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An Efficient Hybrid Deep Learning Accelerator for Compact
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University of Technology, Sweden

Resource-efficient Convolutional Neural Networks (CNNs) are gaining more attention. These CNNs have
relatively low computational and memory requirements. A common denominator among such CNNs is
having more heterogeneity than traditional CNNs. This heterogeneity is present at two levels: intra-layer
type and inter-layer type. Generic accelerators do not capture these levels of heterogeneity, which harms
their efficiency. Consequently, researchers have proposed model-specific accelerators with dedicated engines.
When designing an accelerator with dedicated engines, one option is to dedicate one engine per CNN layer.
We refer to accelerators designed with this approach as single-engine single-layer (SESL). This approach
enables optimizing each engine for its specific layer. However, such accelerators are resource-demanding
and unscalable. Another option is to design a minimal number of dedicated engines such that each engine
handles all layers of one type. We refer to these accelerators as single-engine multiple-layer (SEML). SEML
accelerators capture the inter-layer-type but not the intra-layer-type heterogeneity.

We propose the Fixed Budget Hybrid CNN Accelerator (FiBHA), a hybrid accelerator composed of an
SESL part and an SEML part, each processing a subset of CNN layers. FIBHA captures more heterogeneity
than SEML while being more resource-aware and scalable than SESL. Moreover, we propose a novel
module, Fused Inverted Residual Bottleneck (FIRB), a fine-grained and memory-light SESL architecture
building block. The proposed architecture is implemented and evaluated using high-level synthesis (HLS)
on different Field Programmable Gate Arrays representing various resource budgets. Our evaluation shows
that FIBHA improves the throughput by up to 4x and 2.5x compared to state-of-the-art SESL and SEML
accelerators, respectively. Moreover, FIBHA reduces memory and energy consumption compared to an
SEML accelerator. The evaluation also shows that FIRB reduces the required memory by up to 54%, and
energy requirements by up to 35% compared to traditional pipelining.
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1 INTRODUCTION

During the early years following the AlexNet breakthrough [24], researchers have mainly focused
on designing Convolutional Neural Networks (CNNs) with higher accuracy [17, 47, 50, 63].
The accuracy improvements usually come at the cost of higher memory consumption and
computational complexity [52]. However, as CNNs have become dominant in computer vision,
there has been growing interest in improving their resource efficiency both to perform cheaper
training and inference and to facilitate their deployment in resource-constrained environments [9,
18, 19, 22, 45, 49, 64]. At the same time, domain-specific accelerators that process Deep learning
algorithms, including CNNs, more efficiently are being proposed [5, 8, 14, 32, 48, 49, 55, 58].

CNNs’ resource efficiency is improved by reducing the model’s computational complexity
using modules—building blocks or layer-combinations—with reduced memory and computational
requirements [9, 18, 19, 45, 52, 64]. These modules require less weight and perform lesser
computations. Hence, they enable building compact, computationally inexpensive, yet accurate
CNNs [6, 18, 19, 50, 52, 64]. However, these modules introduce new layer types that increase
CNNs’ inter-layer-type heterogeneity. We use the term “heterogeneity” to describe the diversity
of the layers in a CNN, especially the computationally intensive convolutional layers. For example,
we say that ProxelessNAS [6] is more heterogeneous than VGG [47] because it contains more
types of convolutional layers and because its convolutional layers that are of the same type have
more variations of kernel sizes, input sizes and shapes, and reuse patterns.

An in-depth analysis of monolithic accelerators, e.g., Tensor Processing Units (TPUs) [21],
reveals that the “one-size-fits-all” heterogeneity-oblivious accelerators are very inefficient when
it comes to processing heterogeneous CNNs [5, 61]. Therefore, there has been an effort to design
custom accelerators for these heterogeneous CNNs. Field Programmable Gate Arrays have been
heavily used to develop such custom and model-specific accelerators due to their reconfigurability,
which enabled supporting the rapidly changing CNN models [2, 13, 31, 32, 48, 58, 59, 62].

Most of the proposed custom and model-specific accelerators are composed of reusable engines,
where a single engine computes multiple layers of the same type. We refer to such accelerators
as single-engine multiple-layer (SEML) accelerators. For instance, in [29, 31, 48, 58], a single
engine processes all the Depthwise (DW) convolutional layers [9] and another single engine
processes all the Pointwise (PW) convolutional layers. Designing dedicated DW and PW
engines, each optimized for a layer type, improves the efficiency compared to a monolithic
accelerator that processes layers of both types using the same engine. Hence, we say that the
SEML accelerators capture inter-layer-type heterogeneity. However, layers of the same type have
various arithmetic intensities, input and output shapes, reuse patterns, workloads, and filter
sizes [5, 55]. Consequently, even when there is a dedicated engine per layer type, this engine has
to be optimized for the average case within that layer type. Hence, we say that SEML accelerators
do not capture intra-layer-type heterogeneity.

To capture the intra-layer-type heterogeneity, accelerators with a dedicated engine per layer
are proposed [4, 30, 53, 54]. We refer to such accelerators as single-engine single-layer (SESL)
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accelerators. They are known as streaming, or synchronous dataflow (SDF), accelerators in
the literature. These accelerator engines are pipelined and run simultaneously to achieve high
throughput. Implementing a pure SESL design where each layer has its dedicated engine and
where resources are well balanced among these engines is challenging and does not scale for deep
models [15, 34]. Moreover, the simultaneously running engines need to be fed with data at the
same time, requiring high memory bandwidth [30].

To summarize, neither pure SEML nor pure SESL accelerator architectures offer the best
performance-resource tradeoff. While SEML accelerators ignore the intra-layer-type heterogene-
ity, SESL accelerators are resource-hungry and unscalable. Hence, we propose Fixed Budget
Hybrid CNN Accelerator (FiBHA), which combines both SESL and SEML architectures. We use
the term “hybrid” to describe an accelerator that uses more than one mapping between CNN
layers and the hardware, e.g., a combination of SESL and SEML mappings. FIBHA captures more
heterogeneity than pure SEML accelerators and is more resource-efficient than pure SESL. To
derive an FiBHA instance given a fixed resource budget, we propose a heuristic “Split a CNN”
(SplitCNN). SplitCNN identifies a splitting point, and it splits the CNN layers and the resources
between that instance’s SESL and SEML parts.

To design the SESL part of FIBHA, one option is to implement a traditional pipeline, where a tile
of each pipelined layer’s feature maps (FMs) is stored in a double-buffered or first-in-first-out
(FIFO) fashion [30, 44, 54]. However, this introduces a non-negligible memory overhead. This
overhead scales with the pipeline length since more buffers must be added between the engines.
Hence, to design a memory-efficient SESL accelerator part of FIBHA, we propose Fused-Inverted-
Residual-Bottleneck (FIRB), a fine-grained and memory-light SESL architecture building block.
This block reduces memory and energy overheads compared to traditional pipelining. The core
idea of FIRB-based design is building a two-level pipeline composed of a chain of fused engines,
or engine-groups, rather than engines. Within each fused engine, the communication among its
engine group is done at a fine granularity, which enables processing the intermediate results in
a more timely manner and eliminates the need for double buffering.

The contributions of this article are as follows:

— We propose FIBHA, a hybrid architecture composed of an SESL part and an SEML part, each
computing a subset of CNN model layers.

— We propose SplitCNN, a heuristic that derives an FiBHA instance given a fixed resource
budget and splits a CNN and the computational resources between its SESL and SEML parts
in a way that maximizes the throughput.

— To implement the SESL part of FiBHA efficiently, we propose FIRB, a fine-grained and
memory-light SESL building block, and evaluate its impact on implementing a pipelined
architecture in terms of improving energy and memory efficiency.

— We analyze the impact of FIBHA on the memory requirements of a CNN. FiBHA reduces the
intermediate results memory requirements considerably, allowing better scaling and avoid-
ing off-chip communication, especially on memory-constrained hardware.

