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A white car is drifting.
Cars racing on a road
surrounded by lots of
people. Cars are racing
down a narrow road. A
race car races along a
rack. A car is drifting in
a fast speed.
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a woman in a car, while g |
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car.
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® Kelvin Xu, Jimmy Ba, Ryan Kiros, Kyunghyun Cho, Aaron Courville, Ruslan Salakhudinov, Rich
Zemel and Yoshua Bengio,Show, Attend and Tell: Neural Image Caption Generation with Visual
Attention, ICML-15,2048-2057

® Junqi Jin, Kun Fu, Runpeng Cui, Fei Sha, Changshui Zhang, Aligning where to see and what to tell:
image caption with region-based attention and scene factorization
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Fei Wu, Xinyan Lu, Jun Song, Shuicheng Yan, Zhongfei Zhang, Yong Rui, Yueting Zhuang, Learning of
Multimodal Representations with Random Walks on the Click Graph, IEEE Transactions on Image
Processing,25(2):630-642,2016
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® Pingbo Pan, Zhongwen Xu, Yi Yang, Fei Wu, Yueting Zhuang, Hierarchical Recurrent Neural Encoder for Video
Representation with Application to Captioning, CVPR 2016

® Fei Wu, Jun Song, Haishan Wu, Tong Zhang, Zhongfei Zhang, Wenwu Zhu,Hierarchical Contextual Attention
Recurrent Neural Network for Map Query Suggestion, TKDE (under review)
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Attention
Weights Predicted Predicted Predicted Predicted
—p Category: —p Category: —p Category: —p Category:
Landmark Park Traffic Entertainment
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Previous Query Sesstons Previous Query Sesstons Previous Query Sesstons Previous Query Sessions
L PN PN PN

Sample 1 Sample 2 Sample 3 Sample 4

Fig. 6: The attention weights learned by our model while predicting the next query. The height of each bar equals to the
weight learned for that query session and the category each query belongs to is also given. The bar of each noised query
(i.e., whose belonging category is not consistent with that of its neighbouring queries) is denoted with an oblique line and
the category name of each noised query is denoted with underline. The queries in each example are arranged in a temporal
order and the category names at the right side of each arrow are the category names of the next ground truth query.
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Fig. 6: The detail of TC-cell. i(t), o(t), f(t), c(t), s(t), h(t) are

| A h(l) 7‘7 qllGSthIl ANSWCECT  inner gates. z(t) is the answer input, s(t — 1) is the output of

H,] 3& H 1; = h(z) h(3) previous state gate and h(1), h(2), h(3), - h(t - 1) are the

h(t-1) 5 answers-answer Z_ [8]
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hidden output from all the previous cells.
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Methods Good Bad  Potential Methods Precision  Recall Fl
SVM 80.24 76.22 0.00 SVM 50.23 54.28 52.15
CRF 79.50 7525 5.63 CRF 53.62 53.30 53.46
DEN 76.72  70.98 12.97 DBN 54.98 5221 .53.56
mDBN 78.33 69.89 14.23 mDBN 55.47 52.89 54.15
CNN 76.70  75.04 12.64 CNN 55.60 54.00 54.79
R-CNN 1812 7333 15.82 R-CNN 56.84 56.18  56.51
QA-LSTM 7749 7427 12.25 QA-LSTM 53.57 55.82  54.67
C-LSTM 76.14  73.97 11.02 C-LST™M 54.00 5342 5371
T-LSTM 75.63 72.36 10.19 T-LSTM 53.87 51.64 5273
TC-LSTM™ 81.27 76.12 2148 TC-LSTM™ 60.45 58.81 59.62
TC-LSTM(Random)  77.04 73.91 18.25 TC-LSTM(Random) 35.79 57.02  56.40
TC-LSTM(5; = 0.37) 83.69 77.13 25.56 TC-LSTM($; = 0.37) 63.76 60.58 62.13
TABLE 2: F1 scores for each answer class (%) (best scores TABLE 3: Macro-averaged results (%) (best scores are
are boldfaced) boldfaced)
a I 2 3 4 5 6
Method B
SVM 79.04 41.04 2113 1LI16e 571 298
CRF 78.80 4242 2278 1247 671 3.60
DBN 771.03 4276 2341 13.05 718 396
mDBN 7853 4330 2396 1333 739 410
CNN 76.98 4316 2427 1383 765 429
R-CNN [78.25 4480 2545 1480 841 4381
QA-LSTM 76.81 4398 2508 1436 822 471
C-LSTM 75.53 4230 23.67 1326 743 416
T-LSTM 7427 40.80 2257 1236 679 374
TC-LSTM™ 78.59 47.10 2826 16.80 10.17 6.19

