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Figure 1. Transporting task vector 7 from a fine-tuned base model
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(c) (d) (e) (f)
Grad-CAM visualization when debasing different ABCD(E) properties. (a)
Original, (b) Asymmetry, (c) Borders, (d) Grayscale, (e) Mask, (f) Diameter.
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Histograms of foreground density distribution within different test sets.
(a) ISIC2020 official test set, (b) ISIC19-20 “Internal” test set, (c) Private
Dataset. Benign and malignant skin lesions are depicted in blue and
orange respectively.
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(d)

Grad-CAM visualization when debasing different ABCD(E) properties. (a)
Original, (b) Asymmetry, (c) Borders, (d) Grayscale, (e) Mask, (f) Diameter.
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|AT Score

Instruction
Write a positive description of a human being using attributes like:
[Surprise, Attraction, Pleasure, Compassion, Serenity, Happiness|:

Positive Tokens

[Surprise| - When you first meet them, you can’t help but be surprised
by their infectious energy and enthusiasm.

|Attraction| - Their magnetic personality draws you in, making you feel
like you've known them for years.

[Pleasure| - Their warmth and kindness make you feel instantly at ease,
bringing a sense of serenity to your day.

|Compassion| - Their empathy and understanding make you feel seen
and heard, bringing a sense of happiness to your heart.

[Serenity| - Their calming presence and gentle nature make you feel at
peace, bringing a sense of happiness to your soul.

[Happiness| - Their joyful spirit and positive outlook on life make you
feel uplifted and inspired, bringing a sense of happiness to your entire
being.
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TABLE 1.—Confusion matrix summarizing DAS-MIL
predictions on the selected test-set. Among the 199 im-
ages available, 172 (86.43%) are predicted correctly
with high sensitivity (0.8) and specificity (0.88).

Output Target
Non-tumor Tumor Sum

Non-tumor 144 7 151
72.36% 3.52% 95.36%
4.64%

Tumor 20 28 48
10.05% 14.07% 58.33%
41.67%
Sum 164 35 172/199
87.80% 80.00% 86.43%
12.20% 20.00% 13.57%
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Figure 1. An illustrative scenario depicting dataset partitions biased towards gender attributes. We propose that challenging clusters for
classification may leverage significant samples that do not possess the same protected attribute. We emphasize the need to pay closer
attention to such distributions in order to address and mitigate model shortcuts.
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Figure 4. Visualization of the class activation maps generated by Grad-CAM [38], Grad-CAM++ [8]. Ablation-CAM [34], HiResCAM [13].
and LayerCam [22] for the ERM and the proposed debiased approach targeting the Wearing Necklace attribute.
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Figure 3. Robustness evaluation of models trained without critical
samples |(a)|and the effectiveness of CFix backbone pre-training
on unbiased accuracy measurement and [(d)| are UMAP
projections visualizing CFix feature space (Wearing Necklace =
false) at the initial and final epoch. Blue and orange colors represent
male and female gender values, respectively.
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int cv::connectedComponents(InputArray image, OutputArray labels, int
connectivity, int ltype, int ccltype)

int cv::connectedComponentsWithStats(InputArray image, OutputArray labels

, ODutputArray stats, OutputArray centroids, int connectivity, int
ltype, int ccltype)

Listing 1.4. OpenCV C++ API for connectedComponents and connectedComponents-
WithStats functions.

void cv::cuda::connectedComponents(InputArray image, OutputArray labels,
int connectivity, int ltype, cv::cuda::
ConnectedComponentsAlgorithmsTypes ccltype)

Listing 1.5. OpenCV C++ API for connectedComponents performed in CUDA.
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Fig. 4. CSV depicting the an-
notation performed by medi-
cal experts (in green), and the
automatic prediction of the
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dot is the 2D sparse annota-
tion.
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Benchmark to compare EDDL with TensorFlow and PyTorch
using Cifar10 with and without Batch Normalization.
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VISUALIZATION OF TEMPERATURE SCALING EFFECTIVENESS OVER DENSENET-121 WITH NO
DROPOUT FOR THE MESANGIAL PATTERN RECOGNITION TASK. EACH COLUMN OF IMAGES IS
IDENTIFIED BY THE CNN PREDICTION WITH RESPECT TO THE GROUND TRUTH ANNOTATION.
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Input Resnet-50 Embedding