— We evaluate FiBHA by comparing its performance to a pure SEML accelerator using three
different boards representing various resource budgets in the compute continuum, namely
ZC706, KCU105, and ZCU102. Moreover, we evaluate FiIBHA by comparing its performance
to a pure SESL accelerator and demonstrate that it offers better performance and resource
efficiency. We also evaluate FIBHA’s energy efficiency, comparing it to a pure SEML acceler-
ator and two GPUs using a set of heterogeneous CNNs.

In this article, we focus on accelerating inference [49]. We evaluated FIBHA using different
FPGAs with varying resource budgets representing different points in the compute continuum
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Fig. 1. Standard, Depthwise, and Pointwise convolution.

and state-of-the-art compact CNNs [6, 18, 45, 51]. FIBHA achieves 2.5x and 4x of the throughput
achieved by state-of-the-art model-specific accelerators, under the same hardware budget. It also
allows better scaling in cases of memory-constrained hardware compared to SEML. FIRB modules
reduce the required memory by up to 54% and energy requirements by up to 35% compared to
traditional inter-layer pipelining.

2 BACKGROUND
2.1 Convolutional Neural Networks (CNNs)

CNN s are feedforward deep learning models designed to capture features in 1D signals like lan-
guage, 2D signals like images, or 3D signals like video or volumetric images [26]. A CNN consists of
a set of stacked layers performing feature extraction and classification [27]. The primary layers in
a CNN, both in terms of functionality and computational intensity, are the convolutional layers [8].
Figure 1 shows different forms of convolution that are found in CNNs. As the figure shows, a
convolutional layer has a set of filters; these filters are composed of trainable weights. The filters
are applied on input feature maps (IFMs) to extract embedded features from them, generating
output feature maps (OFMs). We use the term FMs, or activations, to refer to both IFMs and
OFMs.

2.2 Resource-efficient CNNs

Resource-efficient CNNs are also referred to as heterogeneous, compact, or edge CNNs in the
literature [5, 61]; hence, we use these terms interchangeably throughout this article. These CNNs
are designed to balance the accuracy-efficiency tradeoff. They either improve the accuracy without
increasing the model weights and computations [9] or reduce the model weights and computations
considerably at the cost of a negligible loss in accuracy [6, 18, 45, 52, 64]. The DW Separable
Convolution and inverted residual and linear bottlenecks are two predominant building blocks of
resource-efficient CNNs [6, 9, 18, 45, 52, 64].

The DW Separable Convolution is a form of convolution that is based on decoupling the spatial
and the cross-channel correlations in the FMs [9]. This is achieved by replacing the standard
convolution by two operations: (a) DW convolution and (b) PW convolution. As Figure 2(b)
shows, a DW Separable Convolution is composed of DW followed by PW convolution. Figure 1(b)
shows that the DW convolution applies a filter to each FM and sums each feature map’s results
individually (no across-FMs summation). This is followed by a PW convolution with 1 X 1 filters.
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Fig. 2. Depthwise separable convolution and inverted residual bottlenecks.

PW convolution, as shown in Figure 1(c), applies a filter and sums the results across different FMs
but not within a single FM. DW Separable Convolution is a more efficient way to use the model
parameters compared to the standard convolution [9, 59].

The inverted residual with linear bottlenecks is a module designed to significantly reduce the
CNN model weights and operations while maintaining the accuracy [45]. As shown in Figure 2(c)
this module combines three convolutional layers. The first layer is a 1 X 1 PW convolution that
expands the IFMs by increasing their depth. The second is a DW convolution that processes the
expanded FMs. The third is another 1x 1 PW convolution that squeezes the FMs again. There could
be a shortcut connection in the module that forwards the input of the module to be added to the
outputs of the last convolutional layer of the module; this shortcut is represented by the dashed
arrow connecting the module input to an Add layer in Figure 2. The reduction in weights and
computations that the inverted residual with bottlenecks module permits is a result of performing
heavy operations like the PW convolution on a relatively low-dimensional representation, that is,
the unexpanded or the squeezed FMs, and a light operation like DW convolution on the expanded
representation.

Since the modules used to design resource-efficient CNNs have different types of convolutional
layers compared to the conventional CNNs that have only one type of convolution, we say that
the resource-efficient CNNs have more heterogeneity. Note that even conventional CNNs have
one form of heterogeneity, which is intra-layer-type. This is because even convolutional layers of
the same type have variations in inputs, output, and filter shapes.

2.3 Model-aware CNN Accelerators

A plethora of custom, model-specific accelerators have been proposed aiming to improve the per-
formance and efficiency of processing compact and heterogeneous CNNs. We categorize the cus-
tom accelerators in the literature into four categories:

— Monolithic accelerators: accelerators in which all the core layers are executed using the
same engine [2, 8].

— SEML: accelerators in which all the layers of a certain type are executed using the same
engine [2, 31, 32, 48, 58, 59, 62].

— SESL: accelerators in which each layer is mapped to a distinct engine. In these accelerators,
the chain of engines is pipelined to work concurrently and maintain a high throughput [4,
30, 53, 54].

— Multiple-Engine Multiple-Layer (MEML): accelerators in which a single layer is pro-
cessed by multiple engines, where each engine processes a tile of that single layer, and these
multiple engines are reused across multiple layers [14, 34].
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Fig. 3. High-level overview of the SEML, SESL, and Hybrid accelerators. The figure focuses on the mapping
from the convolutional layers of a CNN to the compute engines of the accelerators; the internals of the
engines, their connectivity, and the memory system are omitted for simplicity.

In the rest of this article, we mainly focus on the second and third categories, i.e., SEML and
SESL. This is because the MEML is more tailored for resource-demanding scenarios like having
large deep neural networks or the training phase. Note that in this context, the term single layer
refers to a combination of convolution, batch normalization, and activation layers. We assume that
a convolutional layer is fused with the batch normalization (BN) and the activation layer, e.g.,
rectified linear unit (ReLU), following it. Note also that our taxonomy is based on the nature of
the mapping between the model layers and the engines rather than the engine count. For example,
considering an SEML, there could be multiple engines, but the point is that each single engine
computes multiple layers. Figure 3 shows examples of both SEML and SESL mapping approaches.
The top part of the figure shows an example of an SEML where all the DW layers are mapped to a
CW engine, and all the PW layers and the first layer are mapped to a PW engine. This is a common
mapping in custom accelerators targeting heterogeneous CNNs. In this mapping, PW and standard
convolutions share the same engine. The middle part of the figure shows an SESL mapping where
each layer is mapped to its own dedicated engine. Note that our taxonomy is independent of the
internal design of these engines. These engines could either be custom convolution engines each
highly optimized to its layer or a set of Systolic Arrays with the same architecture but with different
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dimensions to suit their varying layer’s workloads. The bottom part of the figure depicts what we
refer to as Hybrid Accelerator. We use the term “hybrid” to describe an accelerator that uses more
than one mapping technique between CNN layers and the compute engines. The figure shows
an example that maps each of the first five convolutional layers to its engines and uses an SEML
mapping technique for the rest of the layers.

We refer to an SESL where all the engines have the same execution time as perfectly balanced. In
a perfectly balanced SESL, theoretically, all engines are active all the time, eliminating any resource
idleness or underutilization. We use the term processing element (PE) as an abstraction. It refers
to hardware capable of doing a MAC operation regardless of the components that are actually used
in a particular implementation (e.g., in an FPGA, a PE could be implemented using Lookup Tables
(LUTs) or a Digital Signal Processor (DSP)).

3 MOTIVATION

The Depthwise Separable Convolution and the inverted bottlenecks (Section 2) reduce CNNs’ stor-
age and computational requirements. However, they increase the CNN model heterogeneity as
these modules include layers of varying arithmetic intensities, reuse opportunities, FMs and weight
shapes, and memory requirements. This makes the generic accelerators unable to fully achieve the
desired performance gains out of this reduction. Figure 4 shows an example of that; it depicts the
energy efficiency of four compact and heterogeneous CNNs normalized to that of ResNet50 [17].
In contrast to ResNet50, these heterogeneous CNNs have much lower energy efficiency.

