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Abstract—It is imperative to accelerate convolutional neural 
networks (CNNs) due to their ever-widening application areas from 
server, mobile to IoT devices. Based on the fact that CNNs can be 
characterized by a significant amount of zero values in both kernel 
weights and activations, we propose a novel hardware accelerator 
for CNNs exploiting zero weights and activations. We also report a 
zero-induced load imbalance problem, which exists in zero-aware 
parallel CNN hardware architectures, and present a zero-aware 
kernel allocation as a solution. According to our experiments with 
a cycle-accurate simulation model, RTL, and layout design of the 
proposed architecture running two real deep CNNs, pruned 
AlexNet [1] and VGG-16 [2], our architecture offers 4x/1.8x 
(AlexNet) and 5.2x/2.1x (VGG-16) speedup compared with state-of-
the-art zero-agnostic/zero-activation-aware architectures. 

Keywords—Convolutional neural network, accelerator, zero 
value, kernel, activation. 

I. INTRODUCTION 

Deep neural networks are ubiquitous in computer vision [1-

7], natural language processing [8], and speech recognition [9]. 

Specifically, convolutional neural networks (CNNs) show an un-

precedented level of accuracy for various vision tasks from image 

classification and segmentation to object detection. The superior 

accuracy of CNNs is mainly achieved by deep convolutional lay-

ers. However, as the convolutional layers of CNNs become 

deeper to achieve higher accuracy (e.g., GoogLeNet [3], ResNet 

[7], etc.), the portion of convolutions in total execution time has 

continuously increased, thereby dominating the total execution 

time of a CNN [10]. Thus, in order to apply CNNs to high per-

formance, real-time or embedded systems, it is imperative to op-

timize the performance and energy consumption of convolution 

operations. 

In a CNN, each convolutional layer takes three-dimensional 

data as input (called input activation), performs convolution re-

quiring a large number of multiplications between kernel weights 

and input activations, and applies a non-linear activation function 

(e.g., rectified linear unit (ReLU) [1]) to the sum of multiplication 

results, resulting in three-dimensional output data (called output 
feature maps or channels). Typically, producing one value in the 

three-dimensional output requires ~103 multiplications and addi-

tions. Thus, reducing the amount of multiplications and additions 

is the key to realize fast convolution. 

As a solution to high computation overheads of multiplication 

and addition, recent researches observed that a significant portion 

of kernel weights and input activations in a convolutional layer 

are zero [11, 12] and they can be leveraged to reduce the amount 

of computation. Table I shows the ratio of zero weights and acti-

vations in a representative CNN, AlexNet [1].1 The abundance 

of zero weights and input activations is due to the following two 

reasons. First, pruning techniques [11] increase the portion of 

zero weights without losing the quality of CNN result. Second, 

                                                           
1 We obtained the ratio of zero activations by applying 100 randomly se-

lected images from ImageNet validation set to the pruned AlexNet. 

TABLE I 

ZERO WEIGHT/ACTIVATION RATIO OF ALEXNET [1] 

Layer Zero Weight [%] Zero Activation [%] 
conv1 15.7 0 

conv2 62.1 50.9 

conv3 65.4 76.3 

conv4 62.8 61.8 

conv5 63.1 59.0 

input activation is usually produced by the ReLU function, which 

returns zero for any negative input value [1]. 

In this paper, we propose a novel hardware architecture for 

accelerating convolution operations. It aims at exploiting zero 

values in both kernel weights and input activations in order to 

reduce the runtime and energy consumption of convolution. 

Compared with existing hardware accelerators, which are una-

ware of zero values [14-16] or utilize only one type of zero values 

(e.g., zero activation [12, 13]), the proposed architecture can pro-

vide higher performance and lower energy consumption. This pa-

per makes the following contributions: 

� The proposed architecture is the first hardware accelerator 

that skips ineffectual computation caused by both zero 
weights and activations to improve the performance and en-

ergy consumption of convolutional layers of CNNs. 