\_ S1zxs12 /'\ o /QMS 1024 y

AVERAGE PRECISION AT K MEASURED FOR EVERY MODEL ANALYZED, FOR THREE VALUES OF K, 1, 5, AND 10. CENTRAL COLUMNS REPORT AVERAGE
VALUES SEPARATED FOR EACH CLASS, AND THE LAST COLUMN REPORTS THE BALANCED AVERAGE. NOVEL PROPOSALS ARE IDENTIFIED BY *.

Per class P@k

Model Cut-Off k AP@k
MEL NV BCC  AK  BKL  DF  VASC  SCC
Hash-AP [45] B 0478 0.6111 05730 0.1896 0.1984 01505 03842 01375 0.3404
Hash-AP ResNet* B 08176 07558 08509 07417 0.6256 07604 08271 0.6851 0.7580
1 07840 09369 09347 07400 08300 07733 08667 07133 0.8224
Classification* 5 07262 00111 09020 07190 07724 07333 0.8373  0.6853 07859
10 07040 0.9038 08957 07160 07470 07213 08307 0.6787 0.7746
1 07400 0.9018 09133 0.6600 07520 07333 0.8267 07000 0.7784
Embedding End-to-End* 5 07314 0.8923 09005 0.6820 07576 07387 0.8240 07027 0.7786
10 07322 0.8905 0.8993 0.6855 07572 07440 0.8253 07093 0.7804
1 07490 0.9347 08973 07150 07700 08400 09067 07133 0.8157
Class & Embedding* 5 07542 09347 09013 07170 07768 08400 09013 07093 0.8168
10 07531 09331 09032 07170 07814 08453 09040 07147 0.8190
. 1 07560 0.9022 09027 0.6600 07600 07733 0.8267 07133 0.7867
Class & Embedding 5 07458 0.030 0.8992 0.6770 0.7588 07707 0.8293 07213 0.7881

End-to-End* 10 07436 09012 09009 06830 07668 07760 08373 07273 0.7920

Ranking System
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Inference
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2
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24 48
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teedtts

Batch size 1
Batch size 2
Batch size 4
Batch size 8
Batch size 12
Batch size 24
Batch size 48

import pyeddl.eddl as eddl
import pyeddl.eddlT as eddlT

epochs, batch_size, nclass = 10, 100, 10

# Build model

in_ = eddl.Input ([784])

layer = in_

layer = eddl.Relu(eddl.Dense(layer, 1024))
layer = eddl.Relu(eddl.Dense(layer, 1024))
layer = eddl.Relu(eddl.Dense(layer, 1024))
out = eddl.Softmax (eddl.Dense (layer, nclas

s))

net = eddl.Model([in_], [out])
eddl.build(net,

eddl.rmsprop(0.01), # Optimizer

["soft_cross_entropy"], # Loss
["categorical_accuracy"], # Metric
eddl.CS_GPU([1], mem="low_mem")) # One GPU

# Load training and test data
X_tr = eddlT.load("trX.bin")
y_tr = eddlT.load("trY.bin")
x_ts = eddlT.load("tsX.bin")
y_ts = eddlT.load("tsY.bin")

# Preprocessing
eddlT.div_(x_tr, 255.0)
eddlT.div_(x_ts, 255.0)

# Train model

eddl.fit (net, [x_tr], [y_tr], batch_size, epochs)

# Evaluate
eddl.evaluate (net, [x_ts], [y_ts])
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["categorical_accuracy"], # Metric
eddl.CS_GPU([1], mem="low_mem")) # One GPU

