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In this supplementary material, we provide additional
details about our approach, experiment settings and results.
In Sec. A, we first give general implementation details, that
apply to all networks we considered. We follow by explain-
ing the triplet image creation and the sampling process of
our synthetic warps My in Sec. B.

In Sec. C, we then focus on the training procedure to ob-
tain PWarpC-SF-Net and PWarpC-SF-Net* in more depth.
We continue by explaining the training details of PWarpC-
NC-Net and PWarpC-NC-Net* in Sec. D. We subsequently
provide training details for PWarpC-CATs and PWarpC-
DHPF in respectively Sec. E and F. In all aforementioned
sections, we provide information about the architecture, its
original training strategy, our proposed training approach
comprising the sampled transformations My, and weight-
ing of our losses, as well as implementation details. We
also provide additional ablative experiments.

We then follow by analysing the effect of the strength
of the sampled warps Myy in Sec. G. In Sec. H, we also
provide results on all four benchmarks PF-Pascal [4], PF-
Willow [3], SPair-71K [18] and TSS [25], when the net-
works are trained or finetuned on SPair-71K instead of PF-
Pascal. Finally we present more detailed quantitative and
qualitative results in Sec. I. In particular, we extensively ex-
plain the evaluation datasets and set-up. We also analyze
our approach in terms of robustness to view-point, scale,
truncation and occlusion. Finally, we further evaluate our
approach on the Caltech-101 dataset [3].

A. General implementation details

In this section, we provide implementation details, which
apply to all our PWarpC networks.

Creating of ground-truth probabilistic mapping Py :
Here, we describe how we obtain the ground-truth proba-
bilisitc mapping Py from the known mapping My,. We
first rescale the mapping My, to the same resolution as
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the predicted probabilistic mapping P. We then convert
the mapping into a ground-truth probabilistic mapping Py,
following this scheme. For each pixel position ¢’ in I’,
we construct the ground-truth 2D conditional probability
distribution Py (-|i’) € RM">wr ¢ [0,1] by assigning a
one-hot or a smooth representation of M (i’). In the lat-
ter case, following [11], we pick the four nearest neigh-
bours of M (i') and set their probability according to dis-
tance. Then we apply 2-D Gaussian smoothing of size 3 on
that probability map. We then vectorize the two dimensions
of Py (:]¢’), leading to our final known warp probabilistic
mapping Py € RMwWirxhowr We will specify which rep-
resentation we used, as either one-hot or smooth, for each
loss and each network.

Conversion of P to correspondence set: The output of the
model is a probabilistic mapping, encoding the matching
probabilities for all pairwise match relating an image pair.
However, for various applications, such as image alignment
or geometric transformation estimation, it is desirable to ob-
tain a set of point-to-point image correspondences M, ;
between the two images. This can be achieved by either
performing a hard or soft assignment. In the former case,
the hard assignment in one direction is done by just taking
the most likely match, the mode of the distribution as,

Mle.](j) = arg max; PI&J(Z.U) (D

In the latter case, the soft assignment corresponds to soft-
argmax. It computes correspondences M. ;(j) for indi-
vidual locations j of image J, as the expected position in /
according to the conditional distribution Py ;(.|7),

Mrey(G) =Y i Prey(ily) )

Training details: All networks are trained with PyTorch,
on a single NVIDIA TITAN RTX GPU with 24 GiB of
memory, within 48 hours, depending on the architecture.



B. Triplet creation and sampling of warps My,
B.1. Triplet creation

Our introduced learning approach requires to construct
an image triplet (I,I’,J) from an original image pair
(I,J), where all three images must have training dimen-
sions s x s. We follow a similar procedure than in [28],
further described here. The original training image pairs
(I,J) are first resized to a fixed size s, X s, larger than
the desired training image size s X s. We then sample a
dense mapping My of the same dimension s, X s,, and
create I’ by warping image I with My, as I’ = I o Myy.
Each of the images of the resulting image triplet (I, I’, J)
are then centrally cropped to the fixed training image size
s x s. The central cropping is necessary to remove most
of the black areas in I’ introduced from the warping opera-
tion with large sampled mappings My as well as possible
warping artifacts arising at the image borders. We then ad-
ditionally apply appearance transformations to all images of
the triplet, such as brightness and contrast changes.

B.2. Sampling of warps My,

A question raised by our proposed loss formulations (8)-
(9) is how to sample the synthetic warps My, . During train-
ing, we randomly sample it from a distribution My ~ pw,
which we need to design. Here, we also follow a similar
procedure than in [28].

In particular, we construct My, by sampling homogra-
phy, Thin-plate Spline (TPS), or affine-TPS transformations
with equal probability. The transformations parameters are
then converted to dense mappings of dimension s, X S,.
Then, we optionally apply horizontal flipping to the each
dense mapping with a probability p ),

Specifically, for homographies and TPS, the four im-
age corners and a 3 x 3 grid of control points respectively,
are randomly translated in both horizontal and vertical di-
rections, according to a desired sampling scheme. The
translated and original points are then used to compute the
corresponding homography and TPS parameters. Finally,
the transformations parameters are converted to dense map-
pings. For both transformation types, the magnitudes of the
translations are sampled according to a uniform distribution
with a range oz. Note that for the uniform distribution, the
sampling range is actually [—op, o g, when it is centered
at zero, or similarly [1 — o, 1+ oy] if centered at 1 for
example. Importantly, the image points coordinates are pre-
viously normalized to be in the interval [—1, 1]. Therefore
o g should be within [0, 1].

For the affine transformations, all parameters, i.e. scale,
translations, shearing and rotation angles, are sampled from
a uniform distribution with range equal to 7, ¢, @ and « re-
spectively. The affine scale parameters are sampled within
[1 — 7,1+ 7] with center at 1, while for all other parame-

ters, the sampling interval is centered at zero.

B.3. List of Hyper-parameters

In summary, to construct our image triplet (I, I’,.J), the
hyper-parameters are the following:

(i) s,, the resizing image size, on which is applied My,
to obtain I’ before cropping.

(ii) s, the training image size, which corresponds to the
size of the training images after cropping.

(iii) og, the range used for sampling the homography
and TPS transformations.

(iv) 7, the range used for sampling the scaling parameter
of the affine transformations.

(v) t, the range used for sampling the translation param-
eter of the affine transformations.

(vi) a, the range used for sampling the rotation angle of
the affine transformations. It is also used as shearing angle.

(vii) 04, the range used for sampling the TPS transfor-
mations, used for the Affine-TPS compositions.

(viii) The probability of horizontal flipping p t7;),.

B.4. Hyper-parameters settings

Geometric transformations : For all our PWarpC net-
works, the mappings Myy are created by sampling homo-
graphies, TPS and Affine-TPS transformations with equal
probability. For simplicity, we also use the same range for
all three types of transformations. In particular, we use a
uniform sampling scheme with a range equal to [—o 7, o g,
where oy = 04y, = 0.4. For the affine transformations, we
also sample all parameters, i.e. scale, translation, shear and
rotation angles, from uniform distributions with ranges re-
spectively equal to 7 = 0.45, t = 0.25, and @ = 7/12
for both angles. We use these parameters when training on
either PF-Pascal [4] or SPair-71K [18].

Probability of horizontal flipping: When training on PF-
Pascal, we set the probability of horizontal flipping to
prip = 5% for all our PWarpC networks, except for
PWarpC-NC-Net and PWarpC-NC-Net*, for which we use
Ditip = 30%. For training on SPair-71K, we increase this
value to p i, = 15% for all our PWarpC networks, except
for PWarpC-NC-Net and PWarpC-NC-Net*, for which we
keep pyiip = 30%.

Appearance transformations: For all experiments and
networks, we apply the same appearance transformations
to the image triplet (I, I’, J). Specifically, we convert each
image to gray-scale with a probability of 0.2. We then ap-
ply color transformations, by adjusting contrast, saturation,
brightness, and hue. The color transformations are larger
for the synthetic image I’ then for the real images (I, J).
For the synthetic image I’, we additionally randomly invert
the RGB channels. Finally, on all images of the triplet, we
further use a Gaussian blur with a kernel between 3 and 7,



and a standard deviation sampled within [0.2,2.0], applied
with probability of 0.2.

C. PWarpC-SF-Net and PWarpC-SF-Net*

We first provide details about the SF-Net [9] architecture.
We also briefly review the training strategy of the original
work. We then extensively explain our training approach
and the corresponding implementation details, for both our
weakly and strongly-supervised approaches, PWarpC-SF-
Net and PWarpC-SF-Net* respectively. Finally, we provide
additional method analysis for this architecture.

C.1. Details about SF-Net

Architecture: SF-Net is based on a pre-trained ResNet-101
feature backbone, on which are added convolutional adap-
tation layers at two levels. The predicted feature maps are
then used to construct two cost volumes, at two resolutions.
After upsampling the coarsest one to the same resolution,
the two cost volumes are combined with a point-wise mul-
tiplication. While the resulting cost volume is the actual
output of the network, it is converted to a flow field through
a kernel sotf-argmax operation. Specifically, a fixed Gaus-
sian kernel is applied on the raw cost volume scores to post-
process them, before applying SoftMax to convert the cost
volume to a probabilistic mapping. From there, the soft-
argmax operation transposes it to a mapping.

