
In this document, we provide additional explanations and
results that were not included in the main text.

1. Method
1.1. Stability score

The process of ground truth generation is illustrated
in Fig. 1. The restriction of deformations along the x
and y axes, which is mentioned in the main text, is con-
trolled by a parameter d. The parameter describes the
length of an edge of a square embedded at the center of
a larger square of size pd (see Sec. 3.2 of the main text).
When deformations along x and y are sampled, they can-
not distort the larger square in a way that its corners end
up inside the square described by the parameter d. See
the implementation in the GitHub repository for more de-
tails; file source/projective/homography.py, function sam-
ple homography, parameter scale factor.

1.2. Neural stability score

We explore the influence of parameters tShi and d on the
performance of NeSS-ST. We train the network with differ-
ent tShi and d and test obtained models on the validation
subset of IMC-PT [9].

Based on the results of Fig. 2, Fig. 3 and Fig. 4, we pick
tShi = 0.005 and d = 2.0.

2. Experiments
During experiments, non-maximum suppression sizes,

score thresholds and parameters that are related to the struc-
ture of the model, e.g. the number of scales in Key.Net [2],
are set for each model according to the values provided by
the authors.

2.1. Evaluation on HPatches

We report repeatability [15] under different pixel thresh-
olds following [6]. We perform hyper-parameter fine-tuning
for the homography estimation task [6, 21]. We use im-
ages left out from the test set [7] as a validation set to
get a general picture of the dependency between mAA and
hyper-parameters (see Fig. 6). Because the validation set of
HPatches consists only of 48 unique images and 40 image
pairs, using the best parameters obtained on it during the
evaluation on the test set gives inadequate results. To over-
come the problem of a small validation set size we firstly
take Lowe ratio parameters fine-tuned on IMC-PT [9] (see
Table 2). We reason it is a good approximation since IMC-
PT also has strong viewpoint changes like HPatches. Next,
we notice that for some models increasing the inlier thresh-
old up to a limit leads to overall improvements, hence, we
select a high inlier threshold for all models. This decision is
based on the fact that for other datasets inlier thresholds are

Methods Lowe ratio Inlier threshold

Shi-Tomasi [8, 19] + DISK [20] 0.99 5.9
SIFT [13] + DISK [20] 0.98 6.0
SuperPoint [6] + DISK [20] 0.98 5.4
R2D2 [18] + DISK [20] 0.98 5.4
Key.Net [2] + DISK [20] 0.99 5.9
DISK [20] 0.98 5.4
REKD [11] + DISK [20] 0.98 5.2

NeSS-ST + DISK [20] 0.99 5.4

Table 1: Hyper-parameters used for homography estimation
on HPatches [1].

not far off from each other (see Table 2 and Table 3). We
estimate homographies using an OpenCV [3] routine with
10000 iterations and a 0.9999 confidence level.

Fig. 5 shows that our method has much lower repeata-
bility compared to Shi-Tomasi [8, 19], however, keeps on
par with it on the homography estimation task. Hyper-
parameters reported in Table 1 provide significantly better
results for all models among those that we tried on the test
set. Although this kind of fine-tuning procedure is less prin-
cipled than the one that we employ for IMC-PT [9] and
ScanNet [5], we believe that it is the best option available
given that HPatches doesn’t have enough data to allow a
proper hyper-parameter tuning.

2.2. Evaluation on downstream tasks

2.2.1 Evaluation on IMC-PT

We provide accuracy-threshold plots for the evaluation on a
downstream task of relative pose estimation on IMC-PT [9]
from which we calculate mAA [22, 9]. We use the valida-
tion subset of IMC-PT for hyper-parameter tuning. The set
consists of 274 unique images that form 11.5k image pairs.
In accordance with the protocol from [9], we first fine-tune
the Lowe ratio, then - the inlier threshold. We plot mAA
curves for different values of hyper-parameters for both ro-
tation and translation. The best parameter is selected ac-
cording to the largest sum of mAA for rotation and transla-
tion. We estimate the fundamental matrix by employing a
robust estimator with DEGENSAC [4] using 200000 itera-
tions and a 0.9999 confidence level. Additionally, we con-
duct experiments with different numbers of keypoints: we
pick regimes of 128 and 512 keypoints to assess the ability
of detectors to operate with a limited number of keypoints.

