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# & : Partial differential equations (PDEs) play a prominent role in
many disciplines such as applied mathematics, physics, chemistry, material
science, computer science, etc. PDEs are commonly derived based on
physical laws or empirical observations. However, the governing equations
for many complex systems in modern applications are still not fully known.
With the rapid development of sensors, computational power, and data
storage in the past decade, huge quantities of data can be easily collected
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and efficiently stored. Such vast quantity of data offers new opportunities
for data-driven discovery of hidden physical laws. Inspired by the latest
development of neural network designs in deep learning, we propose a new
feed-forward deep network, called PDE-Net, to fulfill two objectives at the
same time: to accurately predict dynamics of complex systems and to
uncover the underlying hidden PDE models. The basic idea of the proposed
PDE-Net is to learn differential operators by learning convolution kernels
(filters), and apply neural networks or other machine learning methods to
approximate the unknown nonlinear responses. Comparing with existing
approaches, which either assume the form of the nonlinear response is
known or fix certain finite difference approximations of differential
operators, our approach has the most flexibility by learning both
differential operators and the nonlinear responses. A special feature of the
proposed PDE-Net is that all filters are properly constrained, which enables
us to easily identify the governing PDE models while still maintaining the
expressive and predictive power of the network. These constrains are
carefully designed by fully exploiting the relation between the orders of
differential operators and the orders of sum rules of filters (an important
concept originated from wavelet theory). We also discuss relations of the
PDE-Net with some existing networks in computer vision such as
Network-In-Network (NIN) and Residual Neural Network (ResNet).
Numerical experiments show that the PDE-Net has the potential to uncover
the hidden PDE of the observed dynamics, and predict the dynamical
behavior for a relatively long time, even in a noisy environment
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#E: Deep neural networks have become the state-of-the-art models
in numerous machine learning tasks. However, general guidance to
network architecture design is still missing. In our work, we bridge deep
neural network design with numerical differential equations. We show that
many effective networks, such as ResNet, PolyNet, FractalNet and RevNet,
can be interpreted as different numerical discretizations of differential
equations. This finding brings us a brand new perspective on the design of
effective deep architectures. We can take advantage of the rich knowledge
in numerical analysis to guide us in designing new and potentially more
effective deep networks. As an example, we propose a linear multi-step
architecture (LM-architecture) which is inspired by the linear multi-step
method solving ordinary differential equations. The LM-architecture is an
effective structure that can be used on any ResNet-like networks. In
particular, we demonstrate that LM-ResNet and LM-ResNeXt (i.e. the
networks obtained by applying the LM-architecture on ResNet and
ResNeXt respectively) can achieve noticeably higher accuracy than
ResNet and ResNeXt on both CIFAR and ImageNet with comparable
numbers of trainable parameters. In particular, on both CIFAR and
ImageNet, LM-ResNet/LM-ResNeXt can significantly compress (>50%)
the original networks while maintaining a similar performance. This can
be explained mathematically using the concept of modified equation from
numerical analysis. Last but not least, we also establish a connection
between stochastic control and noise injection in the training process which
helps to improve generalization of the networks. Furthermore, by relating
stochastic training strategy with stochastic dynamic system, we can easily
apply stochastic training to the networks with the LM-architecture. As an
example, we introduced stochastic depth to LM-ResNet and achieve
significant improvement over the original LM-ResNet on CIFARI10.
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Enhancing the transferability of adversarial examples in deep neural
networks

SEE, WRAFAKEMNFHART O, BMEFT R 2016 F4£
FEEETEAFFBALEGRBE LM, 2016 £ 5 AMmAJLEKF
K*f(ﬁﬂ Eﬁ?ttF’/uTé’Mz FIOLBEMNEEAHEARR. &

TR AR AL BE S REF . BmAF S UL ARG A fn et Sy
%, Fﬁ]Hﬂefﬂ%&??}%ﬁ:ﬁ)ﬂﬁﬁﬁk*ﬂ&#é@é}ﬂﬂ?ﬁm‘E]Efif =
FEGE. N T2t ENERF Y F ., £a4E A TE §8 49U E FF I
2% #AF| K 4 NIPS. ICML. ACL. AAAI. ECML. ISBI %% # X
20 &,

#E: Deep neural networks provide state-of-the-art performance for
many applications of interest. Unfortunately, they are known to be
vulnerable to adversarial examples, formed by applying small but
malicious perturbations to the original inputs. Moreover, the perturbations
can **transfer across models**: adversarial examples generated for a
specific model will often mislead the other unseen models. Consequently,
the adversary can leverage it to attack against the deployed black-box
systems.

