
P1: Going deeper with convolutions (2014) 
Abstract 
We propose a deep convolutional neural network architecture codenamed Inception, which was responsible for setting 
the new state of the art for classification and detection in the ImageNet Large-Scale Visual Recognition Challenge 2014 
(ILSVRC14). The main hallmark of this architecture is the improved utilization of the computing resources inside the 
network. This was achieved by a carefully crafted design that allows for increasing the depth and width of the network 
while keeping the computational budget constant. To optimize quality, the architectural decisions were based on the 
Hebbian principle and the intuition of multi-scale processing. One particular incarnation used in our submission for 
ILSVRC14 is called GoogLeNet, a 22 layers deep network, the quality of which is assessed in the context of 
classification and detection. 

 

P2: Network In Network (2014) 
Abstract 
We propose a novel deep network structure called “Network In Network”(NIN) to enhance model discriminability for 
local patches within the receptive field. The conventional convolutional layer uses linear filters followed by a nonlinear 
activation function to scan the input. Instead, we build micro neural networks with more complex structures to abstract 
the data within the receptive field. We instantiate the micro neural network with a multilayer perceptron, which is a 
potent function approximator. The feature maps are obtained by sliding the micro networks over the input in a similar 
manner as CNN; they are then fed into the next layer. Deep NIN can be implemented by stacking mutiple of the above 
described structure. With enhanced local modeling via the micro network, we are able to utilize global average pooling 
over feature maps in the classification layer, which is easier to interpret and less prone to overfitting than traditional 
fully connected layers. We demonstrated the state-of-the-art classification performances with NIN on CIFAR-10 and 
CIFAR-100, and reasonable performances on SVHN and MNIST datasets. 

 

P3: Deep Residual Learning for Image Recognition (2015) 
Abstract 
Deeper neural networks are more difficult to train. We present a residual learning framework to ease the training of 
networks that are substantially deeper than those used previously. We explicitly reformulate the layers as learning 
residual functions with reference to the layer inputs, instead of learning unreferenced functions. We provide 
comprehensive empirical evidence showing that these residual networks are easier to optimize, and can gain accuracy 
from considerably increased depth. On the ImageNet dataset we evaluate residual nets with a depth of up to 152 layers—
8_ deeper than VGG nets [41] but still having lower complexity. An ensemble of these residual nets achieves 3.57% 
error on the ImageNet test set. This result won the 1st place on the ILSVRC 2015 classification task. We also present 



analysis on CIFAR-10 with 100 and 1000 layers. The depth of representations is of central importance for many visual 
recognition tasks. Solely due to our extremely deep representations, we obtain a 28% relative improvement on the COCO 
object detection dataset. Deep residual nets are foundations of our submissions to ILSVRC & COCO 2015 competitions1, 
where we also won the 1st places on the tasks of ImageNet detection, ImageNet localization, COCO detection, and 
COCO segmentation. 

 
P4: VERY DEEP CONVOLUTIONAL NETWORKS FOR LARGE-SCALE 

IMAGE RECOGNITION (2015) 
Abstract 
In this work we investigate the effect of the convolutional network depth on its accuracy in the large-scale image 
recognition setting. Our main contribution is a thorough evaluation of networks of increasing depth using an architecture 
with very small (3×3) convolution filters, which shows that a significant improvement on the prior-art configurations 

can be achieved by pushing the depth to 16–19 weight layers. These findings were the basis of our ImageNet Challenge 
2014 submission, where our team secured the first and the second places in the localization and classification tracks 
respectively. We also show that our representations generalise well to other datasets, where they achieve state-of-the-art 
results. We have made our two best-performing ConvNet models publicly available to facilitate further research on the 
use of deep visual representations in computer vision. 
 

P5: MobileNets: Efficient Convolutional Neural Networks for Mobile Vision 
Applications (2017) 

Abstract 
We present a class of efficient models called MobileNets for mobile and embedded vision applications. MobileNets are 
based on a streamlined architecture that uses depthwise separable convolutions to build light weight deep neural 
networks. We introduce two simple global hyperparameters that efficiently trade off between latency and accuracy. 
These hyper-parameters allow the model builder to choose the right sized model for their application based on the 
constraints of the problem. We present extensive experiments on resource and accuracy tradeoffs and show strong 
performance compared to other popular models on ImageNet classification. We then demonstrate the effectiveness of 
MobileNets across a wide range of applications and use cases including object detection, finegrain classification, face 
attributes and large scale geo-localization. 

 
P6: Xception: Deep Learning with Depthwise Separable Convolutions (2017) 
Abstract 
We present an interpretation of Inception modules in convolutional neural networks as being an intermediate step in-
between regular convolution and the depthwise separable convolution operation (a depthwise convolution followed by 
a pointwise convolution). In this light, a depthwise separable convolution can be understood as an Inception module 
with a maximally large number of towers. This observation leads us to propose a novel deep convolutional neural 
network architecture inspired by Inception, where Inception modules have been replaced with depthwise separable 
convolutions. We show that this architecture, dubbed Xception, slightly outperforms Inception V3 on the ImageNet 



dataset (which Inception V3 was designed for), and significantly outperforms Inception V3 on a larger image 
classification dataset comprising 350 million images and 17,000 classes. Since the Xception architecture has the same 
number of parameters as Inception V3, the performance gains are not due to increased capacity but rather to a more 
efficient use of model parameters. 

P7: Densely Connected Convolutional Networks (2018) 
Abstract 
Recent work has shown that convolutional networks can be substantially deeper, more accurate, and efficient to train if 
they contain shorter connections between layers close to the input and those close to the output. In this paper, we embrace 
this observation and introduce the Dense Convolutional Network (DenseNet), which connects each layer to every other 
layer in a feed-forward fashion. Whereas traditional convolutional networks with L layers have L connections—one 
between each layer and its subsequent layer—our network has L(L+1) 2 direct connections. For each layer, the feature-
maps of all preceding layers are used as inputs, and its own feature-maps are used as inputs into all subsequent layers. 
DenseNets have several compelling advantages: they alleviate the vanishing-gradient problem, strengthen feature 
propagation, encourage feature reuse, and substantially reduce the number of parameters. We evaluate our proposed 
architecture on four highly competitive object recognition benchmark tasks (CIFAR-10, CIFAR-100, SVHN, and 
ImageNet). DenseNets obtain significant improvements over the state-of-the-art on most of them, whilst requiring less 
computation to achieve high performance. Code and pre-trained models are available at 
https://github.com/liuzhuang13/DenseNet. 
 
 

https://github.com/liuzhuang13/DenseNet

