
A novel distributional semantic space model 
featuring quantum theories

Riling Li

Target: word similarity and association
• assess how well semantic model predict human judgments of word relatedness

Data: wordsim353
• a test collection for measuring word similarity or relatedness, developed and maintained by E. Gabrilovich.

Results
• Correlations > 0.5, better than some other well-known models such as SDS & DM

Dependency 
Hillbertion

Space

Mapping from 
Dependency 

Graphs to Kets
Creating Lexical 

Density Matrices

Steps:

Questions:
1. Better performance?
2. Theoretic support?



Model Overview

! A hierarchical and multi-stage machine
comprehension model.

! Consisting of 7 Layers including
structural embedding, attention flow,
self alignment and pointer layers.

Step1: Syntactic
Info Extraction

Step2: C2Q & Q2C
Attention

Step3: Self Alignment Step4: Output With
Explicit Query Info

SSAE Model for Machine Comprehension
Ran Yi, Bin Hao

Goal: To find correct answer of well defined problems in the context of  
Stanford Question Answering Dataset (SQuAD).  

Experiment Results

! Results on development dataset.
! Compare with BiDAF model

and BiDAF model with SEDT.

Meth
od

Single Ensemble
F1 EM

F1 EM
max mean max mean

BiDAF 76.92 76.79 67.10 66.92 79.53 70.97

BiDAF
+SED
T

77.58 77.42 68.13 67.89 80.28 72.03

Our
Meho
d

78.26 77.88 68.89 68.52 81.07 73.03

! Map each word to a vector
using syntactic dependencies.

! Exploit contextual info within
entire context paragraph.

! Utilize both explicit and
implicit query info to predict
boundary of answer.
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打印：Image Caption Tasks:  Deep Features and Complex Model 
Mean Better? 

Kaige Jia, Wenyu Sun, Bingyu Zhu
Department of Electronic Engineering, Tsinghua University

¾Vision Model:
�Google Inception V3 Net
¾Input:
�Figures from MSCOCO dataset
¾Output:
�Output of different layers to RNN

Language Model: LSTM->GRU

GRU vs LSTM

¾GRU
9Without an extra memory cell
9Converge faster
9Performance is close to LSTM

ResultVision Model: Deeper is Better?

Last layer to output
Deeper is better?

(a). LSTM

(b). GRU

Metric BLEU-4 METEOR Rouge_L CIDEr
Mixed_6b 0.225 0.212 0.478 0.685
Mixed_6c 0.234 0.219 0.487 0.725
Mixed_6d 0.256 0.23 0.504 0.806
Mixed_6e 0.273 0.243 0.518 0.89
Mixed_7a 0.276 0.243 0.519 0.892
Mixed_7b 0.283 0.247 0.524 0.925
Mixed_7c 0.268 0.238 0.512 0.876

Table I
Scores on different layers of Google Inception V3 Net

（LSTM model）

Examples

Table II
Scores on different layers of Google Inception V3 Net

（GRU model）
Metric BLEU-4 METEOR Rouge_L CIDEr

Mixed_7a 0.278 0.243 0.52 0.896
Mixed_7b 0.285 0.249 0.526 0.941
Mixed_7c 0.263 0.238 0.51 0.866

7c: a man is standing on a
snowboard in the snow （a
man in a red jacket is
snowboarding）
7b: a man riding a snowboard
down a snow covered slope
（ a man is skiing down a
snowy hill）
7a: a man riding a snowboard
down a snow covered slope (a
man riding a snowboard down
a snow covered slope）
6e: a man is standing on a
snowboard in the snow

7c: a man in a field with a
frisbee in his hand (a man in a
field with a frisbee)
7b: a young boy playing with a
frisbee in a field (a man laying on
the ground with a frisbee in his
hand)
7a: a young boy is playing with a
soccer ball (a man is playing
frisbee on a field)
6e: a man is sitting on the grass
with a Frisbee
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的差为优化目标

推断：与新闻相似度最高的图片为新闻的
配图



A System For Maching Text News With Corresponding Recommended Images

Danyang Sun , Bin Wu

2017,6,5

Introduction

Introduction:

•

system of matching text news with top n

corresponding recommend pictures..

•

put both the image and the text in the same

feature space,.

•

word2vec and LSTM.