In this talk, I will present a plausible understanding on the
phenomenon of adversarial transfer. Based on this understanding, we
propose a simple and effective strategy to craft adversarial examples using
noise reduced gradient. This new approach can enhance the transferability
dramatically, and its effectiveness is justified on various classification
models over ImageNet.

16



JERCR N TR RERT IR IR

7 B BHERAESTHLEFIEA

I, 34 %, ARAFERFRAAXR, HEA
B, HRAREAFEL., TEEHARRAY. £
ERARAF. EREIAFHEFARIEML. CEHK
HnalxEEXERARRE]. AR FTHAERES
LB, NHEFIT. ALER, B XITEAEEWNSE
METEF]., BREEHWENER. T EERE
A4 A8 Tl ACL, ICML, NIPS, AAAI, IJCAI, EMNLP, TKDE, CL
4 % & 30 2B ., EHE EMNLP. IJCNLP 4[5 IR 2% A 2 1 H 451 8,
+ & ; ACL, IICAI, AAAI, COLING, EMNLP, NAACL % [E] [T % A 43}
2 JF & R 4 & 7 ; IEEE TPAMI Comput. Linguist. 25 21 T #9 & 78 A .
2014 FNBPHIME T “T AKX FFAL. 2015 FHFEKZ
AHEEFFEL (FBERKERELESES). 2016 FHKE A% B A&
ZHAXNNERENEES),

WE: KEENERNE “BREAEEWINEFIHEAR +89
B, AT LA 7 E:

1, BEAEBEWEMERTEF N AR ERES NI

Pl = #EF ], GF 5. HEaM. RESM%F (8 NIPS
2014, ACL2016);

2, BEAEEHEIAR: AR ERETRELTAEN, B
paraphrasing, H 2z XA E, WEHNEMEFSF (0 ACL2017, AAAI
2018);

3, HMEREEWNEEFIEMACH: KEFIHE. &
A 77 E WA FT A 5 (e ICML 2017, AAAI2017);

\)

17



!y Wiz

B KA T

iy
g
=
o

il

T PH: 2AeMFETHERARTEBWERNELER REHR

FFH, 1992 4+ GFEMETF), 1986 Hl+ (b T AFFMh),
1982 % 4 (% T A# ¥ ), 1992-1993 L= K ¥ 4 FErig+ /5, 1993-
A A FHI#T, KEFTEBEMFETR, NEAHL. 74
MRABZGRERTERELYF RAE A,

WE: SHNRELIE RN —FE ik, 42 LS 77k
HRANERGH — M FE. EANEZFELAERAERMAT XK
BHAR, BRAZRFTETUERSNTERERRNIR, FH9 &
UZBRfERH T EEFERFERAARIT. @R EFERERRGWE
it SR EC RIEAE LR F 8, &R RIREE K& R LR
EERHAR, FABILSFREAYFEM—EREFERANE
HPEE, HREERFEGEREESH ZAARERF Z BN FE, A
TWRRE M AR T &, ABFNRERERTEAER RARITFEAN T
W. REAMIKAFLZEH, EEE5EWAR (AR IR, AER
4. (CPU, GPU, FPGA %) WitH Mm% (B I EHAT RWITH
PO TRUWBME, EBHEMAARTERGEHEAAERA T HE,
MNMIZHEFLAEBTUNEAENREF T BAT XA A FEH IR,
EETANESRFFEENRAALEERANAE, AUl 7| I
HEEERE, BEAFTRXTHEBERR, REANERERETHE., RE
T —THRENEWMARN T EAFABRE, BT UEERRANEALT,
fRE— G E T ARERINE A FRENREAETERHR RS
WMEABRFRAEAE, BBENF BT, USENFREHERAL—LE
Gt 5 77 AR R R B [ AL