� We identify zero-induced load imbalance, a new problem that 

prevents us from achieving the full parallelism of convolution 

in a zero-aware CNN hardware architecture consisting of par-

allel processing elements. In order to mitigate this problem, 

we propose a method called zero-aware kernel allocation. 

� We evaluate our proposed architecture with real deep CNNs, 

AlexNet [1] and VGG-16 [2], based on the synthesized chip 

layout of the hardware accelerator as well as our in-house cy-

cle-accurate architecture model. 

This paper is organized as follows. Section II reviews related 

work. Section III explains our basic idea. Section IV describes 

our proposed architecture. Section V presents the zero-aware 

kernel allocation method. Section VI reports experimental re-

sults and analysis. Section VII concludes the paper. 

II. RELATED WORK 

Han et al. [11] report that the majority of kernel weights (by 

up to 66.5% and 66.8% in AlexNet and VGG-16, respectively) 

of convolutional layers can be pruned. CNNs can be accelerated 

by skipping ineffectual computations associated with either zero 

weights or zero activations. In terms of exploiting zero values, 

previous approaches are classified into zero-agnostic ones [14-

16] or partially zero-aware ones [12, 13, 17]. 

DianNao [14], DaDianNao [15] and ShiDianNao [16] accel-

erate CNNs utilizing regular data access patterns and computa-

tion structures of CNNs. These accelerators focus on accelerating 

dense models. Thus, they exploit wide SIMD-like architectures 
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to achieve high parallelism. However, such a synchronously par-

allel execution prevents us from utilizing zero data for perfor-

mance improvement. 

Eyeriss [13] is a CNN accelerator exploiting zero activations 

to save power. It clock-gates computation path and local buffer 

when zero activation is detected. However, in order to accumu-

late partial sums from neighbor processing elements (PEs), it per-

forms convolutions in a synchronous manner, and thus, cannot 

exploit zero values for performance improvement. 

Cnvlutin [12] decouples the parallel lanes of DaDianNao [15] 

into finer-grain groups to utilize zero activation for skipping 

computations. Thus, it gives runtime reduction proportional to 

the amount of zero activations. However, as will be explained in 

Section III, it cannot exploit abundant zero weights for improving 

performance due to the synchronously parallel execution scheme. 

EIE [17] is a hardware accelerator for sparse matrix-vector 

multiplication (for fully connected layers in a CNN) [11]. It skips 

computation for zero weights thereby improving performance. 

However, it is limited only to matrix-vector multiplication (e.g., 

fully connected layers). Thus, it cannot be utilized for speeding 

up convolution. 

III. BASIC IDEA OF EXPLOITING ZERO VALUES 

We explain our basic idea by comparing a state-of-the-art 

hardware accelerator called Cnvlutin [12] (Fig. 1a) and our zero 

weight/activation-aware architecture (Fig. 1b). Fig. 1 shows how 

the two architectures compute two convolutions,  and 

, in parallel ( : kernel weights, : activations). We as-

sume that each set of kernel weights is associated with an output 

feature map.2 As the result of convolutions, the PE produces the 

(partial) sums of two output feature maps,  and . 

A. Architecture Design 
Cnvlutin aims at saving computation involving zero activa-

tions. As the example in Fig. 1a shows, the PE utilizes the same 

activation data ( ) for computing two parallel convolutions 

with two different sets of kernel weights. Thus, multiplications 

and accumulations associated with zero activations can be 

skipped in those two convolutions in a synchronous manner. The 

effect of exploiting zero activations is illustrated in Fig. 1a, 

where the solid region in the rectangle of activation represents 

the amount of non-zero activations. Cnvlutin skips multiplica-

tions and accumulations associated with zero activations (la-

beled by ‘skip’), and thus, its execution time is proportional to 

the amount of non-zero activations. 

