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FPGAs can play a fundamental role in adjusting compute 
architecture to the specifics of a given neural network 
topology, providing the functionality required to adapt the 
device to the customer’s exact environment.
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FPGAs in the Emerging DNN 
Inference Landscape

ABSTRACT
Reflecting on the differences in application requirements, a key trend emerging 
in both DNN inference workloads and hardware accelerator architectures is 
their diversity and rapid evolution. This white paper provides an overview of 
recent developments in regards to both algorithms and architectures and takes 
a look at how FPGAs fit into this changing landscape. 
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Introduction
At the heart of the current industrial revolution is the roll-out of machine learning (ML) algorithms, 
specifically deep neural networks (DNNs). They achieve impressive results in computer vision and 
speech recognition, and are increasingly being adopted for other tasks. DNNs are first trained on 
a labeled dataset, and afterwards can be used for inference on previously unseen data as part of an 
application. The latter is also often referred to as deployment and is the main focus of this white 
paper.

The large compute and storage requirements associated with DNN deployment necessitate 
acceleration. Furthermore, different constraints might be imposed on accuracy, cost, power, model 
size, throughput, and latency depending on the use case. Real-time and safety-critical applications 
such as augmented reality, drone control, and autonomous driving are not suitable for offloading 
to the cloud due to low-latency requirements and data transmission overhead. In cloud-computing 
and ML-as-a-Service contexts, data centers face ever-increasing throughput requirements to 
process astronomical scales of data, bringing additional challenges in energy efficiency to 
minimize operating expenses. While cloud service latency is less critical compared to embedded 
scenarios, it still translates directly into customer experience for interactive applications. For 
instance, Jouppi et al. [Ref 1] quote a response time limit of 7ms for an interactive user experience 
in cloud-based services.

Due to these challenges, a virtual Cambrian explosion of different DNN models and accelerators 
has taken place in the past few years. Reflecting the differences in application requirements, a key 
trend emerging in both DNN inference workloads and hardware accelerator architectures is their 
diversity. This white paper provides an overview of recent developments in both aspects and takes 
a look at how FPGAs fit into this changing landscape.

A Quick Introduction to Deep Neural Networks
DNNs are typically feed-forward computational graphs constructed from one or more layers, where 
large networks can contain hundreds to thousands of layers. Each layer consists of neurons 
interconnected with synapses, each associated with a weight. Each neuron computes a weighted 
sum of its receptive field, followed by a non-linear activation function. For computer vision, 
convolutional layers are commonly used, where the receptive field extends over multiple typically 
2-dimensional feature maps that are convolved with multiple typically 2-dimensional filters. The 
pseudo-code for the resulting computation is displayed in Figure 2.

X-Ref Target - Figure 1

Figure 1: Basic Convolutional Neural Network Topology
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Machine Learning (ML) frameworks such as PyTorch, Tensor Flow, and Caffe work on 
representations based on these computational graphs, scheduling and mapping the computation 
onto hardware for both training and inference.

Trends in DNN Models for Inference
Traditionally, machine learning research was focused on improving the accuracy of the models 
without particular regard to the cost of inference. This is evident in the older ImageNet-winner 
networks like AlexNet and VGG, which are now considered large and over-parametrized [Ref 2]. 
However, as machine learning and DNNs move into practical applications, compute and memory 
requirements become a major concern. This has motivated a flurry of recent research on how DNN 
inference can be made more efficient, taking both the accuracy and computational complexity into 
account. 

Methods for Creating More Efficient DNNs
This white paper provides a brief overview of several types of methods proposed to make DNNs 
more efficient. For the most part, these methods can be considered orthogonal to each other and 
can be combined, although some DNNs might be less amenable to certain techniques.

Efficient Topologies

The topology of a DNN defines how many layers it contains, the type and size of each layer, and 
how the layers are connected. Some topologies are defined by a construction rule that defines 
their size and number of layers according to a topology parameter. A large volume of recent 
research has proposed DNN topologies that achieve high accuracy with a compact topology—i.e., 
a small number of parameters, a small number of multiply-accumulate (MAC) operations, or both. 
Recent examples include MobileNets [Ref 3], ShiftNet [Ref 4], ShuffleNet [Ref 5], and Deep 
Expander Networks [Ref 6]. These typically have a topology parameter that controls 
accuracy/computation trade-offs. FPGAs can provide unique advantages here, as new types of 
operators—such as shift and shuffle, for example—require almost zero compute resources, 
because they can be implemented through reconfiguration of the programmable interconnect in 
the device. 

