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In our supplementary materials, we provide more theoretical anal-
ysis and implementation details of our proposed approach. Besides,
we also provide more quantitive and qualitative results of our meth-
ods in comparison with existing methods.

In summary, the supplementary materials primarily contain:

o Theoretical analysis of our Cluster-based Label Scoring (CLS)
strategy.

o More model implementation details about our anti-forgetting
loss functions L.,k p.

e Relevant RelD datasets and arrangement in our proposed
NLReID benchmark.

e Quantitive comparison with more state-of-the-art LReID and
LNL methods under different label noise ratios including the
0% noise data.

e Qualitative analysis of the person retrieval capacity of our
model in comparison with the state-of-the-art competitor.

1 THEORETICAL ANALYSIS OF CLS

In our Cluster-based Label Scoring (CLS) strategy, given N; image-
label pairs {(x,,y,)}l 1> the features are extracted by the model
and the clustering strategy is adopted to obtain clusters (the out-
liers are also gathered as an extra cluster). Then, according to the
clustering results, each image x; is assigned a cluster-aware label
7 € {1,2,..., Nc} where N, is the cluster number.

Subsequently, we generate one-hot embedding I; € RNe for each
x; according to 7j;. Therefore, I; satisfies:

, 1

l(j) is the j-th element of I;, and for arbitrary j € {1, 2, ..., N.},
0<1¥ Ven

Besides, according to Equation (1) in the main paper, we obtain
the annotation-aware average cluster label

where

N;
I = —lZ 8(yisy L, B)
t j=1

where 0 < l (k € {1,2,..,N¢}) and 6(y;, y;) is a sign function
that outputs 1 and 0 when y; = yj and y; # y; respectively. né
indicates the number of images that are annotated with the same
label with x;. Specifically, ni is obtained by
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where ni > 1since 8(y;,yj) = 0 and 6(y;,y;) = 1 when i = j.

Then, the label distance d; calculation process in Equation (2) of
the main paper could be derived as follows:
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Therefore, d; € [0,2) and simply s; = (2 — d;)/2 could convert
the label distance d; into label confidence s; € [0, 1] (the d; of
the outliers during clustering are set to 2, thereby allowing the
possibility of s; = 0).

2 MODEL IMPLEMENTATION DETAILS

We have shown a complete data process pipeline of our Continual
Knowledge Purification (CKP) in the main paper, here we primarily
show the implementation details of the modified knowledge dis-
tillation loss £,,xp in our work built upon the CORE and LSTKC
baseline (CORE).

Specifically, given a batch of B images, we utilize the EKF algo-
rithm in our main paper to obtain w? for each image and gener-
ate the subset B, with B, images by removing the images with
w{ < To. Thus the features extracted by M; can be represented
RB" XB,

as Fp € RBoxd The pair-wise similarity matrix 57 € ° is

calculated by
¢ =F - (F)T. ®)
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Table 1: The statistics of datasets used in the NLReID benchmark. ‘-’ indicates the datasets only serve as test domains.

Type Datasets Name Original Identities NLReID Identities
Train Query Gallery Train Query Gallery

CUHKO3 [7] 767 700 700 500 700 700
Market-1501 [24] 751 750 751 500 751 751

Seen DukeMTMC-RelID [13] | 702 702 1110 500 702 1110
CUHK-SYSU [16] 942 2900 2900 500 2900 2900
MSMT17-V2 [15] 1041 3060 3060 500 3060 3060
i-LIDS [1] 243 60 60 - 60 60
VIPR [3] 316 316 316 - 316 316
GRID [10] 125 125 126 - 125 126

Unseen | PRID [4] 100 100 649 - 100 649
CUHKO1 [6] 485 486 486 - 486 486
CUHKO2 [5] 1677 239 239 - 239 239
SenseRelD [23] 1718 521 1718 - 521 1718

Table 2: Results under the Random Noise. T indicates the state-of-the-art LNL method is combined with the latest anti-forgetting

strategy of LSTKC.

