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Learning Semantic Correspondence
Exploiting an Object-level Prior

Junghyup Lee, Dohyung Kim, Wonkyung Lee,
Jean Ponce, Fellow, IEEE, and Bumsub Ham, Member, IEEE

Abstract—We address the problem of semantic correspondence, that is, establishing a dense flow field between images depicting
different instances of the same object or scene category. We propose to use images annotated with binary foreground masks and
subjected to synthetic geometric deformations to train a convolutional neural network (CNN) for this task. Using these masks as part of
the supervisory signal provides an object-level prior for the semantic correspondence task and offers a good compromise between
semantic flow methods, where the amount of training data is limited by the cost of manually selecting point correspondences, and
semantic alignment ones, where the regression of a single global geometric transformation between images may be sensitive to
image-specific details such as background clutter. We propose a new CNN architecture, dubbed SFNet, which implements this idea. It
leverages a new and differentiable version of the argmax function for end-to-end training, with a loss that combines mask and flow
consistency with smoothness terms. Experimental results demonstrate the effectiveness of our approach, which significantly outperforms
the state of the art on standard benchmarks.

Index Terms—Semantic correspondence, object-level prior, differentiable argmax function.
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1 INTRODUCTION

E STABLISHING dense correspondences across images is one
of the fundamental tasks in computer vision [1], [2], [3].

Early works have focused on handling different views of the same
scene (stereo matching [1], [4]) or successive frames (optical
flow [2], [5]) in a video sequence. Semantic correspondence
algorithms (e.g., SIFT Flow [3]) go one step further, finding a
dense flow field between images depicting different instances of
the same object or scene category, which has proven useful in
various computer vision tasks including object recognition [3],
[6], semantic segmentation [7], co-segmentation [8], image edit-
ing [9], and scene parsing [7], [10]. Establishing dense semantic
correspondences is very challenging especially in the presence of
large changes in appearance or scene layout and background clutter.
Classical approaches to semantic correspondence [3], [7], [11],
[12], [13] typically use an objective function involving fidelity and
regularization terms. The fidelity term encourages hand-crafted
features (e.g., SIFT [14], HOG [15], DAISY [16]) to be matched
along a dense flow field between images, and the regularization
term makes it smooth while aligning discontinuities to object
boundaries. Hand-crafted features, however, do not capture high-
level semantics (e.g., appearance and shape variations), and they
are not robust to image-specific details (e.g., texture, background
clutter, occlusion).

Convolutional neural networks (CNNs) have allowed remark-
able advances in semantic correspondence in the past few years.
Recent methods using CNNs [17], [18], [19], [20], [21], [22], [23],
[24], [25], [26] benefit from rich semantic features invariant to
intra-class variations, achieving state-of-the-art results. Semantic
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flow approaches [17], [18], [19], [21], [22] attempt to find corre-
spondences for individual pixels or patches. They are not seriously
affected by non-rigid deformations, but are easily distracted by
background clutter. They also require a large amount of data with
ground-truth correspondences for training. Although pixel-level
semantic correspondences impose very strong constraints, manu-
ally annotating them is extremely labor-intensive and somewhat
subjective, which limits the amount of training data available [27].
An alternative is to learn feature descriptors only [18], [19], [21]
or to exploit 3D CAD models together with rendering engines [22].
Semantic alignment methods [20], [23], [24], [25], [26], on the
other hand, formulate semantic correspondence as a geometric
alignment problem and directly regress parameters of a global
transformation model (e.g., affine deformation or thin plate spline)
between images. They leverage self-supervised learning where
ground-truth parameters are generated synthetically using random
transformations with, however, a higher sensitivity to non-rigid
deformations. Moreover, background clutter prevents focusing
on individual objects and interferes with the estimation of the
transformation parameters. To overcome this problem, recent
methods reduce the influence of distractors by inlier counting [24]
or an attention process [25].

In this paper, we present a new approach to establishing
an object-aware semantic flow and propose to exploit binary
foreground masks as a supervisory signal during training (Fig. 1).
Our approach builds upon the insight that correspondences of high
quality between images allow to segment common objects from
background. To implement this idea, we introduce a new CNN
architecture, dubbed SFNet, that outputs a semantic flow field at
a sub-pixel level. We leverage a new and differentiable version
of the argmax function, the kernel soft argmax, together with
mask/flow consistency and smoothness terms to train SFNet end
to end, establishing object-aware correspondences while filtering
out distracting details. Our approach has the following advantages:
First, it is a good compromise between current semantic flow
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Fig. 1: We use pairs of warped foreground masks obtained from
a single image (left) as a supervisory signal to train our model.
This allows us to establish object-aware semantic correspondences
across images depicting different instances of the same object or
scene category (right). No masks are required at test time. (Best
viewed in color.)

and alignment methods, since foreground masks are available
for large datasets, and they provide an object-level prior for the
semantic correspondence task. Exploiting these masks during
training makes it possible to focus on learning correspondences
between prominent objects and scene elements (masks are of course
not used at test time). Second, our method establishes a dense non-
parametric flow field (i.e., semantic flow), which is more robust to
non-rigid deformations than parametric regression (i.e., semantic
alignment). Finally, using the kernel soft argmax allows us to
train the whole network end to end, and hence our approach
further benefits from high-level semantics specific to the task of
semantic correspondence. The main contributions of this paper can
be summarized as follows:

• We propose to exploit binary foreground masks, that are widely
available and can be annotated more easily than individual point
correspondences, to learn semantic flow by incorporating an
object-level prior in the learning task.
• We introduce a kernel soft argmax function, making our model

quite robust to multi-modal distributions while providing a
differentiable flow field at a sub-pixel level.
• We set a new state of the art on standard benchmarks for semantic

correspondence, mask transfer, and pose keypoint propagation,
clearly demonstrating the effectiveness of our approach. We also
provide an extensive experimental analysis with ablation studies.

A preliminary version of this work appeared in [28]. This
version adds (1) a detailed description of related works ex-
ploiting object priors for semantic correspondence; (2) an in-
depth presentation of SFNet including the kernel soft argmax
and loss terms; (3) more comparisons with the state of the
art on different benchmarks including the TSS [8] and recent
SPair-71k [29] datasets; (4) an evaluation on the task of pose
keypoint propagation with the JHMDB dataset [30]; and (5) an
extensive experimental evaluation including a runtime comparison
and a performance analysis on SFNet trained using noisy la-
bels (i.e., bounding boxes) or with different datasets. To encourage
comparison and future work, our code and model are available

online: https://cvlab-yonsei.github.io/projects/SFNet.

2 RELATED WORK

Correspondence problems cover a broad range of topics in computer
vision including stereo, motion analysis, object recognition and
shape matching. Giving a comprehensive review on these topics
is beyond the scope of this paper. We thus focus on representative
works related to ours.

2.1 Semantic Flow

Classical approaches focus on finding sparse correspon-
dences, e.g., for instance matching [14], or establishing dense
matches between nearby views of the same scene/object, e.g., for
stereo matching [1], [4] and optical flow estimation [2], [5]. Unlike
these, semantic correspondence methods estimate dense matches
across pictures containing different instances of the same object
or scene category. Early works on semantic correspondence focus
on matching local features from hand-crafted descriptors, such as
SIFT [3], [7], [11], [12], DAISY [13] and HOG [8], [27], [31],
together with spatial regularization using graphical models [3], [7],
[8], [11] or random sampling [13], [32]. However, hand-crafting
features capturing high-level semantics is extremely hard, and
similarities between them are easily distracted, e.g., by clutter,
texture, occlusion and appearance variations. There have been
many attempts to estimate correspondences robust to background
clutter or scale changes between objects/object parts. These use
object proposals as candidate regions for matching [27], [31] or
perform matching in scale space [33].

Recently, image features from CNNs have demonstrated a
capacity to both representing high-level semantics and being
robust to appearance and shape variations [34], [35], [36]. Long et
al. [37] apply CNNs to establish semantic correspondences between
images. They follow the same procedure as the SIFT Flow [3]
method, but exploit off-the-shelf CNN features trained for the
ImageNet classification task [38] due to a lack of training datasets
with pixel-level annotations. This problem can be alleviated by
synthesizing ground-truth correspondences from 3D models [22]
or augmenting the number of match pairs in a sparse keypoint
dataset using interpolation [8]. More recently, new benchmarks for
semantic correspondence have been released. PF-PASCAL [39]
provides 1300+ image pairs of 20 image categories with ground-
truth annotations from the PASCAL 2011 keypoint dataset [40].
SPair-71k [29] consists of over 70k of image pairs from PASCAL
3D+ [41] and PASCAL VOC 2012 [42] with rich annotations
including keypoints, segmentation masks and bounding boxes.
These enable learning local features [17], [21], [29], [43] specific
to the task of semantic correspondence. FCSS [21] introduces
a learnable local self-similarity descriptor robust to intra-class
variations. SCNet [17] and HPF [29] present region descriptors
exploiting geometric consistency among object parts. NCN [43]
analyzes neighborhood consensus patterns in the 4D space of
all possible correspondences in order to find spatially consistent
matches, disambiguating feature matches on repetitive patterns.
Although these approaches using CNN features outperform early
methods by large margins, the loss functions they use for training
typically do not involve a spatial regularizer mainly due to a lack
of differentiability of the flow field. In contrast, our flow field is
differentiable, allowing us to train the whole network end to end
with a spatial regularizer.

https://cvlab-yonsei.github.io/projects/SFNet
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Fig. 2: Overview of SFNet. SFNet takes an input pair of source and target images, and extracts local features using a siamese network. It
then computes pairwise matching scores between features and establishes semantic flow for source and target images using the kernel soft
argmax. At training time, corresponding foreground masks for the two images are used to compute mask consistency, flow consistency,
and smoothness terms. See text for details.

2.2 Semantic Alignment

Several recent methods [20], [23], [24], [25], [26] formulate
semantic correspondence as a geometric alignment problem using
parametric models. In particular, these methods first compute
feature correlations between images. The feature correlations
are then fed into a regression layer to estimate parameters of
a global transformation model (e.g., affine, homography, and thin
plate spline) to align images. This makes it possible to leverage
self-supervised learning [20], [23], [24], [25] using synthetically-
generated data, and to train the entire CNNs end to end. These
approaches apply the same transformation to all pixels, which has
the effect of an implicit spatial regularization, providing smooth
matches and often outperforming semantic flow methods [17], [18],
[21], [22], [27]. However, they are easily distracted by background
clutter and occlusion [20], [23], since correlations between pairs
of features are noisy and include outliers (e.g., between different
backgrounds). Although this can be alleviated by using attention
models [25] or suppressing outlier matches [24], global transforma-
tion models are highly sensitive to non-rigid deformations or local
geometric variations. Alternative approaches include estimating
local transformation models in a coarse-to-fine scheme [26] or
applying the geometric transformation recursively [44], but they
are computationally expensive. In contrast, our method avoids
the problem efficiently by establishing semantic correspondences
directly from feature correlations.