Figures 5(a) and 5(c) depict some aspects of the heterogeneity in a set of compact CNNs, namely
MobileNetV1 [18], MobileNetV2 [45], ProxylessNAS [6], and MnasNet [51]. Figure 5(a) depicts the
weight reuse of the models on the y-axis and layers on the x-axis. We use the term reuse to indicate
the number of times, or operations, where a single element (weight/input/output) is used. To give
an example, in Figure 1(c), each of the PW filters slides over the width and height of the IFMs and
is used to produce one output feature map. Since the number of elements in one output feature
map equals OFMs width * OFMs height, a single weight or filter could be loaded from memory once
and used to do that many computations. The reuse indicates the compute-to-memory access ratio
of an element. Capturing reuse is important as it reduces data movement, which in turn reduces
the latency [8, 33] and energy. Figure 5(a) shows that the initial layers have high and dynamic
weight reuse; the reuse is low and stable in the rest. Figure 5(b) shows the width and height of
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the FMs in the targeted CNNs. The figure shows that the FMs of the initial layers have relatively
large widths and heights. As a result, the weight reuse in these layers is the highest. The figure also
suggests that in the first layers, the width and height of the FMs change, more specifically decrease,
frequently and after that, they change less frequently. As a result of the frequent changes in the
FM’s width and height, the weight reuse is more dynamic in these first layers. As a result of the
less frequent change in the rest of the layers, the reuse does not vary as much.

Figure 5(c) depicts the activation reuse. For DW layers, activation reuse is calculated as filter
width X filter height, except for the activation on IFM borders and in case of strides of greater than
one. For PW layers, activation reuse is equivalent to the number of filters. Activation reuse follows
an opposite trend compared to weight reuse, low in the initial layers and high in the rest. More-
over, unlike weight reuse, activation reuse fluctuates. This is a result of the inverted bottleneck
module and the DW convolutions. The peaks of the activation reuse represent the reuse values
of all the PW layers in the MobileNetV1 case and the expansion layers (Section 2) in the rest.
The valleys represent the DW layers. Note that activation reuse is negligible in the case of DW
layers. Hence, regarding activation reuse, we focus on the higher and more dynamic reuse of the
PW layers.

Reuse heterogeneity is one of many forms of heterogeneity in the studied CNNs. SEML accelera-
tors fail to capture the intra-layer-type form of heterogeneity. SESL accelerators could address the
two forms, but they are impractical for deep CNNs and do not scale [34, 43]. Researchers proposed
several techniques to alleviate SESL bottlenecks [3, 4, 54], but each of these techniques has its own
shortcomings.

Motivated by the observation that neither SEML nor SESL accelerators address the tradeoff
between addressing heterogeneity and maintaining resource efficiency well enough, we propose
our hybrid architecture (FIBHA). Based on Figures 5(a) and 5(c), we can generalize by saying that
the layers in the targeted CNNs can be split into two parts. The first part has high weight reuse
and low input reuse, while the second has low weight reuse and high input reuse (considering
input reuse only in the PW layers). This trend motivates designing a hybrid accelerator that uses
two forms of architectural design to handle these two parts.

4 FIBHA
4.1 Design Choice: First SESL Then SEML

The primary design goal of FIBHA is to improve efficiency by capturing the two forms of hetero-
geneity present in resource-efficient CNNs as much as the available resource budget permits. The
first form of heterogeneity is the inter-layer-type heterogeneity, which is a result of having dif-
ferent types of layers including DW, PW, and Standard convolution. The second is heterogeneity
among layers of the same type, represented in variations in input and output shapes, sizes, filter
shapes, and reuse patterns, as discussed in Section 3. When designing FiBHA, we mainly consider
the PE budget. However, we also target minimizing memory consumption, which leads to energy
savings, and we avoid the off-chip memory bandwidth bottleneck. In the rest of this section, we
discuss why using SESL to process the initial layers of an CNN and SEML to process the rest is
the option that fulfills these design goals. It is important to note that while this arrangement is the
best for CNNs, as we show in the rest of this section, our design is not restricted by it, meaning
that in other workloads, it could be beneficial to use other arrangements.

4.1.1 Maximizing the Captured Heterogeneity. SESL captures the two levels of heterogeneity;
hence, it is preferred over SEML when there is more heterogeneity. The initial layers exhibit more
heterogeneity than the rest. Three forms of heterogeneity are much more visible in the initial
layers:
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Fig. 6. Weight size per layer of (a) heterogeneous and (b) less heterogeneous CNNs. FM size per layer of (c)
heterogeneous and (d) less heterogeneous CNNss, respectively.

— Weight reuse heterogeneity: Figure 5(a) shows that the weight reuse in the initial layers
is changing dramatically. However, in the rest of the layers, the weight reuse either is stable
or changes negligibly.

— Parallelism pattern heterogeneity: The initial layers, especially the first layer, have shal-
lower inputs compared to the rest, which means they exhibit different parallelism patterns.
As a result, these layers have low resource utilization when computed using an engine that
is suitable for the majority of the layers. Previous work suggested computing the first layer
on the CPU [7, 35].

— Inter-layer-type heterogeneity: Another form of heterogeneity that the first layer intro-
duces, considering all the compact CNN models we have evaluated, is inter-layer-type het-
erogeneity. This layer is the only standard convolution, making its filters unique.

4.1.2  Minimizing FM Memory Requirements. The memory consumption of Deep Learning al-
gorithms represents a major bottleneck both in training and in inference [14, 40]. In some state-of-
the-art accelerators, on-chip buffers consume up to 70% to 87% of the chip area [8, 14]. As a result,
reducing memory requirements is a crucial part of designing an efficient accelerator.

Figure 6(c), which depicts layers on the x-axis and the size of FMs on the y-axis, shows that
the initial layers have much larger FMs than the rest. CNNs’ initial layers extract many simple
features from an input, e.g., edges and curves in an image. As we go deeper, the layers combine
the many simple into fewer more abstract features. That is why FMs’ size shrinks as we go deeper.
The shrinking is done in practice by sub-sampling through pooling layers or skipping through
strided convolutions.

Unlike SEML, where the outputs need to be fully stored in memory and then loaded when the
next layer is computed, in SESL data flows between the pipelined engines and is processed almost
immediately. As a result, if SESL is used to process the initial layers, smaller on-chip buffers are
needed to store the FMs. On the other hand, the rest of the layers have small FMs, meaning that
storing them fully is relatively cheap.

Figure 7(a) shows the FMs’ memory requirement of FiIBHA normalized to SEML or a monolithic
accelerator. The figure shows that up to 75% of the required FMs’ memory could be saved. An
SEML accelerator requires an FM’s buffer size that can accommodate the maximum IFMs plus the
OFMs of a layer. This assumes that two buffers are allocated to hold the IFMs and OFMs of a layer
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Fig. 7. Maximum FM memory requirement of FiIBHA normalized to SEML or monolithic accelerator consid-
ering various SESL part lengths of (a) heterogeneous and (b) less heterogenous CNNs. LO-Lx means that the
SESL part of FiIBHA spans the layers starting from layer 0 up to layer x - 1.

and are reused in an alternating fashion throughout an inference. FiBHA requires an FM buffer
size that can accommodate the maximum IFMs plus the OFMs of a layer in the SEML part (starting
from the last SESL layer + 1) plus the SESL part overhead. The SESL part overhead depends on
the granularity of the pipeline and is negligible for all the considered SESL lengths. Note that in
case of having skip connections, as in the case of inverted bottlenecks (Section 2), a layer has
more than one input or output. For models that have a linear structure with no skip connections
like MobileNetV1 or VGG, one could make a rough estimate of the FMs’ buffer size reduction, by
looking at Figure 6(c) or 6(d). The size of the required buffer in the case of a pure SEML accelerator
is the sum of the two highest peaks. In the case of FIBHA, the required buffer size is roughly the
sum of the two highest peaks starting from FIBHA’s SEML part first layer. Equation (1) gives the
memory reduction for any CNN ignoring the SESL part small buffering overheads, where s/ is the
splitting layer, which is the first layer processed by the second part of FiBHA, and Il is the last
layer in the CNN:

