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In this supplemental materials, we provide more detailed analyses and results for the fully convolutional self-similarity
(FCSS) descriptor.

• In Sec. 1, we describe the detailed relationship of the FCSS descriptor with conventional local self-similariy (LSS)-
based descriptors [12, 8, 9].

• In Sec. 2, we describe the detailed configurations of network architecture in the FCSS descriptor.

• In Sec. 3, we provide the differentiability of convolutional self-similarity (CSS) layer in the FCSS descriptor in detail.

• In Sec. 4, we provide more results in four datasets, including that of Taniai et al. [16], Proposal Flow [5], the PASCAL
dataset [2], and Caltech-101 [4].
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1. The Relationship of the FCSS Descriptor with Conventional LSS-based Descriptors
In this section, we describe the relationship between the FCSS descriptor with conventional LSS-based descriptors, in-

cluding local self-similarity (LSS) [12], dense adaptive self-correlation (DASC) [8], and deep self-correlation (DSC) [9].
Generally, LSS-based descriptors aim to represent locally self-similar structure around a given pixel by recording the sim-
ilarity between certain patch pairs within a local window. Formally, they can be described as a vector of feature values
Di =

⋃
lDi(l) for l ∈ {1, ..., L}, where the feature values are computed as

Di(l) = maxj∈Ni exp (−S (Pj−sl , Pj−tl) /λ) , (1)

where S(Pi−sl , Pi−tl) is a self-similarity distance between two patches Pi−sl and Pi−tl sampled on sl and tl, the lth selected
sampling pattern, around center pixel i. To alleviate the effects of outliers, the self-similarity responses are encoded by non-
linear mapping with an exponential function of a bandwidth λ [1]. For spatial invariance to the position of the sampling
pattern, the maximum self-similarity within a spatial window Ni is computed.

Based on this basic framework, LSS has been formulated in various ways [12, 8, 9], using different self-similarity measures
S(Pi−sl , Pi−tl) and sampling strategies (sl, tl) for the patch pairs. Firstly, for measuring self-similarities S(Pi−sl , Pi−tl),
a simple sum of square differences (SSD) in LSS [12] or an adaptive self-correlation (ASC) in DASC [8] and DSC [9]
have been utilized. However, these hand-crafted similarity measure cannot provide a robustness no longer on problems
requirying high invariances, e.g., semantic correspondence. Secondly, for sampling patterns (sl, tl), center-biased sampling
patterns in LSS [12] or randomized sampling patterns in DASC [8] and DSC [9] have been employed. However, it is very
challenging to find out optimal sampling patterns for reliably describing structure to non-rigid deformations under intra-class
variations. Existing LSS-based methods are formulated with hand-crafted design, thus they have limited performance on
semantic correspondences. Unlike these methods, our descriptor formulate LSS in a fully convolutional architecture, where
self-similarity measure S(Pi−sl , Pi−tl) and the patch sampling patterns (sl, tl) are both learned in a end-to-end manner.
Table 1 summarizes the relationship of the FCSS descriptor with conventional LSS-based descriptors.

Methods Self-Similarity
S(Pi−sl , Pi−tl)

Sampling Pattern
(sl, tl)

Pooling Scheme Feature
Dimension

Computational
Time

LSS [12] sum of square
differences (SSD)

dense
center-biased

sampling patterns

max-pooling
within local

support-window
80 dim. 31s

DASC [8]
adaptive

self-correlation
(ASC)

sparse randomized
sampling patterns - 128 dim. 2.7s

DSC [9]
adaptive

self-correlation
(ASC)

dense randomized
sampling patterns

max-pooling
within local

support-window
585 dim. 9.2s

FCSS convolutional
self-similarity

semi-dense
learned sampling

patterns

max-pooling
within local

window
192 dim. 1.4s

Table 1. Relationship of the FCSS descriptor with conventional LSS-based descriptors. Computational time is measured in an image with
the size of 463× 370.
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2. Network Configurations in the FCSS Descriptor
In this section, we describe the detailed configurations of a network architecture in the FCSS descriptor, consisting of

multi-scale convolutional similarity layers, a set of two-stream shifting transformer layers, non-linear gating layers, and
max-pooling layers. Detailed configurations of the network architecture are summarized in Table 2.

The convolutional similarity network consists of eight convolutional layers. We used the ImageNet pretrained VGG-Net
[14] from the bottom conv1 to the conv3-4 layer, with their network parameters as initial values. Each convolutional layer
consists of 3× 3 convolutional kernels with different depths. To provide greater discriminativeness, two max-pooling layers
are followed with the stride 2 after conv1-2 and conv2-2 convolutional layers. Thus, the spatial resolution of convolutional
activation after conv1-2 is the 1/2 of origial spatial resolution of inputs. The spatial resolution of convolutional activation
after conv2-2 is the 1/4 of origial spatial resolution of inputs. All convolutional layers have non-linear gating with ReLUs,
except for last convolutional layer conv3-4.