For our PWarpC approaches, we do not use the Gaussian
kernel to post-process the predicted matching scores. We
simply convert the predicted cost volume into a probabilis-
tic mapping through a SoftMax operation, following eq. (4)
of the main paper. Also note that only the adaptation layers
are trained.

Training strategy in original work: The original work
employs ground-truth foreground object masks as supervi-
sion. From single images associated with their segmenta-
tion masks, they create image pairs by applying random
transformations to both the original images and segmen-
tation masks. Subsequently, they train the network with
a combination of multiple losses. In particular, they en-
force the forward-backward consistency of the predicted
flow, associated with a smoothness objective acting directly
on the predicted flow. These losses are further combined
with an objective enforcing the consistency of the warped
foreground mask of one image with the ground-truth seg-
mentation mask of the other image.

C.2. PWarpC-SF-Net and PWarpC-SF-Net*: our
training strategy

Warps W sampling: For the weakly-supervised version,
we resize the image pairs (I, J) to s, x s, = 340 x 340,
sample a dense mapping My of the same dimension and

create I'. Each of the images of the resulting image triplet
(I,I',J) is then centrally cropped to s x s = 320 x 320.

For the strongly-supervised version, we apply the trans-
formations on images of the same size than the crop, i.e.
Sy X 8p = s X s = 320 x 320. This is to avoid cropping
keypoint annotations.

When training on PF-Pascal, we apply 5% of horizontal
flipping to sample the random mappings My, while it is
increased to 15% when training on SPair-71K.

Weighting and details on the losses : We found it bene-
ficial to define the known probabilistic mapping Py with
a one-hot representation for our PW-bipath loss (eq.9 of
m.p.), while using a smooth representation instead for the
PWarp-supervision (eq.8 of m.p.) loss and the keypoint
Ly, objective in (eq.12 of m.p.). Each representation is de-
scribed in Sec. A.

For the weakly-supervision version PWarpC-SF-Net, the
weights in eq. 11 of m.p. are set t0 Ap.wapsuyp =
LVis—PW—bi/LP-warp-sup and )\PNeg =1

For the strongly-supervised version, PWarpC-SF-Net*,
we use the same weight Ap_warp-sup = Lvis-pw-bi/ Lp-warp-sup-
We additionally set )‘kp = (LP—Warp—sup + LViS—PW—bi)/Lkp’
which ensure that our probabilistic losses amount for the
same than the keypoint loss Ly,. Moreover, the keypoint
loss Ly is set as the cross-entropy loss, for both PWarpC-
SF-Net* and its baseline SF-Net*.

Implementation details: For our weakly-supervised
PWarpC-SF-Net, we set the initial learnable parameter z,
corresponding to the unmatched state ¢ for our occlusion
modeling, at z = 0.

For both the weakly and strongly-supervised approaches,
the SoftMax temperature, corresponding to equation (4) of
the main paper, is set to 7 = 1.0/50.0, the same than orig-
inally used in the baseline for soft-argmax. The hyper-
parameter used in the estimation of our visibility mask V'
(eq. 9 of the main paper) is set to v = 0.7 and to v = 0.2
when trained on PF-Pascal or SPair-71K respectively. This
is because in SPair-71K, the objects are generally much
smaller than in PF-Pascal.

For training, we use similar training parameters as in
baseline SF-Net [9]. We train with a batch size of 16 for
maximum 100 epochs. The learning rate is set to 3.10~°
and halved after 50. We optionally finetune the networks on
SPair-71K for an additional 20 epochs, with an initial learn-
ing rate of 1.1075, halved after 10 epochs. The networks
are trained using Adam optimizer [7] with weight decay set
to zero.

C.3. Additional analysis

Here, we first analyse the effect of the kernel applied in
the original SF-Net baseline [9] before converting the pre-
dicted cost volume to a probabilistic mapping representa-
tion. We also provide the ablation study of our strongly-



(a) Training with mapping-based Warp Consistency [28]
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(b) Training with Probabilistic Warp Consistency (Ours)
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Figure 1. In (a), SF-Net is trained using the mapping-based Warp
Consistency approach [28], after converting the cost volume to a
mapping through soft-argmax [©]. It predicts ambiguous matching
scores, struggling to differentiate between the car wheels. After
applying the kernel, the mode of the distribution corresponds to
the wrong wheel. Also note that the kernel is extremely impor-
tant in that case to post-process the multi-hypothesis distribution.
Our probabilistic approach (b) instead directly predicts a Dirac-
like distribution, whose mode is correct.

Target T Source S

supervised PWarpC-SF-Net*. Note that the ablation study
of the weakly-supervised SF-Net is provided in Tab. 2 of
the main paper. Finally, we show the impact of different
losses on negative image pairs, i.e. depicting different ob-
ject classes.

Effect of kernel: Baseline SF-Net relies on a kernel soft-
argmax strategy to convert the predicted cost volume to a
mapping. In particular, the kernel is applied on the cost vol-
ume before applying SoftMax (eq.4 of m.p.), which trans-
poses it to a probabilistic mapping. From there, soft-argmax
is used to obtain a mapping. Nevertheless, we observe that
this kernel is extremely important in order to post-process
the matching scores. This is shown in Fig. 1. In con-
trast, our approach Probabilistic Warp Consistency, which
directly acts on the predicted dense matching scores, pro-
duces clean, Dirac-like conditional distributions, without
relying on any post-processing operations.

Ablation study for strongly-supervised PWarpC-SF-
Net*: In Tab. 1, we analyse key components of our ap-
proach PWarpC-SF-Net*. From the strongly-supervised

PF-Pascal PF-Willow Spair-71K TSS

Qimg Qbbox Qbbox Qimg

Methods 0.05 0.10 | 0.05 0.10 | 010 | 0.05
SF-Net* 787 929|432 725 27.9 73.8
+ Vis-aware PW-bipath (eq. 9 of m.p.) | 77.1 91.6 | 47.8 77.9 31.1 80.3
+ PWarp-supervision (eq. 8 of m.p.) 783 922 | 415 717 325 84.2

Table 1. Ablation study for strongly-supervised PWarpC-SF-Net*.
We incrementally add each component. We measure the PCK on
the PF-Pascal [4], PF-Willow [3], SPair-71K [18] and TSS [25]
datasets. The evaluation results are computed using ground-truth
annotations at original resolution.

PF-Pascal PF-Willow Spair-71k  TSS

Qimg Qbbor Qbbor Qimg

Methods 0.05 0.10 | 0.05 010 | 010 | 0.05

I SF-Net baseline (soft-argmax) 59.0 84.0 | 463 740 24.0 75.8
II SF-Net baseline (argmax) 60.3 813 | 437 71.0 269 74.1
III Vis-PW-bipath + PWarp-sup 63.0 849 | 47.0 769 30.7 83.5
IV (IIl) + PNeg (eq. 10 of m.p.) (PWarpC-SF-Net) | 65.6 87.9 | 47.3 78.2 338 84.1
VvV (III) + Max-score [22] 637 812|446 716 31.8 77.3
VI (III) + Min-entropy [19] 59.4 767 | 41.8 679 28.8 732

Table 2. Comparison of different losses applied on negative im-
age pairs, i.e. depicting different object classes, when associated
with our introduced PW-bipath and PWarp-supervised losses on
positive image pairs. We use SF-Net as baseline network. The
evaluation results are computed using the annotations at original
resolution.

baseline SF-Net*, adding our probabilistic PW-bipath ob-
jective leads to a significant improvement on the PF-Willow,
SPair-71K and TSS datasets. Further including our PWarp-
supervision objective results in additional gains on SPair-
71K and TSS.

Comparisons to alternative negative losses: In Tab. 2, we
compare combining our PW-bipath and PWarp-supervision
objectives on image pairs of the same label, with different
losses on images pairs showing different object classes, i.e.
on negative image pairs. In the version denoted as (IV),
we introduce our explicit occlusion modeling (Sec. 4.3 of
the main paper), trained with our probabilistic negative loss
Lpneg- In (V) and (VI), we instead combine our probabilis-
tic objectives on the positive image pairs (III), with an addi-
tional objective, minimizing the max scores or the negative
entropy of the cost volume respectively. While it brings a
small improvement with respect to version (III), the result-
ing network performances in (V) and (VI) are far lower than
when trained with our final combination (eq. 11 of m.p.),
which corresponds to version (IV).

D. PWarpC-NC-Net and PWarpc-NC-Net*

In this section, we first provide details about the NC-Net
architecture. We also briefly review the training strategy
of the original work. We then extensively explain our train-
ing approach and the corresponding implementation details,
for both our weakly and strongly-supervised approaches,
PWarpC-NC-Net and PWarpC-NC-Net* respectively. Fi-
nally, we extensively ablate our approach for this architec-
ture.

