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Abstract—Real-world weather forecasting applications consist
of compound stencil kernels that do not perform well on
conventional architectures. This behavior is due to their complex
data access patterns, limited data reusability, and low arithmetic
intensity1. To overcome these issues, we harness the potential
of near-memory computing by offloading a horizontal diffusion
kernel, which is a compound stencil kernel, from the COSMO
weather prediction application to a reconfigurable fabric. We use
a heterogeneous system that comprises a CPU and an FPGA
with on-chip SRAM memory and on-board DRAM memory.
By introducing a memory hierarchy tailored to the targeted
application and using a coherent memory model, we move
the computation close to the memory, which improves memory
efficiency. Our hardware design on the FPGA uses high-level
synthesis techniques and results in an accelerator with IBM®

CAPI 2.0 (Coherent Accelerator Processor Interface) technology.
We evaluate it against a tuned software implementation running
on an IBM®POWER9® host system. The experimental results
show that these kernels on an FPGA can outperform a complete
16-core POWER9 node (configured with 64 threads) by 3.3×.
Moreover, our solution provides an 18× improvement in the
active energy consumption.

Index Terms—near-memory computing, FPGA, HPC, perfor-
mance, energy-efficiency, CAPI

I. INTRODUCTION

The Consortium for Small-Scale Modeling (COSMO) [1]
was established to meet the high-resolution forecasting re-
quirements of weather services. The COSMO model is a
non-hydrostatic atmospheric prediction model currently be-
ing used by a dozen nations for meteorological purposes
and research applications. The dynamical core (dycore) is
the central part of the COSMO model, which consists of
compound stencil kernels that operate on a three-dimensional
grid [2]. In the literature [3]–[6], we usually come across
elementary stencils. However, compound stencils consist of
a collection of elementary stencils that perform a series of
element-wise computations on a complete three-dimensional
grid. Horizontal diffusion (hdiff) is one such compound kernel
found in the dycore of the COSMO model and also in many
other weather applications [7]–[9].

In the HPC domain, power consumption has become one of
the significant implementation bottlenecks for these kernels.
To overcome this issue, complementing general-purpose cores
with specialized FPGA accelerators is a promising approach
to enhance overall system performance without a significant

1The arithmetic intensity (or operational intensity) is the number of
operations per byte of the memory traffic.
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Fig. 1: Roofline [10] for POWER9 (1-socket) showing a horizontal
diffusion kernel for single thread and 64 threads (one socket) imple-
mentation.

increase in power consumption. However, taking full ad-
vantage of an FPGA for accelerating a workload is not a
trivial task. First, FPGAs run at extremely low frequencies
compared to the state-of-the-art CPU. Therefore, to match
the CPU’s performance, an FPGA must exploit at least one
order of magnitude more parallelism in a target workload.
Second, efficient FPGA designing requires comprehensive
knowledge of the FPGA micro-architecture with sufficient
FPGA programming skills, which often leads to a significant
design effort. Third, CPU and FPGA are connected via low-
bandwidth I/O links, which cause significant data movement
overhead. To this end, IBM’s CAPI technology [11] (Coherent
Accelerator Processor Interface) addresses the above issues by
going beyond today’s I/O attached acceleration engines. This
technology enables accelerators to act as coherent peers to
the host processor by giving accelerator modules access to the
virtual address space of a process running on the host at a high
bidirectional bandwidth of 32 GB/s. This coherent memory
model allows the seamless sharing of information between
the host CPU and FPGA [12]. Therefore, by deploying a
coherent accelerator, we can exploit the benefits of near-
memory computing [13] without sacrificing the flexibility
of the host CPU. The recent release of the CAPI SNAP
environment2 has further improved programmability because
it provides a comprehensive hardware and software layer on
top of the lower-level CAPI interface.

In this paper, we leverage the CAPI SNAP environment to

2https://github.com/open-power/snap



build a near-memory horizontal diffusion accelerator (NAR-
MADA), a CAPI-based hardware accelerator on an FPGA
for a horizontal diffusion kernel from a real-world COSMO
weather-prediction application. Owing to its complex memory
pattern, this kernel on current CPUs is limited by memory
bandwidth and access latency, typically resulting in about 10%
or less sustained floating-point performance. Figure 1 shows
the roofline [10] plot for the current state-of-the-art IBM® 16-
core POWER9 CPU (G8335-GTH)3,4. After optimizing the
hdiff kernel for the POWER architecture by following the
approach in [14], we were able to achieve 39.6 GFLOP/s. This
low performance is due to inefficient bandwidth utilization
because of the limited locality of the data and multiple passes
of data transfers.

