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In this supplementary document, we present additional visual examples for
comparing our method with the state-of-the-art semantic matching algorithm [1].

1 Visual Comparisons

1.1 Forward-Backward Consistency

In Fig. 1 ~ Fig. 4, we demonstrate the effectiveness of the proposed forward-
backward consistency loss by visualizing the reprojection errors using the esti-
mated forward and backward transformations. We uniformly sample 100 pixel
coordinates in the source image, i.e., a 10 x 10 grid v, and mark them with red
circles. The geometric transformation T4 g is learned to match the source image
to the target image, while another transformation T4 is derived to match it
back. We then apply Tap and Tpa in order to each of the sampled points to
obtain the reprojected points u marked with green circles, namely,

UZTBA(TAB(V)). (1)

The yellow line links the red and green circles represents the distance (loss)
between the linked points. It can be observed that introducing the proposed
forward-backward consistency loss greatly reduces the reprojection errors, hence
improving semantic matching.
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Fig.1: Visualization of the effect of the forward-backward consistency.

ACCV2018
4632

074
075
076
077

079
080
081
082
083
084
085
086
087
088
089



ACCV2018
#632

(a) Source

CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.
ACCV-18 submission ID 632

(b) Target

= WS

SN\ N

NG i —

e S —

[ AT ——
RS

e L NN N

2T TUSE

(C) Baseline [1]

s
e 7 s

i il i 5 (e
o T O L -
- [T A Ny
—— e N & SN

—~>y v :EQ
- T
SIS

SR

. Rt )

- ,-5.'..7-.---\\\
- s e \\i\

3

Fig. 2: Visualization of the effect of the forward-backward consistency.
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Fig. 3: Visualization of the effect of the forward-backward consistency.
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1.2 Image Alignment

We compare the method in [1] and the proposed method for image alignment. For
each image pair (14, I5), each method estimates a geometric transformation T4 g
which warps image I4 to I4 so that 4 and I are well aligned. The alignment
results are displayed with the GIF files collected by an html file. Please refer to
“warp.html” for the visual results.

1.3 Average Images within Object Category

Let D = {I;}¥, denote a set of images covering object instances of a specific
category, where I; is the i*" image and N is the number of images. For each
source image 4 € D, the geometric transformation T4 can be estimated for
each other image Iz € D. We warp each I based on the geometric transfor-
mation Tp4 and then compute the average warped image I,,4 by averaging all
the warped images. We present the visual comparisons among three different
methods: Average, Baseline [1], and Ours. For the “Average” method, we di-
rectly compute the average image over all images {Ig} without applying any
geometric transformations. As can be seen in Fig. 5 and Fig. 6, the average im-
ages by method “Average” do not align the source images. Compared with the
competing method [1], our method can better align the given source images, and
the resultant average images look sharper.
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1.4 More Results of Semantic Correspondence

We display more results of semantic matching on the PF-PASCAL dataset in
Fig. 7 and Fig. 8, where our method establishes more accurate correspondences
than the competing method [1].

(a) Source (b) Ground Truth (C) Baseline [1] (d) Ours

Fig.7: Semantic correspondence results.
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