D.1. Details about NC-Net

Architecture: In [22], Rocco et al. introduce a learnable
consensus network, applied on the 4D cost volume con-
structed between a pair of feature maps. Specifically, they
process the cost volume with multiple 4D convolutional lay-
ers, to establish a strong locality prior on the relationships
between the matches. The cost volume before and after ap-
plying the 4D convolutions is also processed with a soft mu-
tual nearest neighbor filtering.



Training strategy in original work: The baseline NC-Net
is trained with a weakly-supervised strategy, using image-
level class labels as only supervision. Their proposed objec-
tive maximizes the mean matching scores over all hard as-
signed matches from the predicted cost volume constructed
between images pairs of the same class, while minimizing
the same quantity for image pairs of different classes. By
retraining the NC-Net architecture with this strategy, we
nevertheless found the training process to be quite unsta-
ble, multiple training runs leading to substantially different
performance.

D.2. PWarpC-NC-Net and PWarpC-NC-Net*: our
training strategy

Warps W sampling: For the weakly-supervised version,
we resize the image pairs (I, J) to s, x s, = 430 x 430,
sample a dense mapping My of the same dimension and
create I’. Each of the images of the resulting image triplet
(I,1',J) is then centrally cropped to s x s = 400 x 400.

For the strongly-supervised version, we apply the trans-
formations on images of the same size than the crop, i.e.
s X 8 = sx = 400 x 400. This is to avoid cropping
keypoint annotations.

As for the random mapping My, we apply 30% of hori-
zontal flipping. We found increasing the percentage of hor-
izontal flipping for our PWarpC-NC-Net and PWarpC-NC-
Net* networks to be beneficial compared to the other net-
works, in order to help stabilize the learning.

Weighting and details on the losses : For all losses, we use
a smooth representation for the known probabilistic map-
ping Py (see Sec. A).

In general, we found the PWarp-supervision objec-
tive (eq.8 of m.p.) to be slightly harmful for the PWarpC-
NC-Net networks, and therefore did not include it in our
final weakly and strongly-supervised formulations. This is
particularly the case when finetuning the features, which
is the setting we used for our final PWarpC-NC-Net and
PWarpC-NC-Net*. This is likely due to the network ’over-
fitting’ to the synthetic image pairs and transformations in-
volved in the PWarp-supervision loss, at the expense of the
real images considered in the PW-bipath (eq. 9 of m.p.) and
PNeg (eq. 10 of m.p.) objectives.

As a result, for the weakly-supervision version PWarpC-
NC-Net, the weights ineq. 11 of m.p. are set to Ap.warp-sup =
0 and Apneg = 1. For the strongly-supervised version,
PWarpC-NC-Net*, we use the same weight A\p.yarp-sup = 0.
We additionally set Ay = (Lp-warp-sup + Lvis-pw-bi)/ Lips
which ensure that our probabilistic losses amount for the
same than the keypoint loss Li,. Moreover, the keypoint
loss Ly, is set as the cross-entropy loss, for both PWarpC-
NC-Net* and its baseline NC-Net*.

Implementation details: For PWarpC-NC-Net, we set

the initial learnable parameter z, corresponding to the un-
matched state ¢ for our occlusion modeling at z = 10. This
is to ensure that it is in the same range than the cost volume,
at initialization.

The SoftMax temperature, corresponding to equation 4
of the main paper, is set to 7 = 1.0, the same than origi-
nally used in the baseline loss. The hyper-parameter used
in the estimation of our visibility mask V' (eq. 9 of the main
paper) is set to v = 0.2. Indeed, for NC-Net, we found that
using a more restrictive threshold, as compared to the other
networks which use v = 0.7 (when trained on PF-Pascal),
is beneficial to stabilize the training. It offers a better guar-
antee that the PW-bipath loss (eq. 9 of m.p.) is only applied
in common visible object regions between the triplet.

Similarly to baseline NC-Net [22], we train in two
stages. In the first stage, we only train the consensus
neighborhood network while keeping the ResNet-101 fea-
ture backbone extractor fixed. We further finetune the last
layer of the feature backbone as well as the consensus
neighborhood network in a second stage. These two stages
are used to train on PF-Pascal [4], our final PWarpC-NC-
Net and PWarpC-NC-Net* approaches, as well as strongly-
supervised baseline NC-Net*.

For training, we use similar training parameters as in
baseline NC-Net. We train with a batch size of 16, which is
reduced to 8 when the last layer of the backbone feature is
finetuned. During the first training stage on PF-Pascal, we
train for a maximum of 30 epochs with a learning rate set to
a constant of 5 - 10~%. During the second training stage on

PF-Pascal PF-Willow Spair-71k  TSS
Qimg Qbboz Qbboz Qimg
Methods 0.05 010 |0.05 010 010 | 0.05
I NCNet baseline (Max-score) [22] 60.5 823|440 727| 288 | 777
I PW-bipath diverged
I + Visibility mask 64.7 83.8 | 454 759 328 82.7
v + PWarp-supervision 61.7 79.2 | 45.1 73.8 35.6 854
I PW-bipath Visibility mask 64.7 838 | 454 759 32.8 82.7
v + PNeg 62.0 822 | 454 76.2 332 87.9
VI + ft features (PWarpC-NC-Net) 64.2 84.4 | 450 759 353 89.2
VII  ft features from scratch ‘ 63.7 82.9 ‘ 449 76.1 ‘ 35.7 ‘ 87.4
VI PWarpC-NC-Net 64.2 84.4 | 45.0 759 353 89.2
1 Max-score (NC-Net baseline) 60.5 823 | 440 727 28.8 71.7
VIII  Min-entropy [19] 55.6 792 | 420 723 254 784
X Warp Consistency [28] 59.1 75.0 | 44.6 70.1 35.0 87.0
I PW-bipath Visibility mask 64.7 83.8 | 454 759 32.8 82.7
\Y% (IIT) + PNeg (Ours) 62.0 822 | 454 76.2 332 87.9
X (III) + Max-score 62.9 82.1 | 454 742 31.3 79.0
XI (IIT) + Min-entropy 60.8 785 | 448 714 315 78.6

Table 3. In the top part, we conduct an ablation study for PWarpC-
NC-Net. There, we incrementally add each component. In the
middle part, we then compare our Probabilistic Warp Consistency
objective to alternative weakly-supervised losses. In the bottom
part, we compare the impact of combining different losses on non-
matching pairs with our PW-bipath objective, applied on image
pairs of the same class. We measure the PCK on the PF-Pascal [4],
PF-Willow [3], SPair-71K [18] and TSS [25] datasets. The evalu-
ation results are computed using ground-truth annotations at orig-
inal resolution.



PF-Pascal, the learning rate is reduced to 1 - 10~* and the
network trained for an additional 30 epochs.

We optionally further finetune the networks on SPair-
71K [18] for 10 epochs, with the same learning rate equal to
1-10~*. Note that in this setting, the last layer of the feature
backbone is also finetuned. The networks are trained using
Adam optimizer [7] with weight decay set to zero.

D.3. PWarpC-NC-Net: ablation study and compar-
ison to previous works

Similarly to Sec. 5.4 of the main paper for PWarpC-SF-
Net, we here provide a detailed analysis of our weakly-
supervised approach PWarpC-NC-Net.

Ablation study: In the top part of Tab. 3, we analyze key
components of our weakly-supervised approach. The ver-
sion denoted as (II) is trained using our PW-bipath objec-
tive (eq. 7 of m.p.), without the visibility mask. NC-Net
trained with this loss diverged. With the NC-Net architec-
ture, we found it crucial to extend our loss with our visi-
bility mask (eq. 7 of m.p.), resulting in version (III). We
believe applying our PW-bipath loss on all pixels (II) con-
fuses the NC-Net network, by enforcing matching even in
e.g. non-matching background regions. Note that version
(IIT) trained with our visibility aware PW-bipath objective
(eq. 9 of m.p.) already outperforms the baseline (I) on all
datasets and for all thresholds. Further adding the PWarp-
supervision loss (eq. 8 of m.p.) in (IV) leads to worse re-
sults than (III) on the PF-Pascal and PF-Willow datasets,
despite bringing an improvement on SPair-71K and TSS.
To obtain a final network achieving competitive results on
all four datasets, we therefore do not include the PWarp-
supervision objective (eq. 8 of m.p.) in our final formula-
tion.

From (III), including our occlusion modeling, i.e. the un-
matched state and its corresponding probabilistic negative
loss (eq. 10 of m.p.) in (V) leads to notable gains on the
PF-Willow, SPair-71K and TSS datasets. In (VI), we fur-
ther finetune the last layer of the feature backbone with the
neighborhood consensus network in a second training stage.
It leads to substantial improvements on all datasets, except
for PF-Willow, where results remain almost unchanged.

From (VI) to (VII), we compare finetuning the feature
backbone in a second training stage (VI), or directly in a
single training stage (VII). The former leads to better per-
formance on the PF-Pascal dataset. As a result, version
(VI) corresponds to our final weakly-supervised PWarpC-
NC-Net, trained with two stages on PF-Pascal.

