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Abstract—As the need for more computing power grows, tra-
ditional methods are hitting limits. To boost performance, we’re
expanding Central Processing Unit (CPU) capabilities and using
specialized hardware accelerators. For example, mobile devices
usually have cameras, video encoding, and audio accelerators. To
perform the different tasks, these accelerators execute microcode
programs. These accelerators, however, take up space and often
sit idle. Reconfigurable processors offer a solution. They have
a normal core connected to several accelerator slots. These
accelerator slots can be filled during runtime to accommodate the
application running. Once one application finishes and another
application is running, the accelerators can be switched. For
example, playing music after using the camera.

In this work, we introduce dynamic control-flow execution
for the microcode of runtime reconfigurable processors, i.e.,
support for loops, conditional jumps, and exception handling. We
benchmark using four different applications from four domains
(object detection, ocean movement simulation, artificial intelli-
gence and security) that all are compute-intensive and would
require the dynamic control-flow when executed on reconfig-
urable processors. We show that the dynamic control-flow allows
different applications to be executed with significant speedup in
comparison with execution on general-purpose processors.

I. INTRODUCTION

The conventional methods for enhancing processors have
hit their technological limits, necessitating fresh approaches
to meet the increasing demands of applications. One such
approach is the Application-Specific Instruction Set Processor
(ASIP), which enables a higher level of parallelism. These
processors are fairly basic, featuring a reduced instruction
set architecture (RISC). There is also the option to introduce
instruction set extensions or incorporate special instructions
(SIs) to enhance their functionality. These SIs, much like
Application-Specific Integrated Circuits (ASICs), boast unique
hardware implementations that enable them to achieve greater
parallelism [1].

Field Programmable Gate Arrays (FPGAs) offer a very
attractive solution for hardware acceleration. FPGAs consist
basically of Look Up Tables (LUTs) which are able to imple-
ment basic logic gates. By interconnecting the LUTs and usage
of registers they can implement anything from simple logic
circuits up to processors and even more complex hardware.
Therefore, FPGAs are used in a wide range of applications,
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Fig. 1: Target Reconfigurable Processor Architecture. A main CPU core
is connected to a reconfigurable Fabric. The execution of the accelerators
residing on the fabric is controlled by a controller executing microcode.

e.g., digital signal processing, cloud computing, and machine
learning acceleration [2]-[5].

By combining CPUs performing SIs with FPGAs and
employing reconfiguration or alternative configuration streams,
the hardware implementation can be modified, potentially even
during runtime [6]. This capability paves the way for the
exploration of novel strategies and facilitates the development
of reconfigurable systems. This is especially relevant for
resource-constraint devices, e.g., mobile devices where the re-
source allocation can be challenging. Runtime reconfiguration
gives the chance to load the accelerators only when needed and
to switch from one accelerator to another whenever needed.

A typical reconfigurable processor would look as shown
in Figure 1. A CPU is connected to a Reconfigurable Fabric
which in itself is divided into several accelerator slots. Each
accelerator slot can be used to load the different accelerators
at runtime. The accelerators execute the SIs which consist of
microcode performed by the accelerator. A fabric execution
controller controls the execution of the SIs [1], [6].

Applications accelerated on such systems can be rather
complex. Therefore, the microcode executed needs to be able
to fulfill all needed control steps of the application. Such
applications might need jumps, conditional loops that cannot
be unrolled, etc. Therefore, in this work, we tackle the issue of
having a dynamic control flow for reconfigurable processors.
Our novel contributions are as follows:

CPU

o We introduce dynamic control flow execution support to
accelerators executing SIs of reconfigurable Processors

« We analyze several applications on how to make them
benefit from the dynamic control flow execution

e We show the timing improvement in executing these
applications on hardware utilizing the dynamic control
flow

The rest of the paper continues as follows. The background

needed is given in Section II. We present our implementation



for the dynamic execution in Section III. The benchmark
applications are detailed in Section IV. We evaluate our results
in Section V and draw conclusions in Section VI.