Three CSS layers are located after conv2-2, conv3-2, and conv3-4. Before each CSS layer, convolutional activations are
normalized to have a L2 norm [15]. Each two-stream shifting transformer layer have 4 network parameters with source and
target sampling patterns, where each sampling patterns consists of x- and y-direction shifting parameters. Considering the
trade-off between efficiency and robustness, the number of sampling patterns is set to 64, thus the total dimension of the
descriptor is L = 192. After each two-stream shifting transformer layer, the responses are passed through a non-linear agting
layer defined in Eq. (11) to alleviate the effects of outliers. Furthermore, since the pre-learned sampling patterns used in the
CSS layers are fixed over an entire image, they may be sensitive to non-rigid deformation as described in [9]. To address
this, we perform the max-pooling operation within a spatial window Ni with the size of 2 × 2 centered at a pixel i. Finally,
since the intermediate activations are of smaller spatial resolutions than the original image resolution, we apply a bilinear
upsampling layer [11] after each CSS layer.

convolutional similarity net. shifting transform. net.
cnv1-1 cnv1-2 cnv2-1 cnv2-2 cnv3-1 cnv3-2 cnv3-3 cnv3-4 sfn1 sfn2 sfn3

kernel 3× 3 3× 3 3× 3 3× 3 3× 3 3× 3 3× 3 3× 3 4× 1 4× 1 4× 1
channel 64 64 128 128 256 256 256 256 64 64 64
stride 1 2 1 2 1 1 1 1 2 2 2
pad 1 1 1 1 1 1 1 1 1 1 1

pooling - max - max - - - - max max max
up-sam. - - - - - - - - bilin. bilin. bilin.
non-lin. ReLU ReLU ReLU ReLU ReLU ReLU ReLU - (11) (11) (11)

Table 2. Network architecture of the FCSS descriptor.

Algorithm 1 summarizes the FCSS network initialization.

Algorithm 1: Fully Convolutional Self-Similiarity (FCSS) Network
Parameters: The number of scales, the number of sampling patterns
/∗ ImageNet pretrained VGG-Net initialization ∗/

1 : Initialize convolutional similarity network Wc with ImageNet pretrained VGG-Net from the bottom conv1 to the
conv3-4 layers.
for k = 1 : 3 do

/∗ Convolutional Self-Similarity (CSS) Layer Level-k ∗/
2 : Normalize the intermediate convolutional activations with L2 normalization after Wk

c .
for l = 1 : 64 do

3 : Build two-stream shifting transformer layers with parameters Wk
s and Wk

t , with random initialization.
end for

4 : Build non-linear gating layer with parameters Wk
λ, max-pooling layer, and bilinear up-sampling layer.

5 : Normalize the responses with L2 normalization.
end for

6 : Concatenate all three responses after three CSS layers.
7 : Normalize the final responses with L2 normalization.

3



324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377

378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

CVPR
#2965

CVPR
#2965

CVPR 2017 Submission #2965. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

3. Differentiability of Convolutional Self-Similarity (CSS) Layer in the FCSS Descriptor
In this section, we provide more details of differentiability of CSS layer in the FCSS Descriptor. The inputs of CSS

layer is an intermediate convolutional activation Ai, the ourputs of CSS layer is the self-similarity as S(Pi−Ws
, Pi−Wt

) =
‖F(Ai;Ws)−F(Ai;Wt)‖2 = ‖Ai−Ws −Ai−Wt‖2.

First of all, the derivative of the final loss L with respect to S(Pi−Ws , Pi−Wt), i.e., ∂L/S(Pi−Ws , Pi−Wt), can be the
inputs of CSS when back-propagating the gradients of the final loss. This gradients can be transfered into two-stream shifting
transformer networks such that

∂L
∂Ai−Ws

=
∂L

S(Pi−Ws
, Pi−Wt

)
· 2(Ai−Ws

−Ai−Wt
), (2)

∂L
∂Ai−Wt

=
∂L

S(Pi−Ws , Pi−Wt)
· 2(Ai−Wt −Ai−Ws), (3)

Furthermore, to obtain the derivatives for the convolutional similarity layer and the shifting transformer layers, we compute
the Taylor expansion of the shifting transformer activations, under the assumption that Ai is smoothly varying with respect
to shifting parameters Ws:

Ai−Wn
s
=Ai−Wn−1

s
+ (Wn

s −Wn−1
s ) ◦ OAi−Wn−1

s

Ai−Wn−1
s

+ (Wn
sx −Wn−1

sx )OxAi−Wn−1
sx

+ (Wn
sy −Wn−1

sy )OyAi−Wn−1
sy

,
(4)

where Wn−1
s represents the sampling patterns at the (n−1)th iteration during training, and ◦ denotes the Hadamard product.

