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Abstract

We address estimating dense correspondences between
two images depicting different but semantically related
scenes. End-to-end trainable deep neural networks incor-
porating neighborhood consensus cues are currently the
best methods for this task. However, these architectures re-
quire exhaustive matching and 4D convolutions over match-
ing costs for all pairs of feature map pixels. This makes
them computationally expensive. We present a more effi-
cient neighborhood consensus approach based on Patch-
Match. For higher accuracy, we propose to use a learned
local 4D scoring function for evaluating candidates during
the PatchMatch iterations. We have devised an approach
to jointly train the scoring function and the feature extrac-
tion modules by embedding them into a proxy model which
is end-to-end differentiable. The modules are trained in a
supervised setting using a cross-entropy loss to directly in-
corporate sparse keypoint supervision. Our evaluation on
PF-PASCAL and SPAIR-71K shows that our method sig-
nificantly outperforms the state-of-the-art on both datasets
while also being faster and using less memory.

1. Introduction

Computing pixel correspondence in two or more im-
ages is a fundamental step in computer vision tasks rang-
ing from 3D vision [1, 7, 13, 19, 43, 51] to image edit-
ing [21, 2, 3, 8, 12, 52] and scene understanding [ 1, 306,
33]. The problem variants where the images depict the same
scene (e.g., stereo, optical flow, and wide baseline match-
ing) are extensively studied and many methods already ex-
ist [39, 4, 14, 42, 44, 16]. We address the dense semantic
correspondence task [36, 28, 54, 22] where the two input
images depict common visual concepts. The goal is to find
corresponding pixels for semantically related object parts
or scene elements as shown in Figure 1. Large intra-class
appearance and shape variations make semantic correspon-
dence challenging, and it continues to receive much atten-
tion from the community [46, 58, 47, 49, 33, 34].

The top performing methods for computing semantic
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Figure 1: The top row shows an image pair from PF-
PAScAL with ground truth keypoint annotations. The bot-
tom row shows transferred keypoints on the target im-
age computed using NC-Net [46], ANC-Net [34], and our
method (PMNC). Errors are shown using red lines connect-
ing the predicted orange keypoints to the expected green
keypoints. PMNC outperforms NC-Net and ANC-Net on
this example and produces state-of-the-art results on the
PF-PASCAL and SPAIR-71K datasets.

correspondences rely on neighborhood consensus, which
refers to a variety of techniques for filtering sparse feature
matches or dense pixel correspondence based on 2D spa-
tial context. While hand-crafted neighbourhood consensus
filters have long been in use [50, 6, 35], Rocco et al. pro-
posed NC-Net [49], the first trainable neighborhood consen-
sus neural network containing multiple 4D convolutional
layers for robust match filtering. ANC-Net [34] proposed
a similar model with adaptive non-isotropic 4D convolution
kernels. However, both methods sacrifice computational ef-
ficiency in favor of accuracy. The multiple 4D convolution
layers in these models cause high memory usage and high
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running times during the forward pass. age editing tasks while exploiting 2D spatial coherence
We take a different approach to neighborhood consen-and smoothness inherent in image correspondence prob-
sus inspired by PatchMatch [3]. We call our method Patch- lems. It was later adopted for stereo matching [7], multi-
Match Neighborhood Consensus (PMNC). Similar to NC- view stereo [20, 51], and optical ow estimation [59, 40].
Net [49] and ANC-Net [34], PMNC uses a CNN feature Since then, a few notable extensions of PatchMatch have
backbone and computes 4D correlations to compare all fea-been proposed. Het al [25] incorporated a coarse-to- ne
ture map pixel pairs in the two images. However, unlike matching strategy for handling larger displacements. Gal-
NC-Net and ANC-Net, PMNC does not lIter the full 4D liani et al. [20] introduced parallelism in the propagation
correlation map using multiple 4D convolutional layers. In- step inspired by belief propagation. Dugegalal. [15] pro-
stead, it uses PatchMatch-based inference on the 4D corposed DeepPruner based on differentiable PatchMatch for
relation map. Conventional PatchMatch cannot easily pro- stereo matching. We propose an alternative to differentiable
cess the 4D correlation tensors for neighborhood consen-PatchMatch and show its ef cacy on semantic matching, a
sus. Therefore, we propose a modi ed PatchMatch method,task for which we were unable to train a DeepPruner model.
where we introduce a learned scoring function for compar- One key difference is that we use PatchMatch to improve
ing the similarity of patches in the two images. This scoring neighborhood consensus (NC) methods to avoid expensive
function performs 4D convolution locally on the 4D correla- exhaustive 4D convolutions. We use PatchMatch only dur-
tion map to produce a matching score. We invoke this func- ing inference along with a learned function.
tion only at selective locations in the 4D map. The function ~ Semantic correspondence via optimization.In early
is used to compare a small number of propagation candi-work on semantic correspondence estimation [36, 10, 9,