II. BACKGROUND

Reconfigurable Processors are continuously gaining attrac-
tion. From academia, several architectures have been proposed,
e.g., RISPP [1], i-Core [6], Molen [7], and KHARISMA [8].
From industry, the Zynq MPSOC from Xilinx-AMD combines
embedded ARM processing system (PS) with a reconfigurable
programmable logic (PL) [9]. Similarly, Intel provides the Intel
Stratix SoCs with similar architecture [10].

The reconfigurable fabric of reconfigurable processors is
usually divided into several accelerator slots as Figure 1
shows. The reconfigurable fabric can then be used by the
applications running on the GPP to accelerate their hotspots
and guarantee that they meet their timing requirements [11].
This is advantageous as for out-of-order processors which can
also increase the performance, guarantees for meeting timing
requirements are not provided [11].

The accelerators residing on the reconfigurable fabric exe-
cute SIs consisting of a microcode. It consists of the successive
steps that have to be executed for the accelerator to complete
its intended task. The microcode of the SI is usually given
to the reconfigurable fabric in VLIWs [1], [6], [12]. Each
VLIW consists of several sub-instructions with each sub-
instruction controlling the execution on one of the accelerators.
The reconfigurable fabric can even be shared between multiple
GPPs [13]. If no conflict occurs, e.g., two applications requir-
ing different sets of accelerators, the VLIWs for two or more
SIs can be merged together and the performance on several
cores will be enhanced.

When reconfigurable processors execute Special Instruc-
tions (SIs), the control flow is defined in a static manner.
The VLIWSs are processed sequentially, one after another, with
no opportunity for the loaded accelerators to influence the
program flow. At maximum, loops that can be unrolled will
be unrolled and executed [12]. To address this constraint, we
develop a dynamic execution control system for these special
instructions. To the best of our knowledge, our work is the
first to tackle the need and the implementation of dynamic
execution of reconfigurable processors.

III. DYNAMIC CONTROL-FLOW SUPPORT

Several features are needed to support the acceleration of
more complex algorithms. Firstly, there is a need to introduce
support for jumps within the SIs. These jumps can function as
conditional statements, enabling the creation of loops within
the execution flow. Secondly, the inclusion of exception-
handling mechanisms is essential. This is required not only
to identify errors in the program flow but also to handle errors
originating from the accelerators.

To incorporate the necessary functions, it is imperative to in-
troduce new commands into the existing VLIWs. Each VLIW
serves as a map for commands related to all components within
the fabric, including the control logic. All the parameters

related to jumps, along with their predefined structure, are
established in advance using distinct commands. To enable
the implementation of concepts like nested loops within the
SI, there are four separate sets of parameters that are internally
reserved by the controller. Consequently, a jump command
encapsulates the entire parameter set, requiring only 2 bits to
represent it. Each of these parameter sets includes a counter
spanning 12 bits in length. This choice balances command
length and the range of values it can accommodate.

Our implementation offers three distinct categories of jump
commands. The first group comprises static commands that
are executed unconditionally. Within this group, we have "No
Jump,” which signifies that no jump should occur. Notably, this
command doesn’t require a parameter set. Additionally, the
static commands include ”Always Jump,” an instruction that
unconditionally redirects execution to its specified destination.

The second category encompasses jumps whose conditions
are tied to one of the four counters. These jumps, in addition
to the parameter set, require an operand that is compared with
the counter to determine whether the jump occurs. The final
category comprises conditional jumps, where the conditions
are associated with a 2-bit control signal from one or more
accelerators. These jumps will only occur if the control signals
of all selected accelerators meet the specified criteria. In
addition to the parameter set and the operand, the selection of
the accelerators is also required for these jumps. It’s important
to note that all conditional jumps, whether they rely on
the counter or control signals, are available in four distinct
variants. Table I shows all the newly added jump instructions.

