comput-
ing (e.g., [37-42]), security (e.g., [43]), and video processing (e.g., [44]).

In this context, it is timely to take a holistic view of the recent developments in the field of
FPGA HLS. There have been several prior efforts that survey a comprehensive set of existing
FPGA HLS tools, the associated programming models, as well as the underlying synthesis and
optimization techniques [45-48]. In this article, we focus on assessing the progress of the deploy-
ment of HLS technology in the past decade (10 years after the predicted transition from prototyping
to deployment as proclaimed in earlier work [1]) and laying out a road map for further innovation.
First, we highlight the successes of HLS in several important application areas, including deep
learning (Section 2.1), video transcoding (Section 2.2), graph processing (Section 2.3), and genome
sequencing (Section 2.4). Then, we discuss the challenges faced by the HLS technology and the op-
portunities for further research and development, especially in the areas of achieving high clock
frequency (Section 3.1), coping with complex pragmas and system integration (Section 3.2), legacy
code transformation (Section 3.3), support domain-specific languages (DSLs) (Section 3.5), and
the recent effort on open source HLS infrastructures (Section 3.4). It is our hope that this article
can inspire more researchers to bring the HLS technology to a new height.

2 SUCCESSES

There are many successful FPGA applications and deployments using HLS, and it is not an easy
job to select a few to highlight. After considerable deliberation, we chose the following four appli-
cations. The first application is deep learning (Section 2.1): this is one of the most active research
areas for FPGA acceleration. We shall showcase some recent progress on ultra-low-bitwidth design
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and implementation for deep learning acceleration. The second is video transcoding (Section 2.2):
this is an area with considerable commercial success. We will highlight a real-time high-definition
and high video quality HEVC [49] encoder built by NGCodec [50], which was acquired by Xilinx in
2019. The third application is graph processing (Section 2.3): this is a challenging application with
highly irregular memory accesses and varying computation patterns. We will present the latest
progress on this topic. The fourth is genome sequencing (Section 2.4): this is an important appli-
cation in bioinformatics that has been accelerated on both FPGAs and GPUs. We use it as a case
study to explain why FPGAs can outperform GPUs on many applications despite the considerably
lower clock frequency in FPGA designs. The following sections give more details.

2.1 Deep Learning

In the past decade, deep learning has shown great success in many application areas, such as image
recognition, video surveillance, and natural language processing. Hardware acceleration of deep
learning inference has received much attention. One of the earliest, also probably the most cited
FPGA-based deep learning accelerator, was published in early 2015 [10] based on the HLS technol-
ogy to accelerate multi-layer convolutional neural networks (CNNs), which is the computation
kernel for most deep learning applications. The whole system was implemented in a single Xilinx
Virtex-7 485T FPGA chip and used a DDR3 DRAM for external storage. A MicroBlaze, an RISC
soft processor core developed for Xilinx FPGAs, was used to assist the accelerator startup, com-
munication with the host CPU, and time measurement, and so forth. An AXI4lite bus was used
for command transfer, and another AXI4 bus was for data transfer. The CNN accelerator worked
as an IP on the AXI4 bus. This work was significant in several ways. First, using HLS, it was able
to explore more than 1,000 accelerator configurations under the roof-line model and converge to
a solution that is optimized both for computation and communication. Second, using HLS, one
graduate student carried out the implementation in less than 6 months, ahead of the release of
Google’s TPU [51], an ASIC accelerator of deep learning, by a much larger design team. Third, it
demonstrated close to a 5X speedup and a 25X energy reduction compared to a 16-thread CPU
implementation. Inspired by this result, a large number of innovative deep learning accelerators
were designed on FPGAs, and many of them were implemented with HLS using C++ (e.g., [52-54])
or OpenCL (e.g., [55-57]). We highlight two of the recent efforts in the rest of this section.

2.1.1  FINN. The underlying arithmetic of deep neural networks (DNNs5s) is structurally sim-
ple; however, their computational workload is enormous and comes along with equally challenging
memory demands for storing and accessing the vast amount of model parameters associated with
trained networks.

A feasible and promising approach to satisfy the cost and power constraints of a wide range of
application domains is the quantization of inputs, activations, and model parameters to a reduced
numerical precision. The resulting reduction in computes and memory requirements provides a
range of design alternatives, allowing increased throughput and power savings to be balanced
against a reduced accuracy. In some cases, quantized networks can also generalize better than
non-quantized networks. FPGAs are ideal devices for exploring and building low-precision DNN
inference engines. Given their bit-level customizability, FPGAs allow fine control over numerical
precision in different parts of a system.

The FINN project [58] focuses on leveraging FPGA reconfigurability to map reduced-precision
DNNs onto Xilink FPGAs. This mapping is a direct mapping, where a specific network is im-
plemented employing a dedicated composition of Sliding Window Units (SWUs), Processing
Elements (PEs), and Matrix-Vector-Threshold Units (MVUs), as shown in Figures 1 and 2.
This direct mapping results in a dedicated implementation of the network at hand, leveraging the
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Fig. 2. SWU and MVU block diagram.
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FPGA programmability using HLS. In this approach, all layers of the DNN model are implemented
concurrently in a dataflow style, where often all weights are stored on-chip. In this architecture,
different layers in a quantized neural network can be readily implemented with different preci-
sions. In addition, the latency/throughput tradeoff for different layers can be tuned, enabling the
processing rate of different layers to be well matched. The resulting large design space for indi-
vidual layers is implemented by automatically configuring a library of kernel functions combined
into a dataflow pipeline, as illustrated in Figure 3.
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The FINN tool is implemented as an ML-specific HLS system. The input to the FINN tool is a
quantized neural network description created in PyTorch using the Brevitas library [59], exported
as an ONNX representation. The FINN front-end creates a dataflow graph model of an ML network
from the quantized neural network representation, given in ONNX. It then optimizes the graph,
applying transformations that enable more efficient implementation of the network in terms of
the available kernel functions. FINN then computes implementation parameters for each node in
the graph so that the execution time of each layer is roughly the same, resulting in an efficient,
balanced pipeline. The implementation parameters are also chosen to maximize performance given
the resources available in a particular device. Each node is then implemented by synthesizing
the corresponding templatized C++ code (consisting primarily of pipelined loops) with Vivado
HLS. The FINN framework generates the HLS source code, using loops with UNROLL pragma
and initiation interval (II) = 1. As a result, the user does not write or optimize HLS code directly.
Some examples of the code can be found in GitHub [60]. The combined network can then be placed
and routed into a design specialized for the original network.

The ability to optimize multiple processes in a dataflow model together provides the opportunity
to automatically support a wide range of implementations with minimal user guidance, based on
the ability to characterize the area/throughput tradeoff of the kernel functions. Many ML systems
focus on the implementation of large, high-precision networks; however, FINN tends to focus on
implementing quantized networks with very high throughput. Smaller networks can be completely
unrolled and pipelined to the point where the complete network is evaluated every clock cycle
(IT = 1), resulting in more than 200M inferences per second and nanosecond-scale latencies in
modern FPGAs. This capability, supported by HLS, has the potential to enable the use of ML in a
wide variety of very high rate data processing systems. A related approach is taken in the ongoing
work with hls4ml [61].

2.1.2  FracBNN. The previous discussions mainly focused on efficient implementations of ex-
isting ML models/networks on the FPGA. However, the FPGA hardware has unique advantages
such as efficient support for bit-level operations and customizable memory hierarchies. Besides
the quantization technique discussed in Section 2.1.1, these advantages also allow us to design
FPGA-specific ML models. Here we present a case study of an algorithm-hardware co-design of
the ML model tailored to the FPGA fabric.

There has been significant interest in accelerating deep learning applications on the FPGAs us-
ing binary neural networks (BNNs). Since BNNs have 1-bit weights and activations, common op-
erations such as convolutions are simplified into bitwise operations. These bitwise operations can
be efficiently implemented on the FPGAs using the lookup table (LUT)-based logic. BNNs also
reduce the memory requirement, making them one of the popular choices for an FPGA-based
acceleration. Existing FPGA-based BNN implementations suffer from relatively low accuracy due
to the reduced numerical accuracy. In addition, existing BNN models commonly use floating-point
weights and activations in the input layer, leading to reduced resource efficiency because the
floating-point resources cannot be reused with other layers. FracBNN [22] addresses these two
challenges by (i) exploiting fractional activations to substantially improve the accuracy of the
BNNs and (ii) binarizing the input layer using a novel thermometer encoding that retains high
accuracy.

Specifically, FracBNN employs a dual-precision activation scheme where an additional binary
convolution is computed if the particular convolution layer is likely to affect the final accuracy
in a significant way. This is done by using a learnable threshold on the population count of the
first binary convolution applied on the most significant bit of the activation. To binarize the input
layer without significantly losing the accuracy, FracBNN increases the number of channels in the
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Fig. 4. FracBNN accelerator architecture.

input layer by treating each 8-bit pixel as an 8-dimensional binary vector. Instead of using the
conventional fixed-point representations used by existing work [19, 62, 63], FracBNN encodes
these input binary vectors using a novel thermometer encoding scheme to equalize the weights of
different bit positions. Compared to the best-known BNN design on the FPGA, FracBNN improves
the top-1 accuracy by 28.9% with a 2.5X reduction in model size on ImageNet. This is the first time
that a BNN-based approach achieves an accuracy level that is comparable to MobileNetV2 [64] on
realistic datasets. In addition, the authors successfully demonstrated applying FracBNN to high-
accuracy, low-power, real-time image classification on an embedded FPGA device.

Figure 4 shows the overall architecture of the FracBNN accelerator. To execute a fractional con-
volution, the 2-bit feature maps and the 1-bit weights are fetched from the on-chip block RAM and
the off-chip DDR memory, respectively. Since FracBNN processes the network layer by layer, it
is able to store the low-precision feature maps in the block RAMs to improve the memory access
latency. However, the 1-bit weights need to be stored off-chip due to the limited on-chip mem-
ory resources on the embedded FPGAs that FracBNN targets. After obtaining the feature maps,
FracBNN first splits each 2-bit feature into MSB and LSB. It then packs the bits along the channel
dimension into B-bit arbitrary precision integers for concurrent accesses. Since FracBNN loads the
weights from the DDR, it must pack them into B-bit vectors to align the precision with the feature
maps. To balance parallelism and resource utilization, it selects B = 64 for the CIFAR-10 design and
B = 32 for the ImageNet design. The accelerator feeds the collection of weights and feature maps
to the convolution engine. Meanwhile, it fetches the auxiliary parameters, including thresholds
and weights in the BatchNorm; it also loads from DDR the activations of the fixed-point shortcuts,
which are the residual connections adapted from Liu et al. [65].

HLS plays an important role in FracBNN because it significantly shortens the design time com-
pared to the RTL-based methodology while achieving a satisfactory quality of results (QoR). Two
graduate students completed the entire FracBNN HLS design over the course of a few months.! In
addition, HLS enables a fast exploration of various design choices such as operator fusion and
buffer customization, which turns out to be crucial for the system performance. The existing
overlay-based approaches [66, 67] commonly only support a predefined set of network primitives,
which cannot easily execute new neural network models such as FracBNN with fractional activa-
tions. Compared to the overlay-based techniques, HLS provides a productive way to implement
network-specific architectures on FPGAs.

In contrast, it took nearly the same effort for another graduate student to implement a functional (but less optimized) RTL
design for a single convolutional layer. A significant amount of time was spent on debugging the Verilog code.
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2.1.3 HLS-Based DNN Compilers. Furthermore, given the growing interest in deep learning
acceleration, a number of HLS-based domain-specific compilers have been developed, including
systolic array compilers [41, 68-71] for CNN kernels, and end-to-end compilation for the entire
neural networks, such as Caffeine [72, 73], DNNBuilder [74], and FlexCNN [75]. These compil-
ers consider domain-specific or application-specific optimization and can achieve much improved
results for ML acceleration. For example, the systolic array compiler AutoSA [41] uses the polyhe-
dral model, explores a large solution space of systolic array designs, and achieves the best-reported
INT-16 and INT-8 acceleration results so far on an FPGA. FlexCNN [75] can accelerate a complex
neural network model OpenPose (with 86 convolution layers) for human pose recognition with
consideration of layer-specific adaptive tiling, and achieve real-time performance with better en-
ergy efficiency than both CPUs and GPUs.