FMs’ memory reduction = max Z size(IFMs) + Z size(OFMs) |, 1 € [0,11]
IFMsely inputs OFMsely outputs

®

—max( Z size(IFMs) + Z size(OFMs)) Ay € [sL 1.
IFMsely inputs OFMse€ly, outputs

This reduction in FMs’ memory requirements has two benefits. First, when using on-chip mem-
ory to store FMs, relying on large buffers is expensive in terms of latency, area, and power [14].
Second, embedded accelerators may not have sufficient on-chip memory; in this case, FIBHA helps
to fit the FMs on a smaller on-chip memory and avoid relying solely on the costly-to-access DRAM.
In Section 6.1, we demonstrate experimentally the benefits of FMs’ memory reduction. Note that
the results of the analysis in this section are generalizable and apply to other more homogeneous
CNN, like ResNet [17] and VGG [47]. Figures 6(b) and 6(d) show that these CNNs’ FMs and weights
follow similar trends: while the weights grow bigger, FMs shrink as we go deeper. Hence, the ad-
vantage of FIBHA is not limited to compact CNNs; it applies to other CNNs as shown in Figure 7(b).

4.1.3  Avoiding Off-chip Memory Bandwidth Bottleneck. An SESL architecture suffers from the
off-chip memory bandwidth bottleneck since all the pipelined engines must be supplied with
weights concurrently. As Figure 6(a) shows, the initial layers have small weights that can be
stored on-chip locally. As a result, these layers could be processed with an SESL architecture
while avoiding the off-chip memory bandwidth being a bottleneck. On the other hand, the layers
toward the end of a model have much larger weights that usually have to be stored off-chip.
Note that the increase in the size of the weights as we move from the first toward the last layers
happens because the depth of FMs channels increases, requiring more and larger filters.
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Fig. 8. (a) Traditional inter-layer pipelining-based implementation of an Inverted Residual Bottleneck mod-
ule. (b) FIRB-based implementation of an Inverted Residual Bottleneck module.

Based on this analysis, to capture more heterogeneity, minimize memory requirements, and
avoid bandwidth bottlenecks, the SESL part is used to process the initial layers. The SEML is used
to compute the rest.

4.2 Fused Inverted Residual Bottlenecks (FIRB)

As discussed in Section 4.1.1, the motivation behind using SESL to process the first layers is
minimizing memory requirements. However, in a traditional implementation of the pipeline, a
tile of the FMs of each layer needs to be stored on-chip and double-buffered for concurrent access,
introducing a non-negligible overhead. This overhead scales with the pipeline length as more
double buffers must be added.

To reduce the buffering required by a pipelined architecture, Gao et al. have proposed a novel
dataflow named Alternate Layer Loop Ordering (ALLO) [15]. However, it is only possible to
apply ALLO to alternate pairs of adjacent layers. Hence, it requires to fully delay and completely
buffer the FMs of half of the pipelined layers. While ALLO improves over naive coarse-grained
pipelining where the whole FMs need to be entirely stored between each pair of layers, it still is
very expensive when considering a limited on-chip memory. Hence, we introduce the FIRBmodule.
FIRB applies a fine-grained pipelining within the inverted residual bottleneck modules (Section 2),
resulting in a considerable reduction in the required buffers.

Figures 8(a) and 8(b) show two implementations of an Inverted Residual Bottleneck module.
The implementation in Figure 8(a) is a variant of a traditional inter-layer pipelining. This imple-
mentation maximizes weight reuse across the three layers of the module. Figure 8(b) shows an
implementation of FIRB; this implementation maximizes input reuse in the first layer (the expan-
sion layer), sacrifices the reuse in the second (the DW layer), and maximizes the output reuse in the
third (the projection layer). The main advantage of FIRB is eliminating the need for three out of the
four buffers connecting the expansion to the DW and the DW to the projection layer (Figure 8(b)).
Note that the four intermediate buffers are three to six times bigger than the four outer buffers
because they hold expanded FMs (Section 2), and the usually used expansion ratios are three and
six times. One of the four intermediate buffers has to be kept to hold the FM values that are shared
between two consecutive passes of the DW layer filters.

The advantage of reducing buffers allowed by FIRB comes at the cost of sacrificing the reuse in
the DW layer and imposing an extra constraint on the parallelism patterns. Sacrificing the reuse in
the initial DW layers, as the SESL part targets the initial layers of a CNN, is not costly as they hold
hundreds of weights that are negligible compared to the millions of weights in the whole model.
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Fig. 9. FiBHA architecture: a high-level overview. The SESL part implementation is FIRBbased or traditional
tiled pipelining based depending on the CNN.

The parallelism patterns constraint requires that the three layers target the three dimensions of
the FMs in a way that permits having a common blocking factor across them (the three layers).
Common blocking is important to balance the computational loads and avoid leaving any of the
engines idle. One challenge that this constraint introduces is the need to gather the weights from
multiple filters in the projection layer, as shown in Figure 8; this is required in case two or more
levels of memory are used. However, this challenge can be resolved by simply rearranging and
storing the layer weights in a round-robin fashion offline. Note that the weights do not change
during the inference, so the rearranging is done only once.

We implement a relatively coarse-grained pipelining across FIRB’s modules. This is because the
fine-grained pipelining cannot be extended to cover multiple modules as the expansion and the
projection layers have to work in an alternating fashion to maintain the common blocking factor.
This means that a FIRB module produces a set of d_squeezed elements each d_expanded cycles,
where d_squeezed is the depth of the squeezed FMs and d_expanded is the depth of the expanded
FMs, rather than a single element per cycle. However, compared to ALLO [15], our course-grained
pipelining has finer granularity and does not require stalls or storing the whole FMs.

FIRB supports models that use the Inverted Residual Bottleneck as a building block; those rep-
resent the majority of the compact CNNs [6, 45, 51, 64]. However, the older families of compact
models, like MobileNetV1, do not have this module. Hence, to support both, we construct the
SESL part of FiBHA using FIRB or traditional pipelining based on the targeted model as shown in
Figure 9.

4.3 Architecture Overview

Figure 9 shows a high-level overview of FIBHA architecture. A FIBHA instance is composed of two
main parts: an SESL and an SEML. Double buffering is used to bridge these two parts such that
both can work concurrently. For instance, while the SEML part is processing the input n, the SESL
could process the next input (n + 1). The SESL part is composed of a chain of FIRB modules if they
support the targeted CNN; otherwise, it is composed of a tiled traditional inter-layer pipelining.
The SEML part is represented as a black box to indicate that any SEML design, e.g., the two-engine
design presented in Figure 3, could be used as a part of FIBHA. This is explained in detail in the
next section (Section 4.4).

In the SESL part, the engines are pipelined, and double buffering is used between the engines
when necessary. Note that these buffers are much smaller than SEML buffers. In addition to the
buffers between the engines, each engine has its own weight buffer. The input image is processed
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ALGORITHM 1: SplitCNN

: In: number_of PEs, CNN_model, SEML_overhead

: Out: FIBHA_throughput, FiIBHA_PEs_distribution

: split_layer «— 2

: SESL_PEs « []

: FIBHA_PEs_distribution « [[], num_of PEs]

: FIBHA_throughput «— GeT_tHROUGHPUT(nUmber_of PEs, 0, CNN_model, SEML_overhead)

: while split_layer < number_of layers do

SESL_PEs «— GET_BALANCED_SESL_PEs(split_layer, CNN_model)

SESL_max_PEs, _ < GET_PE_RrATIOS(split_layer, CNN_model)

while SESL_PEs < SESL_max_PEs do
tmp_FiBHA _throughput < GeT_THROUGHPUT(number_of PEs, SESL_PEs, CNN_model, SEML_overhead)
FiBHA_throughput, FIBHA_PEs_distribution « Maximize(FiBHA _throughput, tmp_FiBHA_throughput)
SESL_PEs <« AuGMENT_SESL_PEs(SESL_PEs)

end while

: end while

[ N O

e
P S S

in chunks. Assuming we have [ engines in the SESL part, while Engine_0 is processing chunk [ + n,
Engine_1 handles chunk [ + n — 1, and so forth. Once Engine_I — 1 completes a chunk, it pushes
it to one of the two buffers connecting the SESL part to the SEML part. Each of these engines is
assigned a number of PEs such that the execution times of the engines are the same, which makes
the SESL part perfectly balanced.