We assume that the underlying CPU comes equipped with
exception-handling capabilities. Therefore, we use this to
create our support for exceptions. The first group of traps
is logic related. An invalid jump target, that falls outside its
permissible boundaries triggers a trap event. If one of the
accelerators runs into an error, e.g., returns a NaN, it triggers
a trap event. In cases where a VLIW requires 512 clocks or
more due to a set stall signal, an abort and trap event will be
triggered. It’s worth noting that this threshold for clock cycles
can be adjusted if needed. Figure 2 shows how the stall signal
support is implemented. As long as the data is not available,
the stall is held and the same VLIW stalls. Once the data
is there, the VLIWs continue execution on the reconfigurable
fabric. If the stall limit is passed, the trap event will be raised
to signal the exception.

Wait one clock
cycle

Previous VLIW
clock cycle

Continue VLIW
flow

End Sl and raise
Exception

Fig. 2: Exception Support for the Dynamic Control-Flow



TABLE I: Dynamic Execution jump sub-instructions of the SI VLIW. The different jumps allow it to go dynamically within the microcode based on accelerator
output or user-defined counter values. Hence, more complicated algorithms can be accelerated on the reconfigurable fabric.

Instruction Arguments Explanation
NO_JMP none don’t jump
ALW_JMP destination jumps always to destination

JMP_IF_CNT_EQ

destination, value

jump to destination if counter equals value

JMP_IF_CNT_NEQ

destination, value

jump to destination if counter does not equal value

JMP_IF_CNT_LT

destination, value

jump to destination if counter is less than value

JMP_IF_CNT_GT

destination, value

jump to destination if counter is greater than value

JMP_IF_ACC_EQ

destination, value,

accelerator slot

jump to destination if output from accelerator equals value

JMP_IF_ACC_NEQ

destination, value,

accelerator slot

jump to destination if output from accelerator does not equal value

JMP_IF_ACC_LT

destination, value,

accelerator slot

jump to destination if output from accelerator is less than value

JMP_IF_ACC_GT

destination, value,

accelerator slot

jump to destination if output from accelerator is greater than value

The second group of traps is user-specific. Users can initiate
these traps via a command within the VLIW based on the
logic of the algorithm accelerated, e.g., the output is negative
where output should be positive only. To achieve this, 3 bits
are included in the VLIW which determines the specific trap
value.

IV. BENCHMARKING APPLICATIONS

To show the benefit of the dynamic execution support for
reconfigurable processors, we develop accelerators and SIs for
four different applications. Then we highlight the need for
dynamic execution within each SI and how does it benefit
from it.

A. SIFT

David G. Lowe introduced the Scale-Invariant Feature
Transform (SIFT) algorithm for image recognition, aiming to
enhance various applications such as tracking, object detec-
tion, 3D image matching, and mobile robots [14]. The SIFT
algorithm has different steps. One of these steps is the SIFT-
match step. In this step, the features extracted from the object
are compared to a reference features value. Based on the
Euclidean distance between the extracted and reference values,
the decision on whether objects match or not is taken. This
comparison follows Eq. (1). a is the reference object, b is the
detected object, d(a, b) is the euclidean distance between both
objects, a; is the i-th feature of object a, b; is the i-th feature
of object b, and n is the total number of features.

n

d(a,b) = (a; — b;)?

i

6]

We develop the SIFT-match-SI, a Special Instruction specif-
ically designed to perform the object recognition matching
kernel for the SIFT algorithm. In this process, the typical
operation involves subtracting two single-precision values and
then squaring the result. This operation is performed for each
of the values within the feature vectors. After executing the
Siftmatch-SI, the sum of all squared results is presented to the
Integer Pipeline as a single numerical value. To expedite the
computation, it is divided into four accelerators to parallelize
the execution as shown. Each accelerator first performs the
subtraction of the two values for the features and then squares
the output to match the equation.

Figure 3 shows the design of the accelerator. It contains
two floating point units. One is dedicated for addition and the
other is dedicated for multiplication. The control units and
the muxes control which unit is enabled an which input is
given either from the accelerator input or from the data saved.
The registers are used to provide the correct inputs, as well
to save the accumulated value till the calculation within the
accelerator is finalized.
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input1
control
control decoder -
internal control input |- MUX
| mux N s
shiftreg control \MILK/ MUX
add/sub | fp_ip_add fp_ip_mul
4ol [T
shiftreg
| l
result MUX
control
)

output0

output1

Fig. 3: Accelerators design executing the SIFT-match SI

Benefit to SIFT from Dynamic Execution: The features
vector can have arbitrary length, moreover, based on different
constraints on the system a reduced version with a lower
number of features might be executed. Having dynamic ex-
ecution, where the number of features can be set dynamically
at runtime enables this. Otherwise, the SI will only be able to
support a fixed number of features.

