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Abstract—Today’s big and fast data and the changing
circumstance require fast training of Deep Neural
Networks (DNN) in various applications. However,
training a DNN with tons of parameters involves intensive
computation. Enlightened by the fact that redundancy
exists in DNNs and the observation that the ranking of the
significance of the weights changes slightly during
training, we propose Eager Pruning, which speeds up
DNN training by moving pruning to an early stage.
Eager Pruning is supported by an algorithm and
architecture co-design. The proposed algorithm dictates
the architecture to identify and prune insignificant
weights during training without accuracy loss. A novel
architecture is designed to transform the reduced
training computation into performance improvement.
Our proposed Eager Pruning system gains an average of
1.91x speedup over state-of-the-art hardware accelerator
and 6.31x energy-efficiency over Nvidia GPUs.

Figure 1. AI Infrastructure

6,000 tweets are sent and 40,000 Google search queries are
processed every second[7]. To fully utilize the data, the speed
of model adjustment should cater to that of data generation.
A sudden change in the circumstance is another situation
where fast retraining is necessary. Take autonomous animal
disease control as an example. When a new disease appears,
the system needs to be retrained as soon as possible on those
symptoms related to the new disease to identify the infected
animals. A delay of retraining may lead to an explosion of the
disease. Also consider the case where a self-driving car goes
to a new place, where the traffic signs and surroundings look
totally different. The car’s recognition model has to make
quick adjustments to prevent accidents.
Nevertheless, DNNs comprise a large quantity of
parameters. To train them, three computation phases, i.e.
forward propagation, backpropagation and kernel update, are
repeated millions of times, making it both time and energy
consuming. As the networks[8], [9] grow deeper for better
representations, this problem gets more severe. Several
works[10], [11] made efforts to speed up DNN training by
extreme parallelization. However, their methods demand
great computation resources like thousands of KNLs or
GPUs, which is not available for general applications. In this
work, we accelerate DNN training from another perspective.
Figure 1 shows the infrastructure of an AI computing
stack[12]. The algorithm layer determines the required
computation for training the networks while the compute
layer determines the time consumed on the computation. This
work accelerates DNN training by exploiting an algorithm
and architecture co-design to reduce both the computation
and the time spent on computation as shown in Figure 1(e).
It is widely recognized that considerable redundancy exists
in DNNs. Prior works[13]–[15] remove insignificant weights
from a completely trained model and retrain it. The sparse
model after pruning and retraining is as accurate as the dense
one. Enlightened by their success, we propose to move the
pruning process to an earlier stage to reduce the computation
involved during training. This is feasible because our study
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1. INTRODUCTION
This is an era of big data and artificial intelligence. On one
hand, the ubiquitous cameras, sensors and other data
collectors provide access to extremely large datasets[1],
enabling the machines to learn models even more accurate
than human beings[2]. On the other hand, the tremendous
data collection is valuable only when analyzed by deep and
complex AI models. Among all the AI technologies, DNN is
one of the most popular and promising[3]–[5].
Lots of DNN applications require lifetime learning to keep
the models up to date. For example, the tweets sent by users
are used to learn the real-time topics. The behaviors during
Google search teach the engine to provide more precise
results. Note that today’s data is not only big but also fast[6].
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Table 1. Convolution in Three Phases

Figure 2. Three Phases in Training

Figure 3. Pseudo Code for Convolution

observes that the ranking of the significance of the weights
changes slightly during training, implying if a weight is
insignificant in the early iterations, it can be claimed with
high confidence that this trend will hold to the end. Therefore,
pruning can be applied as soon as the network is initialized
with low risk. To this end, we propose Eager Pruning (EP).
The algorithm for EP reduces training computation by 40%
while maintaining the original accuracy.
Although the computation can be reduced by pruning
during training, existing DNN accelerators are incapable of
transforming this computation reduction into performance
improvement. They unroll and exchange the nested loops in
convolution to leverage the computation parallelism and data
reuse by designing dedicated architectures with fixed
unrolling scales and dataflows. However, the irregular and
changeable sparsity in EP causes resource underutilization
and the discrepancy in different training phases increases
inefficiency of the existing accelerators.
To solve the challenges brought by EP to the traditional
accelerators and fulfill its potential, we break all the fixed
connections between the processing elements (PEs) so that
each PE can be assigned independently. Since each kernel
may have various size in EP, weights inside the kernels are
distributed to different number of PEs resulting in a
consecutive but irregular partition of the PEs. Besides, when
the weights in PEs are replaced, the partition changes as well.
To sum up the partial results within a kernel, we propose a
novel Dynamically Reconfigurable Add and Collect Tree
(DRACT) to collect the results. It can be configured based on
the pattern of the sparse kernels loaded into PEs in real time.
The EP dataflow in different training phases is also proposed.
EP is evaluated on eight popular DNNs and compared with
five state-of-the-art accelerators and three Nvidia GPUs. Due
to the high energy efficiency, EP brings the most value to
time-sensitive applications with limited power budget.
The main contributions of our work are summarized as:
(1) We analyze the behavior of DNN weights during
training and demonstrate the feasibility of Eager Pruning.
(2) We propose an algorithm that prunes DNNs during
training, which on average reduces 40% training computation
while maintaining the original accuracy on eight networks.
(3) We further propose and implement a DRACT-based
architecture design to support Eager Pruning, which achieves
an average of 1.91x speedup over state-of-the-art hardware
design and 6.31x energy-efficiency over Nvidia GPUs.

𝑫𝑫𝒍𝒍 : intermediate data of layer 𝑙𝑙, 𝑬𝑬𝒍𝒍 : error of layer
𝑙𝑙, 𝑲𝑲𝒍𝒍 : kernel of layer 𝑙𝑙, 𝑻𝑻𝑻𝑻𝒍𝒍 : transposed kernel of
layer 𝑙𝑙, ∆𝑲𝑲𝒍𝒍 : kernel update of layer 𝑙𝑙.
Phase Input, filter and Dependency Conv
type
output of layer 𝒍𝒍 of layer 𝒍𝒍
In Filter Out
FP 𝐷𝐷𝑙𝑙−1 𝐾𝐾𝑙𝑙
4-D
𝐷𝐷𝑙𝑙
FP𝑙𝑙−1
BP 𝐸𝐸𝑙𝑙+1 𝑇𝑇𝑇𝑇𝑙𝑙+1 𝐸𝐸𝑙𝑙
4-D
BP𝑙𝑙+1
KU 𝐷𝐷𝑙𝑙−1 𝐸𝐸𝑙𝑙
3-D
∆𝐾𝐾𝑙𝑙
FP𝑙𝑙−1 , BP𝑙𝑙

The rest of this paper is organized as follows. Section 2
provides the motivation and proof of feasibility of EP. The
algorithm for EP is introduced in Section 3. In Section 4, we
propose the architecture support for EP. Section 5 presents
the evaluation of our system. The related work is discussed
in Sections 6. Section 7 concludes the paper.

