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133 1. The Relationship of the FCSS Descriptor with Conventional LSS-based Descriptors :Ei
110 In this section, we describe the relationship between the FCSS descriptor with conventional LSS-based descriptors, in- 164
111 cluding local self-similarity (LSS) [12], dense adaptive self-correlation (DASC) [8], and deep self-correlation (DSC) [9]. 165
112 Generally, LSS-based descriptors aim to represent locally self-similar structure around a given pixel by recording the sim- 166
113 ilarity between certain patch pairs within a local window. Formally, they can be described as a vector of feature values 167
114 D; =, Di(l) forl € {1,..., L}, where the feature values are computed as 168
115 169
116 D;(l) = maxjen;, exp (=8 (Pj—s,, Pj—t,) /A) » (1 170
117 171

lth

where S(P;_s,, P;—4,) is a self-similarity distance between two patches P;_, and P;_;, sampled on s; and t;, the [*" selected

118 172
119 sampling pattern, around center pixel 7. To alleviate the effects of outliers, the self-similarity responses are encoded by non- 173
120 linear mapping with an exponential function of a bandwidth A [1]. For spatial invariance to the position of the sampling 174

121 pattern, the maximum self-similarity within a spatial window N; is computed. 175
Based on this basic framework, LSS has been formulated in various ways [ 12, 8, 9], using different self-similarity measures

