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Neural Networks in 60’s    

▪ Perceptron

1968, Perceptron, Frank Rosenblat
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“Winter of Artificial Intelligence” Since 70’s    

◼ 1969, Perceptrons: An Introduction to Computational 

Geometry, Marvin Minsky and Seymour Papert
Basic perceptrons were incapable of processing the exclusive-or circuit

Computers did not have enough processing power

◼ Cold winter
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Neural Networks in 80’s    

◼ 1986, Backpropagation algorithm,

Rumelhart
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“Winter of Neural Networks” Since 90’s    

▪ Non-convex    

▪ Need a lot of tricks to play with   

▪ Hard to do theoretical analysis

▪ Overfitting
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The pipeline of machine visual perception
Most  Efforts in

Machine Learning

• Most critical for accuracy

• Most time-consuming in development cycle

• Often hand-craft in practice
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Feature Learning

Deep Learning: learning features from data

Machine Learning



2018/8/10 8

Deep Learning Since 2006   

Neural networks 第三次浪潮
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Revolution on Speech

Slide Courtesy: Geoff Hinton



2018/8/10 10

Race on Image Net (Top 5 Hit Rate)   

72%, 2010

74%, 2011
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The Best system on ImageNet  (by 2012.10)   

- This is a moderate deep model   

- The first two layers are hand-designed   
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Challenge to Deep Learners   

Key questions:

▪What if no hand-craft features at all?

▪What if use much deeper neural networks?

Our chief critic, Jitendra Malik, has said that this

competition is a good test of whether deep

neural networks really do work well for object

recognition.

-- By Geoff Hinton
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Answer from Geoff Hinton， 2012.10   

72%, 2010

74%, 2011

85%, 2012
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The Architecture

● Max-pooling layers follow first, second, and
fifth convolutional layers

● The number of neurons in each layer is given
by 253440, 186624, 64896, 64896, 43264,
4096, 4096, 1000

Slide Courtesy: Geoff Hinton
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The Architecture    

– 7 hidden layers not counting max pooling.

– Early layers are conv., last two layers globally connected.

– Uses rectified linear units every layer.

– Uses competitive normalization to suppress hidden activities.

Slide Courtesy: Geoff Hinton
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VGG ILSVRC 2014
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DenseNet

◼ Gao Huang , Zhuang Liu, etc., Densely Connected Convolutional Networks, CVPR 

2017
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Applications

◼ Digital recognition: MNIST

◼ Machine translation

◼ Image caption
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LeNet5
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Convolution operator

Pooling operator

Kernel size

A multi-layer neural network

Simple ConvNet for MNIST [LeCun 1998]，1993,1994,1995



CNN and Feature Learning

◼ From low level feature to 

high level feature
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路上标识识别
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箭头、斑马线、停车线

、车道线



文本行定位与OCR

◼ 自动确定每个文本行的坐标

◼ 单字识别

◼ 整行识别



其它应用

◼ 超分辨率

◼ 图像分割

◼ 物体检测

◼ …



AlphaGo

◼ 输入：围棋图像

◼ 输出：动作

28



Comments

◼ Concepts are not represented by symbols in our

brain, but by patterns of activation (Connectionism, 

1980’s)
◼ From “Deep Learning” NIPS’2015 Tutorial, Geoff Hinton, Yoshua Bengio & Yann LeCun

29



Sequence to Sequence Learning

with Neural Networks

◼ 实现英语句子到法语句子的翻译

◼ Encoder：一个多层LSTM将英语句子映射为一个
固定长度的特征表达

◼ Decoder：另一个多层LSTM将特征表达解码为目
标法语句子

Figure from: I. Sutskever, O. Vinyals, Q. V. Le, Sequence to sequence 

learning with neural networks, NIPS, 2014



实现细节

◼ 结构采用Softmax输出作为目标词汇的概率表示

◼ Encoder和Decoder是两个不同的LSTM

◼ 深层LSTM性能要好于浅层LSTM，文中采用了四
层LSTM结构

◼ 目标函数



实现细节

◼ 作者发现将英语句子倒序输入可显著提升性能（
BLEU: 25.9 → 30.6）

◼ 这种训练方式可能使得模型更容易建立起输入和
输出的对应关系

◼ BLEU:



实验结果分析



实验结果分析

◼ 模型在较长的句子上仍然取得了不错的效果

◼ Encoder产生的特征向量具有一定的语义信息
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Many supervised learning 

tasks are emerged in dual 

forms, e.g., English-to-

French translation vs. 

French-to-English 

translation. 