X-Ref Target - Figure 2

Figure 2: Pseudo-code for Typical DNN Computation
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for each layer l

 for each output feature map plane o

  for each output feature map row r

   for each output feature map col c

    for each filter plane p

     for each filter row x

      for each filter col y

       A[l][o][r][c] += A[l-1][p][r-x][c-y] * w[l][o][p][x][y]
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Quantization

DNNs are commonly trained with floating-point arithmetic, but they can be made to use a limited 
set of values. They are typically amenable to direct quantization down to 8 bits (see Figure 3), or 
retrained to use even fewer bits (trained quantization), yielding quantized neural networks (QNNs). 
The quantization scheme can be uniform or non-uniform, and different quantization schemes can 
be used for different parts of the network. Using fewer bits requires much less compute and 
memory, but might result in less accuracy. Many recent publications [Ref 7] [Ref 8] [Ref 9] have 
proposed better quantized training techniques. Recent methods such as LQ-Nets [Ref 10] have 
reduced the accuracy gap between floating point and 4-bit QNNs to less than 1%. 

The programmable logic inside an FPGA offers the unique capability to customize the resources of 
an arithmetic operator with very fine granularity, to exact numbers of bits that are required by the 
application. Thereby, the application can exploit the potential to reduce the hardware cost for the 
compute along with the memory.

Pruning

Parts of a neural network can be pruned away without any significant impact on accuracy, as much 
as 90% for some layers [Ref 11]. See Figure 4. Pruning techniques differ in how the pruned parts are 
chosen (e.g., by weight magnitude or second-order derivatives), and in the granularity at which 
pruning is performed (e.g., individual synapses, adjacent groups of synapses, or entire feature 
maps for convolutions). Pruning individual synapses results in irregular structures that can only be 
processed efficiently by specialized hardware [Ref 12]. While coarser-granularity pruning is 
typically preferred, finely granular pruning offers further performance scalability that can be 
exploited with FPGAs, tailoring memory subsystems to efficiently store sparse representations 
while supporting the implementation of computing engines.

X-Ref Target - Figure 3

Figure 3: 3-Bit Quantization Function of a Sine Wave
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Layer Fusion and Decomposition

Mathematical equivalences or approximations can be used to decrease the compute and memory 
requirements of DNN layers. For instance, batch normalization operations can be fused into the 
preceding linear transform layer (convolutional or fully connected). Convolutions can be 
approximated by depth-wise separable filters [Ref 13], fully-connected layers by singular value 
decomposition [Ref 14].

Other techniques: Knowledge distillation [Ref 15] can be used to make the training of efficient 
models easier. Hoffer et al. [Ref 16] propose to fix the final classification layer of a DNN to a 
Hadamard matrix with a fixed pattern of +1/-1 values, and show that this results in no loss of 
accuracy for several ImageNet networks.

Accuracy-Computation Trade-Offs: Examples from Quantization
Neural networks are function approximators, and high-quality approximators cost more than low-
quality ones. Specifically, a trade-off exists between how much memory and compute resources are 
required to perform inference with a neural network, and the quality of the resulting inference (e.g., 
how accurately the network predicts the class of an unseen input image). Although the exact 
relationship between resources and accuracy is difficult to determine, the design space can be 
empirically explored by training neural networks that have different compute requirements and 
observing the obtained accuracy (Figure 5).

X-Ref Target - Figure 4

Figure 4: Synaptic Pruning
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Figure 5 illustrates the results of one such design space exploration. (In Figure 5, lower is better for 
both axes.) Different quantization schemes are used to produce networks of different compute cost 
(x-axis, expressed as a number roughly indicating how many FPGA LUTs and DSP slices would be 
used for the entire computation) and accuracy (y-axis). The red line is the Pareto frontier, 
containing the design points, which are best-in-class for compute cost and accuracy. In this case, a 
lower-precision deep network (ResNet-50 with 2-bit weights, 8-bit activations) outperforms a 
higher-precision shallow network (ResNet-18 with 8-bit weights, 8-bit activations), both in terms of 
lower compute cost and lower error rate.

