On Train-Test Class Overlap and Detection for Image Retrieval
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BaCkground Model Development and CiDeR Pipeline BASE MEDIUM HARD
» Importance of Image Retrieval: Crucial for applications like search engines, e-commerce, and digital libraries. » Comparison of two-stage and single-stage pipelines: The CiDeR model’s single-stage pipeline integrates instance detection and METHOD TRAINSET 0 o o o = Oxt — R Oxf Topar | MEAN  DIFF
embedding extraction. mAP  mAP mAP mP@10 mAP mP@10 mAP mP@10 mAP mP@10
Problem Statement » Attentional Localization component: This process uses spatial attention to detect objects of interest and fuse the resulting tensors into Yokooetal. [10] ~ GLDv2-clean | 919 945 728 86.7 842 959 499 621 69.7 884 | 795 -54
. .- . . : : : T : , T ;
» Non-overlapping Training and Evaluation Sets: Essential to prevent inflated performance metrics and ensure true generalization. a single, localized feature tensor. Melweeanll (] eGdbmesien | Bel eei) s G el Bie S90Sl @0 s | e
SOLAR [~7] GLDv2-clean — — 79.7 - 88.6 - 60.0 - 75.3 - 75.9 -8
SOLAR [ 7]t RGLDv2-clean | 90.6 944 708 84.6 84.1 954 480 623 638.7 864 | 679
Motivation Stage 1: Instance Detection
| | N | ; GLAM [/¢] GLDv2-clean | 942 956 78.6 882 885 970 602 729 768 934 | 834 -41
» Dataset Issues: Google Landmarks v2 (GLDv2) dataset has class overlaps with evaluation sets, compromising evaluation robustness. Spatial Attention Map GLAM [ ] RGLDvV2-clean | 909 941 722 847 830 950 496 616 656 87.6 | 793
» Complex Methods: Current methods involve complex two-stage processes, increasing computational overhead. D = DOLG [] GLDv2-clean ~ _ 788 _ 878 _ 580 - 741 — 147 74
CNN s -— W1 DOLG [ “]T RGLDv2-clean | 88.3 939 70.8 853 832 954 474 600 679 874 | 67.3
Objective P A F¢ Token [~ 7] GLDv2-clean — - 83 - 756 - 666 - 786 - 75.8 -18.2
Localization Network = } — y: 2 Token [ ©]7 RGLDv2-clean | 843 900 614 764 758 940 369 552 544 810 | 57.6
» RGLDv2-clean: A new version of GLDv2, cleaned to remove class overlaps. Multiple \ S - =
- . —>® .
» CiDeR: An end-to-end, single-stage image retrieval pipeline that simplifies the process and requires no location supervision. Stage 2: Embedding for Retrieval Thresholds —Q ¢ » Comparison of RGLDv2-clean and GLDv2-clean datasets.
