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https://en.wikipedia.org/wiki/Computer_vision
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC): 1000-catg Object Classification
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Eifl%frxm =i B E EmotiW 2015 (ACM ICMI 2015) EsaPkbL
CBEHWFEFRB LK 74 MHABA (CMU, UIUC, MSR &)

{£55 1: EmotiW 2015 AFEW $iEE Emotiw 2015 5 A B4l
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Emotion Scores (Visual Only)

Final Emotion Scores (Visual-Audio)
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HoloNet: BSEIBRXIRAIBARAER

FAF/ RABPEARIREEMOtIW 2016 (ACM ICMI 2016) BSLLEFIEE
MZE (1001 EMERN), FIXEIENERERE

.4 T T T " “... You showed me a really novel
' | e method, no use of extra data and
oot sl s Loms Ll o i_>fcs s N Hz.ppy its speed is hundreds of 1.“/mesj
| | Neutral faster than the other competitors.
| sad
e TR e, o Abhinav, EmotiW 2016 Chair
3-channel input HoloNet Framework Output label
Submission# | Validation (%) |  Test (%) Method ALSENS E
1 47.78 5430 Fusion of HoloNet model A + 1 audio model o
2 48.83 55.14 Fusion of HoloNet model B + 1 audio model
3 50.13 56.83 1* Fusion of HoloNet model A&B + 1 audio model
4 50.91 55.14 2™ Fusion of HoloNet model A&B + 1 audio model
5 51.96 Fusion of HoloNet model A&B + 1 audio model + 1 iDT model

Total recognition accuracy of our 5 submissions to AFEW 6.0, both on the validation and the test sets.
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A.Zhou, A. Yao, Y. Guo, L Xuand Y. Chen,
“Incremental Network Quantization:
Towards Lossless CNNs with Low-
precession Weights”. ICLR 2017.
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XFFEFDNNRILE, , EBIERBE (2/3-bit)
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5-bit EHER ZHENERXILL
Network Bit-width  Top-1 error  Top-5 error Model Bit-width ~ Top-1 error Top-5 error
AlexNet ref 32 42.76% 19.77% ResNet-18 ref 32 31.73% 11.31%
AlexNet 5 42.61% 19.54% INQ 5 31.02% 10.90%
VGG-16 ref 32 31.46% 11.35% INQ 4 31.11% 10.99%
VGG-16 5 29.18% 9.70% INQ 3 31.92% 11.64%
GoogleNet ref 32 31.11% 10.97% INQ 2 (ternary) 33.98% 12.87%
GoogleNet 5 30.98 % 10.72%
ResNet-18 ref 32 31.73% 11.31% Method Bit-width  Top-1 error Top-5 error
ResNet-18 5 31.02% 10.90% BWN 1 39.20% 17.00%
ResNet-50 ref 32 26.78% 8.76% TWN 2 (ternary) 38.20% 15.80%
ResNet-50 5 25.19% 7.55% INQ (ours) 2 (ternary) 33.98% 12.87 %




AlexNetMNNER KA BHERREERARZELD—G, E2/4-bitiEE
TAZ

Bit-width Decrease in top-1 / top-5 error

P+Q * 8/5 0.00% /0.03%
P+Q+H * 8/5 32 35x 0.00% / 0.03%
Our method 4/4 4 71X 0.08% / 0.03%
P+Q+H * 4/2 32 - -1.99% [ -2.60%
Our method 3/3 4 89x -0.52% / -0.20%
Our method 2/2 4 142x -1.47% [/ -0.96%

Comparison of our low-bit deep compression and deep compression method (P+Q+H, LCLR’16 and ISCA'16) on AlexNet.
Conv: Convolutional layer, FC: Fully connected layer, Act: Activation, P: Pruning, Q: Quantization, H: Huffman coding.

*S. Han, J. Pool, J. Tran, and W. Dally. Deep compression: Compressing deep neural networks with pruning, trained quantization and
huffman coding. Best paper in ICLR 2016.
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A ENERFENZSHFEFMAIIINE, MREBIMFTRWIIRESIE

Video Ground-truth Descriptions:
1. 'a woman is taking a picture of children.'

Frames ' & 3L | 2. 'aman involving three children.’
IXWxH [ &" A 3. 'a group of people are looking at and taking
Lexical labels <:I pictures of a horse.
CNN CNN 4. 'a short clip showcasing a champion horse.'
5. 'a woman in a red blouse takes a picture.’

R —-—

7
7

[—— [—— - -

[ Region-sequence generation }Q—— WTA based sentence-to-region-sequence association

Feature of selected regions @+-+@4—-+ @
1xCxXxY <pad> <pad> <pad> <pad> <pad>

L !

6. 'kids are in playful mood.'

7. kids are posing for a picture and being
interviewed."

8. 'lady taking pictures of horse.'

“wiopran”
"raking"

"children"

RxCxXxY Lexical Model Loss

(MIML Learning)

20. three man is' describing a car.'

( ‘ : (
] ] 1 1
] 1 1
Anchor features i ' |
] 1 T i
1 1 : 1
] 1 1 1
i 1 b i
I 1 ] |

F 9

METSEE: MSR-VTT UE&E*

Encoder ———r(LsT™M LSTM[g——=
<pad> —>l| <pad> _>1 <pad> —pll <BOS>=—p ! u
‘ y
Decoder ™ _p- LSTM
Language Model Loss 1
(Bi-S2VT Learning) | A woman

Z.Shen, J. Li, Z. Su, M. Li, Y. Chen, Y. Jiang, X. Xue, “Weakly Supervised Dense Video Captioning ", CVPR 2017.
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Region Sequences & DenseVidCap

METSEE: MSR-VTT UE&E*

Kids are being interviewed
Z.Shen, J. Li, Z. Su, M. Li, Y. Chen, Y. Jiang, X. Xue, “Weakly Supervised Dense Video Captioning ", CVPR 2017.




B2 P B Pu Y T

A ERNEREFENZSHEFRAISIINE, MREBITMNFREIIRESIE

Region Sequences & Dense VldCap

a man in a suit is talking to another man in a suit

Z.Shen, J. Li, Z. Su, M. Li, Y. Chen, Y. Jiang, X. Xue, “Weakly Supervised Dense Video Captioning ", CVPR 2017.
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Results on MSR-VTT Challenge

Team  |Memo | METEOR | BLEU-4 |ROUGEL| CIDEr _

Ruc-UVA RUC + UVA + ZJU 26.9
VideoLab UCB + Austin +... 27.7
Aalto Aalto Univ. 26.9
V2t-navigator RUC + CMU 28.2
Ours ILC 28.3

38.7
39.1
39.8
40.8
41.4

0

F5E

A ROATE A

58.7
60.6
59.8
60.9
61.1

45.9
44.1
45.7
44.8
48.9

Z.Shen, J. Li, Z. Su, M. Li, Y. Chen, Y. Jiang, X. Xue, “Weakly Supervised Dense Video Captioning ", CVPR 2017.
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A passenger train’is pulling into a station.
A man in orange uniform is walking on a platform.
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