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Blending GAN G(x)
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Figure 2: Framework Overview for GP-GAN. Given a composited image , we first generate a low-resolution realistic image ) using
Blending GAN G(z) with " as input where " is the coarsest scale in the Laplacian pyramid of z. Then we optimize the Gaussian-Poison
Equation constrained by () and Pz, using the closed from solution to generate ; which contains many details like textures and

edges. We then set 7; o up-sampled 2, and optimize the Gaussian-Poisson Equation at a finer scale in the pyramid of . Best viewed in
color 0SDN @Jing happiness



Encoder . Decoder
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X7

Figure 3: Network architecture for Blending GAN G(x). We propose Blending GAN G(x) by leveraging Wasserstein
GAN [2] for supervised learning tasks. The encoder-decoder architecture in deployed for (G(:) in our experiment. Different
from [24], a standard fully connected layer is inserted between the encoder and the decoder as a bottleneck to fuse the global
information. The loss function L(z, ncy) is defined in Equation 2, which combines the improved adessziab s with diloss.

IRESEREDN L2 IREExHIRS (Adversarial Loss) HJ4HE.,

BRI
L(z,7,) = ALy(2, 7,) + (1 — A) Lagy(z, 7,)
L2 $Rsk:
Ly (2, 25) = || G(2) — =3
SR
L2, 2) = max ey D(z,) — D(G(2))
CSDN @Jing_hap
LAPGAN

—EER I TR R T B RIRHES B 73 502 00 FEAG, - HORIE T A
—IKIRIE KR EIGAE S, WIBREIE TR B PrEmikiik. M d()&xR

downsample, u(.)3Z7~ upsample.



Real/

Generated?

Real/Generated?

F I CSDN @Jing_happiness
10 2R A G CEME R , Gi RoRH i NMERES, Di RS i Mk
Ao

LI

CIFAR-10 KK/ 3232, &4£10 %5

STL A4 A/)9696, ik 10

LSUN ~10M EIfg, K/NTRFEH] 64*64, 10 M5,

FCN----E &7 &1

FCN XF EUS AT R R H M 25, MTIfRGR 1718 L EME 0 #) (semantic
segmentation) [, 52 ) CNN 2B E 2 J5 0 482215 21 [ E K



FE AR I B HEAT 028 (A B3% 2 +softmax i) AE, FCN ] L% AT &
JOGTHENEIS, KRG EN G — DM BRI feature map #E4T FRAE,
fi e 2 BN BUS AR A R RSE, AT B DA R ME R R A2 1 — ATl [+
BHRE TR NGRS EE R, &EE FRAERREE F I TR B RS

I

512 MG BT softmax 43Sk, M2 T8 —AME B N — NIk
Ao FE&Z Longjon FF1E 43 #| B K H #42E A7 N 2% (FCN) i 25 0 o = 1] «

forward /inference

backward/learning

21 CSDN @Jing_happiness

BB 5 B B PP o b i 24T DA DU
Pixel accurancy (& Z i)

loU (Intersection over Union)

Mean loU

Dice score

2) EBAFRRETHEZ

N TS i o iU RS & Wi 2 NI W [N RN St ul LD ANG P =/ s Wl
[l iy S TSR B A NS Rk A o R IR R E XS T AT S5 AR 2L
(1, (X T B A f B A T ST S, XK R L R T

e X sk B e R K 32 TR EIRCR . BRI T o E, EREIR
MRARKE, B AR H BSR4



Jing_happmess

T, N TRIEAHE, FCNKARZRPKNNZRZEATIERE. AR
LXEERI T B s

32x upsampled ¢ upsampled  16x upsampled  2x upsampled 8x upsampled
prediction (FCN-32)  prediction  prediction (FCN-16s)  prediction  prediction (FCN-8)

pu)“
prediction

image ool pool2 poold poold poold

ficti ):
prodaction 4

T

rappiness

»."{,_._.
s

S Rt Uy i)

JYE FCN BLCER, fEAIRUFECR A 1N, B2 FCN A S8 H %
JifR. Hean:

B e RifEE

TCE A SR S5 7 1)

T JSE 70 AN B i 2 SR

ANBERE RN AN 3D fl =S AN E A

B35 B PP TE A
PSNR
S PRV — W PR R 45 RS R LR ERR, 998, R4 IR —

e R BB EZR, FrCogh IR PP FE bR UE AR HE 1. PSNR 8
B, E#EREBN. REFEETHAME, —MEHITE MSE, H—A



WA fZ M L PSNR, A0

PSNR k5, EUEAR KB .

