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Slow thinking: convert time to accuracy

AWe have two kinds of thinking modes. System 1 thinking is

qguick and instinctive; system 2 thinking is slower and rational.

Ar LLMs currently only have a
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Slow thinking and reranking

AHuman thinking models: fast thinking, slow thinking.

Almage retrieval system: initial search, reranking.
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A retrieval system gains intelligence
through reranking

AFor a new problem :
ARecall related information,
AReasoning,
ARemember the related knowledge for next use.

AWhen met it again:
ADirectly retrieve the previous approach.
A Solve it more efficiently.




Reranking for an image retrieval system

AWhen met an object:
A Reasoning and remember it if it is a first -met object.
A Recall it (where, when, what ) if the agent has seen it before.

ASpeed and accuracy.
AUser-friendly.
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Userfriendly image indexing and retrieval system.
d
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Pixel-level Interaction

Reranking techniques for an user-friendly retrieval system.
<
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Guoyuan An, Woo Jae Kim, Saelyne Yang, Rong Li, Yuchi Huo, and Sun-Eui Yoon. Towards content -based pixel retrieval in revisited
oxford and paris. In Proceedings of the IEEE/CVF International Conference on Computer Vision, pages 20507 {20518, 2023



An I1ssue of existing image retrieval

Almage retrieval

AA real-world image has several different objects with complex
background

ARetrieved ranking list contains false positive images
AUsers may be difficult to identify the query object from the ranking list
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Pixel retrieval

Almage retrieval
ASearch the images which contain the query object from the database

APixel retrieval
ASearch pixels that depict the query object from the database
ARetrieve, localize, and segment the target object from the database images
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An user study - setting

A40 participants on Prolific divided into 4 groups

A16 questions
AFind images that contain a given target among candidate images

ACompare the time taken to complete the task between the
two conditions

Image Retrieval . Pixel Retrieval |m?ge
retrieval

1 2 3 4 5 6 7 8 9 10 1M 12 13 14 15 16

Group1 B B 88 . 88

Group 2 - - . | A\
Group3 B [ O | . = L o /

Group 4 [ | [ | [ [l ] B B -



https://fascinating-marzipan-a99b4c.netlify.app/bwds

An user study - result

APixel retrieval help users to finish the task faster
Almage retrieval: mean=53.71s, std=80.08s
A Pixel retrieval: mean=37.07s, std=49.76s

ADifference is statistically significant
A T-test, p-value=0.00091

AParticipants responded that pixel retrieval annotations was helpful
A Mean = 6.375/7, std = 0.89


https://fascinating-marzipan-a99b4c.netlify.app/bwds

Benchmarks r data source

ARevisited Oxford and Paris
A Introduced in 2007, 2008. Refined in 2018
A 4996 images in Oxford, 6443 in Paris, and 1 million distractors

AMerit

A1: a popular benchmark in image retrieval
A 2: severe viewpoint changes, occlusions, and illumination changes

A 3: each query image contains up to hundreds of Bositive database
Images, while other datasets, such as UKBench[27] and Holiday [12], only
have 4 to 5 positive images for each query

Medium

up to hundreds of positive database images



Benchmark - Annotation

AMask annotation AQuality assurance
AQuery: researchers A 3 professional annotators
ADB images: annotators A3 steps

Annotator training

* How to confirm target object and its boundary (Fig.4 in appendix)
+ Detailed labeling instruction (Fig. 6 and 7 in appendix

_“Final mask -

Refine and inspect Refine and inspect
(annotator 2) (annotator 3)
chisagree dabout Disagree about
e boundary
If query mask has the boindary

problem ? .
(researchers)

Make the final decision and refine the boundary (researchers)

18



Benchmark - Metrics

APixel retrieval from database
AExisting image retrieval metric: mAP

ANew pixel retrieval metric: mAP@50:5:95

A An database image is true positive only if its  Intersection over
Union ( loU) is larger than a threshold n