Trends in Inference Accelerator Architectures 
As mentioned earlier, compute and memory requirements in neural networks can be very large; for 
instance, image classification with a popular DNN such as ResNet-50 requires 7.7 billion operations for 
every single input image. However, on the upside, DNNs are highly parallel in nature, which can be 
exploited. As such, numerous forms of customized hardware architectures are evolving to make the 
deployment of these algorithms a reality. 

The inference computation for a DNN contains multiple levels of parallelism, as illustrated in 
Figure 6. These can be summarized as follows:

• Coarse-grain topology parallelism between consecutive layers, and parallel branches, such as 
those found in GoogLeNet or in DNN ensembles

• Neuron and synapse parallelism inside a layer, such as multiple input/output feature map (IFM/ 
OFM) channels and pixels in convolutional layers

• Bit-level parallelism inside arithmetic, when individual bits of weights and activations are 
viewed separately

X-Ref Target - Figure 5

Figure 5: Compute Cost vs. Top-5 Classification Error on ImageNet Using a Variety of Quantized Networks
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The Landscape of Inference Accelerator Architectures
When optimizing a hardware architecture for these highly compute and memory intensive 
algorithms, the following questions arise: 

• How is this best loop-transformed and unfolded to maximize data reuse and compute 
efficiency to minimize memory bottlenecks? 

• How can performance scalability be provided with limited gains coming from shrinking 
technology nodes? 

• And how can real-time responses be achieved, limiting power consumption to enable 
deployment within embedded application scenarios where energy consumption is at a 
premium? 

Besides standard CPUs, numerous specialized hardware architectures are trying to optimize these 
applications for specific application constraints, including GPUs, FPGAs, and AI ASICs. Microsoft 
has coined the term “DNN Processing Unit,” [Ref 16] or DPU for short, as an umbrella term for these 
customized architectures. Figure 7 depicts a generic DPU architecture, with typical “pain points” 
highlighted in red.

X-Ref Target - Figure 6

Figure 6: Levels of Parallelism Available for Computing DNN Inference
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Architectures can broadly be classified by the basic type of compute operation, memory 
bandwidth, level of parallelism, degree of specialization, and inherent precision support. While 
GPUs initially had a different focus—targeting gaming and graphics processing, and are gradually 
being adopted for high-performance computing—they also have an increasing focus for AI and are 
the de facto standard for training acceleration. GPUs are considered to be vector-based SIMD 
processors, increasingly customized for Deep Learning with introduction of Tensor Cores in Nvidia’s 
Volta family [Ref 17] and fixed-point integer arithmetic, specifically INT4 and INT8 with Nvidia’s 
most recent Turing architectures [Ref 18]. Custom ASIC implementations of DPUs aim to minimize 
hardware cost and maximize performance, such as Google's Tensor Processing Unit (TPU) [Ref 19]. 
The TPU operates specifically on tensors rather than just vectors, and boasts customized memory 
hierarchies and customized arithmetic to take advantage of quantization, as described earlier. 
Besides the TPU, an increasing number of companies are building custom hardware, including Arm, 
Intel’s Nervana, MobilEye, and Movidius acquisitions, and numerous startups such as GraphCore, 
Cerebras, Groq, and Wave Computing, to name a few. In summary, the landscape is rapidly 
changing.

FPGA Implementation Advantages for Efficient DNNs
The diversity of DNNs is also reflected in how much parallelism is available at each level mentioned 
earlier. Thus, any fixed hardware architecture that instantiates a fixed number of parallel compute 
elements communicating in a fixed fashion has limitations as to how efficiently it can execute a 
DNN. For instance, if a fixed architecture is built to take advantage of input feature map and output 
feature map (IFM-OFM) parallelism, it might exhibit low utilization for depth-wise separable 
convolutions [Ref 2]. Especially considering the rapidly-advancing techniques for creating efficient 
DNNs, adaptability is key to staying efficient in the changing DNN inference landscape.