PSNR (E{ERELL) « HfFERZ, (H2HEARER LM s B N R 5 &7 .
—EEUE G 20-40.(HER K, AUAR BT

m-1n-1

MSE = %ZZHI(:’.]’) - (i)

i=0 j=0

MAX? MAX
PSNR = 10-logy (W’) =20-logyg ( ‘/m’)

XENMAXEEEREHRER, —HRitR2557.

CSDN @Jing_happiness

SSIM (ZEHARIE) -

TR E I, HAE AT LR Sz e AR WA . — B VE . O-1 4k
K, AR L. 2% AR GRS, [l e EUE 20 2 o 7E U AR
FEPEMY B4 SNR (signal to noise ratio) A1 PSNR (peak signal to
noise ratio)

KGR 5 = T 4R AR

update 2018-07-0716:50:16

¥)75 R E(MSE)MEI 75 IRiRZE (RMSE)MIF B 4 XHR Z2 (MAE)

MSE: Mean Squared Error

BT R E RS EHE S S B R E 2 2T )7 i,

MSE 7] LA £ A2 (AR, MSE BMEER-IN, 150 B FROIU S 70 ik < 56 25 4
HA B IF HRE T

RMSE
)75 R 2 I I AR ZE 3 T R SR T AR

MAE :Mean Absolute Error
P RB) AR 2 AR A R 2 ) YAE
T8 A 3o R 7 e B G b s B SO 5% 22 ) SE B IR .

SD :standard Deviation
PRt ZE i 22 B T Z I EARE TR . bt ZE e O — MR R N B BFEE . F
PIECH RN A 2, b 22 R AH ]



R TR bR
oks

& HATH IR B O A I SRR PP FE bR, XN RS R KT H st
I 1oV $8FR,  H BN 1SR AT A OB R A ARLEE -

OKS:

> exp{—dZ; /25,07 }o(vpi > 0)
22i6(vpi > 0)

OKS, =

SEmER, Heh:

p FErEEIERETEgroundtruthiT ARidRpRIA, p € (0, M), MERSFESETITARNSE

1 Fmidaifkeypoint

dy  FREEENIR—E X2 aPidRi iR = SgroundtruthfT AFRid A pRI AR s Pid i B A UIE S, dpy =

V(@ — ) (U — Ypi), (@), Y REBIHSSRAMEESR, (2,4, ¥;)F9groundtruth

S, FmgroundtruthiT ARidRpRIANRERZ, EENTARMETRNTEAR: S, = Vwh, w. hARIERNENS

o; FRdREEBNFERAT—HET, X EFRESNEENEASFgroundiruth@nm A TR T SELEFERES, o
FFERI RN R T, WRIBMITATA, cocofEETAIS000 MEAGITHATEEEMANF—HET, oNEETLLA: (8

F: 0.026, BRES: 0.025, HE:: 0.035, [FB%: 0.079, FAF: 0.072, FEhE: 0.062, E5EE: 0.107, BE=: 0.087, BHIEE: 0.089), HL

IHETTLSEERTES, BEERENEAURXEm. NEERRXEREINT YT, TLUERSM S ET I E, 40
MFZ

vy FEmgroundtrutheRid ApAHT AR SRIA I, vy, — 0FERamne, TaElREEER MR, & NRET

B, vy = 1T ARATRETEERNT, vy = 2RO CERSEERL. R, FRURSEREMMEY: v, = 0K

W, v, = 1F7mlH _

(%) FITANERAEARITT, BBAO(x) =1, BUS(x) = 0, EMARISVE: {VitBgroundtruthsh EARFRIZSROEY N2 Nappiness

AP(Average Precision) PR =



IHEFATIEIRENEES st BARSHTIS AZESENTELURE.