A n is set from 0.5 to 0.95, with step 0.05

APixel retrieval from ground -truth query -index image pairs

AUse existing ranking/reranking methods and treat the remaining
process as one-shot detection/segmentation

AMetric: mean of mloU of all the queries, where mloU is the mean of
the loUs for all the ground -truth index images




- ststep:
" Matching

Existing approaches

Regional Aggregation

=

ARetrieval methods
A Spatial verification asicil
ADetect-2-retrieval e |

AOne-shot detection and segmentation

AOpen world localization
AHSNet, SSP, 0

. ADense matching
AGLWNet, WarpC, 0

+ Region Detection

Local Feature Extraction

However, they have to combined with

» retrieval methods to achieve pixel

retrieval.
20




Qualitative results

A unsatisfied performance
on hard cases.

Hard case

Ground truth

DELG+SP

D2R+Faster-

RCNN+ASMK

Owl-vit

SSP

WarpCGLUNet

Easy case

Easy case

Hard case




Ground
truth

DELG+SP

D2R+

Faster-RCNNJ /1]

+ASMK

Hard case
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Ground
truth

Owl-vit

SSP

Easy case

b A e

Hard case
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Medium Hard
Method PROxf PRPar PROxf PRPar Average
D | S D ] S D | S D ] S
Retrieval and localization unified methods
SIFT+SP [27] 26.1 109 242 9.7 18.2 13 19.3 1.8 1544
e S e DELF+SP [24] 43.7 20.0 40.7 16.7 332 13.9 322 124 26.60
DELG+SP [4] 44.1 19.7 40.1 16.5 348 145 31.2 11.7 26.57
D2R [35]+Resnet-50-Faster-RCNN+Mean 20.2 - 29.6 - 16.7 . 274 - .

D2R [35]+Resnet-50-Faster-RCNN+VLAD [16] 25.8 - 375 - 21.6 . 355 -

D2R [35]+Resnet-50-Faster-RCNN+ASMK [36] 26.3 - 385 - 21.6 . 35.6 -

D2R [35]+Mobilenet-V2-SSD+Mean 19.7 - 259 - 20.1 . 279 -

D2R [35]+Mobilenet-V2-SSD+VLAD [16] 23.1 - 33. - 209 . 33.6 -

D2R [35]+Mobilenet-V2-SSD+ASMK [36] 224 - 34.0 - 20.8 - 33.1 -

Detection methods

A . OWL-VIT (LiT) [22] 114 - 18.0 - 6.3 . 15.0 -

0S2D-v2-trained [25] 10.5 - 13.7 - 11.7 . 14.3 -

NO Slngle methOd 0S2D-v1 [25] 7.0 - 85 - 8.7 . 9.2 -

0S2D-v2-init [25] 13.6 - 154 - 14.0 . 15.1 -

OUtperformS a” Others Segmentation methods
SSP (COCO) + ResNet50 [11] 19.2 345 31.1 48.7 15.1 253 208 41.7 30.68
across all test protocols SSP (VOO) + ResNets0 [11] o7 | 33 | 314 | 8 | 161 | 261 | 303 | w04 | 08
. . HSNet (COCO) + ResNet30 [21] 234 32.8 374 41.9 21.0 25.7 34.7 36.5 31.67
A MEthOdS Wlth hlgh aCCUI’acy HSNet (VOC) + ResNet50 [21] 21.0 29.8 314 39.7 17.1 232 29.7 34.9 2835
HSNet (FSS) + ResNet50 [21] 30.5 357 394 40.2 227 25.1 34.7 328 32.64
are usual |y SIOW Mining (VOC) + ResNet50 @] 18.3 30.5 29.6 42.7 15.1 214 28.1 343 27.50
Mining (VOC) + ResNetl101 [46] 18.1 28.6 295 40.0 14.2 204 28.2 344 26.68
Dense matching methods