However, the design of Cnvlutin misses the opportunity to 

exploit zero weights for further reduction in runtime and energy 

consumption. This is because the activation is shared by the two 

convolutions, and thus, computation associated with zero 

weights can be skipped only if all the kernel weights are zero at 
the same cycle. Observing all-zero kernel weights in a cycle is 

rare in a typical Cnvlutin configuration, which runs multiple 

(e.g., 16 in [12]) convolutions in a synchronous manner to pro-

vide enough inference performance. 

Fig. 1b illustrates our proposed architecture. Instead of syn-

chronously executing multiple convolutions (which prevents us 

from exploiting both zero weights and activations), each PE of  

                                                           
2 In a convolutional layer, the two-dimensional output called feature map has 

its own set of kernel weights. Thus, each output feature map is produced by con-

volution operations with the associated kernel weights and three-dimensional 

input activations. Note that we use ‘channel’, ‘feature map’, and ‘activation’, 

interchangeably. 

 
Fig. 1. Simplified operation diagram of (a) Cnvlutin [12] and (b) proposed zero 

weight/activation-aware architecture. 

our architecture performs a single convolution. Providing inde-

pendent control to each convolution execution allows each PE 

to individually skip multiplications and accumulations associ-

ated with either zero weights or activations without being lim-

ited by synchronicity. Fig. 1b visualizes the benefit of the pro-

posed approach. As the figure shows, the execution time of our 

architecture is proportional to the intersection of non-zero kernel 

weights and activations. 

B. Zero-Induced Load Imbalance 
Exploiting both zero weights and zero activations introduces 

a new problem to the hardware design, which we call zero-in-
duced load imbalance. As shown in Fig. 1b, PE 1 finishes the 

convolution computation much earlier than PE 0, in which case 

PE 1 has to wait until PE 0 completes its execution, thereby de-

grading the efficiency of the proposed architecture. This load 

imbalance occurs because  has more non-zeros than , and 

thus, PE 0 has more computation to perform than PE 1 for a sin-

gle convolution. In Section V, we propose zero-aware kernel al-
location as a solution to this problem. 

IV. ARCHITECTURE 

A. Architecture Overview 
Fig. 2 shows the top-level design of our architecture, which 

consists of on-chip SRAM, a PE array and a ReLU module. A 

central control module (not shown in the figure for brevity) or-

chestrates the data transfer among the SRAM, the PE array, and 

the ReLU module. Act SRAM stores activations, output partial 

sums, and output feature maps (the final result of a convolutional 

layer), whereas Weight SRAM stores kernel weights. The on-

chip SRAM and the PE array communicate via a global bus. 

ReLU module computes the ReLU activation function3 and gen-

erates non-zero bit vectors of activations. The overall execution 

flow of the proposed architecture can be summarized as follows: 

1. Given a convolutional layer, we first divide the spatial di-

mension4 of activations into work groups (WGs). Each 

WG is assigned to a set of PEs to produce output feature 

maps from input activations in the WG (e.g., PEs grouped 

by a dotted box in Fig. 2 process a WG). 

3 The ReLU module can easily implement other functions, e.g., max pooling, 

batch normalization, etc., at a small additional cost. 
4 Input activation has three dimensions, width (W), height (H) and channel 

(C) as shown in Fig. 3. WGs divide the input activation in the spatial dimension, 

. 
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Fig. 2. Top-level architecture of the proposed zero-aware hardware. 

2. Activations and weights are broadcast from on-chip SRAM 

to PEs. All PEs in a WG receive the same activation (e.g., 

 for PE 0/1 of WG 0 in Fig. 3a), while PEs in different 

WGs but with the same index receive the same weights 

(e.g.,  for PE 0 of WG 0/1 in Fig. 3a). The exact mech-

anism will be explained later in this section. 

3. Based on the activations and weights assigned to each PE, 

PEs calculate the partial sums of convolution and accumu-

late them into the partial sum storage in Act SRAM (arrow 

annotated with ‘ ’ in Fig. 2). 

4. After a PE completes the convolution for an output feature 

map, the convolution result (‘Conv result’ in Fig. 2) is 

transferred to the ReLU module to produce the output of 

the convolutional layer, ‘Output FM’ (feature map) in Fig. 