2.3 An Object-level Prior for Semantic Correspondence

Several methods [10], [17], [21], [22], [26], [27], [31] leverage
object priors (e.g., object proposals, bounding boxes or foreground
masks) to learn semantic correspondence. Proposal flow [27]
and its CNN version [17] use object proposals as matching
primitives, and consider appearance and geometric consistency
constraints to establish region correspondences. OADSC [31] also
exploits object proposals, but leverages hierarchical graphs built
on the proposals in a coarse-to-fine manner, allowing pixel-level
correspondences. Similar to ours, other methods leverage bounding
boxes or foreground masks for semantic correspondence. They,

however, do not incorporate the object location prior explicitly into
loss functions, and use the prior for pre-processing training samples
instead. For example, PARN [26] and FCSS [21] use bounding
boxes or foreground masks to generate positive/negative matches
within object regions at training time. In [10], [22], bounding
boxes are used to limit the candidate regions for matching at both
training and test time. Contrary to these methods, we incorporate
this prior (e.g., bounding boxes or foreground masks) directly into
the loss functions to train the network, and outperform the state of
the art by a significant margin.

3 APPROACH

In this section, we describe our approach to establishing object-
aware semantic correspondences including the network architec-
ture (Section 3.1) and loss functions (Section 3.2). An overview of
our method is shown in Fig. 2.

3.1 Network Architecture
Our model consists of three main parts (Fig. 2): We first extract
features from source and target images, Is and It, respectively,
using a fully convolutional siamese network, where each of the two
branches has the same structure with shared parameters. We then
compute matching scores between all pairs of local features in the
two images, and assign the best match for each feature using the
kernel soft argmax function defined in Sec 3.1.3. All components
are differentiable, allowing us to train the whole network end to
end. In the following, we describe the network architecture for
source to target matching in detail. A target to source match is
computed in the same manner.

3.1.1 Feature Extraction
For feature extraction, we exploit a ResNet-101 [36] pretrained for
the ImageNet classification task [38]. Although such CNN features
give rich semantics, they typically fire on highly discriminative
parts for classification [45]. This may be less adequate for feature
matching that requires capturing a spatial deformation for fine-
grained localization. We thus use additional adaptation layers to
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Fig. 3: Visualization of soft and kernel soft argmax operations. A point in the source image and its ground-truth correspondence in the
target image are shown as the square and the diamond, respectively. A matching point computed by either the soft or kernel soft argmax
operators is shown as the cross. When multiple features are highly correlated, the soft argmax often gives incorrect matches. The kernel
soft argmax avoids this problem while maintaining differentiability. (Best viewed in color.)

extract features specific to the task of semantic correspondence,
making them highly discriminative w.r.t both appearance and spatial
context. This gives a feature map of size h×w× d for each image
that corresponds to h × w grids of d-dimensional local features.
We then apply L2 normalization to the individual d-dimensional
features. As will be seen in our experiments, the adaptation layers
boost the matching performance drastically.

3.1.2 Feature Matching
Matching scores are computed as the dot product between local
features, resulting in a 4-dimensional correlation map of size h×
w × h× w as follows:

c(p,q) = fs(p)>f t(q), (1)

where we denote by fs(p) and f t(q) d-dimensional features at
positions p = (px, py) and q = (qx, qy) in the source and target
images, respectively.

3.1.3 Kernel Soft Argmax Layer
We could assign the best matches by applying the argmax function
over a 2-dimensional correlation map cp(q) = c(p,q), w.r.t all
features f t(q) at each spatial location p. However, argmax is
not differentiable. The soft argmax function [46], [47] computes
an output by a weighted average of all spatial positions with
corresponding matching probabilities (i.e., an expected value of
all spatial coordinates weighted by corresponding probabilities).
Although it is differentiable and enables fine-grained localization
at a sub-pixel level, its output is influenced by all spatial positions,
which is problematic especially in the case of multi-modal distribu-
tions (Fig. 3). In other words, the soft argmax best approximates
the discrete argmax when the matching probability is uni-modal
having one clear peak.

We introduce a hybrid version, the kernel soft argmax, that
takes advantage of both the soft and discrete argmax. Concretely, it
computes correspondences φ(p) for individual locations p as an

average of all coordinate pairs q = (qx, qy) weighted by matching
probabilities mp(q) as follows.

φ(p) =
∑
q

mp(q)q. (2)

The matching probability mp is computed by applying a spatial
softmax function to a L2-normalized version np of the correlation
map cp:

mp(q) =
exp(βkp(q)np(q))∑

q′∈np
exp(βkp(q′)np(q′))

. (3)

We perform L2 normalization on the 2-dimensional correlation
map cp, adjusting the matching scores fs(p)>f t(q) to a common
scale before applying the softmax function. β is a “temperature”
parameter adjusting the distribution of the softmax output. As
the temperature parameter β increases, the softmax function
approaches the discrete one with one clear peak, but this may cause
an unstable gradient flow at training time. kp is a 2-dimensional
Gaussian kernel centered on the position obtained by applying
the discrete argmax to the correlation map, i.e., argmaxq np(q).
The Gaussian kernel allows us to retain the scores np near the
output of the discrete argmax while suppressing others. That is,
the kernel kp has the effect of restricting the range of averaging
in (2), and makes the kernel soft argmax less susceptible to multi-
modal distributions (e.g., from ambiguous matches in clutter and
repetitive patterns) while maintaining differentiability. Note that the
center position of the Gaussian kernel is changed at every iteration
during training, and the matching probability mp is differentiable,
since we do not train the Gaussian kernel itself and no gradients
are propagated through the discrete argmax. Note also that the
normalization of the correlation map is particularly important for
semantic alignment methods [23], [24], [25], [26] (see, for example,
Table 2 in [23]) but its purpose is different from ours. They use the
normalization to penalize features having multiple highly-correlated
matches, boosting the scores of discriminative matches.
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<latexit sha1_base64="TAGxn2C6xdzBXU+1uS/VBsdjGT8=">AAAB8XicbZDLSsNAFIZPvNZ4q7p0EyyCq5J0oxux4MaNUMFesI1lMp20QyeTMHMilFDwIdy4UMStD+B7uPNtnLRdaOsPAx//fw5zzgkSwTW67re1tLyyurZe2LA3t7Z3dot7+w0dp4qyOo1FrFoB0UxwyerIUbBWohiJAsGawfAyz5sPTGkey1scJcyPSF/ykFOCxrrrDAhm1+N7tLvFklt2J3IWwZtB6eLTPn8EgFq3+NXpxTSNmEQqiNZtz03Qz4hCTgUb251Us4TQIemztkFJIqb9bDLx2Dk2Ts8JY2WeRGfi/u7ISKT1KApMZURwoOez3Pwva6cYnvkZl0mKTNLpR2EqHIydfH2nxxWjKEYGCFXczOrQAVGEojlSfgRvfuVFaFTKnlv2btxStQJTFeAQjuAEPDiFKlxBDepAQcITvMCrpa1n6816n5YuWbOeA/gj6+MHiIuSQQ==</latexit><latexit sha1_base64="dMLeBzGs5tvKr0+dsryzDlsrhuc=">AAAB8XicbZDLSsNAFIZP6q3GW9Wlm2ARXJWkG92IBTduhAr2gm0sk+m0HTqZhJkToYS+hRsXiujSB/A93Ihv46TtQlt/GPj4/3OYc04QC67Rdb+t3NLyyupaft3e2Nza3ins7tV1lCjKajQSkWoGRDPBJashR8GasWIkDARrBMOLLG/cM6V5JG9wFDM/JH3Je5wSNNZte0AwvRrfod0pFN2SO5GzCN4Miucf9ln89mVXO4XPdjeiScgkUkG0bnlujH5KFHIq2NhuJ5rFhA5Jn7UMShIy7aeTicfOkXG6Ti9S5kl0Ju7vjpSEWo/CwFSGBAd6PsvM/7JWgr1TP+UyTpBJOv2olwgHIydb3+lyxSiKkQFCFTezOnRAFKFojpQdwZtfeRHq5ZLnlrxrt1gpw1R5OIBDOAYPTqACl1CFGlCQ8ABP8Gxp69F6sV6npTlr1rMPf2S9/wB6GpO1</latexit><latexit sha1_base64="dMLeBzGs5tvKr0+dsryzDlsrhuc=">AAAB8XicbZDLSsNAFIZP6q3GW9Wlm2ARXJWkG92IBTduhAr2gm0sk+m0HTqZhJkToYS+hRsXiujSB/A93Ihv46TtQlt/GPj4/3OYc04QC67Rdb+t3NLyyupaft3e2Nza3ins7tV1lCjKajQSkWoGRDPBJashR8GasWIkDARrBMOLLG/cM6V5JG9wFDM/JH3Je5wSNNZte0AwvRrfod0pFN2SO5GzCN4Miucf9ln89mVXO4XPdjeiScgkUkG0bnlujH5KFHIq2NhuJ5rFhA5Jn7UMShIy7aeTicfOkXG6Ti9S5kl0Ju7vjpSEWo/CwFSGBAd6PsvM/7JWgr1TP+UyTpBJOv2olwgHIydb3+lyxSiKkQFCFTezOnRAFKFojpQdwZtfeRHq5ZLnlrxrt1gpw1R5OIBDOAYPTqACl1CFGlCQ8ABP8Gxp69F6sV6npTlr1rMPf2S9/wB6GpO1</latexit><latexit sha1_base64="MBCwu8myQkI9RHm2EHOdztICf1c=">AAAB8XicbVBNS8NAEJ34WetX1aOXxSJ4Kkkveix48SJUsB/YxrLZbtqlm03YnQgl9F948aCIV/+NN/+NmzYHbX0w8Hhvhpl5QSKFQdf9dtbWNza3tks75d29/YPDytFx28SpZrzFYhnrbkANl0LxFgqUvJtoTqNA8k4wuc79zhPXRsTqHqcJ9yM6UiIUjKKVHvpjitnt7BHLg0rVrblzkFXiFaQKBZqDyld/GLM04gqZpMb0PDdBP6MaBZN8Vu6nhieUTeiI9yxVNOLGz+YXz8i5VYYkjLUthWSu/p7IaGTMNApsZ0RxbJa9XPzP66UYXvmZUEmKXLHFojCVBGOSv0+GQnOGcmoJZVrYWwkbU00Z2pDyELzll1dJu17z3Jp351Yb9SKOEpzCGVyAB5fQgBtoQgsYKHiGV3hzjPPivDsfi9Y1p5g5gT9wPn8ALwOQhA==</latexit>M t

