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Motivation

MARS, one of the largest video-based Re-ID dataset, is very noisy.

raw videos
1 State-of-the-arts !!
obsolete detection and tracking [AP3D, ECCV2020]=——— Normal backbone + Spatial Alignment

/% Spatial Alignment ]

_, I T
— Spatial Attention -~

training video tracklet \ What if all methods train on

Temporal Attention already well-aligned dataset??

severe spatial and temporal misalignment!

various methods
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re-Detect and Link Module (DL)

cannot obtain!

Simulate processing raw videos with modern
detection and tracking algorithm.

training video tracklet aligned video tracklet
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re-Detect and Link Module (DL)

re-Detect Link J

compare distance

fo < 09-f,+01-f)

update global feature

First frame = largest bbox
Latter frames = compare feature distance

Padding based on aspect ratio and
spatial position

Detect with deep-learning based but
efficient object detector.
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Examples of DL

spatial misalignment multiple identities
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Reproduce existing methods on MARS

* We only alter the input tracklet that is processed with our DL module.

Method O[‘jgina] Results w/ our DL Surpl‘isingly, WlthOUt be”S and WhiStIeS,
etho mAP  rank-1 | mAP rank-] a baseline method (C2D) can compete to
FT-WFT [ 1] 82.9 88.6 83.8  90.0 / the SOTAIIII
P3D-C [ 1, 1] 83.1 88.5 85.0  91.0
C2D [ 1] 83.4 88.9 849  91.0
Non-Local [ 1), 2] | 85.0 89.6 86.2 914
TCLNet [ /] 85.1 89.8 85.8  90.8
AP3D [ 1] 85.1 90.1 85.4  91.0
original state-of-the-art (SOTA) Thos_e methods with Non-chaI attention
(spatial and temporal attention) are the
new SOTA !l
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Proposed Video-based Re-ID Architecture

Based on Non-local Network, we proposed CF-AA Network.
We replace the Non-local module with our Coarse-to-Fine Axial Attention module (CF-AA),
which is more efficient in computation.
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Proposed Video-based Re-ID Architecture

Based on Non-local Network, we proposed CF-AA Network.
We replace the Non-local module with our Coarse-to-Fine Axial Attention module (CF-AA),
which is more efficient in computation.

Input video tracklet v

Preprocessed video
tracklet V'

Sampled T frames
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Proposed Video-based Re-ID Architecture

Based on Non-local Network, we proposed CF-AA Network.
We replace the Non-local module with our Coarse-to-Fine Axial Attention module (CF-AA),
which is more efficient in computation.
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Proposed Video-based Re-ID Architecture

Based on Non-local Network, we proposed CF-AA Network.
We replace the Non-local module with our Coarse-to-Fine Axial Attention module (CF-AA),
which is more efficient in computation.

Input video tracklet v

Preprocessed video
tracklet V'

Sampled T frames
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Experiment Results

Table 2: The Ablation Study of our DL. and CF-AAN. We compare the effectiveness of our DL and all the components in
CF-AAN with the computation cost (GFLOPs) and performance on MARS. Except the baseline itself, all other computation
costs are the increase comparing to the baseline method. C'g: the computation cost of the baseline method.

Self-attention Module MARS

Method w/ our DL Self-attention # of heads Posi. Encoding # of scales #GFLOPs mAP R-1

: b 4 ) 4 ) 4 X X 83.4 87.7

Baseline v X X X X 24.520 (C'p) 851 897
[ Non-local v 3D self-attention 1 X 1 Cp+17.213 | 862 914|
| v Axial-attention 1 X 1 Cp+0.361 | 86.0 OIL.1

v Axial-attention 8 X 1 C'p+0.361 86.2 91.2

Axial-based 4 Axial-attention 8 Sinusoidal 1 C'p+0.377 86.0 91.1

4 Axial-attention 8 Relative 1 C'p+0.424 864 91.2

v Axial-attention 8 Relative 2 C'p+0.245 86.4 91.3

v Axial-attention 8 Relative 4 C'3+0.126 86.5 091.3
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Compare to SOTA

Table 3: Comparison with state-of-the-arts (%). The
score with underline is the runner-up.

MARS DukeV
Method mAP R-1 | mAP R-I
DRSA (CVPRIS)[ ] 658 823 | - i
EUG (CVPRIS)[! ] 674 808 | 783 836
DuATM (CVPRIS)[*'] | 67.7 812 | - i
TKP (ICCV19)[" ] 733 840 | 91.7 940
M3D (AAATI9)[ (] 741 844 | - i
Snippet (CVPRI18)["] 76.1 86.3 - -
STA (AAATI9)[] 0.8 863 | 949 962
VRSTC (CVPRIO)[/°] | 823 885 | 935 950
NVAN (BMVCI9)[ "] 828 900 | 949 963
FT-WFT (AAAI20)[)] | 829 886 | - i
TCLNet (ECCV20)[1 /] | 85.1 89.8 | 962 96.9
AP3D (ECCV20)[ (] 85.1 90.1 | 956 963
MG-RAFA (CVPR20)[ '] | 85.9 888 | - i
DL+CF-AAN (Ours) 86.5 913 | 962 967
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Rectify some errors in MARS testing set

Labeling Errors Duplication in Distractor Ambiguous Identity

(e) 0458C5T004

(d) ID 374 under camera 2

ID 0008 ID 0060 ID 0270

Distractor under camera 2 ID 0458 ID 0422

ID 0502 ID 0182

Figure 6: Three kinds of label noises in the MARS testing data.
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Conclusion

1. re-Detect and Link module can easily align the noisy input tracklet.
2. With axial-attention, our CF-AAN achieves the state-of-the-arts.

3. We hope the release of corrected data can encourage the community for the
further development of invariant representation on view, pose, illumination, and
other variations without the hassle of the spatial and temporal alignment and

dataset noise.

link :



https://github.com/jackie840129/CF-AAN