On the other hand, NARMADA was able to outperform
a complete 16-core POWER9 socket by 3.3× in terms
of performance. Moreover, our solution leads to an active
energy improvement of 18× with an energy efficiency of
7.2 GFLOPS/Watt. In addition, our co-designed hardware-
software framework provides an optimized API to interface
efficiently with the rest of the code and can be extended to
other compound kernels in the COSMO model.

In summary, the major contributions of this paper are:
• First implementation and optimization of horizontal diffu-

sion kernel from a real-world weather-prediction COSMO
application on a re-configurable fabric.

• We propose a data-centric heterogeneous memory hierar-
chy caching scheme.

• An architecture based on IBM CAPI 2.0 on a high-end
FPGA, which we compare with the state-of-the-art IBM®

POWER9® CPU.
• Performance and energy evaluation with scalability anal-

ysis of our accelerator. We show that NARMADA can
outperform a complete 16-core POWER9 node (config-
ured with 64 threads) by 3.3×.

The remainder of this article is structured as follows. Sec-
tion II provides details of the horizontal diffusion kernel and
highlights the CAPI SNAP environment employed for build-
ing NARMADA. Section III presents the actual design with
the heterogeneous memory hierarchy. Section IV describes a
prediction model developed for scaling NARMADA on other
FPGA devices. Section V outlines the system setup and the
results of our experiments, including an efficiency analysis
of our accelerator compared to an IBM® POWER9 CPU.
Section VI lists related work and Section VII concludes the
paper by indicating future directions.

II. BACKGROUND

This section gives an overview of the horizontal diffusion
kernel and the CAPI SNAP framework that has been used to
connect our accelerator to a POWER9 system.

3This CPU belongs to the POWER9 family of processors, which fuels
Summit and Sierra, which in turn are currently #1 and #2 of the TOP500.

4IBM and POWER9 are registered trademarks or common law marks
of International Business Machines Corp., registered in many jurisdictions
worldwide. Other product and service names might be trademarks of IBM or
other companies.
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Fig. 2: Horizontal diffusion compound kernel composition in a two
dimensional plane.

A. Horizontal Diffusion

Unlike stencils found in the literature [3]–[6], real-world
compound stencils consist of a collection of elementary sten-
cils that perform a sequence of element-wise computations.
Algorithm 1 shows a pseudo-code for the horizontal diffusion
(hdiff) kernel. This kernel iterates over a 3D grid performing
laplacian and flux as depicted in Figure 2 to calculate different
grid points. Such compound kernels have complex memory
access patterns and low arithmetic intensity because they
have a limited number of operations per loaded value. An
implementation on the CPU leads to limited data locality,
inefficient memory usage, and unexploited parallelism.

Algorithm 1: Pseudo-code for horizontal diffusion used
by the COSMO [1] atmospheric model

1 Function horizontalDiffusion(float src, float dest)
2 for d← 1 to depth do
3 for c← 2 to column− 2 do
4 for r ← 2 to row-2 do

/* laplacian calculate */
5 lapCR = laplaceCalculate(c, r)

/* row-laplacian */
6 lapCRm = laplaceCalculate(c, r − 1)
7 lapCRp = laplaceCalculate(c, r + 1)

/* column-laplacian */
8 lapCmR = laplaceCalculate(c− 1, r)
9 lapCpR = laplaceCalculate(c+ 1, r)

/* column-flux calculate */
10 fluxC = lapCpR − lapCR

11 fluxCm = lapCR − lapCmR

/* row-flux calculate */
12 fluxR = lapCRp − lapCR

13 fluxRm = lapCR − lapCmR

/* output calculate */
14 dest[d][c][r] = src[d][c][r]− c1 ∗ (fluxCR −

fluxCmR) + (fluxCR − fluxCRm)
15 end
16 end
17 end
18 end

B. CAPI SNAP

The OpenPOWER Foundation Accelerator Workgroup cre-
ated the CAPI SNAP (Storage, Network, and Analytics Pro-
gramming) framework, which is an open-source environment,



that establishes two technology novelties [15]: (i) it enables
application programmers to embrace FPGA acceleration and
CAPI’s technology benefits, and (ii) it places the accelerated
compute engines, or FPGA actions, closer to the data to
achieve better performance. SNAP provides a simple API to
call for an accelerated action, and also provides programming
methods to code customized accelerated actions on the FPGA
side. These accelerated actions can be specified in C/C++ code
that is then compiled to the FPGA target using the Xilinx
Vivado HLS tool.