2. BACKGROUND AND MOTIVATION
2.1 Background on DNN Training
The kernels of neural networks are trained using the
gradient descent algorithm[16]. Each iteration consists of
three different phases: forward propagation (FP),
backpropagation (BP) and kernel update (KU). Figure 2
shows the three phases in convolution layers. The
computation in FP is the same as DNN inference. The output
of a layer is convolved by the kernel to generate the output of
the next layer. We call the outputs of hidden layers as
intermediate data. The last layer outputs the classification
prediction of the network. The first step in BP is to calculate
the training loss using the prediction and the ground truth.
Then this loss is backpropagated to produce the errors. As
opposed to the intermediate data, the error of a layer is
convolved with the transposed kernel to produce the error of
the previous layer. Finally in KU, the kernel update of a layer
is generated by convolving the intermediate data of the
previous layer with the error of the current layer.
The computation in all the phases is convolution. To avoid
confusion, kernel in this paper specially refers to the
parameters of the network that we intend to learn. Filter is
the term used in a general convolution, which is the kernel in
FP, the transposed kernel in BP and the error in KU. In
convolution layers, the intermediate data and errors are 3-D
and the kernels and updates are 4-D. Therefore, the
computation in FP and BP is 4-D convolution while KU
performs 3-D convolution. Figure 3 shows the nested loops
in 4-D and 3-D convolutions, where 𝑁𝑁𝑜𝑜𝑜𝑜 and 𝑁𝑁𝑖𝑖𝑖𝑖 represent
the number of output and input feature maps. 𝑁𝑁𝑜𝑜𝑜𝑜 , 𝑁𝑁𝑜𝑜𝑜𝑜 and
𝑁𝑁𝑓𝑓𝑓𝑓 , 𝑁𝑁𝑓𝑓𝑓𝑓 specify the size of each output feature map and filter
respectively. Table 1 summarizes the input, filter and output
of the three phases.
Note that the fully connected layers can be viewed as a
simplified convolution layer, where the size of input and
output is 1. RNN is a kind of fully connected neural network
that takes the previous outputs as inputs of the current step.
The kernels of RNNs are trained using Backpropagation
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Figure 6. Eager Pruning Algorithm
Table 2. Terms Used in EP Algorithm

Figure 4. Weight Change

Figure 5. Crossing the Margin

Through Time[17]. In BPTT, the errors are backpropagated
through time steps and the kernels are updated using all the
results within a time window. By unrolling the time steps, the
operations in RNNs can be transformed into the same
operations in fully connected layers.
2.2 Motivation for Eager Pruning
From Figure 3, the required computation can be derived as:
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶. = 𝑁𝑁𝑜𝑜𝑜𝑜 × 𝑁𝑁𝑖𝑖𝑖𝑖 × 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 × 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 (1).
The size of the kernel determines the filter size in FP and BP
and the output size in KU. Therefore, all the phases will speed
up if the network has fewer kernel weights.
Several works[13]–[15] demonstrate redundancy in DNNs.
They remove the insignificant weights after training and then
retrain the network, resulting in a compact but still accurate
model. However, although the inference computation is
reduced, their method requires extra efforts in training
because pruning and retraining are performed after the
original training (Figure 1(b)). For example, [13] spends 75
hours on training the original AlexNet and 173 hours on
pruning and retraining.
Nevertheless, the idea motivates us to propose Eager
Pruning (EP). If the non-contributing kernel weights can be
identified earlier (i.e. as soon as training starts), training will
significantly speed up. Not only is the computation for each
iteration reduced, extra retraining step is also avoided as each
iteration plays the role of retraining. Since there are
inherently useless parameters, pruning them more eagerly
does not harm the accuracy if they are correctly recognized.

Parameters
the current iteration
the last iteration roll back performed
the smoothed training loss
the greatest loss of the last pruning period
the times that the training loss exceeds
the times that roll back occurs at the same point
the quantity of weights pruned each time
Hyperparameters
the interval of pruning
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
the initial value of 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑛𝑛
𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜_𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑜𝑜𝑜𝑜𝑜𝑜 the threshold to distinguish over-pruning
Condition Checks
Pruning check
(𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 − 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙_𝑟𝑟𝑟𝑟_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) % 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 ==0
Loss increase check
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠ℎ𝑒𝑒𝑒𝑒_𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 > 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙_𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙_𝑚𝑚𝑚𝑚𝑚𝑚
Roll back check
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙_𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 > 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜_𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑜𝑜𝑜𝑜𝑜𝑜
Pruning termination check 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 > 3
𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙_𝑟𝑟𝑟𝑟_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠ℎ𝑒𝑒𝑒𝑒_𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙_𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙_𝑚𝑚𝑚𝑚𝑚𝑚
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙_𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑛𝑛

Next, only few weights break the above-mentioned rule.
30000 weights randomly chosen from GoogLeNet layer
inception_4d/5x5 are scattered in Figure 5. Here the smallest
50% weights are considered insignificant. The horizontal
coordinate represents the final significance of the weight:
𝑥𝑥𝑤𝑤 = log(𝑤𝑤𝑓𝑓 /𝑚𝑚𝑓𝑓 ) (2),
where 𝑤𝑤𝑓𝑓 and is the weight’s final value and 𝑚𝑚𝑓𝑓 is the
median of the weights after training. The vertical coordinate
indicates how often the weight appears significant during
training. We count the times that each weight becomes
greater and smaller than the median at each snapshot
respectively and derive the vertical coordinate as:
𝑦𝑦𝑤𝑤 = log(∑(𝑤𝑤𝑖𝑖 > 𝑚𝑚𝑖𝑖 ) / ∑(𝑤𝑤𝑖𝑖 < 𝑚𝑚𝑖𝑖 )) (3),
where 𝑤𝑤𝑖𝑖 and 𝑚𝑚𝑖𝑖 are the weight value and the median in the
𝑖𝑖 𝑡𝑡ℎ snapshot respectively. In Figure 5, 96% of the weights fall
into the first and third quadrants. 𝐿𝐿𝐿𝐿𝐿𝐿(0) and 𝑙𝑙𝑙𝑙𝑙𝑙(+∞)
denote weights that never cross the significant-insignificant
margin. Those weights in the second and fourth quadrants
reside near the origin. The result suggests that only few
weights close to the margin oscillate around during training.
We get similar results for all the layers of all the networks
in these two experiments.

2.3 Feasibility of Eager Pruning
In this work, the kernel weights with small values are
viewed insignificant as in [13]. This section demonstrates that
small weights are always small during the entire training
process and exception happens with a very small probability.
First, the ranking of the significance of all the weights
barely changes during training. Figure 4 illustrates this
phenomenon when training AlexNet[18] on ImageNet[1] for
90 epochs. A snapshot is taken every two epochs. The
weights are evenly divided into ten groups based on their
final values. The average value of the weights in each group
at each snapshot is depicted using a unique line. As shown,
the ranking of the lines in Figure 4 is fixed as time elapses.
This indicates that if a weight is found insignificant in early
iterations, we can claim with high confidence that the trend
will hold to the end.

