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Abstract: In recent years, FPGAs have demonstrated remarkable performance and contained power
consumption for the on-the-edge inference of Convolutional Neural Networks. One of the main
challenges in implementing this class of algorithms on board an FPGA is resource management,
especially with regard to memory. This work presents a multi-cache system that allows for noticeably
shrinking the required on-chip memory with a negligible variation of timing performance and
power consumption. The presented methods have been applied to the CloudScout CNN, which was
developed to perform cloud detection directly on board the satellite, thus representing a relevant case
study for on the edge applications. The system was validated and characterized on a Xilinx ZCU106
Evaluation Board. The result is a 64.48% memory saving if compared to an alternative hardware
accelerator developed for the same algorithm, with comparable performance in terms of inference
time and power consumption. The paper also presents a detailed analysis of the hardware accelerator
power consumption, focusing on the impact of data transfer between the accelerator and the external
memory. Further investigation shows that the proposed strategies allow the implementation of the
accelerator on FPGAs with a smaller size, guaranteeing benefits in terms of power consumption
and hardware costs. A broader evaluation about the applicability of the presented methods to
other models demonstrates valuable results in terms of memory saving with respect to other works
reported in the literature.

Keywords: benchmark; CNN; data re-use; FPGA; memory optimization; on-the-edge; power
consumption

1. Introduction

Nowadays, Convolutional Neural Networks (CNNs) are one of the most widespread
techniques in image recognition [1,2], audio classification [3,4], and video analysis [5,6].
CNNs have achieved such remarkable results thanks to their extremely high accuracy [7,8],
but at the cost of computational power and memory occupation [9,10]. As a consequence,
CNN applications are often run on clusters of CPUs or GPUs [11]. These devices are not
the best solution whenever the processing of CNN algorithms has to be moved on-the-edge.
This expression indicates that computations are performed directly where the information
source is, without involving data transfers towards external hardware (e.g., cloud server)
for the computations [12]. In recent years, the on-the-edge paradigm has acquired primary
importance in many fields such as remote sensing [13], autonomous driving [14], or health-
care [15]. Indeed, it ensures advantages in terms of latency, security, and system-required
bandwidth (reducing the amount of raw data to be transmitted) [16]. In this scenario, addi-
tional hardware constraints, like the limited power budgets, must be taken into account [17].
Specific devices for the on-the-edge inference of general CNNs have entered the market, such
as the Intel Movidius Myriad X VPU [18], the NVIDIA Jetson AGX Xavier [19], the Google
Coral [20], and the Gyrfalcon Lightspeeur [21]. FPGAs represent another valid solution as
they can provide a good trade-off between performance and power consumption [22-24].
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In addition, they offer the designer the possibility to develop a custom accelerator for a
target network and to integrate onto the same chip dedicated hardware to perform other
required tasks such as pre-processing, communication interfaces, or soft-core processors.
Moreover, FPGA vendors, such as Xilinx, Microsemi, and NanoXplore, produce radiation
hardened devices [25-27] that represent a valuable solution for the space market and
high-energy physics.

The main challenge in implementing resource hungry algorithms like CNN is to effi-
ciently exploit the resources available in the FPGA. In particular, most recent CNNs [28-30]
require an amount of memory which often exceeds the storage capability of these devices.
For this reason, finding efficient ways to organize data on FPGA resources acquires crucial
importance to avoid memory bottleneck in the implementation.

In this paper, we present memory optimization techniques for CNN FPGA-based
accelerators. Our goal is to present a design strategy to reduce the overall on-chip memory
usage in order to ease the FPGA implementation of CNN models. The presented methods
also allow the implementation of a target network on FPGAs with smaller size, thus
achieving a reduction of the static power consumption and hardware cost.

The proposed techniques are used to design an accelerator for the CloudScout CNN,
a network employed to perform cloud detection on board the CubeSat Phisat-1 [31,32].
The memory footprint of the model amounts to approximately 107 Mbit [13], and it hardly
matches the on-chip memory availability of FPGAs. The developed accelerator is then
compared with the architecture proposed in [13], which implements the same algorithm
covered in this work, in order to have a direct comparison in terms of performance, design
portability, and costs.

The main contributions of this work include:

¢ design of a cache system that aims at reducing on-chip memory usage by properly
re-using input feature maps data and by optimizing on-chip memory footprint for
convolutional filters.

¢ in hardware implementation and validation of the proposed architectural improve-
ments on a Xilinx ZCU106 Evaluation Board for a case study CNN.

e  characterization of the main system metrics carried on with physical measurements
in order to present a benchmark between the developed system and an alternative
hardware accelerator for the same CNN reported in the literature [13].

e detailed analysis on power consumption performed by reporting the current trends of
the main system rails during the inference via the Maxim Digital PowerTool Dongle [33].