TC-LSTM(3, = 0.37) 81.68 50.07 3104 1925 1193 740

TABLE 4: The precision performance when the first good answer
occurring at the i** (i = 1,2,3,4, 5 or 6) position is identified as
the Good answer. (%) (best scores are boldfaced)
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A man with pierced ears is wearing glasses and an orange hat,

A man with glasses is wearing a beer can crotched hat,
A man with gauges and glasses is wearing a Blitz hat,
A man in an orange hat starring at something,

A man wears an orange hat and glasses,

During a gay pride parade in an Asian city, some people hold
up rainbow flags to show their support.

A group of youths march down a street waving flags showing
acolor spectrum,

Oriental people with rainbow flags walking down a city street,

A group of people walk down a street waving rainbow flags,
People are outside waving flags .

A couple in their wedding attire stand behind
with a wedding cake and flowers.

A bride and groom are standing in front of their wedding
cake at their reception.

A bride and groom smile as they view thelr wedding
cake at a reception,

A couple stands behind their wedding cake.

Man and woman cutting wedding cake,

Zhuhao Wang, Fei Wu, Weiming Lu, Junx Xiao, Xi L1, Zitong Zhang, Yueting
Zhuang, Diverse Image Captioning via GroupTalk, [JCAI 2016
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ﬁﬂNeural Talk

14x14 Feature Map

1. Input 2. Convolutional 3. RNM with attention 4. Word by
Image  Feature Extraction over the image word

generation
L o

A woman is throwing a frisbee in a park, A dog is standing on a hardwood floor, A stop sign is on a road with a

mountain in the background,

A little girl sitting on a bed with A group of people sitting on a boat A giraffe standing in a forest with
a teddy bear, in the water.

trees in the background.

Kelvin Xu, Jimmy Ba, Ryan Kiros, Kyunghyun Cho, Aaron Courville, Ruslan Salakhudinov, Rich Zemel and Yoshua
Bengio, Show, Attend and Tell: Neural Image Caption Generation with Visual Attention, ICML 2015
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Table 2: The demonstration of generated sentences by base model and GroupTalk on MS COCO.

Base Model with beam search size 3: GroupTalk:

A large jetliner sitting on top of an airport tarmac. | Model 1: A large jetliner sitting on top of an airport runway.
A large jetliner sitting on top of an airport runway. | Model 2: An airplane sitting on the tarmac at an airport.

A large passenger jet sitting on top of an airport | Model 3: A large air plane on a run way.

runway.

Table 3: Diversity evaluation. |,/ 1 depicts that a larger value indicates a less/more diverse result.

Dataset | Model | mB-1, mB2) mB-3, mB4) DIV-I{ DIV-2f DIV-3t DIV-4¢
Fikegg | BaseModel(®) | 083 077 072 069 049 063 068 072
GroupTalk 053 037 027 020 062 08 091 094
Ficke 3ok | BaseModelB) | 085 079 075 071 048 062 066 070
GroupTalk 060 044 035 028 058 081 08 092
VS COCO | BaseModel (B) | 087 080 074 070 038 054 061 067
GroupTalk 073 059 049 041 047 071 081 086

Table 4: Statistics of word usage preferences.