Comparison to other losses: In the middle part of Tab. 3,
we compare our Probabilistic Warp Consistency approach
to previous weakly-supervised alternatives. The baseline
NC-Net, corresponding to version (I), is trained with max-
imizing the max scores of the predicted cost volumes for
matching images. It leads to significantly worse results than

our approach (VI) on all datasets and threshold. The same
conclusions apply to version (VIII), trained with minimiz-
ing the cost volume entropy for matching images. Finally,
we compare our probabilistic approach (VI) to the mapping-
based Warp Consistency method, corresponding to (IX).
While Warp Consistency (IX) achieves good performance
on the SPair-71K and TSS datasets, it leads to poor results
on the PF-Pascal and PF-Willow datasets.

Comparison of objectives on negative image pairs: Fi-
nally, in the bottom part of Tab. 3, we compare multiple
alternative losses applied on image pairs depicting differ-
ent object classes. In particular, we combine our visibility-
aware PW-bipath loss (III) with either our introduced prob-
abilistic negative loss (eq. 10 of m.p.), minimizing the
maximum scores [22] or maximizing the cost volume en-
tropy [19] in respectively (V), (X) and (XI). Our probabilis-
tic negative loss (eq. 10 of m.p.) leads to significantly better
results on the PF-Willow, SPair-71K and TSS datasets. We
believe it is because it enables to explicitly model occlu-
sions and unmatched regions through our extended proba-
bilistic formulation, including the unmatched state.

E. PWarpC-CATs

In this section, we first briefly review the CATs architec-
ture and the original training strategy. We then provide de-
tails about the integration of our probabilistic approach into
this architecture. Finally, we analyse the key components of
our resulting strongly-supervised networks PWarpC-CAT's
and PWarpC-CATs-ft-features.

E.1. Details about CATs

Architecture: CATs [2] finds matches which are globally
consistent by leveraging a Transformer architecture applied
to slices of correlation maps constructed from multi-level
features. The Transformer module alternates self-attention
layers across points of the same correlation map, with inter-
correlation self-attention across multi-level dimensions.

Training strategy in original work: While the final output
of the CAT's architecture is a cost volume, the latter is con-
verted to a dense mapping by transposing into a probabilis-
tic mapping with SoftMax, and then applying soft-argmax.
The network is then trained with the End-Point Error objec-
tive, by leveraging the keypoint match annotations.

E.2. PWarpC-CATs: our training strategy

Warps W sampling: We apply the transformations on im-
ages with dimensions s, X s, = s X § = 256 x 256. We do
not further crop central images to avoid cropping keypoint
annotations.

When training on PF-Pascal, we apply 5% of horizontal
flipping to sample the random mappings My, while it is
increased to 15% when training on SPair-71K.



Weighting and details on the losses : We define the known
probabilistic mapping Py with a one-hot representation for
our PW-bipath and PWarp-supervision losses (8)-(9) of the
main paper (see Sec. A).

To obtain PWarpC-CATs, we set the weights in eq. 12
of m.p. as )\P»warp-sup = Lvis—PW—bi/LP—warp—sup and )\kp =
(Lp-warp-sup + Liis-pw-vi)/ Lip, Which ensure that our prob-
abilistic losses amount for the same than the keypoint loss
Ly,.

To obtain PWarpC-CATs-ft-features, where the ResNet-
101 backbone feature is additionally finetuned, we found
the PWarp-supervision objective (eq. 8 of m.p.) to be
slightly harmful, and therefore did not include it in this case.
This is consistent with the findings of PWarpC-NC-Net and
PWarpC-NC-Net*, for which the PWarp-supervised objec-
tive was also found harmful when the feature backbone is
finetuned. This is likely due to the network ’overfitting’
to the synthetic image pairs and transformations involved
in the PWarp-supervision loss, at the expense of the real
images considered in the PW-bipath (eq. 9 of m.p.) objec-
tives. As aresult, for the PWarpC-CAT's-ft-features version,
we set the weights in eq. 12 of m.p. as Ap_warp-sup = 0 and
>\kp = (LP-warp»sup + Lvis»PW—bi)/Lkp-

Moreover, to be consistent with the baseline CATs, the
keypoint loss Ly, is set as End-Point-Error loss, after con-
verting the probabilistic mapping to a mapping through
soft-argmax.

Implementation details: The softmax temperature, corre-
sponding to equation 4 of the main paper, is set to 7 = 0.02,
the same than originally used in the baseline. The hyper-
parameter used in the estimation of our visibility mask V'
(eq. 9 of the main paper) is set to v = 0.7 and to v = 0.2
when trained on PF-Pascal or SPair-71K respectively. This
is because in SPair-71K, the objects are generally much
smaller than in PF-Pascal.

For training, we use similar training parameters as in
baseline CATs. We train with a batch size of 16 when the
feature backbone is frozen, and reduce it to 7 when finetun-
ing the backbone. The initial learning rate is set to 3 - 1076
for the feature backbone, and 3 - 105 for the rest of the
architecture. It is halved after 80, 100 and 120 epochs and
we train for a maximum of 150 epochs. We use the same
training parameters when training on either PF-Pascal or
SPair-71K. The networks are trained using AdamW opti-
mizer [14] with weight decay set to 0.05.

E.3. Ablation study

In Tab. 4, we analyse the key components of our
strongly-supervised approaches PWarpC-CATs (top part)
and PWarpC-CATs-ft-features (bottom part). From the
CATs baseline, which is trained with the End-Point Error
(EPE) objective while keeping the backbone feature frozen,
adding our visibility-aware PW-bipath loss (eq. 9 of m.p.)

PF-Pascal PF-Willow Spair-71k TSS

Qimg Qo pbox Qimg
Methods 0.05 010|005 010] 010 | 0.05
CATS baseline (EPE) 67.3 88.6 | 41.6 689 22.1 74.8
+ Vis-aware-PW-bipath 68.1 885|440 706 214 763
+ PWarp-supervision (PWarpC-CATs) | 67.1 885 | 442 71.2 23.3 824
CATSs-ft-features (EPE) 798 927 | 452 732 26.8 784

+ Vis-aware-PW-bipath
(PWarpC-CATs-ft-features)
+ PWarp-supervision 79.6 924

Table 4. Ablation study for PWarpC-CATs and PWarpC-CATs-ft-
features. We incrementally add each component. We measure
the PCK on the PF-Pascal [4], PF-Willow [3], SPair-71K [18]
and TSS [25] datasets. The evaluation results are computed us-
ing ground-truth annotations at original resolution.

46.7 744 26.0 88.7

leads to a subtantial gain on the PF-Willow and TSS dataset.
Further including our PWarp-supervision objective results
in improved performance on PF-Willow, SPair-71K and
TSS. For the versions with finetuning the feature backbone
(bottom part of Tab. 4), our visibility-aware PW-bipath ob-
jective brings major gains on PF-Willow, SPair-71K and
TSS. However, further adding the PWarp-supervision leads
to a small drop in performance on all datasets. For this
reason, we use the combination of the EPE loss with
our visibility-aware PW-bipath objective to train our final
PWarpC-CATs-ft-features.

F. PWarpC-DHPF

As in previous sections, we first review the DHPF [19]
architecture and its original training strategy. We then pro-
vide training details for our strongly-supervised PWarpC-
DHPF. Finally, we provide an ablation study for our ap-
proach applied to this architecture.

F.1. Details about DHPF

Architecture: DHPF learns to compose hypercolumn fea-
tures, i.e. aggregation of different layers, on the fly by se-
lecting a small number of relevant layers from a deep con-
volutional neural network. In particular, it proposes a gat-
ing mechanism to choose which layers to include in the hy-
percolumn. The hypercolumns features are then correlated,
leading to the final output cost volume.

Training strategy in original work: The original work
proposes both a weakly and strongly-supervised approach.
The weakly-supervised approach is trained with minimiz-
ing the cost volume entropy computed between image pairs
depicting the same class, while maximizing it for pairs de-
picting a different semantic content.

The strongly-supervised approach is instead trained with
the cross-entropy loss, after converting the keypoint match
annotations to probability distributions. In both cases, the
authors also include a layer selection loss. It is a soft con-
straint to encourage the network to select each layer of the
feature backbone at a certain rate.



F.2. PWarpC-DHPF: our training strategy

Warps W sampling: We apply the transformations on im-
ages with dimensions s, X s, = sxs = 240x240. Similarly
to PWarpC-CATs, we do not further crop central images to
avoid cropping keypoint annotations.

When training on PF-Pascal, we apply 5% of horizontal
flipping to sample the random mappings My, while it is
increased to 15% when training on SPair-71K.

Weighting and details on the losses : We define the known
probabilistic mapping Py with a smooth representation for
our PW-bipath and PWarp-supervision losses (8)-(9) of the
main paper (see Sec. A).

To obtain PWarpC-DHPEF, we set the weights in eq. 12
of m.p. as )\P-warp-sup = Lvis—PW—bi/LP-warp—sup and )\kp =
(Lp-warp-sup + Liis-pw-vi)/ Lip, Which ensure that our prob-
abilistic losses amount for the same than the keypoint loss
Ly,.