Market-1501 CUHK-SYSU

DukeMTMC

MSMT17 CUHKO03 Seen-Avg Unseen-Avg

Metric Method

10% 20% 30% 10% 20% 30% 10% 20%

30%

10% 20% 30% 10% 20% 30% 10% 20% 30% 10% 20% 30%

PTKP [2]
SELF [19]
PNET [21]
PNET' [21] 46.8
SELF [19] 46.7
CKP(Ours) 48.7

38.4
32.3
23.2

25.2
24.0
19.0
30.7
41.7
44.5

18.1
15.6
12.7
23.5
333
42.2

74.3
71.5
69.2
78.6
79.8
80.8

67.4
69.1
65.5
69.7
77.7
80.3

65.0
62.8
58.5
66.2
71.3
78.6

29.2 20.0
341 21.2
21.0 14.6
183 6.9
44.4 299

47.3 44.4

mAP

14.2
11.8
8.6
5.6
12.8

42.1

9.1 58 38
106 7.2 338
6.8 47 25
54 21 16
17.7 82 3.6
18.1 16.4 14.6

23.4
44.4
38.2
12.4
34.5
42.0

11.9
30.0 16.2
29.4 19.8
6.4 5.0
20.2 10.3
36.3 33.5

6.4 349
38.6
31.7
323
44.7

47.4

26.1
30.3
26.6

21.5
22.1
20.4
23.2 20.4
355 26.2
44.4 42.2

44.4
49.8
43.0
40.3
52.9
56.0

35.2
41.2
36.4
30.8
43.5
51.4

30.3
31.8
30.0
26.3
34.4
50.4

PTKP [2]
SELF [19]
PNET [21]
PNETT [21] 70.4
SELF' [19] 71.7
CKP(Ours) 71.8

65.5
58.7
47.2

51.6
49.6
41.3
55.8
66.6
68.1

41.9
36.8
30.1
46.5
59.0
66.9

71.7
74.7
72.9
81.4
82.4
83.2

71.9
73.2
69.1
73.0
80.4
83.0

69.6
66.5
62.3
69.6
74.9
81.0

48.8
53.3
36.5
31.7
63.5
64.7

36.1
37.0
27.3
16.2
48.3
62.1

R@1

27.9
25.1
18.8
13.6
26.3

58.9

26.7 20.0 14.5
29.5 21.7 135
199 14.6 8.8
153 69 54
40.6 22.6 12.1

40.1 37.5 34.7

24.2 121 5.5
47.9 30.1 159
40.9 30.8 19.4
123 54 44
35.6 19.7 9.0

42.4 37.1 34.1

48.6
52.8
43.5
42.2
58.8
60.4

38.3
423
36.6
31.5
47.5
57.6

31.9
31.6
27.9
27.9
36.2
55.1

38.0
43.7
37.1
33.9
46.0
49.5

30.2
35.8
30.7
25.1
37.4
44.5

25.0
26.5
24.7
20.5
29.1
43.4

Then, the pair-wise relation matrix R? € RBo*Bo is calculated by
exp(S7 [1, j1/70)
5 : )
S5 exp(S91i k] /o)

where 7, is a temperature hyper-parameter to scale the values of
R?. 7, is set to 0.1 by default following [17]. Therefore the weighted
knowledge distillation loss L,k p is calculated by

(©)

RY[i, jl =

B,
Lok = Bi Zl Lxr (RO [ ||RO T, 1), @

where R?_| is obtained by utilizing 8, and M;—; following the
above process. Lk is is the Kullback Leibler (KL) divergence func-
tion.

3 DATASETS DETAILS

We build the Noisy LReID benchmark (NLReID) based on LRelD [11].
A total of 12 existing RelD datasets are adopted (Market1501 [24],
DukeMTMC-relD [13], CUHK-SYSU [16], MSMT17-V2 [15], CUHK03

[7], CUHKO1 [6], CUHKO2 [5], VIPeR [3], PRID [4], i-LIDS [1],
GRID [10], and SenseRelID [23]). The detailed statistics of these
datasets are shown in Table 1. Among these datasets, CUHK-SYSU
is special because it was initially developed for the person search
task. To transform it into a ReID dataset, the ground-truth person
bounding box annotation is used to crop individual-level images,
and a subset in which each identity contains at least 4 bounding
boxes is selected. In addition, to mitigate the data imbalance be-
tween datasets [11, 12], 500 identities of each dataset are selected to
form the NLReID benchmark. Specifically, in Table 1, the ‘Original
Identities’ indicates the identity numbers in the original datasets,
and ‘NLRelID Identities’ indicates the selected identity numbers in
the NLReID benchmark.

4 QUANTITIVE RESULTS

In this section, we implement more LReID and LNL methods [2,
20, 21] under different levels of random and patterned label noise
in Table 2 and Table 3 respectively. We also report the results of
different methods under 0% noise data (i.e., clean data) in Table 4.
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Table 3: Results under the Patterned Noise. | indicates the state-of-the-art LNL method is combined with the latest anti-

forgetting strategy of LSTKC.