Layers [ + 1 up to the last layer are executed using the SEML part. This part could be imple-
mented using any SEML architecture [2, 31, 32, 48, 58, 59, 62]. This part processes its layers one
by one and has two buffers used in an alternating fashion to load and store the inputs and the
outputs.

The implementation details of the SEML part engines are not a part of the core contribution
of this work. However, in Section 5, we provide the details of an FPGA-based implementation
example. To be as generic as possible, FIBHA works at a higher level of abstraction, making the
following assumptions:

(1) Any SEML accelerator, e.g., SEMLy, is not capable of capturing the intra-layer-type hetero-
geneity. This results in inefficiencies like execution time/throughput overhead.

(2) Each engine in an SESL accelerator should have a negligible overhead. This is because it is
designed and optimized for a specific layer. If the workloads are perfectly balanced among all
the SESL engines, we could generalize by saying that the SESL part has a negligible overhead
as well.

From (1) and (2), given SEML, and an available PE budget and a CNN (CNN,), we argue that
a hybrid architecture that is composed of an SESL part and SEML,-like part outperforms the pure
SEML, if (a) CNN, can be split and PEs can be redistributed such that the ratio of SEML, PEs to
its workload remains the same or increases and (b) the SESL part execution time is upper-bounded
by the SEML execution time. Note that we apply the second assumption regardless of the
implementation of the SESL part, which could be FIRBbased or traditional pipelining.

4.4 SplitCNN: A Heuristic to Derive FiBHA Instance

To optimize FIBHA’s performance, a CNN and the PE budget should be split between the two parts
of FIBHA such that (a) the execution times of the SESL engines are balanced to avoid any within-
pipeline idleness (to guarantee assumption 2 in Section 4.3), and (b) as the slower of the two parts
forms a bottleneck, the maximum of the SESL part execution time and the SEML part execution
times should be minimized to maximize the overall throughput. We have designed a heuristic
named split CNN (SplitCNN) to split a CNN and the PEs’ budget in a way that meets these two
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objectives. The high-level pseudocode of the main part of SplitCNN is shown in Algorithm 1.

sl

SESL_PEs = comp(l), Iy € [0,sl) 2)

1
GCD(comp(ly)) ;

1
max(comp(l)/PEs(l))’ !

SESL_throughput o € [0,sl) 3)

1

1
Zglzsl(l + Overhead(l)) x C;g€l())

SEML_throughput o (4)

The starting point or the baseline throughput that SplitCNN aims to improve is that of a certain
SEML, or a monolithic architecture. This starting point could be any of the state-of-the-art compact
model-specific accelerators, or even an implementation of generic DL accelerators like Eyeriss [8]
or Systolic Array [57]. SplitCNN takes as input the number of PEs, the CNN model, and the baseline
SEML overhead. The CNN model is a data structure that contains, for each CNN layer, the IFMs’
and OFMs’ shape, weights’ shape, strides, and layer type (DW/PW/Standard convolution). The
SEML overhead is the difference between the theoretical and the practical SEML execution time.
The theoretical execution time is the result of Equation (4) when substituting 0 for the Overhead.
SplitCNN produces an FiBHA instance description of the best-performing instance given the PEs’
budget. The instance description contains the splitting layers and the PEs’ distribution on each
of the SESL part engines and the SEML part. It also provides the estimated throughput of that
instance.

SplitCNN explores the available splitting layer options and tries to find a hybrid architecture that
improves over the baseline SEML throughput. Initially, it is assumed that all the PEs are assigned
to the SEML part; the throughput is obtained accordingly using Equation (4) (line 6). The main
loop, starting at line 7, explores the viable splitting options (split_layer) starting from the second
layer up to the last. Note that “splitting at the last layers” is actually not splitting; it is rather a
pure SESL architecture. This means that if the number of PEs is sufficient to implement a pure and
perfectly balanced SESL architecture, it could be suggested by SplitCNN.

In each iteration of the main loop (for each split_layer), there could be multiple viable PE
distributions. Initially, the SESL part is assigned the minimum number of PEs that is needed to
form a balanced pipeline of depth split_layer; this is obtained at line 8 using Equation (2) (where
comp(l) is the operation count in layer [ and sl is the split_layer). The SEML part is assigned the
rest of the PEs. Then the maximum amount of PEs that could be assigned to the SESL part is
obtained (line 9); this depends on the ratio between the workloads of the two splits. For each
PE distribution between the SESL minimum and maximum, in the inner loop (lines 10-14), the
throughput of FIBHA is estimated, and the combination that maximizes it is kept as the best
option of split_layer. Throughput estimation is described in Equations (3) and (4), where Il is the
last layer in the CNN. Figure 10 shows examples of the splittings suggested by splitCNN under
different PE budgets; these budgets correspond to the number of DSP slices on the used evaluation
boards (Table 2). Table 1 shows the PEs’ distribution for a FIBHA instance examples.

4.5 FiBHA Instance Generation

To facilitate generating an FiBHA instance given a CNN model and PE budget, we developed a
set of utilities and an HLS engine repository. Currently, the engine’s repository contains HLS im-
plementations of the Standard, PW, and DW convolution; fused ReLU-BN-quantization; and pool-
ing layers. These utilities map a model description written in a high-level framework using the
engine’s repository to an HLS-based hardware description. The mapping steps are described in
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Table 1. SplitCNN Suggested FiBHA Architecture for MobileNetsV1_0.5 and 2,048 PEs

Split layer 7

SEML PEs 1,693

SESL PEs 355

SESL Engines | Engine_0 | Engine_1 | Engine_2 | Engine_3 | Engine_4 | Engine_5 | Engine_6
PEs/Engine 54 18 64 9 64 18 128
MAC/Engine | 5,419,008 | 1,806,336 | 6,422,528 | 903,168 | 6,422,528 | 1,806,336 | 12,845,056

SplitCNN
2 HLS engines-

< /> repository

DD Bl

Extracting Weights and Generate FIBHA FiBHA Xilinx Toolflow FPGA
Metadata Utility scripts instance scripts HLS description

TensorFlow
Lite CNN

Fig. 11. FiBHA instance generation flow.

Figure 11. Our utilities take a CNN model description written in a high-level framework—we sup-
port Tensorflow lite [20]—and extract the weights and metadata. The metadata is fed to SplitCNN,
which in turn generates a recommended PE distribution and splitting point. The data generated
by SplitCNN and the CNN weights are used to generate the HLS code of the FIBHA instance. This
HLS code is fed to the Vitis tool flow to generate the accelerator back-end. All the evaluated FIBHA
accelerators’ HLS implementations are generated using this flow. This set of utilities is being de-
veloped and extended aiming to support more CNNs and provide a fully automated end-to-end
mapping flow.

5 EXPERIMENTAL SETUP
5.1 Synthesis Tools and Hardware Platform

We used Vitis-IDE, Vitis-HLS, and Vivado (2021.2) to implement and evaluate our accelerator in-
stances. The evaluation is done using three FPGA boards representing different points of resource
budgets. These boards are ZCU102, ZC706, and KCU105; their details are listed in Table 2. Moreover,
we deployed FiBHA on a physical board, Zynq UltraScale+ MPSoC ZCU102, with an XCZU9EG
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Table 2. The used Evaluation Boards

Board LUT (K) DSP Slices Block RAM (Mb)
available | max utilization | available | max utilization | available | max utilization
ZC706 218.6 82% 900 89% 19.1 92%
KCU105 2424 72% 1920 68% 21.1 80%
ZCU102 274.1 86% 2520 83% 32.1 68%

Note that the memory size is reported is in megabits.
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Fig. 12. B_SEML: The baseline SEML.