Moreover, in the strongly-supervised baseline DHPF,
they train with a keypoint loss Ly, corresponding to the
cross-entropy with the ground-truth keypoint matches con-
verted to one-hot probabilistic mapping representations. We
nevertheless found that the baseline is slightly improved
when the ground-truth keypoint matches are instead con-
verted to smooth probability distributions. We denote this
version as DHPF* and compare it to our final PWarpC-
DHPF in Tab. 5. As a result, for our PWarpC-DHPF, we
set the keypoint loss Ly, in eq. 12 of m.p. to the cross-
entropy with a smooth representation of the ground-truth
keypoint match distributions. Finally, for fair comparison,
we add the layer selection loss used in baseline DHPF to
our strongly-supervised loss (eq. 12 of m.p.).

Implementation details: The softmax temperature, corre-
sponding to equation 4 of the main paper, is setto 7 = 1, as
in the baseline loss. Note that following the baseline DHPF,
we apply gaussian normalization on the cost volume before
applying the SoftMax operation to convert it to a probabilis-
tic mapping. The hyper-parameter used in the estimation
of our visibility mask V' (eq. 9 of the main paper) is set to
~v = 0.7 and to v = 0.2 when trained on PF-Pascal or SPair-
71K respectively. This is because in SPair-71K, the objects
are generally much smaller than in PF-Pascal.

For training, we use similar training parameters as in
baseline DHPF. We train on PF-Pascal with a batch size of
6 for a maximum of 100 epochs. The initial learning rate is
set 3 - 1072 and halved after 50 epochs. We optionally fur-
ther finetune the network on SPair-71K, with an additional
10 epochs and a constant learning rate of 1 - 1072, The
networks are trained using SGD optimizer [23].

F.3. Ablation study

In Tab. 5, we conduct ablative experiments on PWarpC-
DHPEF. Training with the cross-entropy loss using a smooth

PF-Pascal PF-Willow Spair-71k  TSS

Qim Qbbor Qbbo Qimg

g
Methods 0.05 0.10]0.05 010] 010 | 0.05
DHPF baseline (CE with one-hot) 773 917 | 448 706 | 275 722
DHPF* (CE with smooth) 781 907 | 447 701 27.9 | 7402
+ Vis-aware-PW-bipath 763 907 | 473 736 | 280 737
+ PWarp-supervision (PWarpC-DHPF) | 77.7 91.7 | 47.7 743 28.6 74.3

Table 5. Ablation study for PWarpC-DHPF. We incrementally add
each component. We measure the PCK on the PF-Pascal [4], PF-
Willow [3], SPair-71K [18] and TSS [25] datasets. The evalua-
tion results are computed using ground-truth annotations at origi-
nal resolution.

representation of the ground-truth in DHPF* leads to
slightly better results than DHPF on PF-Pascal and SPair-
71K. For this reason, we use it as baseline. Further in-
cluding our visibility-aware PW-bipath loss and PWarp-
supervision leads to incremental gains on PF-Willow and
SPair-71K.

G. Analysis of transformations W

In this section, we analyse the impact of the sampled
transformations’ strength on the performance of the corre-
sponding trained PWarpC networks. As explained in Sec. B,
the strength of the warps My is mostly controlled by the
range o, used to sample the base homography, TPS and
Affine-TPS transformations. The probability of horizontal
flipping p f1;p also has a large impact. We thus analyse the
effect of the sampling range oy and the probability of hor-
izontal flipping p;;, on the evaluation results of the corre-
sponding PWarpC networks. In particular, we provide the
analysis for our weakly-supervised PWarpC-SF-Net. The
trend is the same for the other PWarpC networks.

While we choose a specific distribution to sample the
transformations parameters used to construct the mapping
My, our experiments show that the performance of the
trained networks according to our proposed Probabilis-
tic Warp Consistency loss is relatively insensitive to the
strength of the transformations My, if they remain in a rea-
sonable bound. We present these experiments in Fig. 2.

In Fig. 2 (A), we analyse the impact of the sampling
range on the performance of PWarpC-SF-Net. Any range
within [0.1, 0.7] leads to similar performance, for & = 0.1
and for = 0.15. Only for o = 0.05 on PF-Pascal, increas-
ing the range up to 0.6 leads to better results, with a drop
for oy = 0.7. We select oy = 0.4 in our final setting.

We then look at the impact of the probability of horizon-
tal flipping in Fig. 2 (B). On PF-Pascal, increasing the prob-
ability of flipping up to 5% leads to an increase in perfor-
mance. Increasing it further nevertheless results in a gradual
drop in performance. The trend is the same on SPair-71K,
except that the best results are achieved for py;;;, = 10%.
We therefore set ps;, = 5% for our final PWarpC net-
works.



(A) Impact of sampling range
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Figure 2. Impact of the strength of the transformations My, on the performance of the weakly-supervised PWarpC-SF-Net network. We
look at the PCK for « thresholds in {0.05,0.1,0.15} obtained on the PF-Pascal [4] and SPair-71K [18] datasets, for different sampling
ranges oy and probability of horizontal flipping p:p, used to create the synthetic transformations Myy during training.

H. Results when training on SPair-71K instead of PF-Pascal. In Tab. 6, we provide results on the
PF-Pascal, PF-Willow, Spair-71K and TSS, when networks
In this section, we analyse the performance of our are trained on the SPair-71K dataset. It extends Tab. 1 of

PWarpC networks when trained or finetuned on SPair-71K the main paper, where models were instead trained on the



PF-Pascal PF-Willow Spair-71k TSS
PCK @ Qimg PCK @ Qppox PCK @ Qppox PCK @ Qimg , ¢ = 0.05
Methods Reso 0.05 010 0.5 | 005 010 0.15 | 005 0.10 | FG3DCar JODS Pascal Avg.
S HPFe01 [17] max 300 - - - - . - - 28.2 i i i B
SCOT,es101 [13] max 300 - - - - - - - 35.6 - - - -
CHMe101 [16] 240 - - - - - - - 46.3 - - - -
PMDyes101 [12] - - - - - - - - 374 - - - -
PMNCresior [10] - - - - - - - - 50.4 - - - -
MMNet,101 [30] 224 % 320 - - - - - - - 40.9 - - - -
DHPF 5101 [19] 240 5261 7541 8481t | 3741t 6397 770t 2077 373 - - - -
CATseg101 [2] 256 4537 6777 770t | 318% 5681 69.1T | 2191 424 - - - -
CATs-ft-featuresyesio1 [2] 256 5441 7417 8197 | 3977 6631 7831 |279% 499 - - - -
CATs-ft-features s [2] ori f 577 752 829 | 435 69.1 808 | 27.1 488 889 739 57.1 733
PWarpC-CATs-ft-features,.;o; ori 58.8 77.4 84.6 46.4 73.6 85.0 282 484 91.1 85.8 069.1 82.0
DHPF,510; [19] ori f 569 772 863 | 409 668 799 | 206 363 838  69.7 57.3 703
PWarpC-DHPF ori 658 855 923 | 47.6 729 845 | 233 387 875 737 603 73.8
NC-Net* o101 ori 598 756 821 389 626 747 | 291 507 81.1 667 454 644
PWarpC-NC-Net* .0 ori 67.8 823 8.9 | 461 726 8.7 | 316 520 93.0 846 70.6 82.7
SF-Net* ¢101 ori 665 850 908 | 435 704 829 | 262 500 883 753 572 73.6
PWarpC-SF-Net* 0| ori 721 89.6 935 | 463 752  87.0 | 27.0 488 925 811 662 79.9
U CNNGeOes101 [20] (results from [18]) - - - - - - - - 20.6 - - - -
A2Netes101 [24] (results from [18]) - - - - - - - - 22.3 - - - -
M SF-Netyes101 [9] (results from [10]) - ‘ - - - ‘ - - - ‘ - 26.3 ‘ R R R j
W PWarpC-SF-Net,. 0| ori | 645 869 926 | 47.1 781 899 | 186 377 | 910 8L6 674 80.0
WeakAlign,esior [21] (results from [18]) - - - - - - - - 20.9
DHPF 101 [19] 240 4611 7811 8841|349 T 6627 825% | 1247 277 - - - -
DHPF,510; [19] ori f 533 813 903 | 409 70.1 846 | 127 272
PMDyesi01 [12] - - - - - - - - 26.5 - - - -
WarpC-SemGLU-Netygg16 [28] ori 5701 7871 8871 | 4611 7281 8491 | 1287 235 | 9637 8421 8021 86.9
NC-Netesior [22] (results from [18]) - - - - - - - - 20.1 - - - -
PWarpC-NC-Net, o ori 617 826 885 | 436 746 869 | 185 380 954 889 85.6 90.0
Table 6. PCK [%] obtained by different state-of-the-art methods on the PF-Pascal [4], PF-Willow [3], SPair-71K [ 18] and TSS [25] datasets.