GLUNet-Geometric [39] 18.1 132 228 15.2 1.7 4.6 133 7.8 12.84
PDCNet-Geometric [40] 29.1 24.0 30.7 21.9 204 15.7 20.6 12,6 21.87
GOCor-GLUNet-Geometric [38] 30.4 26.0 334 25.6 20.8 16.0 19.8 133 23.16
WarpC-GLUNet-Geometric (megadepth) [41] 31.3 254 36.6 27.3 21.9 15.8 26.4 17.3 25.25
GLUNet-Semantic [39] 18.5 144 224 15.6 8.7 56 12.8 7.8 13.22
WarpC-GLUNet-Semantic [4]] 27.5 214 36.8 25.7 18.5 11.9 283 17.6 23.46

Pixel retrieval from ground -truth query -index image pairs

PROXT PROX[+RIM PRPar PRPar+RIM
M | H M | H M | H M | H
Image retrieval: DELG initial ranking [4] + HD reranking [[]

DELG + SP [4] 396 | 305 | 360 | 282 | 348 | 202 | 347 | 195

Pixel D2R+Fasterr RCNN+ASMK [35] | 30.1 | 235 | 305 | 220 | 263 | 253 | 257 | 249

ettioval OWL-VIT [22] 123 | 66 | 121 | 136 | 79 76 79 78
—— S s e I S st} ety 6233 s
methods WarpCGLUNet [41] 312 | 326 | 315 | 317 | 341 | 273 | 343 | 281 | 181.64s

Pixel retrieval from database




No single method outperforms all others across all test protocols

Medium
Method PROxf PRPar PROxf PRPar Average
D S D | S D | S D S
Retrieval and localization unified methods
SIFT+SP [27] 26.1 10.9 24.2 9.7 18.2 7.3 19.3 7.8 15.44
DELF+SP [24] d 20.0 40.7 16.7 139 322 124 26.60
DELG+SP [4] 19.7 40.1 16.5 14.5 312 11.7 26.57
D2R [35]4+Resnet-50-Faster-RCNN+Mean = - 29.6 - : . 274 - -
D2R [35]+Resnet-50-Faster-RCNN+VLAD [16] 25.8 - 37.5 - 21.6 355 - -
D2R [35]+Resnet-50-Faster-RCNN+ASMK [36] 26.3 - 38.5 - 21.6 35.6 - -
D2R [35]+Mobilenet-V2-SSD+Mean 19.7 - 259 - 20.1 279 - -
D2R [35]+Mobilenet-V2-SSD+VLAD ([16] 23.1 - 33. - 20.9 33.6 - -
D2R [35]+Mobilenet-V2-SSD+ASMK [36] 224 - 34.0 - 20.8 33.1 - -
Detection methods
OWL-VIT (LiT) [22] 114 - 18.0 - 6.3 15.0 - -
0S2D-v2-trained 1?;5] 10.5 - 13.7 - 11.7 143 - -
0S2D-v1 [25] 7.0 - 8.5 - 8.7 9.2 - -
0OS82D-v2-init [25] 13.6 - 154 - 14.0 15.1 - -
Segmentation methods
SSP (COCO) + ResNets0 [11] 102 345 310 = 15.1 208 30.68
SSP (VOC) + ResNet50 il_'] 19.7 343 314 16.1 26.1 30.3 30.89
HSNet (COCO) + ResNet50 [21] 234 32.8 374 a3 m 21.0 — 34.7 36.5 31.67
HSNet (VOC) + ResNet50 [21] 21.0 0 8 314 39.7 17.1 23.2 29.7 349 2
HSNet (FSS) + ResNet50 [21] 30.5 394 40.2 227 25.1 34.7 328
Mining (VOC) + ResNet50 [46] 18.3 L 29.6 427 15.1 214 28.1 343 i
Mining (VOC) + ResNet101 [46] 18.1 28.6 29.5 40.0 14.2 204 28.2 344 26.68
Dense matching methods
GLUNet-Geometric [39] 18.1 13.2 22.8 15.2 1.7 4.6 13.3 7.8 12.84
PDCNet-Geometric [40) 29.1 24.0 30.7 21.9 204 15.7 20.6 12.6 21.87
GOCor-GLUNet-Geometric [38] o 304 26.0 334 25.6 20.8 16.0 19.8 13.3 2316
WarpC-GLUNet-Geometric (megadepth) [41] 31.3 254 36.6 273 219 15.8 26.4 173 25.25
GLUNet-Semantic [39] 18.5 14.4 224 15.6 8.7 5.6 12.8 7.8 13.22
WarpC-GLUNet-Semantic [41] 27.5 214 36.8 25.7 18.5 11.9 283 17.6 23.46