FPGA and quad-core ARM Cortex-A53. The used clock frequency for FIBHA instances is 180 MHz,
as it is the highest supported by most of the designs.

A resource budget determines the combined degrees of parallelism (mainly expressed as loop un-
rolling in HLS) of all the engines of the accelerator under evaluation. For example, in the FiBHA in-
stance that uses a budget of 1,024 PEs, the parallelism in the SESL part engines and the SEML part
engines combined is less than or equal to 1,024.

Our designs’ power is measured with Vivado Power Analyzer using the post-route netlist. This
approach is commonly used to produce accurate power dissipation estimations [12, 25]. We have
compared the energy efficiency of our designs with two generic NVIDIA GPUs, namely GTX-
1660 and RTX-A4000. To measure the power consumption of these GPUs, we use the nvidia-smi
monitoring utility. The frequency is set to the maximum supported for both GPUs.

5.2 Baseline Accelerators

5.2.1 B_SEML. Figure 12 shows the main engines of the baseline SEML we used in our imple-
mentation and evaluations. It has two separate convolution engines, one for PW convolution and
another for DW convolution. It also has a pooling engine, as all the models we evaluate contain a
pooling layer. This design is similar to many state-of-the-art compact CNN model-specific accel-
erators [31, 48, 58]; we refer to this accelerator as B_SEML. The accelerator designs that we based
B_SEML on were mainly proposed to accelerate MobileNets variants, as they are the most heavily
targeted compact CNNs. To support different models and resource budgets:

— B_SEML supports different DW filter sizes (e.g., 3 X 3 filters in MobileNets and 3 X3 and 5% 5
in Mnasnet and ProxylessNAS).

— The PEs are distributed among the engines depending on their workloads. For each engine,
the used parallelism on each dimension is set to a factor of the available parallelism (in-
put/output dimensions) to fully utilize the PEs [33]. When scaling the PEs’ budget, the num-
ber of PEs in each engine is scaled accordingly as long as the rest of the resources suffice.

B_SEML is used to implement the SEML part of FiBHA (Figure 9). Note that the SEML part of
FiBHA has the architecture of B_SEML, but usually with a smaller PE budget since some of the
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Table 3. Evaluated CNN’s Convolutional Layers and Operation Counts

CNN Standard Conv Layers | DW Layers | PW Layers | Parameters (Million) | MAC (Billion)
MobileNetV1 1 13 13 4.2 0.57
MobileNetV1_0.5 1 13 13 1.3 0.15
MobileNetV2 1 17 34 34 0.3
MobileNetV2_0.5 1 17 34 1.9 0.07
ProxylessNAS 1 20 40 4.1 0.27
MnasNet 1 17 34 44 0.26

PEs are used to implement the SESL part. We argue that replacing B_SEML with another SEML
accelerator will not change the trends of the evaluation. This is because the performance differ-
ence between B_SEML and FiBHA comes from capturing more heterogeneity rather than how
optimized each of the designs is (Section 6.1).

5.22 FINN. FINN is an open-source framework that generates a model-specific streaming-
dataflow accelerator. In the generated accelerator, each layer has its own dedicated engine [4].
FINN gives the ability to specify the desired throughput and generates an accelerator design that
guarantees that throughput as long as the available resources can support it. In our experiments,
we report the maximum supported throughput by FINN and the corresponding resource utiliza-
tion. This means that the PE budget, in this case, is the maximum available on the FPGA, and that
FINN cannot produce an accelerator with higher throughput using more resources. We used only
MobileNetV1 variants in our comparison with FINN as they are the only models in our set with
an available FINN end-to-end open-source implementation. It was not possible to generate FINN
accelerators for the other CNN models in our experiments. For these models, FINN fails at the
streamlining stage, which is one of its transformation stages. More specifically, it fails to convert
the addition and scaling operations in these CNNs to thresholding operations [4].

5.3 Evaluated CNNs

Our evaluation used a representative set of compact heterogeneous and hardware-efficient
CNNs. They are MobileNetV1, MobileNetV2, ProxylessNAS, and MnasNet [6, 18, 45, 51]. CNN
descriptions are listed in Table 3. We also used MobileNetV1_0.5 and MobileNetV2_0.5, which are
lighter variants having a width multiplier of 0.5 [18], especially in the cases where the original
variants do not fit due to resource constraints. We picked MobileNets as they are the most targeted
resource-efficient CNNs in the literature (Section 7). We picked ProxylessNAS and MnasNet
models as they represent a class of compact CNNs that are designed using NAS algorithms. Inputs
of size 224 x 224 x 3 were used (ImageNet input size [10]). We used 8-bit quantization (INT8) for
weights and FMs and 32-bit for partial sums. We implemented the quantization scheme used in
Tensorflow Lite [20]. Hence, the accuracy is proportional to that of the quantized model provided
by Tensorflow Lite. When comparing to FINN, we used 8 bits for the first layer and 4 bits for the
rest to match the quantization offered in the FINN-supported open-source models [37].

6 EVALUATION
6.1 FiBHA vs. SEML (B_SEML)

Figure 13(a) shows the throughput of FIBHA compared to B_SEML using various boards and CNN
models. For each evaluation board and CNN, we report the throughput of FIBHA normalized to that
of B_SEML. The figure shows that there is always an instance of FIBHA that outperforms B_SEML.
This demonstrates that the hybrid architecture has an advantage under different resource budgets.
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Fig. 13. (a) FiBHA throughput normalized to B_SEML throughput; the missing bars represent cases where
B_SEML FMs did not fit on-chip. (b) Overhead reduction in the first four layers of MobileNetV2 using FIBHA
compared to B_SEML on ZCU102. (c) Number of MAC operations per DW layer.

The figure depicts three scenarios; we discuss these scenarios in detail in the following paragraphs.
The first scenario is where the throughput improvement is between 1x and 2x. The second scenario
includes cases where there are missing bars. The third scenario is where the improvements are
greater than 2x.

In the first scenario, the throughput improvements are a result of FiBHA capturing more
heterogeneity than B_SEML. Unlike B_SEML, FiBHA processes the initial layers that are
heterogeneity-rich (Section 4.1) using their own specifically optimized engines (Sections 4.3). Fig-
ure 13(b) shows the overhead reduction in the first four layers of MobileNetV2 when implemented,
each using its own dedicated engine (FIBHA’s SESL part), where the overhead is the difference be-
tween the measured and the ideal execution time of a layer. Similar trends are found in the rest of
the evaluated CNNs. We report the results for the first four layers as they are common in all SESL
parts of FIBHA in our experiments (Figure 10). This reduction in overhead is the highest for the first
layer, which is a standard convolution layer. This is because this layer suffers the lowest resource
utilization with B_SEML mainly due to its shallow IFMs (parallelism pattern heterogeneity). The
first layer forms a bottleneck in other state-of-the-art accelerators as well [7, 35]. The overhead
reduction in the rest is a result of, in part, capturing heterogeneity in activation and weight reuse
(Section 3). Another form of heterogeneity is the variation in the computational load, or the num-
ber of MAC operations, across the DW layers. This variation can be categorized as intra-layer-type
heterogeneity. Figure 13(c) shows the number of operations in a DW layer for all the DW layers
of the evaluated CNNs. The first few DW layers have much larger operation counts than the rest.
Since the B_SEML design uses a single DW engine to execute all the DW layers, the PEs assigned
to that engine must be proportional to the average DW layer operation count. This results in
a mismatch between the workload and the engine resources in the initial layers, making them
a bottleneck.