dates for each pixel during each PatchMatch iteration. In 28, 26], handcrafted local features such as SIFT [39] and
practice, PMNC computes 4D convolutions on a fraction of HOG [11] were used for dense matching along with various
the full 4D search space which makes it more ef cient. discrete optimization techniques. Cabal. [10, 9] formu-

Because PMNC is non-differentiable, it is difcult to lated sparse semantic matching as graph matchingetiu
train the CNN backbone and the scoring function using al. [36] proposed SIFT Flow, generalizing optical ow to
backpropagation. We overcome this by devising a differ- dense semantic ow. Such methods were extended to deal
entiable proxy model into which we embed our local scor- with large variations in scale [55] using deformable spa-
ing function and feature backbone modules. While training tial pyramids [28, 26]. Taniagt al. [54] proposed jointly
this proxy model, we invoke the scoring function densely in solving cosegmentation and semantic correspondence and
the target image for a small number of 2D locations in the showed that solving both tasks together led to higher accu-
source image (locations where ground truth keypoints areracy on both tasks. Haret al [22] studied using sparse
available). The sparse ground truth keypoint positions in the annotations for semantic ow estimation in Proposal Flow
target image are relaxed to 2D probability maps (similar to and released two datasets (PkSBAL, PF-WLLow) for
ANC-Net [34]). Then, the parameters of the feature back- Semantic correspondence. Kehal [30] used PatchMatch
bone and the scoring function are jointly optimized to min- in a similar way as us but do not incorporate learning. Liu
imize the deviation between the predicted and ground truthet al. [37] formulated semantic ow as an optimal transport
probability maps. With this training scheme, we achieve problem and reported excellent results om&#-71K.

state-of-the-art results on both the PEsRAL and SRIR- Semantic correspondence via learning. Long et
71K datasets while also being faster than the state-of-the-ar@l. [38] showed that CNN-based models trained for im-
solutions and requiring less memory. age classi cation learned features that could compute corre-

In summary, ourcontributions are (1) PMNC, a  spondence at nerimage scales. Recently, learned methods
novel PatchMatch-inspired method that avoids exhaustivefor semantic correspondence based on CNNs have become
4D convolutions but still allows the benets of learned Ppopular [23, 29, 58, 41, 33]. Miet al. [41] also released
neighborhood consensus; (2) a simple approach to trainSPAIR-71K, a challenging dataset with 71K images for the
PMNC that uses a proxy model and sparse keypoint superSemantic correspondence task. Rocco et al. [46] proposed a
vision to jointly train the neighborhood consensus function trainable CNN-based model with geometric matching con-
and CNN feature modules; and (3) extensive experimentsstraints. Jeoret al. [27] proposed Guided Semantic Flow
with standard datasets against current dense semantic corrdGSF) which extracts a sparse set of con dent matches and
spondence benchmarks that show that our method achievedses them to guide correspondence search in ambiguous im-

the best accuracy more quickly with less memory. age regions. GSF and concurrent work ANC-Net [34] (see
later) are the two top methods on PRIEAL.
2. Related Work Filtering Matches via Neighborhood Consensus.
Neighborhood consensus matching was rst explored for
PatchMatch. PatchMatch [3] is a randomized algo- sparse feature matching [61, 50] to check whether the set

rithm proposed to accelerate correspondence search in imef matches were locally spatially coherent in both images.