AR RITAR:

BAESET, R —MT ARG, BlfEoksiBirh M = 1, Eit—sKE R dhgroundtruthi— T A(GT), MbiT AT
MENEERE—EXESDT), Sa=itEHGTEDTREEoks A— M5, AEANRNEE—EET, AL iBrERRR
oksitZAP:

>, 0(0ks, > T)

AP = ~
2,1

BALEThITAP:

ZNESMET, MEEBNEWTERARET, SERBNARLRBIEINSER, BLEAPHESZNFERASSEITAP, WRE
SEERRIEEERE L, SRR HRREBEMA, BARE —SKERFITBEMTA, FTUENNA, BFAREFR
HAIN A Sgroundtruth FFIMAS AR — IR, EILEE T Egroundtruthdh B — M A STEURINARJoks, BRARILERE K
MAM x NERERE, FERERYE—{T/agroundtruthshfi—M A STRUESRAIN D AfJoks, REHRLE—THhoksEAREIFHZRIGTHY
oks, BEE—TGTITAME—MrEoks, AEANNEE—NHET, RELIBEFEERFIFTEITAITEAP:

SN S(oks, > T
AP = >_Jnt ‘2 ( — D )
>omdopl
CSDN @Jing_happiness
».
5] SRR R A
R-Net
P(Begin) P(End)
rQ —_— —_—

X Answer Prediction

pooling

PP
attention

Question & Passage Encoding

Word

Question Passage
VEFE GIN T 4w 281) S R 19X 28 A5E 7R AR gk e i 145 8 SC 3 ]2 i R PRY [] 25 BE A I]
BATSs o HORM T B RS TR TR W 25 SR UL HE 1) A SC %, BLERAS ]
FBUR I SRR o



PEE SR 7 A B ILECHIE R AIHLER BGE CE &R, B 5 3CE H QT
o, IXBEA A EA LR RER .
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RNN it #5751l A 1] /A0 SC 55 4w (Question & Passage Encoding)
I T3 VLECJZ 34T 1) AN S 2 (1) VL AL (Question-Passage Matching)

H VLAC)Z N R &= 3T (5 B E4f (Passage Self-Matching)

BT HRET I 25 11 2234 150 JZ (Answer Prediction)

FusionNet
Architectures @223 3@ | NS |
Match-LSTM (Wang & Jiang, 2016) v 3) [)
DCN (Xiong et al., 2017) v v A~
FastQA (Weissenborn et al., 2017) v “: 2)
FastQAExt (Weissenborn et al., 2017) | ¢ v G
BiDAF (Seo et al., 2017) v v L~ (L~ ]
RaSoR (Lee et al., 2016) v v t (2') T
DrQA (Chen et al., 2017a) v [ ~ ||| ~v |
MPCM (Wang et al., 2016) v 1‘ T
Mnemonic Reader (Hu et al., 2017) |v v v [”:”] [”:”] (1)DD[| Dl][l
R-net (Wang et al., 2017) v V4 Context Question

Table 1: A summarized view on the fusion processes used Figure 2: A conceptual architecture il-
in several state-of-the-art architectures. lustrating recent advances in MRC.
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o EERRAM: BITPRREIEAE, JEHZEET RNN SEILH.

o MEERE: WHHETFHL)(2),(2),3).3). AFkEEAME FTTkE
VA= ey
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DCN4 18 3C Hh &t 13 [R]3E: & J1#LHH (coattention mechanism). #A8J5, FATAI LA

TERLA I S B2 ATHAT B4R TRl G

SRR S WIS

AR A SR BB Y BTN 3 Cy SO B A IR Q. BEANIEI B0 A7 ] R AR LY
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FusionNet FFAH R ZH A4 1 PE4H 0 B

Gk 1. C A Q ZIAIMARANER ). ik 1 F I AI(CL)