2.1.4 Challenges. The HLS-based design methodology enables the productive development of
the aforementioned DNN accelerators. Popular DNN models typically feature regular compute
and memory access patterns, which can easily be expressed by nested affine loops that are well
supported by existing HLS tools. The commercial HLS tools also provide many useful language
constructs (e.g., arbitrary-precision integer/fixed-point types) and optimization directives/prag-
mas (e.g., unrolling, pipelining, memory partitioning) that are essential for achieving fast DNN
execution on FPGAs.

However, several hurdles remain before the users can enjoy an even shorter turnaround between
ML model development and its deployment on the FPGAs. One challenge pertains to the verifica-
tion methodology of the synthesized design. An HLS user typically uses C/RTL co-simulation to
validate the functionality of the HLS outputs. In some cases, co-simulation is also necessary to
obtain a more accurate performance estimate before the on-board testing. Unfortunately, even
on a reduced test dataset, the co-simulation of a compute-intensive DNN model is quite a time-
consuming process that could require many CPU hours.

The inaccurate QoR reporting by the HLS tool can be another factor that slows down the design
iterations. In fact, the post-HLS resource usage often differs significantly from the actual result
after low-level RTL synthesis and technology mapping [76]. This problem is more pronounced
for quantized low-bitwidth DNNs, where an overestimation of LUT/FF counts may mislead the
designer to choose a sub-optimal architecture with a low parallelization factor.

2.2 Video Transcoding

Video encoding is an interesting application for HLS and also represents significant challenges. The
latest generation of codecs, such as HEVC and AV1, is quite complex, and designing and verifying
the operation of encoders and decoders is a lengthy process. In addition, although the relevant stan-
dards and desired throughput largely dictate the requirements for video decoding, video encoding
is much more open. Given the complexity of modern codecs, it is impractical to explore the entire
coding space directly. Instead, the design of video codecs requires complex algorithmic tradeoffs
to balance video throughput, encoded bitrate, resource usage, and video quality without exploring
all coding options. This combination of algorithmic complexity, uncertain design tradeoffs, and a
need for fast innovation make video encoding an ideal target for HLS [44].

The rest of this section describes the structure and implementation of a real-time, high-
definition, low bitrate, high video quality HEVC [49] encoder built by NGCodec [50].2

2.2.1 Design Constraints. Overall, processing 1080P60 HD video with a resolution of 1920 X
1080 per frame requires processing (on average) of approximately 125 Mpixels/second. However,

2NGCodec was acquired by Xilinx in 2019.
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1: for ctu in image do
2 for (pipeline I1=25) block in ctu do
3 Read block

4: Process block
5: Write block
6 end for
7: end for

(a) Simple coding style.

In this code, the processing that happens on each block is not de-

scribed in a structured way. The intention to execute at a particular
rate (one block every 25 cycles) is expressed, but this may be difficult
for a tool to implement efficiently.

1: for ctu in image do

2 for block in ctu do

3 for (pipeline II1=1) i € [1,25] do
4: if i = 1 then Read block

5: end if

6 Process step i of block

7 if i = 25 then Write block

8

: end if
9: end for
10: end for
11: end for

(b) Optimized coding style.
In this code, the processing of each block is explicitly broken into 25
steps that are highly similar. Each block will still take 25 cycles to
process and can typically be implemented more efficiently by exist-

ing tools.
Fig. 6. Coding styles for blocked processing.

unlike pixel-based video processing where it is natural to target a clock frequency identical to
the pixel rate, a block-based encoder has more freedom to decouple the clock rate from the pixel
rate. HEVC is fundamentally structured around coarse granularity blocks of 64 X 64 pixels, called
a Coding Tree Unit (CTU). Each CTU must usually be completely processed at each pipeline
stage of the encoder before the next CTU can be processed. In addition, when being coded, CTUs
may be decomposed hierarchically at different granularities, from 32 X 32 blocks down to 4 X 4
blocks. Efficient encoding must make use of all of these decomposition options.

The NGCodec typically processes 4 X 4 blocks pixels as a unit, with most components targeting
a clock rate of 200 MHz and 25 cycles per block, although some components are engineered to
run at 300 or 400 MHz to reduce resource requirements. This rate is sufficient to support 1080P60
resolution (1920 X 1080 X 60), as shown in Figure 5. Generally speaking, each 16-pixel block must
be processed at each stage of the encoder before the next 16-pixel block can be processed. Higher
resolutions, such as 4K30, are achieved by processing more than one CTU in parallel.

Multiple coding styles are possible to achieve this block-processing style, as shown in Figure 6.
A simple coding style is shown in Figure 6(a), requesting an II of 25 from HLS. This approach
works well for functions where opportunities for resource sharing are relatively rare. It relies
on the HLS tool to identify opportunities for resource sharing, which typically happens only at
the granularity of individual operations. Figure 6(b) illustrates a more complex coding style. This
coding style works well when an algorithm has a regular structure and can be expressed in a way
where very similar processing happens during each step of the inner loop. The code explicitly
describes resource sharing in the design by expressing the processing of each block as a number
of steps, enabling the hardware implementation of the step (Figure 6(b), line 6) to be reused at a
coarser level of granularity. Any muxing necessary would be generated only at the boundary of
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the coarse-grained block. Note, however, that this coding style has less flexibility and can make it
more difficult to explore different tradeoffs between Il and clock speed. It can also be more difficult
to automatically pipeline algorithmic dependencies between blocks.

Another important design constraint comes from the need for real-time processing. A non-real-
time encoder can iterate sequentially over different encoding options to find a good parameter
option, whereas a real-time encoder must narrow down the potential encoding choices to a few
good candidates and evaluate those candidates. The more candidates that must be explored, the
more resources must typically be used. This is particularly important when making bit-rate trade-
offs since the final number of encoded bits is typically hard to predict.

2.2.2  Architecture. Figure 7 illustrates the overall architecture of the encoder. The design con-
sists of several top-level IP modules integrated with Vivado IP Integrator (IPI): the Kernel module,
the Video Interface Processor (VIP) modules, the Lookahead modules, the Rate Control mod-
ule, and the Final Encoder module. The top-level modules essentially implement a frame-level pro-
cessing pipeline in this order with intermediate results stored in external memory buffers. These
modules connect with the PCle and DDR interfaces in the shell through several generic IP blocks
implementing AXIinterconnects, AXI streams, clock and reset generation, and so forth. In total, the
design consists of about 100K lines of HLS C code and supports real-time encoding at 4K30 (3840 x
2160 % 30) on a Xilinx Alveo U200 card.

The Kernel module is a single HLS component, implementing an AXI slave interface visible to
the host through memory-mapped access. Primarily, this block provides a communication inter-
face for the host to configure and synchronize with the encoder. The host also has independent
access to the DRAM interface, meaning that the video data itself does not pass through the Kernel
module.

The Video Interface Processor module (another stand-alone HLS block) is responsible for read-
ing input video data and converting it to a canonical YUV420 format used by the rest of the design.
The VIP module reorders incoming data, enabling it to be processed as CTU blocks of 64 X 64 pixels,
and writes the result back to DDR. The VIP block is also responsible for managing the placement
of these buffers in memory and for multiplexing the processing of multiple video streams to be
processed by the rest of the design.

The Lookahead module consists of 10 individual HLS blocks and is primarily responsible for
performing coarse granularity motion estimation of the input content. This coarse motion estima-
tion represents the basic temporal characteristics of the incoming video and can be used to detect
scene changes. The motion vectors determined by this block are written back to DDR.

The Rate Control module executes once for each encoded frame to determine the encoding pa-
rameters for the next frame. The encoding parameters indirectly determine the cost (i.e., the num-
ber of bits) required to encode the resulting frame. To achieve a roughly constant output bitrate
over short periods of time, the design implements a feedback control algorithm to adjust these pa-
rameters. This algorithm combines estimates from the Lookahead module with information about
the number of bits utilized to encode the previous frame to determine the encoding parameters
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of the current frame. Because of the relatively low processing rate of this block, a MicroBlaze soft
processor implements the control algorithm instead of a specialized HLS circuit.

The Encoder module reads CTUs along with coarse motion vectors from DDR and properly
encodes them. The resulting compressed bitstream is stored back in DDR. The Encoder module
consists of approximately 20 individual HLS blocks. This module computes candidate motion es-
timation vectors and estimates the cost of encoding a CTU using each motion vector. It also gen-
erates candidate encodings using intra-frame prediction and estimated encoding costs for CTUs
that cannot be predicted well with motion estimation. From these different encoding options, the
module selects the lowest cost encoding for each CTU. Note that the choice of the lowest cost
encoding for an entire CTU must consider many possible hierarchical decompositions of the CTU
into smaller blocks. This process determines a predictor and a residual for the CTU. The encoder
transforms and quantizes the residual using a discrete cosine transform and recreates and stores
the decoded result locally to correctly determine predictions for future blocks and frames. Last,
the encoder applies an entropy code to generate the final encoded bitstream. The entropy code
accounts for the statistics of the encoded bitstream, enabling the use of fewer bits to represent the
most likely representations and more bits to represent less likely representations.

Note that the overall performance of this design relies on constructing a balanced pipeline be-
tween different processing blocks. Unlike a typical component in a sequential program where
faster is almost always better, the components in the encoder are designed to operate concurrently
at certain important frame rates and resolutions with real-time requirements in mind. Balancing
performance with area usage and avoiding data bottlenecks by keeping data local to the device
is more critical to the design than absolute performance. A typical profiling-based approach of
finding the longest-running task in the encoder and offloading it to the FPGA does not work well
because of Amdahl’s law; there is no single component of the design that dominates the computa-
tion time.

2.2.3 Challenges. Large designs like video encoders include many design challenges. Some of
these challenges are unique to using HLS; however, others are common for hardware design, either
with FPGA or ASIC technology. We anticipate that future HLS research could address these issues.

Many challenges arise simply from the size of the design. Given the large codebase and many
independent components, the hierarchical design flow adopted by NGCodec, where changes to
individual components can be isolated from each other, is valuable. This approach speeds up tool
execution for each component, enabling faster design iteration and optimization. A hierarchical
design approach also enables independent verification of components, since each component can
be simulated at the RTL level using the C models of other components. In addition, overall timing
closure can be simplified by first ensuring that each component meets timing in isolation before
being integrated in a final design. Unfortunately, the separation between IP component compo-
sition and the top-level C++ simulation model does provide an opportunity for inconsistencies
to occur. Although some HLS tools have included explicit hierarchical concepts, such as Synfora’s
Tightly Coupled Accelerator Block (TCAB), we expect a need for widespread use of these concepts,
particularly to reduce discrepancies between hardware design flows and HLS at the top level.

However, even given a hierarchical design flow and reliance on relatively fast C/C++ simula-
tion, simulation time can still be a bottleneck. Simulating the execution of the NGCodec design
requires several minutes for a single 1920 x 1080 video frame on a modern server. In addition, the
motion estimation and rate control functionality require five to eight frames of input data before
any output is created. The simulation speed is limited primarily by the fact that synthesizable
code is typically only compiled onto a single core by current compilers, which lack the ability
to leverage multiple cores available in modern systems. In addition, synthesizable code is often
optimized for HLS implementation and existing compilers are typically poor at generating highly
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optimized vector instructions for simulation from it. Although simulation with smaller frame sizes
can reduce the amount of data to be processed, future tools would likely benefit from infrastructure
to make better use of fine-grained and coarse-grained parallelism during simulation. This capabil-
ity may come hand-in-hand with the adoption of more concurrent programming models, such as
the Adaptive Dataflow programming API in the Xilinx Vitis tools [77].

Another challenge emerges because different components of the design have vastly different
compute and memory requirements. For instance, some portions of the design performing mo-
tion estimation require large on-chip memories but relatively simple computation, whereas other
portions of the design performing encoding transformations, like the discrete cosine transform,
necessitate significant logic resources but relatively little memory. Although each component of
the design can be relatively easily implemented out of context in the target FPGA, combining dif-
ferent modules in the same devices increases placement constraints and makes the overall design
challenging to place and route. Ideally, future HLS tools will better assess how designs map to
large complex devices. We discuss some recent approaches to this challenge in Section 3.1.