All approaches are trained or finetuned on the training set of Spair-71K. S denotes strong supervision using key-point annotation, M refers
to using ground-truth object segmentation mask, U is fully unsupervised requiring only single images, and W refers to weakly supervised
with image class labels. Each method evaluates with ground-truth annotations resized to a specific resolution. However, using different
ground-truth resolution leads to slightly different results. We therefore use the standard setting of evaluating on the original resolution (ori)
and gray the results computed at a different resolution. When needed, we re-compute metrics of baselines using the provided pre-trained

weights, indicated by .

PF-Pascal dataset.

Weakly-supervised: In the bottom part of Tab. 6, we
compare approaches trained with a weakly-supervised ap-
proach. Our PWarpC-SF-Net and PWarpC-NC-Net trained
on PF-Pascal were further finetuned on SPair-71K with our
Probabilistic Warp Consistency objective 11 of the main pa-
per. Note that baselines SF-Net and NC-Net were obtained
by finetuning on SPair-71K the original models trained
on PF-Pascal, with their respective original training strate-
gies. Our weakly-supervised approaches PWarpC-SF-Net
and PWarpC-NC-Net lead to a particularly impressive im-
provement compared to their respective baselines, with 41%
(+ 10.8) and 89.1% (+ 17.9) relative (and absolute) gains.
As a result, PWarpC-SF-Net and PWarpC-NC-Net set a
new state-of-the-art on respectively the PF-Willow and PF-
Pascal datasets, and the SPair-71K and TSS datasets, across
all unsupervised (U), weakly-supervised (W) and mask-
supervised (M) approaches trained on SPair-71K.

Strongly-supervised: In the top part of 6, we report re-
sults of models trained with a strongly-supervised approach,

leveraging keypoint match annotations. While training on
SPair-71K with our approach leads to similar results than
the baselines on SPair-71K, our PWarpC networks show
drastically better generalization properties to PF-Pascal,
PF-Willow and TSS. Our strongly-supervised PWarpC-NC-
Net* sets a new state-of-the-at on SPair-71K and TSS,
across all strongly-supervised approaches trained on SPair-
71K. Our PWarpC-SF-Net* also obtains state-of-the-art re-
sults on the PF-Pascal and PF-Willow datasets.

I. Detailed results when trained on PF-Pascal

In this section, we first provide additional details on the
validation datasets and experimental setting in Sec. I.1. In
Sec. 1.2, we then analyze the robustness of our approach to
different variation factors, i.e. occlusion, truncation, scale
and view-point, on the SPair-71K dataset. Subsequently, we
show additional prediction examples of the unmatched state
for our weakly-supervised approaches in Sec. [.3. We fol-
low by analysing our approach in terms of robustness of the
predicted confidence scores in Sec. [.4. In Sec. 1.6, we fur-



Methods Reso View-point Scale Truncation Occlusion

casy medi hard | easy medi hard | none src  trg  both | none src  trg  both | All
CNNGeo (from [18]) - 252 107 59 | 223 16.1 8.5 21.1 127 156 139 | 20.0 149 143 124 | 18.1
A2Net (from [18]) - 275 124 6.9 | 241 185 103 | 229 152 17.6 157 | 223 16,5 152 145 | 20.1
SF-Net ori ‘ 320 155 10.0 ‘ 284 220 132 ‘ 27.0 20.1 20.0 18.7 | 26.6 185 189 18.0 | 24.0
PWarpC-SF-Net ori ‘ 41.9 24.2  20.7 ‘ 39.1 31.8 188 ‘ 36.3 29.7 304 284 | 36.5 277 279 24.7 | 33.5
WeakAlign (from [18]) - 294 122 69 | 254 194 103 | 241 160 185 157 | 234 16.7 16.7 14.8 | 21.1
NC-Net (from [18]) - 340 186 128 | 31.7 238 142 | 29.1 229 234 21.0| 290 21.1 218 19.6 | 264
NC-Net orit | 37.6 194 13.8 347 260 149 | 317 252 251 235|315 234 243 209 | 288
PWarpC-NC-Net ori 42.6 271 24.6 | 408 334 208 | 385 30.1 328 284 | 381 29.1 312 259 | 353
DHPF orit | 345 200 154|324 257 147|311 225 227 221|302 21.8 229 187|275
PWarpC-DHPF ori 358 21.0 16.7 | 335 266 165 | 322 238 245 21.7 | 315 227 239 202 | 28.6
CATS orif |297 138 956|264 202 1161|252 178 18.1 173 | 243 172 184 163 | 221
PWarpC-CATs ori 30.7 151 112 | 282 21.0 11.6 | 267 19.1 184 18.0 | 258 17.8 19.0 16.6 | 23.3
CATs-ft-features orif | 356 17.0 128|315 249 147|299 226 223 224|297 205 216 185 | 26.8
PWarpC-CATs-ft-features ori 356 196 157 | 33.7 253 142 | 320 225 229 21.1 | 312 21.0 221 192|279
SF-Net* ori 368 186 122 | 32.8 258 16.0 | 30.1 254 250 23.7 | 30.6 227 232 184|279
PWarpC-SF-Net* ori 415 228 181 | 381 30.6 182 | 356 28.6 289 262 | 354 264 274 253|325
NC-Net* ori 42.0 223 154|375 303 19.7 | 349 288 30.0 26.3 | 352 262 281 238|324
PWarpC-NC-Net* ori 454 277 247 | 42.6 352 225 | 403 325 337 29.7 | 40.0 30.5 322 29.6 | 37.1

Table 7. PCK analysis for state-of-the-art approaches, by variation factors on SPair-71K. The variation factors include view-point, scale,
truncation, and occlusion with various difficulty levels. All models in this table use ResNet101 as the backbone, and are trained on
the training set of PF-Pascal. S denotes strong supervision using keypoint match annotations, M refers to using ground-truth object
segmentation mask, U is fully unsupervised requiring only single images, and W refers to weakly-supervised with image-level class labels.
Each method evaluates with ground-truth annotations resized to a specific resolution. However, using different ground-truth resolutions
leads to slightly different results. We therefore use the standard setting of evaluating on the original resolution (ori). When needed, we
re-compute metrics of baselines using the provided pre-trained weights, indicated by . For each of our PWarpC networks, we compare to
its corresponding baseline within the dashed-lines. Best and second best results are in red and blue respectively.

ther compare state-of-the-art methods on the Caltech-101
dataset. Finally, we provide extensive qualitative compar-
isons in Sec 1.7.

I.1. More details on datasets and metrics

Evaluation metrics: For evaluation, we adopt the
standard evaluation metric, percentage of correct key-
points (PCK). Given a set of M predicted and ground-
truth  keypoint {E}M and {k:}fnf:l, the PCK for
the corresponding imaée pair is calculated as PCK =
&= Zi\j:l 1 [H%m - ka < ar- max(hg,uf)] Here, h

and w; are either the dimensions of the source image or the
dimensions of the object bounding box in the source image.
PF-Pascal contains 1341 image pairs from 20 categories.
Images have dimensions randing from 102 x 300 to 300 x
300. We use the splits proposed in [5] where training, val-
idation and test sets respectively contain 700, 300 and 300
image pairs. In line with [5], we report the PCK with re-
spect to the dimensions of the source image.

PF-Willow comprises 900 images from 4 categories with
small variations in view-point and scale, and 10 keypoint
annotations per pair. Images have dimensions ranging from
153 x 300 to 300 x 300. Due to the absence of real bound-
ing box annotations in PF-WILLOW, the evaluation thresh-

old of a bounding box, max (w2 h%°%) is computed us-

ing the two furthest key-point positions to approximate a
bounding box that tightly wraps the object. However, note
that a few previous works sometimes use a different bound-
ing box definition, which loosely covers the object by using
only a single keypoint position. Since this definition is not
as accurate as the former, we do not report the results using
this bounding box definition.

SPair-71K is a highly challenging dataset, comprising
70958 image pairs from 18 categories with extreme and di-
verse viewpoint and scale variations. Images have dimen-
sions ranging from 188 x 312 to 500 x 500. The dataset con-
tains rich annotations for each image pair, e.g. keypoints,
scale difference, truncation and occlusion difference, and a
clear data split. In line with previous works, we report the
PCK with respect to source bounding box dimensions.

TSS is the only dataset proving dense flow field annota-
tions for the foreground object in each pair. It contains 400
image pairs, divided into three groups: FG3DCAR, JODS,
and PASCAL, according to the origins of the images. Im-
ages have dimensions ranging from 237 x 250 to 600 x 800.
Evaluation is done on 800 pairs, by also exchanging source
and target images. The PCK is computed with respect to
source image size.