III. DESIGN METHODOLOGY

A. Design Challenge

On our current HPC systems based on multi-core archi-
tectures, the horizontal diffusion kernel is not able to reach
optimal performance due to complex memory patterns and its
inefficiency to exploit a rigid cache hierarchy, see Figure 1.
Moreover, owing to the low locality of the data, this kernel
is not able to fully utilize the available memory bandwidth,
which leads to a high data-transfer overhead in terms of latency
and energy consumption. This inefficiency necessitates for
an architecture that leads to fewer off-chip data movements
with higher throughput for the loaded data. Therefore, our
accelerator design can benefit from a data-centric approach
rather than a compute-centric approach. Such architectures
have proven to increase system performance by effectively
managing the data [13].

B. NARMADA, a near-memory horizontal diffusion accelera-
tor

Figure 3 shows a high-level overview of our integrated
system. The FPGA is connected to a server system based
on an IBM® POWER9 processor using a coherent accelerator
processor interface 2.0 (CAPI 2.0). NARMADA consists of
accelerator functional unit (AFU) that interact with the host
system through the power service layer (PSL), which is the
CAPI endpoint on the FPGA. Figure 4a shows the flow
of data from the host memory to the FPGA memory (the
mapping of data on different FPGA memories is shown in
Figure 3). The collected weather data, which is based on the
atmospheric model resolution grid, is stored in the DRAM of
the host system ( 1 in Figure 4a). As FPGAs have limited
resources, we propose 3D window-based grid transfer from
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Fig. 3: Heterogeneous platform with an IBM® POWER9® host
system connected to an FPGA accelerator platform via CAPI 2.0.

the host DRAM to the FPGA. We employ a double buffering
technique ( 3 ) between the CPU and the FPGA to hide the
PCIe overhead. By configuring a buffer of 64 cachelines,
between the AXI4 interface of CAPI2/PSL and the AFU, we
can reach the theoretical peak bandwidth of CAPI2/PCIe (16
GB/s). We create a specialized memory hierarchy from the
heterogeneous FPGA memories. By using a greedy algorithm,
we determine the best-suited hierarchy for our kernel. The
heterogeneous memory controller (shown in Figure 3) handles
the data placement to the appropriate memory type.

On the FPGA, following the initial buffering, the 3D
window-based grid data is mapped onto the FPGA DRAM
( 4 ). The window size represents the portion of the grid an
AFU will process. As the hdiff kernel has limited spatial
locality, we cache only certain parts of data around the row
dimension into the register file ( 6 ) (LUTs and FFs). To bridge
the latency gap between DRAM and the register file, we
introduce another memory level ( 5 ) in between, which is
made up of BRAM (B-Hierarchy). This intermediate hierarchy
consists of 3D window data decomposed (or sliced) into a 2D
grid. However, to exploit the available FPGA resources further,
we also introduce another level of URAM-based memory
between the DRAM and BRAM (U-Hierarchy). Unlike tra-
ditionally fixed CPU memory hierarchies, that usually makes
poor use of cache-hierarchies, an algorithm-specific hierarchy
has been proven to improve the energy-delay product (EDP)
by tailoring the cache-levels and cache-size to applications’
access patterns [16]. In our case, we experimented with two
cache setups, i.e., B-RAM and U-RAM. In every setup we
place sequential data accesses, corresponding to a single hdiff
step (lines 5-14 of Algorithm 1), in a single 2D memory
space, composed of BRAMs or URAMs respectively. This 2D
memory space is configured with multiple parallel BRAMs
or URAMs using on-chip memory reshaping techniques that
allow for bandwidth maximization [17]. Figure 4b shows the
NARMADA framework. Each NARMADA AFU employs an
array of processing elements (PEs) to solve the horizontal
diffusion computation. Additionally, to achieve a massively
parallel design, we exploit the immediately available spatial
parallelism by pipelining our PEs. NARMADA AFUs act as
peers to the CPU by accessing the main memory through
a high-performance cache-coherent link enabled by PSL. A
software-defined API handles offloading jobs (“actions”) to
NARMADA with an interrupt-based queuing mechanism that
allows minimal CPU usage (and hence, power) during FPGA
use. The job manager dispatches jobs to streams managed in
the stream scheduler. Each stream controls the execution of
a job and determines which data is to be read from the host
memory and sent to the PE array through DMA transfers. The
pool of heterogeneous on-chip memory is used to store the
input data from the main memory and the intermediate data
generated by an AFU. HDIFF SNAP, as depicted in Figure 4b,
allows actions on an FPGA device to access the virtual
memory space on the host in addition to resources such as
the FPGA on-board DRAM memory. This access is achieved
through the “actions” wrapper, which provides the interface
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for the user logic to the power service layer module. Data is
transferred between the POWER9 and FPGA at the granularity
of cachelines of 128 bytes ( 2 in Figure 4a). A CAPI link can
transfer 512 bits of data per cycle, and hence we need two
reads for a complete cacheline. Assume that the total number
of cachelines required to represent an entire grid domain of
dimension I × J × K is represented by ζTotal. Let ζwindow
represent the amount of data processed by a single window in
terms of cachelines. Then the total number of sweeps required
by an AFU to process the entire domain is given by d ζTotal