2.3 Graph Processing

Besides deep learning and video transcoding, FPGA-based graph processing is also gaining
traction as an alternative to CPU- or GPU-based solutions. Graphs are widely employed to
represent applications in various domains such as social networks, road networks, and biological
systems. Graph processing is typically memory-bound due to low compute-to-memory ratio
and irregular memory access patterns. Modern server-class FPGAs are commonly equipped with
high-bandwidth memories (HBMs) [78], where multiple HBM channels can be concurrently
accessed to significantly boost the performance of graph processing. In addition, FPGAs have
the flexibility to customize the memory hierarchy and the data layout to fit the application logic,
which can improve the design throughput and/or energy efficiency beyond what is achievable
from CPUs/GPUs. A rich set of prior FPGA-based graph processing works targets a specific graph
algorithm, such as BFS [79, 80], PageRank [81, 82], and shortest path [83, 84]. Recently, ENIAD [85]
reported record-breaking results on the Green Graph500 benchmarks using a hardware-software
co-design approach to near-data processing. This work demonstrates the performance and effi-
ciency advantage of using FPGAs for graph analytics on realistic workloads. FPGA-based graph
processing frameworks exist that can handle multiple graph algorithms. Examples include Graph-
Gen [86], GraphOps [87], HitGraph [88], and ThunderGP [33]. Notably, ThunderGP uses HLS to
implement the graph accelerator on FPGAs; it employs the gather-apply-scatter abstraction [89] to
model various graph algorithms and realizes the model through an efficient accelerator template.
However, these frameworks require generating separate bitstreams for different graph algorithms.

GraphlLily is a graph linear algebra overlay designed in HLS that can achieve efficient and prac-
tical acceleration of graph processing workloads on HBM-equipped FPGAs [90]. GraphLily has
a unique advantage over the existing approaches—it provides a unified bitstream to handle mul-
tiple graph algorithms instead of generating a separate bitstream for each algorithm. GraphLily
supplies efficient, memory-optimized sparse-matrix dense-vector multiplication (SpMV) and
sparse-matrix sparse-vector multiplication (SpMSpV) accelerators working on graph data in
the form of a novel sparse matrix storage format. Hu et al. [90] designed these accelerators using
HLS, which significantly reduces the development time compared to RTL designs. In addition, it
presents a programming interface similar to GraphBLAS [91] that allows streamlined porting of
existing graph applications to the FPGA accelerator. The GraphLily framework supports a wide
range of graph applications by converting different workloads into the same underlying compu-
tation patterns, which does not require generating/loading separate bitstreams for different appli-
cations. Compared to the state-of-the-art CPU and GPU implementations of the same application,
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Fig. 8. Example of the CPSR sparse matrix storage format with two HBM channels. (a) A sample 8 X 8 sparse
matrix. (b) The layout of the sparse matrix. Two streams of rows are packed together and stored in one HBM
channel. (c) Memory accesses at every cycle. Only accesses to values are displayed; accesses to column IDs
follow the same pattern. CPSR enables streaming, vectorized access to each channel, and concurrent access
to two channels. CPSR allows four PEs to run in parallel.

GraphlLily achieves both better throughput and energy efficiency. The rest of this section describes
the techniques in GraphLily and detailed comparisons with other implementations.

2.3.1 Customized Matrix Storage Format. GraphLily adopts an architecture based on the no-
tion of PEs. It distributes the matrix-vector multiplication task across multiple PEs, and each PE
is responsible for executing part of the task in a parallel fashion with respect to the other PEs.
Traditional sparse matrix storage formats such as compressed sparse row format (CSR) are not
suitable for exploiting the parallelism in the context of PE-based architectures. This is because
CSR allocates data needed by different PEs at non-consecutive locations in memory, preventing
intra-channel vectorization and inter-channel concurrent access to the HBMs. The ELLPACK for-
mat [92] partially solves this problem by padding the matrix rows but incurs significantly high
storage overhead when the degrees of the matrices are not uniform—which is true for most real-
world graphs.

One key contribution of GraphLily is a novel storage format called cyclic packed streams of
rows (CPSR) designed specifically for HBM-equipped devices. CPSR allows streaming, vectorized
memory accesses to each HBM channel by packing consecutive rows, and concurrent memory ac-
cesses to multiple HBM channels by interleaving the row packs in a cyclic manner. Figure 8 shows
an example of CPSR applied on an HBM with two channels and targeting a 4-PE accelerator for
SpMV. In this scheme, a dedicated PE processes each row of the matrix, and GraphLily assigns
the task of processing each row to the available PEs in an interleaved fashion. As the execution
timeline shows in Figure 8(c), the PEs are able to fully utilize the available memory bandwidth
from the HBM channels, thus achieving high throughput. Unlike several existing sparse formats,
converting a graph from CSR to CPSR is lightweight since it does not sort and reorder the ver-
tices. Hence, the preprocessing cost can be further amortized over multiple iterations, runs, and
algorithms.

2.3.2  Accelerator Architecture. GraphLily implements an FPGA overlay that executes a set of
computing primitives commonly found in graph analytics applications. Figure 9 shows the archi-
tecture of the SpMV accelerator in GraphLily. For each HBM channel, a cluster of PEs is instantiated
to saturate the memory bandwidth. Each PE is a three-stage pipeline that reads out the value from
the output buffer, updates the result, and writes back the updated value. The SpMV accelerator is
fully designed with HLS, significantly reducing the design effort. Similar to GraphBLAS, the PE
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Fig. 9. Architecture of the SpMV accelerator in GraphlLily. (a) Overall structure. (b) The PE cluster.

1 DenseVector bfs(SparseMatrix Adj, int src, 1 // A graph algorithm is expressed as a collection
2 int num_iter) { 2 // of modules
3 // Initialize the frontier vector 3 class BFS : graphlily::ModuleCollection {
4 SparseVector frontier = {src}; 4 // Specify the modules and load the bitstream
5 // Initialize the distance vector 5 void init() {
6 DenseVector distance(Adj.num_rows); 6 this->SpMV = graphlily::SpMVModule<BoolSemiring>;
7 for (int i=0; i<Adj.num_rows; i++) 7 this->SpMSpV =
8 {distance[i] = -1;} 8 graphlily: : SpMSpVModule<BoolSemiring>;
9  distance[src] = 0; 9 this->Assign = graphlily::AssignModule;
10 for (int iter=1; iter<=num_iter; iter++) { 10 this->load_bitstream(
11 // Perform graph traversal 11 "graphlily_overlay.bitstream");
12 // Use SpMV or SpMSpV depending on the 12 }
13 // frontier size 13 // Format the matrix and send it to the device
14 if (frontier.size > threshold) { 14 void prepare_matrix(SparseMatrix Adj) {
15 frontier = graphblast::SpMV<BoolSemiring>( 15 AdjCPSR = this->SpMV.format(Adj);
16 Adj, frontier, distance); 16 this->SpMV.to_device(AdjCPSR); //to HBM
17 } else { 17 AdjPackedCSC = this->SpMSpV.format(Adj);
18 frontier = graphblast: :SpMSpV<BoolSemiring>( 18 this->SpMSpV. to_device (AdjPackedCSC); //to DDR
19 Adj, frontier, distance); 19 3
20 } 20 // Compute BFS by scheduling the modules
21 // Update distance 21 // The logic is the same as in GraphBLAST
22 graphblast: :Assign(distance, frontier, iter); 22 DenseVector run(int src, int num_iter) {
23} 23
24 return distance; 24 3
25 3} 25 3};
(a) GraphBLAST. (b) GraphLily.

Fig. 10. Example code of implementing BFS in GrahBLAST [91] vs. GraphLily.

supports three types of semirings that the user can select at runtime to execute a wide range of
applications such as PageRank, breadth-first search, and single-source shortest path.

In addition to SpMV, GraphLily also implements an SpMSpV accelerator that reads the matrix
from the DDR instead, which provides sufficient bandwidth as SpMSpV has a lower degree of
parallelism and it is less bandwidth-hungry. For SpMSpV, the compressed sparse column format is
used, and the accelerator implements an arbitrated crossbar to dispatch the elements of the input
matrix to the corresponding rows based on their row IDs.

2.3.3  Runtime Support. GraphLily builds a layer of middleware that eases the programming of
the accelerators. The middleware exposes each accelerator to users as a hardware module. Users
construct graph algorithms by specifying the necessary modules and scheduling the execution
order of the modules. To streamline the design process, GraphLily exposes to the user a set of
APIs that resemble the GraphBLAST APIs. The exposed APIs can be used to manage the data
transfers to and from the FPGA device, as well as invoking various compute tasks on the device.
Figure 10 illustrates an example of specifying a BFS algorithm using the GraphLily APIs.
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Table 1. GraphLily’s SpMV Throughput (in MTEPS) and Bandwidth Efficiency
(MTEPS/(GB/s)) Compared to CPU (MKL) and GPU (cuSPARSE) Implementations

Dataset { Throughput (MTEPS) | Bandwidth Efficiency (MTEPS/(GB/s))
MKL  cuSPARSE  GraphLily | MKL  cuSPARSE GraphlLily

googleplus 2,542 13,643 7,002 9.0 28.2 24.6
ogbl-ppa 2,065 9,007 8,492 7.3 18.6 29.8
hollywood 2,202 11,277 8,736 7.8 23.3 30.7
pokec 1,504 5,271 4,064 5.3 10.9 14.3
ogbn-products | 1,556 2,501 6,434 5.5 5.2 22.6
orkut 1,807 5,332 6,973 6.4 11.0 24.5
Geometric mean | 1,912 6,783 6,751 6.8 14.0 23.7

2.3.4 Comparisons with Other Approaches. Table 1 summarizes the experimental results of
GraphlLily compared to the state-of-the-art CPU and GPU counterparts. The CPU and GPU im-
plementations use vendor-provided sparse libraries, including MKL (2019.5) on the CPU and cuS-
PARSE (10.1) on the GPU. The CPU experiments are conducted on a two-socket 32-core 2.8-GHz
Intel Xeon Gold 6242 machine with 384 GB of DDR4 memory providing 282-GB/s bandwidth. For
GPU experiments, a GTX 1080 Ti card is utilized, which has 3,584 CUDA cores running at a peak fre-
quency of 1,582 MHz and 11 GB of GDDR5X memory providing 484-GB/s bandwidth. The datasets
are taken from widely used benchmarks in social networks and graph neural networks.

GraphLily achieves a geometric mean throughput of 6,751M of traversed edges per sec-
ond (MTEPS), which is 3.5x higher than MKL running with 32 threads and matches cuSPARSE.
The geometric mean bandwidth efficiency of GraphlLily is 23.7 MTEPS/(GB/s), which is 3.5x higher
than MKL and 1.7X higher than cuSPARSE. In terms of power consumption, GraphLily consumes
44 W, which is only 16% of MKL and 29% of cuSPARSE. The reason for the performance/efficiency
advantage of GraphlLily is twofold. First, the CPSR format can better utilize the HBM bandwidth
than the CSR format. Specifically, CPSR enables vectorized access to each HBM channel and con-
current access to multiple HBM channels. Second, the hardware architecture is co-designed to
exploit the advantages of the CPSR format. The fully pipelined PE and the vector buffers ensure
that the packets received from HBM are immediately processed at high efficiency.

2.3.5 The Role of HLS. The GraphlLily overlay is entirely implemented in Vivado HLS using
3,500 lines of HLS C++ code. The HLS-based design methodology offers significantly higher pro-
ductivity by allowing the designer to focus more on the high-level algorithmic and architectural
design without worrying about low-level implementation details. In addition, the tight integra-
tion of Vivado HLS within the Vitis toolchain allows streamlined host-device co-design. The HLS-
generated accelerators are readily plugged into the Xilinx Alveo U280 FPGA platform using the
GraphLily middleware based on the Xilinx Runtime Library [93].

However, designs generated by the current HLS tools often suffer from clock frequency degrada-
tion due to long wire delays caused by broadcast structures [94]. In the GraphLily design, the large
output buffer incurs a high-fanout broadcast structure. The authors follow the method proposed
in the work of Guo et al. [94] to reduce wire delays utilizing a pipelined multi-level tree structure.
This optimization increases the frequency from 145 to 165 MHz. Besides high-fanout nets, HBM
and the multi-die architecture bring additional challenges to achieving high frequency with HLS.
A large HLS design utilizing multiple SLRs (super logic regions) can generate cross-SLR data and
control signals. Current HLS tools are often not able to accurately identify such cross-SLR con-
nections due to the lack of physical layout information during HLS. Such under-pipelined signals
commonly become the clock frequency bottleneck of the whole design. It is evident that improv-
ing HLS tools’ timing closure capability, especially for large and/or highly congested designs, is
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crucial for wider adoption of the HLS-based design methodology. We shall discuss this in more
detail in Section 3.1.