<latexit sha1_base64="Wo+lwlmg93tlgkSg7nbfMGtIsJI=">AAAB63icbZDLSsNAFIZP6q3GW9Wlm8EiuCpJN7oRC27cCBXsBdpYJtNJO3QmCTMnQgkFn8CNC0Xc+gy+hzvfxqTtQlt/GPj4/3OYc44fS2HQcb6twsrq2vpGcdPe2t7Z3SvtHzRNlGjGGyySkW771HApQt5AgZK3Y82p8iVv+aOrPG89cG1EFN7hOOaeooNQBIJRzK2be7R7pbJTcaYiy+DOoXz5aV88AkC9V/rq9iOWKB4ik9SYjuvE6KVUo2CST+xuYnhM2YgOeCfDkCpuvHQ664ScZE6fBJHOXohk6v7uSKkyZqz8rFJRHJrFLDf/yzoJBudeKsI4QR6y2UdBIglGJF+c9IXmDOU4A8q0yGYlbEg1ZZidJz+Cu7jyMjSrFdepuLdOuVaFmYpwBMdwCi6cQQ2uoQ4NYDCEJ3iBV0tZz9ab9T4rLVjznkP4I+vjB7bcj3Q=</latexit><latexit sha1_base64="D7ZqgKoH0dv1on7V31KUpFwCxG0=">AAAB63icbZDLSsNAFIZPvNZ4q7p0M1gEVyXpRjdiwY0boYK9QBvLZDpph84kYeZEKKGv4MaFIu7EZ/A93IhvY9J2oa0/DHz8/znMOcePpTDoON/W0vLK6tp6YcPe3Nre2S3u7TdMlGjG6yySkW751HApQl5HgZK3Ys2p8iVv+sPLPG/ec21EFN7iKOaeov1QBIJRzK3rO7S7xZJTdiYii+DOoHTxYZ/Hb192rVv87PQiligeIpPUmLbrxOilVKNgko/tTmJ4TNmQ9nk7w5Aqbrx0MuuYHGdOjwSRzl6IZOL+7kipMmak/KxSURyY+Sw3/8vaCQZnXirCOEEesulHQSIJRiRfnPSE5gzlKAPKtMhmJWxANWWYnSc/gju/8iI0KmXXKbs3TqlagakKcAhHcAIunEIVrqAGdWAwgAd4gmdLWY/Wi/U6LV2yZj0H8EfW+w+oa5Do</latexit><latexit sha1_base64="D7ZqgKoH0dv1on7V31KUpFwCxG0=">AAAB63icbZDLSsNAFIZPvNZ4q7p0M1gEVyXpRjdiwY0boYK9QBvLZDpph84kYeZEKKGv4MaFIu7EZ/A93IhvY9J2oa0/DHz8/znMOcePpTDoON/W0vLK6tp6YcPe3Nre2S3u7TdMlGjG6yySkW751HApQl5HgZK3Ys2p8iVv+sPLPG/ec21EFN7iKOaeov1QBIJRzK3rO7S7xZJTdiYii+DOoHTxYZ/Hb192rVv87PQiligeIpPUmLbrxOilVKNgko/tTmJ4TNmQ9nk7w5Aqbrx0MuuYHGdOjwSRzl6IZOL+7kipMmak/KxSURyY+Sw3/8vaCQZnXirCOEEesulHQSIJRiRfnPSE5gzlKAPKtMhmJWxANWWYnSc/gju/8iI0KmXXKbs3TqlagakKcAhHcAIunEIVrqAGdWAwgAd4gmdLWY/Wi/U6LV2yZj0H8EfW+w+oa5Do</latexit><latexit sha1_base64="5z5D2nk0EkkT4011BeEjDDMQQ40=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0l60WPBixehgv2ANpbNdtMu3d2E3YlQQv+CFw+KePUPefPfmLQ5aOuDgcd7M8zMC2IpLLrut1Pa2Nza3invVvb2Dw6PqscnHRslhvE2i2RkegG1XArN2yhQ8l5sOFWB5N1gepP73SdurIj0A85i7is61iIUjGIu3T1iZVituXV3AbJOvILUoEBrWP0ajCKWKK6RSWpt33Nj9FNqUDDJ55VBYnlM2ZSOeT+jmipu/XRx65xcZMqIhJHJSiNZqL8nUqqsnakg61QUJ3bVy8X/vH6C4bWfCh0nyDVbLgoTSTAi+eNkJAxnKGcZocyI7FbCJtRQhlk8eQje6svrpNOoe27du3drzUYRRxnO4BwuwYMraMIttKANDCbwDK/w5ijnxXl3PpatJaeYOYU/cD5/AF1Ujbc=</latexit>

Ms
<latexit sha1_base64="ngEMXASzTVonPouFUNcYCXqXE/c=">AAAB63icbZDLSgMxFIbP1Fsdb1WXboJFcFUy3ehGLLhxI1SwF2jHkkkzbWiSGZKMUIaCT+DGhSJufQbfw51v40zbhbb+EPj4/3PIOSeIBTcW42+nsLK6tr5R3HS3tnd290r7B00TJZqyBo1EpNsBMUxwxRqWW8HasWZEBoK1gtFVnrcemDY8Und2HDNfkoHiIafE5tbNvXF7pTKu4KnQMnhzKF9+uhePAFDvlb66/YgmkilLBTGm4+HY+inRllPBJm43MSwmdEQGrJOhIpIZP53OOkEnmdNHYaSzpyyaur87UiKNGcsgq5TEDs1ilpv/ZZ3Ehud+ylWcWKbo7KMwEchGKF8c9blm1IpxBoRqns2K6JBoQm12nvwI3uLKy9CsVjxc8W5xuVaFmYpwBMdwCh6cQQ2uoQ4NoDCEJ3iBV0c6z86b8z4rLTjznkP4I+fjB7VXj3M=</latexit><latexit sha1_base64="V87GUa8UfJSytVB20E5vwrT1Xvg=">AAAB63icbZDLSgMxFIbPeK3jrerSTbAIrspMN7oRC27cCBXsBdqxZNJMG5pkhiQjlKGv4MaFIu7EZ/A93IhvY6btQlt/CHz8/znknBMmnGnjed/O0vLK6tp6YcPd3Nre2S3u7Td0nCpC6yTmsWqFWFPOJK0bZjhtJYpiEXLaDIeXed68p0qzWN6aUUIDgfuSRYxgk1vXd9rtFkte2ZsILYI/g9LFh3uevH25tW7xs9OLSSqoNIRjrdu+l5ggw8owwunY7aSaJpgMcZ+2LUosqA6yyaxjdGydHopiZZ80aOL+7siw0HokQlspsBno+Sw3/8vaqYnOgozJJDVUkulHUcqRiVG+OOoxRYnhIwuYKGZnRWSAFSbGnic/gj+/8iI0KmXfK/s3XqlagakKcAhHcAI+nEIVrqAGdSAwgAd4gmdHOI/Oi/M6LV1yZj0H8EfO+w+m5pDn</latexit><latexit sha1_base64="V87GUa8UfJSytVB20E5vwrT1Xvg=">AAAB63icbZDLSgMxFIbPeK3jrerSTbAIrspMN7oRC27cCBXsBdqxZNJMG5pkhiQjlKGv4MaFIu7EZ/A93IhvY6btQlt/CHz8/znknBMmnGnjed/O0vLK6tp6YcPd3Nre2S3u7Td0nCpC6yTmsWqFWFPOJK0bZjhtJYpiEXLaDIeXed68p0qzWN6aUUIDgfuSRYxgk1vXd9rtFkte2ZsILYI/g9LFh3uevH25tW7xs9OLSSqoNIRjrdu+l5ggw8owwunY7aSaJpgMcZ+2LUosqA6yyaxjdGydHopiZZ80aOL+7siw0HokQlspsBno+Sw3/8vaqYnOgozJJDVUkulHUcqRiVG+OOoxRYnhIwuYKGZnRWSAFSbGnic/gj+/8iI0KmXfK/s3XqlagakKcAhHcAI+nEIVrqAGdSAwgAd4gmdHOI/Oi/M6LV1yZj0H8EfO+w+m5pDn</latexit><latexit sha1_base64="Q6k984S7zLv8E+IRwdXBJ22H/q0=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0l60WPBixehgv2ANpbNdtIu3d2E3Y1QQv+CFw+KePUPefPfmLQ5aOuDgcd7M8zMC2LBjXXdb6e0sbm1vVPereztHxweVY9POiZKNMM2i0SkewE1KLjCtuVWYC/WSGUgsBtMb3K/+4Ta8Eg92FmMvqRjxUPOqM2lu0dTGVZrbt1dgKwTryA1KNAaVr8Go4glEpVlghrT99zY+inVljOB88ogMRhTNqVj7GdUUYnGTxe3zslFpoxIGOmslCUL9fdESqUxMxlknZLaiVn1cvE/r5/Y8NpPuYoTi4otF4WJIDYi+eNkxDUyK2YZoUzz7FbCJlRTZrN48hC81ZfXSadR99y6d+/Wmo0ijjKcwTlcggdX0IRbaEEbGEzgGV7hzZHOi/PufCxbS04xcwp/4Hz+AFvPjbY=</latexit>