ζwindow
e.

However, increasing the number of AFUs (µ) decreases the
number of sweeps by a factor of µ. This is because each
AFU is assigned its own ζwindow. Hence, the amount of on-
chip storage space required per AFU depends heavily on the
3D window dimensions and the memory hierarchy used. The
maximum available resources on an FPGA, heavily constrain
the maximum number of AFUs (µmax) that can be instantiated
on a chip, which is given by

µmax = min
⌊−−→ηmax
−−→ηAFU

⌋
(1)

where −−→ηmax represents a vector containing the maximum
available resources on a single FPGA board, being a collection
of BRAM, DSP, FF, LUT, and URAM, and where the term
−−→ηAFU represents a vector of FPGA resources used by a sin-
gle AFU.

IV. SCALING PREDICTION MODEL

The implementation of a design on an FPGA device can
provide different gains when implemented on another FPGA
device. However, HLS tools are extremely slow for effective
design-space exploration because, even for a single design
point implementation, run times could take hours. This inhibits
designers from making appropriate cost-value decisions [18],
[19]. Additionally, back-of-the-envelope calculations cannot
accurately predict complex design behavior. For instance, in

our design, memory partitioning with a bigger window size
could lead to a complex network of address multiplexers.
Therefore, we built a model using a best-fit empirical poly-
nomial equation to explore rapidly the design space of NAR-
MADA on different FPGA devices. Algorithm 2 explains our
two-step approach to estimate the performance of NARMADA
on a new FPGA device.

To construct our model, we use implementation data from
an FPGA device from a family and use the constructed model
to make predictions for other devices across that family.
The polynomial coefficients (an, an−1, ..., a0) are estimated at
design time using a least-squares regression. In Algorithm 2,
the prediction of scaled performance ρ̂ refers to performance
with µ AFUs using a window of ω. In a similar way, we make
a model for all the FPGA resources.

Algorithm 2: AFU scaling prediction model
Result: Pareto optimal (ω, µ)

1 initialization
2 while FPGAdevice do
3 Step 1: Empirical characterization per AFU

Input : ω = ωmin, µ = µmin

Output: −−−→ηAFU , ρAFU

4 High-level-synthesis with Vivado HLS &
5 FPGA implementation with Vivado
6 Step 2: Performance Modeling

Input : −−−→ηAFU , ρAFU

Output: Pareto optimal (ω, µ)
7 for ω = ωmin : ωmax do
8 while η{BRAMorDSPorFForLUT} !=

ηmax{BRAMorDSPorFForLUT} do
9 ρ̂ = an×µn(ω)+an−1×µn−1(ω)+...+a1×µ(ω)+a0

10 µ← µ+ 1
11 end
12 maximize (ρ̂)
13 end
14 end



TABLE I: Considered system parameters and hardware configuration
for the CPU and the FPGA board

Host CPU 16-cores IBM® POWER9® AC922
@3.2 GHz, 4 SMT

Cache-Hierarchy 32 KiB L1-I/D, 256 KiB L2, 10 MiB L3
System Memory 32GiB RDIMM DDR4 2666 MHz
FPGA Board Alpha Data ADM-PCIE-9V3 PCI card
FPGA Family Xilinx Virtex® Ultrascale+™ XCVU3P-2
Device Memory 8GiB (DDR4)
CAPI Interface PCIe Gen4 x8

Base Pipeline Partitioned BHierarchy UHierarchy
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Fig. 5: Performance for a single NARMADA AFU using various
optimization strategies. Also, shown is the single thread and single
socket (64-threads) performace of the IBM POWER9.