* analysis of the enhanced device portability of the design together with the achievable
benefits in terms of power consumption and component costs

*  broader evaluation about the applicability of the presented methods to other CNN
models and comparison in terms of memory usage with alternative accelerators
presented in the literature.

The article outline is the following: Section 2 presents an overview of the state-of-
the-art strategies to implement a CNN on board an FPGA with a major focus on memory
exploitation. Section 3 describes the proposed memory improvements, while the obtained
results are summarized and discussed in Section 4. Finally, Section 5 offers the conclusions
of our work.

2. Background

The development of a CNN hardware accelerator on an FPGA is usually a challenging
task due to the high degrees of freedom offered by the programmable logic. In the literature,
several architectures for realizing such accelerator are described. The proposed strategies
deeply vary according to the size of the CNN model and to the available memory budgets.
Since the focus of this work is on memory resources, we investigated state-of-the-art
methods to address the problem.

The storage of the convolutional filters can be either on-chip or off-chip depending on
the model size. In Section 3.2, we will analyze the possible trade-offs of this design choice.
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There are also different approaches in the storage techniques for the input image and for
the hidden layers’ feature maps. The most common methods are the following;:

¢ fully on-chip: both the input image and the hidden layers feature maps are stored in
the FPGA on-chip memories. Such an approach allows for reducing the overheads of
off-chip data transfers at the cost of a higher memory occupation. Whenever the CNN
memory footprint exceeds the FPGA memory budget, this technique is not viable.
The fully on-chip paradigm is the one adopted in [34,35].

* input image off-chip: a possible strategy to reduce memory usage is to store the input
image in an external memory. This solution offers good trade-offs in terms of memory
occupation and performance, but it still requires the hidden layers feature maps of the
whole CNN to match the FPGA memory availability. Examples of this approach can
be found in [36,37].

* inputimage and hidden layers feature maps off-chip: this technique stores the input
image and the hidden layers feature maps in the external memory. For this reason,
it offers the best results in terms of on-chip memory usage. The works presented
in [22,23] are based on this method.

Among the illustrated strategies, the ones that move the storage of either the input
image or the hidden layers feature maps to the external memory require an on-chip buffer
to temporarily save part of the data on board the FPGA [38,39]. Many works in the
literature focus on this hybrid storage system, either by optimizing the data transfers
with the external memory [40,41] or by presenting solutions to improve the resource
management [42,43]. When dealing with these kinds of accelerators, the process in which a
smaller quantity of data are extracted from a larger matrix is often called tiling [44]. There
are several types of tiling for CNNs since elements can be loaded on-chip in a row-wise,
column-wise, or channel-wise order. Different tiling techniques lead to different results
in timing performance and memory utilization [45]. Once the tiled data are available in
the on-chip buffer, there are multiple possible orders in which they can be read from the
memory unit and then delivered to the processing unit. The law that determines this order
is also referred to as the scheduling algorithm [46,47]. This algorithm plays a key role in
terms of memory usage. Indeed, it determines the number of elements read per clock cycle,
P,je,, that linearly affects the memory occupation of the input buffer [13,16,48].

In summary, the absence of an efficient tiling technique and of an efficient scheduling
algorithm can easily lead to memory-bounded accelerators by inferring an input buffer
that overuses the on-chip memory resources.

This problem was investigated with a theoretical analysis and synthesis results in our
previous work [45]. The performed study indicated that the row-wise tiling technique
is the best for memory utilization. With regard to the scheduling algorithm, the work
identified a valuable way to read the input elements at each clock cycle in terms of memory
efficiency. The suggested approach, which coincides with the one adopted in our case
study, is reported in Figure 1a. For convenience, from now on, we will refer to the on-chip
buffer as the Cache L2 system.

The main idea is to compute an output element by accumulating the convolution
intermediate results across the input channels (red arrow) of the feature map and then slide
horizontally for the next convolution step (blue arrow). The yellow cube represents the
elements extracted from the Cache L2 system at each clock cycle. The parameters I, and I,
determine the number of input elements read from a feature map and they are less than or
equal to the filter dimensions F,, and Fj,. The parameter I, is the number of input channels
involved in each step. The number of parallelly read data amounts to:

Pelem = Ich Iy - Ih (1)

As shown in Figure 1b, the slide of the convolutional filters is modified whenever
a max pool layer is cascaded to the convolutional layer under process. In particular,
the generation of the outputs follows the grid order indicated by the subsequent max
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pooling layer. This technique allows for optimizing performance and power consumption
at the cost of increased complexity for the scheduling algorithm.
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Figure 1. (a) Scheduling algorithm in absence of max pooling layers; (b) scheduling algorithm in the
presence of 2 X 2 max pooling layer.