Figure 2:0Overview of inference phasePMNC rst computes the feature maps of the source and target images using a CNN-
based feature extractor. Then, it computes a 4D correlation map by computing the similarities (dot products) of all pairs of
source and target features. Next, PMNC computes an initial correspondence map from the correlation map by associating a
source pixel with the target pixel with the highest feature similarity. Then, PMNC iteratively re nes the correspondence map
by running a sequence of PatchMatch propagation-and-update steps (see the sub- gure in the bottom right). PMNC returns
the re ned correspondence map as the nal output. PMNC avoids the use of exhaustive 4D convolutions over the correlation
map by using PatchMatch propagation-and-update steps. At each step, for a sourdejpixeshéwn in grey), PMNC (1)
proposes candidateg,(y) in the target (shown in green); (2) evaluates each candidate using the scoring funhdipn
analyzing a 4D local correlation patéty,, ; and (3) updates the correspondence with the best score.

Bilateral functions for modeling smooth image motion [35] ing. In contrast, ANC-Net uses L2 loss to minimize a dif-
and an approach using grid motion statistics [5] are otherferent measure of distributional difference. They add a sec-
techniques for Itering matches using the same insight. ond loss to encourage one-to-one matching but we do not
Roccoet al. [49] proposed a 4D convolution based neigh- use it. Second, our learned 4D scoring function is applied
borhood consensus layer and end-to-end trainable modemultiple times in an iterative fashion at selective locations
called NC-Net. The 4D ltering of correlation maps can in the 4D feature correlation map. However, ANC-Net ap-
better disambiguate local patches, but NC-Net is computa-plies the learned 4D lIters on two 4D tensors, the rst of
tionally expensive and limited to matching low resolution which is the same correlation map as ours but the second
images. Roccet al. [48] recently proposed Sparse NC-Net one is computed by their self-similarity module.

that uses fewer 4D convolutions by sparsely sampling the

4D correlation map. It uses K-nearest neighbors on dense3. PatchMatch Neighborhood Consensus
correlation tensors to nd good match candidates and limits
4D ltering to those candidates. However, Sparse NC-Net
was speci cally designed for wide-baseline matching and
was not evaluated for dense semantic correspondence.

Figure 2 shows how PMNC computes the semantic cor-
respondences at inference time. First, PMNC calculates a
correlation map by exhaustively computing the similarities
between source and target images using their image-patch

ANC-Net is a recent extension of NC-Net proposed by feature descriptors. PMNC then greedily computes the ini-
Li et al [ ]for semantic Correspondence tasks. ANC-Net tial Correspondence map by Composing it with the corre-
consistently outperforms NC-Net on both PERsRAL and  spondences with the largest similarity score viagtgmax
SPAIRS-71K. The authors attribute this improvement to us- Operator_ Last|y1 PMNC runs a feW PatchMatch [ ] itera_

ing Self-Similarity and adaptive window sizes in their neigh— tions to re ne and produce the nal Correspondence map.
borhood consensus modules and to training their model in a

supervised setting. GSF and ANC-Net were published con-3-1. Correlation Map and Correspondence Map

currently and are the top two methods on both R¥SEAL The rst step is the computation of the correlation map
and SRIR-71K. We set the new state-of-the-art on both encoding all the similarities between the source and target
datasets and outperform ANC-Net and GSF. image patches. In Figures 2 and 3 (lower left box), we