B. SWE

The Shallow Water Equations are a system of hyperbolic
differential equations that describe the behavior of incompress-
ible fluids, such as water, in scenarios where the horizontal
dimensions are significantly smaller than the depth. These
equations are derived from the Navier-Stokes equations and are



typically applied to model fluid flow in 2D domains divided
into cells using a consistent rectangular grid. To simulate the
flow over discrete time intervals, Riemann problems are solved
at the cell edges. The state of the simulation grid in the
subsequent time step is then calculated using the solutions
obtained from these edge-local Riemann problems [15].

The Riemann equation involved in this process is quite
lengthy and complex, making it an excellent candidate for
testing the dynamic control. The initial solver used for this
purpose was the FWave solver [15], which provides a straight-
forward Riemann solution with reasonable performance. How-
ever, it has a notable limitation—it can only model bodies of
water and cannot represent features like shorelines because it
lacks the capability to simulate the wetting or drying of cells.
Therefore, the HLLE solver which is more complex but also
more general is also needed [15].

We build the SWE-SI which is able of performing the
calculations from both solvers. For this, we develop four
different accelerators. One accelerator performs the addition,
multiplication, and subtraction of floating points (very similar
to the accelerator from Figure 3), another performing floating
point division, a third performs square root calculation, and
one does utility services like calculating max and min, and so
on. For the final design at the reconfigurable fabric, we use
two FMAV accelerators to deal with the several additions, mul-
tiplications, and substractions. Then we have one accelerator
from each type. to do the different calculations.

Figure 4 shows the design of the utility accelerator as an
example of the accelerators developed. We have one floating
point comparator unit and one unit that calculate absolute
value of floating point numbers. Inputs are given to the units
directly from the inputs of the accelerators. The control units
and muxes decide which output from both units.

input0
input1
control

shiftreg| |shiftreg| |fp_ip_abs

register

fp_ip_cmp

shiftreg

[

cond out output0 output1

Fig. 4: Accelerator designed for utility acceleration for the SWE-SI.

Benefit to SWE from Dynamic Execution

For SWE as we have two solvers, we need to dynamically
switch between them based on the surrounding environment.
If we have wetting of dry surroundings, we can use the
HLLE microcode, otherwise, we use the FWAVE microcode.
Therefore, dynamic execution helps us to jump between both
microcodes at runtime.

C. CNN

The utilization of Convolutional Neural Networks (CNNs)
presents a significant challenge due to their demanding com-
putational and storage requirements [16]-[18]. In order to
accelerate CNNs with reconfigurable processors we design two
accelerators. The first accelerator is the CNN-MAC accelera-
tor. This is a multiply accumulate unit capable of accelerating
3 x 3 matrices needed for CNN calculation. CNNs suffer
from a memory bottleneck. For this purpose, each CNN-MAC
accelerator has 3 line buffers implemented in block RAMs as
Figure 5 shows. Data is continuously streamed to the buffers
so they are ready once needed.
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Line Buffer 0 ‘ 0 0 0 0 ’ 0 0 I 0 I 0 ” 0 I 0 I 0 I 0 ‘
wosaert [ [0 [0 [0 [0 [ L[]
Line Buffer 2 2 2 2 2 ‘ ‘ ‘ ‘ H ‘ ‘ ‘ ‘
_—
VLIW in WRITE_READ Phase
Line Buffer 0 3 3 3 ‘ 3 ” 0 I 0 I 0 I 0 ” 0 ‘ 0 0 0 ‘
Line Buffer 1 1 1 1 ‘ 1 ” 1 I 1 I 1 I 1 ” 1 ‘ 1 1 1 ‘
Line Buffer 2 2 2 2 ‘ 2 H 2 ‘ 2 ‘ 2 ‘ 2 H 2 ‘ 2 2 2

Fig. 5: Line buffers used for the CNN-MAC accelerator. Streaming data to
the buffers significantly reduces the bottleneck for both writing and reading
the data.