Notice that, for the sake of clarity, Figure 1 advances the hypothesis that I,, x I,
coincides with the filter size. In Section 3.1, we will show how to properly modify the
scheduling algorithm when this assumption is not true.

3. Methods

The block diagram of the proposed accelerator is reported in Figure 2. The hidden
layers’ feature maps and the convolutional filters are stored in the external memory. Dur-
ing the inference, they are progressively loaded in the on-chip caches via an Advanced
eXtendible Interface (AXI) bus [49]. The Processing Unit elaborates these data to produce
the next layer feature maps, which are then stored back in the external memory.

This section mainly focuses on the implementation of the Cache L1 system and the
Filters Cache system. The first is a hardware block capable of providing data re-use for
the feature maps elements read from the Cache L2 system. The second is an architectural
solution that aims at optimizing the memory utilization for convolutional filters, thus
further reducing the accelerator memory footprint.

The microarchitectural design of both units was performed using VHDL for hardware
description and QuestaSim for functional validation.

| External Memory |
< TS >
/ | AXI Interface | \

)’

Cache L2 Filters Cache
System System

Processing Unit

Pelem - (IWII'W)

\ On-chip

Figure 2. Accelerator block diagram.
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3.1. Cache L1 System

According to the adopted scheduling algorithm, the computations of two subsequent
outputs often share a large amount of input feature map elements. This phenomenon
does not happen if the horizontal stride Sy, is greater than or equal to the filter width
Fy. However, in a large set of convolutional layers, Sy, is less than F,, and the filters
partially overlap the adjacent input feature map regions when sliding for the next output
computation, as shown in Figure 1. The idea of the Cache L1 system is to buffer the elements
already read during the previous convolution step in order to decrease the number of
parallelly read data from the Cache L2 system, P,j,,,, without significantly affecting the
throughput of the accelerator. As previously stated, memory occupation decreases linearly
with Pelem'

The developed Cache L1 system can be composed of one or more sub-modules, units
designed to perform data re-use on convolutional layers. The concept behind the Cache L1
sub-module is shown in [45] together with a theoretical study about its applicability and
synthesis results. This work presents an implementation strategy to efficiently integrate
this sub-module inside a CNN accelerator. In particular, we will show how to modify
the scheduling algorithm and how to combine multiple sub-modules to optimize the
architecture for models with pooling layers and different kernel sizes.

As a first step, we summarize the functionalities of the Cache L1 sub-module before
proceeding with further analysis. This unit performs data-reuse when sliding on a single
row of the input feature map for a fixed layer. In particular, the aim of the Cache L1
sub-module is to decrease P,,,,; by appropriately reducing I, i.e., the number of kernel
columns read. The value of I, after the introduction of the Cache L1 sub-module will be
referred to as I,

The operating principle of the Cache L1 sub-module is presented in Figure 3 by consid-
ering a layer with filter size f = 3 x 3 and horizontal stride S, = 1. In this example, we
will assume to decrease Py, by passing from I, = 3 to I}, = 1.

The yellow box, which represents the elements read from the Cache L2 at each clock cycle,
is characterized by I, =1, [, =3 and I}, = 1.

At the beginning of each row, the input data are read from the Cache L2 following the
column-wise order reported in Figure 3a. The numbers indicate the position of the yellow
box at consecutive clock cycles. At this stage, the Cache L1 sub-module is loaded for the
first time and does not output any data. Once the first output is computed and the filter
shifts from this position, the Cache L1 sub-module starts providing part of the required
elements (green blocks in Figure 3b).

In the regime condition, the Cache L2 only provides elements belonging to the same
column, while the other two columns are read from the Cache L1 sub-module. The process
described in Figure 3b continues until the last elements of the row have been processed.
At this point, the sub-module returns to the idle state after flushing the stored data, and it
is ready to process a new row.

It must be noticed that our VHDL custom design includes all the necessary hardware
blocks for the address management. The read/write operations between the external
memory and the Cache L2, and between the Cache L2 and the Cache L1 are all deterministic,
following the order defined by the chosen scheduling algorithm. The miss condition for the
proposed Cache system coincides with the lack of sufficient data for proceeding with a
convolution step. This event happens when the Processing Unit (please refer to Figure 2)
elaborates data faster than the AXI Bus sending data to the Cache L2. Indeed, the probability
of a miss condition depends on the computational power of the Processing Unit and on the
speed and arbitration of the AXI Bus. If a miss condition occurs, appropriate control logic
freezes the Processing Unit until sufficient data are available in the Cache L2.

