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Extending Caffe for Machine Learning of Large Neural Networks
Distributed on GPUs

Oh Jong-soo’ - Lee Dongho™

ABSTRACT

Caffe is a neural net learning software which is widely used in academic researches. The GPU memory capacity is one of the
most important aspects of designing neural net architectures. For example, many object detection systems require to use less than
12GB to fit a single GPU. In this paper, we extended Caffe to allow to use more than 12GB GPU memory. To verify the effectiveness
of the extended software, we executed some training experiments to determine the learning efficiency of the object detection neural

net software using a PC with three GPUs.
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<distrib> ::= <train-distrib> <test-distrib>
<train-distrib> ::= dist { <architect-desc>' }
<test-distrib> ::= dist { <architect-desc>" }
<architect-desc> ::= arch { <layer-assign> }
<layer-assign> ::= layer assign {

name: <name_id>, device: <device num>}

Fig. 1. Distribution Architecture Specification
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Table 1. Test Coverage Change During Training

Iteration B=8 B=16 B=32 Iteration B=8 B=16 B=32 B=16+ B=32+
1K 68.37 7731 75.02 11K 88.72 89.03 88.85 88.75 88.92
2K 78.29 79.42 7891 12K 88.71 89.03 88.81 88.90 88.80
3K 82.04 82.04 80.90 13K 83.82 83.95 88.90 83.89 88.85
4K 81.53 86.78 85.36 14K 88.92 89.02 88.86 83.97 8895
5K 86.63 87.02 86.17 15K 88.85 89.07 88.62 88.92 88.96
6K 86.65 87.61 87.27 16K 89.11 89.27 88.76 88.98 88.96
K 87.14 88.22 87.60 17K 88.89 89.17 88.71 89.03 89.05
8K 87.10 8791 88.23 18K 89.02 89.13 88.67 89.04 88.93
9K 87.93 88.22 88.18 19K 88.88 89.13 88.73 88.99 88.95
10K 87.60 88.56 88.61 20K 88.91 89.10 88.83 88.97 89.13
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Caffex= wi-%- 22| AHEH L 3= Q3= 42
ojth. & ATolME Caffes gate] tho] GPUC 2
2 doje] 725 wAkete] o 2 Al
S ki H< wjA Agarsbh 5
= e defAa o8] A
Airste] B84E AA HE N3 2 LZE A
g ol oltH13]. L3 C
ZESolel 3+ GP 7d T AT
l

ko

o
rzoﬁ
E—"
P
i o%
on, Mo
of ok
rlmrﬁ;g
oz =N ®

o N oy v ot 9

B oo

affe= < GP(Gaussian process
EEE R

SO

2 AgHE ol skl X A7E ekl WA 7S

3
& 7§ s ws A7 o Aelt)
References

[1] J. Dean, G. S. Corrado, R. Monga, K. Chen, M. Devin, Q. V.
Le, M. Z. Mao, M. Ranzato, A. Senior, P. Tucker, K. Yang,
and A. Y. Ng, “Large scale distributed deep networks,”
Advances in Neural Information Processing Systems 25,
pp.1223-1231, 2012.

[2] F. Niu, B. Retcht, C. R¢, and S. J. Wright. “Hogwild!: A
lock—free approach to parallelizing stochastic gradient
descent,” Advances in Neural Information Processing
Systems 24, pp.693-701, 2011.

[3] J. Chen, X. Pan, R. Monga, S. Bengio, and R. Jozefowicz,
“Revisiting distributed synchronous SGD,” The 4th Inter-
national Conference on Learning Representations. Workshop
Track, arXiv eprint arXiv:1604.00981, 2016.

[4] Y. Jia, E. Shelhamer, J. Donahue, S. Karayev, J. Long, R.
Girshick, S. Guadarrama, and T. Darrell, “Caffe: Convolutional
architecture for fast feature embedding,” Proceedings of the
22nd ACM International Conference on Multimedia, pp.675—
678, 2014.

[5] S. Hadjis, F. Abuzaid, C. Zhang, and C. Ré, “Caffe con Troll:
Shallow ideas to speed up deep learning,” Proceedings of the
4th Workshop on Data analytics in the Cloud, pp.2:1-2:4, 2015.



102 S2MeStel=2X/ERFH 2 S48 AL M7 M4z=(2018. 4)

[6] P. Goyal, P. Dollar, R. Girshick, P. Noordhuis, L. Wesolowski,
A. Kyrola, A. Tulloch, Y. Jia, and K. He, “Accurate, large
minibatch SGD: Training ImageNet in 1 hour,” arXiv eprint
arXiv:1706.02677, 2017.

[7]1 Z. Cai, Q. Fan, R. S. Feris, and N. Vasconcelos, “A unified
multi-scale deep convolutional neural network for fast object
detection,” Computer Vision - ECCV 2016: Part IV, Vol.9908
of Lecture Notes in Computer Science, pp.354-370, 2016.

[8] S. Ioffe, “Batch renormalization: Towards reducing minibatch

=

dependence in batch-normalized models,” arXiv eprint
arXiv:1702.03275, 20117.

[9] S. Ren, K. He, R. Girshick, and J. Sun, “Faster R-CNN:
Towards real-time object detection with region proposal
networks,” Advances in Neural Information Processing
Systems 28, pp.91-99, 2015.

[10] A. Geiger, P. Lenz, C. Stiller, and R. Urtasun, “Vision meets
robotics: The KITTI dataset,” The International Journal of
Robotics Research, Vol.32, Issue 11, pp.1231-1237, 2013.

[11] S. Chetlur, C. Woolley, P. Vandermersch, J. Cohen, J. Tran,
B. Catanzaro, and E. Shelhamer, “cuDNN: Efficient primitives
for deep learning,” The NIPS 2014 Deep Learning and
Representation  Learning  Workshop, arXiv  eprint
arXiv-1410.0759, 2014.

[12] N. S. Keskar, D. Mudigere, J. Nocedal, M. Smelyanskiy, P.
T. P. Tang, “On large-batch training for deep learning:
Generalization gap and sharp minima,” The 5th International

Conference on Learning Representations: Conference
Track, arXiv eprint arXiv:1609.04836, 2017.

[13] J. Dai, Y. Li, K. He, and ]J. Sun, “R-FCN: Object detection
via region-based fully convolutional networks,” Advances in
Neural Information Processing Systems 29, pp.379-387, 2016.

[14] A. G. Wilson, Z. Hu, R. Salakhutdinov, and E. P. Xing, “Deep
kernel learning,” Proceedings of the 19th International
Conference on Artificial Intelligence and Statistics, Vol.51

of Proceedings of Machine Learning Research, pp.370-378,
2016.

o = £~
- oS T

https://orcid.org/0000-0001-6708-709X

e-mail : edu@ee knu.ac.kr

2003 B Eostal 8k H(SFA}

2006 B oietul B H 5 3t aH(A A}

20059 ~3 A Auojsta AT
EREE:

Aok BE A, 714 g5, CAD

o s =
https://orcid.org/0000-0002-0106-1337
e-mail : dhlee@ee.knu.ac kr
19799 A&digtal H A3 83k}
1981 gk ebr) el ARSI (A AL
19923 Towath 8 7337 E 38k (¥}
19821 ~19921d ETRI A4 <d+4
1992 ~1993W Motorolar Senior CAD Engineer
19939 ~& Al A&t Ay we

walEor: M A, 717 35, CAD