3. ALGORITHM FOR EAGER PRUNING
Section 2.3 proves that the insignificant weights can be
identified more eagerly. This section introduces the policies
and hyperparameters in EP.
3.1 Policies
The algorithm for EP is illustrated in Figure 6. Table 2
summarizes all the terms used to elaborate the algorithm.
Prune Instead of pruning all the insignificant weights at
once, EP removes the smallest 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑛𝑛 weights every
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𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 iterations. From Section 3.2, it can be
concluded that the smaller a weight is, the less likely it is
going to cross the significant-insignificant margin. This
guarantees EP always removes the weights with the highest
possibility to be insignificant at the end. In addition, as shown
in Figure 4, the weights stabilize as training process continues
due to the decreasing learning rate[19]. Therefore, it is
reasonably believed that by periodical pruning, the oscillating
weights are removed with more care (pruned later when they
are more stable).
Terminate pruning Pruning should be terminated at a
proper time, otherwise the network will lose more parameters
than desired, i.e. over pruned. Generally, when some weights
are removed, there will be a sudden rise in the training loss
and a sudden drop in the validation accuracy. To avoid extra
computation for validation, we use the smoothed training loss
(average of the last 100 losses) to recognize over pruning.
If the removed weights are insignificant, the loss only
increases slightly and drops back quickly. On the contrary,
when the loss considerably deteriorates and hardly recovers,
over pruning occurs. Pruning period is defined as the
iterations between the two adjacent pruning operations. In
EP, the network is considered over pruned if the smoothed
training loss appears to exceed the maximum of the last
pruning period (𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙_𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙_𝑚𝑚𝑚𝑚𝑚𝑚) for a certain number
of times in the current pruning period. 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿_𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
records the times that the loss exceeds and the threshold for
over pruning is 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜_𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑜𝑜𝑜𝑜𝑜𝑜. Therefore, if
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙_𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 > 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜_𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑜𝑜𝑜𝑜𝑜𝑜 (4)
is true, the network is over pruned.
When over pruning occurs, if the incorrectly pruned
weights are not added back, the network will never achieve
the best accuracy. Therefore, EP is equipped with the roll
back function to bring the network back to the state before
over pruning. Besides, the pruning procedure does not cease
immediately. The network has several chances to try different
pruning quantities. Every time it fails to prune 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑛𝑛
(initialized as 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 ) weights, it rolls back and
tries pruning 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑛𝑛/2 weights instead. If several
different quantities (we find 3 is an appropriate choice for
popular networks) fail at the same point, the pruning
procedure terminates directly to avoid more overhead. That
is, 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑛𝑛 is set to 0 when
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 > 3 (5),
where 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 counts the times that roll back
occurs at the same point.

(a) 𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷_𝒏𝒏𝒏𝒏𝒏𝒏𝒎𝒎𝒎𝒎𝒎𝒎

(b) 𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷_𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊

Figure 7. Models for Choosing Hyperparameters (Alexnet)

𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷_𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊 and 𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑_𝒏𝒏𝒏𝒏𝒏𝒏𝒎𝒎𝒎𝒎𝒎𝒎 are the most
important hyperparameters in EP. Intuitively, the smaller
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 is and the greater 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 is, the
more computation is reduced. However, pruning too eagerly
hurts the accuracy and compression rate of the network. On
one hand, when too many weights are pruned at each time,
significant weights may be accidentally pruned when they are
still oscillating, resulting in degraded accuracy. On the other
hand, if the network is pruned at a high frequency, the
remaining weights do not have enough time to be retrained
before next pruning, so the network is considered over
pruned. This causes the pruning procedure to terminate early,
leading to low computation reduction.
Figure 7 shows how the two hyperparameters impact the
accuracy and computation. 𝑃𝑃𝑃𝑃𝑜𝑜𝑜𝑜𝑜𝑜 and 𝑝𝑝𝑝𝑝𝑜𝑜𝑜𝑜𝑜𝑜 are the optimal
values for 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 and 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 . In Figure
7(a), 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 is set to 𝑝𝑝𝑝𝑝𝑜𝑜𝑜𝑜𝑜𝑜 and 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚𝑚𝑚
varies from 𝑝𝑝𝑝𝑝𝑜𝑜𝑜𝑜𝑜𝑜 /4 to 4𝑝𝑝𝑝𝑝𝑜𝑜𝑜𝑜𝑜𝑜 . The accuracy starts to drop
when 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚𝑚𝑚 grows larger than 𝑝𝑝𝑝𝑝𝑜𝑜𝑜𝑜𝑜𝑜 . In Figure
7(b), 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚𝑚𝑚 is set to 𝑝𝑝𝑝𝑝𝑜𝑜𝑜𝑜𝑜𝑜 while 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
varies from 𝑝𝑝𝑝𝑝𝑜𝑜𝑜𝑜𝑜𝑜 /9 to 9𝑝𝑝𝑝𝑝𝑜𝑜𝑜𝑜𝑜𝑜 . The most reduced
computation is achieved at 𝑝𝑝𝑝𝑝𝑜𝑜𝑜𝑜𝑜𝑜 . In our study, setting
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 as 1/100 of the total iterations and
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 as 1/50 of the number of weights expected
to be pruned is a conservative strategy. The pruning will
terminate at the middle of training. To determine the expected
pruning quantity, it is recommended to refer to off-the-shelf
models trained on datasets of similar size.

4. ARCHITECTURE SUPPORT FOR EAGER PRUNING
The proposed algorithm exhibits great potential in reducing
computation for DNN training. Nevertheless, this benefit
cannot be exploited by recently proposed accelerators[20]–
[28] due to the irregular sparsity, imbalanced workloads in
EP and the discrepancy in different training phases. In this
section, we analyze the challenges brought by EP to existing
designs and propose our architecture support for EP.

3.2 Hyperparameters
EP introduces 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜_𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑜𝑜𝑜𝑜𝑜𝑜, 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
and 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚𝑚𝑚 as new hyperparameters. Like other
training hyperparameters (e.g. learning rate and maximal
iterations), experience is needed when setting them. Our
studies show little difference in over pruning recognition
when 𝒐𝒐𝒐𝒐𝒐𝒐𝒐𝒐_𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑_𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕 is set over 30. In the
experiment, 10 is used for networks that take less than
500,000 iterations to train and 20 for those take longer.

4.1 Challenges
Irregular sparsity requires flexible dataflow. To
leverage the abundant parallelism and data reuse in
convolutions, a common practice is to unroll the convolution
loops in Figure 3. Figure 8(a) illustrates an example that
unrolls the outputs within an output feature map[20]. Each
cycle, a new filter weight is loaded and broadcast to all PEs.
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Figure 8. An Example of Data Reuse