In summary, the considerable heterogeneity among the initial layers explains why processing
them using dedicated engines is crucial. As FiBHA processes these layers using dedicated engines
that suit their parallelism patterns and their workloads (e.g., Table 1), the inefficiencies are mini-
mized. Note that these dedicated engines are resource inexpensive (e.g., Table 1). This is because
their execution time could be relaxed to fill all the time needed by the SEML part to execute the
rest of the layers. The double buffering between the two parts of FIBHA (Section 4.3) allows the
few layers of the SESL to take as much time as the majority of the layers executed by the SEML
part take without forming a bottleneck.

In the second scenario, MobileNetV1 and MobileNetV2 on ZC706 and KCU105 (Figure 13(a)),
only FiBHA instances worked successfully, but there are no results for B_SEML instances because
their FMs of a single layer did not fit in the on-chip BRAM (FiBHA reduces the FM buffers require-
ments considerably, Figure 7). This gives FIBHA a qualitative advantage over the SEML-based
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Fig. 14. (a) B_SEML, FINN, and FiBHA throughput normalized to B_SEML throughput. (b) Maximum LUT
utilization achieved by FIBHA and FINN on ZCU102. (c) FINN BRAM efficiency: the ratio of the actually
used to the allocated BRAM blocks. (d) FINN vs. FIBHA weighted computing resource idleness.

accelerator. Note that in such scenarios, an SEML-based design would work if the FMs are stored
off-chip. However, we do not consider such implementation since it results in a huge amount of
access to the external memory, which would lead to a considerable energy overhead. To give an ex-
ample, an SEML-based implementation of MobileNetV2 that stores FMs off-chip requires roughly
13.4 million DRAM accesses compared to zero when using FIBHA in these scenarios.

In the third scenario, B_SEML , unlike FiBHA, did not scale because the available on-chip BRAM
imposed a scaling bottleneck. Hence, FIBHA provides > 2x throughput improvement in this sce-
nario. KCU015 has roughly twice the number of PEs compared to ZC706, but both of them have
roughly similar on-chip memory (Table 2). When scaling an engine by adding more PEs, more
elements need to be accessed in one cycle to keep up with the parallelism and not form a bottle-
neck. To enable accessing more elements in one cycle, the data has to be partitioned on a sufficient
number of independently accessible banks or blocks. This results in some form of fragmentation
where even though the FMs are slightly smaller than the available BRAM, they cannot be stored in
a way that satisfies the PEs’ scaling requirements. Since FIBHA reduces the required FM buffering,
it increases the free space, which enables partitioning the data without being bottlenecked by the
on-chip memory. As a result, FIBHA scaled up to utilize the additional PEs available on KCU015,
while B_SEML did not.

6.2 FiBHA vs. SESL (FINN)

Figure 14(a) shows the throughput of FiIBHA, B_SEML, and FINN measured in frames per second
(FPS). Both FIBHA and B_SEML outperform FINN under the same resource budget. FiBHA pro-
vides up to 4x throughput improvement compared to FINN. For all three approaches the resource
utilization is maximized for the given budget. As such, neither of the three approaches can scale
further to achieve higher throughput given this budget. FINN’s relatively low throughput is caused
by the general SESL scalability issue and by FINN’s pipeline balancing technique. We explain these
issues in detail in the following paragraphs.

SESL-based accelerators do not scale well in general. Figure 14(b) shows the maximum com-
pute resource utilization to the overall resources available on the used FPGA for both FINN and
FiBHANote. When comparing with FINN, LUTs are used as the computing resources rather than
DSPs; this is because all layers but the first use 4-bit quantization, for which FINN offers LUT-based
optimized implementation. FINN utilized less than half of the LUTs, which are used as compute
resources or PEs. This is because, as with any pipelined SESL accelerator, scaling the performance
requires scaling all the engines (Figure 3). If only one is not scaled, it forms a bottleneck, forcing
the rest to stay idle until it finishes its layer. Moreover, to maintain the utilization and improve the
throughput, the engines should be scaled by a common factor of the available parallelism in the
layers [4]. Note that in the MobileNetV1_0.5 case (Figure 14(b)), the resource utilization is 35%. So
ideally, FINN should scale by a factor of 2x and utilize roughly 70% of the resources, but it did not.
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This is because the on-chip memory forms a bottleneck. Figure 14(c) shows the BRAM efficiency
reported by FINN, which is the ratio of the actually used memory to the allocated BRAM blocks.
BRAM efficiency drops when scaling up as a result of fragmentation similar to SEML (Section 6.1).
This is because when an engine is scaled up, it needs to access more weights and FM elements
per cycle to keep its PEs busy. Since each BRAM has a limited number of ports, accessing more
elements per cycle requires partitioning these elements on more BRAMs to scale the bandwidth.
This partitioning reduces BRAM efficiency. With more scaling, the result is using more BRAM
blocks with fewer elements in each block, which at some point becomes a scaling bottleneck. But
unlike SEML, where the reason beyond fragmentation is storing the large FMs of the initial layers
on-chip, in FINN the reason is storing the large weights of the last layers on-chip.

The FINN scaling algorithm starts by setting the parallelism to 1 for all engines; they refer to
this step as minimal dataflow compute implementation. As the name suggests, this is the mini-
mum number of PEs that could be used. After that initial assignment, and based on the compute
requirements of all the layers, the FINN scaling algorithm systematically gives more resources to
the most pressing bottlenecks. When giving more resources to these bottlenecks, which are the
engines with the highest latencies, other engines become the new bottlenecks. Hence, this process
is repeated by identifying the new bottleneck engines and giving them more resources until the
available resources are exhausted. Even though this gives the best balance for the available PE bud-
get, the achieved balance could be far from optimal. This is because an optimal balance requires
that all the engines have equivalent ratios between their layers’ computational workloads and the
PEs that they are assigned. Figure 14(d) depicts the impact of FINN assignment on idleness, which
is a direct result of not having optimal balance among the engines. The x-axis shows time, and the
y-axis shows weighted idleness, which is the product of the idleness of an engine (the difference
between its execution time and the slowest engine execution time), and the ratio of that engine’s
resources to the overall used resources. The figure shows that up to = 60% — 75% of the resources
are idle for more than 10% of the time. Note that this ratio is out of FINN’s utilized resources, not
the overall resources.

FiBHA does not suffer from any of these issues; FiBHA’s pipeline is much shorter than a pure
SESL (e.g., FINN), and this has two advantages. First, scaling FIBHA’s SESL part is much less expen-
sive. Second, FiIBHA’s SESL engines are easier to balance, and hence it experiences lower resource
idleness than a pure SESL.

6.3 FIRB vs. Traditional Inter-layer Pipelining

Figure 15 quantifies the advantage of using FIRB pipelining compared to traditional inter-layer
pipelining to implement the SESL part of FiBHA. Figure 15(a) shows the amount of on-chip buffers
(BRAM) required by FIRB compared to the traditional pipelining. FIRB saves up to 55% of the SESL
buffering. This reduction is a result of the fine-grained pipelining inside the inverted bottlenecks
(Section 4.2). Figure 15(a) shows the power consumption of the BRAM required by FIRB compared
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Fig. 16. Joules per inference of FIBHA, B_SEML, GTX-1660, and RTX-A4000. FiBHA and B_SEML measure-
ments are of ZCU012.

to the traditional pipelining. It can be seen that the reduction in power is almost proportional to the
reduction in the needed BRAM count. ProxylessNas has the lowest memory and power reduction;
this is due to the fact that its initial inverted bottlenecks have a smaller expansion factor (Sections 2
and 4.2) than the others. This means that the buffers inside the bottlenecks, which are eliminated
by FIRB, are small compared to the other models. Figure 15(c) shows the energy consumption of
FIRB compared to the traditional pipelining. FIRB constantly improves energy consumption due
to power savings.

6.4 Energy Efficiency

Figure 16 shows the energy consumption of FiBHA, B_SEML, FINN, and two GPUs (NVIDIA
GTX-1660 and RTX-A4000) using four heterogeneous CNNs. Note that in our evaluation we use
a batch size of 1 as usually done when evaluating inference. For latency-critical applications,
e.g., inference in vision applications for autonomous driving, a batch size of 1 could be the only
practical option. However, for applications that are not latency critical, GPUs could exploit larger
batch sizes to achieve better performance.