In this context, the key advantage of Xilinx FPGAs is the adaptable, fine-grained, massively parallel 
nature of the compute and memory resources offered. The Xilinx devices facilitate a wide range of 
DPU architectures that can take advantage of the multiple levels of parallelism mentioned and 
tailor to the specific requirements of a given DNN topology and the application-specific design 

X-Ref Target - Figure 7

Figure 7: Typical “Pain Points” in a Generic DPU Architecture
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constraints. Soft DPUs implemented on FPGAs can support any of the above configurations with 
explicitly managed memory and arithmetic customized for every specific neural network. 

Examples of Soft DPUs

Figure 8, Figure 9, and Figure 10 provide examples of Soft DPUs that illustrate the diversity of 
possible Soft DPU architectures. The key characteristics of each architecture are as follows:

• Custom Architecture, Multi-layer Parallelism 

For a given QNN, FINN [Ref 20] [Ref 21] generates a custom DPU where each layer is 
implemented with dedicated hardware and connected to the next layer with an on-chip 
channel, subject to device size limitations. This enables tailoring the precision and compute 
resources for each layer, resulting in an efficient design. Data flow parallelism between layers 
can be beneficial for achieving low latency and high throughput. FINN is available as open-
source [Ref 22].

X-Ref Target - Figure 8

Figure 8: FINN, a Soft DPU with Dedicated Per-layer Compute Resources
and On-chip Data Flow between Layers
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• Programmable Generic Architecture, Single-Layer Parallelism, Fixed Precision 

xDNN [Ref 23] is a programmable overlay architecture with a fixed-precision systolic array. The 
regular structure of this array enables a high degree of performance optimization. A tool flow 
is provided to map any DNN to this architecture, eliminating the need for new bitstream 
generation or FPGA expertise. xDNN is available for evaluation [Ref 24].

• Programmable Generic Architecture, Single-Layer Parallelism, Runtime-Variable Precision

BISMO [Ref 25] [Ref 26] is a programmable overlay for bit-serial matrix multiplication. By 
serializing the bit precision dimension but parallelizing across the other dimensions, it offers a 
fixed architecture that can take advantage of variable precision at runtime while still offering 
high performance. Higher-precision layers take more clock cycles to execute. BISMO is available 
as open-source [Ref 27].

X-Ref Target - Figure 9

Figure 9: xDNN, a Soft DPU with a High Degree of Programmability and Performance Optimization

X-Ref Target - Figure 10

Figure 10: BISMO, a Soft DPU that Supports Different Arithmetic Precisions without Reconfiguration
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Driven by the end of Moore’s law and in line with general trends of the semiconductor industry, 
Xilinx has developed increasingly specialized devices for specific vertical markets. This is achieved 
by a novel compute fabric for AI, consisting of software programmable AI engines with a custom 
instruction set. In addition, NoC-based interconnectivity provides a new level of flexibility in 
routing resources, which is vital to achieving high device utilization. Furthermore, beyond the 
neural network itself, FPGAs can offer sensor fusion and flexible I/O; they can add computer vision 
pre- and post-processing; and they can provide other functionality required to integrate as 
intelligence-on-the-wire and adapt the device perfectly to the customer’s environment.

Summary
The increasing adoption of machine learning algorithms to an ever-growing spectrum of 
applications creates an immense computational burden on traditional compute architectures. The 
semiconductor industry rises to the challenge through many innovative architectures code-named 
DPUs. FPGAs can play a fundamental role, offering the ultimate flexibility in adjusting compute 
architectures not only to machine learning tasks in general, but to the specifics of given neural 
network topologies. The programmable devices offer customized arithmetic to minimize storage 
and compute resources, provide further performance scalability or optimization for stringent 
latency requirements. Finally, FPGAs can provide flexibility in the I/O and sensor fusion, as well as 
pre- and post-processing for computer vision like no other device types. This combination of 
features allows the FPGA to adapt perfectly to the customer's requirement.
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