Pixel retrieval from ground -truth query -index image pairs

25



A Methods with high accuracy are slow

PROxf PROxt+RIM PRPar PRPar+R1M
M | H M | H M H M | H
Image retrieval: DELG initial ranking [4] + HD reranking [[]

DELG + SP |4] Wwea I ans 1T o I 299 [ 240 1 202 1 247 1 108
. D2R+Faste-RCNN+ASMK [35] | 30.1 | 235 | 305 | 220 | 263 | 253 | 257 | 249
l'xeal OWL-VIT [22] 174 1 6AA | 121 | 14A | 79 | fA |ty | IR
rl;?;f:dq SSP [11] 330 | 297 | 357 | 305 | 464 | 372 | 456 | 372
) WarpCGLUNet [41] | SLL | 340 | S0 | SN | AL | L0 | 34 | s

Pixel retrieval from database

The objective should be to develop a method that
achieves both high accuracy and rapid processing speed.

26



Database management

ABackground

AOrdinary graph diffusion
AHypergraph diffusion
AResult

2
o [NeurlPS 21]
update R
o :
support
Y1z
Fast and accurate retrieval
Guoyuan An, Yuchi Huo, and Sun-Eui Yoon. Hypergraph propagation and community selection for objects retrieval. Advances in

Neural Information Processing Systems, 34, 2021

Guoyuan An, Yuchi Huo, and Sun-Eui Yoon. Accurate and Fast Pixel Retrieval with Spatial and Uncertainty Aware Hypergraph
Diffusion. To submit



Background - Diffusion

Alnitial search: ranking the database images based on their visual similarity

. even though the images of the sequence contain the same
object, the global visual texture may seem completely different after a
certain point

ADiffusion performs similarity propagation to improve the performance

e (query) 30



Ordinary graph diffusion

AEach image is represented as a node
ACan not localize the target object

33



Hypergraph diffusion

A We treat each local feature as a node, and connect these nodes using hyperedges
A The matching of local features are found by spatial verification  offline
A We can quickly localize the target object online

[ Count # of inliers ]

34




Hypergraph diffusion

Final ranking vector of all images

/ Aggregation function

Ordinary graph diffusion Hypergraph diffusion

G 0Q O O(0O)Hd” 6 QW
Diffusion process Hprraraphld/ﬁ‘us/on process
Initial rank|ng vector of all images Initigl ranking vector of all local features
Final ranking vector of all images Final ranking vector of all local features
Y1 Y2 y4)s Y7
Y3 Yo Vs Yo g
el e
Intra-image
Hyperedge
@
Inter-image
Hyperedge
PRSP TA NN NS STy e; E_ __________________________ i
: :x \;x3 True Positive | e; ydf—si’:yd,—o Yo True Positive !
= e 1 Y1 *Y1-3 ! |
L e X5 _False bositive) Y12 'Y7-8 Y10-11 True Negative|
" Xg by B8990 = 07 S E o enae

(a) Ordinary Graph Propagation (b) Hypergraph Propagation 35



Hypergraph diffusion can even
Improve the image level performance



Problem

ASome works observed that diffusion degrade the retrieval

performance of the hard cases.
Performance degrades
ﬂ 0'15‘11 _ 0.02 «— MAP

0.80\
)

before diffuston before diffusion before diffusion

Radenovih 8 %AZLZEAEAT O $EAZAZOCEIT 11 2ACEIT -ATE&E 1 AOd 2AAT OAOET ¢ 3i Ai1l |/ AEAAOO xEOE #iiPAAO #.. 2APOAOAT OAOGEI 1 Oh #6
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Where does diffusion fall short?