Model #plane  #airplane #jetliner #jet

Model 1 0 14 64 10
Model 2 13 84 0 0
Model 3 72 25 0 0
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Description Synonyms Tree
| ‘v : ¢
Infection with CYTOMEGALOVIRUS, B8 gene Lo proline” ana
characterized by enlarged cells bearing Jetonfyng he proline  ana
intfranuclear inclusions. Infection may be in lative stressed Mpr! medeate
almost any organ, but the salivary glands are Py rroline -8- tylate wo
natal inte the most common site in children, as are the
v ' y )t lungs in adults.[Cytomegalovirus Infections Description Synonyms Tree
s HCMV infection’ (DD0D3586), MESH]. Human cytomegalovirus
. : = ; ‘ a_ Species D_fth[_:: Gymm[:“‘galnwms genus D_f An alpha-amino acid that is pyrrolidine bearing
. " wru;es, which in turn is a rjjember of the viral a carboxy substituent at position 2 [profine
S family known as "Herpesviridae” or (26271), CHEBI]. Proline (abbreviated as Pro
herpesviruses. Itis typically abbreviated as or P}is an g-amino acid, one of the twenty
HCMV or, commonly but more ambiguously DMNA-encoded amine acids. Its codons are

CCU, CCC, CCA and CCG. Itis notan
essential amino acid, which means that the
human body can synthesize it It is unigque

CMVY Itis also known as human herpesvirus-
(HHV-5). Within "Herpesviridae", HCMV

belongs to the "Betaherpesvirinae” subfamily among the 20 protein-forming amino acids in
which also includes cytomegaloviruses from that the amine nitrogen is bound to not one but
other mammals [Human cytomegalovirus two alkyl groups, thus making it a secondary
(8499164), Wikipedia] amine. The more common form has "S"

---------------------------------------------------- stereochemistry [Profine (38811), Wikipedia].

FHRELEPap = (4%
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HTML HTML+ RDFa
i Pages
ZenCrowal
| F Enity i Faigorithmic
Extractors Matchers
T ) C
( ES\ } ‘_ L
. S Decision Engine
! o = h A
: 3 o — v
r = Probabilistic ¢
. Micro . 2 LOD Index
Jels | Matching| kﬁ' =
Al | Tasks
: > K%_[
. Workers| Decisions ) IS
' LOD Open Data Cloud

4

Gianluca Demartini, Djellel Eddine Difallah, and Philippe Cudre-Mauroux, ZenCrowd: Leveraging
Probabilistic Reasoning and Crowdsourcing Techniques for Large-Scale Entity Linking, WWW 2012
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YN 7E_, ):' .:-I%a '}%" ﬁE’, T ...trains will share a 33 RIA (Station)’
s —ﬁ track between New ‘ 26 RIA (Station)
1§ 7 Z-E 7|_ 7CA H,\J ||:ﬂ ML York Avenue and AP

ﬁﬁ LL] .LE ﬁ% H,‘J #IJ ﬂ'(ﬁ Rhode Island 47 RIA (Avenue)?

32

Avenue stations... | gsg | TFIDF+ RIA (Avenue)
Galll 75 K

1.http://dbpedia.org/page/Rhode Island Avenue %E2%80%93 Brentwood %28WMATA station%?29

/{k ﬂ@ F _l,Ij * R ﬁq:l 2.http://dbpedia.org/page/Rhode Island Avenue %28Washington, D.C.%29

}/% A E Mis ﬁ,ﬁ % JI_I H,J ' (Trl;iieblilrll(ilt;d States

o)l _E A R

[] t[u {m A _“% 3] )ﬁ %t work c!osely with | g “ (institution)?

) et B 71 B

[] ﬁu'f_‘l',}jzll\ x| |plan..

...they planned to

Electoral College

the United States,

Europe and India to United States (state)’
39

TFIDF + United States (state)

BE JIAN BT =4
EI’J"?E

B | AR

1. http://dbpedia.org/page/These United States
2. http://dbpedia.org/page/Electoral College %28United States%29
3. http://dbpedia.org/page/United_States
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“privilege information” , FTEHHZZEIHEE-

[Re—boost / Reinforcement]

Privilege
information
. . . &
T Classifier Human
o Gmif fuy by b G | 2 — .