W
<latexit sha1_base64="ziy3tLYZne+1+fAXiFidpT6w7AQ=">AAAB8nicbVA9SwNBEJ3zM8avqKXNYhCswp6NdgZsLCOYD7gcYW+zlyzZ2z1294R45GfYWChia+kvsbP0n7iXpNDEBwOP92aYNxOlghuL8Ze3srq2vrFZ2ipv7+zu7VcODltGZZqyJlVC6U5EDBNcsqblVrBOqhlJIsHa0ei68Nv3TBuu5J0dpyxMyEDymFNinRR0E2KHlIi8PelVqriGp0DLxJ+T6tXHw3cdABq9yme3r2iWMGmpIMYEPk5tmBNtORVsUu5mhqWEjsiABY5KkjAT5tPIE3TqlD6KlXYlLZqqvydykhgzTiLXWUQ0i14h/ucFmY0vw5zLNLNM0tmiOBPIKlTcj/pcM2rF2BFCNXdZER0STah1Xyq7J/iLJy+T1nnNxzX/FlfrGGYowTGcwBn4cAF1uIEGNIGCgkd4hhfPek/eq/c2a13x5jNH8Afe+w/+/JPl</latexit><latexit sha1_base64="AXZk05Ebay8siqAi/h6oI7XAiQ4=">AAAB8nicbVC7SgNBFL0bXzG+4qOzGQyCVZi10c6AhZYRzAM2S5idzCZDZmeXmVkhLvkMGwtFbMXKL7Gz9E+cTVJo4oELh3Pu5Z57g0RwbTD+cgpLyyura8X10sbm1vZOeXevqeNUUdagsYhVOyCaCS5Zw3AjWDtRjESBYK1geJn7rTumNI/lrRklzI9IX/KQU2Ks5HUiYgaUiKw17pYruIonQIvEnZHKxcf999X7QVbvlj87vZimEZOGCqK15+LE+BlRhlPBxqVOqllC6JD0mWepJBHTfjaJPEbHVumhMFa2pEET9fdERiKtR1FgO/OIet7Lxf88LzXhuZ9xmaSGSTpdFKYCmRjl96MeV4waMbKEUMVtVkQHRBFq7JdK9gnu/MmLpHladXHVvcGVGoYpinAIR3ACLpxBDa6hDg2gEMMDPMGzY5xH58V5nbYWnNnMPvyB8/YDsDOVKQ==</latexit><latexit sha1_base64="AXZk05Ebay8siqAi/h6oI7XAiQ4=">AAAB8nicbVC7SgNBFL0bXzG+4qOzGQyCVZi10c6AhZYRzAM2S5idzCZDZmeXmVkhLvkMGwtFbMXKL7Gz9E+cTVJo4oELh3Pu5Z57g0RwbTD+cgpLyyura8X10sbm1vZOeXevqeNUUdagsYhVOyCaCS5Zw3AjWDtRjESBYK1geJn7rTumNI/lrRklzI9IX/KQU2Ks5HUiYgaUiKw17pYruIonQIvEnZHKxcf999X7QVbvlj87vZimEZOGCqK15+LE+BlRhlPBxqVOqllC6JD0mWepJBHTfjaJPEbHVumhMFa2pEET9fdERiKtR1FgO/OIet7Lxf88LzXhuZ9xmaSGSTpdFKYCmRjl96MeV4waMbKEUMVtVkQHRBFq7JdK9gnu/MmLpHladXHVvcGVGoYpinAIR3ACLpxBDa6hDg2gEMMDPMGzY5xH58V5nbYWnNnMPvyB8/YDsDOVKQ==</latexit><latexit sha1_base64="2anez6BT+Wwu40XGPgS0qmHvzdo=">AAAB8nicbVBNSwMxFHxbv2r9qnr0slgETyXrRY8FLx4r2FbYLiWbZtvQbLIkb4Wy9Gd48aCIV3+NN/+NabsHbR0IDDPvkXkTZ1JYJOTbq2xsbm3vVHdre/sHh0f145Ou1blhvMO01OYxppZLoXgHBUr+mBlO01jyXjy5nfu9J26s0OoBpxmPUjpSIhGMopPCfkpxzKgserNBvUGaZAF/nQQlaUCJ9qD+1R9qlqdcIZPU2jAgGUYFNSiY5LNaP7c8o2xCRzx0VNGU26hYRJ75F04Z+ok27in0F+rvjYKm1k7T2E3OI9pVby7+54U5JjdRIVSWI1ds+VGSSx+1P7/fHwrDGcqpI5QZ4bL6bEwNZehaqrkSgtWT10n3qhmQZnBPGi1S1lGFMziHSwjgGlpwB23oAAMNz/AKbx56L96797EcrXjlzin8gff5A4sSkVc=</latexit>

Fs
<latexit sha1_base64="hECtS+BDgiUNn2zw0RCiMaRO1KQ=">AAAB9HicbVDLSgMxFL2pr1pfVZdugkVwVWbc1J0FQVxWsA9ox5JJM21oJjMmmUIZ+h1uXCjFrX/gT7hz56eYabvQ1gOBwzn3ck+OHwuujeN8odza+sbmVn67sLO7t39QPDxq6ChRlNVpJCLV8olmgktWN9wI1ooVI6EvWNMfXmd+c8SU5pG8N+OYeSHpSx5wSoyVvE5IzIASkd5MHnS3WHLKzgx4lbgLUrr6iKffAFDrFj87vYgmIZOGCqJ123Vi46VEGU4FmxQ6iWYxoUPSZ21LJQmZ9tJZ6Ak+s0oPB5GyTxo8U39vpCTUehz6djILqZe9TPzPaycmuPRSLuPEMEnnh4JEYBPhrAHc44pRI8aWEKq4zYrpgChCje2pYEtwl7+8ShoXZdcpu3dOqVqBOfJwAqdwDi5UoAq3UIM6UHiEJ3iBVzRCz2iK3uajObTYOYY/QO8/+X2VIQ==</latexit><latexit sha1_base64="x4xbDN+w7CmoDdkpA6oDckCdCk4=">AAAB9HicbVDLSgMxFL1TX3V8VV26CRbBVZlxUzdiQRCXFewD2rFk0kwbmslMk0yhDP0ONy6U4tY/8CfciH9jpu1CWw8EDufcyz05fsyZ0o7zbeXW1jc2t/Lb9s7u3v5B4fCorqJEElojEY9k08eKciZoTTPNaTOWFIc+pw1/cJP5jRGVikXiQY9j6oW4J1jACNZG8toh1n2CeXo7eVSdQtEpOTOgVeIuSPH6I55+2VfDaqfw2e5GJAmp0IRjpVquE2svxVIzwunEbieKxpgMcI+2DBU4pMpLZ6En6MwoXRRE0jyh0Uz9vZHiUKlx6JvJLKRa9jLxP6+V6ODSS5mIE00FmR8KEo50hLIGUJdJSjQfG4KJZCYrIn0sMdGmJ9uU4C5/eZXUL0quU3LvnWKlDHPk4QRO4RxcKEMF7qAKNSAwhCd4gVdrZD1bU+ttPpqzFjvH8AfW+w/i3ZXQ</latexit><latexit sha1_base64="x4xbDN+w7CmoDdkpA6oDckCdCk4=">AAAB9HicbVDLSgMxFL1TX3V8VV26CRbBVZlxUzdiQRCXFewD2rFk0kwbmslMk0yhDP0ONy6U4tY/8CfciH9jpu1CWw8EDufcyz05fsyZ0o7zbeXW1jc2t/Lb9s7u3v5B4fCorqJEElojEY9k08eKciZoTTPNaTOWFIc+pw1/cJP5jRGVikXiQY9j6oW4J1jACNZG8toh1n2CeXo7eVSdQtEpOTOgVeIuSPH6I55+2VfDaqfw2e5GJAmp0IRjpVquE2svxVIzwunEbieKxpgMcI+2DBU4pMpLZ6En6MwoXRRE0jyh0Uz9vZHiUKlx6JvJLKRa9jLxP6+V6ODSS5mIE00FmR8KEo50hLIGUJdJSjQfG4KJZCYrIn0sMdGmJ9uU4C5/eZXUL0quU3LvnWKlDHPk4QRO4RxcKEMF7qAKNSAwhCd4gVdrZD1bU+ttPpqzFjvH8AfW+w/i3ZXQ</latexit><latexit sha1_base64="CajQ9OaO30haAc5/zffUyadGua4=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsy4qcuCIC4r2Ae0Y8mkmTY0kxmTO4Uy9DvcuFDErR/jzr8xbWehrQcCh3Pu5Z6cIJHCoOt+O4WNza3tneJuaW//4PCofHzSMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb+Z+e8K1EbF6wGnC/YgOlQgFo2glvxdRHDEqs9vZo+mXK27VXYCsEy8nFcjR6Je/eoOYpRFXyCQ1puu5CfoZ1SiY5LNSLzU8oWxMh7xrqaIRN362CD0jF1YZkDDW9ikkC/X3RkYjY6ZRYCfnIc2qNxf/87ophtd+JlSSIldseShMJcGYzBsgA6E5Qzm1hDItbFbCRlRThranki3BW/3yOmldVT236t27lXotr6MIZ3AOl+BBDepwBw1oAoMneIZXeHMmzovz7nwsRwtOvnMKf+B8/gADcpIy</latexit>