122 S(P;—s,, Pi—¢,) and sampling strategies (s;, ;) for the patch pairs. Firstly, for measuring self-similarities S(P;—s,, Pi—¢, ), :;3
124 a simple sum of square differences (SSD) in LSS [12] or an adaptive self-correlation (ASC) in DASC [8] and DSC [9] 178
125 have been utilized. However, these hand-crafted similarity measure cannot provide a robustness no longer on problems 179
126 requirying high invariances, e.g., semantic correspondence. Secondly, for sampling patterns (s;, ¢;), center-biased sampling 180
127 patterns in LSS [12] or randomized sampling patterns in DASC [8] and DSC [9] have been employed. However, it is very 181
128 challenging to find out optimal sampling patterns for reliably describing structure to non-rigid deformations under intra-class 182
129 variations. Existing LSS-based methods are formulated with hand-crafted design, thus they have limited performance on 183
130 semantic correspondences. Unlike these methods, our descriptor formulate LSS in a fully convolutional architecture, where 184
131 self-similarity measure S(P;_s,, P;_¢,) and the patch sampling patterns (s;,;) are both learned in a end-to-end manner. 185
132 Table | summarizes the relationship of the FCSS descriptor with conventional LSS-based descriptors. 186
133 —_— - - 187
134 Methods Self-Similarity Sampling Pattern Pooling Scheme Featur.e Compgtatlonal 188
135 S(Pi—s,, Pi—y,) (s1,t1) Dimension Time 189
136 dense max-pooling 190
137 LSS [17] di;?eigiessl(l;g;)) center-biased within local 80 dim. 31s 191
138 sampling patterns support-window 192
139 adaptive . 193
140 DASC[S]  selt-correlation Spars‘i.rand"mlzed - 128 dim. 2.7 194
a1 (ASC) sampling patterns .
142 adaptive . max-poolin 196
143 DSC [9] self-cofrelation dense .randomlzed withil; localg 585 dim. 9.2s 197
sampling patterns .
144 (ASC) support-window 198
145 . semi-dense max-pooling 199
146 FCSS convqlugogal learned sampling within local 192 dim. 1.4s 200
self-similarity .
147 patterns window 201
148 Table 1. Relationship of the FCSS descriptor with conventional LSS-based descriptors. Computational time is measured in an image with 202
149 the size of 463 x 370. 203
150 204
151 205
152 206
153 207
154 208
155 209
156 210
157 211
158 212
159 213
160 214
161 215
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2:3 2. Network Configurations in the FCSS Descriptor Z:’
218 In this section, we describe the detailed configurations of a network architecture in the FCSS descriptor, consisting of 272
219 multi-scale convolutional similarity layers, a set of two-stream shifting transformer layers, non-linear gating layers, and 273
220 max-pooling layers. Detailed configurations of the network architecture are summarized in Table 2. 274
221 The convolutional similarity network consists of eight convolutional layers. We used the ImageNet pretrained VGG-Net 275
222 [14] from the bottom convl to the conv3-4 layer, with their network parameters as initial values. Each convolutional layer 276
223 consists of 3 x 3 convolutional kernels with different depths. To provide greater discriminativeness, two max-pooling layers 277
224 are followed with the stride 2 after conv1-2 and conv2-2 convolutional layers. Thus, the spatial resolution of convolutional 278
225 activation after conv1-2 is the 1/2 of origial spatial resolution of inputs. The spatial resolution of convolutional activation 279
226 after conv2-2 is the 1/4 of origial spatial resolution of inputs. All convolutional layers have non-linear gating with ReLUs, 280
227 except for last convolutional layer conv3-4. 281
228 Three CSS layers are located after conv2-2, conv3-2, and conv3-4. Before each CSS layer, convolutional activations are 282
229 normalized to have a Lo norm [15]. Each two-stream shifting transformer layer have 4 network parameters with source and 283
230 target sampling patterns, where each sampling patterns consists of x- and y-direction shifting parameters. Considering the 284
231 trade-off between efficiency and robustness, the number of sampling patterns is set to 64, thus the total dimension of the 285
232 descriptor is L = 192. After each two-stream shifting transformer layer, the responses are passed through a non-linear agting 286
233 layer defined in Eq. (11) to alleviate the effects of outliers. Furthermore, since the pre-learned sampling patterns used in the 287
234 CSS layers are fixed over an entire image, they may be sensitive to non-rigid deformation as described in [9]. To address 288
235 this, we perform the max-pooling operation within a spatial window N; with the size of 2 x 2 centered at a pixel 7. Finally, 289
236 since the intermediate activations are of smaller spatial resolutions than the original image resolution, we apply a bilinear 290
237 upsampling layer [ 1] after each CSS layer. 291
238 292
239 convolutional similarity net. shifting transform. net. 293
240 cnvl-1  cnvl-2 cnv2-1 cnv2-2  cnv3-1  cnv3-2  cnv3-3  cnv3-4 sfnl stn2 stn3 294
24 kernel | 3x3 3x3 3x3 3x3 3x3 3x3 3x3 3x3 | 4x1 4x1 4x1 295
242 channel 64 64 128 128 256 256 256 256 64 64 64 296
243 stride 1 2 1 2 1 1 1 1 2 2 2 297
244 pad 1 1 1 1 1 1 1 1 1 1 1 298
245 pooling - max - max - - - - max max max 299
246 up-sam. - - - - - - - - bilin. bilin. bilin. 300
247 non-lin. | ReLU ReLU ReLU ReLU ReLU ReLU ReLU - (11) (11) (1D) 301
248 Table 2. Network architecture of the FCSS descriptor. 502
249 303
250 Algorithm 1 summarizes the FCSS network initialization. 304
251 305
252 Algorithm 1: Fully Convolutional Self-Similiarity (FCSS) Network 306
253 Parameters: The number of scales, the number of sampling patterns 307
254 /* ImageNet pretrained VGG-Net initialization =/ 308
255 1: [Initialize convolutional similarity network W, with ImageNet pretrained VGG-Net from the bottom convl to the 309
256 conv3-4 layers. 310
257 for k=1:3do 311
258 /+ Convolutional Self-Similarity (CSS) Layer Level-k */ 312
259 2: Normalize the intermediate convolutional activations with Lo normalization after W¥. 313
260 for [ =1:64do 314
261 3: ‘ Build two-stream shifting transformer layers with parameters W* and W¥, with random initialization. 315
262 end for 316
263 4: Build non-linear gating layer with parameters W¥, max-pooling layer, and bilinear up-sampling layer. 317
264 5: Normalize the responses with Ly normalization. 318
265 end for 319
266 6 : Concatenate all three responses after three CSS layers. 320
267 7 :  Normalize the final responses with Ly normalization. 321
268 322
269 323
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22‘5‘ 3. Differentiability of Convolutional Self-Similarity (CSS) Layer in the FCSS Descriptor 2;2