2.4 Acceleration of Genome Sequencing

Whole-genome sequencing is the process of obtaining the order of nucleotide base pairs of an or-
ganism’s genome. At the biochemical level, technologies produce sequencing results for unordered
fragments of the whole genome, which are called reads. Assembling those reads into a contiguous
sequence is often a computational bottleneck in genome sequencing [95]. There are typically three
stages in a modern sequence assembly flow: Overlap, Layout, and Consensus [96, 97]. The Overlap
stage determines which pairs of reads have matching sub-sequences. The Layout step concatenates
continuous reads using the overlap information to build the result sequences. Finally, the Consen-
sus step picks the most likely nucleotide sequence.

FPGA-based accelerators have been proposed for all three stages, many of which are re-
ported to outperform their GPU counterparts [25, 98-101]. Although some efforts [28, 102-104]
implement their proposed accelerators in RTL, we see a trend toward utilizing HLS due to
the high complexity of genome applications, especially when algorithmic optimizations are in-
volved [23, 25, 26, 101, 105-107]. For example, Guo et al. [25] transform the algorithm of the overlap
stage into a functionally equivalent yet HLS-friendly version to facilitate hardware acceleration.
Lo et al. [26] performed hardware-algorithm co-design and memory optimizations to speed up the
consensus stage.

Among these works, we focus on the overlap acceleration work by Guo et al. [25] as a case
study for three reasons. First, detecting overlaps between read pairs is the most time-consuming
task in the flow. It could take several CPU months to detect the overlaps in the human genome. Guo
et al’s FPGA accelerator achieves a 28x speedup over the multi-threading CPU baseline. Second,
they achieved a fully pipelined streaming architecture on the FPGA with minimal and readable
code changes, which is a good example of HLS’s success. Third, they performed a quantitative ar-
chitectural comparison with a CUDA-based GPU implementation and provided insights on choos-
ing the right hardware acceleration platform for new applications.

2.4.1  Acceleration Design.

Target task. Guo et al. [25] accelerate Minimap2 [108]. Minimap2 is a state-of-the-art genomics
tool that excels in speed and QoR. They focus on the chaining [109, 110] step, which is a bottleneck
in the tool. In the steps before chaining, short exact matches between read pairs are extracted.
The chaining step performs dynamic programming to find sequences of matches with consistent
distances on two reads. When two reads have a long sequence of matches (i.e., a long chain), it
implies that they may originate from the same sub-sequence of the whole genome.

In the chaining algorithm [108], a match between read a and b is represented by a 3-tuple of
(x,y,1), describing an exact match of length I: “ax_;11 ... ax” = “by_;11 ... b,.” Those matches are
sorted by x and then by y and the chaining score f(t) representing the quality of the best chain
ending at match t is determined. The chaining score f(¢) is calculated by evaluating the potential
quality of continuing chains from its 64 previous matches s:

f@) = max{l(t),matx{f(s) +w(s, t)}}
s<
w(s, t) = =f(s,t) + a(s, 1),
where [(t) is the length of match t, (s, t) quantifies the inconsistency in location between matches

s and ¢, and a(s, t) is the contribution of match t to the total matching length if it is added to a
chain ending at match s. The details of function f and « are omitted for simplicity. Pseudocode
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Input: match[]: ordered list of matches between a pair of reads

Output: 77(]: the predecessors and f[]: the chaining scores. Input: match[]: ordered list of matches between a pair of reads
1: fort =1tondo Output: 7[]: the predecessors and f[]: the chaining scores.
2: fors € [max(0,t - 64),¢ — 1] do 1: Initialize all f[¢] « match[t].l, and 7 [¢] « 0 in parallel.
3: wls]|[t] < (=f+a)(match[s], match[z]) 2: for (pipeline) s = 1 to n do
4 end for 3: for (parallel) ¢ € [s + 1, min(n, s +64)] do
5 Sflt] < max; {f[s] + wls][t]} 4 w[s][t] « (=B + a)(match[s], match[t])
6:  m[t] « argmax;{f[s]+w[s][t]} 5 if f[t] < f[s]+ w[s][t] then
7: if f[t] < match[t].l then 6 fltl =fls]+wls]ltlsn[t] =s
8: flt] = match[t].l; x[t] =0 7: end if
9: end if 8 end for
10: end for 9: end for
(a) Original chaining algorithm. (b) Optimized chaining parallelization.

Input: match[]: ordered list of matches between a pair of reads .
Output: 7[]: the predecessors and f[]: the chaining scores. for (t in [1, nl) {

1: fort = 1ton do compute wisl[1
: for (parallel) s € [max(0,# — 64),¢# — 1] do initiation

2: i
. _ reduce | red d d d o
3: w(s][t] & (= +a) (match[s], match[t]) 2l ow | o el s 1)+ w [ 1631+ R L
4: end for fit-1]+w | f[t-3] + w ]+ w 1[t-62] + w|
5: Reduce 64 values of f[s] + w[s][¢] to 32 in parallel. 1
6: Reduce 32 values to 16 in parallel. oo | _reduce LM 2
7: Reduce 16 values to 8 in parallel. = = 8
8: Reduce 8 values to 4 in parallel. 7 4 dep g
9: Reduce 4 values to 2 in parallel. o dependency A 5 2
6|
10: Reduce 2 values to 1 to set f[¢] and 7 [¢]. - 1]} distance
11: if f[t] < match[t].l then 3 distance = (t+1) - t
12: flt] = match[t].l; x[t] =0
ﬁ de?d if (d) Example of loop pipelining of the outer loop in Algorit-
- endfor hm 11(c). There exists a dependency, and therefore it has a
(c) Poorly parallelized chaining. minimum initiation interval of latency/1.

Fig. 11. Different implementations of the chaining algorithm.

for this algorithm is shown in Figure 11(a). Lines 2 through 4 compute the weight w(s, t). Line 6
finds the maximum score of f(s) + w(s,t) in the inner max of the equation, and line 6 records
the corresponding s as the predecessor of the chain. The remaining code from lines 7 through 9
computes the outer max of the equation and records the predecessor as ( if [(¢) is greater.

Guo et al. [25] identify several optimizations to optimize the basic chaining algorithm. These
optimizations are portable and can largely be applied to both FPGA and GPU designs.

A. Intra-task parallelism. A straightforward optimization leverages a six-stage reduction tree
to obtain the maximum score as shown in Figure 11(c). The reduction operations from lines 5
through 10 compute the maximum of each pair of values in parallel. However, this code is
still sub-optimal because those six reduction stages have to be executed sequentially, prevent-
ing pipelining of the outer loop (line 1). This pipeline’s II has a recurrence lower bound [4]
of II > latency/distance = latency as shown in Figure 11(d), which is the latency of seven
comparisons.

Alternatively, the order of computation can be changed by interchanging the two loops. At each
iteration of the outer loop, a set of 64 running maximums is updated (lines 3 through 8), and the
final value of one f(¢) is computed (line 2). Figure 11(b) displays the optimized algorithm, where a
full parallelization of the inner updating loop (line 3) is possible. The new loop recurrence is that
f[i] (line 5) requires f[k] from preceding iterations (line 6). Therefore, the II is bounded by only
the latency of a single comparison.

B. Data reuse. Without data reuse, achieving a performance of 1B iterations per second in this ap-
plication requires a memory bandwidth of 7,345 Gbps—far exceeding any off-the-shelf solutions.
However, by storing the metadata, scores, and predecessors of matches i+1 to i+64 in the local
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Fig. 12. Different acceleration implementations of Algorithm 11(b) on the GPU and the FPGA.

memory of the accelerator, only 14 bytes of main memory are accessed per iteration. This dramat-
ically reduces the required bandwidth from the original 7,345 Gbps to 112 Gbps.

C. Task-level parallelism. At the task level, pairwise tasks are independent and can be executed
in parallel. However, it is impractical to solely rely on task-level parallelism. Otherwise, the reuse
data will overflow the accelerator’s on-chip storage. On top of the overflow issue, there is another
challenge: if two reads do not overlap, they will have few matches, usually less than 10. Those
fruitless tasks incur overhead that hurts efficiency. Guo et al. [25] address these problems by lever-
aging multiple levels of parallelism. They further concatenate different tasks and separate them
with tags at runtime, thus decreasing the overhead of the fruitless tasks.

2.4.2 Implementation. This section describes how the preceding optimizations can be im-
plemented differently on the FPGA and the GPU. The architectural difference is illustrated in
Figure 12.

Data reuse in the acceleration design forms a concurrent-accessed sliding window of length 64.
In the FPGA design, registers store the matches and the scores as the window. Each set of registers
stores one element, enabling parallel access in each clock cycle. However, in a GPU implementation,
shared memory spread across different banks enables parallel access. Both FPGA and GPU designs
reuse the data identically and distribute it for optimal access.

Intra-task parallelism, specifically the pipelining and the parallelization of the loops, are de-
signed as a pipeline and parallel datapaths on the FPGA, respectively. As demonstrated in
Figure 12, at each cycle, one datapath collects one match from the input window and the i-th
match to calculate the new score to update the output window. Those datapaths are executed in
parallel. The overall architecture of one PE handles iterations of the outer loop in a fully pipelined
fashion. At each cycle, a PE takes an input match and produces one maximal score. On the GPU, the
parallelized inner loop became multiple threads that each thread updates one score. This decision
was reasonable as the large data size for reuse would prevent the outer loop from being mapped
to the threads. Although the outer loop could be implemented as software pipelining on the GPU,
the authors found no performance benefit experimentally. Sufficient degrees of intra-task level
parallelism were used in the implementation and could be an explanation for this.

Task-level parallelism on the FPGA is accomplished by duplicating the PE by eight. Since each
PE is fully pipelined, the array of PEs processes eight matches from different tasks in each clock
cycle, generating eight corresponding scores. For optimal PE utilization, a task scheduler adap-
tively dispatches tasks to the idle PEs. For GPU, each task is assigned to a thread block.> On an
NVIDIA P100 GPU, there would be around 56 tasks executed in parallel. By interleaving 32 tasks,
it is possible to hide the instruction latency and keep a high compute resource occupancy.

3In GPU architecture, a thread block represents a group of threads that share data [111]. GPU dispatches thread blocks to
streaming multiprocessors that have sufficient storage and computational resources.
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2.4.3  Success in Performance. It is long debated whether we should use FPGAs or GPUs for
acceleration. We find this genomics application suitable for a side-by-side comparison because the
optimization methods employed are general enough to be ported to a GPU without compromise.

For a fair comparison, Guo et al. [25] use an FPGA and a GPU of the same 16-nm process gener-
ation. They perform the FPGA experiment on a Xilinx Virtex UltraScale+ VU9P FPGA and imple-
ment the GPU kernel on an NVIDIA Tesla P100 GPU. Both accelerators are connected to the host
by PCle Gen 3 X 16 links. On a 4.6-GB public C. Elegans 40x Sequence Coverage data [112] obtained
from a PacBio sequencer, they achieve 250 MHz with eight FPGA PEs. This design saturates the
PCle bandwidth and executes in 6.84s, 21X faster than the multi-thread software on a 14-core Xeon
E5-2680v4 CPU (142.5 seconds). As a proof-of-concept for future interconnects, the authors further
increase the PE number to 16 while lowering the frequency to 200 MHz. Assuming unlimited host-
device communication bandwidth, the same task would execute in 5.13 seconds, 28% faster than
a CPU. However, the GPU kernel is around 4x slower than the FPGA design, executing in 20.09
seconds on the same data.

It is intriguing to note that the theoretical analysis of Guo et al. [25] hypothesizing that an FPGA
could indeed achieve a higher performance than a GPU is in agreement with the experimental
results. In summary, their fully pipelined FPGA design allows the processing rate to be 16 scores
at 200 MHz with 16 PEs, which is 3,200M scores per second. However, even if the GPU computing
resource is perfectly utilized, at least 49 cycles per thread on 64 CUDA threads are required to
obtain one score. With all 3,584 CUDA cores ideally utilized at 1,303 MHz, the estimated best
performance is 3,584/49/64 x 1,303 = 1,489M scores per second, more than 2Xx lower than what
an FPGA achieves.

Since instruction count is the main factor in the performance analysis, Guo et al. [25] study
the compiler-generated GPU instructions and find 49 instructions mandatory and challenging to
simplify. Among them are 21 arithmetic operations, 20 control instructions, and eight memory ac-
cesses. This helps us to understand an FPGA’s advantage over a GPU in the following dimensions.

Control logic. A total of 40% of the instructions in the GPU kernel are control instructions.
With an instruction-based processor, control instructions are inevitable and represent overhead
if they cannot be executed concurrently with data processing instructions. However, on an FPGA,
these control operations are implemented using customized logic, which is usually integrated into
pipeline stages with limited impact on the overall throughput. For example, determining if it is bet-
ter to start a new chain than continue a previous one requires three control instructions (including
predicated instructions) on the GPU. In contrast, only one pipelined multiplexer stage is generated
for the FPGA, which adds at most one cycle of latency. To determine if an application falls into
this category, one may check if there are a lot of conditional branching or predicate operations.