While our work is similar to ANC-Net because we in- illustrate how PMNC computes the correlation map. We
corporate neighborhood consensus and directly use sparsese a ResNet-101 [24] backbone as a feature extractor for
keypoint supervision, there are a couple of notable differ- both inference and training. We denote the source image
ences. First, we use cross entropy loss to compare the preas S and target image a$. LetfS 2 R" W d and
dicted and ground truth 2D probability maps during train- fT 2 R" W d denote the feature maps of the source and



Figure 3:Overview of training phase PMNC rst computes the 4D correlation maps between the source and target images.
Then for a pair of annotated keypoints in the source and target images, the learned fiaristigred to predict the probability

of matching the source pixel to all the pixels in the target image. A 2D probability map is obtained by densely evaluating
all target pixel locations by rst computing a matching score udtngnd then applying a 2D softmax operator (see bottom
right of gure). The parameters ¢ and the CNN are optimized by minimizing a cross entropy loss. The loss measures the
deviation between the predicted and the ground-truth probability maps. We assume that the ground truth probabilities follow
a 2D Gaussian distribution centered at the location of the annotated keypoint in the target image.

Layer Number of Filters  Filter Size  Output Size Initialization: With the correlation map that has a patch-
" 1 wise correlation value between source image and target im-
EOE\L'JO ution 6 33335555 age, we construct the initial correspondence rBdpthat
Ce uti ie i > 5 55 maps source pixels ihS into target pixels irf T based on
onvolution 33333333 the maximum correlation value:
RelLU - - 3 3 3 3
Convolution 1 33 3 31111 Di(j) = argmax (Cj ) 2 R2: (1)
Table 1: Scoring function network architecture. The K
function F takes a 4D patciy 2 R™ ' " " and out-  Note that the current dense correspondences are obtained

puts @ matching score. The table shows the details of thefrom pure pixel-wise correlations without neighborhood
underlying network architecture which consists of two lay- consensus, and we let the correspondence map be re ned
ers of 4D convolutions along with ReLU operations. through the propagation and update steps.

Propagation: We follow the Red-Black PatchMatch
target images, respectively. We compute a 4D dense correpropagation method [20] for sampling candidate correspon-
lation mapC 2 R" W H W that contains all the pixel-  dences. For each source pixejj ), we obtain a set of can-
wise simiIaritiesCim = K ijS , f IZ i , Whereh; i is the inner didate CO[respondencé# , where
product, and 5 2 R? andf ] 2 R? are the feature vectors
with unit norm for the pixelgi;j ) and(k; |) from the source Si'f =fD
and target feature maps, respectively. Note that the descrip-
tor of a pixel in our feature maps describes an image patch.from the correspondence of adjacent pixels in the corre-
We denote a local 4D patch of sike v r  r cropped spondence map* at iterationk of PatchMatch. The adja-
from the correlation mag at location(i; j; k; | ), asAju . cent pixels are chosen using the propagation kernel, which
The next step computes the correspondence map from thele nes the shape of the local neighborhood candidate.
4D correlation map in a greedy fashion. Speci cally, we Update: Given the set of propagation candida&}{s,
compute for every source featurefifi and nd the feature  we evaluate each candidate correspondence with the scoring
inf T that has the best similarity score. The results of this function F, and update the correspondence map by taking
step often contain incorrect matches but they serve as anhe correspondence value with the highest score. Mathe-
initialization for the proposed iterative re nement method. matically, this operation can be described as follows

KiDK ;D g )

ij

3.2. PatchMatch Inference Diljwl =argmax fF(Aj (o)) | D)Izy 2 Siﬁ-‘ g:

We perform PatchMatch based optimization to itera- . )
tively re ne the correspondence mdp. The PatchMatch ~ WhereAj; (o« ) is the 4D patch cropped fro@ associat-
algorithm [3] achieves this using three steps. ing the pixels(i;j ) and D‘X(y. The bottom-right of Figure