•

pre-trained deep convolution network

Dataset and Problem Definition

Dataset

•

provided by Sohu.

•

100000 pieces of news and their corresponding

pictures.

•

very complicated, which includes real images,

comics, printing fonds, QR code and so on..

Problem Definition

•

a set of M text news TM = {t
1

, t
2

, ..., tM}
•

a set of N images IN = {i
1

, i
2

, ..., iN}
•

mapping function F : t æ P , where t is an

element of set TM and I is a subset of IN .

•

address the relations about texts and images.

Figure 1: Model Pipeline

Model Description

Image Embedding:For a Image I , we use a deep

convolution neural network as a feature extractor.

We choose a pre-trained VGG-16 network classifier,

and exclude the last 1000 neural fully connected

layer and the softmax layer to get a 4096 dimension

feature embedding.

Text Embedding:we pre-train a word2vec model

using all the text data and Chinese wiki, then a 256

dimension embedding of the title is obtained from

the model. After that, we use a LSTM and get a

256 dimension output vector.

Cosine Distance:We use the cosine distance to

measure the similarity of these two 256 dimension

vector embedding, one from the image and the

other from the text.

Experiments and Results

During the training process, we fix the VGG16

network, and train the whole network 100 epochs.

Then we fine-tune the VGG16 network 20 epochs

to get better performance. During the experiment

we take the text and its corresponding image

as the positive input, and we construct some

negative examples ourselves.

The proportion of the positive and negative

examples is 1:2.

Loss Function

Loss =

ÿ

j
(cos[E

1

(ij), E
2

(tj)] ≠ Ytruth)

2

equation (1) and the whole system is illustrated as in Fig ??.E
1

and E
2

means the embedding of the text

and the image, ij means the jth
image and tj means jth

text (title). Ytruth = 1 for the positive example

and 0 for the negative example.

Training E�ect

Figure 2: Model Pipeline

Result of Model

Figure 3: Model Evaluation

Figure 4: Model Evaluation

reasonable example

Figure 5: Model Pipeline

Summary and conclusions

•

Image data is too complicated including nature

images, comics, printing fonds, QR code and so

on, we don’t train an accurate prior-classifier.

•

The training tend to get not-bad results,not

useful results.

•

Evaluation time cost is expensive. If we have n
image-text pairs, the complexity is O(n2

).

•

Build a system for matching text news with

corresponding recommended images which can

be also used to bidirectional retrieval.

•

Practise the pipeline of building an actual

machine learning model, from data clean, build

model, debugging, finetune to finally realize.

•

Feel a sense of accomplishment and happiness

when model works.



A Study of Entity Embedding for Entity Search

2017.06

LiuZhengHao TuWei

Final Project Madness

D. Data Categories
• INEX_LD

• ListSearch
•SemSearch ES

•ListSearch

E. Promotion
• Enhance the effect of 1.5 – 7 times      

than baseline
C. Potential Solution

• FSDM Model
•Yan et al Model

A. Design
• Capture the semantics of entity

properties and relations to other 
entities

B. Develop
• Accurate and efficient entity 

retrieval models



Applying Deep CNN and Boosting Tree to the Solution of 
Lung Cancer Detection

Li Jiahao    Wang Chenxin

Data Preprocessing
a. Raw data

a.1 patient with lung cancer

a.2 patient without lung cancer

b. preprocessing

Combine three 
adjacent slices 
into 3-channel 
input data

Feature Extraction Classification

Resnet-n convolutional neural network

Apply pre-trained Deep CNN on CNTK, here
Resnet-18 adopted, to the feature extraction,
removing the last softmax layer

Yes 

No

Boosting tree for classification

Utilize the feature from CNN to train a
boosting tree for classification and
make the prediction on the test data

Lung 
Cancer?
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¾ Problem
• Automatic leaf recognition has important 

applications, but with great difficulties.

¾ Dataset
Clean images   Noisy images from

crowdsource

¾ Method

• Preprocessing
• Feature Extraction – ConvNet
• Classification

Automatic Leaf Recognition  - Liu Dong & Kefan Chen

¾ Transfer Learning – ConvNet
• ResNet50

¾ Experimental ResultsSwedish      Flavia          uniform   natural

Test Accuracy                  Confusion Matrix



Predict Travel Time Through a High Way

Stable trends

Extreme case

+

Li Haoda, Yuan Haitao, Wang Haiquan

+ Dual Prediction

Gradient Boost Tree  x  LSTM



line 1: edges from original images

line 2: generated images from edges

line 3: original images

Input: simple animation characters scripts 

Output: enriched animation images

Objective Function:

Try and draw it yourself !