Non-standard bitwidth usage. Among the 20 arithmetic operations, most of them are operating
on 17-bit data. Although the GPU units are capable of processing 64/32-bit floating-point numbers
with exceptional performance, GPUs support a limited set of reduced bitwidth operations. In con-
trast, FPGAs can perform arbitrary bitwidth operations using LUT resources and optimized wider
precision arithmetic using DSP resources. Implementing designs with reduced bitwidth operations
can significantly reduce resource usage and allow more PEs to fit into a device.

Structured data types. FPGAs can store structured data in multiple BRAM banks or registers,
enabling access to multiple fields concurrently. In contrast, on a GPU, multiple fields must be
fetched and unpacked with several instructions. When an application processes structured data
and many flelds are utilized altogether, FPGA acceleration is likely to be suitable. For example,
the FPGA implementation of this algorithm accesses the (x, y, ) fields in the match metadata in
parallel on every clock cycle.
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2.44 Challenges in Development. We analyze Guo et al. [25] open source code on GitHub* as
a case study and present the strengths and weaknesses of the FPGA HLS and the GPU CUDA in
terms of development effort. While reviewing some successes of the high-level abstraction power
of HLS, we identify several improvements needed to broaden the spectrum of the FPGA HLS users.

Quantitatively, to implement the computational kernel, the effort difference in terms of lines
of code (LOC) between the FPGA HLS and the GPU CUDA is insignificant. The main function
to compute the scores has 60 LOC in HLS and 64 LOC in CUDA with the same functionality,
excluding empty lines and comments. However, the majority of the HLS code changes from the
original code are compiler directives, a.k.a. pragmas (14 LOC), and extra local variables (9 LOC).
The semantics of the HLS code is equivalent to a sequential program, even though code restruc-
turing techniques, such as loop transformations, are required. In contrast, the GPU code changes
are mostly architecture-specific (28 LOC), such as inserting multi-threading and warp-level primi-
tives. Without any platform-specific knowledge, one could easily understand the functionality of
the HLS code, but it might be challenging to understand its CUDA counterpart.

The simpler programming model of HLS also allows nested parallelism with arbitrary levels and
functional simulation of HLS code on a CPU with a regular compiler. Streaming and pipelining can
be expressed in HLS as queues or pragmas. Pipeline stages will be automatically inferred. Although
Udupa et al. [113] attempted to simplify the software pipelining on a GPU, pipeline programming
remains laborious. Memory customization in HLS is also able to generate a distributed memory
architecture customized to fit the particular program.

However, the complete FPGA HLS implementation has 524 LOC in total, which is 3.7x the CUDA
code (142 LOC). Among them are around 84 LOC of data type conversions for host-device com-
munication, 48 LOC of compiler directives for hardware specification, 46 LOC of double buffering,
38 LOC of manual registering for boosting frequency, 32 LOC of PE duplication, and many other
trivial details. The reason for those efforts is that to write a vanilla HLS program, such as for
the Xilinx HLS or Intel HLS compilers, a significant amount of glue code is necessary to make
the host-device communications, intra-device data accesses, layout-aware registering, and many
other details for the code to be efficient [94, 114]. Fortunately, recent work finds [115, 116] that
the glue code can be templated and automatically explored, and modern HLS made significant
improvements in reducing those efforts, which we shall discuss more in Sections 3.1 and 3.2.

Some other drawbacks in the current HLS flow also hinder users from leveraging the benefit
of FPGA acceleration. For example, many have long complained about the lengthy turnaround
time from coding to hardware evaluation. Although designs can be evaluated at a high level using
the HLS tools, actually running a design in a device requires executing logic synthesis, placement,
routing, and bitstream generation, which can take many hours for complex designs. In contrast, the
CUDA compiler can finish the compilation in seconds. As a result, an iterative refinement-based
methodology can be more easily used in GPU development, and the developers could efficiently
explore different design options to find the optimal one. In addition, CUDA kernels can print out
debug messages to the console during the accelerator execution, whereas FPGAs require more
sophisticated tools for on-board debugging.

3 RESEARCH CHALLENGES AND OPPORTUNITIES

Despite the increasing adoption of HLS and its successful applications to multiple areas for FPGA
acceleration, it is not a simple task to achieve high-performance FPGA designs using HLS. In this
section, we shall discuss the challenges faced by the HLS users and the opportunities for further re-
search and development to enhance the HLS technology to overcome these challenges. We believe

*https://github.com/UCLA-VAST/minimap2-acceleration.

ACM Transactions on Reconfigurable Technology and Systems, Vol. 15, No. 4, Article 51. Pub. date: August 2022.


https://github.com/UCLA-VAST/minimap2-acceleration

51:20 J. Cong et al.

FPGA
architecture
Untimed . .
Source HLS Scheduling | | Coarse-Grained / information
Code & Binding Floorplanning
l l Optimized
RTL Generation [T7| .
Floorplan-Aware RTL SlvntheSIS,t
ipelini - placemen
Pipelining Constraint | | | Floorplanning and routing
Generation Constraints
AutoBridge

Fig. 13. The overall flow of the AutoBridge framework.

that the following five areas need more attention, including achieving high clock frequency designs
using HLS (Section 3.1), coping with complex pragmas and code transformation needed to achieve
high performance (Section 3.2), legacy code refactoring needed to comply with HLS standard (Sec-
tion 3.3), the need for open source HLS infrastructures (Section 3.4), support DSLs (Section 3.5),
and standardization (Section 3.6). The following sections go into the details of these topics.

3.1 Improving Clock Frequency

There remains a significant gap in the achievable frequency between an HLS design and a hand-
crafted RTL one. Operator delays can be characterized through profiling to a reasonable accuracy;
however, interconnect delays are much harder to predict and optimize for, which often become the
frequency bottleneck for HLS-based designs. One common issue for estimating the interconnect
delay is that the downstream FPGA implementation tool can introduce significant delay variations
in placement and routing, which is difficult if not impossible to forecast during HLS. In addition,
the timing issue is worsened as modern FPGAs are becoming increasingly heterogeneous and of-
ten span multiple dies [117, 118]. Such long routing paths can become the limiting factor of the
maximum frequency for large designs.

To address this issue, Guo et al. [116] propose AutoBridge as an automated framework that
couples a coarse-grained floorplanning step with pipelining during HLS compilation. First, the
AutoBridge framework identifies the likely long wires during HLS synthesis, especially those that
cross the die boundaries. Second, AutoBridge inserts pipeline registers automatically on these long
wires to allow the downstream implementation tool to place such wires across die boundaries
without degrading the maximum achievable frequency. Additionally, this technique often prevents
the placer from aggressively packing the logic onto a single die, which in turn helps to reduce the
local congestion and further improve the design frequency.

Figure 13 shows the high-level flow of AutoBridge as part of a modern HLS tool, where the
two major steps in AutoBridge are highlighted. The coarse-grained floorplanning step models
the FPGA device as a 2-dimensional grid and maps the dataflow functions onto slots of the grid.
The optimization algorithm considers the resource usage of each function and minimizes the total
cost of slot-crossing wires. This problem is solved using a top-down partitioning-based placement
algorithm, where the functions are iteratively partitioned into one of the two halves of the grid
until the function-to-slot mapping is fully specified. The floorplan-aware pipelining step aims to
pipeline every cross-slot connection to facilitate timing closure. One challenge of arbitrarily in-
serting pipeline registers is that it may degrade the system throughput. This is especially true in
the context of dataflow networks when the latencies on a set of reconvergent paths become im-
balanced. To solve this issue, AutoBridge applies a latency balancing technique to optimally insert
registers to balance the total added latency of every pair of reconvergent paths while minimizing
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the area cost of the inserted registers. In addition to the communication channels between dataflow
processes, AutoBridge extends to other signal types such as control signals, input/output scalars,
and array arguments. This helps the timing closure for various types of HLS-based designs.

Across a set of 43 designs with different characteristics, AutoBridge improves the average fre-
quency from 147 to 297 MHz (a 102% improvement) with no loss of throughput and a negligible
change in resource utilization. Noticeably, AutoBridge was able to successfully complete 16 of the
designs that were originally unroutable. Besides the significant frequency improvements from Au-
toBridge, it opens the door for future research and applications of physically aware HLS techniques
where the impact on physical design is modeled and optimized for the early stages of HLS.

3.2 Simplifying Directives and System Integration

Although HLS has lifted the design abstraction from RTL to C/C++, in practice, extensive source
code rewriting including pragma insertion is often necessary to achieve good performance. Code
rewriting requires not only knowledge of hardware microarchitecture design but also familiarity
with the coding style and proper use of optimization directives such as pragmas of the HLS tool.
Table 2 shows a list of 20 commonly used pragmas offered by Vitis/Vivado HLS for performance
optimization. For the genomics application in Section 2.4, there are 524 lines of C code for the chain-
ing computation kernels. Among those, 216 lines are for FPGA-specific optimizations, including
48 lines of pragmas. Moreover, the programmer has to manually separate the C code to be executed
on the CPU and an FPGA and manage the data transfer between them. To add those pragmas or
make the code changes, the users need to know FPGA hardware and have a microarchitecture of
the hardware design in mind. Unfortunately, many software developers may not have the required
knowledge and background.

To reduce or eliminate the gap between the software/algorithm development and hardware ac-
celeration, source-to-source code transformation techniques have been introduced to automate
part of the pragma insertion and program transformation [41, 115, 119, 120]. A good example is
the Merlin Compiler developed by Falcon Computing Solutions (acquired by Xilinx in 2020). The
Merlin Compiler takes computation kernels to be accelerated in C/C++ and generates optimized
kernels that can be utilized to generate high-performance FPGA accelerators. In addition, it gen-
erates a host library with proper interfaces to communicate with FPGA kernels that can be linked
to users’ applications. Overall, the Merlin Compiler provides an easy-to-use FPGA programming
environment for software developers, and we shall discuss it in more detail in the rest of this
section.

3.2.1 Programming Model. The Merlin Compiler provides an OpenMP-like high-level program-
ming model for FPGA acceleration. Programmers only need to focus on two high-level concepts:
parallelization and pipelining. Parallelization specifies spatial parallelism using multiple compu-
tation units, whereas pipelining enables temporal parallelism with overlapping computation in
time.

The Merlin Compiler provides the following simple pragmas for users to designate their direc-
tives to accelerate their computation kernels:

(1) #pragma ACCEL parallel [factor=N]

(2) #pragma ACCEL pipeline

(3) #pragma ACCEL tile [factor=N].

By inserting pragmas at proper locations in their program, developers convey to Merlin the

intended parallelism to explore in a similar way that HPC developers use OpenMP to develop
multi-core, multi-thread programs. In contrast, Vitis HLS has 20+ pragmas, many of which are

ACM Transactions on Reconfigurable Technology and Systems, Vol. 15, No. 4, Article 51. Pub. date: August 2022.



51:22

J. Cong et al.

Table 2. Frequently Used Optimization Pragmas in Vitis HLS

Pragma

Description

pragma HLS dataflow
pragma HLS dependence
pragma HLS loop_flatten
pragma HLS loop_merge
pragma HLS occurrence
pragma HLS pipeline
pragma HLS unroll

Enables task-level pipelining to overlap functions and loops with each other
Provides additional loop dependency information for parallelization

Flattens a nested loop to a single loop hierarchy with improved latency

Merges consecutive loops into a single loop to reduce latency and resource usage
Allows less-executed operations to be pipelined at a slower rate

Enables instruction-level pipelining to allow concurrent operation execution
Creates multiple copies of the loop body for parallelization of the iterations

pragma HLS aggregate
pragma HLS array_partition
pragma HLS array_reshap
pragma HLS disaggregate
pragma HLS stream

Collects and groups the data fields of a struct into a single scalar

Splits an array into multiple entities for parallel access

Merges multiple elements in an array into one element for parallel access
Deconstructs the data fields of a struct into multiple scalars

Implements a variable as a FIFO and specifies the depth

pragma HLS function_instantiate
pragma HLS inline
pragma HLS interface

Creates task-specific modules to handle specific conditions of a function call
Removes a function as a separate entity in the hierarchy
Specifies the implementation protocol of a function’s ports

pragma HLS allocation

pragma HLS bind_op

pragma HLS bind_storage
pragma HLS expression_balance
pragma HLS latency

Limits the resource allocation in the implemented RTL

Specifies the implementation of operations in the code

Specifies the memory type of a variable in the code

Rearranges operations with associative and commutative laws to reduce latency
Specifies the minimum and/or maximum latency for the completion of a region

Task Distribution

Memory coalescing

Coarse-grained parallelism
(Task parallelism)

Coarse-grained pipeline * Pipeline stage balancing
(Dataflow streaming) ® Channel depth resizing

Loop unrolling

Memory reshaping

Fine-grained parallelism

® Memory partitioning

Fine-grained pipeline « Dependency remove

(SIMD) (Instruction-level parallelism) .