2, and a non-zero bit vector. Then the final output is stored 

into Act SRAM. 

5. Step 2 to 4 are repeated until all input activations are con-

sumed. 

6. The output feature maps are used as the input activations 

for the next layer in the CNN. 

Note that kernel/activation broadcast and local buffer of PE 

(to be introduced later) are crucial in reducing the traffic be-

tween PEs and Weight/Act SRAM. The following describes the 

details of the above steps based on the example in Fig. 3. 

B. Dataflow and Computation 
As explained previously, a WG is spatial partitioning of ac-

tivations allocated to a set of PEs. Similarly, distributing the 

computation in a WG into PEs is done by dividing a WG into 

multiple subsets (called sub-WG) in the vertical (i.e., channel) 

dimension. Each sub-WG has an associated subset of activations 

(called activation tiles) and weights (called kernel tiles). For ex-

ample, gray boxes in PEs of Fig. 3a represent the current activa-

tion and kernel tiles for each PE. 

Based on this work distribution model, the proposed archi-

tecture computes the entire convolution result of a large convo-

lutional layer by iteratively performing partial convolution with 

activation/kernel tiles. More specifically, 

1. It first computes the partial convolution results for the cur-

rent sub-WG by sliding over the activation tiles. 

2. Then, to start the convolution computation for the next sub-

WG, it slides over the next set of kernel tiles and fetches 

the partial sum from the previous sub-WG. 

Kernel Broadcast. At the beginning of a sub-WG, a subset of 

kernel weights (i.e., kernel tile) associated with the current sub-

WG is fetched into the local buffer of each PE. Since our archi-

tecture determines which kernel tile is stored in the PE based on 

                                                           
5 For instance, 3 3 convolution (stride 1) on two adjacent outputs have 2/3 

of input activations in common. 

the PE index, PEs with the same index share the same kernel tile. 

For example, PE 0 of WG 0/1 stores the same kernel . There-

fore, our architecture broadcasts kernel tiles to all WGs to re-

duce the traffic between Weight SRAM and PEs. 

In order to exploit zero weights, each kernel tile has its own 

non-zero bit vector (i.e., a bit vector that stores the information 

about whether each weight is non-zero or not). The non-zero bit 

vector of kernel weights is pre-computed at design time and is 

stored in Weight SRAM together with the associated kernel 

weights. It is also broadcast to WGs when the kernel weights are 

broadcast. 

Activation Broadcast and Convolution. After the kernel tile 

broadcast, the first activation tile of the current sub-WG is 

broadcast to PEs in the same WG (� in Fig. 3a) because all PEs 

in a WG share the same activation (e.g., PEs in WG 0 receive 

the same activation  in Fig. 3a). In order to exploit zero val-

ues in the activation, each activation tile is also paired with a 

non-zero bit vector, which is computed by the ReLU module 

when the activation (i.e., the output feature map of the previous 

layer) is generated by it (shown as ‘Bitvec’ in Fig. 2). 

After both activation and kernel tiles (and their non-zero bit 

vectors) are received by the PEs, each PE performs convolution 

and produces the partial sum for its associated output feature 

map as a result (e.g., a small solid rectangle in  in Fig. 

3a) (�). The result is stored into a hardware structure called 

Psum buffer in the PE. If the Psum buffer is full, the PEs write 

the partial sums in the buffer to Act SRAM and continue the 

computation. 

After finishing the convolution computation for the current 

activation tile in the current sub-WG, the next activation tile is 

broadcast to the PEs. Since a convolution operation slides over 

the activations, there is an overlap between the next and current 

activation tiles.5 Thus, in order to reduce the data traffic be-

tween Act SRAM and PEs, our architecture broadcasts only the 
difference between the current and the next activation tiles. This 

is illustrated in Fig. 3b where only the difference of the activa-

tion tile, , is broadcast to the PEs of WG 0. 