V. Vapnik and A. Vashist, A new learning paradigm: Learning using privileged
information, Neural Networks, 22(5-6):544-557, 2009



gl

TAE(S): BHERIOS SRS )AL

O ETXEREFEF e & SERHE

Documents
(News Articles)
E-‘sj;"-"-'f-' s to support Mch i A {rﬁuh-Jll’atssx&n:;v!‘:.f" IA ...\.. :. .
- - NED Classifier :°:. £ 3;' .:
e ‘ - e ‘ - Crowd Model * N
S -ty = = ‘(Z’vaei CI‘OWd '
W 3 e A D
= - v o 5 cep
— E— Features Crowd [@O0®] 4 [000000 |
=55 - | - Loss & Features
== gh l 7= E Fine-tuning

+ ‘ Cro | dLabels\ W%H H/””j 3 ’ |

Crowd Workers “;
| X
| Contexts or Contexts or
| Descriptions Descriptions

Mentions and Entities Mentions and Entities
(Training Set) (Testing Set)

Handcrafted

® <

Knowledge Graph
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Using notation v(-) as the corresponding d-dimensional
crowd feature vector of a mention or an entity, then the sets
of crowd feature vectors are denoted as V,, = {v,,(i) =

o(My)}ey and V. = {v.(j) == v(E;)} L.

We introduce parameter a = {ap}i, constrained by
lall2 = 1 in order to resolve conflicts by modelling the
ability of workers. Worker U}, always gives the answer in
“common sense” when «, = 1 while the worker always gives
the opposite answers when a; = —1, and the worker gives
random answers when ay = ().

In our crowd model, «v, V,,, and V. are learned to minimize
the loss function as fOIlDW'-‘.

L ﬂ Vm V Z Z ﬂi!. J tq [:j}-.'i-"m(rnq))
g=1jee,
y o ;
+ (oG + llom(mg) )
stlallz=1
(1)
where (-, -) is the inner product of two vectors, and (-, ) is

the modified version of Kronecker delta function given by
ifx=y

1,
N (x.y) = '
(z:9) {—L T

AX AR BRI 5K R 3

(2)
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Convolutional Neural e T [T
Network, DCNN) = 3] A] F
FUSFHE SRR

_______________________________________________

BDCNN¥ IBEIMAHES

. . DCNNEEHRE
/{kﬂ@tl:ﬁ'/f_[EZIé] E,\J gx EEEE%1/E We finetune the DCNN WE a 10:5 function based on

\ | 7 K ) V euclidean distances as follows:

j‘j *Jnxgi @ 9& y X-‘-J-DCNNJ}_F.'TT Ly(0) = > [[7(sm(i): 0) = v (D)|?

1Lk S iceM,

1'3&1}5 ° + 3 (5e(5); 0) = ve ()12 3)

jcE,
+&Jl6|

2R S 1A FE Y35 2K BR 2

Nal Kalchbrenner Edward Grefenstette Phil Blunsom,A Convolutional Neural Network for
Modelling Sentences, ACL 2014
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Deep
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Mentions and Entities

F A . !)' il z !}
i o J"_.-! A

Handcrafted
Features

1% ] A B fl% {iE A f5 HI 2 —_

(a) The accuracy when deep crowd feature dimension (b) The accuracy when deep crowd feature dimension is
is 5(the TF-IDF dimension is 18478) 300(the TF-IDF dimension 15 18478)
ratio of data in training ratio of data in training
set to testing set 9:1 8:2 7:3 set to testing set 9:1 8:2 7:3 5:5
TFIDF+DCF 8% | T1% | 69% TFIDF+DCF T7% | 71% | 69% | 67%
TFIDF 74% | 10% | 69% T'FIDF 14% | 70% | 69% | 69%
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B HCrowd features>kiEFrdeep features|hge, i
Tan R AEKLIE, LISKILFIR[EVE J Entity
Linking B BY.