In the example reported in Figure 3, the Cache L1 sub-module works under the hy-
pothesis of storing one column per clock cycle, i.e., I, = F,. However, in cases such as
filters with size f = 5 x 5 or f = 7 x 7, this assumption may lead to excessive memory
usage since P, linearly depends on Ij,. For this reason, in this work, we upgraded the
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scheduling algorithm in order to include the possibility to slide the yellow box across
the column if necessary. If F, is not a multiple of I, the Cache L2 provides I}, elements
whenever possible and (F;, mod I},) at the end of the column. Figure 4 reports an example
of this scheduling strategy for a layer with f =5 x5, Sy = 1 and I;, = 3. As it can be
noticed, for each column, the Cache L2 firstly provides the upper three elements and then
the remaining two. Once the value of I, is fixed, the same operating principle is applied
to filters with different size f € [7 x 7,11 x 11, - - -]. In order to deliver to the Cache L1,
the data generated according to this scheduling algorithm, we designed a control circuit
that takes as input a maximum of I}, elements (I, < Fy,) per clock cycle and provides Fy,
elements to the Cache L1 sub-module when ready. In this way, the Cache L1 sub-module
receives F}, elements at a time and the designer is free to size I}, according to the memory
requirements of the application.

If I.h> 1, each input channel is executed in parallel with the others following the
scheduling operations described above.

|:|Cache L2 Data -Cache L1 Data

Last Iteration Last Iteration

(@) (b)

Figure 3. Scheduling operations and Cache L2-L1 behavior for filter size f = 3 x 3 with horizontal
stride S;; = 1. The numbers indicate the position of the yellow box at consecutive clock cycles.
(a) Operations at the beginning of each row; (b) operations in the regime condition.

N\

N—"p

DCache L2 Data -Cache L1 Data

000

(@) (b)

Figure 4. Scheduling operations and Cache L2-L1 behavior for filter size f = 5 x 5 with horizontal
stride Si; = 1. The numbers indicate the position of the yellow box at consecutive clock cycles.
(a) Operations at the beginning of each row; (b) operations in the regime condition.

For what has been discussed so far, the new number of parallelly read elements from
the Cache L2 can be computed as in Equation (2):
P/

elem

=1l L, Iy )



Electronics 2021, 10, 2514

7 of 18

The depth, the word width, and the memory footprint of the Cache L1 sub-module for
a specific layer are given by:

Dsyp = Chiy 3)
Weub = (Fo — I,) - Fy - biy 4)
Msyp = Dsup - Weup = Chiy - (Fw - I‘Zu) By - biy (5)

where Ch;, is the number of input feature maps of the layer, and b;,, corresponds to the
representation bits of the input elements. In terms of timing performance, the system slows
down by a factor of Py, / P.;,,, at the start of each row only. Indeed, in this step, the Cache
L1 is empty and the Cache L2 needs more time to provide all the required elements due to
the lower number of outputs. The timing slowdown for a given layer can be computed as

indicated in (6):
Ty = IFMj, - ([Ch""l,}ﬂ” : Fﬂ - [Chi"l,' le : FhD Tk ©6)
elem

elem

where [FMj, is the input feature map height, and T is the clock period of the accelerator.
In the following, we will discuss how the Cache L1 sub-module can be employed in a
complete hardware implementation of a CNN model. The Cache L1 System combines multi-
ple Cache L1 sub-modules to achieve an implementable design for a CNN characterized by
several layers with different filter sizes and with max pooling operations. More precisely,
layers with the same filter size exploit the same sub-module. The shared sub-module must
be sized in order to be able to process the worst case among the selected layers, i.e., the
layer with the highest number of elements to be cached. The sub-module memory footprint
for a fixed filter size f = F,, X F, can be calculated as:
MY, = (Fo = T,) - By - max{Chip, } - by %
qeLy
where g is the layer index and L f is the set of layers with filter size f on which data re-use
can be applied. In addition, multiple sub-modules must be inferred by the synthesis tool
for those convolutional layers followed by max pooling layers. Indeed, the scheduling
algorithm described in Section 2 simultaneously computes several output rows whenever
max pool is applied. If the max pooling operations are performed on a P; - P; grid, then the
number of parallelly computed rows is equal to P;. This is also the number of sub-modules
to be inferred since each block can process a single row of outputs at a time. From this
analysis, we can deduce that the number of sub-modules to be inferred for a given filter
size f can be expressed as:

Ny = max(Py) ®)

According to this, the total memory footprint of the Cache L1 system is computed as:

Msys = ;Mfub ’ Ns{;b ©)

Figure 5 reports the Cache L1 system architecture with further details on the additional
logic responsible for the selection of the correct sub-module while performing computations
on a generic layer.
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Figure 5. Cache L1 system architecture.