Fig. 14. Parallelism explored in Merlin and associated optimizations.

hardware/architecture-oriented. Figure 14 illustrates the four types of parallelism explored in Mer-
lin. They can be automatically explored with the Merlin Compiler depending on whether the
parallel and the pipelining pragmas are placed at the inner or outer loops of the source code.

More specifically, a user can apply the Merlin parallel pragma to inner or outer loops. When
it is applied to an innermost loop, the user wants to explore fine-grained parallelism similar to
the concept of single-instruction-multiple-data (SIMD), where multiple hardware units operate on
consecutive data elements. When it is applied to an outer loop, the user wants to explore coarse-
grained parallelism similar to parallel threads running on multi-core CPUs.

The Merlin pipeline pragma can also be applied to inner or outer loops. When the user em-
ploys it on the innermost loop, they intend to explore fine-grained pipelining similar to instruction
pipelining where the execution of multiple instructions can be partially overlapped. When they use
it on an outer loop, they intend to explore coarse-grained pipelining with double-buffers and/or
streaming channels similar to multiple threads running in a partially overlapped fashion to execute
consecutive iterations of the loop.

The Merlin tiling pragma can be applied to loop nests on large datasets. It is quite similar
to loop tiling in CPU programming to take advantage of data locality and fast cache by bringing
chunks of data to FPGA chips. The utilization of the pragma achieves data locality because data
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1 #define N 1024
2 #pragma ACCEL kernel
3 void matrix_vector_product(float a[N x N], float b[N], float c[N]) {

4 #pragma ACCEL parallel factor=2

5 for (int i = @; i < N; i++) {

6 cl[i] = 0.;

7 #pragma ACCEL parallel factor=32
8 for (int j = @; j < N; j++)

9 c[il += ali » N + j1 = b[j];
10 3}

11}

(a) Input C code to Merlin

1 #define N 1024
2 void matrix_vec_product(ap_uint<512> a[N*N/16], ap_uint<512> b[N/16], ap_uint<512> c[N/16]) {
3 #pragma HLS interface m_axi port=a offset=slave bundle=gmem

4 #pragma HLS interface m_axi port=b offset=slave bundle=gmem

5 #pragma HLS interface m_axi port=c offset=slave bundle=gmem
6 #pragma HLS interface s_axilite port=a,b,c,return

7 float b_buf[2][32][32];

8 #pragma HLS array_partition variable=b_buf complete dim=1

9 #pragma HLS array_partition variable=b_buf complete dim=3

10 coalesced_memcpy(b_buf, b, @, sizeof(float) x N);

11 for (int i = 0; i <N/ 2; i++) {

12 float a_buf[21[32]1[32];

13 #pragma HLS array_partition variable=a_buf complete dim=1
14 #pragma HLS array_partition variable=a_buf complete dim=3
15 float c_buf[2];

16 int size_twolines = sizeof(float) * 2 * N;

17 coalesced_memcpy(a_buf, a, i * size_twolines, size_twolines);
18 for (i_sub = @; i_sub < 2; i_sub++) {

19 #pragma HLS unroll

20 mvm_sub(b_buf[i_sub], c_buf[i_sub], a_buf[i_subl);

21 3}

22 int size_tworesults = 2 * sizeof(float);

23 coalesced_memcpy(c, c_buf, i * size_tworesults, size_tworesults);
24 3}

25 }

26

27 void mvm_sub(float b_buf[32]1[32], float &c_buf, float a_buf[32][32]) {
28 #pragma HLS inline off

29 c_buf = ((float )0.);

30 for (int j = 0; j < 32; j++) {

31 #pragma HLS pipeline

32 for (int j_sub = 0; j_sub < 32; ++j_sub) {

33 #pragma HLS unroll

34 c_buf += a_buf[jI[j_sub] * b_buf[j1[j_subl;

35 3}

36 3}

37 3}

(b) Output HLS C code generated by Merlin

Fig. 15. Optimizations that can be automatically done by Merlin.

accessed in a chunk are typically neighboring data in different array dimensions. Loop tiling can
further enable data reuse and overlapping of computation and data transfer. The tiling size/factor
is configurable to provide a tradeoff between the performance and resource utilization.

As an example, the function MV in Figure 15 computes a (1024 X 1024) X 1024 matrix-vector
product. The Merlin pragmas indicate that the user desires to generate an accelerator with two
dot-product engines and each dot-product engine contains 32 MAC units.

3.2.2  Automated Optimizations. To actually implement the parallelism expressed using the sim-
ple/intuitive Merlin pragmas, lots of microarchitecture details need to be filled in through code
rewriting and HLS pragma insertion. For instance, in the matrix-vector product example, as shown
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in Figure 15, dot-product and MAC engines need to be generated. The data in matrix a and vector
b must be brought on-chip at the right time and fed in the right order to the different compute en-
gines. On-chip buffers are introduced to store temporary data in the proper layout. Furthermore,
design techniques such as memory burst and coalescing have to be used to improve the efficiency
and bandwidth of off-chip/on-chip data transfers. In addition, data in the on-chip buffers need to be
split into banks to avoid data access contentions. Figure 15(b) shows the final HLS code generated
by Merlin from the matrix-vector product code in Figure 15(a).

The Merlin Compiler contains a set of optimizations that Merlin can apply automatically, or
the users can specify manually to enable the parallelism through Merlin pragmas to arrive at
optimal hardware implementations. Figure 14 lists some of the optimizations Merlin can carry
out automatically to optimize the hardware microarchitecture. Next, we describe some of them.

Off-chip memory burst/coalescing. Off-chip memory access is one of the system performance
bottlenecks. The Merlin Compiler automatically optimizes off-chip memory communications to
match the desired parallelism expressed in pragmas or automatically detected by Merlin. Burst
mode tries to bring in consecutive chunks of data to better utilize the off-chip memory bandwidth.
Burst requires the burst length to be long enough. The Merlin Compiler detects possible continuous
off-chip memory accesses and generates local buffers if necessary to enable burst data transfer.
Coalescing is another technique for improving the utilization of the off-chip memory bandwidth.
Memory coalescing combines multiple data accesses in one read or write. In the matrix-vector
product example, Merlin changes ports a, b, ¢ to 512-bit wide so the resulting accelerator can
read/write 16 floating-point numbers in one off-chip memory access. It may generate on-chip
buffers to enable burst/coalescing. In many cases, the Merlin Compiler employs a combination of
burst and coalescing to best utilize the bandwidth to achieve maximal parallelism.

Data reuse. Data reuse is a widely used technique in FPGA hardware design. On-chip memory
(or cache) is utilized to store the data temporarily to avoid repeated access to off-chip memory. For
instance, in the matrix-vector product example, Merlin stores vector b on-chip using local buffers
to avoid repeated off-chip access, which is much slower. In more complex cases, Merlin can detect
stencil computation (e.g., [119]), then apply loop transformation to enable efficient data reuse.

Data prefetching. Data prefetching is a technique that tries to overlap the data transfer with
computation in hardware design. When the computation part is running on a dataset, the commu-
nication part is fetching the next dataset. When appropriate, Merlin can insert double-buffers to
enable the parallelism between computation and communication. For example, it applies automat-
ically data prefetching in coarse-grained pipelining. In the matrix-vector product example, if the
i-loop is further pipelined, Merlin will turn the buffer for a (a_buf) into a double-buffer. If Merlin
can detect an in-order data access, it can generate an even more efficient dataflow streaming ar-
chitecture without the need for double-buffers to achieve higher computation and communication
overlapping with minimal hardware overheads.

On-chip memory reshaping/banking. On-chip memory access can greatly affect the parallelism
that can be achieved. FPGA on-chip memories typically have only two ports, which can severely
limit the parallelism due to memory access contentions. The Merlin Compiler can automatically
change the shape of memory or break a large memory into multiple banks to match the desired
parallelism and eliminate memory access contentions [5, 121]. In the matrix-vector product ex-
ample, the buffer for a is reshaped to 2 X 32 X 32. Furthermore, the first and third dimensions
are completely partitioned so the two dot-product engines and the 32 MACs engines within each
dot-product engine will have their own dedicated memory banks to avoid any access conflict.

Loop optimizations. Loops are where most of the parallelism and data locality come from. The
Merlin Compiler can automatically parallelize/pipeline some loops. Depending on their trip counts,
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Table 3. Experimental Results Comparing Manual HLS with Merlin

Average Latency ~ Average #Pragmas

Manual HLS 7,667,994 20.94
Merlin 7,461,147 1.34
Manual/Merlin 1.03% 15.6X

the Merlin Compiler can select the right parallelism to improve the final hardware performance. It
will also restructure the code to enable auto or user-specified parallelization/pipelining. Merlin also
tries to eliminate data dependencies through techniques such as reduction, data reuse, and loop
interchange. As shown in Figure 15(b), the Merlin-generated code for the matrix-vector product
example contains two parallelized loops and one pipelined loop.

3.2.3 Results. Several experiments have employed the Merlin Compiler successfully to accel-
erate many real-world applications. In one experiment, the authors utilized 50+ highly optimized
Vitis OpenCV HLS library functions to check Merlin’s ability to reduce HLS pragmas. These func-
tions on average contain more than 20 hardware-oriented HLS pragmas. The Merlin Compiler can
eliminate almost all HLS pragmas with on average just a little more than one Merlin pragma while
achieving comparable or slightly better performance as indicated in Table 3.

Such drastic reduction in HLS pragmas comes from the high-level OpenMP-like Merlin prag-
mas and the automated optimization capability in Merlin. As a result, one can achieve significant
acceleration on an FPGA with little hardware design knowledge. Given that the Merlin Compiler
can significantly reduce the number of pragmas needed for insertion, it has been used by several
DSL tools, such as S2FA [122], HeteroCL [123], and PyLog [124], as part of the FPGA backend
synthesis flow, or by Design Space Exploration (DSE) tools, such as AutoDSE [125], for fully
automated HLS without any pragmas. Recently, Xilinx decided to make the Merlin Compiler open
source [126] so that it can be a useful source-to-source code transformation infrastructure to fa-
cilitate the research community to develop more advanced automated code transformation and
optimization capabilities on top of it. After Xilinx’s acquisition of Falcon Computing in 2020, the
automated code transformation and optimization techniques in Merlin are being gradually incor-
porated into the Vitis HLS tool from Xilinx. We expect to see a significant simplification of pragma
usage in Vitis HLS in the future.

Although the Merlin Compiler can automatically perform a large portion of code reorganiza-
tions and insert appropriate pragmas related to FPGA-specific optimization, some further code
changes, such as the loop exchange used in the genomic sequencing example in Section 2.4, are
required for performance optimization. Such optimizations are required on any computing plat-
form, including multi-core CPUs, many-core GPUs, and TPUs, and they are not FPGA-specific. It
is beyond the current scope of the Merlin Compiler. Some research works (e.g., [127]) have used
polyhedral frameworks to perform such code transformations.

3.3 Transformation of Legacy Code

As many programs were originally designed for CPUs, running them on an FPGA often involves
rewriting a large portion of the code in HLS, which could take several person-weeks or even
person-months. This effort adds to the cost of FPGA designing and hinders its wider application
in these fields. We observe the classical 80-20 rule apply to FPGA HLS design as well, where to
rewrite the code that constitutes less than 20% of the runtime, it takes 80% of the refactoring efforts
of the whole application. It is imperative to eliminate or at least reduce those efforts and to enable
the programmers to focus on the logic and the performance bottlenecks.
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1 struct Node {

2 int val;

3 Node *left, *right;

4}

5 void init(Node #**root) {

6 *root = (Node *)malloc(sizeof(Node));
73

8 void traverse(Node *curr) {

9 if (curr == NULL) return; /* ... %/
10 traverse(curr->left);

11 traverse(curr->right);

12 3}

14 void func_dna(int *); void func_rna(int *);
15 typedef void genome_func(int *);
16 genome_func *route(int xdata) {

17 return (((header *)data)->type == TYPE_DNA) ? func_dna : func_rna;
18 %

19 void thread_worker(int xdata) {

20 genome_func *func = route(data);

21 try {

22 func(data);

23 /* ... and calls functions for other stages */
24 } catch (exception &e) {

25 /% %/

26 }

27 }

28

29 char read_1[SIZE], read_2[SIZE], =*ptr;

30 // stores 'A', 'C', 'G', 'T" as 0, 1, 2, 3
31 void choose_read() {

32 ptr = (which ? read_1 : read_2);

33 3}

Fig. 16. A schematic example of a legacy genomics application in C++ code.