ADiffusion is used for solving the manifold problem

AHowever, if the dataset is difficult, some images in a manifold may
not contain a same object

AThus, diffusion inevitably includes false positives

LT e Wl —— false positives

38



Hypergraph diffusion settles this issue

39



Hypergraph diffusion settles this issue




Quantitative result - Image retrieval

A The bestimage level accuracy

TABLE I: Results (% mAP) on the ROx[/RPar datasets and their large-scale versions ROx{+1M/RPar+1M, with both Medium
and Hard evaluation protocols. Bold number indicates the best performance, and underline indicate the second and third one.

ROx[ ROx[+R1M RPar RPar+R1M
Method M | H M | H M | H M [ H
Using standard DELG features
Global scarch [4] 76.3 55.6 63.7 375 86.6 72.4 70.6 46.9
Spatial verification IHI 81.2 64.0 69.1 47.5 87.2 72.8 i Bl 48.7
Average QE [§] 772 57.1 68.5 43.0 87.6 74.3 754 54.8
Average QE with decay [[13] 78.4 58.0 70.4 44.7 88.2 75.3 76.2 56.0
a QE [31] 65.2 432 57.0 30.2 91.0 81.2 81.0 64.1
Diffysion [15] 81 0 50 3 (630 3R 7 oL4 R2 7 80 0 4.9
Advanced reranking methods
LAUQE [14] 734 49.6 58.3 31.0 86.3 70.6 67.3 424
LAuDBA+LAUQE [14] 74.0 54.1 60.0 36.3 87.8 74.1 70.5 48.3
SAA [26] 78.2 59.1 61.5 38.2 88.2 753 71.6 51.0
GSS [171+SAA [26] 79.3 62.2 62.1 423 90.7 80.0 85.1 70.3
Diffusion [15]+SAA [26] 76.3 57.8 66.2 424 90.2 81.2 86.3 754
Advanced deep learning models fine-tuned using SfM
HOW (R50) [37] 78.3 55.8 63.6 36.8 80.1 60.1 584 30.7
FIRe (R50) [43] 81.8 61.2 66.5 40.1 853 70.0 67.6 429
Advanced deep learning models fine-tuned using GLD
D2R-DELF-ASMK (R50) [33] 76.0 524 64.0 38.1 80.2 58.6 59.7 29.4
Token (R101) [45] 77.8 60.1 66.7 43.1 87.9 74.7 75:2 53:2
DOLG (R101) mj] 78.4 58.6 75:5 524 88.5 754 783 61.9
SOLAR (R101) [23] 81.6 63.3 71.8 453 88.2 752 729 51:3
SpCa-cro (R50) I@I 79.9 59.3 72.8 493 87.4 73.1 78.0 58.3
SpCa-cat (R50) [4§] 81.6 61.2 73.2 48.8 88.6 76.2 78.2 60.9
SpCa-cro (R101) [48] 82.7 65.6 77.8 534 90.2 79.3 79.1 65.8
SpCa-cat (R101) [48] 83.2 65.9 77.8 533 90.6 80.0 79.5 65.0
CFCD-3 scales (R50) [51] 82.5 63.6 27 48.5 89.6 78.1 789 60.1
CFCD-3 scales (R101) [Ell 84.1 67.8 74.7 54.1 91.0 81.2 822 65.5
CFCD-5 scales (R50) [51] 824 65.1 73.1 50.8 91.6 81.7 81.6 62.8
CFCD-5 scales (R101) [51] 85.2 70.0 74.0 52.8 91.6 81.8 82.8 65.8