» Robust Evaluation: Ensuring accurate performance evaluation by removing class overlaps and enhancing retrieval efficiency. F ‘/l\fT
& P y & P & y XT; e METHOD TRAIN SET NET POOLING LoOSs FT E2E SELF DIM| BASE RMEDIUM  RHARD |MEAN
| OXF5K PAR6K ROxf RPar ROxf RPar|
E CNN Bl I Binary Mask LOCAL DESCRIPTORS
. . 5 = | Mask-based ! HesAff-rSIFT-ASMK*+SP [/]  SfM-120k R50 - - v - - - - - 606 614 367 350]| -
Contr|but|0n ]_ g C P Feafure M; M; Mr DELF-ASMK*+SP [ /] SfM-120k R50 - CLS v - - - | - - 678 769 431 554 -
o LOCAL DESCRIPTORS+D2R
Data Cleaning Process (a) Two-stage (b) One-stage
_ _ _ _ ) R-ASMK* [/7] NC-clean R50 -~ CLS,LOCAL v - | - - 699 787 456 517 | -
» Analysis of the Google Landmarks v2 dataset: ldentify and analyze duplicated images. R-ASMK*+SP [7] NC-clean R50 - CLS,LOCAL v - { - —~ 719 780 485 540 ‘ -
» Removal of overlapping landmarks with Revisited Oxford and Paris datasets using metadata and visual similarity. GLOBAL DESCRIPTORS
» Verification: Confirm that duplicates are removed accurately. DIR [+ ] SfM-120k  R101 RMAC TP v - - 2048] 790 863 535 683 255 424 592
Radenovic ef al. [ 10, 7] SfM-120k  R101  GeM SIA — - 2048| 87.8 927 647 772 385 563 | 69.5
AGeM [*] SfM-120k  R101  GeM SIA - - 2048] - -~ 670 781 407 573 | -
Global Decer . : : _ SOLAR [7] SfM-120k ~ R101  GeM TPSOS v - — 2048| 785 863 525 709 27.1 467 | 603
ebal Deacriptor DB (TrainSet) Spatial Attention Map: GLAM [ 7] SfM-120k  RI01  GeM AF ~ - 512| 897 911 662 77.5 395 543 | 69.7
GLDv2-clean A = n(¢( fE(F))) c Rwxh DOLG [*7] SfM-120k  R101 GeM,GAP  AF - - 512| 728 745 464 566 18.1 26.6 | 49.2
I _ _ _ _ _ . _ GLOBAL DESCRIPTORS+D2R
, » The spatial attention map equation calculates the attention map for an input feature tensor, normalizing it to a [0, 1] range. ,
Query (Evaluation Sets) Mei et al. [ ] [0] R101  FC CLS 4096| 384 - e
, CNN EVAL #EVAL IMG #DUPL EVAL #DUPL GLDV2 GID #DUPL GLDV2 IMG : C . Salvador et al. [17] Pascal VOC V16  GSP  CLS,LOCAL v s12| 679 729 - - - _— | -
RParis6k Feature Extraction Linear Normalization: ¥ . Chen et al. [] OpenlmageV4[17] RS0  MAC MSE v 2048| 502 652 - - - - | -
Y RPar 70 36 (51%) 11 1,227 (X) = — Inin c RUxh Liao et al. [] Oxford,Paris  A,V16 CroW CLSLOCAL 768 | 801 903 - - - - | -
ROxford5k ROx{ 70 38 (54%) 6 315 Y T max X — min X DIR+RPN [] NC-clean R101 RMAC TP v 2048 | 85.2 94.0 — — — — —
GLDv2-clean
! TExT ! 23 » The linear normalization equation transforms the input matrix to a normalized scale. CiDeR (Ours) SPM-120k  RI0I  GeM AF /v 2048] 899 920 673 794 424 575 714
Y CiDeR-FT (Ours) SfM-120k  R101  GeM AF Vv v v 2048| 926 951 762 845 589 689 | 79.4
TOTAL 140 74 18 1,565
N ANN DB Indexing Mask Generation: (
| ¥ l Statistical information about duplicate images/categories with (TROxf, M;(p) = ¢ B, if A(p) < > Performance Comparison of State-of-the-Art Methods on Existing Clean Datasets.
[ T .
Search RPar) and GLDV2. |1, otherwise
I Top-K Ranking » The mask generation equation creates a binary mask based on the attention map values, applying a threshold. BASE MEDIUM HARD
ey R TRAINING SET #IMAGES  #CATEGORIES Masked Feature Tensor: METHOD Ox5k Par6k| ROxf ROxf+RIM RPar RPar+RIM| ROxf ROxf+RIM RPar RPar +RIM
mAP mAP | mAP mP@10 mAP mP@10 mAP mP@10 mAP mP@10 | mAP mP@10 mAP mP@10 mAP mP@10 mAP mP@10
| Local Descriptor NC—Clean 27,965 581 Fg — H(Ml @ :F7 e MT @ F) c RthXd
Local Deseript Verificafi Sm 1201{ 117 369 713 GLOBAL DESCRIPTORS (SFM-120K)
oca eSC.l'l or . er1 1cation <« GID = ’ . . . . .