Market-1501 CUHK-SYSU  DukeMTMC MSMT17 CUHKO03 Seen-Avg Unseen-Avg

Metric Method 100" 500 309 10% 20% 30% 10% 20% 30% 10% 20% 30% 10% 20% 30% 10% 20% 30% 10% 20% 30%
PTKP [2]  39.1 293 247 75.0 69.6 667 30.7 22.5 181 9.2 6.6 55 241 161 10.2 35.6 288 25.0 453 36.6 34.4
SELF[19] 33.5 29.6 23.6 713 71.2 67.8 33.2 285 184 114 93 63 44.0 354 247 387 348 282 487 440 383

o, PNET[21] 239 19.2 183 694 66.6 633 192 161 124 65 50 3.6 37.8 314 246 314 27.7 244 43.1 387 347
T OPNETT[21] 493 358 285 80.0 732 68.2 246 98 66 66 25 17 123 7.6 85 346 258 227 434 325 308
SELFT [19] 46.0 41.4 42.0 79.1 783 76.6 45.0 40.1 33.9 18.0 13.8 84 387 27.0 17.5 454 40.1 357 52.8 47.1 44.4
CKP(Ours) 50.1 46.9 44.1 81.0 79.9 78.9 47.2 45.2 43.1 18.3 17.1 15.7 41.9 39.9 36.6 47.7 45.8 43.7 57.3 54.4 51.1
PTKP [2] 646 55.2 51.2 784 733 71.0 49.2 40.8 348 265 21.4 183 24.2 156 9.1 486 413 369 40.0 310 29.0

® SELF[19] 610 560 48.1 743 743 719 53.9 47.1 337 30.6 275 195 44.6 37.0 257 52.9 48.4 39.8 41.6 383 32.9
% PNET [21] 487 41.1 402 72.9 703 67.2 349 29.6 240 19.7 155 12.1 38.9 315 254 43.0 37.6 33.8 37.8 33.1 29.1
PNETT [21] 72.2 59.8 51.4 82.6 76.5 72.0 40.6 19.8 151 184 83 60 111 7.2 73 450 343 304 368 27.1 250
SELFT [19] 71.0 66.1 67.0 81.3 81.1 79.9 64.9 59.3 53.5 415 347 23.9 40.9 269 16.9 59.9 53.6 482 459 40.8 385
CKP(Ours) 73.2 70.8 67.5 82.7 82.3 81.4 65.8 62.5 61.2 41.0 38.9 36.7 42.7 40.8 37.0 61.1 59.1 56.8 50.1 47.5 44.6

Table 4: Results under the No noise. " indicates the LNL method is combined with the anti-forgetting strategy of the LReID

method LSTKC.
Noise Tvpe Method Reference Market1501 CUHK-SYSU DukeMTMC MSMT17 CUHKO03  Seen-Avg Unseen-Avg
yp mAP R@1 mAP R@! mAP R@! mAP R@! mAP R@1 mAP R@! mAP R@1
0% - Joint-Train - 753 90.1 845 860 669 816 31.6 571 585 614 634 752 552 482
LwF [9] T-PAMI'17 563 77.1 729 751 29.6 465 6.0 166 36.1 37.5 402 50.6 47.2 42.6
PatchKD [14] ACM MM’22 68.5 85.7 756 786 338 504 65 17.0 341 36.8 437 537 49.1 454
LRelD KRKC [22] AAAT23 398 653 759 783 351 532 7.8 21.0 57.9 59.7 433 555 53.6 48.2
PTKP [2] AAAT'22 548 757 815 839 447 626 159 363 47.1 484 488 614 56.7 50.1
LSTKC [17] AAAT'24 547 760 81.1 834 494 662 20.0 432 447 465 50.0 63.1 57.0 49.9
0% PNET [21] TIFS’20 273 512 59.6 629 275 461 7.7 209 49.2 50.6 343 463 427 346
LNL SELF [19] TIP’21 335 579 663 688 344 537 107 273 505 521 39.1 52.0 464 39.0
CORE [19] TIP’21 37.8 643 769 795 381 57.8 149 362 465 489 428 573 53.6 46.6
DICS [38] CVPR23 232 44.6 471 488 21.8 391 52 145 375 379 269 37.0 38.6 317
PNET' [21] TIFS’20 565 77.5 81.0 830 504 67.5 17.8 398 41.0 415 493 619 567 493
SELF' [19] TIP 21 524 743 80.1 824 487 662 193 423 457 477 492 62.6 567 49.8
Noisy CORE' [19] TIP’21 524 750 81.1 829 481 65.6 197 427 453 46.8 493 62.6 55.8 48.0
LReID DICST [8] CVPR’23 482 724 815 839 428 619 181 424 288 297 439 581 53.1 469
LCNL'[18] [JCV’24 535 754 802 820 499 68.1 187 412 439 454 492 624 56.0 487
CKP(Ours) - 53.8 760 81.2 830 497 67.0 184 408 44.1 458 494 625 58.0 51.0