F t
<latexit sha1_base64="QYPnVCwb48f1ktov3i2LG6if418=">AAAB9HicbVDLSsNAFL2pr1pfVZdugkVwVRI3dWdBEJcV7APaWCbTSTt0MokzN4US+h1uXCjFrX/gT7hz56c4abvQ1gMDh3Pu5Z45fiy4Rsf5snJr6xubW/ntws7u3v5B8fCooaNEUVankYhUyyeaCS5ZHTkK1ooVI6EvWNMfXmd+c8SU5pG8x3HMvJD0JQ84JWgkrxMSHFAi0pvJA3aLJafszGCvEndBSlcf8fQbAGrd4menF9EkZBKpIFq3XSdGLyUKORVsUugkmsWEDkmftQ2VJGTaS2ehJ/aZUXp2ECnzJNoz9fdGSkKtx6FvJrOQetnLxP+8doLBpZdyGSfIJJ0fChJhY2RnDdg9rhhFMTaEUMVNVpsOiCIUTU8FU4K7/OVV0rgou07ZvXNK1QrMkYcTOIVzcKECVbiFGtSBwiM8wQu8WiPr2Zpab/PRnLXYOYY/sN5/APsBlSI=</latexit><latexit sha1_base64="JANwWGrrVfcJP3TZirQwY0QYzyw=">AAAB9HicbVDLSgMxFM3UVx1fVZdugkVwVWbc1I1YEMRlBfuAdiyZNNOGZjLT5E6hDP0ONy6U4tY/8CfciH9jpu1CWw8EDufcyz05fiy4Bsf5tnJr6xubW/lte2d3b/+gcHhU11GiKKvRSESq6RPNBJesBhwEa8aKkdAXrOEPbjK/MWJK80g+wDhmXkh6kgecEjCS1w4J9CkR6e3kETqFolNyZsCrxF2Q4vVHPP2yr4bVTuGz3Y1oEjIJVBCtW64Tg5cSBZwKNrHbiWYxoQPSYy1DJQmZ9tJZ6Ak+M0oXB5EyTwKeqb83UhJqPQ59M5mF1MteJv7ntRIILr2UyzgBJun8UJAIDBHOGsBdrhgFMTaEUMVNVkz7RBEKpifblOAuf3mV1C9KrlNy751ipYzmyKMTdIrOkYvKqILuUBXVEEVD9IRe0Ks1sp6tqfU2H81Zi51j9AfW+w/kYZXR</latexit><latexit sha1_base64="JANwWGrrVfcJP3TZirQwY0QYzyw=">AAAB9HicbVDLSgMxFM3UVx1fVZdugkVwVWbc1I1YEMRlBfuAdiyZNNOGZjLT5E6hDP0ONy6U4tY/8CfciH9jpu1CWw8EDufcyz05fiy4Bsf5tnJr6xubW/lte2d3b/+gcHhU11GiKKvRSESq6RPNBJesBhwEa8aKkdAXrOEPbjK/MWJK80g+wDhmXkh6kgecEjCS1w4J9CkR6e3kETqFolNyZsCrxF2Q4vVHPP2yr4bVTuGz3Y1oEjIJVBCtW64Tg5cSBZwKNrHbiWYxoQPSYy1DJQmZ9tJZ6Ak+M0oXB5EyTwKeqb83UhJqPQ59M5mF1MteJv7ntRIILr2UyzgBJun8UJAIDBHOGsBdrhgFMTaEUMVNVkz7RBEKpifblOAuf3mV1C9KrlNy751ipYzmyKMTdIrOkYvKqILuUBXVEEVD9IRe0Ks1sp6tqfU2H81Zi51j9AfW+w/kYZXR</latexit><latexit sha1_base64="menW1BZiZndP6ha+yOd+bnp1uwA=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsy4qcuCIC4r2Ae0Y8mkmTY0kxmTO4Uy9DvcuFDErR/jzr8xbWehrQcCh3Pu5Z6cIJHCoOt+O4WNza3tneJuaW//4PCofHzSMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb+Z+e8K1EbF6wGnC/YgOlQgFo2glvxdRHDEqs9vZI/bLFbfqLkDWiZeTCuRo9MtfvUHM0ogrZJIa0/XcBP2MahRM8lmplxqeUDamQ961VNGIGz9bhJ6RC6sMSBhr+xSShfp7I6ORMdMosJPzkGbVm4v/ed0Uw2s/EypJkSu2PBSmkmBM5g2QgdCcoZxaQpkWNithI6opQ9tTyZbgrX55nbSuqp5b9e7dSr2W11GEMziHS/CgBnW4gwY0gcETPMMrvDkT58V5dz6WowUn3zmFP3A+fwAE9pIz</latexit>

Fig. 4: Illustration of the mask consistency loss. We estimate the
binary source mask M̂s by warping the target one M t using the
flow field Fs. The target mask M̂ t is similarly estimated. We
then compute the average error between original and estimated
masks to compute the mask consistency loss. This penalizes the
correspondences between foreground and background regions, and
vice versa. We show foreground parts only for the purpose of
visualization. (Best viewed in color.)

We visualize soft and kernel soft argmax operators in Fig. 3,
which shows that the soft argmax yields an incorrect correspon-
dence in the presence of multiple highly correlated features, since a
weighted average of matching probabilitiesmp having multi-modal
distributions accumulates positional errors. The kernel soft argmax
instead suppresses matching probabilities mp for the highest value,
making them have an (approximately) uni-modal distributions and
favoring correct correspondences.

3.2 Loss

We exploit binary foreground masks as a supervisory signal to train
the network, which gives a strong object prior. To this end, we
define three losses that guide the network to learn object-aware
correspondences without pixel-level ground truth as

L = λmaskLmask + λflowLflow + λsmoothLsmooth, (4)

which consists of mask consistency Lmask, flow consistency Lflow

and smoothness Lsmooth terms, balanced by the weight parame-

ters (λmask, λflow, λsmooth). In the following, we describe each
term in detail.

3.2.1 Mask Consistency Term

We define a flow field Fs from source to target images as

Fs(p) = φ(p)− p. (5)

Similarly, a flow field F t(q) from target to source images is
defined as φ(q)− q. We denote by Ms and M t the binary masks
of the source and target images, respectively. Values of 0 and
1 in the masks respectively indicate background and foreground
regions. We assume that the binary mask in the source images
can be reconstructed by warping the mask in the target image and
vice versa, if we have discriminative features and correct dense
correspondences. To implement this idea, we transfer the target
mask M t by warping [48] using the flow field Fs and obtain an
estimate of the source mask M̂s as follows.

M̂s =W(M t;Fs), (6)

whereW denotes a warping operator using the flow field, e.g.,

W(M t;Fs)(p) =M t(p+ Fs(p)). (7)

We then compute the difference between the source mask Ms and
its estimate M̂s. Similarly, we reconstruct the target mask M̂ t

from Ms using the flow field F t and compute the difference
between M̂ t and M t. Accordingly, we define the mask consistency
loss (Fig. 4) as

Lmask =
∑

i∈{s,t}

(
1

|N i|
∑
p

(M i(p)− M̂ i(p))2
)
, (8)

where |N i| is the number of pixels in the mask M i. Although the
mask consistency loss does not constrain the background itself, it
prevents matches from foreground to background regions and vice
versa by penalizing them. This encourages correspondences to be
established between features within foreground and background
masks, guiding our model to learn object-aware correspondences.
Note that the consistency loss using binary masks does not prevent
a many-to-one matching (Fig. 5(a)). That is, it does not penalize a
case when many foreground features in an image are matched to
a single one in other image. For example, the foreground mask in
the source image even can be reconstructed, when all points in the
foreground region are matched to a single foreground point in the
target image.
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Source image Target image
(a) Flow consistency for the source image.

Source image Target image
(b) Flow consistency for the target image.

Target imageSource image
(c) Flow consistency for both images.

Fig. 6: Using a symmetric loss: (a) considering the flow consistency loss w.r.t a source image only may cause a flow shrinkage problem;
(b) we can overcome this problem by computing the loss w.r.t a target image as well and penalizing inconsistent matches; (c) this
symmetric loss allows us to perform object-level matching. We use green and red arrows to show consistent and inconsistent matches,
respectively. (Best viewed in color.)

3.2.2 Flow Consistency Term

To address the many-to-one matching problem, we propose to
use a flow consistency loss. It measures consistency between flow
fields Fs and F t within foreground masks as

Lflow =
∑

i∈{s,t}

(
1

|N i
F |
∑
p

||(F i(p) + F̂ i(p))�M i(p)||22
)
,

(9)
where |N i

F | is the number of foreground pixels in the mask M i,
and

F̂s =W(F t;Fs), (10)

which aligns the flow field F t with respect to Fs by warping. F̂ t

is computed similar to (10). We denote by ‖·‖2 and � the L2 norm
and element-wise multiplication, respectively. The multiplication
is applied separately for each x and y component.

The flow consistency term penalizes inconsistent correspon-
dences (Fig. 5(b)), and favors one-to-one matching (Fig. 5(c)),
alleviating the many-to-one matching problem in the mask con-
sistency loss. For example, when the flow fields are consistent
with each other, Fs and F̂s in (9) have the same magnitude
with opposite directions. Note that having multiple matches for
individual points (i.e., a one-to-many matching) is impossible
within our framework. Similar ideas have been explored in stereo
fusion [49], [50] and optical flow [51], [52], but without appearance
and shape variations. It is hard to incorporate this term in current
semantic flow methods based on CNNs [17], [18], [21], [29], [43],
mainly due to a lack of differentiability of the flow field. Recently,
Zhou et al. [22] exploit cycle consistency between flow fields, but
they regress correspondences directly from concatenated features
from source and target images and do not consider background
clutter. In contrast, our method establishes a differentiable flow
field by computing feature similarities explicitly while considering
background clutter.

Although the flow consistency term relieves the many-to-one
matching problem, computing this term for a source or a target
image only may cause a flow shrinkage problem (Fig. 6(a)). To
address this problem, we compute this term w.r.t both source
and target images in (9). This penalizes inconsistent matches,
e.g., between the entire foreground region in the source image and
small parts of the target image (Fig. 6(b)). Note that spreading
the flow fields over the entire regions is particularly important to
handle scale changes between objects (Fig. 6(c)).

3.2.3 Smoothness Term
The differentiable flow field also allows us to exploit a smoothness
term, as widely used in classical energy-based approaches [3], [7],
[11]. We define this term using the first-order derivative of the flow
fields Fs and F t as

Lsmooth =
∑

i∈{s,t}

(
1

|N i
F |
∑
p

||∇F i(p)�M i(p)||1
)
, (11)

where ‖·‖1 and∇ are the L1 norm and the gradient operator, respec-
tively. This regularizes (or smooths) flow fields within foreground
regions without being affected by (incorrect) correspondences at
background.

4 EXPERIMENTS

In this section, we give experimental details (Secs. 4.1), and present
a detailed analysis and evaluation of our approach on the tasks of
semantic correspondence (Section 4.2), mask transfer (Section 4.3)
and pose keypoint propagation (Section 4.4). We then present abla-
tion studies for different losses and network architectures, as well as
a performance analysis for different training datasets (Section 4.5).

4.1 Experimental Details
4.1.1 Implementation
Following [24], [25], [29], [43], [44], we use CNN features
from ResNet-101 [36] trained for ImageNet classification [38].
Specifically, we use the networks cropped at conv4-23 and
conv5-3 layers, respectively. This results in two feature maps of
size 20× 20× 1024 and 10× 10× 2048, respectively, for a pair
of input images of size 320× 320, and gives a good compromise
between localization accuracy and high-level semantics. Adaptation
layers are trained with random initialization, separately for each
feature map in a residual fashion [36]. To compute residuals, we
add two blocks of convolutional, batch normalization [53] and
ReLU [34] layers, with padding on top of each feature map, where
the sizes of convolutional kernels for conv4-23 and conv5-3
features are 5 × 5 and 3 × 3, respectively. Each block outputs a
residual, which is then added to the corresponding input features.
Adaptation layers aggregate the features nonlinearly from large
receptive fields (e.g., the receptive field of size 9× 9 on a feature
map of size 20 × 20 × 1024), transforming them, guided by
semantic correspondences and the corresponding loss terms in (4),
to be highly discriminative w.r.t both appearance and spatial context.
With the resulting two feature maps of size 20× 20× 1024 and
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20 × 20 × 20481, we compute pairwise matching scores and
then combine them by element-wise multiplication, resulting in a
correlation map of size 20× 20× 20× 20. Following [23], [25],
we fix the feature extractor, and train adaptation layers only. At
test time, we upsample a flow field of size 20× 20 using bilinear
interpolation.