REMREEENENF B, Bt R0 BHEEMEGRELE
SHAGWAEXREA, ARFLAARTFERNETESRERR, &
TR IR e &1 B[ P& AR AE AR BL, 7040 F Fl 28 1F = A A
H A 2 Y 4% DA B 3] 4 (5] AR

18



7

i}

B KA T

iy
g
=
o

GIRER7hesN

P WEMEKEENSE FPGA LI 5 FHERE R 4%

WE AR 2013/08-2 4, A EAF, FERF

HAFRE, Bl#I%; 2010/09-2013/07, dEAFE, 2

-~ ER ¥ AFIE, $HF; 2008/08-2010/08, 1EE &
' ¥ o, BRRFHRFH TP, 1 5;2003/09-2008/07,
A%, FERFHEAFR, H1E;1999/09-2003/07,
tmA®, G EMFEAFR, ¥+, TEFATEHR:

Frontiers in Neuromorphic Engineering, Review Editor,

WE: AT EHAERENGT AN R EREREWE Y EE
I S AUR I R B F R WA R R AR TAH N EHE AN
AR AT FPGA RE ¥ R m#EFE A, B4 % FPGA LI T fkt =
e E R E W%, F AT HENFERG LS i B E#TE
BEiR A, MNIST HEEWERELE 95%LL E., B EAFH T EFE
BEETWHFENTRENES, UBAGTEASHTETITA. AE.
(& 55 4% EH AT bk 10 5 IR A 5] AL

A—FHE, MEARLTF. ETFTEREANLE, ET D
KRR AT HETER AL EA B RRA TR TEGEE AW
Ho LWREFI A0, RFHALTHETE S ZRS L EmFTwETH
HFRANERUL, AENKEAMHER, BAFTHRE”; £RXR
WHE T, AN AMHEILE I E LB ZATHEEENAZ IS
Hik; HaTATHETENE, BAZILTHEUHESE TIHER
AW . AREAECAENLT STDP Rfp¥ > . XETHETBEELHN A
FTHENS R, hor FRIEXRAF T ERET — <97 &R,
X F & 3T Optics Express. Applied Optics Z#F|, 52| 7 EHITxFEAT
MRXESINT. BN EERH S L&, HEFTENHRER L, #
HAERETFHETHALERE., THELTHENS R RN

FHAGELRREGHERS, RAECTHWERERG L, £H
B 2R R T S AU R b B R BE R S AT AR B A R T RE AR AL SRR
FARKXAFNMHAB L REG AN BHARLAECHRAT A EHN T
A BER A TE

19



JERCR N TR RERT IR IR

H OB HLEF T AR

F8R, B, AT AFHEFRARSBERFR,
L B AR A . 2006 S AE E B AN L A F AR
W EmEEEEE, 20062011 EEEFERLEIY
R AEE LR, R R, 2011 4EE EABILE A F,
—HANEERERAEIER. YLEF T EMIKAF N
AAENAR. SFEARERFHARKEGE, HRE
ERFHRY SR ETT —EXTARENEFE TN ENTARE
REHMFTE, BET 6 EHHEDNFFRET,

WE: NWEFINMAMEEZHAEN B AR FHE AR, &
BN — R T ARG X H A & IR 77 BHY AL A .
NFEk, & NBEEHEUMTRIG T RAHLS, W e N5EE TR
Eom A gE, 5EXERRKOEYHFRESEEL K
FRHE, 6N md BN ERENRTE, URERNAEA K S H
Z AT E RN ANER R ERNREAZ —. e BT T EE
BEIAREBFEZANDEMRER S, BRI EFTEHF T T L
BRI ERN LR ERRIREE. Hik, RIOTETAKE
MaFINHENE T, AAeRNARELHEIL T T L XL
B R KRR KRR RR, ANTTREEE NEX PRI —FETH
BFANEIRESERMT R, LI 6 NEGEHFHAFILE, 2%
&6 NEENTERAEE. BAl, L85 3 &R F U8 e A E A
TRINE, BRINVERGE AR U LA 8y A a = .

20