B Disambiguate Named Entities with Deep Supervised Learning via
Crowd Labels : I IR E 5| SFHIFIR EERE
] @,./—:'.\
B Crowd Model: F|#icrowd workersEygE 71K /)
B Joint Optimization: Xfcrowd features® learning featuresiF{T
BREmit
B Entity Disambiguation: 3012 EiE 5 ST X IHR
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The person to the left of the backpack carried the trash-can towards the chair.
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Image-captioning Machine Translation
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O 1956 , Hr 1H 8 X = Joh
+ d 8 X ¥ John A Proposal for the

McCarthy 2% . M BB T %Pk Dartmouth Summer
, , _ Research Project on
Marvin Lee MinskyZ(#%. ~RREMNE Artificial Intelligence
fZ KX = BY Herbert Simont 0 Allen e
Newell#3% ( LA L EAERIZ and Cloe E: S

F®EE) . EREISZRN/RLLE
Z=HJClaude Elwood Shannon. IBM
Nathaniel RochesterZ&=F & 1t

O

-

= IS ( Dartmouth ) [
BXIRL T "ATERE" B,

A o>

Research Project on Artificial Intelligence , August 31, 1955, Dartmouth
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B Automatic Computers

B How Can a Computer be Programmed to Use a Language
B Neuron Nets

B Theory of the Size of a Calculation

B Self-improvement

B Abstractions (intuition)

B Randomness and Creativity
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teacher network construction e knowledge distlaton
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Figure 1: Framework Overview, At each iteration, the teacher network is obtained by
projecting the student network to a rule-tegularized subspace (red dashed arrow); and
the student network is updated to balance between emulating the teacher’s output and
predicting the true labels (black bhue solid ammows).

Zhiting Hu, Xuezhe Ma, Zhengzhong Liu, Eduard Hovy, and Eric Xing, Harnessing Deep Neural
Networks with Logic Rules, ACL 2016
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» BEWEEGZE: B1RiZEHEESN ST #EIE (Path Ranking and
Random Walk) ZTF&fakE.

n ET3K=FFR7R(Tensor Product Representations)HY FTH HEIE :
s EFE—NEFFSRRSBEREE (ATUSNEREEGREREREZE
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» XHEF AT BN KIS R G SIRET (EEanBAES ST EN
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Moontae Lee, Xiaodong He, Wen-tau Yih, Jianfeng Gao, Li Deng, Paul Smolensky, Reasoning in
vector space: an exploratory study of question answering, ICLR 2016
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[l Humans are the only
species that combines
intuitive  (implicit) and
symbolic (explicit) | “The only real
knowledge, with the dual [ o \  valuable thing
capacity to transform the B R s intuition”
former into the latter and [ g L
in reverse to improve the
former with the latter's

feedback. i \. - Albert Einstein
[1 Intuition: The ability to e
understand something

immediately, without the
need for CONSc1ous
reasoning
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BEALTE X R EF S PR A ESRE, Adropout
v T miE S ohEl T

M Bayesian FEBBEREEZE I F
“dropout”#/1#ll -

dropout ;& — 41 7£ VIl 2k 1 = H BE# 4%
S0%AAMETTT AR EEREEEME
IR F SR —SRRS, MRS A

HEER.
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the cerebral cortex Major divisions of

Dropout

Y Gal, Z Ghahramani, Dropout as a Bayesian Approximation: Representing Model
Uncertainty in Deep Learning, [CML 2016
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Neuromorphic architecture with level-tuned
neurons. The internal state of a primary neuron is
used to enable a set of level-tuned neurons.

Tomas Tuma,Angeliki Pantazi,Manuel Le Gallo, Abu Sebastian, Evangelos
Eleftheriou, Stochastic phase-change neurons, Nature Nanotechnology , 2016,May
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