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Problem setup: Lifelong Object ReID DwPP vs. DwoPP
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*Data are presented sequentially in discrete tasks of disjoint classes. |12 & « 0 dawid [T 2 3 = W casd
*Data from previous tasks are unavailable in successive ones.
*The learner must incrementally update. *The old model has never seen class 1 and so likely

*The test identities are not seen during training. produces an output less than 1.

*the dominance of the positive class inhibits distillation

Continual meta-metric learning vs. Continual metric learning ofnegalive pait information
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*Continual metric learning is quickly surpassed by continual meta- R
metric learning. (a) mAP on Market-1501 (b) mAP on MSMT17_V2  (c) mAP on VeRi-776
*Re-identification aims to recognize unseen objects. This is the LS Y ; VeRLTIe
characteristic of few-shot recognition.

*Continual metric learning focus on current task.

*The DMML loss tends to learn a better representation.

*DMML is a more principled approach for continual metric learning.

i 3 3 4 5 & 7 8 5 10 i & 3 a5 & 7 8 5 1o
ini sions Training Sessions

i 2 3 4 5 & 7 8 § 10 1 3 3 4 5 & 7 8 5 10 i 7 3 4 $5 & 7 8 3§ 10
‘‘‘‘‘‘ g Sessions Training Sessions Training Sessions

(d) Rank-1 on Market-1501(e) Rank-1 on MSMT17_V2 (f) Rank-1 on VeRi-776
Conclusions

mAP and Rank-1 performance on intra-domain benchmarks

*We demonstrate that meta learning approaches perform better than
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identification datasets and the existing LReID benchmark demonstrate

the effectiveness of our approach. Inter-domain benchmark (LReI D)