Moreover, in order to further increase the overlapping be-

tween current and next activation tiles, we adopt a zig-zag order 

in visiting the activation tiles in a WG. After the current activa-

tion tile is processed, we first move the window horizontally to 

the right or left and process the next activation tile. Then, when 

it reaches the horizontal edge of the input activation, we move 

the window down by a stride6 and again move horizontally in 

the opposite direction in a zigzag fashion to choose the next ac-

tivation tile (� in Fig. 3b). 

Processing the Next Sub-WG. After finishing convolution for 

the current sub-WG, the PEs are configured to process the next 

sub-WG. For this purpose, they first receive new kernel tiles via 

broadcast (already explained in ‘Kernel Broadcast’). They also 

receive the partial sums that are associated with the current acti-

vation tiles and are from the previous sub-WG. Then, the PEs 

perform convolution for the new sub-WG by using the same pro-

cedure explained above. 

Processing the Next Set of Output Feature Maps. After fin-

ishing convolution for all sub-WGs in the current WG, the final 

convolution result is transferred to the ReLU module, whose re-

sult (i.e., a set of output feature maps) is stored into Act SRAM. 

6 The stride is specified in the convolutional layer. Typically, stride 1 or 2 is 

utilized. 
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Then, the PEs start convolution for the next set of output feature 

maps associated with its WG. This process continues until all 

output feature maps are processed. 

C. Zero-aware PE Architecture 
Fig. 4 shows the microarchitecture of a zero-aware PE. Each 

PE is composed of a fetch controller, data path, and three local 

buffers (Act buffer, Weight buffer and Psum buffer). The fetch 

controller receives activations/weights and their associated non-

zero bit vectors from Act/Weight SRAM. As illustrated in Fig. 

4, it performs a logical AND operation of the two non-zero bit 

vectors to compute the indices of Act and Weight buffers where 

both activation and weight are non-zero. Then, it determines 

which entries to read from the Act and Weight buffers at each 

cycle (  and  in Fig. 4). This allows us to skip 

the multiplications whose results will be zero (i.e., due to either 

zero activation or zero weight). In terms of the data path, we 

implemented two flavors of a zero-aware hardware accelerator 

by applying different reduced precision schemes: 16-bit fixed 

point and 5-bit logarithmic quantization (LogQuant) [18]. 

Fig. 4 shows the data path of a zero-aware PE based on 

LogQuant. The PE has a 3-stage pipeline (fetch, computation, 

and write stages) and its data path consists of a shifter and an 

accumulator. For the current non-zero activation a and weight w 

(pointed by  in the figure), a is shifted by the amount 

of  since the weight is quantized by a log scale (i.e., 

). For the 16-bit fixed point implementation 

(explained in Section VI), the PE has a 4-stage pipeline to meet 

the clock frequency constraint. 

V. ZERO-AWARE KERNEL ALLOCATION 

Each PE in the WG contains a distinct set of kernel weights, 

which causes them to have different amounts of zero weights. 

Thus, in a single WG, some PEs can finish computation later 

than the others in the zero weight/activation-aware architecture, 

even though all PEs in the WG perform convolutions with the 

same activations. We call this type of load imbalance problem 

zero-induced load imbalance. In order to mitigate this problem, 

we propose allocating kernel weights to PEs in a zero-aware 

manner. Typically, kernel weights are allocated to PEs based on 

the kernel index, e.g., kernel 0 is allocated to PE 0 in the WG. 

Our idea is that, given a convolutional layer, (1) we first sort all  

 

 
Fig. 4. Microarchitecture of the proposed zero-aware PE. 

the sets of kernel weights based on the number of non-zero 

weights in the sets, and (2) allocate sets of kernel weights to PEs 

in the sorted order. 

Fig. 5 illustrates the problem and our solution in the case of 

the third convolutional layer (conv3) of pruned AlexNet (see 

Section VI for more details of pruned AlexNet). For simplicity, 

we selected, from conv3, a WG covering 384 kernel tiles (size 

of 3x3x14). We assume that 40 PEs are allocated to the WG. 

