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Person re-identification

Raw Videos

(a) Pedestrian Detection

[1] Zheng L, et al. Person re-identification: Past, present and future[J]. arXiv preprint arXiv:1610.02984, 2016.
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(b) Person Re-identification




Single domain (dataset) vs Direct transfer
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[2] Zheng L, et al. Scalable person re-identification: A benchmark[C]. CVPR, 2015: 1116-1124.
[3] Ristani E, et al. Performance measures and a data set for multi-target, multi-camera tracking[C]. ECCV, 2016: 17-35.
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Clustering-based UDA Pipeline
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Issue: noisy hard labels
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Solution: robust soft labels



Mutual Mean-Teaching (MMT)
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Mutual Mean-Teaching (MMT)
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Mean Net
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Why mean-teaching? --- One option:
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[4] Han B, et al. Co-teaching: Robust training of deep neural networks with extremely noisy labels. NIPS, 2018: 8527-8537.
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[5] Zhang, et al. Deep mutual learning. CVPR, 2018: 4320-4328.




Why mean-teaching?

____________________________

i More independent
. and complementary |

0.0008 A

0.0007

0.0006 -

0.0005 -

0.0004 -

Predictions KL divergence

0.0003 A

—— Proposed MMT-500
—+— Proposed MMT-500 w/o E[6]

10 15 20 25 30
Epochs

35

40



Soft classification loss

Predictions Predictions
—>I Soft Classification Loss |:|<— F (‘E [02])
1 Ny SR
Lhaa(01102) = 5> qos< (21| E™[62])) - log C} (F (xf61)))
Loia(02161) = — 5 Z (CH(F (@i [0:])) 1 log O3 (F(x'1]62)) )

replace one-hot labels in cross-entropy loss

[6] Hinton G, et al. Distilling the knowledge in a neural network[J]. arXiv preprint arXiv:1503.02531, 2015.



Softmax-triplet

Predictions Predictions
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Softmax-triplet: T;(6:) =
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The sample should be closer to its (potential) positive than its (potential) negative.




Soft triplet loss

Predictions Predictions
F(-‘Hl) —>I<———— Soft Triplet Loss 4—-"‘[|<— F(!E[92])

exp(||F (x7]01) — F(x} ,|01)]|)

Soft -triplet: 7;(6.) =
oftmax-triplet: T;(6:) exp(|| F(x{|01) — F(x} ,|01)l) + exp(|| F(}|01) — F(x} ,,|01)]])

—— = = —

. 1 Ny r
Soft Softmax-triplet loss:  £%..;(61]62) = A > Loce (72 (61),7: (E(T) [92])>:>

_________

£ty .(05]61) = = Ntc 7:00:), T (E [61]))
ri(02101) = = 3 Loce Ti02)] (ET61)

replace hard label “1”



MMT vs state-of-the-arts

Market-1501 --> DukeMTMC-relD
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MMT vs state-of-the-arts

DukeMTMC-relD --> Market-1501
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MMT vs state-of-the-arts
Market-1501 -> MSMT17 DukeMTMC-relD -> MSMT17
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Code available at

https://github.com/yxgeee/MMT