2: ¥ CHMARBRESZERN Q5 Bk, AR5 BILSTM.
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Fully-Aware Fusion Network | w
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Fully-Aware Self-Boosted Fusion —{il - 11} 4
NN - 5N

|Cum:at w/ Distant C Infor. I

A H W
BEE - AR

3 Context Understanding Question Understanding
The above can be used to capture long range info. m %% %

58 * g

Fully-Aware Multi-level Fusion 2 I - II|<—F Level Fully-Aware Attention |
Context U"dema”dmg Question Understanding 0o - ite—
‘: : Understan dlng \ 0 S III III

M

. High-level |

Concept III III
. Low-level : III III
" Concept :

[Jimewt vector - [J[][] - UDD*MDDD DDD

Context Question

ﬂruri"frnwi'ri

| 3-Level Fully-Aware Attention |

Figure 4: An illustration of FusionNet architecture. Each upward arrow represents one layer of Bil-
STM. Each circle to the right is a detailed illustration of the corresponding component in FusionNet.
Circle 1: Fully-aware attention between C' and Q. Ilustration of Equation (C1) in Section
Circle 2: Concatenate all concepts in C' with multi-level @ information, then pass through BiLSTM.
Ilustration of Equation (C2) in Section@

Circle 3: Fully-aware attention on the context C itself. Illustration of Equation (C3) in Section 3.1}
Circle 4: Concatenate the understanding vector of C' with self-attention information, then pass
through BiLSTM. lustration of Equation (C4) in Section E'
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BENMBFEEN., SE—MEENTMRHRANEFYEEC = {a, ¢, -+, o yAIZEM NRFANE
BIEDQ = {q1,92,- -+ 1 Gm}, LARNRMAETECHREEIEEFE(span)S =

{Cz'scé—l‘ Tt Ct'—J}o

BEEERMAE: BAE. BRAREEE. L T-ETENE. #ERIGSEENRLE.

MABRNE

VE it BHE 7 55k A\ (character embedding) T3] i A\ 75 31454~ 537 1 kN [
o HRANHKPETIZLER GloVe &, HHASHAENGIITER . M7
FFRAAE AT 2] 1,

AL

e = H L PSR [BRExd +HIERE + iimzE], e 1A
Fin. GREx#RRNEGES T#IR. BHERTRENEEH; BERE
BT 2 RIER N B IEAERAT E CE AR B VE R ) B A R 22 e i
[N TR IH— 1 (layer norm), X FREEAMEEIE Ff, 2 f(layernor
m ( x) ) + x f(layernorm(x)) + xf(layernorm(x))+x.
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MBI ERRELA

f(g,¢) = Wylg,c,q O ] (21)

B RDCNIEESNRITHE 7 EFS R ASEEN. EAMEEXSIPIHTIA—, SEIERES, &
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RE R E

Mz

ZESISEXN. TEESQUADIIES, (EEFAE T BI-DAFNEREERN_E M E MIEERE
ZRERTTATIESFAVEEE. Biffiiin:

p = softmax(Wh[My; Mq]), p’ = softmax(Wy [ My; Ms)) (22)

HIWiiiWo 2al)IRRINE, Mo, My, Moy S RIERE =1 EEREEENSE, BT3L,

~——

ARG X MR BB R R 5.
I S e

i, ENIERERTRNS T MAVESSFHAMER N ERIRXIEIIARN A, FRATEREA LR

9E:

N

Z [log (p, 1 )+ log(p 2)} (23)
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2) span extraction: F1 1§
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(3) XIhii: WAk B R % (Extractive QA) , BIZ5 & SC&Fa &, #l
AR B E PR BB RN NI XL (span) , 5 IR B g5 R AL



B, REHIEESR SQUAD (Stanford Question Answering Dataset)

(4) B RIRE RGBS, B—Aa) ] fE 2 5 BRI 2 AN Bk
Bz vi, REHIRES DuReader (FE) , MS MARCO (%)

CNN FIR93EH;