Fig. 7a shows that NeSS-ST consistently outperforms
other self-supervised approaches over all thresholds. Fig. 8
illustrates the dependency between the hyper-parameters
and mAA. We report hyper-parameters selected for each
model. We found that slightly changing hyper-parameters
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Figure 1: For each selected point ki we calculate the ground truth stability score λi. Firstly, we generate a set of deformed
patches {Pj}mj=1 and run the Shi-Tomasi detector on patches to obtain a set of score patches {Spatch

j }mj=1. For each Spatch
j we

extract the location of its maximum score l̂j getting a set {̂lj}mj=1. By transforming the elements of the set with {H−1
j }mj=1,

we estimate Σi and calculate λi.

for some models improves their results on the test set,
hence, the parameters used during the evaluation are
slightly different from those selected on the validation set,
see Table 2. Fig. 9a and Fig. 9b show that our method
doesn’t deal well with the decreased number of points.
Firstly, we believe that it is related to our training setup
where we select 1024 points per image. Secondly, in a few-
point scenario points with higher repeatability, which our
method doesn’t look for, appear to present a better choice.
We believe that this flaw in our method can be remedied by
adding a term to the loss function that encourages correct
predictions for different numbers of points.

2.2.2 Evaluation on MegaDepth

We provide accuracy-threshold plots for the evaluation
on the downstream task of relative pose estimation on

Methods Lowe ratio Inlier threshold

Shi-Tomasi [8, 19] + DISK [20] 0.99 0.6
SIFT [13] + DISK [20] 0.98 0.6
SuperPoint [6] + DISK [20] 0.98 1.0
R2D2 [18] + DISK [20] 0.99 1.1
Key.Net [2] + DISK [20] 0.99 1.1
DISK [20] 0.98 0.7
REKD [11] + DISK [20] 0.98 1.1(1.3)

NeSS-ST + DISK [20] 0.99 0.6

Table 2: Hyper-parameters used for fundamental matrix es-
timation on IMC-PT [9]. Tuned hyper-parameters, if differ-
ent, are provided in brackets.
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Figure 2: NeSS-ST models trained with different values of tShi (0.0, 0.003, 0.005, 0.006 and 0.007) evaluated on the valida-
tion set of IMC-PT [9] with 2048 keypoints and full resolution images. We report mAA [22, 9] up to a 10 degrees threshold
for rotation and translation.
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Figure 3: NeSS-ST models trained with different values of d (1.414, 1.681, 2.0, 2.378 and 2.828) evaluated on the validation
set of IMC-PT [9] with 2048 keypoints and full resolution images. We report mAA [22, 9] up to a 10 degrees threshold for
rotation and translation.

MegaDepth [12] from which we calculate mAA [22, 9].
Fig. 7b shows that NeSS-ST consistently outperforms all

methods on translation estimation accuracy and is in the top
three on rotation estimation accuracy over all thresholds.

2.2.3 Evaluation on ScanNet

We provide accuracy-threshold plots for the evaluation on
the downstream task of relative pose estimation on Scan-
Net [5] from which we calculate mAA [22, 9]. We sample a
validation set that consists of 16k unique images that form
8k pairs from validation sequences of ScanNet using a sam-

pling procedure similar to [17, 21]. The hyper-parameter
selection and fine-tuning are done in the same way as de-
scribed in Sec. 2.2.1. We estimate the essential matrix using
a robust estimator from OpenGV [10] with 5000 iterations
and a 0.99999 confidence level.

Fig. 7c shows that NeSS-ST achieves second place over
all thresholds losing only to R2D2 [18]. Fig. 10 presents
the hyper-parameters and mAA curves. See Table 3 for the
hyper-parameters used in the evaluation.
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Figure 4: NeSS-ST models trained with different values of
d (1.414, 1.681, 2.0, 2.378 and 2.828) evaluated on the val-
idation set of IMC-PT [9] with 2048 keypoints and full res-
olution images. We report the number of inliers.