Wednesday	at	07:00am,	FIT	building,	Final	Presenta9on	for	Advanced	ML	Course�

Highway	Tollgates	Traffic	Flow	Predic5on�
Mingye	Song,	Lin	Ma�

Feature	
Selec5on�

Model	
Design�

Original	Data� Features� Results�

Time,	
Geographic,	

Road�

Ensemble	Methods	
1.  Stacking	

2.  Clustering+LR�



Research on Fine-grained Entity Typing
Yuji Yang,  Xiaokun Zhang

Dept. of Computer Science and Technology

Do you think the [mention] below is a (sports_team) ?
Every word in the context please give a confidence value between 0 and 1.
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Fast%Portrait%Automatic%Segmentation%
with%Coarse5to5Fine%CNNs%

Ruilong Li, Wenqi Ouyang, Xin Dong

Real2time: 40fps!

Segmentation IOU: 96.38% !

Network: two stage!
2 course (VGG4)!
2 fine (googlenet)!

Loss: multi2task!
2 edge loss!
2 mask loss!



Guangyi Chen, Zehao Zhang

Person Re-identification with Generative Color-Invariant Feature

Motivation: person images across multiple 
camera views are variance in visual appearance 
caused by varying lighting conditions.

1x1
Conv

1x1
Conv

CNN

CNN

CNN

CNN

Generative Color-
Invariant Network

Google Net

rank

Ranking based CNN :

Color-Invariant：
𝑅𝑟
𝐺𝑟

𝐵𝑟
= 𝐶

𝑅𝑢
𝐺𝑢

𝐵𝑢
=

𝛽1 0 0
0 𝛽2 0
0 0 𝛽3

𝑅𝑢
𝐺𝑢

𝐵𝑢
+

𝑜1
𝑜2
𝑜3

𝐿𝐷 = −𝐸𝑥 log𝐷 𝑋 − 𝐸𝑥 log 1 − 𝐷 𝐶 𝑥

𝐿𝐶 = −𝐸𝑥 log 𝐷 𝐶 𝑥

CUHK03 CHUK01 VIPeR

LSSCDL[1] 57.0 65.97 42.97

FT-JSTL+DGD[2] 75.3 66.60 38.60

Ours (Two stage) 84.0 71.43 48.32

Ours (End to End) 87.1 73.37 47.15

Rank 1 Accuracy:

Examples of Color-Invariant

X : Cam A Color Invariant Y : Cam B

𝑋′ = 𝐶𝑥𝐶𝑦−1(𝑋)



Stanford Question Answering
Yanzhuo Ding, Xiaobin Ma

References:
Minjoon Seo, Aniruddha Kembhavi, Aniruddha Kembhavi and Hananneh Hajishirzi. Bi-directional attention flow for machine comprehension. ICLR, 2017.
Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev, and Percy Liang.  Squad: 100,000+ questions for machine comprehension of text. In EMNLP, 2016.

Figure 2: Your caption to go here

Figure 3: Your caption to go here Quisque viverra 

lectus ac lectus

EM F1
Logistic3Regression3

Baseline 40.4 51.0

BIDAF 66.9 76.7

Query-to-Context Attention

Context-to-Query Attention

Training

Experiments
Exact Match (EM) 

F1 score: Weighted average of the precision and recall rate at 

character level



The Nature Conservancy Fisheries Monitoring
Weinan Shi, Yunfei Lu

Image Classification with poor data Fast R-CNN

Inception v3 and boosting

logloss=2.0176 logloss=1.9584

Other Attempts

Boat clustering 
Complementary data 
XGBoost 
AlexNet CNN model 
Overfeat 
  

Rank 185



Match-LSTM 

Answer Pointer  

Loss function 

F1 EM 

Logistic Regression Baseline 51 40.4 

Our Model 60.16 48.69 

r-net (ensemble) 84.01 76.92 

Stanford Question Answering  
Huazhe Lou, Hao Wang 

[1]Wang, Shuohang, and Jing Jiang. "Machine comprehension using match-lstm 
and answer pointer." , arXiv preprint arXiv:1608.07905 (2016).  
[2]Vinyals, Oriol, Meire Fortunato, and Navdeep Jaitly. "Pointer 
networks.“ Advances in Neural Information Processing Systems. 2015.  
 