326 In this section, we provide more details of differentiability of CSS layer in the FCSS Descriptor. The inputs of CSS 380
327 layer is an intermediate convolutional activation A, the ourputs of CSS layer is the self-similarity as S(P,—w,, Pi-w,) = 381
328 | F(A;; W) — F(A W2 = [|[Aimw, — Aimw, |- 382
329 First of all, the derivative of the final loss £ with respect to S(P;,—w_, Pi—w, ), i.e., 0L/S(Pi_w_, P,_w, ), can be the 383
330 inputs of CSS when back-propagating the gradients of the final loss. This gradients can be transfered into two-stream shifting 384
331 transformer networks such that 385
332 386
oL oL
333 = 2(A—w, —Ai—w,), (2) 387
334 aAi—Ws S(Pi—ws P P’i—Wt) 388
335 oL oL 389
336 5A =3 2(Ai-w, — Aiew,), 3) 390
337 i—W, (Pi-w., Pi-w,) 2o
338 Furthermore, to obtain the derivatives for the convolutional similarity layer and the shifting transformer layers, we compute 392
339 the Taylor expansion of the shifting transformer activations, under the assumption that A; is smoothly varying with respect 393
340 to shifting parameters W : 394
341 . - 395
342 Ai—wr =A,_wn-1 + (W — W2 o VA, wn—1 @ 396
343 A, et + (WL = WITH VA, ynos + (W) — W?y‘l)vyAi_W?yfl, 397
344 398
345 where W~ represents the sampling patterns at the (n — 1)!" iteration during training, and o denotes the Hadamard product. 399
346 VA, n-1 is a spatial derivative on each activation slice with respect to V, and V,,. By differentiating (4) with respect to 400
347 W , we get the shifting parameter derivatives as 401
348 402
349 OA; _wn 403
350 oWn VAt ) 404
351 B 405
352 By the chain rule, with n» omitted, the derivative of the final loss £ with respect to W_ can be expressed as 406
353 407
354 oL — 0L OAi-w, ) (6) 408
355 oW,  O0Ai_w, IW,, 409
356 .. 410
Similarly, 0L/OW_, OL/OW,_, and OL/OW,,_ can be calculated.
357 . Ly x LY 411
358 Finally, the derivative of the final loss £ with respect to A; can be formulated as 412
359 oL 0L O0A; w, n oL O0A;_w, 413
223 OA; ~ 0Ai_w. O0A; OAi_w, OA; o 2:
362 S + oL 416
363 OAi—w, OAiw, 17
364 since DA;_w,/OA, is 1 on the pixel i — W . In this way, the derivatives for the CSS layer can be computed. 418
365 419
366 420
367 421
368 422
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370 424
371 425
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432 4, More Results 486
433 487
434 In this section, we first represent the visualization of learned sampling patterns used in experiments, and then provide 488
435 the additional results for our FCSS descriptor compared to state-of-the-art handcrafted descriptors and recent CNNs-based 489
436 feature descriptors on Taniai et al. [16], Proposal Flow [5], the PASCAL dataset [2], and Caltech-101 [4]. 490
437 491
438 Visualization of Learned Sampling Patterns Fig. 1 shows learned sampling patterns in convolutional self-similarity 492
439 (CSS) layer of FCSS descriptor. For an effective visualization, we followed the practice used in [3]. We stacked all sampling 493
440 patterns learnt from the Caltech-101 dataset [4] excluding testing image pairs used in experiments. A set of histogram bins 494
m corresponding to the patch of sampling patterns are incremented by one, and they are finally normalized with the maximum 495
442 value. In low scale-level in Fig. 1(a) derived from the shallower convolutional layers, the density of sampling patterns tends 496
443 to be concentrated on the center, which provides the precise localization ability. In high scale-level in Fig. 1(c) derived from 497
444 the deeper convolutional layers, the sampling patterns can conver more large receptive fields within a support window, which 498
445 provides high robustness for intra-class appearance variations. In shows that the optimal sampling patterns on each scale are 499
446 learned in the FCSS descriptor. 500
447 501
448 1 1 1 502
449 o o o 503
450 0.7 0.7 0.7 504
451 06 06 06 505
452 o o o 506
453 03 03 03 507
5 5 -
455 0 0 0 509
456 (a) Scale 1 (b) Scale 2 (c) Scale 3 510
457 Figure 1. Visualization of learned sampling patterns in convolutional self-similarity (CSS) layer of FCSS descriptor. 511
458 512
459 Additional Results on Various Benchmarks Fig. 2 shows qualitative results compared to state-of-the-art correspondence 513
460 techniques on the Taniai benchmark [16]. Fig. 3 and Fig. 4 show comparison of dense correspondence for various feature 14
461 descriptor with fixed SF optimization [10] on the Taniai benchmark [16]. Fig. 5 show comparison of dense correspondence 515
462 for various feature descriptor with fixed SF optimization [10] on the Proposal Flow benchmark [5]. Fig. 6 show comparison 516
463 of dense correspondence for various feature descriptor with fixed SF optimization [10] on the PASCAL dataset [2]. Fig. 7 917
:Z: show comparison of dense correspondence for various feature descriptor with fixed SF optimization [10] on Caltech-101 [4]. :2
466 520
467 521
468 522
469 523
470 524
471 525
472 526
473 527
474 528
475 529
476 530
477 531
478 532
479 533
480 534
481 " S : o - . = 535
482 (@ (b) (© (d) (e) (€3] (h) 536
483 Figure 2. Qualitative results compared to state-of-the-art correspondence techniques on the Taniai benchmark [16]: (a) source image, (b) 537
484 target image, (c) DFF [18], (d) DSP [7], (e) Zhou et al. [21], (f) Taniai et al. [16], (g) Proposal Flow [5], and (h) FCSS w/PF [5]. The 538
485 source images were warped to the target images using correspondences. 539
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591 Figure 3. Comparison of dense correspondence for FG3DCar on the Taniai benchmark [16]. The results consist of warped target images 645
592 and correspondence flow fields overlaid with source images. (from top to bottom) source and target image pairs, SIFT [10], DAISY [17], 646
593 LSS [12], DASC [8], DeepD. [13], DeepC. [20], MatchN. [6], LIFT [19], VGG [14], VGG w/S-CSS, VGG w/M-CSS, and FCSS. 647
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699 Figure 4. Comparison of dense correspondence for JODS and PASCAL on the Taniai benchmark [16]. The results consist of warped target 753
700 images and correspondence flow fields overlaid with source images. (from top to bottom) source and target image pairs, SIFT [10], DAISY 754
701 [17], LSS [12], DASC [8], DeepD. [13], DeepC. [20], MatchN. [6], LIFT [19], VGG [14], VGG w/S-CSS, VGG w/M-CSS, and FCSS. 755
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808 correspondence flow fields overlaid with source images. (from top to bottom) source and target image pairs, SIFT [10], DAISY [17], LSS 862
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