Methods View-point Scale Truncation Occlusion

easy medi hard ‘ easy medi hard | none src trg  both | none src trg  both | All
1 SF-Net 320 155 10.0 | 284 220 132|270 20.1 200 187 | 266 185 189 18.0 | 240
I PW-bipath (eq. 7 of m.p.) 350 203 174|336 259 142|317 231 234 21.8| 307 219 238 210|280
II  + visibility mask (eq. 9 of m.p.) 374 190 133|336 266 158 | 31.7 247 244 221 | 313 223 242 214|285
IV + PWarp-supervision (eq. 8 of m.p.) 38.0 222 189|359 285 165 | 337 259 268 253|334 246 253 229|307
V  +PNeg (eq. 10 of m.p.) (PWarpC-SF-Net) | 41.9 242 20.7 | 39.1 31.8 188 | 363 29.7 304 284 | 365 27.7 279 24.7 | 335
V  PWarpC-SF-Net (Ours) 419 242 207|391 318 188 | 363 29.7 304 284 | 365 277 279 24.7 | 335
VI Mapping Warp Consistency [28] 344 182 14.0 | 31.7 247 141 | 305 223 212 193 | 294 209 21.8 183 | 26.6
VII PWarp-supervision only (eq. 8 of m.p.) 353 216 16.6 | 334 269 162 | 31.1 244 265 232 | 314 230 233 212|279
VIII Max-score [22] 340 20.8 159|330 253 142 | 300 247 242 224|303 21.6 225 204|246
IX Min-entropy [19] 283 175 123|277 204 119|253 193 199 198 | 254 182 181 155 |20.6

Table 8. Ablation study (top part) and comparison to alternative weakly-supervised or unsupervised losses (bottom part). We compare the
PCK by variation factors on SPair-71K. The variation factors include view-point, scale, truncation, and occlusion with various difficulty

levels.

1.2. Robustness to specific challenges

To better understand the performance of our training ap-
proach under complex conditions, we report the results ac-
cording to different variation factors with various difficulty
levels. In particular, the SPair-71k dataset contains diverse
variations in view-point, scale, truncation and occlusion. In
addition to the keypoint match annotations, the dataset also
provide specific annotations for each of the variation fac-
tors, with different levels of difficulty. We are particularly
interested in the occlusion setting.

Comparison to state-of-the-art: In Tab. 7, we compare
state-of-the-art approaches by variation factor on the SPair-
71K dataset. Both our weakly-supervised (W) approaches
PWarpC-NC-Net and PWarpC-SF-Net bring a significant
improvement compared to their respective baselines, for all
variation factor and all difficulty levels. Specifically for oc-
clusion, our PWarpC-SF-Net and PWarpC-NC-Net bring an
absolute gain of 8.7% and 5.9%, from their respective base-
lines SF-Net and NC-Net.

As for strongly-supervised approaches (S), each of our
PWarpC network shows an improvement compared to its
baseline, for all four variation factors.

Ablation study: In Tab. 8 top part, we show the impact
of the key components of our weakly-supervised approach.
From version (II), which corresponds to training with our
PW-bipath objective without the visibility mask, to our fi-
nal PWarpC-SF-Net, denoted as (V), incrementally adding
each of our losses brings a significant improvement for all
variation factors and levels of difficulty. In particular, in
(V), our explicit occlusion modeling, i.e. through introduc-
ing an unmatched state and our probabilistic negative loss,
leads to a particularly impressive gain compared to (IV), of
3.3% and 1.8% for truncation and occlusion respectively.

Comparison to alternative weakly-supervised cost vol-
ume losses: In Tab. 8 bottom part, we further compare
our final weakly-supervised PWarpC-SF-Net to alternative
weakly-supervised objectives. We first compare our prob-
abilistic approach (V) to the mapping-based Warp Consis-
tency [28], denoted as (VI). Here, note that to train with the

Warp Consistency objective [28], the predicted cost volume
is converted to a mapping, by applying kernel soft-argmax
as in the original work [9]. Our probabilistic approach (V)
obtains significantly better results than the mapping-based
warp consistency (VI), for all variations factors and level
of difficulties. Version (VII) corresponds to training the SF-
Net architecture with only the PWarp-supervision objective.
The performance is much worse than when trained with our
Probabilistic Warp Consistency (V). Finally, both training
with maximizing the max scores in (VIII), or minimizing
the cost volume entropy in (IX) also lead to poor results
compared to our approach (V) for all variation factors.

L.3. Example predictions for the unmatched state

In Fig. 5, we provide examples of the unmatched state
predictions of our weakly-supervised approach PWarpC-
NC-Net. The results are similar for PWarpC-SF-Net.
Our probabilistic approach predicts Dirac-like distributions,
whose mode are correct. Furthermore, through our explicit
occlusion modeling approach (Sec. 4.3 of the paper), the
network successfully identifies the object in most examples.

L.4. Confidence analysis

Most semantic matching architectures predict a cost vol-
ume as the final network output. The cost volume, after
conversion to a probabilistic mapping through SoftMax, in-
herently encodes the confidence of each predicted tentative
match. It is not the case when directly regression a map-
ping or flow output instead. Nevertheless, a confidence es-
timation for each of the predicted matches can in the case
be obtained, by e.g. forward-backward consistency of the
flow field [15]. In this section, we analyse the quality of the
confidence predictions, when the networks are trained with
our weakly-supervised Probabilistic Warp Consistency ap-
proach.

A common technique to assess the quality of a confi-
dence estimate is to rely on sparsification and error curves.

Sparsification and error curves: To assess the quality of
the uncertainty estimates, we rely on sparsification plots,
in line with [1, 6,26,27,29]. The pixels having the high-
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Figure 3. Sparsification error curves and AUSE on the PF-Pascal
dataset, for our PWarpC-SF-Net, baseline SF-Net and SF-Net
trained with the mapping-based Warp Consistency objective. For
the two latter, the predicted cost volume is converted to a mapping
before applying the loss. For this reason, we show two alterna-
tive confidence estimation schemes, based on the matching scores,
or on the forward-backward consistency of the flow. For our ap-
proach PWarpC-SF-Net, our Probabilistic Warp Consistency ob-
jective is applied directly on the probabilistic mapping, therefore
we directly use the probabilities of the hard assigned matches as
confidence measures. Smaller AUSE is better.

est uncertainty are progressively removed and the PCK of
the remaining pixels is plotted in the sparsification curve.
These plots reveal how well the estimated uncertainty re-
lates to the true errors. Ideally, larger uncertainty should
correspond to larger errors. Gradually removing the predic-
tions with the highest uncertainties should therefore mono-
tonically improve the accuracy of the remaining correspon-
dences. The sparsification plot is compared with the best
possible ranking of the predictions, according to their ac-
tual errors computed with respect to the ground-truth flow.
We refer to this curve as the oracle plot.

Note that, for each network the oracle is different.
Hence, an evaluation using a single sparsification plot is not
possible. To this end, we use the Sparsification Error, con-
structed by directly comparing each sparsification plot to its
corresponding oracle plot by taking their difference. Since
this measure is independent of the oracle, a fair comparison
between different methods is possible. As evaluation met-
ric, we use the Area Under the Sparsification Error curve
(AUSE). We compute the sparsification error curve on each
image pair. The final error curve is the average over all im-
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Figure 4. Ablation study for weakly-supervised PWarpC-SF-Net
in terms of sparsification error curves and AUSE on the PF-Pascal
dataset. As confidence measure, we use the probabilities of the
hard assigned matches. Smaller AUSE is better.

age pairs of the dataset.

The sparsification and error plots provide an insightful
and directly relevant assessment of the uncertainty. In par-
ticular, the AUSE directly evaluates the ability to filter out
inaccurate and incorrect correspondences, which is the main
purpose of the uncertainty estimate.

Results: For this confidence analysis, we use SF-Net as
baseline. In Fig. 3, we report the sparsification error curves
and AUSE obtained by our approach PWarpC-SF-Net, the
baseline SF-Net, and SF-Net trained with the mapping-
based Warp Consistency [28] objective. For the baseline
and the Warp Consistency versions, using directly the pre-
dicted matching scores of the hard-assigned matches or the
forward-backward mapping as confidence measure leads to
similar results. Nevertheless, our probabilistic PWarpC-SF-
Net outperforms the other approaches in AUSE. It demon-
strates the benefit of our probabilistic approach, acting di-
rectly on dense matching scores. In particular, it shows our
approach can filter out inaccurate and incorrect correspon-
dences better than previous methods, which is extremely
important for usability in end tasks.

Ablation study: In Fig. 4, we show the impact of the key
components of our weakly-supervised Probabilistic Warp
Consistency approach, on the confidence estimation robust-
ness. Adding the visibility mask, our PWarp-supervision
loss and our occlusion modelling consistency improves the
AUSE.