We empirically set the temperature parameter β to 50 and
standard deviation σ of Gaussian kernel kp to 5. We determine
those values using a grid search over (β, σ) pairs, where the
maximum search ranges for β and σ are 100 and 10 with intervals
of 10 and 1, respectively. We select the parameters that give the best
performance on the validation split of the PF-PASCAL dataset [24],
[39]. Other parameters (λmask = 3, λflow = 16, λsmooth = 0.5)
are chosen similarly using the validation split of the PF-PASCAL
dataset. We fix these parameters in all experiments.

4.1.2 Training
Training our network requires pairs of foreground masks for
source and target images depicting different instances of the
same object category. Although the TSS [8] and Caltech-101 [54]
datasets provide such pairs, the number of masks in TSS [8]
is not sufficient to train our network, and images in Caltech-
101 [54] lack background clutter. Our model trained with these
datasets suffers from overfitting and may not generalize well for
other images containing clutter. Motivated by [20], [23], [25],
[55], we generate pairs of source and target images synthetically
from single images by applying random affine transformations
and use the synthetically warped pairs as training samples. The
corresponding foreground masks are transformed with the same
parameters. Contrary to [20], [23], [25], our model does not perform
parametric regression, and thus does not require ground-truth
transformation parameters for training. We use the PASCAL VOC
2012 segmentation dataset [42] that consists of 1,464, 1,449, and
1,456 images for training, validation and test, respectively. We
exclude 122 images from train/validation sets that overlap with the
test split in PF-PASCAL [24], [39], and train our model with the
corresponding 2,791 images. We augment the training dataset by
horizontal flipping and color jittering. Note that we do not use the
segmentation masks provided by the PASCAL VOC 2012 dataset,
that specify the class of the object at each pixel. We instead generate
binary foreground masks using all labeled objects, regardless of
image categories and the number of objects, at training time. We
train our model with a batch size of 16 for about 7k iterations,
giving roughly 40 epochs over the training data. We use the Adam
optimizer [56] with β1 = 0.9 and β2 = 0.999. A learning rate
initially set to 3e-5 is divided by 5 after 30 epochs. All networks
are trained end to end using PyTorch [57].

4.1.3 Evaluation Metric
We use the probability of correct keypoint (PCK) [58] to measure
the precision of overall assignment, particularly at sparse keypoints
of semantic relevance. We compute the Euclidean distance between
warped keypoints using the estimated dense flow and ground truth,
and count the number of keypoints whose distances lie within
αnmax(hn, wn) pixels, where n ∈ {img,bbox}, α typically set
to 0.1, is a tolerance value, and h and w are the height and width,
respectively, of an image or an object bounding box. Following [23],
[24], we divide keypoint coordinates by the height and width of

1. We upsample the features adapted from conv5-3 using bilinear interpo-
lation.

TABLE 1: Quantitative comparison with the state of the art on the
PF-WILLOW [27] and the test split of the PF-PASCAL [24],
[39] in terms of average PCK. Numbers in bold indicate the
best performance and underscored ones are the second best. The
subscript for each method indicates the corresponding feature
extractor. We denote by “F” and “A”, respectively, semantic flow
and semantic alignment methods. The characters in parentheses
correspond to the type of supervisory signal used in training: T:
transformation parameters; P: image pairs depicting different
instances of the same object category; B: bounding boxes; C:
ground-truth correspondences; M: foreground masks. All numbers
in PF-WILLOW are taken from [29], [44]. The results of [27], [44],
[59] in PF-PASCAL are taken from [44].

Type Methods PF-WILLOW PF-PASCAL
(αbbox = 0.1) (αimg = 0.1)

A (T) A2Netres101 [25] 68.8 70.8
A (T) CNNGeores101 [23] 69.2 71.9
A (T+P) WS-SAres101 [24] 70.2 75.8
A (P) RTNres101 [44] 71.9 75.9
F PF-LOMHOG [27] 56.8 62.5
F (B+P) PF-LOMCAT-FCSS [59] 58.4 68.9
F (P) NCNres101 [43] 67.0 78.9
F (C+P) HPFres101 [29] 74.4 80.4
F (M) Oursres101 73.5 81.9

the image size in case of αimg, such that they are normalized in a
range of [0, 1] and himg = wimg = 1.

4.2 Semantic Correspondence

We compare our model to the state of the art on semantic
correspondence including hand-crafted and CNN-based methods
with the following four benchmark datasets: PF-WILLOW [27],
PF-PASCAL [39], SPair-71k [29], and TSS [8]. Following the
experimental protocol in [23], [24], [29], we use αimg for PF-
PASCAL and TSS, and αbbox for PF-WILLOW and SPair-71k,
respectively. Results for all comparisons have been obtained from
the source code or models provided by the authors, unless otherwise
specified.

4.2.1 PF-WILLOW and PF-PASCAL
The PF-WILLOW [27] and PF-PASCAL [39] datasets provide 900
and 1,351 image pairs of 4 and 20 image categories, respectively,
with corresponding ground-truth object bounding boxes and
keypoint annotations. The PF-PASCAL dataset is more challenging
than other datasets [8], [27] for semantic correspondence evaluation,
featuring different instances of the same object class in the presence
of large changes in appearance and scene layout, clutter and
scale changes between objects. To evaluate our model, we use
PF-WILLOW and the test split of PF-PASCAL provided by [24],
[39] corresponding roughly 900 and 300 image pairs, respectively.

We show in Table 1 the average PCK scores for the PF-
WILLOW and PF-PASCAL datasets, and compare our method
with the state of the art. From this table, we observe four things:
(1) Our model outperforms the state of the art by a significant
margin in terms of PCK, especially for the PF-PASCAL dataset.
In particular, it shows better performance than other object-aware
methods [27], [59] that focus on establishing region correspon-
dences between prominent objects. A plausible explanation is
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TABLE 2: Per-class PCK (αimg = 0.1) on PF-PASCAL [39]. The results of [27] are taken from [24].

Type Methods aero bike bird boat bot bus car cat cha cow tab dog hor mbik pers plnt she sofa trai tv all
A (T) A2Netres101 [25] 83.2 82.8 83.8 44.4 57.8 81.3 89.4 86.1 40.1 91.7 21.4 73.2 33.8 76.3 74.3 63.3 100.0 45.5 45.3 60.0 70.8
A (T) CNNGeores101 [23] 82.4 80.9 85.9 47.2 57.8 83.1 92.8 86.9 43.8 91.7 28.1 76.4 70.2 76.6 68.9 65.7 80.0 50.1 46.3 60.6 71.9
A (T+P) WS-SAres101 [24] 83.7 88.0 83.4 58.3 68.8 90.3 92.3 83.7 47.4 91.7 28.1 76.3 77.0 76.0 71.4 76.2 80.0 59.5 62.3 63.9 75.8
F PF-LOMHOG [27] 73.3 74.4 54.4 50.9 49.6 73.8 72.9 63.6 46.1 79.8 42.5 48.0 68.3 66.3 42.1 62.1 65.2 57.1 64.4 58.0 62.5
F (P) NCNres101 [43] 86.8 86.7 86.7 55.6 82.8 88.6 93.8 87.1 54.3 87.5 43.2 82.0 64.1 79.2 71.1 71.0 60.0 54.2 75.0 82.8 78.9
F (C+P) HPFres101 [29] 86.5 88.9 81.6 75.0 81.3 89.7 93.7 87.6 62.2 87.5 52.6 87.5 74.2 83.5 73.5 66.2 60.0 66.2 68.5 66.7 80.4
F Oursres101 89.5 89.2 83.1 73.6 85.9 92.6 95.0 83.7 65.6 93.8 53.6 81.3 71.6 80.6 72.3 71.0 100.0 69.3 80.0 79.5 81.9

TABLE 3: Per-class PCK (αbbox = 0.1) on SPair-71k [29]. All numbers but ours are taken from [29].

Methods aero bike bird boat bottle bus car cat chair cow dog horse moto person plant sheep train tv all

Transferred
models

(T) CNNGeores101 [23] 21.3 15.1 34.6 12.8 31.2 26.3 24.0 30.6 11.6 24.3 20.4 12.2 19.7 15.6 14.3 9.6 28.5 28.8 18.1
(T) A2Netres101 [25] 20.8 17.1 37.4 13.9 33.6 29.4 26.5 34.9 12.0 26.5 22.5 13.3 21.3 20.0 16.9 11.5 28.9 31.6 20.1
(T+P) WS-SAres101 [24] 23.4 17.0 41.6 14.6 37.6 28.1 26.6 32.6 12.6 27.9 23.0 13.6 21.3 22.2 17.9 10.9 31.5 34.8 21.1
(P) NCNres101 [43] 24.0 16.0 45.0 13.7 35.7 25.9 19.0 50.4 14.3 32.6 27.4 19.2 21.7 20.3 20.4 13.6 33.6 40.4 26.4
(M) Oursres101 27.3 17.2 47.2 14.7 36.7 21.4 16.5 56.4 13.6 32.9 25.4 17.4 19.9 19.5 15.9 15.9 33.2 35.1 26.0