Thus, the WG has 10 ( ) sub-WGs. 40 PEs perform 

convolution on a sub-WG (i.e., for 40 kernel tiles) and proceed 

to the next sub-WG. This process continues until the convolution 

of 10th sub-WG (with 24 kernels tiles) is completed. 

Fig. 5a shows the ratio of non-zero weights per kernel tile. 

In the figure, each narrow bar corresponds to a kernel tile. In Fig. 

5a, every 40 kernel tiles are allocated to a sub-WG based on the 

kernel index. As the figure shows, there are significant varia-

tions in the ratio of non-zero kernel weights in a single sub-WG. 

The runtime of a sub-WG is determined by the PE having the 

longest runtime. Thus, the PE with the largest ratio of non-zero 

kernel weights (pointed by arrows) determines the runtime of 

each sub-WG. 

Fig. 5b shows the result of the zero-aware kernel allocation. 

In this case, the kernel tiles are sorted in the ascending order of 

non-zero weight ratio. Then, the kernel tiles are allocated to sub-

WGs in the sorted order. Thus, as the figure shows, each sub-

WG has a more uniform distribution of non-zero weight ratio, 

thereby enabling better load balance among PEs in the same 

sub-WG. Note that the load imbalance between sub-WGs does 

Act non-zero bit vector

Act buffer

1 1 0 0 1

0 1 0 1 1
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Fig. 3. Broadcast and computation procedures of the proposed architecture. (a) Basic kernel broadcast, activation broadcast, and computation method of the proposed 

architecture. (b) Activation broadcast and computation order of the proposed architecture. 
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Fig. 5. Non-zero weight ratio of 384 kernel tiles (size of 3×3×14) of conv3 layer 

in the pruned AlexNet. Dotted vertical lines split sub-WGs. (a) Non-zero weight 

ratio before zero-aware kernel allocation is applied. (b) Non-zero weight ratio 

after zero-aware kernel allocation is applied. 
not incur performance loss since at any instant only one sub-WG 

is processed in this example. 

In the proposed architecture, the number of PEs allocated to 

the WG affects (1) zero-aware kernel allocation and (2) the effi-

ciency of broadcast. In our experiments, for each convolutional 

layer, we determined the number of PEs allocated to the WG by 

sweeping the number of PEs and finding the one with the largest 

speedup during design time. 

VI. EVALUATION 

A. Evaluation Methodology 
We developed RTL implementations of the baseline (Eyeriss 

[13]) and two flavors of our architecture, including 16-bit fixed-

point based (which we call FIXEDPOINT) and LogQuant [18] 

based (5-bit activations and 5-bit weights, which we call 

LOGQUANT) ones, to measure the area, power, and critical path 

delay. For fast performance evaluation, we also implemented an 

in-house cycle-accurate model of our architecture. We used Syn-

opsys Design Compiler under the TSMC 65nm library to syn-

thesize the RTL designs and obtained the chip layout (1.53/1.66/

1.63mm2 for the baseline/FIXEDPOINT/LOGQUANT) using Syn-

opsys Astro. We used PrimeTime PX for power estimation and 

CACTI v6.0 [19] for modeling SRAM energy/area. 

We performed iso-area comparisons (taking both on-chip 

SRAM and logic area into account) between the baseline (Eyer-

iss) and our proposed architectures. Table II gives the details of 

architectural configuration. Our architectures adopt 11�15 and 

8�45 PE arrays for FIXEDPOINT and LOGQUANT, respectively. 

The bus width of all designs is fixed to 512 bits. Operating clock 

frequency is 200MHz. Due to control logics and registers for 

supporting zero-aware computation skipping, FIXEDPOINT and 

LOGQUANT have the area overhead of 8.5% and 6.9%, respec-

tively, compared to the baseline. 