Methods Reso | aero  bike bird boat bottle bus car cat chair cow dog horse moto person plant sheep ftrain  tv all
U CNNGeo (from [18]) - 213 151 345 128 312 263 240 306 116 243 204 122 197 156 143 9.6 285 288 8.1
A2Net (from [18]) - 208 17.1 374 139 336 294 265 349 120 265 225 133 213 200 169 115 289 316 20.
M SF-Net orif | 241 157 433 146 356 208 138 477 149 267 242 134 194 207 152 142 288 349 240
W PWarpC-SF-Net ori ‘ 388 276 583 189 413 303 217 562 201 383 338 200 286 24.2 21.7 182 422 60.0 335
WeakAlign (from [18]) - 234 170 416 146 376 281 266 326 126 279 230 136 213 222 179 109 315 348 212
NC-Net (from [18]) - 240 160 450 137 357 259 190 504 143 326 274 192 217 203 204 13.6 336 404 264
NC-Net orit | 259 181 456 167 397 266 200 527 155 334 306 184 244 235 242 160 361 473 288
PWarpC-NC-Net ori 374 288 608 229 405 294 228 601 195 378 384 279 321 297 292 202 445 500 353
S DHPF orif | 23.1 216 560 166 366 217 158 496 165 31.3 348 792 250 258 203 148 317 315 275
PWarpC-DHPF ori 252 238 620 17.1 351 235 168 512 169 347 346 191 256 253 181 160 316 370 286
CATs-ft-features ori | 237 187 495 163 373 208 146 47.1 177 325 303 152 224 226 202 154 347 377 268
PWarpC-CATs-ft-features  ori 245 213 563 166 350 237 160 540 153 345 362 146 21.1 19.8 173 154 394 376 279
CATs orif [ 225 150 419 140 342 195 141 407 138 249 242 136 172 168 136 131 279 27.1 221
PWarpC-CATs ori 242 149 445 144 344 210 152 444 136 276 261 140 174 162 155 129 311 282 233
SF-Net* ori 26.1 21.6 487 167 396 231 178 526 177 322 319 157 218 277 225 163 319 355 279
PWarpC-SF-Net* ori 33.8 283 561 186 389 304 205 563 193 368 324 184 289 261 234 186 422 531 325
NC-Net* ori 288 240 536 192 411 278 214 o611 188 385 354 229 252 259 281 207 413 453 324
PWarpC-NC-Net* ori 40.1 310 655 234 431 294 219 618 214 412 392 281 320 308 300 225 439 582 371

Table 9. Per-class PCK (appor = 0.1) results on SPair-71K. All models in this table use ResNetl101 as the backbone, and are trained
on the training set of PF-Pascal. S denotes strong supervision using keypoint match annotations, M refers to using ground-truth object
segmentation mask, U is fully unsupervised requiring only single images, and W refers to weakly-supervised with image-level class labels.
Each method evaluates with ground-truth annotations resized to a specific resolution. However, using different ground-truth resolutions
leads to slightly different results. We therefore use the standard setting of evaluating on the original resolution (ori). When needed, we
re-compute metrics of baselines using the provided pre-trained weights, indicated by . For each of our PWarpC networks, we compare to
its corresponding baseline within the dashed-lines. Best and second best results are in red and blue respectively.

I.5. Detailed results when trained on PF-Pascal

For completeness, we provide the results per category on
the SPair-71K dataset in Tab. 9. All approaches are trained
on the PF-Pascal dataset. It corresponds to results provided
in Tab. 1 of the main paper.

I.6. Additional results on Caltech

Here, we additionally evaluate our approach on the Cal-
tech dataset.
Caltech-101 contains images depicting 101 diverse ob-
ject classes. Each image comes with a ground-truth fore-
ground object segmentation mask. Although originally in-
troduced for the image classification task, this dataset was
adopted for assessing semantic alignment. Particularly, the
predicted dense correspondences relating the target to the
source image are used to warp the ground-truth segmen-
tation mask of the source towards the target. The over-
lap between the warped source segmentation mask and the
ground-truth target segmentation mask is then measured,
and used as a proxy to assess the quality of the predicted
dense correspondences. We follow the standard set-up, ac-
cording to which the evaluation is performed on 1515 se-
mantically related image pairs, i.e. 15 pairs for each of the
101 object categories of the dataset. The semantic align-
ment is evaluated using two different metrics: the label
transfer accuracy (LT-ACC) and the intersection-over-union
(IoU). They both measure the overlap between the anno-
tated foreground object segmentation masks, with former
putting more emphasis on the background class and the lat-
ter on the foreground object.

Note that compared to other benchmarks described
above, the Caltech-101 dataset provides image pairs from
more diverse classes, enabling us to evaluate our method
under more general correspondence settings.

Results: In Tab. 10, we present results of semantic net-
works on the Caltech dataset. All approaches are trained on
the PF-Pascal dataset. For both weakly-supervised (W) and
strongly-supervised (S) approaches, our PWarpC networks
show significantly better performance than their respective
baselines. The only exception is our weakly-supervised
PWarpC-SF-Net, which obtains worse results than its base-
line SF-Net. This is because on Caltech-101, the evaluation
is conducted by warping the foreground mask of the source
image, according to the predicted dense flow or mapping. In
that case, a smooth flow is very beneficial. Baseline SF-Net
explicitly enforces smoothness of the predicted flow fields
as part of the training strategy [9], which explains its good
performance. On the other hand, we do not specifically en-
force any smoothness priors, which is why PWarpC-SF-Net
lacks in performance compared to SF-Net for this particular
dataset and evaluation. Nevertheless, on all other datasets
(see Tab. 1 of m.p.), where the metrics are based directly
on the predicted matches, our approach PWarpC-SF-Net
significantly outperforms baseline SF-Net. Moreover, our
PWarpC-DHPF sets a new state-of-the-art on Caltech-101
across all approaches, independently of their level of super-
vision.



Target Source Ps7(-|t) Ps7(o|)

Sup. Methods Reso | LTIACC1  IoU t
S SCNetygagie [5] (from [17]) - 0.79 0.51
HPFrelel [17] ori 0.87 0.63
DHPFes101 [19] 240 0.87 0.62

- CATSes101 [2] ori f 0.84 0.58
PWarpC-CATS,q101 ori 0.85 0.60
CATs-ft-features,esio1 [2] ori t 0.84 0.59
PWarpC-CATs-ft-features,.;o; ori 0.86 0.60
DHPF, 101 [19] ori f 0.87 0.62
PWarpC-DHPF ori 0.88 0.64
NC-Net* 101 ori 0.81 0.54

PWarpC-NC-Net* 0 ori 0.87 0.62
SF—Net*mlo] ori 0.85 0.59
PWarpC-SF-Net* 01 ori 0.87 0.62
CNNGeoes101 [20] (from [21]) - 0.83 0.61
AZNetresIOI [24] - 0.80 0.57
SF-Netresio1 [9] orif | 0.87 0.64
PWarpC-SF-Net 0, ori | 086 0.61
WeakAlign,esio [21] 0.85 0.63
DHPFrelel [l()] 240 0.86 0.61
DHPFes101 [19] ori t 0.87 0.63
NC‘Ne[resl()l [22] - 0.85 0.60
NC-Netyesior [22] ori f 0.85 0.58
PWarpC-NC-Net,0; ori 0.86 0.61

Table 10. State-of-the-art comparison on the Caltech-101 dataset.
All approaches are trained on the PF-Pascal dataset. S denotes
strong supervision using keypoint annotation, M refers to using
ground-truth object segmentation mask, U is fully unsupervised
requiring only single images, and W refers to weakly-supervised
with image-level class labels. Each method evaluates with ground-
truth annotations resized to a specific resolution. However, us-
ing different ground-truth resolutions leads to slightly different re-
sults. We therefore use the standard setting of evaluating on the
original resolution (ori) and gray the results computed at a differ-
ent size. When needed, we re-compute metrics of baselines using
the provided pre-trained weights, indicated by . For each of our
PWarpC network, we compare to its corresponding baseline within
the dashed-lines. Best and second best results are in red and blue
respectively.

L.7. Qualitative results

In Fig. 6 and 7, we show example predictions of base-
line SF-Net compared to our weakly-supervised approach
PWarpC-SF-Net on the PF-Pascal, PF-Willow and SPair-
71K datasets. Similarly, we present example predictions
for NC-Net and PWarpC-NC-Net in Fig. 8-9. Our weakly-
supervised Probabilistic Warp Consistency approach finds
significantly more correct matches than the baseline in both

Figure 5. Examples of the predicted probability distribution re- cases, for a variety of object classes.

lating the target to the source image, given a pixel location ¢ (red
dot) in the target image. We also show the predicted unmatched
state for all pixels of the target image. Yellow and purple corre-
sponds respectively to values of 1 and 0. Here, we use our weakly-
supervised PWarpC-NC-Net for the predictions.
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Figure 6. Example predictions on PF-Pascal and PF-Willow, of baseline SF-Net [9] (left) compared to our weakly-supervised PWarpC-
SF-Net (right). Green and red line denotes correct and wrong predictions, respectively, with respect to the ground-truth.
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Figure 7. Example predictions on SPair-71K, of baseline SF-Net [9] (left) compared to our weakly-supervised PWarpC-SF-Net (right).
Green and red line denotes correct and wrong predictions, respectively, with respect to the ground-truth.



Figure 8. Example predictions on PF-Pascal and PF-Willow, of baseline NC-Net [22] (left) compared to our weakly-supervised PWarpC-
NC-Net (right). Green and red line denotes correct and wrong predictions, respectively, with respect to the ground-truth.



Figure 9. Example predictions on SPair-71K, of baseline NC-Net [22] (left) compared to our weakly-supervised PWarpC-NC-Net (right).
Green and red line denotes correct and wrong predictions, respectively, with respect to the ground-truth.
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