V. RESULTS

A. System Integration

We implemented our design on an Alpha-Data ADM-PCIE-
9V3 card featuring the Xilinx Virtex® Ultrascale+™ XCVU3P-
FFVC1517-2-i with an IBM® POWER9 as the host system.
The POWER9 socket has 16 cores, each of which supports
four-thread simultaneous multi-threading. Table I provides
complete details of our system parameters. We have co-
designed our hardware and software interface around the
SNAP platform while using the HLS design flow.

B. Evaluation

Similar to the grid domain used by the COSMO model,
we ran our experiments using a 256 × 256 × 64-point input
domain. We varied the AFU window size from 8 × 8 × 8
to 32 × 32 × 32. Figure 5 shows performance results for
a single AFU with various optimization strategies. First, to
increase the throughput, we pipelined our design to exploit
the inherent parallelism in the algorithm. However, the on-
chip BRAM has only two read/write ports, so multiple read
accesses to the same BRAM caused the entire pipeline to stall.
To overcome this, we incremented our design by partitioning
the data into different memory blocks, which nearly doubled
the performance.

To achieve further performance gains, we carefully tuned
the memory subsystem to obtain a heterogeneous memory
hierarchy tailored to our algorithm. For this tuning, we apply
the memory scheme as discussed in Section III.

In Figure 5, we attribute B-Hierarchy and U-Hierarchy to
our heterogeneous memory schemes. The B-Hierarchy does
not use the on-board URAM, whereas the U-Hierarchy has
an additional rank of URAM-based memory. Using the B-
Hierarchy, we were able to achieve 32.2 GFLOP/s for a single
AFU, which is 6.3× faster than the single-thread performance
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Fig. 6: Scaling the number of AFUs for B and U-based heterogeneous
memory hierarchy with different window size. B-Hierarchy and U-
hierarchy are able to achieve 2.5× and 3.3× performance compared
to a POWER9 socket.

of the state-of-the-art POWER9 CPU with a rigid memory
hierarchy. For the case of a single AFU, adding an extra layer
of URAM does not improve performance compared to using
a pure BRAM-based hierarchy. Moreover, it leads to a loss
of performance. This is because URAM is denser (72-bits per
address) and is not as distributed in the FPGA layout as the
BRAM. Furthermore, bigger window size does not necessarily
enhance performance because it takes longer to move data
through different memories.

C. AFU Scaling

Figure 6 shows the scaling of AFUs for both B and U-
Hierarchies. Note, we only show the results that we were able
to implement before the on-board resources were exhausted. In
the case of 32×32×32 window size, BRAM exhaustion was
the reason we were not able to synthesize more accelerators
for both B and H-hierarchy. Upon scaling the B-hierarchy, we
were able to implement a maximum of eight AFUs, which
achieved a performance gain of 2.5× compared to a complete
16-core POWER9 socket configured with SMT4 (64-threads).
However, by adding an extra level of URAM, we were able
to decrease the number of BRAMs per AFU, thus reaching a
total of 16 AFUs with a window size of 8×8×8. This design
yielded a performance of 129.9 GFLOP/s, which is 3.3× better
than that of a complete POWER9 socket.

URAM thereby offers the resources to construct a more
heterogeneous domain-specific cache hierarchy. This tailored
memory hierarchy offers significantly more loading and evic-
tion freedom than the hardware-managed caches in CPUs or
GPUs. Moreover the U-Hierarchy scheme allows us to use
the available resources more effectively, as shown in Figure 7.
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TABLE II: Prediction results for different CAPI 2.0 enabled boards across FPGA families.

FPGA Board FPGA Device Utilization% Window AFU Performance
(GFLOP/s) Energy Impr.BRAM DSP FF LUT URAM

ADM-PCIE-9V3* XCVU3P-2 71 66 49 79 58 8× 8× 8 16 120.1 18.1×
ADM-PCIE-KU3* XCKU3P-2 70 33 61 96 70 16× 16× 16 4 48.9 9.3×
Semptian NSA121B XCKU060 55 49 73 79 - 8× 8× 8 8 83.5 20.6×
ADM-PCIE-8K5 XCKU115 59 58 81 77 - 8× 8× 8 16 162.7 19.2×

*URAM memory is available only in Ultrascale+ families

As mentioned in Section IV partitioning a bigger window
size leads to a complex network of address multiplexers. As
a result, we see high usage of LUTs for the implemented
designs.