Reference 



Rectification of Distorted Fingerprints
Shaowen Zeng,  Shan Gu

Distortion greatly influences the 
recognition rate

• A faster R-CNN based pose estimation
• A CNN based feature extraction 
• A classification based distortion detection 
• A regression based distortion field  estimation

fast distortion rectification method
to transform a distorted fingerprint 
into a normal one
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continuous discrete

100 500 1000 100 500 1000

our 0.6939 0.7277 0.7328 0.9151 0.9619 0.9682

HR 0.6408 0.6816 0.6879 0.9058 0.9613 0.9698

HR"ER 0.7403 0.7844 0.7903 0.9102 0.9688 0.9764

Faster?RCNN?framework

FDDB?benchmark?results



i-VisionGroup@Tsinghua

Human Hand Pose Estimation
Xin Yuan, Liangliang Ren, Chunze Lin 

Hand Pose Estimation is important for applications in human-computer 
interaction ( VR/AR ).
Difficulties: Self-occlusion, Multiview changes…

• Projection of depth image into 3 orthogonal planes
• Feed to convolutional layers
• Fuse Multiview information for final hand pose estimation

We propose the deep learning model:

Ease the implementation of 
this model in small equipment:

Deep Compression

16 weights originally but only 4 
shared weights: similar weights 
are grouped together to share the 
same value 



Predicting 2-dimensional shallow water wave using Deep Spatio-Temporal Residual Networks
Qi Wu, Maocai Xia

Department of  Earth System Science

Shallow water equations ST-ResNet Results



Question Classification

Query from LittleMU

Platform Concept Course6Meta Forum

ES6Engine

2<gram6+6SVM Accuracy:60.88

Question Generation

Chinese6Wikipedia + word2vec 400<dimension Vectors

Tokenizer

Tokens

Question Classification and Question Generation

in Question Answering System Zhengyang Song,6Jiao6Sun
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Category Features
Character-level 11
Word-level 21

Sentence-level 15

Model Logloss
BiMPM 0.28

XGBoost (Handcrafted) 0.18
Ensemble 0.15



End-to-

End

Deep 

Learning

Method

for

Person

Search

Liufang Sang
slfthuss@gmail.com
Ziru Xu
xzr12thss@gmail.com

School of Software 
Tsinghua University

Stem CNN Roi Pooling

Conv

Feature 

Maps

256-d

Pedestrian 

Proposal 

Net

Anchor Cls. 

Anchor Reg.

Proposal Cls. 

Proposal Reg

Online 

Instance 

Matching
Identification 

Net

Feature 

Maps ...

Feature 

Maps

Feature 

Maps

Feature 

Maps

Feature 

Maps

...

Concat

2048-d

2048-d

Conv1

P2

Conv3Conv2 Conv4 Conv5

P5P4P3

Anchor: 

64x64

Anchor: 

128x128

Anchor: 

256x256

Anchor: 

512x512

Pedestrian 

Proposal 

Net

Anchor Cls. 

Anchor Reg.

Conv1

P2

Conv3Conv2 Conv4 Conv5

P5P4P3

ROI Pooling

Identification 

Net

Identification

Net Based on 

Partial 

Information

Baseline Framework

IDEA 1
Local Location Information of Pedestrian

IDEA2
Feature Map with Feature Pyramid Network (FPN)

Fast RCNN with FPNRPN with FPN

n

final i i
i

f w f ¦
n is the num of parts of person s body
eg: an image of person can be divided 
into head, legs, etc.