The second accelerator we designed is CNN-SUM. This
accelerator performs the activation, pooling and quantization
steps for the CNN. Similar to the case with CNN-MAC, CNN-
SUM also has line buffers where data are streamed to resolve
the memory bottleneck. The final setup of the reconfigurable
fabric to accelerate CNNs contains two CNN-SUM and two
CNN-MAC atoms are used to have as much parallel execution
as possible.

Benefit to CNN from Dynamic Execution: To build a generic
accelerator for CNNS, it needs to support an arbitrary number
of channels. Without the dynamic execution, our reconfig-
urable processor would not have the capability to execute an
arbitrary number of channels. It would have needed instead
to design several SI microcodes to support each and every
channel size. Figure 6 shows the steps of the developed CNN
SI. It contains three nested loops wich show the need for
the dynamic execution, specially to deal with the arbitrary
unumber of channels.



[ 1. Loading the filters and parameters ]4—

[ 2. Reading the input data ]

[ 3. Reading input Lines ]4—
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Fig. 6: Steps performed for the CNN-acceleration. The SI contains three nested
loops which require our dynamic execution. Other SIs are not shown for
brevity.

D. SHA-3

SHA-3 stands for Secure Hash Algorithm 3, and it’s a
family of cryptographic hash functions that have been defined
by the U.S. National Institute of Standards and Technology
(NIST) and are proven to be post-quantum secure [19]. To
process queries of varying lengths, hash functions typically
comprise three components. First, a padding function is em-
ployed to expand the input data to an integer multiple of the
block length required by the hash function. This enables the
input to be divided into several blocks, each of equal size.

Following this, a compression function (or, in the case of
SHA-3, a permutation) is constructed. This function sequen-
tially combines the blocks with the output of the permutation
and further processes them. While many widely used hash
functions follow the Merkle-Damgard construction, SHA-3
adopts the sponge construction. In this process, the input data
is divided into multiple equally sized blocks through the use of
padding. These blocks are then successively combined using
the sponge construction, resulting in a 1600-bit bit vector. The
final hash is extracted from this wide-bit vector [19].

To accelerate SHA-3 we design two accelerators. The first
accelerator is SHA-Buff. It is used to fetch data from memory.
As for SHA, the data can be quite large and of any arbitrary
length it can easily become a bottleneck. Therefore, we need
to stream data to the BRAMs to resolve the bottleneck. The
second accelerator is SHA-Comp. It does all the computation
needed for SHA. Figure 7 shows the internal design of the
accelerator. It contains two RAM components the GAM-
memory which stores the output of the gamma step of the
application. The second RAM component is the Res-memory
which stores the output of the whole algorithm, it also stores
the intermediate outputs till the final output is reached. It
has four calculation units, Gamma for the gamma part of the
application, read and result units which get the input and give
out the output and the Rho buffer which shifts the data to
perform the permutation step.

The architecture of the rho-buffer is shown in Figure 8. It
gets four inputs, they get splitted using the splitter and then
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Fig. 7: The internal structure of the SHA-Comp accelerator

fed to seven shift registers. After shifting the data, using a
selector, the data is selected and then combined to get the
outputs.
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Fig. 8: Structure of the Rho buffer

The final structure of the reconfigurable fabric uses two
SHA-Buff accelerators and two SHA-Comp accelerators. The
data streamed from each SHA-Buff accelerator is then fed
directly to one of the SHA-Comp accelerators. Then each of
the SHA-Comp accelerators performs the post-quantum-secure
algorithm on part of the data in parallel to have maximum
acceleration.