3.2. Filters Cache System

A possible approach in the design of CNN accelerators is to fit the whole set of
convolutional filters directly in the FPGA resources [50-52]. Such a design choice benefits
the system in terms of timing performance as it avoids the off-chip data transfers required
by external memories. Nevertheless, this approach prevents the optimal exploitation of
memory resources since the computation of a layer requires the on-chip availability of
only a subset of the total filters collection. In addition, the on-chip storage of the entire
filter set can be unfeasible when the complexity of the network grows [28-30]. For this
reason, we designed the Filters Cache system, a memory unit that allows storing on-chip the
filters of the layer under process while the rest is saved in an external memory. Once the
computation of a layer ends, the stored filters are updated to proceed with the processing
of the subsequent layer. The depth, the word width, and the memory footprint of the block
are given by:

Dy = r;leaLX{Chmq} (10)
Wy = I;leaZ({qu “ i, * bitter, } (11)
My = Dy - Wy = ?gg({Chinq : qu : th : bfilterq} (12)

where L is the layers collection and by;j., corresponds to the filters representation bits.

In the fully on-chip approach, the required memory footprint is higher since it is
computed by replacing the max value with the sum of all contributions. The additional
time necessary to update the Filters Cache for the whole network can be estimated as:

ro= %

sl buidth

Fuoy + By - Ching - britter,

Terk (13)

where by, is the width of the communication bus with the external memory.

4. Results

The presented architectural improvements were implemented for the CloudScout
CNN presented in [32]. The network processes 512 x 512 x 3 images through ten convolu-
tional layers and two fully connected layers. The first layer is characterized by a 5 x 5 filter
with a 2 x 2 max-pooling. It is then followed by three triplets of convolutional layers: each
triplet exploits a sequence of filters of 3 X 3, 1 x 1, 3 x 3, and finally applies 2 x 2 max
pooling [32]. All convolutional layers have horizontal stride S;, = 1. The developed
Cache L1 system was equipped with four sub-modules, two for the 5 x 5 layer and two
for the 3 x 3 layers, to match the network parameters. No sub-modules were inferred for
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the 1 x 1 layers as they do not exploit data re-use. Table 1 provides an overview on the
parameters useful for the design of the Cache L2 system.

Table 1. System parameters.

So ba omax©h)  ma®) marCh)  ma
1 16 256 2 3 2

Ich Ih Iy I’w Pelem P’elem
1 3 3 1 9 3

The first row of Table 1 reports the set of parameters that directly depend on the model
features while the second row shows the ones chosen for the architecture development.
The values of 14, I, and I,, were sized to achieve a valuable trade-off between power
consumption and inference time. The Cache L1 system allows for reducing the memory
usage by passing from (I, Pelem) t0 (I'w, P/ ¢lem ) without significantly affecting the metrics
mentioned above, as we will show in this section.

Please notice that, despite the presence of a layer with f =5 x 5, we chose I}, = 3 by
considering only the memory requirements thanks to the improved scheduling strategy
illustrated in Section 5.

The design was implemented on a Xilinx ZCU106 Evaluation Board featuring a Zynq
Ultrscale+ ZCU7EV FPGA in order to benchmark the accelerator with the one described in
our previous work [13]. The implementation results of the developed system are reported in
Table 2 together with the one of the hardware accelerator proposed in [13]. The architectures
are referred to as respectively the Memory-optimized Accelerator and the Base Accelerator.

Table 2. Zynq Ultrascale+ XCZU7EV implementation overview.