OAi−Wn−1
s

is a spatial derivative on each activation slice with respect to Ox and Oy. By differentiating (4) with respect to
Wn

sx , we get the shifting parameter derivatives as

∂Ai−Wn
s

∂Wn
sx

= OxAi−Wn−1
s

. (5)

By the chain rule, with n omitted, the derivative of the final loss L with respect to Wsx can be expressed as

∂L
∂Wsx

=
∂L

∂Ai−Ws

∂Ai−Ws

∂Wsx

. (6)

Similarly, ∂L/∂Wsy , ∂L/∂Wtx , and ∂L/∂Wty can be calculated.
Finally, the derivative of the final loss L with respect to Ai can be formulated as

∂L
∂Ai

=
∂L

∂Ai−Ws

∂Ai−Ws

∂Ai
+

∂L
∂Ai−Wt

∂Ai−Wt

∂Ai

=
∂L

∂Ai−Ws

+
∂L

∂Ai−Wt

,

(7)

since ∂Ai−Ws
/∂Ai is 1 on the pixel i−Ws. In this way, the derivatives for the CSS layer can be computed.
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4. More Results
In this section, we first represent the visualization of learned sampling patterns used in experiments, and then provide

the additional results for our FCSS descriptor compared to state-of-the-art handcrafted descriptors and recent CNNs-based
feature descriptors on Taniai et al. [16], Proposal Flow [5], the PASCAL dataset [2], and Caltech-101 [4].

Visualization of Learned Sampling Patterns Fig. 1 shows learned sampling patterns in convolutional self-similarity
(CSS) layer of FCSS descriptor. For an effective visualization, we followed the practice used in [3]. We stacked all sampling
patterns learnt from the Caltech-101 dataset [4] excluding testing image pairs used in experiments. A set of histogram bins
corresponding to the patch of sampling patterns are incremented by one, and they are finally normalized with the maximum
value. In low scale-level in Fig. 1(a) derived from the shallower convolutional layers, the density of sampling patterns tends
to be concentrated on the center, which provides the precise localization ability. In high scale-level in Fig. 1(c) derived from
the deeper convolutional layers, the sampling patterns can conver more large receptive fields within a support window, which
provides high robustness for intra-class appearance variations. In shows that the optimal sampling patterns on each scale are
learned in the FCSS descriptor.
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Figure 1. Visualization of learned sampling patterns in convolutional self-similarity (CSS) layer of FCSS descriptor.

Additional Results on Various Benchmarks Fig. 2 shows qualitative results compared to state-of-the-art correspondence
techniques on the Taniai benchmark [16]. Fig. 3 and Fig. 4 show comparison of dense correspondence for various feature
descriptor with fixed SF optimization [10] on the Taniai benchmark [16]. Fig. 5 show comparison of dense correspondence
for various feature descriptor with fixed SF optimization [10] on the Proposal Flow benchmark [5]. Fig. 6 show comparison
of dense correspondence for various feature descriptor with fixed SF optimization [10] on the PASCAL dataset [2]. Fig. 7
show comparison of dense correspondence for various feature descriptor with fixed SF optimization [10] on Caltech-101 [4].

(a) (b) (c) (d) (e) (f) (g) (h)
Figure 2. Qualitative results compared to state-of-the-art correspondence techniques on the Taniai benchmark [16]: (a) source image, (b)
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
source images were warped to the target images using correspondences.
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Figure 3. Comparison of dense correspondence for FG3DCar on the Taniai benchmark [16]. The results consist of warped target images
and correspondence flow fields overlaid with source images. (from top to bottom) source and target image pairs, SIFT [10], DAISY [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.
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Figure 4. Comparison of dense correspondence for JODS and PASCAL on the Taniai benchmark [16]. The results consist of warped target
images and correspondence flow fields overlaid with source images. (from top to bottom) source and target image pairs, SIFT [10], DAISY
[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.
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Figure 5. Comparison of dense correspondence on the Proposal Flow benchmark [5]. The results consist of warped target images and
correspondence flow fields overlaid with source images. (from top to bottom) source and target image pairs, SIFT [10], DAISY [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.
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Figure 6. Comparison of dense correspondence with color-coded part segments on the PASCAL-VOC part dataset [2]. The results consist
of warped target images and trasfered part segments overlaid with source images. (from top to bottom) source and target image pairs,
source and target part segment image, SIFT [10], DAISY [17], LSS [12], DASC [8], DeepD. [13], DeepC. [20], MatchN. [6], LIFT [19],
VGG [14], and FCSS.
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Figure 7. Comparison of dense correspondence with mask transfer on the Caltech-101 dataset [4]. The results consist of warped target
images and transfered mask overlaid with source images. (from top to bottom) source and target image pairs, source and target part segment
image, SIFT [10], DAISY [17], LSS [12], DASC [8], DeepD. [13], DeepC. [20], MatchN. [6], LIFT [19], VGG [14], and FCSS.
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