
�!� ���

�����	�����

������� ��������
� ����� ��

�"$#
1



6

6 7 0

:9

12

���
��

:
2

��
��

6 7 5
7%   



RD :ET

�	����
  ) 2
• B

• 9 G

����  13
• M

• B
• ( . %

3

� 

� ������

��������������!



�-�"3���A
;@!?�/ ����%*'�,�

� ��(<���������2$

�
��	�����

86	
�
#>�"��

)=��
71�.���

��������

���&��
�����

�:�59	��

+0�����4

4



������

5



������������
•�����������	��
��

����
����� ��

� ��� ����

����� ��	���


���
6



�"�!��
����
�"�����	����
• �������� ��������

������������

������ �

! =
!#
!$
!%!&

� 

' =
'#
'$
'%

� 

��������

���� ( ���� )

��

!��"	�

7



( )

:

��

! =
!#
!$
!%!&

�	
� '

( =
(#
($
(%

�	
� )

*# = + ,#! + .#
*$ = +(,$*# + .$)

⋮ ⋮
( = ,2*3 + .2

�	
���

,  
.  
+

�� ���

8



/�,���0$'�����
.&%�+/� �!"���#��

/�)�
/
�!��)�	-(

( )  ) 9  

/�)���/
�!��)��*

9A 1



�	�� 1
•

0

�



����

� ����
��

�����
!
(#$, &$)

min+ ∑$ #$ − .+ &$
/

��



�	�������


11



-

•
• B

•

���



���

)

����

)((

13



 ) G

��
������� /9 (   
ne B l o

�	 f k C
fb C P

����� :1 ( (  
B U S

0 8 :

.8 3 :1



 ( 2 3 / /

1 / 1

8
:/

1

(
%

(
((

) )
) %

.3 44 8 .3 44 8 419 17 419 17 241 17 16 17

/ 95



 2

• 3
• ( ( ( 21

2 ./

6

( )
6)



 

(

C
Under review as a conference paper at ICLR 2017

Figure 1: Top1 vs. network. Single-crop top-1 vali-
dation accuracies for top scoring single-model archi-
tectures. We introduce with this chart our choice of
colour scheme, which will be used throughout this
publication to distinguish effectively different archi-
tectures and their correspondent authors. Notice that
networks of the same group share the same hue, for
example ResNet are all variations of pink.

Figure 2: Top1 vs. operations, size / parameters.

Top-1 one-crop accuracy versus amount of operations
required for a single forward pass. The size of the
blobs is proportional to the number of network pa-
rameters; a legend is reported in the bottom right cor-
ner, spanning from 5⇥10

6 to 155⇥10
6 params. Both

these figures share the same y-axis, and the grey dots
highlight the centre of the blobs.

single run of VGG-161 (Simonyan & Zisserman, 2014) and GoogLeNet (Szegedy et al., 2014) are
8.70% and 10.07% respectively, revealing that VGG-16 performs better than GoogLeNet. When
models are run with 10-crop sampling,2 then the errors become 9.33% and 9.15% respectively, and
therefore VGG-16 will perform worse than GoogLeNet, using a single central-crop. For this reason,
we decided to base our analysis on re-evaluations of top-1 accuracies3 for all networks with a single
central-crop sampling technique (Zagoruyko, 2016).

For inference time and memory usage measurements we have used Torch7 (Collobert et al., 2011)
with cuDNN-v5 (Chetlur et al., 2014) and CUDA-v8 back-end. All experiments were conducted on
a JetPack-2.3 NVIDIA Jetson TX1 board (nVIDIA): an embedded visual computing system with
a 64-bit ARM R� A57 CPU, a 1 T-Flop/s 256-core NVIDIA Maxwell GPU and 4 GB LPDDR4
of shared RAM. We use this resource-limited device to better underline the differences between
network architecture, but similar results can be obtained on most recent GPUs, such as the NVIDIA
K40 or Titan X, to name a few. Operation counts were obtained using an open-source tool that we
developed (Paszke, 2016). For measuring the power consumption, a Keysight 1146B Hall effect
current probe has been used with a Keysight MSO-X 2024A 200MHz digital oscilloscope with a
sampling period of 2 s and 50 kSa/s sample rate. The system was powered by a Keysight E3645A
GPIB controlled DC power supply.

3 RESULTS

In this section we report our results and comparisons. We analysed the following DDNs: AlexNet
(Krizhevsky et al., 2012), batch normalised AlexNet (Zagoruyko, 2016), batch normalised Network
In Network (NIN) (Lin et al., 2013), ENet (Paszke et al., 2016) for ImageNet (Culurciello, 2016),
GoogLeNet (Szegedy et al., 2014), VGG-16 and -19 (Simonyan & Zisserman, 2014), ResNet-18,
-34, -50, -101 and -152 (He et al., 2015), Inception-v3 (Szegedy et al., 2015) and Inception-v4
(Szegedy et al., 2016) since they obtained the highest performance, in these four years, on the
ImageNet (Russakovsky et al., 2015) challenge.

1 In the original paper this network is called VGG-D, which is the best performing network. Here we prefer
to highlight the number of layer utilised, so we will call it VGG-16 in this publication.

2 From a given image multiple patches are extracted: four corners plus central crop and their horizontal
mirrored twins.

3 Accuracy and error rate always sum to 100, therefore in this paper they are used interchangeably.
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