Resources Available Accelfra;::)r [13] Men:zfgf::::'ized
Flip-Flops 460,800 (27%2/11) (iOéZZ/Z)
LUTRAM 101,760 (O;ZSO/O) (11.330)
BlockRAM 312 (21.67890/0) (123?2%)
UltraRAM 96 (56?24;%) (18.17850/0)
DSP 1728 (6171330) (6171.830)
Frfﬁlg;l)cy face = 115.4, fo; = 200

The Cache L2 system is the block responsible for the URAM resources utilization. In the
upgraded accelerator, the number of URAMs decreases from 54 to 18, as expected by choos-
ing Peem / Pél em = 3- This allows for reducing the Cache L2 block memory footprint from
15.19 Mbit to 5.06 Mbit. The Cache L1 system requires 3 BRAM units and 368 LUTRAMs
for a total memory footprint of 0.105 Mbit, which is coherent with the results provided
by Equation (9). In particular, the 5 x 5 sub-modules employ two 320 x 3 memories that
are not efficiently mapped on BRAM units (9 BRAMs required) despite their negligible
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size. For this reason, we implemented these sub-modules in LUTRAMSs to further optimize
the design. Conversely, the 3 X 3 sub-modules are based on BRAM blocks. The remaining
BRAM resources are exploited for the AXI communication FIFOs (4 BRAM required) and
for the on-chip storage of convolutional filters. The introduction of the Filters Cache system
allows for halving the memory utilization for this task by passing from 64 to 32 units, thus
saving 1.13 Mbit.

The overall memory utilization of the system is 6.43 Mbit, which is clearly an improve-
ment when compared to the 17.58 Mbit of the starting accelerator. The frequency of the AXI
interface f,,; and the frequency of the accelerator f,. are unchanged since the proposed
architecture does not affect the critical path timing.

The system was validated and characterized within the testing environment presented
in [13]. We performed the inference time measure by using an internal counter triggered
at the start of the inference and read at the end by the ARM Cortex a53 hardcore proces-
sor. With regard to power measures, we applied the methods described in [53,54] while
processing multiple inferences. In particular, data were collected through the INA226
power monitors hosted on the ZCU106 for the various power rails via software and were
compared with current measures logged via the Digital PowerTool software from Maxim
Integrated [33]. Power measurements were repeated also for the base accelerator in order
to take into account the Vppg power supply rail of the off-chip MT40A256M16GE-075E
DDR4 memory [55] (rail not considered in [13]).

Table 3 reports the power consumption P, the inference time Tj, ¢, the energy per
inference E;;, and the classification accuracy Acc. In order to offer a term of comparison
with an embedded CNN accelerator, we also reported these metrics for the Intel Movidius
Myriad 2 implementation [18].

Table 3. Measured metrics.

Metrics Base Memory Optimized Intel Movidius
Accelerator Accelerator Myriad 2 VPU
P. (W) 4.39 4.51 1.8
Tins (ms) 1417 1448 346
Eint (J) 0.62 0.65 0.63
Acc (%) 92 92 92.3

The Memory Optimized Accelerator achieves better inference times at the cost of a higher
power consumption when compared to the VPU solution. The negligible accuracy drop is
caused by the quantization process performed on the model before the FPGA implementation.

When compared to the Base Accelerator, we notice that the power consumption P,
has increased by 0.12 W. The voltages of the monitored rails together with the measured
currents are listed in Table 4 [54,56].

Figure 6 reports the current trends extracted directly from the Digital PowerTool
interface. The value of P, is obtained as the sum of all power contributions.

The main contribution to the power increase is given by the higher number of inferred
LUTs and registers.

The reduction of the URAM and BRAM memories does not significantly diminish
power consumption as suggested by the Vivado Power Estimator. Indeed, the tool indicates
that each of these resources is responsible for 2% of the total power consumption.

The off-chip storage of the filters negligibly affects power consumption. The power
variation obtained by monitoring the Vppg power supply rail [55] via the Digital PowerTool
amounts to 0.012 W. The trends of the currents belonging to this rail are reported in Figure 7
for both the accelerators. This result is reasonable when considering that the off-chip storage
of the filters increases the number of reading and writing operations in the external memory
as well as the processing time.
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Table 4. Voltage and current measures for the monitored rails.

Base Memory Optimized
Accelerator Accelerator
. Voltage Current
Rail V) (A)
PSINTEP 0.85 1.29 1.35
PSINTLP 0.85 0.35 0.35
VCCINT 0.85 1.65 2.00
VCCBRAM 0.9 0.01 0.01
VCCAUX 1.8 0.14 0.15
VCC1V2 1.2 0.01 0.10
VCC3V3 3.3 0.02 0.01
VADJ_FMC 1.8 0.08 0.07
DDR4_DIMM_VDDQ 1.2 0.61 0.62
lpsintrP | EN [l veent
] vceeram [l vecaux [l oor4_DivMM_vDDQ
5
4
z 3
3
- 2
1 \ \
0
620 630 640 650 660
Sample

Figure 6. Current trends in the Memory Optimized Accelerator.