FiBHA constantly improves the energy efficiency over B_SEML. This reduction is caused by cap-
turing heterogeneity, which is translated to better resource utilization (Section 6.1). In addition to
that, FIBHA reduces the FMs’ buffer sizes considerably. Smaller buffers contain fewer BRAM blocks
leading to power savings (Section 6.3). Both FiBHA and B_SEML outperform FINN; FINN consumes
more energy per inference due to its relatively high execution time (Section 6.2). The three dedi-
cated accelerators have better energy efficiency than the GPUs. The RTX-A4000 is more energy-
efficient than GTX-1660. This can be explained by the fact that RTX-A4000 has third-generation
tensor cores, while GTX-1660 does not have any [36].

MobileNetV2, ProxylessNAS, and MnasNet have similar energy consumption levels. This
is expected as they have similar operation counts (Table 3) and the same building block—the
Inverted Residual Bottleneck. Even though MobileNetV1 has roughly double the number of oper-
ations compared to the rest, it has similar energy consumption. However, note that MobileNetV2,
ProxylessNAS, and Mnasnet have 2% — 5% higher accuracy compared with MobileNetV1 [6, 45, 51],
meaning they offer higher accuracy without increasing energy consumption.

Table 4 shows the energy efficiency of several accelerators targeting compact and heteroge-
neous CNNs. Many of these accelerators are highly dedicated and target one model, which is
often a variant of MobileNets. Different approaches use different optimizations and different
quantization levels and are deployed on different boards. Hence, this table is meant to show
efficiency in the context of prior art rather than presenting a direct comparison. Note that FiBHA,
as we discuss in Sections 4.3 and 4.4, is not a specific implementation, and any state-of-the-art
SEML accelerator could be used as the SEML part of FIBHA. For example, [62] is likely to
outperform our FIBHA implementation of MobileNetV2 using the same board, as it is designed
specifically and highly optimized only for MobileNetV2. But [62] could then be used instead
of B_SEML to generate a new and more optimized FIBHA instance targeting MobileNetV2
following the steps described in Section 4.4. [1] also outperforms FiBHA using the same board,
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Table 4. Energy Efficiency of Prior Art Accelerators and FiBHA Targeting
Heterogeneous CNNs (Lower Is Better)
Paper Platform Quar.ltization . Energy Eﬂ."iciency (Joules/Inference)
(Bit-width, Type) | MobileNetV1 | MobileNetV2 | ProxylessNAS | MnasNet

[62] XC7V690t 8, integer - 0.113 - -

[1] XCZU7EG channel-wise, integer - 0.125 - -
[56] | Arrial0 GX1150 - 0.79 - - -
[31] XC7Z045 16, fixed-point 18.4 - - -
[46] XCZU7EV 8, integer - 0.514 - -
[60] XC7Z020 16, fixed-point - 0.198 - -
[38] XCZU7EV dynamic, fixed-point - 4.85 - -
[41] XC7V690T 16-bit fixed-point 1.23 - - -
[65] XC7VX690T - - - - 0.73
FiBHA XCZU7EG 8, integer 0.179 0.177 0.168 0.16

since it uses channel-wise quantization with extremely low bit-widths. Note that [1] as well could
be fed to SplitCNN 4.4 and be used to derive a more optimized FIBHA instance.

7 RELATED WORK

To improve the resource efficiency of DNN processing, at both the training and inference phases,
researchers have been proposing model-specific accelerators. FPGAs are heavily used in develop-
ing such custom accelerators owing to their reconfigurability [4, 16, 30, 34, 42, 43, 48, 53].

MobileNets are the most commonly targeted resource-efficient CNNs by model-specific SEML
accelerators. This is because the modules or the building blocks of MobileNets have been used
to design most of the state-of-the-art efficient models [6, 51, 52, 64]. Bai et al. [2] proposed an
accelerator that processes all the CNN layers using a single engine. But they designed a config-
urable adder tree that supports both DW and PW convolutions. In [31, 32, 48, 56, 58], the authors
proposed to use two separate convolution engines, one for PW and another for DW. These two
engines are pipelined to maintain high throughput. Su et al. [48] also utilized two separate en-
gines to process the convolutional layers. Moreover, they optimized the model using structured
kernel-level pruning and quantization to reduce further the model parameter count producing
Redundancy-Reduced MobileNet (RR-MobileNet). In RR-MobileNet, the model parameters
and intermediate results are stored on-chip. Wu et al. [58] proposed a channel augmentation tech-
nique that improves the efficiency of the first layer of MobileNets. Yan et al. [62] optimized the
bottleneck module, and they proposed dedicated hardware to reduce the module data transmission
latency.

SESL accelerators were proposed to capture CNNs’ heterogeneity to the fullest 3, 4, 11, 30, 44,
53, 54]. In an SESL architecture, all the model layers are mapped to the hardware, each layer having
its own dedicated engine. These engines are pipelined and work simultaneously. The SDF model of
computation [28] is usually used to map CNNs to the hardware [53, 54]. To reduce the latency and
buffering overheads among the pipelined engines, Gao et al. [15] have proposed an ALLO dataflow
that enables forwarding the intermediate results in a relatively timely manner between pairs of
adjacent layers.

Pure SESL accelerators where all the layers are mapped to dedicated engines are resource de-
manding and unscalable [34, 43]. One FPGA-based workaround is based on partitioning the CNN
model along its depth and mapping each partition to a bitstream [54]. This incurs a considerable
overhead, which grows as the models get deeper. Another proposal is to use aggressively quantized,
even binarized CNNs [4, 53], where fewer bits are needed to represent the weights, the activations,
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and the partial sums. As a result, computations are performed using simpler hardware, and the
bandwidth requirements are reduced. However, the accuracy drop caused by aggressive quanti-
zation may not be acceptable. Another bottleneck of a pure SESL accelerator is the need to feed
weights and inputs to all the simultaneously running engines, which increases the bandwidth re-
quirements. Li et al. [30] proposed a mechanism to alleviate the bandwidth bottleneck that helps
when a CNN is shallow, e.g., AlexNet [23].

Unlike the related work, FIBHA’s hybrid design captures as much heterogeneity as the PEs’
budget allows without sacrificing resource efficiency [39]. Hence, it achieves better scalability and
higher throughput compared to the alternatives. In this extension, we propose, implement, and
evaluate FIRB, a fine-grained and memory-light SESL building block. We analyze and demonstrate
the memory efficiency and scalability of FIBHA using multiple FPGA boards. Finally, we demon-
strate FIBHA’s energy efficiency compared to both custom accelerators and GPUs.

8 CONCLUSION AND FUTURE WORK

In this article, we presented FiBHA, a hybrid architecture that captures CNNs’ heterogeneity
within a fixed resource budget. We proposed FIRB, a memory-light and fine-grained module that
improves the efficiency of pipelining the Inverted Residual Bottlenecks that are common in recent
compact CNNs. We implemented instances of FIBHA and demonstrated its advantages over the
two commonly used alternative custom and model-aware accelerator families (SEML and SESL) us-
ing different FPGAs representing different resource budgets. Our experiments demonstrated that
capturing CNN heterogeneity translates to better resource utilization and higher throughput. For
a fixed hardware budget, FIBHA achieved up to 2.5x and 4x of the throughput achieved by the
state-of-the-art accelerators of the two categories. Moreover, FIRB modules reduce the required
memory by up to 54% and energy requirements by up to 35% compared to traditional inter-layer
pipelining. Finally, we compare and analyze the energy efficiency when processing such CNNs
using FiBHA, an SEML-based accelerator, and generic GPUs.

We plan to extend our cost model and heuristics by designing multi-objective optimizations that
address the tradeoffs between performance, memory requirements, and energy efficiency. In our
future work, we plan to extend the targeted models from compact to general CNNss.
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