Extraction (MatchingRANSAC) GLDv2-clean 1 580.470 21313 » The masked feature tensor equation combines multiple feature maps using Hadamard products with the masks. DIR [ ] 700 863 1535 769 _ — 683 977 _ _ 1255 420 _ _ 14 836 _ B
i = ’ c Combination for Fusi Filip et al. [0, /] 87.8 927 |64.7 847 452 717 772 98.1 523 953 (385 53.0 199 349 563 89.1 247 733
Verification | onvex Combination for Fusion: AGeM [] - _ |0 - - - 7181 - - - |47 - - - 513 - - _
(Human manual inspection) ||  Removing Matched GID RGLDv2-clean (ours) 1,578,905 81,295 H(F Fr) — wiFy+ -+ wrkr SOLAR [ 7] 785 863 (525 736 - - 709 981 - - |271 414 -  — 467 836 - -
f b e+ wr GeM [ 7] 790 826 (540 725 - - 643 926 - - [258 422 - - 366 616 - -
A T R G Statistics of clean landmark training sets for image retrieval GLAM [/] 89.7 9111662 - - - TS = - B - 43 - - -
Matching 5 5 ' » The convex combination for fusion equation calculates the weighted sum of the masked feature maps. DOLG [*7] 72.8 745 |464 66.8 - - 566 91.1 - - 181 279 - - 266 626 - —
) CiDeR (Ours) 899 920 |[67.3 85.1 503 755 794 979 514 957 |424 564 224 359 575 871 224 694
Flowchart of the GLDv2-clean data cleaning process, including feature CiDeR-FT (Ours) 92.6 95.1 |76.2 873 60.5 78.6 845 980 569 959 [589 71.1 368 557 689 913 30.1 739
extraction, indexing, ranking, and verification steps. Visualization GLOBAL DESCRIPTORS (RGLDV2-CLEAN)
Yokoo et al. [(]T (Base) | 86.1 93.9 |64.5 81.0 51.3 721 841 954 542 903 |35.6 515 222 429 68.7 864 274 669
] AP ,- Visual Results SOLAR [ 7]t 90.6 94.4 |70.8 84.6 558 761 803 946 57.6 920 |480 623 303 453 618 839 307 716
S & . | WL - o of i ed b CDeR model f Ut OxSk /Par6k and o - . GLAM [/¢]} 90.9 94.1 722 847 586 761 830 950 58.6 917 |49.6 61.6 341 509 656 87.6 333 72.1
GL]?)algmlg- » Examples of top-5 ranking images retrieved by our CiDeR model from evaluation sets Oxb / arOK and assoclated spatial attention map DOLG [-]t 883 939 |70.8 853 573 176.8 832 954 573 92.0 |474 600 295 462 679 874 327 T2.4
vé-clean » The spatial attention map focuses exclusively on the object of interest as specified by the cropped area provided by the evaluation set, essentially Token [¢]7 812 89.6 [60.8 77.7 440 609 758 943 441 869 (373 541 232 377 548 813 19.7 544
ignoring the background. CiDeR (Ours) 89.8 94.6 [73.7 85.5 58.6 763 84.6 967 59.0 951 (549 66.6 34.6 547 685 891 33.5 76.9
. CiDeR-FT (Ours) 909 96.1 (778 88.0 618 78.0 874 97.0 616 943 |61.9 704 394 568 753 90.0 35.8 7T2.7
Training:
NC-clean _
» Large-Scale Performance Comparison on 'RGLDv2-clean and SfM-120k.
Training: =
SfM-120k Conclusion
» Emphasize the critical nature of non-overlapping training and evaluation sets.
Evaluation: /R Oxford Evaluation: ‘RParis Top-3 ) Top-4 | » Demonstrates the effectiveness of our data cleaning process.
Overlapping landmark images. Top-5 retrieved images with spatial attention maps » Summary of CiDeR’s advantages and performance improvements.