Each PE is responsible for one output by locally
accumulating the partial results. The index of the input
required by each PE can be calculated as:
(𝑖𝑖𝑖𝑖, 𝑖𝑖𝑖𝑖) = (𝑓𝑓𝑓𝑓 + 𝑜𝑜𝑜𝑜, 𝑓𝑓𝑓𝑓 + 𝑜𝑜𝑜𝑜) (6),
where (𝑓𝑓𝑓𝑓, 𝑓𝑓𝑓𝑓), (𝑜𝑜𝑜𝑜, 𝑜𝑜𝑜𝑜) and (𝑖𝑖𝑖𝑖, 𝑖𝑖𝑖𝑖) are the indices of filter
weight, output and input respectively. The black and red
notations in Figure 8(a) represents the input, output and
weight in two adjacent cycles. As can be seen, the current
input of one PE is the same as the input of its neighbor in the
next cycle. Therefore, the inputs can be temporally reused by
different PEs in different time slots through shifting.
However, this model cannot deal with irregular sparsity of
the filter. Assume that the weight 𝑊𝑊0,1 is pruned. The
performance can only be enhanced if the partial result of 𝑊𝑊0,1
is skipped as shown in Figure 8(b). In this case, the inputs in
the PEs should shift by 2 to realize temporal reuse. Similarly,
when both 𝑊𝑊0,1 and 𝑊𝑊0,2 are pruned, inputs need to shift by
3. Since the filter sparsity in EP is irregular, the fixed shifting
structure is not applicable. [21], [22] adopt other data reuse
policies but the same problem exists. Flexflow[24] eliminates
some of the datapaths between PEs to achieve reconfigurable
hybrid unrolling and data reuse, but it still lacks the ability to
skip computations irregularly.
Imbalanced workloads cause resource underutilization.
Cambricon-X[26] is designed for sparse neural networks but
also suffers from resource underutilization due to the fixed
unrolling scale. It assigns 𝑇𝑇𝑚𝑚 multipliers to each of the 𝑇𝑇𝑛𝑛
outputs and the partial results are accumulated by an adder
tree. However, the computation entailed for one output
differs significantly from another in a sparse network.
Idleness will occur in rows with lighter workloads.
Discrepancy in multiple phases yields inefficiency.
SCNN[27] proposes a novel dataflow. Each PE (a group of
multipliers) only loads the non-zero inputs and filter weights
and performs the Cartesian products of them. This dataflow
works well for DNN inference but is not efficient for training,
especially in the KU phase.
In each layer, the MAC operations performed by SCNN is
( 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 × 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ), but the MAC operations
required for the output is ( 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 × 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ).
Therefore, the utilization can be derived as:
𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑜𝑜𝑜𝑜.
𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈. =
=
(7).
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑜𝑜𝑜𝑜.

Figure 9. Dataflow in ScaleDeep

Figure 10. Sparse Filters

size of a feature map is 1964. Such a considerable gap results
in SCNN utilization less than 1%.
ScaleDeep[28] is proposed for DNN training and the
workloads are mapped to different compute tiles based on
their Bytes/FLOP rate. Nevertheless, the CompHeavy Tile,
which is used for performing convolutions in the three phases,
adopts a similar dataflow as in SCNN and also results in low
utilization. In Figure 9, each row of inputs is multiplied by
each row of the weights and the partial results are
accumulated diagonally. Consider the output is 3 × 3. The
dark multipliers do not generate any effectual partial results.
What’s more, since SCNN and ScaleDeep compute all the
pairs of inputs and filter weights, they are unable to skip the
computation for the update of a pruned kernel weight. Note
that the average MAC operations to calculate an update in
KU is 770, which is much greater than the average MAC
operations (i.e. 7) to calculate an output in FP. Therefore, a
huge amount of time and energy will be wasted.
Solution The dataflow and the unroll scale of PEs are fixed
in the existing designs. Even the flexible architectures
designed for sparse DNNs still partition the compute resource
into groups and remain some of the connections inside and
between each group, resulting in underutilization. This
problem can be solved by further decoupling and
disconnecting the PEs to allow each of them to be allocated
to any output to perform computation individually. A
reconfigurable adder tree to dynamically collect and
accumulate the results of the ungrouped PEs that are assigned
to the same output will be introduced in Section 4.2.
4.2 DRACT
In our design, a single PE multiplies one input with one
filter weight. The function of DRACT is to dynamically
collect and accumulate the partial results of the same output.
This is done by configuring the DRACT based on the weights
loaded into PEs in real time.

𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

Based on Table 1, the output and input of KU are the kernel
update and intermediate data respectively. The average
kernel size of all the popular networks is 7 while the average
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Case
1 input
1 output
2 input
0 output
2 input
1 output
2 input
2 output
3 input
1 output
3 input
2 output
4 input
2 output

Figure 11. Prototype of DRACT (Inputs Omitted)

PE
0
1
2
3
4
5
6
7

Figure 12. Structure of DRACT

Prototype of DRACT Suppose there are four sparse
filters convolving one input as shown in Figure 10. They
generate four different outputs. The non-zero weights are
loaded into eight PEs consecutively in Figure 11. To produce
the outputs, the PEs need to be partitioned into four irregular
groups [𝑃𝑃𝑃𝑃0 , 𝑃𝑃𝑃𝑃1 ], [𝑃𝑃𝑃𝑃2 , 𝑃𝑃𝑃𝑃3 , 𝑃𝑃𝑃𝑃4 ], [𝑃𝑃𝑃𝑃5 , 𝑃𝑃𝑃𝑃6 ], [𝑃𝑃𝑃𝑃7 ] and
the partial results of each group should be summed up. A
conventional binary adder tree can only generate one output
at the top of the tree (Figure 11(a)). Even if the tree is
0
0
+ 𝑊𝑊11
) at the first-level adder,
truncated and produces (𝑊𝑊00
1
1
1
1
is
obtaining (𝑊𝑊01 + 𝑊𝑊10 + 𝑊𝑊11 ) is impossible because 𝑊𝑊11
2
added by 𝑊𝑊10 first (Figure 11(b)). One solution is to block
the path of 𝑃𝑃𝑃𝑃5 , preventing it from reaching to 𝑃𝑃𝑃𝑃4 (Figure
2
is not able to reach out to perform
11(c)). However, 𝑊𝑊10
2
addition with 𝑊𝑊11 in this way. This drives us to copy the
paths between 𝑃𝑃𝑃𝑃5 and 𝑃𝑃𝑃𝑃6 so that they can connect to each
other (Figure 11(d)).
Structure of DRACT Since the sparsity of the filters
changes during training, the result of every PE may be
blocked from its left or right siblings but needed on the other
side. Therefore, all the paths in the adder tree are duplicated.
The path forwards a data only when the data falls into a group
that contains data not in this path’s subtree. Since PEs are
partitioned consecutively, if the subtree’s data belongs to
more than two groups, the data of the middle groups never
need to reach out because the subtree provides sufficient
connections for all the internal additions. Therefore, doubling
the paths is enough regardless of the number of PEs.
Figure 12 presents a DRACT connecting eight PEs. Each
adder is embedded into a path gate (PG). The PG has two
inputs, 𝐼𝐼𝐿𝐿𝐿𝐿 and 𝐼𝐼𝐿𝐿𝐿𝐿 , from its left child, two inputs, 𝐼𝐼𝑅𝑅𝑅𝑅 and 𝐼𝐼𝑅𝑅𝑅𝑅 ,
from its right child and three outputs. 𝑂𝑂𝐴𝐴 and 𝑂𝑂𝐵𝐵 are sent
upward and serve as the left or right inputs of its parent. The
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F
1
0
1
0
0
1
0
1

