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*2 £ | https://icml.cc/
Conferences/2018/Schedule

*3 1 | https://david-abel.github.io/
blog/posts/misc/icml_2018.pdf
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*4 #3 | Al and Security: Lessons,
Challenges and Future Directions, D.
Song, ICML 2018
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How will (in) security impact the
deployment of Al?

How will the rise of Al alter the security
landscape?
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*5 =2 | Athalye, A, Carlini, N., Wagner,

D. (2018). Obfuscated Gradients Give a
False Sense of Security: Circumventing
Defenses to Adversarial Examples.
Proceedings of the 35th International
Conference on Machine Learning, in
PMLR 80:274-283

*6 21 | Carlini, N., Best Paper Session
1, ICML 2018

*7 &3 | https:/fwww.
machinelearningdebates.com

*8 Z1 | https://twitter.com/
LaflammeSteph
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Clean Stop Sign Real-world Stop Sign in Adversarial Example Adversarial Example
Berkeley

\—"Stop sign” /1

"speed limit sign 45km/h"g
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The threat model MUST assume the attacker has read the paper and knows the defender is using those

techniques to defend.

*9 1 | https://youtu.be/ogfKz-PP9FU
*10 &1 | https://fivethirtyeight.com/
tag/2008-presidential-election

*11 =2 | Liy, L.T, Dean, S, Rolf, E.,
Simchowitz, M. & Hardt, M.. (2018).
Delayed Impact of Fair Machine
Learning. Proceedings of the 35th
International Conference on Machine
Learning, in PMLR 80:3150-3158
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*12 #3 | T. Broderick, Variational
Bayes and Beyond: Bayesian Inference
for Big Data, ICML 2018. (http://www.
tamarabroderick.com/files/broderick_
tutorial_2018_icml_part_i.pdf)

*13 =& | LIANG, S, Sun, R, Li, Y. &
Srikant, R.. (2018). Understanding the
Loss Surface of Neural Networks for
Binary Classification. Proceedings of
the 35th International Conference on
Machine Learning, in PMLR 80:2835-
2843

Bayesian inference
- Analysis goals: Point estimates, coherent uncertainties

- Interpretable, complex, modular; expert information
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*14 =2 | Zhang, L., Naitzat, G. & Lim,
L.. (2018). Tropical Geometry of Deep
Neural Networks. Proceedings of the
35th International Conference on
Machine Learning, in PMLR 80:5824-
5832

*15 =& | Bronstein, M. M., Bruna, J.,
Lecun, Y., Szlam, A, & Vandergheynst,
P. (2017). Geometric Deep Learning:
Going beyond Euclidean data. IEEE
Signal Processing Magazine, 34(4), 18-
42. doi:10.1109/msp.2017.2693418
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*16 =2 | Nickel, M,, Kiela, D.. Poincare
Embeddings for Learning Hierarchical
Representations, NIPS 2017
*17 =2 | Nickel, M. & Kiela, D.. (2018).
Learning Continuous Hierarchies in the
Lorentz Model of Hyperbolic Geometry.
Proceedings of the 35th International
Conference on Machine Learning, in
PMLR 80:3779-3788
*18 =2 | Ganea, O., Becigneul, G.
& Hofmann, T.. (2018). Hyperbolic
Entailment Cones for Learning
Hierarchical Embeddings. Proceedings
of the 35th International Conference on
Machine Learning, in PMLR 80:1646~
1655
*19 =2 | Chen, J,, Zhu, J. & Song, L..
(2018). Stochastic Training of Graph
Convolutional Networks with Variance
Reduction. Proceedings of the 35th
International Conference on Machine
Learning, in PMLR 80:942-950
*20 =2 | Xy, K, Li, C,, Tian, Y., Sonobe,
T., Kawarabayashi, K. & Jegelka, S..
(2018). Representation Learning on
Graphs with Jumping Knowledge
Networks. Proceedings of the 35th
International Conference on Machine
Learning, in PMLR 80:5453-5462
*21 =2 | Bojchevski, A., Shchur, O,
Zugner, D. & Gunnemann, S.. (2018).
NetGAN: Generating Graphs via
Random Walks. Proceedings of the 35th
International Conference on Machine
Learning, in PMLR 80:610-619
*22 =2 | You, J, Ying, R, Ren, X.,
Hamilton, W. & Leskovec, J.. (2018).
GraphRNN: Generating Realistic Graphs
with Deep Auto-regressive Models.
Proceedings of the 35th International
Conference on Machine Learning, in
PMLR 80:5708-5717
*23 =2 | T.S. Cohen, M. Welling, Group
Equivariant Convolutional Networks.
Proceedings of the International
Conference on Machine Learning
(ICML), 2016
*24 =2 | Sabour, S, Frosst, N., Hinton,
G.E. (2017). Dynamic Routing Between
Capsules. NIPS 2017
*25 =& | T.S. Cohen, M. Geiger, M.
Weiler, The Quite General Theory of
Equivariant Convolutional Networks
(forthcoming), 2018
*26 =2 | Kamnitsas, K., Castro, D.,
Folgoc, L.L., Walker, ., Tanno, R.,
Rueckert, D., Glocker, B., Criminisi, A.
& Nori, A. (2018). Semi-Supervised
Learning via Compact Latent Space
Clustering. Proceedings of the 35th
International Conference on Machine
Learning, in PMLR 80:2459-2468
*27 =2 | Parascandolo, G, Kilbertus,
N., Rojas-Carulla, M. & Scholkopf, B..
(2018). Learning Independent Causal
Mechanisms. Proceedings of the 35th
International Conference on Machine
Learning, in PMLR 80:4036-4044
*28 =& | Kim, H. & Mnih, A,
(2018). Disentangling by Factorising.
Proceedings of the 35th International
Conference on Machine Learning, in
PMLR 80:2649-2658
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*29 =2 | Mirhoseini, A, Pham, H.,
Le, QV,, Steiner, B, Larsen, R, Zhou,
Y., Kumar, N., Norouzi, M., Bengio, S.
& Dean, J.. (2017). Device Placement
Optimization with Reinforcement
Learning. Proceedings of the 34th
International Conference on Machine
Learning, in PMLR 70:2430-2439
*30 =2 | Kraska, T., Beutel, A, Chi, E.
H., Dean, J., Polyzotis, N. (2018). The
Case for Learned Index Structures. In
Proceedings of the 2018 International
Conference on Management of Data
(SIGMOD '18). ACM, New York, NY,
USA, 489-504. DOI: https://doi.
org/10.1145/3183713.3196909

*31 &=2 | Hashemi, M., Swersky, K.,
Smith, J., Ayers, G, Litz, H., Chang, J.,

Kozyrakis, C. & Ranganathan, P.. (2018).

Learning Memory Access Patterns.
Proceedings of the 35th International
Conference on Machine Learning, in
PMLR 80:1919-1928

*32 =2 | Jimenez, D. A, Lin, C.
Dynamic branch prediction with
perceptrons. In HPCA, pp. 197-206,
2001
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