. Base accelerator . Optimized accelerator

1.4

1.2

lout (A)

2340 2350 2360
Sample

2370 2380

Figure 7. Current of the Vppg power supply rail for the DDR4 memory.

The inference time T}, is now 3.1 ms longer, which is caused by the slowdown
introduced by the Cache systems as described in Sections 3.1 and 3.2.
The energy per inference E;;;s is 0.3 W higher because it is the product of P and Tj;¢.
The data transfers of the filters do not significantly affect the energy consumption since
the filters’ memory footprint amounts to 2.2 Mbit, which constitutes only 2% of the overall

transferred data during an inference.

As shown in Table 3, the accuracy is the same for both accelerators. In fact, the applied
architectural improvements do not modify the functional behavior of the system, thus

leaving this metric unchanged.
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We implemented the system on different FPGAs to prove the enhanced portability of
the developed accelerator. The selected devices are the following;:

e Xilinx Zynq Ultrascale+ ZU3EG;
e Xilinx Zynq 7000 Z7030;

e  Xilinx Kyntex Ultrascale KU025;
e Xilinx Artix 7 XC7A200T;

¢ Intel Arria 10 GX 270.

These components were chosen from different FPGA families in order to extend the
results of our analysis on a heterogeneous set of devices. Figure 8 reports the on-chip
memory budgets of the target FPGAs together with the one of the ZU7EV, which is the
FPGA hosted on the ZCU106 Evaluation Board.

On-chip Memory (Mbit)

0 38.0
Base Accelerator
1758 ---mmmmmm e 150
12.7 131 Memory
6 9.3 Saving
7. .
643 - 1—1 __________________________________ B ____| Optimized Accelerator_
« Device
ZU3EG Z7030 KU025 XC7A200T A10GX270 ZU7EV Size

Figure 8. FPGA memory budgets and system memory requirements.

The red dashed lines represent the memory footprints required by the two accelerators
under analysis. As the figure suggests, the implementation of the system without the
proposed memory improvements is not feasible on the new set of devices due to the
reduced memory availability.

Moreover, FPGAs with smaller area usually come also with a lower number of DSP
units, which are heavily exploited resources by CNNs. In order to match the DSP availabil-
ity of the proposed devices, we reduced the number of Multiply and Accumulate (MAC)
blocks instantiated in the Processing Unit. These units are responsible for the computational
operations required by convolutions and they are the main source of DSP usage. More
specifically, we halved the number of MAC blocks, thus passing from 576 to 288 Xilinx DSP
slices used by the Processing Unit. This change causes an increase of the inference time Tj, ¢
by a 2x factor since this metric linearly depends on the Processing Unit throughput. On the
other hand, the classification accuracy Acc is unchanged since the number of MAC blocks
does not affect the results of the inference.

Table 5 reports the implementation results on the considered FPGAs.

The RAM Blocks indicate, respectively, BRAM units or M20K blocks whether the
FPGA is a Xilinx or Intel product. The absence of URAM memories within these devices
was compensated by using RAM blocks in their place. The DSP usage varies from Xilinx to
Intel FPGAs since the considered devices exploit different hardware primitives for these
resources. We chose the same clock frequency (constrained by the least performing device)
in order to perform a power comparison. Figure 9 reports the static and dynamic power
estimated for the same design at the fixed clock frequency with the Vivado Power Analyzer
and the Quartus Power Analyzer, respectively, for Xilinx and Intel FPGAs. The lowest
power consumption amounts to 0.64 W, which is 63.34% inferior to the one achievable with
the ZCU106 Evaluation Board (ZU7EV FPGA). Even if this analysis is just an estimation of
the real power consumption, it suggests that the application of the proposed architectural
strategies on a target design allows for reducing the power consumption by migrating on
FPGAs with smaller size. In addition to this, a benefit of this enhanced portability is also
the reduction of the device cost. We included the Arria 10 GX 270 in our analysis because,
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despite higher power consumption, it provides a characterization of our accelerator also in
terms of Intel FPGA resources.

Table 5. System implementation on different FPGAs.