Comparison between the baseline and our architecture can 

be complicated when off-chip memory traffic is involved. Thus, 

in order to focus on comparing the on-chip architectures, we se-

lected the size of on-chip SRAM to be large enough to store all 

the input and output data of a convolutional layer (see Table II). 

Thus, during the execution of a convolutional layer, there is no 

access to the off-chip memory. When smaller on-chip SRAM (of 

the same size for both architectures) is used, both architectures 

will suffer from the same amount of performance/energy over-

head from off-chip memory access. 

 

 

 

                                                           
7 The authors of [11] provided us with the pruned AlexNet. However, their 

pruned VGG-16 model was not publicly available due to confidentiality. 

TABLE II 

ARCHITECTURAL CONFIGURATION  

OF PROPOSED ARCHITECTURE AND BASELINE 

 
 Eyeriss [13] Proposed 

(FIXEDPOINT) 
Proposed 

(LOGQUANT [18]) 
# PEs 168 165 (11 15) 360 (8 45) 

Precision 16-bit fixed 16-bit fixed 5-bit LogQuant 

Local 
buffer 

(per PE) 

Act 
12 16b 

REG 

121 16b 

SRAM 

121 5b 

SRAM 

Weight 
225 16b 

SRAM 

121 16b 

SRAM 

121 5b 

SRAM 

Partial 

Sum 

16b 

REG 

16 16b 

REG 

16 11b 

REG 

SRAM 
(AlexNet) 

Act 2.03MB 2.06MB 1.22MB 

Weight 1.65MB 1.75MB 634KB 

SRAM 
(VGG-16) 

Act 12.25MB 12.63MB 6.13MB 

Weight 28.06MB 29.81MB 8.77MB 

TABLE III 

THE NUMBER OF PES IN A WG OF EACH LAYER 

 conv1 conv2 conv3 conv4 conv5  

AlexNet FIXEDPOINT 33 33 55 11 11 

LOGQUANT 32 32 40 24 24 

VGG-16 FIXEDPOINT 33 33 33 77 77 

LOGQUANT 48 48 48 88 48 

We used the pruned model of AlexNet in [11] and a pruned 

version of VGG-16, which was obtained by thresholding kernel 

weights to meet the reported ratio of zero weights in [11].7 We 

obtained the logarithm-based quantization of activations and 

weights for LOGQUANT by following the procedure described in 

[18]. To run AlexNet and VGG-16 on the proposed architecture, 

we allocate PEs to WGs as shown in Table III (also see Section 

V). For instance, in conv1 in AlexNet, FIXEDPOINT has 5 WGs 

(=165 PEs / 33 PEs), each of which is allocated 33 PEs. 

We use Eyeriss as the zero-agnostic baseline of 16-bit archi-

tecture.8 In order to evaluate the effect of skipping computation 

associated with zero values, we run our accelerator with four 

modes: zero-weight-aware mode (WZ), zero-activation-aware 

mode (AZ), zero-weight- and zero-activation-aware mode 

(WAZ), and WAZ with the zero-aware kernel allocation method 

(WAZ+KA). Note that the zero-activation-aware mode (AZ) 

corresponds to the idea of Cnvlutin [12]. 

B. Experimental Results 
Fig. 6 shows the speedup of the proposed architecture 

(FIXEDPOINT) over the baseline (16-bit Eyeriss) for the execu-

tion of all convolutional layers in AlexNet and VGG-16. Our 

proposed architecture (WAZ+KA) achieves 4x and 5.2x 

speedup in AlexNet and VGG-16, respectively. The figure also 

shows the effect of WZ and AZ separately. In both AlexNet and 

VGG-16, the zero-activation-aware method (AZ) shows higher 

performance improvement than the zero-weight-aware method 

(WZ) due to the zero-induced load imbalance problem in WZ. 

Zero-aware kernel allocation mitigates such a problem and gives 

a 19.6% additional gain (w.r.t. WAZ) in AlexNet (25.8% in 

VGG-16). Compared with the zero-activation-aware method 

(AZ) like Cnvlutin, our architecture (WAZ+KA) gives 1.8x and 

2.1x speedup in AlexNet and VGG-16, respectively. 