Table 3. Outputs of PG

𝑳𝑳𝑳𝑳
1
0
1

𝑳𝑳𝑳𝑳
0
0
0

𝑹𝑹𝑹𝑹
0
1
1

𝑹𝑹𝑹𝑹
0
0
0

𝑷𝑷𝑷𝑷
1
1
0

𝑷𝑷𝑷𝑷
0
0
0

𝑶𝑶𝑨𝑨

1

0

1

0

1

0

1

0

1

0

1

1

𝐼𝐼𝐿𝐿𝐿𝐿 + 𝐼𝐼𝑅𝑅𝑅𝑅

1
1
1
1
1

1
0
1
0
1

1
1
1
1
1

0
1
0
1
1

1
1
1
1
1

0
0
1
1
1

𝐼𝐼𝐿𝐿𝐿𝐿
𝐼𝐼𝑅𝑅𝑅𝑅

𝐼𝐼𝐿𝐿𝐿𝐿

𝐼𝐼𝐿𝐿𝐿𝐿
𝐼𝐼𝑅𝑅𝑅𝑅
𝐼𝐼𝐿𝐿𝐿𝐿
𝐼𝐼𝐿𝐿𝐿𝐿 + 𝐼𝐼𝑅𝑅𝑅𝑅
𝐼𝐼𝐿𝐿𝐿𝐿

𝑶𝑶𝑩𝑩

𝑶𝑶𝑪𝑪
𝐼𝐼𝐿𝐿𝐿𝐿 + 𝐼𝐼𝑅𝑅𝑅𝑅

𝐼𝐼𝑅𝑅𝑅𝑅
𝐼𝐼𝐿𝐿𝐿𝐿 + 𝐼𝐼𝑅𝑅𝑅𝑅
𝐼𝐼𝑅𝑅𝑅𝑅
𝐼𝐼𝑅𝑅𝑅𝑅

Table 4. DRACT Configuration

𝐼𝐼𝐿𝐿𝐿𝐿 + 𝐼𝐼𝑅𝑅𝑅𝑅
𝐼𝐼𝐿𝐿𝐿𝐿 + 𝐼𝐼𝑅𝑅𝑅𝑅
𝐼𝐼𝐿𝐿𝐿𝐿 + 𝐼𝐼𝑅𝑅𝑅𝑅

L
FC
LC
BO Out PG
0 LA4,LB4,LA6,LB6
L0
1
LA4,LB4
R0
0
0
RA4,RB4
L1
0
RA4,RB4,LA6,LB6 R1
1 LA5,LB5,RA6,RB6
L2
6
0
LA5,LB5
R2
1
RA5,RB5
L3
5
1
RA5,RB5,RA6,RB6 R3
3

other output is collected by the output collector (𝑂𝑂𝐶𝐶 ) and then
sent to the output buffer. Note that the bottom paths are not
doubled because there is at most one data from each child.
For each path in DRACT, one datapass bit is utilized to
denote whether it is in use. Specifically, 𝐿𝐿𝐿𝐿 (or 𝐿𝐿𝐿𝐿/𝑅𝑅𝑅𝑅/𝑅𝑅𝑅𝑅)
is set to 1 only when the child is sending data from 𝐼𝐼𝐿𝐿𝐿𝐿 (or
𝐼𝐼𝐿𝐿𝐿𝐿 /𝐼𝐼𝑅𝑅𝑅𝑅 /𝐼𝐼𝑅𝑅𝑅𝑅 ). 𝑃𝑃𝑃𝑃 and 𝑃𝑃𝑃𝑃 represent if the PG is sending data
to its parent through 𝑂𝑂𝐴𝐴 and 𝑂𝑂𝐵𝐵 . 𝑃𝑃𝑃𝑃 and 𝑃𝑃𝑃𝑃 are equivalent to
the parent’s 𝐿𝐿𝐿𝐿 and 𝐿𝐿𝐿𝐿 (or 𝑅𝑅𝑅𝑅 and 𝑅𝑅𝑅𝑅).
A series of selectors in PG are controlled by the datapass
bits to dynamically connect the inputs and outputs. Note that
the data is sent to 𝑂𝑂𝐵𝐵 only when 𝑂𝑂𝐴𝐴 is occupied. Based on this
principle, all the possible combinations of the datapass bits
and the outputs of each case are listed in Table 3. When the
same number of inputs and outputs are in use, the inputs are
simply forwarded. When the number of outputs is less than
that of the inputs by one, two neighboring inputs, one from
each child, are added up and forwarded. When there are two
more inputs than outputs, the result of addition is sent to 𝑂𝑂𝐶𝐶 .
Configuration of DRACT The datapass bits of DRACT
are reconfigured in real time when new weights are loaded
into the PEs. Each weight is accompanied with two partition
bits. The partition bits indicate if this weight is the first or the
last non-zero weight of the filter. For example, [(1,0), (0,1),
(1,0), (0,0), (0,1), (1,0), (0,1), (1,1) ] corresponds to the
partition of [𝑃𝑃𝑃𝑃0 , 𝑃𝑃𝑃𝑃1 ], [𝑃𝑃𝑃𝑃2 , 𝑃𝑃𝑃𝑃3 , 𝑃𝑃𝑃𝑃4 ], [𝑃𝑃𝑃𝑃5 , 𝑃𝑃𝑃𝑃6 ], [𝑃𝑃𝑃𝑃7 ].
The partition bits of the weight that resides in a PE are used
to set the datapass bits of two paths.
When a PE is the first or last external node of a path’s
subtree, this path is configurable by the PE. If the PE is the
first external node and the weight in the PE is not the first of
the filter, this PE must be connected to the outside of this
path’s subtree. In this case, the datapass bit of the path is set
to 1 to forward data to a higher level. Similarly, if the PE is

Figure 13. Eager Pruning System Overview

the last external node of the path’s subtree and the weight is
not the last of the filter, the datapass bit is also set to 1. Note
that 𝐿𝐿𝐿𝐿 / 𝑅𝑅𝑅𝑅 should be set first. If 𝐿𝐿𝐿𝐿 / 𝑅𝑅𝑅𝑅 is 1, then set
𝐿𝐿𝐿𝐿/𝑅𝑅𝑅𝑅.
Table 4 gives an example of DRACT configuration
assuming the partition is [𝑃𝑃𝑃𝑃0 , 𝑃𝑃𝑃𝑃1 ] , [𝑃𝑃𝑃𝑃2 , 𝑃𝑃𝑃𝑃3 , 𝑃𝑃𝑃𝑃4 ] ,
[𝑃𝑃𝑃𝑃5 , 𝑃𝑃𝑃𝑃6 ] , [𝑃𝑃𝑃𝑃7 ] . Each row lists the configuration
performed by one PE. 𝐹𝐹/𝐿𝐿 refers to whether the weight is the
first/last non-zero one of the filter. 𝐹𝐹𝐹𝐹/𝐿𝐿𝐿𝐿 lists the datapass
bits of the paths configurable by this PE because this PE is
the first/last node of the subtree. 𝐵𝐵𝐵𝐵 represents the special
case of bottom paths, where the PEs are both the first and last
node of their subtrees. Datapass bits set to 1 are marked as
red. Those already set to 1 by other PEs are marked as green.
Out PG denotes which PG is generating outputs for the output
collector. It is the highest-level PG whose input path is set as
1 by each filter. Not surprisingly, the result of the DRACT
configuration is the same as in Figure 11(d).