Benefit to SHA from Dynamic Execution: Hash algorithms
have to be able to support several input data sizes. To achieve
this, it needs a dynamic loop that can adapt to the size of the
data at runtime. This is not simple, as for example, the amount
of padding needed will change based on the exact size of the
data. Therefore, the dynamic execution allows the SHA-3 SI
to be able to work with data of any arbitrary size instead of
fixing on one size.

V. EVALUATION

A. Experimental Setup

All tests were conducted on a Xilinx VC707 development
board, which features a Virtex-7 XC7VX485T-2FFG1761C
FPGA. The CPU core used is a Leon3 core [20]. The re-
configurable fabric is implemented to contain 5 accelerator
slots. Each slot has 1600 LUTs, 3200 Flip-Flops, 10 Brams,
and 20 DSPs. The benchmark applications were loaded onto



the board and executed as “bare-metal” applications and were
compiled using the Gaisler BCC version 4.4.2 compiler [20],
which we modified to support using the Sls.

To configure the FPGA, bitstreams were generated using
Vivado. To assess FPGA utilization and timing performance,
data was collected through the “Report Timing Summary”” and
”Report Utilization” features provided by Vivado.

B. Resource Usage

To introduce the dynamic execution, a hardware extension
is developed. Moreover, while all accelerators have an upper
bound of resources, each accelerator designed for the different
SIs has its own resource utilization. The resource utilization
of the different components of our system are shown in
Table II. It can be seen that in comparison to the Leon3 core,
the dynamic execution hardware is 7x smaller which is an
acceptable overhead.

As for the accelerators, the CNN accelerators are the most
resource-intensive with CNN-MAC hitting the upper limit
of available LUTs. The SHA-Comp accelerator has also a
similar resource utilization. Moreover, for both CNN and
SHA accelerators having BRAM within the accelerator is
very crucial as they use several of them. This is especially
relevant for the SHA-Buff accelerator which is basically a
RAM buffering needed data. In contrast, for SIFT and SWE,
the accelerators are less resource hungry. However, as both
basically execute mathematical equations, the usage of DSP
is required.

TABLE II: Resources needed for each component

Component DSP LUT BRAM Flip-Flop

Leon3 0 14013 18 6924
Dynamic Execution 0 2100 0 682
SIFT-FMAV 4 627 0 277
SWE-SQRT 0 526 0 85
SWE-UTIL 0 179 0 206
SWE-FMAV 4 627 0 277
SWE-DIV 0 857 0 258
SHA-Comp 0 1205 2 628

SHA-Buff 0 0 4 0

CNN-SUM 5 1333 8 249

CNN-MAC 9 1600 10 3200

C. Timing Improvement

The goal of developing the dynamic execution for the
SIs executed on the reconfigurable fabric is to improve the
performance. Figure 9 shows the timing improvement for
each of the accelerated algorithms. The numbers are taken by
running the same application on the same data-set once using
the hardware acceleration and another using pure software.
The same experiment is run in a loop then for 1000 times then
averaged to make sure that any noise in the performance gets
eliminated. CNN and SHA-3 get the highest speedups. This is
expected as both applications are memory bound. Using the
buffering of the data to the accelerators to use them right away
solves the problem. Having the dynamic execution eases this
by allowing to process a dynamic number of channels for CNN
or data with arbitrary size for for SHA-3. SIFT and SWE have
speedups of 14x and 7x respectively which is still significant.

N
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SHA-3 avg

SIFT SWE

o

Speedup compared
to software

CNN

Fig. 9: Execution time improvement of the benchmarking applications. The
memory intensive applications (SHA-3 and CNN have remarkably higher
timing improvement. On average we have 27X improvement of execution
time.

VI. CONCLUSIONS

In conclusion, this work introduces dynamic execution for
reconfigurable processors. We add support for different jump
sub-instructions, stall the processor, and several exception
classes. We show that the dynamic execution is very useful in
accelerating a spectrum of applications ranging from object de-
tection to security applications. We create special instructions
for four different applications and develop the accelerators
needed for each of the applications. Our results show that using
our SIs and accelerators we have a relatively low overhead of
6% and we are able to reach an execution time improvement
up to 42x and on average to 27x.
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