SPair-71k
trained
models

(T) CNNGeores101 [23] 23.4 16.7 40.2 14.3 36.4 27.7 26.0 32.7 12.7 27.4 22.8 13.7 20.9 21.0 17.5 10.2 30.8 34.1 20.6
(T) A2Netres101 [25] 22.6 18.5 42.0 16.4 37.9 30.8 26.5 35.6 13.3 29.6 24.3 16.0 21.6 22.8 20.5 13.5 31.4 36.5 22.3
(T+P) WS-SAres101 [24] 22.2 17.6 41.9 15.1 38.1 27.4 27.2 31.8 12.8 26.8 22.6 14.2 20.0 22.2 17.9 10.4 32.2 35.1 20.9
(P) NCNres101 [43] 17.9 12.2 32.1 11.7 29.0 19.9 16.1 39.2 9.9 23.9 18.8 15.7 17.4 15.9 14.8 9.6 24.2 31.1 20.1
(C+P) HPFres101 [29] 25.2 18.9 52.1 15.7 38.0 22.8 19.1 52.9 17.9 33.0 32.8 20.6 24.4 27.9 21.1 15.9 31.5 35.6 28.2
(M) Oursres101 26.9 17.2 45.5 14.7 38.0 22.2 16.4 55.3 13.5 33.4 27.5 17.7 20.8 21.1 16.6 15.6 32.3 35.9 26.3

that establishing correspondences between object proposals is
susceptible to shape deformations. (2) We can clearly see that
our model gives better results than semantic alignment methods on
both datasets, but performance gain for the PF-PASCAL dataset,
which typically contains pictures depicting a non-rigid deformation
and clutter (e.g., in cow and sofa classes), is more significant. For
example, the PCK gain over RTN [44] for the PF-PASCAL (81.9 vs.
75.9) is about four times more than that for the PF-WILLOW (73.5
vs. 71.9), indicating that our semantic flow method is more robust
to non-rigid deformations and background clutter than semantic
alignment approaches. (3) By comparing our model with CNN-
based semantic flow methods, we can see that involving a spatial
regularizer is significant. These techniques focus on designing
fidelity terms (e.g., using a contrastive loss [18], [59]) to learn
a feature space preserving semantic similarities. This is because
of a lack of differentiability of the flow field. In contrast, our
model gives a differentiable flow field, allowing to exploit a spatial
regularizer while further leveraging high-level semantics from CNN
features more specific to semantic correspondence. (4) We confirm
once more a finding in [37] that CNN features trained for ImageNet
classification [38] clearly show a better ability to handle intra-class
variations than hand-crafted ones (HOG [15] in PF-LOM [27]).

Table 2 shows per-class PCK scores on the PF-PASCAL
dataset [39]. Our model achieves state-of-the-art results for 11
object categories, and outperforms all methods on average by a
large margin. The performance gain is significant especially in the
presence of non-rigid deformations (e.g., in cow and sheep classes)
or distractions such as clutter (e.g., in table and sofa classes). This
demonstrates once again that our method is able to establish reliable
semantic correspondences of keypoints, even for images with large
shape variations and clutter by which semantic alignment methods
are easily distracted.

4.2.2 SPair-71k

The SPair-71k dataset [29], a large-scale benchmark for semantic
correspondence, provides 70,958 image pairs of 18 object cate-
gories with ground-truth annotations for object bounding boxes,
segmentation masks, and keypoints. The image pairs in SPair-
71k feature various changes in viewpoint, scale, truncation, and

occlusion. Following the experimental protocol of [29], we evaluate
our model on the test split of 12,234 image pairs, and compute
PCK scores with αbbox = 0.1 We show in Table 3 the per-
class and average PCK scores, and compare our model with the
state of the art [23], [24], [25], [29], [43]. The first five rows
show the PCK scores for models provided by authors, without
retraining or finetuning on the SPair-71k dataset. We can see that
our model achieves the second best performance, demonstrating
that it generalizes well to unseen images. It is slightly outperformed
by NCN [43] (0.4% in terms of the average PCK) but runs about
11 times faster at test time (Table 5). The last six rows show
the PCK scores for the models trained with SPair-71k. For fair
comparison, we train our model with the training set of SPair-
71k (986 images). The results show that it performs best in the
presence of non-rigid deformations (i.e., in cat and cow classes). For
other object categories, our model outperforms other CNN-based
methods except for HPF [29]. Note that HPF exploits ground-truth
correspondences at training time, which gives strong constraints
but is extremely labor-intensive. In contrast, our model uses binary
foreground masks only, that are widely available and much cheaper
to obtain.

4.2.3 TSS

The TSS dataset [8] consists of three subsets (FG3DCar, JODS
and PASCAL) that contain 400 image pairs of 7 object cate-
gories. It provides dense flow fields obtained by interpolating
sparse keypoint matches with additional co-segmentation masks.
Following the experimental protocol of [24], we compute the PCK
scores (αimg = 0.05) densely over the foreground object. Table 4
compares the average PCK on each subset in the TSS dataset.
Our method shows better performance than the state of the art
for FG3DCar and JODS. We do not do as well on the PASCAL
part of TSS, which contains many image pairs with different
poses (e.g., cars captured with left- and right-side viewpoints).
Current methods, except for OADSC [31] that is specially designed
for handling changes in viewpoint, have a limited capability of
finding matches between images with different poses. Ours is no
exception.
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Source image. Target image. CNNGeo [23]. WS-SA [24]. HPF [29]. Ours.

Fig. 7: Visual comparison of alignment results between source and target images on the PF-PASCAL dataset [39]. Keypoints in the
source and target images are shown as diamonds and crosses, respectively, with a vector representing the matching error. All methods
use ResNet-101 features. Compared to the state of the art, our method is more robust to local non-rigid deformations, scale changes
between objects, and clutter. See text for details. (Best viewed in color.)

TABLE 4: Quantitative comparison on the TSS dataset [8] in terms
of the average PCK. We measure the PCK scores (αimg = 0.05)
on three subsets (FG3DCar, JODS and PASCAL). All numbers
except ours are taken from [8], [24], [44].

Type Methods FG3D. JODS PASC.

H
an

d-
cr

af
te

d F DSP [7] 48.7 46.5 38.2
F DFF [13] 49.3 30.3 22.4
F SIFTFlow [3] 63.4 52.2 45.3
F PF-LOMHOG [27] 78.6 65.3 53.1
F TSSHOG [8] 83.0 59.5 48.3
F OADSCHOG [31] 87.5 70.8 72.9

C
N

N
-b

as
ed

A (T) A2Netvgg16 [25] 87.0 67.0 55.0
A (T) CNNGeores101 [23] 90.1 76.4 56.3
A (T+P) WS-SAres101 [24] 90.3 76.4 56.5
A (P) RTNres101 [44] 90.1 78.2 63.3
F (B+P) PF-LOMFCSS [21] 83.9 63.5 58.2
F (B+P) DCTMFCSS [60] 89.1 72.1 61.0
F (M) Oursres101 90.6 78.7 56.5

4.2.4 Runtime Analysis

Table 5 shows runtime comparisons of state-of-the-art methods. For
comparison, we run the original source codes implemented using

TABLE 5: Runtime comparison per image pair on the test split of
the PF-PASCAL dataset [17], [39] in milliseconds.

Type Methods Time (ms)
A (T) CNNGeores101 [23] 34.2
A (T+P) WS-SAres101 [24] 34.4
A (T) A2Netres101 [25] 61.2
F (P) NCNres101 [43] 284.2
F (C+P) HPFres101 [29] 48.9
F (M) Oursres101 24.9

PyTorch [57]. The average runtime is measured on the same
machine with a NVIDIA Titan RTX GPU. The table shows that
our model is fastest among the state of the art. Semantic alignment
methods [23], [24], [25] estimate parameters of affine and thin
place spline sequentially, which degrades runtime performance.
Semantic flow methods involve 4-D convolutions [43] or a Hough
voting process [29] on top of the correlation volume, requiring
additional computations to establish pixel-level correspondences.
Our model, on the other hand, simply assigns the best matches
from the correlation volume in a single stage. Most computation
time is spent extracting features (23.7 milliseconds). Computing
matching scores and establishing correspondences using the kernel
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Fig. 8: Top matches on standard benchmarks. We visualize the top
60 matches according to matching probabilities. Each row shows
a result on PF-WILLOW [27], PF-PASCAL [39] and TSS [8],
respectively. (Best viewed in color.)

soft argmax just take 1.2 milliseconds.

4.2.5 Qualitative Results
Figure 7 shows a visual comparison of alignment results between
source and target images with the state of the art on the test split
of PF-PASCAL [24], [39]. To this end, the source images are
warped to the target images using the dense flow fields computed
by each method. We can see that our method is robust to local
non-rigid deformation (e.g., bird beaks and horse legs in the first
two rows), scale changes between objects (e.g., front wheels in the
third row), and clutter (e.g., wheels in the last row), while semantic
alignment methods [23], [24] are not. In particular, the fourth
example clearly shows that our method gives more discriminative
correspondences, cutting off matches for non-common objects.
For example, it does not establish correspondences between a
person and background regions in the source and target images,
respectively, while CNNGeo [23] and WS-SA [24] fail to cut
off matches on these regions. We can also see that all methods
do not establish correspondences for occluded regions (e.g., a
bicycle saddle in the last row). We also show in Fig. 8 the top
60 matches chosen according to matching probabilities on the PF-
WILLOW [27], PF-PASCAL [39], and TSS [8] datasets. We can
see that most strong matches are established between prominent
objects, and matches between foreground and background regions
have low matching probabilities.

4.3 Mask Transfer
We apply our model to the task of mask transfer on the Caltech-
101 [54] dataset. This dataset, originally introduced for image

Source image. Target image. Alignment. Label transfer.

Fig. 9: Alignment and label transfer examples on the Caltech-
101 dataset [54]. The source and target masks are overlaid on
the corresponding images. We transfer pixel labels of the source
images to the target ones using established correspondences. We
show label transfer results overlaid on target images. (Best viewed
in color.)

TABLE 6: Quantitative comparison on the Caltech-101 dataset [54].
All numbers but ours are taken from [24], [25], [29], [39].

Type Methods LT-ACC IoU

H
an

d-
cr

af
te

d F DeepFlow [61] 0.74 0.40
F GMK [6] 0.77 0.42
F SIFTFlow [3] 0.75 0.48
F DSP [7] 0.77 0.47
F PF-LOMHOG [39] 0.78 0.50
F OADSC [31] 0.81 0.55

C
N

N
-b

as
ed

A (T) A2Netvgg16 [25] 0.80 0.57
A (T) CNNGeores101 [23] 0.83 0.61
A (T+P) WS-SAres101 [24] 0.85 0.63
F (B+P) PF-LOMFCSS [21] 0.83 0.52
F (C+P) SCNet-AGvgg16 [17] 0.79 0.51
F (P) NCNres101 [43] 0.85 0.60
F (C+P) HPFres101 [29] 0.87 0.63
F (M) Oursres101 0.88 0.67

classification, provides pictures of 101 image categories with
ground-truth object masks. Unlike the PF [27], [39] and TSS [8]
datasets, it does not provide ground-truth keypoint annotations. For
fair comparison, we use 15 image pairs, provided by [17], [24],
for each object category, and use the corresponding 1,515 image
pairs for evaluation. Following the experimental protocol in [7],
we compute matching accuracy with two metrics using the ground-
truth masks: Label transfer accuracy (LT-ACC) and the intersection-
over-union (IoU) metric. Both metrics count the number of correctly
labeled pixels between ground-truth and transformed masks using
dense correspondences, where the LT-ACC evaluates the overall
matching quality while the IoU metric focuses more on foreground
objects. Following [24], [25], we exclude the LOC-ERR metric,
since it measures the localization error of correspondences using
object bounding boxes due to a lack of keypoint annotations, which
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Input. TimeCycleres50 [62]. Oursres50.