Wi is the weight of part i, which is to be 
learned with deep network
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Convolution))Network

Color)Prediction)Network Color)Rendering)NetworkNoise
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Goal:)Use)convoluted)network)and)adversarial)network)to)automatic)coloring)black)and)white)
animated)images)and)produce)images)close)to)real.
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Zero-shot 
Learning

Top 1 Accuracy

Relationship Detection 
with High-Order Visual Information

Xuefei Ning Xianyu Meng

positions

Fast RCNN

Visual Module:
𝑽(𝑹<𝒊,𝒌,𝒋>,𝚯| < 𝑶𝟏,𝑶𝟐 >)

Object pairs

GBC

Language Module : 
𝒇 𝑹<𝒊,𝒌,𝒋>,𝑾 = 𝒘𝒌

𝑻 𝒘𝒐𝒓𝒅𝟐𝒗𝒆𝒄 𝒕𝒊 𝒘𝒐𝒓𝒅𝟐𝒗𝒆𝒄 𝒕𝒋 + 𝒃𝒌
score

Union



Incorporating Syntactic Knowledge in Natural Language 
Generation for Dialogue Systems

GRU

pronoun �

GRU

verb ��

GRU

verb �

POST ENCODER

GRU

general noun 
	

GRU

auxiliary �

GRU

_GO

GRU

general noun 
	

GRU

adverb �

RESPONSE DECODER

general noun 
	 adverb � adjective ��

GRU

adjective ��

auxiliary �

GRU

auxiliary �

_EOS

GRU

general noun 
	

adjective ��

GRU

adjective ��

_EOS

KEYWORDS GENERATOR KEYWORDS ATTENTION

ATTENTION

GRU

wt-1st-1

wtst

GRU

wtst

wt+1st+1

GRU

wt+1st+1

wt+2st+2



Highway Tollgates Traffic 
Flow Prediction
Travel Time & 

Traffic Volume Prediction

曹波 2016210979
费翔 2016310611
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Base on similarity, assuming that the 
travel time during 8:00-10:00 of two 
days are similar if their travel time 
during 6:00-8:00 are similar

MAPE: 0.1724

Volume Prediction

� sim_mat M to measure the similarity 
between different days 

� exponential function to account for 
the time window difference in a day 
and week difference

� A compound similarity function to 
predict 

Improvements with more data

� Hierarchical prediction: 
total volume + portion

� Incorporate the error when getting 
new data

Travel Time Prediction



Image Caption in Telling Eye Ground Picture
Luo He, 2016311465, School of Economics and Management, Tsinghua University

盘沿正常未见
RNFLD

0) 盘沿正常未见 rnfld

(p=0.866565)

盘沿上窄盘沿不
正常盘沿下窄盘
沿不正常上相应
处RNFLD 下相
应处RNFLD 

RNFLD

0) 盘沿正常未见 rnfld

(p=0.654596)

盘沿色淡 0) 盘沿正常豹纹状眼底
(p=0.479170)

黄斑 灰白 病灶 黄斑 出血

BLEU-4: 0.4919



A Deep Learning Approach for Network Intrusion Detection in

Software Defined Networking
LongQian, Renchuan Zhang
The PLA Information Engineering University

Security
Agent

NIDS

Controller

OpenFlow
Switch

Our System

Router/Firewall

Begin

Training sample dataset

Data
preprocessing

Training sample Dataset after dimensionality
reduction

AutoEncoder
Dimensionality
reduction

Network
parameters

Set layer i=1

Training network
according RBM
Learning Rules

Reserve
weights and

biases

If
i<=max
layer

Set layer
i=i+1

BP neural network
classification(supervised

learning)

Normal data Anomaly data

Stop

⋮
No

Output

Classification

Yes

NID based on Deep learning

NSL-KDD Dataset

Model Accuracy CPU times

DBN 90.5% 2.1s
AE+DBN-5 88.75% 3.5s
AE+DBN-10 92.15% 2.5s



Intel & MobileODT Cervical Cancer Screening
Xia Xin, Wang Gu

Raw Data

～3K * 3K images

• Clean
• Resize

Input 
Images

256 * 256
3 Classes

• Crop

• Flip

• Rotation

• Weightted 

Sampling

CNNs
(pretrained 
Inception3)

FC
CE
Loss

prevent overfitting 
and solve training set 
imbalance problem

number of training 
data is small and 

number of 3 classes is 
imblanace



Ultra Deep Network

AlexNet
(2012)

VGG 
(2014)

GoogleNet
(2014)

152 layers

3.57%

Residual Net 
(2015)

Taipei
101

101 layers

16.4%
7.3% 6.7%

This ultra deep network 
have special structure.

(Lecture IV)



搜狐图文匹配算法大赛
张家伟 P16206013

News

Img

Keywords Vector
Language Model

Vector FC7