Comparison with More Existing Methods under Noisy
Data As shown in Table 2 and Table 3, we additionally compare
with LReID method PTKP[2] and LNL method PNET [21], SELF [21].
The results show that our model achieves superior performance on
each individual dataset and outperforms the existing methods sig-
nificantly across different noise ratios under both random and pat-
terned noise. In particular, compared to the best competitor SELF!,
our CKP achieves 16.0%/18.9%, 16.0%/14.3% average mAP/R@1
improvement in seen and unseen domains respectively under 30%
random noise in Table 2. Besides, 8.0%/8.6%, 6.7%/6.1% average
mAP/R@1 improvement is achieved in seen and unseen domains

respectively under 30% patterned noise in Table 3, compared to the
SELF'. Therefore, our model is more robust to noise data compared
to existing methods. This is because our CKP continually rectifies
the wrong labels and generates high-quality training data for new
knowledge learning, and our knowledge selection algorithm mit-
igates the erroneous old knowledge accumulation so that some
erroneous knowledge can be rectified by the new model.
Comparison with Existing Methods under Clean Data As
shown in Table 4, our CKP achieves comparable performance with
state-of-the-art method LSTKC [17] on seen domains, with only a
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marginal decline of 0.6%/0.6% average mAP/R@1. The slight infe-
riority in the seen domain results from the inherent trade-off in our
data purification and erroneous knowledge filtering designs, which
unavoidably lead to a slight loss of new knowledge. However, our
method exhibits state-of-the-art generalization performance on
unseen domains, surpassing LSTKC by 1.0% in average mAP and
1.1% in average R@1. This is because our data purification and erro-
neous knowledge filtering designs effectively filter out challenging
knowledge that is difficult for the model to learn. Consequently, this
mitigates overfitting to the seen domains and enhances the gener-
alization capacity of the model, resulting in improved performance
on unseen domains.

5 VISUALIZATION OF RETRIEVAL RESULTS

In this section, we visualize the person retrieval results of our model
and the state-of-the-art method CORE' on different seen and un-
seen datasets. Both models are trained with the NLReID bench-
mark under 30% random noise. The results of seen datasets Market-
1501 (Figure 1) CUHK-SYSU (Figure 2), MSMT17-V2 (Figure 3),
CUHKO3 (Figure 4) are visualized to show the acquisition and anti-
forgetting capability of the models. Besides, the results on unseen
datasets CUHKO1 (Figure 5), CUHKO2 (Figure 6), SenseReID (Figure
7), and VIPR (Figure 8) are visualized to show the generalization of
the models. The images in black boxes represent the input query
images, and the images in the green and red boxes represent the
correct and false retrievals respectively. The retrieval results are
arranged in descending order, from left to right, according to the
matching scores. The results show that in scenarios involving signif-
icant variations in human pose, viewpoint, and scenery, our model
could achieve more accurate retrieving, demonstrating the correct
knowledge acquisition and accumulation capacity of our proposed
method.
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(a) Ours (b) CORE '

Figure 1: Person retrieval results of on seen domain Market-1501.
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(a) Ours

Figure 2: Person retrieval results of seen domain CUHK-SYSU.
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(a) Ours

Figure 3:

ACM MM, 2024, Melbourne, Australia

(b) CORE "

Person retrieval results of seen domain MSMT17-V2.
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(a) Ours

Figure 4: Person retrieval results of seen domain CHUKO3.
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(a) Ours (b) CORE '

Figure 5: Person retrieval results of unseen domain CHUKO1.

ACM MM, 2024, Melbourne, Australia
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(a) Ours (b) CORE

Figure 6: Person retrieval results of unseen domain CHUKO02.
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(a) Ours (b) CORE '

Figure 7: Person retrieval results of unseen domain SenseRelD.
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(b) COR

Figure 8: Person retrieval results of unseen domain VIPR.

ET

Anonymous Authors

1335
1336
1337
1338
1339
1340
1341
1342
1343
1344
1345
1346
1347
1348
1349
1350
1351
1352
1353
1354
1355
1356
1357
1358
1359
1360
1361
1362
1363
1364
1365
1366
1367
1368
1369
1370
1371
1372
1373
1374
1375
1376
1377
1378
1379
1380
1381
1382
1383
1384
1385
1386
1387
1388
1389
1390
1391
1392



	1 Theoretical analysis of CLS
	2 Model Implementation Details
	3 Datasets Details
	4 Quantitive results
	5 Visualization of Retrieval Results
	References