Fig. 10: Visual comparison of keypoint propagation results on the JHMDB dataset [30]. Given an input labeled with the ground-truth
pose keypoints, we propagate them through video sequences. Compared to the state of the art, our method is more robust to background
clutter, large displacements, and occlusion. The keypoints are shown in circles. (Best viewed in color.)

TABLE 7: Quantitative comparison on the JHMDB dataset [30].
All numbers except for HPF [29] are taken from [62]. Identity:
copying labels in the first frame; †: models trained from scratch; V:
unlabeled video frames.

Methods PCK PCK
(αbbox = 0.1) (αbbox = 0.2)

Identity 43.1 64.5
SIFTFlow [3] 49.0 68.6
(V+C) Optical Flowflownet2

† [63] 45.2 62.9
(V) Video Colorizaiton3d-res18

† [64] 45.2 69.6
(V) TimeCycleres18

† [62] 57.3 78.1
(V) TimeCycleres50

† [62] 57.7 78.5
(V) TimeCycleres50 [62] 58.4 78.4
(C+P) HPFres101 [29] 58.7 76.8
(M) Oursres50 59.9 78.9
(M) Oursres101 61.0 80.6

does not cover rotations, affine or deformable transformations.

The LT-ACC and IoU comparisons on the Caltech-101 dataset
are shown in Table 6. Although this dataset provides ground-truth
object masks, we do not retrain or fine-tune our model to evaluate
its generalization ability on other datasets. From this table, we can
see that (1) our model generalizes better than other CNN-based
methods for other images outside the training dataset; and (2) it
outperforms the state of the art in terms of the LT-ACC and IoU,
verifying once more that our model focuses on regions containing
objects while filtering out background clutter, even without using
object proposals [17], [21], [31], [39] or inlier counting [24]. In
Fig. 9, we show alignment and label transfer examples on the
Caltech-101 [54] dataset. We can see that our method is robust
against local non-rigid deformations (e.g., bird’s neck, body, and
legs).

4.4 Pose Keypoint Propagation

We apply our model to the task of keypoint propagation on the
JHMDB [30] dataset. We propagate ground-truth pose keypoints
in the first frame to subsequent ones by estimating semantic
correspondences between them. The JHMDB [30] dataset contains
928 clips of 21 action categories with pose keypoints, segmentation
masks of humans in action, obtained by a 2D articulated human
puppet model [65], and provides three splits, where each split
consists of training and test sets. Following the experimental
protocol of [62], [64], we test our model on the test set in the
split 1 corresponding to 268 clips of action categories, without
retraining or fine-tuning on the dataset. We normalize keypoint
coordinates in the range of [0,1] by dividing them with the height
and width of the human bounding box size, respectively, and use
the PCK score with two threshold values (αbbox = 0.1, 0.2) for
evaluation.

We show in Table 7 the average PCK scores for the keypoint
propagation task, and compare our method with the state of the
art including self-supervised methods [62], [64]. From this table,
we can see that our model based on ResNet-50 [36] outperforms
the state of the art, even without using video datasets for training.
For example, TimeCycle [62] is trained with the VLOG [66]
dataset that contains 114k videos with the total length of 344
hours. Training networks with such video datasets requires lots of
computational resources and training time. We can also see that
our model outperforms HPF [29], demonstrating once again its
generalization ability to unseen images during training. Figure 10
shows a visual comparison of keypoint propagation results with
the TimeCycle [62] method on the JHMDB [30] dataset. The
qualitative results for the comparison have been obtained from
the original model [62] provided by the authors. We predict
the keypoints in the rest of the videos, by propagating ground
truth in the first frame. We can see that our method is more
robust to background clutter (e.g., body parts in the first row) and
large displacements (e.g., elbows and wrists in the second row).
Moreover, it is not seriously affected by occlusion (e.g., ankles and
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TABLE 8: Average PCK comparison of different loss functions.

Mask Flow Smoothness PCK
consistency consistency (αbbox = 0.1)

3 7 7 67.5
7 3 7 71.8
3 3 7 78.2
3 3 3 78.7

TABLE 9: Average PCK comparison of variants of our model. We
denote by “D”, “S”, and “KS” discrete, soft, and kernel soft argmax
operators, respectively.

Adaptation Multi-level Argmax PCK
layer feature Train Test (αbbox = 0.1)

7 3 - D 45.8
7 3 - S 8.8
7 3 - KS 28.4
3 7 S D 72.5
3 7 S S 71.7
3 7 KS KS 75.0
3 3 S D 76.8
3 3 S S 76.2
3 3 KS KS 78.7

wrists in the last two rows) as the smoothness term regularizes flow
fields within prominent objects.

4.5 Ablation Study and Effect of Training Data
We show an ablation analysis on different components and losses
in our model. We measure a PCK score (αbbox = 0.1), which
is a more strict metric compared to αimg, and report the results
of semantic correspondence on the test split of PF-PASCAL [24],
[39]. We also study the effect of using different training datasets
on performance.

4.5.1 Training Loss
We show the average PCK for three variants of our model in
Table 8. The mask consistency term encourages establishing
correspondences between prominent objects. Our model trained
with this term only, however, may not yield spatially distinctive
correspondences, resulting in the worst performance. The flow
consistency term, which spreads flow fields over foreground
regions, overcomes this problem, but it does not differentiate
correspondences between background and objects. Accordingly,
these two terms are complementary each other and exploiting both
significantly boosts the performance of our model from 67.5/71.8
to 78.2. An additional smoothness term further boosts performance
to 78.7.

4.5.2 Network Architecture
Table 9 compares the performance of networks with different
components in terms of average PCK. The baseline models in
the first three rows compute matching scores using multi-level
features from conv4-23 and conv5-3 layers, and estimate
correspondences with different argmax operators. They do not
involve any training similar to [37] that uses off-the-shelf CNN
features for semantic correspondence. We can see that applying the
soft argmax directly to the baseline model degrades performance
severely, since it is highly susceptible to multi-modal distributions.

Source.

Target.

w
/o

ad
ap

ta
tio

n.
w

/o
m

ul
ti-

le
ve

l.
A

ll.

Discrete. Soft. Kernel soft.

Fig. 11: Visual comparison of different network architectures and
argmax operators. We show alignment examples for the variants of
our model in Table 9.

The results in the next three rows are obtained with a single
adaptation layer on top of conv4-23. This demonstrates that the
adaptation layer extracts features more adequate for pixel-wise
semantic correspondences, boosting performance of all baseline
models significantly. In particular, we can see that the kernel soft
argmax outperforms others by a large margin, since it enables
training our model end to end including adaptation layers at a sub-
pixel level and is less susceptible to multi-modal distributions. The
last three rows suggest that exploiting deeper features is important,
and using all components with the kernel soft argmax performs
best in terms of the average PCK. We show in Fig. 11 alignment
examples for the variants of our model in Table 9. This confirms
once more the results in Table 9 that the adaptation layers and
exploiting multi-level features boost the matching performance
drastically, regardless of types of argmax operators, and the
soft argmax is highly susceptible to multi-modal distributions,
e.g., caused by ambiguous matches between a bottle and a glass in
the source and target images, respectively.

4.5.3 Training with Bounding Boxes
We train our model using object bounding boxes themselves
as binary masks. The generated masks are noisy, but are less
expensive to annotate than ground-truth foreground masks. We use
the same 2,791 images from the PASCAL VOC 2012 segmentation
dataset [42] for training, and obtain an average PCK (αbbox = 0.1)
of 77.9 on the PF-PASCAL dataset [39], which is comparable with
the score of 78.7 using ground-truth masks. This suggests that using
bounding boxes might be a less accurate but cheaper alternative.

4.5.4 Training on PF-PASCAL
Semantic correspondence methods based on CNNs use different
training sets. For example, the methods of [23], [24] use the
PASCAL VOC 2011 (11,540 images) and Tokyo Time Machine
datasets (20,000 images). In [17], [24], [26], [43], [44], the training
split of PF-PASCAL [39] (about 700 image pairs for 1,001 images)
is used. Following these approaches, we train a network on the
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training split in the PF-PASCAL dataset. We exclude 302 images in
this split that overlap with either target or source images in the test
dataset. Note that current methods ignore this bias. We use object
bounding boxes due to the lack of ground-truth foreground masks
in the training split. We obtain the average PCK (αbbox = 0.1) of
77.8 on PF-PASCAL, which is comparable with the score of 78.7
for the model trained using 1,464 images on the PASCAL VOC
2012 segmentation dataset. This indicates that our model is robust
to the size of training data.

4.5.5 Training on Larger Datasets
We use the training split of MS COCO 2014 [67] to train our model
on a larger dataset. Among 80 object categories, we select 16,624
images of 20 object classes of PASCAL VOC 2012 [42] using
segmentation masks, which is about 6 times the number used in
Section 4.2 (2,791 images). We test our model on the PF-PASCAL
dataset [39], since MS COCO does not provide benchmarks for
semantic correspondence. Despite using a larger number of training
samples, the average PCK (αbbox = 0.1) decreases slightly from
78.7 to 77.1, mainly due to domain differences between MS COCO
and PASCAL VOC datasets. This, however, demonstrates once
more the generalization ability of our approach to samples outside
the training domain.

5 CONCLUSION

We have presented a CNN model dubbed SFNet for learning
an object-aware semantic flow end to end, with a novel kernel
soft argmax layer that outputs differentiable matches at a sub-
pixel level. We have proposed to use binary foreground masks
that are widely available and can be obtained easily compared
to pixel-level annotations to train a model for learning pixel-to-
pixel correspondences. The ablation studies clearly demonstrate
the effectiveness of each component and loss in our model. Finally,
we have shown that the proposed method is robust to distracting
details and focuses on establishing dense correspondences between
prominent objects, outperforming the state of the art on standard
benchmarks for the tasks of semantic correspondence, mask
transfer, and pose keypoint propagation in terms of accuracy and
speed.
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