Although Eyeriss cannot skip computations associated with 

zero values (i.e., no performance improvement), it can save en-

ergy by clock-gating computation units when activation is zero. 

Compared with Eyeriss, the proposed architecture (WAZ+KA) 

8 Eyeriss exploits zero values to reduce off-chip memory traffic by compres-

sion and clock-gate computation units for energy reduction. 
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Fig. 6. Speedup of our architecture (FIXEDPOINT) in AlexNet and VGG-16. 

achieves higher energy reduction since it exploits both zero 

weights and zero activations to skip the operation of local buffer 

and logic. Thus, as Fig. 7 shows, the proposed architecture 

(WAZ+KA) reduces overall energy by 11.3% (in AlexNet) com-

pared to the baseline. Note that the total energy consumption of 

WAZ+KA in the figure includes additional SRAM energy con-

sumption (4.1% of SRAM energy) due to non-zero bit vectors. 

Fig. 7 shows that the proposed architecture consumes lower 

SRAM energy than the baseline in VGG-16. There are two rea-

sons. First, our architecture accesses SRAM less frequently (by 

5.8%) than the baseline. This is because the proposed architec-

ture allocates more PEs to a WG in VGG-16 (than in AlexNet), 

especially, for conv4 and conv5 layers, as shown in Table III. 

This improves the efficiency of broadcast (i.e., the ratio of data 

reuses), which is proportional to the number of PEs in the WG. 

Second, VGG-16 requires larger on-chip SRAM than AlexNet 

(Table II), which makes leakage power consumption of on-chip 

SRAM more dominant. Since the leakage energy consumption 

is proportional to the total runtime and the proposed architecture 

achieves higher speedup in VGG-16 than in AlexNet, it con-

sumes lower SRAM energy in VGG-16. 

LOGQUANT (WAZ+KA) achieves 8.3x / 2.1x speedup in 

AlexNet (9.8x / 1.9x speedup in VGG-16) compared to the base-

line (Eyeriss) and our FIXEDPOINT (WAZ+KA), respectively. 

This is because the 5-bit PEs of LOGQUANT replace multipliers 

with shifters and have narrower bit width, leading to 53.6% 

smaller area than FIXEDPOINT. As a result, LOGQUANT contains 

195 more PEs than the 16-bit one, which enables a higher degree 

of parallel execution of convolution. 

As Fig. 8 shows, LOGQUANT gives a 2.9x energy reduction 

over the 16-bit one. This is because (1) smaller on-chip SRAM 

is used to store narrow input/output data (in 5 bits), (2) lower 

traffic to on-chip SRAM (in terms of the total amount of ac-

cessed bits) due to narrow data, and (3) lower traffic to on-chip 

SRAM due to higher efficiency of broadcast over PEs, i.e., 

higher data reuse ratio (= # PEs in a WG). 

VII. CONCLUSION 

In this paper, we presented a novel hardware accelerator for 

CNNs, which utilizes both zero weights and zero activations. 

Existing zero-activation-aware accelerators cannot exploit both 

types of zero values due to the synchronously parallel execution 

of convolution. On the other hand, our architecture runs more 

fine-grained PEs in parallel, but in a less synchronous manner, 

which enables each PE to individually skip computations asso-

ciated with zero weight/activation. We also report a load imbal-

ance problem incurred by the different amounts of non-zero ker-

nel weights on zero-aware PEs and propose zero-aware kernel 

allocation as a solution. Our experiments with two CNNs, 

AlexNet and VGG-16, show that the proposed architecture 

achieves 4x and 5.2x (1.8x and 2.1x) speedup over the existing 

zero-agnostic (zero-activation-aware) architecture, respectively.  

 
Fig. 7. Energy consumption of the baseline and the proposed architecture. 

 
Fig. 8. Energy consumption of FIXEDPOINT and LOGQUANT. 
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