Among the attempts to reduce the efforts, the source-to-source transformation seems to be
promising because it automates the common practice, can be FPGA-vendor independent, and has
the potential of further parallelizing or pipelining the output C/C++ code for performance opti-
mizations. In this section, we discuss the common properties of legacy code that prevent direct
code porting from a CPU to an FPGA. We present one of the source-to-source solutions, Het-
eroRefactor [120], which performs dynamic analysis of the program and automates the refactoring
of legacy code. We further point out the unsolved challenges and potential future directions.

3.3.1 Challenges of Legacy Code. Given the differences between a CPU and an FPGA, HLS
supports a subset of the C/C++ language. However, a program that originally targets the CPU
usually involves unsupported features. In an extreme case demonstrated in Figure 16, 33 LOC
could yield up to eight errors. Those errors confuse new HLS users and require experts’ manual
correction efforts. We list the common challenges of porting a CPU legacy program for HLS as
follows.

Pointer support. There is no unified address space for on-chip memory on an FPGA. In fact,
deeper and wider memories can be composed using multiple on-chip memory blocks (BRAMs or
URAMs) that utilize customized logic and interconnects. As a result, it is challenging to give each
memory location an identifier and to provide universal access. Ramanathan et al. [128] statically
analyzed the pointer usages to reduce the requirement of global connections. However, the chal-
lenge remains when the application accesses memory dynamically, thus the support for pointers
is limited in most HLS tools. As a rule of thumb, only statically analyzable pointers can be syn-
thesized without producing errors. As a result, many commonly used pointer features, including
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nested pointers (line 3), global pointers (line 32), and many pointer operations, such as compari-
son (line 9), require code refactoring into their equivalences to be taken by HLS tools as valid
input.

Dynamic on-chip memory management. Besides the lack of unified address space and access
interconnect, on-chip memory requires customizations, such as port width specifications, for effi-
cient access. Therefore, it is challenging to dynamically reallocate the resources of one data type
for another due to different access patterns. Thus, HLS tools do not support on-chip dynamic mem-
ory management (line 6). Although Giamblanco and Anderson [129] and Xue and Thomas [130]
supported memory management by providing data structure templates, they require significant
manual refactoring to be adapted. Liang et al. [131] proposed source-to-source transformation.
However, static sizing of each data type’s heap is needed.

Recursion. Similarly, recursive functions (line 10), which need dynamic storage in a stack of the
execution states, are not supported by HLS tools. A manual transformation into loops is necessary.
Thomas [132] provides a DSL on top of C++ to simplify this transformation.

Bitwidth. The CPU programs usually over-provision the variable bitwidth to the standard data
types (line 29) supported by the processor. A direct adaption of those programs will lead to resource
waste, which could cause performance degradation and higher energy consumption. Lee et al. [133]
and Stephenson et al. [134] performed static analysis to automatically reduce the bitwidth.

Polymorphism. HLS does not support virtual functions, or function pointers (line 20), due to the
lack of unique identifiers for the implemented function modules. In addition, because of the afore-
mentioned memory model, it does not handle complex data type reinterpretation (line 17).

Exception handling. Similar to recursion, the lack of function execution states in a stack further
causes the exception handling (line 24) challenging to implement on an FPGA. Although usually
implemented as a trivial stack pop in CPU programs, exception handling on an FPGA requires
the message passing to the exception handling module and the termination of all intermediate
modules.

Multi-threading. Although supported in HLS to have multiple functions executed concurrently,
many existing programs employ CPU thread execution models, like pthreads, to spawn multi-
ple workers. Choi et al. [135] supported the pthreads model in HLS. Instead of putting stages
into different threads for pipelining, these programs, written in this manner, often have multiple
stages executed in the same thread (line 23). In HLS, pipeline stages of multiple tasks are often
preferred over multiple homogenous PEs, since the stages could be optimized for a specific task,
thus improving performance and reducing resource usage.

3.3.2  Automated Refactoring. To address these challenges, Lau et al. [120] proposed to automat-
ically refactor the legacy code for HLS compatibility in their work, HeteroRefactor. They observed
that the major challenge in supporting legacy code is the dynamic property of CPU programs. Tra-
ditionally, to refactor the code, one needs to understand the algorithm to determine the bounds.
For example, the data width of a color pixel is 24 bits, the maximum size of a tree is the input length,
and so forth. Using dynamic invariant analysis techniques, they extended the commonly used tools
in the software engineering community to collect FPGA-specific properties. Using this knowledge,
HeteroRefactor can transform the program to be synthesizable and selectively offload the program
to the FPGA when the invariants are not violated. Figure 17 demonstrates the overall framework
of HeteroRefactor. HeteroRefactor consists of two parts, dynamic invariants collection, which de-
tects the program properties, and refactoring, which uses the properties to perform FPGA-specific
transformations.

Dynamic invariants collection. Two approaches are supported in the HeteroRefactor framework,
Daikon-based and refactoring-based detection, applicable to different scenarios and extensible to a
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Invariants Collection | refactoring-based | | Daikon-based |
Refactoring | malloc/free | | pointer access | | stack | | control-flow | | local variable | | custom data type |
pointer & dynamic memory support recursion support bitwidth reduction

Fig. 17. The overall framework of HeteroRefactor.

broader range of invariants. By executing the program using typical input data, the likely prop-
erties could be collected and therefore an understanding of the algorithm is obtained for the
refactoring.

The Daikon-based detection approach supports the dynamic detection of a wide range of in-
variants by utilizing the state-of-the-art detector, Daikon [136]. Although the Daikon framework
already supports many properties, it requires extensions for HLS refactoring. In HeteroRefactor,
the authors proposed two types of FPGA-specific invariants: (1) the required bitwidth of a variable,
and (2) the number and type of elements in an array. Besides those properties, through standard
specifications in Daikon, one could further extend HeteroRefactor for addressing other challenges.

Additionally, to reduce the instrumentation overhead and support non-standard invariants,
Lau et al. [120] proposed a refactoring-based approach. Although powerful, the Daikon detector
needs tens of minutes to instrument a complex program, and its support is limited to a given static
program. We could collect some invariants with lower costs if we embed the instrumentation in
the program and optimize them with the compilers. For example, HeteroRefactor modifies memory
allocation/de-allocation function calls and adds tracing points at the entry/exit of recursive func-
tions. In this way, one could obtain the size of dynamically allocated elements and the depth of the
necessary function call stack during normal program execution. However, program modification,
which is not supported in Daikon, is required in some of the invariant detections, such as the pre-
cision of a floating-point variable. Using the refactoring-based approach, HeteroRefactor performs
differential execution of two programs: the original program and the modified low-precision pro-
gram. The differences are empirically assessed to determine the minimum precision to maintain
an acceptable precision loss.

Refactoring. HeteroRefactor addressed four aforementioned challenges: pointer support, dy-
namic memory management, recursion, and bitwidth. Using the collected invariants, Lau et al.
[120] performed transformations using the ROSE compiler [137].

To support pointers and dynamic memory management, HeteroRefactor (1) rewrites
malloc/free and (2) modifies the pointer accesses to array accesses. With the collected sizes of
dynamic allocations, HeteroRefactor could create preallocated arrays with optimized access width
per data type, and allot memory resources using a buddy memory system. It then converts the
pointers into indexes in the arrays before changing the pointer operations into index arithmetic
instructions. From there, it transforms the pointer access into the access of the corresponding
element in the array.

To support recursion, HeteroRefactor (1) creates a stack for the local variable context,
(2) rewrites the control flow, and (3) modifies the variable accesses. The invariants collected in
the detection step determine the depth of the stack. HeteroRefactor converts the recursion to a
while loop, where a function call pushes the new context into the stack and continues the loop,
and a function return pops the stack and restores the execution state. Local variable accesses are
redirected to the stack.

To optimize the variable bitwidth, HeteroRefactor (1) modifies the data width, (2) changes the
arithmetic operators, and (3) propagates the type changes. It reduces the width of an integer using
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ap_uint<k> or ap_int<k> provided by Vitis HLS, where k is the collected invariant. Utilizing
Thomas’s templatized soft floating-point type library [138], HeteroRefactor optimizes the precision
of a floating-point variable. It modifies the operators of the variables accordingly to the reduced
bitwidth and finally propagates the type changes to their references to keep the program valid.

HeteroRefactor further creates a guard protection system in the refactored kernel to monitor
if the dynamic invariants are maintained for unforeseen data. When the dynamic invariants are
violated, the program execution will fall back to the CPU to ensure correctness.

Experimental result. Lau et al. [120] employed 10 programs originally designed for a CPU to eval-
uate HeteroRefactor, including complex recursion programs like Aho-Corasick string matching,
merge sort and Strassen’s matrix multiplication, and real-world applications like face detection,
3D rendering from Rosetta benchmark suite [139], and color conversion from OpenCV. Those
programs are ported to an FPGA for on-board execution using HeteroRefacor with no human
intervention, effectively reducing the efforts of manual rewriting the program with 1.05X more
lines of the legacy code on average. Furthermore, by optimizing the bitwidth of integers and the
precision of floating numbers, BRAM usage is decreased by 41%, and DSP usage is cut by 50%,
correspondingly.

3.3.3  Future Work. Although HeteroRefactor has addressed many of the challenges, some is-
sues remain unsolved. To name a few, global pointer remains unsupported because of the com-
plexity of access optimizations, and polymorphism support is not implemented. To the best of the
authors’ knowledge, no existing work has supported the C++ exception handling in HLS. LegUp
has supported the multi-threading model [135]. However, the support is limited to pthreads and
requires explicit data flow pipelining, which is less common in CPU programs. For most of the
existing legacy code, it remains impractical to directly synthesize them into hardware in a push-
button fashion.

With the increasing complexity of the applications, more available resources on FPGAs, and
the trends of embedded lightweight processors like ARM processors or Al Engines [140] on the
fabrics, it might be a good time to revisit the hybrid hardware-software architecture, like the one
proposed in the work of Canis et al. [141] with an MIPS soft-processor compiled with the LegUp
HLS. Combining the power of an FPGA’s customizability and instruction processor’s compatibil-
ity, we could expect future HLS to have greater programmability while producing designs with a
higher performance given that the embedded processor can run with a much higher frequency.

3.4 Open Source HLS

Given the complexity of HLS, combining technology from compilation, simulation, hardware syn-
thesis, processors, and system infrastructure to achieve high-quality results, large projects seem
somewhat inevitable. Although many research projects have focused on aspects of HLS over the
years [1], open source projects have had particular impacts. LegUp [141, 142] was one significant
open source project implementing a complete end-to-end flow to RTL including integration with
a processor subsystem. This enabled synthesizing a wide variety of input code, including multi-
threaded code using the pthreads library and OpenMP APIs.” Bambu [143] and Dynamatic [144]
are other significant open source HLS projects that are still under active development.

Recently, the presence of widely available commercial HLS tools has heavily shifted the areas
of active research. Rather than focusing on low-level synthesis techniques, most current research
projects instead focus on higher-level concerns, as discussed in Section 3. These research projects

3 Although originally open source, LegUp was transitioned to closed-source source development and eventually acquired
by Microsemi in 2020.
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tend to generate synthesizable C code or interface with commercial tools through public inter-
faces. For instance, Xilinx Vitis HLS publishes a direct IR interface that can be directly used by
higher-level tools [145]. Although the presence of proprietary tools has enabled many new areas
of research, reliance on complex closed-source tools has made innovative research on low-level
synthesis techniques somewhat less common, since it typically requires significant engineering to
compare favorably to commercial tools.