Quantitative result r pixel retrieval

A High accuracy
A Much faster than other approaches

PROx [ PROx{+R 1M PRPar PRPar+RIM
M H | M | H M H M | H

Image retrieval: DELG initial ranking [4] + HD reranking [[I]
DELG + SP [A] 396 | 305 | 360 | 282 | 348 | 202 | 347 | 195
Pixel D2R+Fuslcr-RCNN+IA_SMK [35] 30.1 23.5 30.5 22.0 26.3 253 25.7 249
7 OWL-VIT ]I._’Z;I 12.3 6.6 12.1 13.6 7.9 7.6 79 7.8
‘ SSP [11] 33.0 29.7 X, - F s 30.5 46.4 37.2 45.6 372
Hcinegs WarpCGLUNet [41] 312 | 326 | 315 | 317 | 341 | 273 | 343 | 28.1
HD 26.9 39.7 25.3 33.1 43.7 39.6 43.8 38.9

41.22s
0.11 s
206.21s
62.33 s

0Os
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Qualitative result

A For each query, we correctly only accept the true positive (TP) and reject the false positive
(FP) in the initial ranking list.

TP__FP

Ordinary graph edge

Hyperedge 1

Ordinary graph edge
ﬁ -

Hyperedge ‘

Ordinary graph edge

Ordinary graph edge
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Ordinary graph edge
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Ordinary graph edge
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Qualitative result

A Compared with direct spatial verification , our hypergraph diffusion

images to get better localization result.

Target database image

L

“Easier” image

“Easier” images

Kl
“Easier” imaies Target database image
| ! m

3

Pt

Target database image

Target database image|

Query Target database image

“Easier” images

Target database image]

Spatial verification

Hypergraph diffusion

can utilize the easier
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Viewpoint

Spatial verification

HD

ST MEEIZIC AT

R | ma gTarget database image
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Hlumination

Spatial verification

HD (ours)
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i ma glarget database image
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Contributions

AWe present the first work to apply diffusion to local features.

ABy employing hypergraph diffusion on local features, we
effectively mitigate the false -negative issue prevalent in
existing diffusion methods.

AOur approach achieves state -of-the-art performance in both
Image-level and pixel -level retrieval, excelling in terms of

speed and accuracy.



Deal with new object

ASpatial verification issue
ATopological verification

Oee/
Oé/é W

[NeurlPS 23] N3
g;__ % - update
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; AT ’ support

&
Convert time to accuracy

Guoyuan An, Juhyung Seon, Inkyu An, Yuchi Huo, Sung-Eui Yoon. Topological RANSAC for instance verification and retrieval without
fine -tuning. Advances in Neural Information Processing Systems, 36, 2023



Are they the same object?

Alt is a problem that is easy for human but difficult for machine.

AEven the best fine -tuned models trained on the vast GLD with 4.1
million images have yet to reach human -level accuracy on ROxford
and RParis

53



Spatial verification

A Matching in 1 st step has inliers and outliers
A Can use a homography matrix (H) to describe the spatial configuration change between point
locations in different views
Aw ®z0
A But we do not know the H
A Solution: repeatedly sample H, and select the one with the highest number of inliers.

AlfwO @ -,thematching for w % ¢ Q is ainlier
A This process is called random sample consensus (RANSAC)

(=L step:
|| Matching

[ Count # of inliers J

25



Planar assumption of spatial verification

Al f PS i s 8,usingH,mwe fintl wrong o instead of
correct w

S 7
/\
//

H I

X

V'I‘P.M)I S /lﬁ l/
/ 1ewL
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The consequence of planar assumption

AThe real world object is 3D
AThe planar assumption leads to wrong matchings in complex cases

L ; " 5y é
R A .

——— Wrong verification result
— Correct verification result 57



Solution: topological consensus

AParts of an object that are connected should remain so, even
when the viewpoint changes

AAny two patches in an object should have a path to be connected
AThis assumption holds true for 3D objects

58



Solution: topological consensus

ADivide an image into many patches

AVerify each patch pair
AVerify the topological consensus among the verified patches

Generated

59



Result

A Best accuracy among methods using SIFT features

A Performance improvement than spatial verification (SP) when using fine -tuned features
A Better than the famous pre -trained CLIP and SuperPoint

A Comparable to the famous fine -tuned models GeM

using fine -tuned DELG feature