Resources ZU3EG 77030 XC7A200T KUO025 A10 GX 270
LUTs 52,346 53,097 53,004 52,339 16,688
(74.19%) (67.55%) (39.38%) (35.99%) (16%)
Flip-Flops 13,705 13,927 13,865 13,710 11,600
p-riop (9.71%) (8.86%) (5.15%) (4.71%) (2.85%)
368 432 432 368 511
LUIRAM g ogony  (1.62%) (0.94%) (0.54%) (1.01%)
215 215 215 215 350
RAMBlocks g9 5400y (81.13%)  (58.90%)  (59.72%) (47%)
UltraRAM - - - - -
DSP 294 294 294 294 763
(81.67%) (73.50%) (39.73%) (25.52%) (92.0%)
Frequenc
(13[Hz) y Face = 385, fari = 62.5
Power Consumption (W)
A
0.71
0 e
0.41 Max Power
’ Saving
064} I 043] S DR IR IR p B
0.73 0.60
0.42 0.78 0.60
0.49
0.22 0.14 0.18 « Device
ZU3EG Z7030 KU025 XC7A200T A10GX270 ZUTEV Size
I:‘ Static Power |:| Dynamic Power

Figure 9. Accelerator power consumption on several devices.

Finally, Table 6 reports an estimate of the on-chip memory requirements of the de-
signed system for commonly used CNNs: LeNet-5 for MNIST, NiN for CIFAR10, and
VGG-16 for ImageNet. The aim of this analysis is to show how the proposed memory
optimizations scale on different models while tuning the architecture parameters, and to
present a first comparison in terms of memory usage with alternative accelerators presented
in the literature. The implementation and characterization of the reported configurations,
together with a detailed comparison in terms of performance with the other accelerators,
require a more careful analysis which will be part of our future work.

From Table 6, we observe that, as mentioned in Section 3.2, the Filters Cache plays a
key role when moving to larger models such as VGG-16. Indeed, for this network, the
number of convolutional filters far exceeds the memory budget of many FPGA devices and
the introduction of the Filters Cache allows for solving this problem.
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Table 6. Memory usage evaluation for different CNN models.

LeNet-5 NiN VGG-16
# Conv. Filters 33,412 969,822 14,714,688
bin 16 16 16 16 8 8
bsilter 16 16 8 8 4 4
Conv. Filters Footprint
(Mbit) 0.51 0.51 74 7.4 56.1 56.1
In 1 2 1 1 1 2
Iy 5 3 5 3
I 5 5 3 5 3 3
Pelem 25 50 9 25 9 18
I'w 1 1 1 1 1
P’ elem 5 10 3 5 3 6
w/o Cache system
(Mbit) 0.565 1.09 1257 217 626 67.9
w/ Cache system
(Mbit) 0.107 0.25 5.24 6.39 9.6 12.9
Literature
(Mbit) 0.98 [57], 1.02 [58] 52.0 [59] 16.42 [60], 9.3 [61]

5. Conclusions

This article presents the Cache L1 system and the Filters Cache system, two memory
optimization techniques for CNN hardware accelerators.

The Cache L1 system is an architectural unit designed to implement data re-use on
the input feature maps’ elements. The provided analysis shows that this block allows for
reducing the overall memory resources by decreasing the size of the input feature maps
buffer, i.e., the Cache L2 system.

The Filters Cache system allows for optimizing the required on-chip memory for
convolutional filters by limiting the storage to the filters of a single layer at a time.

The proposed architectural improvements were exploited to design an accelerator
for the CloudScout CNN proposed in [32]. The system was validated and tested on the
Xilinx ZCU106 Evaluation Board. The result is a memory reduction of 63.48%, passing
from 17.58 Mbit to 6.42 Mbit, when compared to an alternative hardware accelerator for
the same CNN proposed in [13]. The Cache L1 system and the Filters Cache system allow
for saving, respectively, 58.19% and 5.29% of the total memory resources. The variations
in the inference time and in the power consumption, which amount to 2.14% and 2.73%,
prove that the memory optimization slightly affects the accelerator performance.

Further investigation demonstrates that the memory-optimized system has higher
portability in terms of device choice thanks to the enhanced efficiency in resource exploita-
tion. Several implementations of the presented accelerator on devices with smaller size
are reported in order to prove this achievement. The migration of the accelerator on these
FPGAs allows for reducing power consumption and device cost.

Finally, a preliminary analysis about the applicability of our methods to other CNN
models shows valuable results in terms of memory saving even in comparison with other
works from the literature.
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Abbreviations

The following abbreviations are used in this manuscript:

AXI Advanced eXtendible Interface
BRAM  Block RAM

CNN Convolutional Neural Network
CPU Central Processing Unit

DDR Double Data Rate

DSP Digital Signal Processing

FPGA  Field Programmable Gate Array
GPU Graphics Processing Unit

LUT Look Up Table

MAC Multiplay and Accumulate

RAM Random Access Memory

URAM Ultra RAM

VHDL  VHSIC Hardware Description Language
VHSIC  Very High Speed Integrated Circuits
VPU Visual Processing Unit

XPE Xilinx Power Estimator
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