Figure 14. Data Indexing

Figure 15. Phase Transition

then the data within the input windows of all the outputs
being computed is sent to the input pool.
When new weights are loaded into PEs, the weight indices
are sent to the central controller. Note that in FP and BP, the
indices are fetched from the index buffer. In KU, the indices
are dense and directly generated by the central controller
based on the filter shape. A group of adders in the central
controller calculate the input offset for each PE. The input
offset is calculated using Equation(6) with the weight index
and output index. The PEs are connected to the input pool by
the Fat-tree[29] and the input indexing is implemented as in
Cambricon-X[26]. Once the input is located, the PE keeps
receiving inputs from the same position until the weights are
replaced. The elements in the input pool are shifted to keep
the input window as shown in Figure 14.
Output Each output buffer bank has an output collector.
The PGs are connected to the output collectors by the Fat-tree.
When the filter weights are loaded into the PEs, the DRACT
informs the Out PG for each output, as mentioned in Section
4.2. Then the output collectors select the required outputs as
the PEs select the inputs. Shown in Figure 14, the indexing
of the outputs is also fixed because the partition of the PEs is
fixed until the weights are reloaded. In FP and BP, the output
buffer is redirected to serve other purposes, as introduced in
Section 4.4. In KU, the updated sparse kernels are
transformed into the pattern with a mask bit at the on-chipto-off-chip interface and sent to off-chip.

4.3 Data Access
Figure 13 illustrates an overview of the proposed system
for Eager Pruning. The entire system is governed by the
central controller. All the PEs are ungrouped and connected
by the DRACT. There are four multi-bank on-chip buffers.
Three of them support input, filter and output accesses and
the other is used to store the indices of unpruned kernel
weights. All the buffers are dual-port so the writing of the
new data and reading of the old data are pipelined.
Filter The kernels are stored off-chip. Each weight has one
mask bit indicating if it is pruned. CSC format[23] is not
employed due to the overhead when sparsity is low. In FP and
BP, the weights and mask bits are loaded from off-chip
through the off-chip-to-on-chip interface. Informed of the
kernel shape by the central controller, the interface calculates
the index and partition bits of unpruned weights using a pair
of counters. Then the weights are put into the filter buffer and
the indices are put into the index buffer. The filter access in
KU is realized by buffer redirecting, which is introduced in
Section 4.4. The multi-bank filter buffer can feed a number
of PEs per cycle. By doubling the weight registers in the PEs,
weight loading can be overlapped with computation.
Input The input window is defined as a patch of input
feature map required to produce an output. It is the same size
of the filter. For example, the input window of 𝑂𝑂𝑜𝑜𝑜𝑜,𝑜𝑜𝑜𝑜 is a
square [ 𝐼𝐼𝑜𝑜𝑜𝑜,𝑜𝑜𝑜𝑜 , … , 𝐼𝐼𝑜𝑜𝑜𝑜+2,𝑜𝑜𝑜𝑜+2 ] if the filter is 3 × 3 . In EP
system, the inputs are first loaded into the input buffer and

4.4 Dataflow
In SGD[19], the training samples are grouped into mini
batches. Each sample goes through the three phases to
generate the kernel updates respectively. Then the kernels are
updated by the average values.
Phase Transitions The system processes one layer at a
time. The central controller dictates the transition between the
phases following the state machine in Figure 15(a). Based on
the data dependencies in Table 1, FP of all the layers is
performed first. When FP of the last layer finishes, the system
transits to an alternation of BP and KU. Specifically, once the
error of a layer is generated, the system starts to compute the
kernel update for that layer. When KU of the first layer is
done, the system transits to FP to process another sample.

298

Figure 16. Loop Unrolling

Figure 17. Computation Mapping

When phase transition happens, the input, filter and output
buffers are redirected so that off-chip access is reduced. For
example, in FP, the output of layer 𝑙𝑙 is the input of layer 𝑙𝑙 +
1, so the input and output buffers can be simply switched
when proceeding to the next layer. Figure 15(b) illustrates the
buffer redirections in the case of each phase transition.
Computation Mapping In our design, the filters are
always completely unrolled as in Figure 11. Since FP/BP and
KU perform different convolutions, the unrolling of the other
four loops in Figure 16 is different in FP/BP and UD.
The mapping of FP/ BP is shown in Figure 17(a). Loops
(1) and (2) are unrolled by 𝑃𝑃𝑜𝑜𝑜𝑜 and 𝑃𝑃𝑖𝑖𝑖𝑖 respectively. Filters of
𝑃𝑃𝑖𝑖𝑖𝑖 input feature maps corresponding to the same output
feature map are loaded into consecutive PEs to produce one
output. The filters of 𝑃𝑃𝑜𝑜𝑜𝑜 feature maps are unrolled so the
outputs of 𝑃𝑃𝑜𝑜𝑜𝑜 feature maps can be calculated at the same
time. Loops (3) and (4) are not unrolled, so only one output
of a feature map is generated each cycle. The output index of
each cycle is the number of cycles. It takes 𝑁𝑁𝑜𝑜𝑜𝑜 × 𝑁𝑁𝑜𝑜𝑜𝑜 cycles
to generate an output feature map.
The input pool holds the input windows of all the unrolled
input feature maps. Since the input window is of the same
size as the dense filter, 𝑃𝑃𝑖𝑖𝑖𝑖 is chosen as the maximal that
satisfies:
𝑃𝑃𝑖𝑖𝑖𝑖 × 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ≤ 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖_𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 (8).
𝑃𝑃𝑜𝑜𝑜𝑜 is limited by the number of PEs and the number of output
collectors. It is chosen as the maximal that satisfies both:
∑𝑃𝑃𝑃𝑃𝑃𝑃−1
∑0𝑃𝑃𝑃𝑃𝑃𝑃−1 #𝑛𝑛𝑛𝑛𝑛𝑛 ≤ #𝑃𝑃𝑃𝑃𝑃𝑃 (9),
0
𝑃𝑃𝑜𝑜𝑜𝑜 ≤ #𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜_𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 (10),
where #𝑛𝑛𝑛𝑛𝑛𝑛 is the number of non-zero weights in a filter.
KU generates the kernel updates. Therefore, the output of
KU is sparse. If only one output is generated for each output
feature map in each cycle, idleness will occur for those with
less weights to update. This drives us to unroll the outputs
within a feature map (loops (3) and (4)) in Figure 17(b). The
filters (errors) are duplicated to generate the outputs (updates)
within one feature map. Besides, loop (1) is also unrolled by
𝑃𝑃𝑜𝑜𝑜𝑜 , so the updates of 𝑃𝑃𝑜𝑜𝑜𝑜 kernels are generated at the same
time. Note that in the 3-D convolution in KU, the filters are
shared by different input feature maps, so the errors are kept
until the updates of all the input feature maps are generated.

to the training iterations and smooths the training loss to
adjust 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑛𝑛 . When a pruning is activated, EP
controller tries to obtain the threshold of the smallest
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑛𝑛 kernel weights by guessing. Each time the
weights are loaded from the filter buffer to PEs in FP/BP,
they are also sent to the EP controller. The EP controller
counts the number of weights under the threshold and adjusts
the threshold if the guess is wrong. It is acceptable if the
correct guess appears later because the weights are not
updated until a batch has been processed. When the method
of bisection is applied, it takes at most 8 iterations (one guess
per FP/BP) to obtain the threshold if 16-bit fixed-points are
used, which is negligible compared with 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖.
The threshold is sent to the on-chip-to-off-chip interface.
When the kernel weights are updated, the mask bit of those
under the threshold will be set to 1. These pruned weights will
not be loaded into the filter buffer in the following iterations.