Methods Lowe ratio Inlier threshold

Shi-Tomasi [8, 19] + HardNet [16] 0.94 2.2
SIFT [13] + HardNet [16] 0.95 2.0
SuperPoint [6] + HardNet [16] 0.93 2.2
R2D2 [18] + HardNet [16] 0.92 2.4
Key.Net [2] + HardNet [16] 0.93 2.2(2.6)
DISK [20] + HardNet [16] 0.92 2.2
REKD [11] + HardNet [16] 0.89 2.2(2.4)

NeSS-ST + HardNet [16] 0.9 2.2

Table 3: Hyper-parameters used for essential matrix estima-
tion on ScanNet [5]. Tuned hyper-parameters, if different,
are provided in brackets.

2.3. Ablation study

2.3.1 Base detector ablation

We provide accuracy-threshold plots for the ablation on the
downstream task of relative pose estimation on IMC-PT [9]
from which we calculate mAA [22, 9]. Additionally, we
report MMA [14, 7] and repeatability [15] for different pixel
thresholds on HPatches.

Shi-Tomasi [8, 19] shows the best performance on the
downstream task among all handcrafted detectors as illus-
trated in Fig. 11. In contrast with the downstream task eval-
uation, Fig. 12 shows that all handcrafted detectors have
approximately the same performance in both MMA and
repeatability. Using the detectors together with NeSS de-
creases their classical metrics scores, but, in return, it boots
their performance on the downstream task. These results
indicate that the conventional metrics cannot comprehen-

sively assess the ability of a detector to perform well in ap-
plications.

2.3.2 Stability score design ablation

Like in Sec. 2.3.1, we provide mAA [22, 9] on IMC-PT [9]
and classical metrics [14, 7] on HPatches [1]. Addition-
ally, we conduct experiments to showcase the influence of
thresholding on SS-ST and RS-ST detectors.

Fig. 13 shows that the neural network improves the per-
formance of both SS-ST and RS-ST over all thresholds
with models based on the stability score providing better
downstream performance. Fig. 14b illustrates that RS-ST
has higher repeatability than SS-ST. Still, the latter per-
forms better on the downstream task. Fig. 15 illustrates that
thresholding of low-saliency responses is essential for the
good performance of both SS-ST and RS-ST.
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Figure 5: Evaluation on HPatches [1] with 2048 keypoints and full resolution images. We report repeatability [15].
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(a) Evaluation on IMC-PT [1].
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(b) Evaluation on MegaDepth [12].
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(c) Evaluation on ScanNet [5].

Figure 7: Evaluation on the downstream task of pose estimation with 2048 keypoints and full resolution images. We report
pose estimation accuracy [22, 21, 9] in %.
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Figure 8: Hyper-parameter tuning on the validation set of IMC-PT [9] with with 2048 keypoints and full resolution images.
We report mAA [22, 9] up to a 10 degrees threshold for rotation and translation for different hyper-parameter values.
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(a) 128 keypoints.
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(b) 512 keypoints.

Figure 9: Ablation on IMC-PT [1] with different numbers of keypoints and full resolution images. We report pose estimation
accuracy [22, 21, 9] in %.
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(a) Lowe ratio tuning.
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Figure 10: Hyper-parameter tuning on the validation set of ScanNet [5] with with 2048 keypoints and full resolution images.
We report mAA [22, 9] up to a 10 degrees threshold for rotation and translation for different hyper-parameter values.
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Figure 11: Base detector ablation on IMC-PT [9] with 2048 keypoints and full resolution images. We report pose estimation
accuracy [22, 21, 9] in %.
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(a) MMA [14, 7].
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(b) Repeatability [15].

Figure 12: Base detector ablation on HPatches [1] with 2048 keypoints and full resolution images. We report classical
metrics.
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Figure 13: SS design ablation on IMC-PT [9] with 2048 keypoints and full resolution images. We report pose estimation
accuracy [22, 21, 9] in %.
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(a) MMA [14, 7].
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(b) Repeatability [15].

Figure 14: SS design ablation on HPatches [1] with 2048 keypoints and full resolution images. We report classical metrics.
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(a) SS-ST evaluated with different values of tShi (0.0, 0.002, 0.003, 0.004, 0.005, 0.006 and 0.007).
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(b) RS-ST evaluated with different values of tShi (0.0, 0.002, 0.003, 0.004 and 0.005).

Figure 15: Ablation of the influence of filtering on performance on the validation set of IMC-PT [9] with 2048 keypoints and
full resolution images. We report mAA [22, 9] up to a 10 degrees threshold for rotation and translation.
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