Training the models of two 

dual tasks simultaneously

Dual supervised learning 

can improve the practical 

performances of both tasks

Interesting paper



Image Caption

◼ Generate natural language sentence to 

describe image, involving:

◼ Image understanding

◼ language modeling
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Review

◼ Let’s review the model before entering 

experiments

◼ CNN encoder + LSTM decoder

◼ (1)Region-based attention + (2)scene-specific contexts
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Experiment Setup

◼ Datasets:

◼ MSCOCO: 82783, 40504, 40775

◼ Flickr30K: 29000, 1000, 1000

◼ Flickr8K: 6000, 1000, 1000

◼ Each image with 5 human labeled captions
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Example Captions
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Example Captions
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Example Captions

◼ SS helps to give high level scene 

information
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Example Captions

◼ RA better captures details
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Example Captions

◼ Bad cases
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Example Captions

◼ Bad cases
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Evaluation — Turing Test

◼ Given an image and a sentence, can you tell 

whether the sentence is generated by 

machine?

◼ Try: http://bigeye.au.tsinghua.edu.cn:21023/
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bigeye.au.tsinghua.edu.cn:21023/


Evaluation — Human Rating

◼ What do you think of machine sentence, 

compared to human sentence?

◼ Try: http://bigeye.au.tsinghua.edu.cn:20829/

◼ 0: machine not good

◼ 1: equal / machine better
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Results — Turing Test and 

Human Rating
◼ Turing Test: collected 45380 judgements 

from 1900 IP addresses

◼ Human rating: collected 6000 judgements
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Attention Visualization

◼ Brighter parts correspond to larger attention 

weights

◼ Let’s Go!
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Original Image A

brown

cow is

standing

in
the grass



Region-word Matching

◼ Match a word to the region with maximum 

attention
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Our paper

◼ http://arxiv.org/abs/1506.06272

◼ Kun Fu, Junqi Jin, Runpeng Cui, Fei Sha, 

Changshui Zhang. Aligning where to see 

and what to tell: image captioning with 

region-based attention and scene-specific 

contexts. IEEE Transactions on Pattern 

Analysis and Machine Intelligence 

(TPAMI), 2017 

http://arxiv.org/abs/1506.06272


Soft Platform

◼ Caffee: Yangqing Jia

◼ TensorFlow: Google

◼ Caffee2, Torch: FaceBook

◼ Paddle: Baidu

◼ CNTK: MicroSoft
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Challenges?



图像识别

◼ 大量数据

54
大训练样本数据量下的图像分类任务
（图片引自于CIFAR-10数据集）



图像识别

◼ 大量的样本
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图像识别

困难

◼ 样本的获取

◼ 样本的标注

◼ 大数据量的训练

◼ 容易被攻击

◼ …

56



Caltech 101 images



Caltech 256 images
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Li FeiFei CVPR 2009

◼ 80,000 classes, 500-1000 images/class



图像识别

图像获取
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PASCAL Data Set

◼ Complete annotation of all objects

◼ Annotated in one session with written guidelines

Truncated

Object extends 

beyond BB

Occluded

Object is significantly 

occluded within BB

Pose

Facing left

Difficult

Not scored in 

evaluation



Dataset Content

◼ 20 classes: aeroplane, bicycle, boat, bottle, bus, car, cat, chair, 

cow, dining table, dog, horse, motorbike, person, potted plant, 

sheep, train, TV

◼ Real images downloaded from flickr, not filtered for “quality”

• Complex scenes, scale, pose, lighting, occlusion, ...



Examples

Aeroplane

Bus

Bicycle Bird Boat Bottle

Car Cat Chair Cow



Russell, Torralba, Freman, 2005

LabelMe



Leaf  node

Or node

And node

Set 

node

back

seat

leg

chair

Image Example from Lotus Hill, by Zhu 

Songchun



Scene example from Lotus Hill



Scene example from Lotus Hill



– Level of supervision

• Manual segmentation; bounding box; image labels; noisy labels

Labeling

Contains a motorbike



图像识别

样本的标注

◼ 众包（Crowd sourcing）
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图像识别

样本的标注

◼ A few shot 

learning

◼ One shot 

learning

◼ Zero shot 

learning
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图像识别

样本的标注

◼ A few shot learning

◼ One shot learning

◼ Zero shot learning
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图像识别

◼ 容易被攻击

◼ 机器学习的泛化问题

72
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3 Interpretable Machine 
Learning

Neural Networks

Simple ConvNet for MNIST [LeCun 1998]，1993,1994,1995



谢 谢
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