5. EVALUATION
This section evaluates EP’s performance in the algorithm
and compute layers respectively and explore the overall
benefits of our system. EP is applied to eight popular
networks, LeNet(LN)[30], AlexNet(AN)[18], GooLeNet
(GLN)[8], NIN[31], Resnet-32(R32), Resnet-50(R50)[32],
Finetuning(FT)[33] and LSTM[34] (1024 memory cells), on
different datasets in Table 5. FT is a case of transfer learning,
where CaffeNet[35] is first trained on all the non-animal
samples in ImageNet and then finetuned on animal samples.
5.1 Algorithm Validation
We modify Caffe[35] and Kaldi[36] to implement the
algorithm for EP in the CNN and RNN training respectively.
The networks are trained on the training datasets and
validated on the validation datasets. EP is applied to only
convolution layers in CNNs because more than 90% of the
computation comes from these layers[27]. In LSTM, EP is
applied to all the weight matrices. The results are listed in
Table 5. On average, the algorithm compresses the models by
2.57x and reduces 40% training computation while
maintaining the original accuracy. The accuracy of traditional
training only achieves 95% of that of EP within the same time.
To distinguish our work (Figure 1(e)) from the traditional
pruning method (Figure 1(b)), Figure 18 depicts the accuracy
and remaining weight ratio in the process of training AlexNet
using EP (green lines) and the traditional pruning which
prunes after the original training iterations (orange lines). The

4.5 EP Controller
The EP controller in Figure 13 connects to the output buffer
to fulfill the algorithm for EP. It activates pruning according
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Table 5. Algorithm Validation

BS: batch size, 𝑷𝑷𝒏𝒏𝒎𝒎𝒎𝒎𝒎𝒎 : 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚𝑚𝑚 , 𝒑𝒑𝒑𝒑: 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖, original: the accuracy of the original
training without pruning, baseline: the accuracy achieved by the traditional training when EP training
finishes, CR: the rate that the model is compressed with EP, RC: the ratio of computation reduced
during training. *Phone recognition accuracy.
NetDataset
Training Hyperparameters
Validation Accuracy(%) CR RC(%)
work
Iterations BS 𝑷𝑷𝒏𝒏𝒎𝒎𝒎𝒎𝒎𝒎
𝑷𝑷𝑷𝑷 Original EP Baseline
AN
ImageNet[1] 4.5 × 105 256 29,358 4,500 57.01 57.00 55.48 2.61x 41.19
GLN
ImageNet
5 × 106 32 120,076 100,000 65.70 64.72 62.80 3.43x 43.25
NIN
ImageNet 4.5 × 105 64 128,443 4,500 58.76 57.60 54.82 1.56x 26.87
R50
ImageNet 2.4 × 106 32 281,459 24,000 72.99 72.72 69.61 2.37x 40.13
LN
MNIST[30] 1 × 104 64
80
200
99.18 99.05 98.76 1.85x 38.06
R32
Cifar10[52] 1 × 105 128 6,122 1,000 91.67 91.80 87.22 2.98x 44.86
FT
Animals
2.5 × 105 256 29,358 2,500 65.83 65.53 63.97 2.14x 34.63
LSTM TIMIT[53] 4 × 105 32 52,072 4,000 79.95* 78.24* 70.80* 3.58x 52.40

Figure 18. Training Process of EP

Table 6. Utilization of FPGA Resource

time axis is normalized to the time to complete baseline
training without pruning. As shown, EP accomplishes
training and produces a compressed model in less than 70%
of the original training time, while traditional pruning starts
at the 100% training time and takes more than 110% in total.

Resource
Usage
Available

5.2 Architecture Configuration
Our architecture design is prototyped on an Xilinx
VCU118 Evaluation board which includes two sets of five
512MB DDR4 SDRAM and an Xilinx UltraScale+ XCVU9P
FPGA. The system runs at 200MHz and the data precision
implemented is 16-bit.
To alleviate the indexing overhead, the resources are
evenly partitioned into four sub-systems to calculate four
groups of input feature maps. In the experiment, we notice
that although the number of pruned weights differs between
different kernels, the total number of pruned weights of an
input channel is balanced. Therefore, the sub-systems will
finish the work synchronously.
In each sub-system, four 1.5MB dual-port buffers are
utilized to store inputs, filters, outputs and indices, each
supporting a peak data access of 64B per cycle. The input
pool of a sub-system contains 8 × 8 elements to hold the
input windows. Each sub-system has 512 PEs and 32 output
collectors. The resource utilization of our design is listed in
Table 6 and the total dynamic on-chip power is 7.3W.
EP is compared with five state-of-the-art DNN accelerators,
FlexFlow(FF)[24], Cambricon-X(CX)[26], SCNN[27],
ScaleDeep(SD)[28] and ESE[37]. Each layer of the eight
networks is mapped to the prototype architectures
individually. Note that all the designs use at least 2048 DSPs
as their PEs and the same data buffers as in our design.
FF has 64 rows, each with 32 PEs computing for one output.
Output feature maps and the outputs within each feature map
are unrolled vertically. The input feature maps and the filters
are unrolled horizontally. We try a wide range of the
unrolling factors from 1 to 64 and count the cycles needed to
complete each layer under different unrolling policies. To
boost performance, FF is applied with per layer optimization,
i.e. we sum up the fewest cycles to complete each layer
among all the unrolling policies.
The 16 × 16 PE array in the original CX design is
duplicated by 8, resulting in 128 rows of PEs. 16 PEs in a row
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LUT
733,450
1,182,240