D. Efficiency Analysis

We also evaluated the energy utilization and energy effi-
ciency (GLOPS per Watt), see Figure 7, for our proposed
FPGA solution. The execution time and energy consumption
of each implemented configuration are shown in Figure 8. For
the POWER9 node, we used the AMESTER5 tool to measure
the active power6 consumption of 97.9 Watt by monitoring
built-in power sensors on our system. With a multi-AFU
B-Hierarchy-based solution, the active energy improvement
of NARMADA is up to 13.5× compared to a POWER9
system. This configuration has an energy efficiency of 5.5
GFLOPS/Watt. By adding another layer of URAM-based
memory, we were able to increase the energy improvement
to 18× with 7.2 GFLOPS/Watt of energy efficiency.

E. Performance Prediction

We evaluate the accuracy of our model in terms of relative
error εi to indicate how close the predicted value y′i is to
the actual value yi. The training consists of fitting upto third
order polynomials and selecting the best one in terms of mean
relative error (MRE). We calculate the MRE for each FPGA
family with Equation 2.

MRE (εi) =
|y′i − yi|
yi

(2)

On average for considered CAPI-enabled FPGA devices
(from Ultrascale and Ultrascale+ families), the predicted val-
ues are lower than the actual ones, with the highest error rate of
15.2% for the number of DSPs, whereas for the performance
and the other resources it is below 11.6%. Figure 9 shows
actual and predicted values using our approach, as described
in Section IV.
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Fig. 8: Active energy consumption and execution time for different
B and U-based hierarchies.

5https://github.com/open-power/amester
6Active power denotes the difference between the total power of a

complete socket (including CPU, memory, fans, I/O, etc.) when an application
is running compared to when it is idle.
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Fig. 9: Actual and predicted values for (a) 9V3 with 8 × 8 × 8 (b)
KU3 with 16×16×16 (c) 8K5 with 8×8×8 (d) NSA with 8×8×8.

Table II shows the prediction of our accelerator across
different high-end FPGA devices. KU3 is from the Ultrascale+
family and has half the resources as 9V3. NSA121B has
more DSPs and BRAMs but fewer LUTs, which is the most
expensive resource in our accelerator design. Although 8K5
has twice the resources as 9V3, and it achieves only 1.25×
the performance compared to our best solution. This minimal
performance gain is due to the absence of URAM. URAM
thereby offers the resources to construct a more heterogeneous,
domain-specific cache hierarchy.

Note that this design-space exploration (DSE) is not exhaus-
tive. It was performed to evaluate the performance achieved by
our implemented design across different CAPI-enabled FPGA
devices. The DSE could be extended to different window size,
more processing units, etc.

VI. RELATED WORK

The IBM Coherent Accelerator Processor Interface (CAPI)
removes significant device driver overhead and provides a
high bandwidth link between the host processor and CAPI-
enabled devices. IBM has leveraged this and shown the
applicability of CAPI 1.0 to accelerate various algorithms such
as arithmetic kernels [20] and graph processing [12]. Recently,
Diamantopolous et al. [21] used the CAPI SNAP framework
to build a trans-precise neural network co-processor.

Bianco et al. [22] optimized the COSMO Model for GPUs.
Wahib et al. [23] developed an analytical performance model
for choosing an optimal GPU-based execution strategy for
various scientific applications, including COSMO. Gysi et
al. [2] provided guidelines for optimizing stencil kernels for



CPU–GPU systems. To our knowledge, NARMADA is the
first work to accelerate a compound stencil kernel from a
real-world weather-prediction application on a reconfigurable
fabric.

VII. CONCLUSION

We have presented the first design and implementation to ac-
celerate horizontal diffusion (hdiff) kernel on a reconfigurable
fabric. This kernel is a compound stencil found in various real-
world weather-forecasting applications, including the COSMO
prediction model. Compound kernels do not perform well on
conventional architectures due to their complex data access
patterns and low data reusability.

We used the IBM SNAP framework to build NARMADA,
a hardware accelerator based on CAPI 2.0. Our experimental
results showed that the hdiff kernel on an FPGA outperforms
a highly optimized software implementation on a 16-core
POWER9 configured with SMT4 (64-threads) by 3.3×. More-
over, our solution improves the active energy consumption
by 18× with an energy efficiency of 7.2 GFLOPS/Watt. For
future studies, we aim to optimize the window size and are
experimenting with the precision tolerance of this kernel. Ad-
ditionally, we will extend our hardware–software framework
to include emerging memory options for commercial FPGAs,
e.g., high-bandwidth memory (HBM), which offers much
higher bandwidth with a low-energy footprint. Moreover, we
would explore the applicability of our framework to other
compound kernels in the COSMO model.
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