One solution to this engineering complexity is to leverage best-in-class infrastructure. Although
LLVM [2] has formed the basis for several HLS tools, the core CDFG representation that it supports
only addresses some aspects of an end-to-end HLS flow. The MLIR [146] project offers a promising
framework for next-generation HLS tools that can help to address this complexity. MLIR provides
a core of basic functionality integrated with LLVM that can be easily extended to support a wide va-
riety of abstractions through dialects. Several dialects included with MLIR are convenient for HLS
tools, including abstractions of structured control flow and affine loops. Another key capability
useful for HLS is that MLIR supports code regions with a variety of basic structures. In addition to
supporting code regions describing a static single assignment (SSA)-style sequential control-flow
graph of operations, MLIR code regions may also describe a concurrent graph of operations with
arbitrary feedback, similar to circuit descriptions in a hardware-oriented compiler. ScaleHLS is the
first attempt to implement HLS transformations using the MLIR framework [147, 148].

3.5 Domain-Specific Languages

Programming high-performance FPGA applications with traditional C++-based HLS tools de-
mands a deep understanding of the underlying hardware details, which is quite different from
traditional software programming. In addition, designers often need to insert hardware-centric
pragmas to achieve the QoR goals as discussed in Section 3.2. These issues hinder the wide adop-
tion of HLS and limit the users to a small group of designers trained with HLS-specific knowledge.

Using DSLs can simplify the work of both programmers and compilers to identify and exploit
opportunities for advanced customizations in a specific application domain. For this reason, it is
not surprising to see many domain- or application-specific languages emerging in the past sev-
eral years either for FPGAs or re-purposed from CPUs or GPUs to FPGAs. For example, Halide-
HLS [149], HeteroHalide [150], and GENESIS [151] build on Halide [152] to synthesize optimized
image processing pipelines for FPGAs. Darkroom [153] and Rigel [154] capture image processing
algorithms as direct acyclic graphs of basic image processing operations and generate efficient
hardware accelerators for FPGAs. Heterogeneous image processing acceleration (Hipacc) [155] is
another DSL producing low-level code for image processing kernels on FPGAs. TVM [156, 157] is
a Halide-inspired compilation framework for deep learning compilation, which supports multiple
hardware backends including FPGAs. T2S-Tensor [70] is a Halide-based DSL that allows the pro-
grammers to specify a dense tensor computation in functional notation along with decoupled spa-
tial optimization directives. It generates high-performance systolic arrays for FPGAs and CGRAs.
SuSy [71] enables the specification of systolic algorithms in the form of uniform recurrence equa-
tions and compiles them to FPGAs. OptiML [158], a Scala-embedded ML DSL leveraging the Delite
compiler framework [159], is an automated design tool for implementing FPGA accelerators from
high-level programs.

These languages provide a limited number of optimized functions/operators specific to “hot”
or important domains and applications (image processing, ML, network packet processing, etc.).
The narrower focus of the application domains enables DSLs to provide high-level programming
interfaces for high productivity and, at the same time, very specialized implementations for high
performance. DSL-based HLS could be much more productive than C-based HLS to express certain
applications on FPGAs and achieve domain-specific customizations.
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Table 4. Supported Compute, Quantization, and Memory Customization Primitives in HeteroCL

Primitive Description
C.split(i, v) Split loop i of operation C into a two-level nested loop with v as the factor of the inner loop.
C.fuse(i, j) Fuse two sub-loops i and j of operation C in the same nest loop into one.
C.reorder(i, j) Switch the order of sub-loops i and j of operation C in the same nest loop.
P.compute_at(C, i) Merge loop i of the operation P to the corresponding loop level in operation C.
C.unroll(i, v) Unroll loop i of operation C by factor v.
C.parallel(i) Schedule loop i of operation C in parallel.
C.pipeline(i, v) Schedule loop i of operation C in pipeline manner with a target initiation interval v.
quantize(t, d) Quantize a list of tensors t from floating to fixed point type d.
downsize(t, d) Downsize a list of tensors t of integers to integers d with smaller bitwidth.
C.partition(i, v) Partition dimension i of tensor C with a factor v.
C.reshape(i, v) Pack dimension i of tensor C into words with a factor v.
memmap(t, m) Map a list of tensors t with mode m (vertical or horizontal) to new tensors.

P.reuse_at(C, 1) Create a reuse buffer storing tensor P, which are reused at dimension i of operation C.

One recent example is HeteroCL [123, 160], which has recently been proposed to improve the
design productivity and quality of FPGA-based hardware accelerators, especially for ML appli-
cations. HeteroCL is composed of a Python-based DSL and an automated compilation flow that
maps the input algorithm into special-purpose accelerators through HLS. Similar to Halide [152]
and TVM [156], HeteroCL separates an algorithm specification from a temporal compute sched-
ule such as loop reordering, tiling, unrolling, and pipelining. Unlike the previous approaches that
mainly focus on CPUs/GPUs, HeteroCL further decouples the algorithm from memory architec-
tures and data quantization schemes, which are both essential for efficient hardware customization.
In addition, HeteroCL extends TVM to blend a tensor-style declarative program with imperative
code, which provides high design productivity for developing ML applications and at the same
time allows the framework to support a broader range of applications. To achieve high perfor-
mance on FPGAs, HeteroCL can generate efficient spatial architectures such as systolic arrays and
stencil-based dataflow architectures.

On the compute side, HeteroCL provides a rich set of primitives to allow the user to perform
various loop transformations and parallelizing optimizations. Data type customization plays an
important role in FPGA-based accelerators due to the flexibility of the underlying hardware. Het-
eroCL enables users to explore quantization and downsizing optimizations on a per-variable level.
Thanks to the algorithm-customization decoupling, the users can conveniently explore the accu-
racy vs. QoR tradeoff due to data type customization without needing to rewrite the algorithm
part of the design. HeteroCL also provides a set of primitives for common memory customization
to explore various memory reuse and bandwidth improvements such as partitioning, reshaping,
and reuse buffer construction. Table 4 summarizes the set of customization primitives currently
supported in HeteroCL.

HeteroCL supports three types of backends. First, HeteroCL supports a general backend that
generates HLS C/C++ or OpenCL. In addition, HeteroCL incorporates a stencil backend based on
the SODA framework [119], which automatically implements the stencil patterns with optimized
dataflow architecture that minimizes the on-chip reuse buffer size. Finally, HeteroCL can analyze
the user-specified “systolic” macros and generate annotated HLS C++ code as an input to the
AutoSA framework [41]. The AutoSA framework performs DSE and optimization and synthesizes
efficient systolic array architectures on the FPGA.

At the moment, most existing FPGA-targeted DSLs [71, 149, 153, 161] including HeteroCL ei-
ther leverage commercial off-the-shelf HLS tools as a backend or directly generate the RTL code.
Going forward, we envision many of these languages and frameworks can benefit from integrat-
ing with an open source and reusable compiler infrastructure and/or intermediate representation
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(e.g., MLIR [146], Calyx [162]) to minimize repeated efforts and maximize the number of hardware
targets.

3.6 Standardization

Historically, the development of hardware description languages in the early 1980s and the adop-
tion of the Verilog [163] and VHDL [164] standards in the early 1990s became a critical inflection
point for chip designers. Although early integrated circuits were simple enough to design and
layout by hand without automation, improving manufacturing technology enabled larger devices
where these design techniques were not practical. The adoption of these languages for simulation
and (eventually) logic synthesis allowed more complicated VLSI devices. The de facto standardiza-
tion of the synthesizable subset of these languages, based on the features implemented by a wide va-
riety of tool vendors, allowed designs to be largely portable between different tools and technology.
Today, IP developers create components based on these standards, enabling a wider market reach.
Although HLS offers even more opportunities to abstract from the details of a particular imple-
mentation technology, there has currently been little progress toward standardization. Although
some tools support portability between different ASIC and FPGA technologies, it is generally diffi-
cult or impossible to compile the same code with HLS tools provided directly by FPGA vendors. Sig-
nificant differences in supported features, libraries, and even the core abstractions make portability
difficult [165]. Although libraries can help to hide some of these differences [166], it seems unlikely
that without coordinated effort from tool vendors that the situation will change anytime soon.
One recent approach to standardization is SYCL, which provides a single-source programming
environment for CPUs, GPUs, and FPGA accelerators [167]. SYCL focuses on a processor plus
accelerator architecture model to describe computation, abstracting the communication and syn-
chronization between the two. SYCL also forms the basis of Intel’s Data Parallel C++ (DPC++)
toolchain [168]. Unfortunately, although SYCL presents a single-source approach, achieving per-
formance still typically requires a device-specific coding style, often leveraging vendor extensions.
It remains to be seen whether accelerator compilers, including HLS for FPGAs, advance to the point
where most code can be ported from one device to another while still achieving performance.

4 DISCUSSIONS AND CONCLUSION

The deployment of the FPGA HLS technology has matured significantly in the past decade, and
we see widespread usage of the HLS tools for FPGA designs, especially for accelerated computing,
ranging from academic research projects to commercial products. We chose to highlight successes
in four different selected areas, including deep learning, video transcoding, graph processing, and
genome sequencing. We also identified several challenges faced by the HLS technology and the
opportunities for further research and development, especially in the areas of achieving high clock
frequency, coping with complex pragmas and system integration, legacy code transformation, sup-
porting DSLs, building on open source HLS infrastructures, and standardization, which are dis-
cussed in detail in Section 3. Before we conclude, we would like to discuss the suitability of HLS
and highlight several additional challenges and research opportunities.

4.1 Suitability of HLS

In this article, we focus on the HLS design methodology and tools that start with untimed behavior
descriptions, mostly in C/C++ but also possibly in other DSLs as discussed in Section 3.5. There are
other ways to improve the RTL-based design productivity with better abstraction using tools like
BlueSpec [169] and Chisel [170]. Although effective, they still require cycle-accurate specification
as input. For this reason, we do not classify them as HLS tools.
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Given our definition of HLS tools with an emphasis on raising the design abstraction to untimed
behavioral specifications, the current HLS tools are well suited for synthesizing various computa-
tion, communication, and data processing algorithms into accelerators or data processing engines
on FPGAs. Either the throughput or the overall latency can be set up as design objectives (un-
der the FPGA resource constraints). But these HLS tools are often not flexible enough to handle
cycle-by-cycle behavior defined by a finite state machine (FSM), as in the design of some I/O inter-
faces and double-pumping memories, which naturally prefers a cycle-accurate description. Hence,
it often requires RTL-based scaffolding or the use of commercial IP integration tools to connect
HLS-generated blocks using on-chip networks or shared memory controllers.

It is possible to use the available pragmas in existing HLS tools to enforce absolute/relative
timing constraints or even nearly cycle-accurate behavior, but it is not our recommended method-
ology. Some recent ASIC-focused projects have reported promising results in using HLS to develop
more control-intensive modules such as arbitrated crossbars, caches, NoC routers, and processor
cores [171, 172]. We believe that such efforts can later be leveraged in FPGA HLS design as well.

4.2 Further Research Needs

As a supplement, we would like to highlight several additional challenges and research opportuni-
ties in the following, even though they are not directly related to the core HLS technology.

Fast performance debugging. When an HLS C program fails to meet the performance require-
ment, an interesting and challenging question is how to add additional pragmas and/or re-
structure the program for better latency or throughput. CPU and GPU programmers can use
established tools like VTune [173] and NSight [174] for performance tuning. These tools ex-
ploit the built-in hardware performance counters and provide line-by-line profiling results.
Such capability is greatly lacking for FPGA designs. HLScope made an important first step
for both static performance estimation [175] and dynamic on-chip monitoring [176]. But
more tools are needed in this area.

Quick physical design closure. Even though HLS offers high productivity for FPGA designers,
RTL designs generated by the HLS tools may be prone to placement-and-routing issues and
timing degradation during implementation. Such deficiencies are compounded by the long
runtime of the physical design stages. It is vital to generate the bitstream of an accelerator
within minutes, and we believe that this can be made possible with the integration of two
strategies: (1) HLS designs should be floorplanned and pipelined effectively through physical
layout awareness, and (2) time-consuming physical design should be accelerated through
design modularity and parallel placement and routing. There are several studies [116, 177]
leveraging these strategies separately. However, we envision that the key to minute-scale
design closure is to integrate these two strategies into a unified flow.

Efficient DSE. FPGA programmers need to explore a wide range of hardware customization op-
tions, whereas fundamental design objectives are area, latency, and power. Programmers
can configure HLS directives to guide the synthesis process in compliance with their design
objectives. These directives constitute a large and complex search space, which makes man-
ual or exhaustive exploration highly inefficient. Therefore, efficient DSE in HLS with multi-
objective optimization techniques is highly desired. A recent bottleneck analysis based DSE
is an encouraging example in this direction [125].

We are sure that this list is not exhaustive, but its entries are representative of the most urgent
needs faced by the FPGA HLS community. We look forward to another exciting and productive
decade for the HLS technology to further mature.
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