Flip-Flop
289,879
2,364,480

Block RAM
1,539
1,800

DSP
2,064
6,840

serve one output. A 16 × 16 input pool is applied for input
indexing as in our design. The unrolling policy and dataflow
of the implemented CX is also similar as our design in the
three training phases. The difference is that CX assigns a
fixed number of 16 PEs to each output.
SCNN is made up of 128 tiles, each unrolling 4 non-zero
inputs and 4 non-zero filter weights. Since the buffer provides
at most 128 weights and each tile consumes 4 weights at a
time, the tiles are divided into 32 groups and those within
each group share the weights spatially. The inputs of each
group are stationary until all the Cartesian products are
useless. Then the new inputs are fed in and weights are
fetched from the beginning again. The input sparsity is not
considered in EP but SCNN is outstanding for its ability to
skip zeros in both weights and inputs. Therefore, we multiply
the performance of SCNN by 2 to estimate the real speedups.
SD has 6 rows and 4 columns of CompHeavy tiles (CHT).
Each CHT consists of 8 × 3 4-lane 2D-PE arrays. The
function of MemHeavy tiles (MHT) in convolution is
realized by an array of accumulators connected to the outputs
of CHTs. As discussed in [28], the 2D-PE with 4 lanes are
split into four 1-lane PEs for the fully connected layers in
FP/BP. Fully connected layers in the KU phase is performed
by the MHT. An array of 128 multipliers is applied, which is
determined by the buffer bandwidth.
ESE is evaluated on LSTM only. As mentioned in Section
2.1, the operations in LSTM are indeed the same as in fully
connected layers. Since each weight is used by only one
output, a new weight is loaded by each PE in every cycle. In
this case, the number of PEs is determined by the bandwidth
of the filter buffer, which is 128 in our design. Therefore,
ESE is deployed with 16 channels and each channel has 8 PEs.
When comparing to ESE, the other models also use 128 PEs.
5.3 Accelerator Performance
We first evaluate the performance on one iteration of dense
and sparse inference and training. Figures 19 and 20 show the
results on inference and training respectively. The ideal cases
refer to the performance when all the PEs work without

(a) Dense Inference

(b) Sparse Inference

Figure 19. Performance on Inference

(a) Dense Training

(b) Sparse Training

Figure 20. Performance on Training

Figure 22. Overall Benefits

Figure 21. Training Breakdown

idleness. The bars are normalized to the ideal case of dense
computation. CGM is the geometric mean of the CNNs.
Inference Figures 19(a) and (b) illustrate the performance
on dense and sparse inference. SCNN (0.88x and 1.72x on
dense and sparse inference) and our design (0.84x and 1.86x)
have the best and similar average performance. Our design
does not perform well on LN because LN has only one input
feature map so only one of the four sub-systems is busy at the
first layer. The performance of SCNN on AN, NIN and R32
are not as high as the other cases because they contain more
layers where inputs are significantly larger than outputs.
Training Figures 20(a) and (b) show the average speedup
on one iteration of training without and with EP algorithm
respectively. Figure 21 presents the speedup breakdown on
the three phases when training GLN with EP. As discussed in
Section 4.1, the utilization of SCNN and SD in KU is very
low due to the great gap between the size of inputs and
outputs. Therefore, the training speedup of SCNN and SD is
dominated by KU, which is nearly 0 (0.05x and 0.03x) in
Figure 21. Consequently, their speedups on training are
negligible compared with other accelerators. Our design
gains the highest speedup on training. The edge over the
others is even more conspicuous in the sparse training thanks
to the flexible connections. In Figure 20(b), our architecture
for EP is the only one with > 1 speedup (1.19x CGM).
The difference in the performance of different accelerators
on LSTM is not as obvious as CNNs because there is
abundant parallelism but the number of PEs is limited by the
filter buffer bandwidth.

Figure 23. Energy Efficiency

average of 1.91x and 2.25x speedup over CX and FF
respectively. We found that SCNN works the best in FP/BP
and CX works the best in KU. If a hybrid architecture of
SCNN and CX is applied to train by pipelining each phase,
EP still wins by 1.51x.
5.5 Energy Efficiency
To evaluate the energy efficiency of EP, we train the
networks from scratch without pruning on CX and three
GPUs. The GPUs are selected from three generations of
Nvidia, Tesla K20c (Kepler), Geforce GTX Titan X
(Maxwell) and Tesla P100-16GB (Pascal). All the
implementations use the same training batch size and
iterations as listed in Table 5. P100 is evaluated in both the
single-precision and half-precision modes. The power of each
implementation is measured using WattsUp[38]. In Figure 23,
the performance/power value is normalized to K20. GPUs
can efficiently process large networks with big batch sizes,
e.g. AN and FT. However, their energy efficiency on LN and
R32 is not good as the utilization is low. They also perform
better on LSTM due to sufficient memory and bandwidth. On
average, our design achieves 1.46x, 3.10x, 6.17x and 9.66x
energy-efficiency over CX, P100, GTX and K20.
Figure 24 shows the potential ability of EP, CX and P100
(half-precision) to satisfy the latency requirements of diverse
applications[3]–[5], [39], [40] on different platforms. The
power budgets vary from several to thousands of watts on
mobile, IoT, desktop and datacenter devices. The high-power
GPUs cannot be deployed to mobile ends and IoT nodes.

5.4 Overall Benefits
To further investigate the overall benefits brought by our
proposed algorithm and architecture support for EP, Figure
22 shows the end-to-end speedup of Eager Pruning system
over the dense training on other architectures. The
combination of our EP algorithm and accelerator achieves an
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between PEs to exploit data reuse. This makes them unable
to handle irregular computation patterns in sparse DNNs. [23],
[37] skip arbitrary zeros in filters but are only proposed to
accelerate fully connected layers. [24]–[26] eliminate some
data paths between PEs to allow higher flexibility but still
result in resource underutilization because the unrolling scale
is fixed while the workloads of EP are imbalanced. [27] skips
all the zeros in both filter weights and inputs but its dataflow
is inefficient in KU. [48] also proposes a flexible adder tree
but it cannot be reconfigured in real time and the dataflow to
perform different phases in sparse training is unclear.
For DNN training, [28] is not equipped with computation
skipping function and adopts dataflow which is not efficient
for KU. [49], [50] target on memory optimization during
training and [51] is proposed to alleviate the overhead of
distributed DNN training.

Figure 24. Application Latency on Various Platforms

The mobile ends are used to perform simple tasks where
the dataset is small or the required accuracy is low. We use
the latency to train LN on MNIST to represent this kind of
applications. IoT nodes are usually adopted for detecting a
subset of objects. In this case, the accuracy needs to be
guaranteed although the training data and time are limited.
The most suitable example is R32 on Cifar10. R50 is trained
on ImageNet on desktop and datacenter devices to obtain
high accuracy on extreme large datasets. In Figure 24, EP
overlaps with all the bubbles while CX and the GPU cannot
meet the requirements of time-sensitive application. For
example, users may abandon the app to transfer images into
a customized art style in more than 30 seconds[41] but CX
can only finish the training in 60 seconds. In a datacenter,
only our design can learn a model on the latest news in one
night (8 hours). As for applications which can be run by all
the implementations, EP meets the latency requirement with
the lowest power budgets. For example, EP can learn a cancer
detection model in 7 days with less than 150 watts and train
a model for fraud detection in 24 hours with less than 1500
watts. By comparing the four platforms, it can be concluded
that EP brings the most value to applications with high
latency requirement but low power budget.

7. CONCLUSIONS
Eager Pruning is an algorithm and architecture co-design
for fast training of DNNs. Based on the observation that the
ranking of the significance of the weights changes slightly
during training, we propose to move pruning to an earlier
stage to reduce training computation. To transform the
reduced computation into performance improvement, we also
propose a DRACT-based architecture to support Eager
Pruning. Thanks to the high energy-efficiency, Eager Pruning
shows great potential in enabling applications with high
latency requirement and limited power budget.
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