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以LFW为代表的人脸识别
基准实验精度接近饱和
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人脸识别：研究背景

深度学习提供了LFW的较好
的解决方案



国际权威LFW评测是什么？

LFW：6000道判断题（3000是+3000非）
产业界最高准确率99.8%



新的人脸识别评价方法
国际学术界的出题思路

• 把验证问题（判断题）变成识别问题（选择题）
• 增加选择题的选项数量（Megaface: 百万级选项）

我们的出题思路
• 不改变评价规则和数据规模
• 出难题：增加肯定题和否定题的难度



人脸识别：众包相似脸选择

采用主流深度学习
方法选择潜在相似
度较高的人脸对

百万级
的三元
组“相
对相似
度”众
包标注

三元组划分为二
元组

每个fold中相似脸的存在比例
比预期中高
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人脸识别：相似脸选择结果

把3000道困难的否定题替换LFW数
据库中的否定题



人机对比实验

Linda Dano Liza MinnelliDonald Keck Roger CookPatricia Clarkson Jerry Hall

前5题：深度学习正确，人工比对错误
第6题：人工比对正确，深度学习错误

Jim Carrey Jim CarreyNicole Kidman Nicole KidmanAngelababy Angelababy
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人脸识别：LFW旧题和新题的ROC对比

高维特征和深度特征 浅层特征+距离学习
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人脸识别：新问题定义

“细粒度”人脸识别问题：如果入侵者选择外貌相似的人进行攻
击，人工验证和机器识别都尚不完美，实验中有约3%的冒名顶替
不能被人工检查或者机器算法发现。

深度学习 人工比对 人机融合

95% 92% 97%

6000道判断题
(3000是+3000非)
测试结果

人机高度
互补性



人脸识别：细粒度相似脸甄别

细粒度相似脸甄别（验证）新问题及数据库，通过众包方式挑选
3000对外貌相似人脸，以更高难度的方式重新定义了国际权威
的Labeled Face in-the-Wild (LFW) 人脸识别评测，详情浏览
LFW官方网站的资源链接。

LFW FG

LFW

人工
比对

99.2% 92%

深度
学习

99.3% 95%

最新结果

Chen & Deng, CVPR17



人脸识别：跨年龄的LFW

Angela Lansbury

Candice Bergen

Daniel Radcliffe

LFW
3岁

Cross-Age LFW
15岁

LFW CA

LFW

深度
学习

~99% ~90%

跨 年 龄 Label Face

in-the-Wild: 完全保
持LFW的人员名单
和规模，逐个人查找
跨年龄的图片对。

即将公开



Facial Expression Understanding

• Challenges 
• Most widely used facial expression datasets are recorded in “lab” 

controlled environment with insufficient data.
• Annotation of facial expression categories is difficult and time-consuming.
• Facial emotional images in real world are various in subjects’ age, gender 

and ethnicity, head poses, lighting conditions and occlusions. 

• Opportunities
• Millions of images are being uploaded every day by users from different 

events and social gatherings.
• Crowdsourcing is an efficient tool to collect the judgments of annotation 

results from a large common population.
• The emerging deep learning techniques have boosted unconstrained 

expression recognition to the new state-of-the-art.



Real-world Affective Face Database (RAF-DB*)

Collection

 Image Collection
 Flickr (Image social network)

 https://api.flickr.com/services/rest/?method=flickr.photos.search&api_ke

y={}&text={}&tags={}&per_page={}&page={}&sort=relevance

 XML response→Interpreted into URLs of  the images→Download

30,000 
images

download

Keywords
‘smile’ ‘crying’
‘OMG’…
60,000 images 
downloaded

parse1. ’s API
XML
response

URLsCollection

https://api.flickr.com/services/rest/?method=flickr.photos.search&api_key={}&text={}&tags={}&per_page={}&page={}&sort=relevance
https://api.flickr.com/services/rest/?method=flickr.photos.search&api_key={}&text={}&tags={}&per_page={}&page={}&sort=relevance


Real-world Affective Face Database (RAF-DB*)

Annotation
1,200,000 

labels

Learning from 
labels

2.

 Image Annotation
 Crowd-sourcing

 315 well-trained annotators were asked to label facial images with one of  

the seven basic categories

 Each image is annotated enough times independently, i.e., around 40 

times in our experiment.

Annotation



Real-world Affective Face Database (RAF-DB*)

Reliability
Estimation

3. EM
framework

Filter out
unreliable labels Optimal

Reliability

 Reliability Estimation
 Filter noisy labels 

 an Expectation Maximization (EM) framework was used to assess each 

labeler’s reliability.



Real-world Affective Face Database (RAF-DB*)

1,200,000 
labels

30,000 
images

download
Keywords
‘smile’ ‘crying’
‘OMG’…
60,000 images 
downloaded

XML

parse

URLs
Collection1.

Learning from 
labels

Crowd-sourcing
315 volunteers online
Each image labelled 40 times

Annotation2.

Reliability
Estimation3.

An

EM
framework

Filter out
unreliable labels Optimal

Reliability

* Li & Deng, CVPR2017

Seven Basic Emotions 
& 

Twelve Compound
Emotions

Result

0.12

0.34

0.11
0.02

0.39

0.01 0
0

0.2

0.4

0.6

0.8

1

P
ro

b
ab

ili
ty

Multi-label Emotions

+ Li & Deng,  ICCV Submission



Real-world Affective Face Database (RAF-DB*)

• Database Statistics
• 29672 number of real-world images,

• a 7-dimensional expression distribution vector for each image,

• two different subsets: single-label subset, including 7 classes of basic 

emotions; two-tab subset, including 12 classes of compound emotions,

• 5 accurate landmark locations, 37 automatic landmark 

locations, race, age range and gender attributes annotations per image.



Real-world Affective Face Database (RAF-DB*)

* Li & Deng, CVPR2017
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Controlled lab conditions

Prototypical emotions

Surprise!

Balanced distribution

≈1:1:1:1:1:1

Highly-imbalanced
‘Joy’ ‘Disgust’

>>

e.g. 

Diverse imaging conditions

[1]

[2
]

Comparison: Real-world & lab-controlled

LAB-BASED Datasets REAL-WORLD RAF

! Compound emotions 

Fear? Sad?
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DLP-CNN: Deep Locality-preserving CNN 

LLP + Deep Learning

DLP-CNN
(Deep Locality-preserving CNN) 



C:  The convolution layer
P: The max-pooling layer
R: The ReLU layer
F: The fully connected layer 

Softmax
Loss

C R P C R P C R C R P C R C R F R FInput

Face Images

Separable Features

Locality-
preserving

Loss

λ

Discriminative Features

DLP-CNN: Deep Locality-preserving CNN 

Our goal:



DLP-CNN: Deep Locality-preserving CNN 



DLP-CNN: Experiment Results

Table 1. Expression recognition performance of different DCNNs on RAF. The metric is the mean diagonal 
value of the confusion matrix.
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DLP-CNN: Experiment Results

Table 2. Comparison results of DLP-CNN and other state-of-the-art methods on CK+, SFEW and MMI 
databases. To validate the generalization of our model, the well-trained DLP-CNN has been employed as a 

feature extraction tool without finetune.
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感谢各位老师和同学！
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http://www.whdeng.cn/RAF/model1.html

http://vis-www.cs.umass.edu/lfw/#resources

FGLFW (人脸识别, PR 17, CVPR 17a)

RAF （表情识别, CVPR 17b）