REBI: 7 deep learning £, FEAFLUT=4/5E. unsupervised learning: ZF+IE
&, CNN &L & conv IEEIRY feature map XREIGER=TE, SRNERKEFER feature

map XIHPLE pattern KB HB8UEL; Upsampling: ER#f,
TR R C, FR&BNER CT EREEN conv. RZ, NE
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Figure 4.1: The transpose of convolving a 3 x 3 kernel over a 4 x 4 input using

unit strides (i.e., i =4, k=3, s =1 and p = 0). It is equivalent to convolving
a 3 x 3 kernel over a 2 x 2 input padded with a 2 x 2 border of zeros using unit
strides (i.e.,i =2, k' =k, s =1 and p’' = 2). b

FiH&ER (Dilated convolutions)

RS IEE G IRZ CR A 2 B ERREAT “IK 7, &XA “IK
OGBS NS d EI. BRI SEET A 26, R BEEA
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it+2—k—(k—1)(d—1)

o=

B5.1 A T—ANi = 7, k = 3 /1 d = 20061F,

o

Figure 5.1: (Dilated convolution) Convolving a 3 x .3 kernel over a 7 x 7 input
with a d)]atlon factor of 2 (ie.,i=17,k=3,d =2, s=1 aad-pF £U):
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(EWNGE3rdaslinl 23PN
SoftPool: WE SHMKEIEE—EMAEERERT. BRRBE LLBRKHK
E GBS EFMAL
P2

1 HEREW;

2. FFrE TR R E ISR

Activation map (a) | 1;1 i e a(C;i;Ialion o

Forward
a= Zw. *a;

] iR

]

va

Backward

Soft pool activation map

Activation map
Va, =w; *Va(icR) gradient (Va)

gradient

(Va)
Figure 4. SoftPool operation overview. In forward operation, in
orange, the kernel uses the exponential softmax value of each ac-
tivation as weight and then calculates the weighted sum for the
region R.. The same weights are also used for the gradients (Va;),
denoted in blue. The activation gradients are proportional to the
calculated softmax weights.

EBM: X T1E% ) no-overlapping pooling, % Overlapping Pooling
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&7k Spatial Pyramid Pooling: 7%/ CNN Zi¥yth, fE51 251
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fixed-length representation
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A
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t 16%256-d + 4x256-d 4 256-d
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feature maps of convs

(arbitrary size)

' convolutional layers
input image

Figure 3: A network structure with a spatial pyramid

pooling layer. Here 256 is the filter number of the

convs layer, and convs is the last convoluational layer.
XFALIRFE pool: XAMAEA, M ERITH pool 77, RFF&E T
langauge 1)1 15, FIER, RATBMEER, TRACPAR, BAKH.

CornerNet

Fig. 2 Often there s 1o local evidence to determine the location of a bounding bax corner. We address this isue by proposing
a new type of peoling layes.
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Hei Law, Jia Deng. CornerNet: Detecting Objects as Paired Keypoints. ECCV (14) 2018: 765-781
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BENEASRRARRLE: (THZRFUUMEER—AHD

Lre= Y (1-P(r:) log(P(r:)+log(P(rru)) (11)

riePT

where ~ 1s a hyper-parameter. Our loss 1s designed
to focus more on the low-confidence classes. If
P(r;) is low, the loss contribution from the rele-
vant class will be higher, which enables a better
optimization for long-tail classes.

% 7RI R R

XEER AR (5 softmax SESEE BISTRESETR) MAlUREAET, SRkl XE—TBTSRESEI0RERY, =
ERETSOIETVEINET, FRESTSERA. BSSERENSESEHE, BRI TSy, EGlobalPointerIiAR, ©A

log (1 + Z e—su("xﬂ) +log (1 + Z esu("J)) (3)
(i) Pa (i.0)eQa
Erh P Bz AN EE oS ERESS, QR AN FLiaZ Lol iERES, TERIIRESER < jIE

&, B

Q={@j|1<i<j<n}
Po = {(i, 1) |t REE A M) (4)
Qa =0- Pc\