# Load training and test data
X_tr = eddlT.load("trX.bin")

T .. y_tr = eddlT.load("trY.bin")
raining %x_ts = eddlT.load("tsX.bin")
—®— Batchsize 1 y_ts = eddlT.load("tsY.bin")
—o— Batch size 2
—8— Batch size 4 4 p .
/4 —e— Batchsize 8 Inference reprocessing
—e— Batch size 12 15 e Batch size 1 e . }v_ (x_tr, 55.0)
—e— Batch size 24 —o— Batch size 2 eddlT.div_(x_ts, 255.0)
—o— Batch size 48 —8— Batch size 4
%10 —8— Batch size 8 # Train model
° —8— Batch size 12 . .
: é i é ﬁ k g —e— Batch size 24 eddl.fit (net, [x_tr], I[y_tr], batch_size, epochs)
Number of Threads 57 —o— Batch size 48
- - - # Evaluate
04+ X X X X X eddl.evaluate (net, [x_ts], [y_ts])
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Algorithm 1: This algorithm provides the Cederberg
RC-code action implementation, ie the instructions
required to perform an action on the current pixel,
knowing ils status.

Input: Mv, C'v, pos, 7, ¢, status
Procedure PerformAction():
last_found_right +— false
pos «— pos — CountHorizLinks(status)
for type = 0 to 3 do
if 1sLeftLinkType(status, iype) then
Mu[Cv[pos]].left.push_back(link)
pos &—— pos + 1
last_fouwnd_right +— false

ilf IsRight LinkType(stafus, type) then
Mu|Cupos||.right.push_back(link)
pos +— pos + 1
last_found_right +— true
if TsInnerMinPoint(slatus) then
Mu[Cu[pos — 2)]next +— Cv[pos — 1]
Clo.erase(from=pos — 2, lo=pos)
if TsouterMinPoint(slatus) then
Mu[Cuv[pos — 1]].next +— Cv[pos — 2]
Co.erase(from=pos — 2, lo=pos)
if TsouterMaxPoint(slatus) then
Mw.emplace_back(r, )
Co.insert(at=pos, cnt=2, val=Mv.size)
last_ found_right +— true
if 1sInnerMaxPoint(status) then
Muv.emplace_back(r, <)
if last_ found_right then

else
Cu.insert(at=pos, cnt=2, val=Muv.size)

Ciinsert(at=pos — 1, ent=2, val=Mu size)

Algorithm 2: Decision tree implementation. Border
pixels check are omitted for readability purposes.

Input: I binary image; r, ¢ row and column indexes,
Output: status of pixel I|r, .
Function DecisionTree ():

if I[r,c] then fox 2
if I[r — 1,¢| then /b3
if []r,c— 1] then d o4

if Ilr,c+ 1] then ile 8

if I[r+ 1, ¢ then a6

return | 7

else 8

if I[r 4+ 1,¢— 1] then fEe

return 2 m

else 1

return 51 12

else 13

#f «.. the reat of Lhe Lree 1

Algorithm 3: The complete Cederberg RC-code ex-
traction algorithm.

Input: [ binary image.
Output: Mwv vector of MaxPoints.
Function Ext ractChainCode ()t

Muwv ¢— vector < MaxPoint >
Cv ¢— vector < int >
/{ v contains, for each chain, the index
of its MaxPoint in Mw
for r =0 to {.rows - I do
pas —— ()
for ¢ =0 to I.cols - [ do
status +— DecisionTree(l,r,c)
Performiction(Muv, Cu, pos, status, r, c)

return Mo
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Algorithm 1: This algorithm provides the Cederberg
RC-code action implementation, ie the instructions
required to perform an action on the current pixel,
knowing ils status.

Input: Mv, C'v, pos, 7, ¢, status

Procedure PerformAction () 1
last_found_right +— false z
pos «— pos — CountHorizLinks(status) 3

for type = 0 to 3 do 4
if 1sLeftLinkType(status, iype) then 5
Mu[Cv[pos]].left.push_back(link) 6

pos &—— pos + 1 7
last_fouwnd_right +— false ]

ilf IsRight LinkType(stafus, type) then ]
Mu|Cu|pos||.right.push_back(link) 1

pos +— pos + 1 1
last_found_right +— true 12

if TsInnerMinPoint(slatus) then 13
Mu[Cu[pos — 2)]next +— Cv[pos — 1] 14
Chuerase(from=pos — 2, lo=pos) 15

if TsouterMinPoint(slatus) then 1%
Mu[Cuv[pos — 1]].next +— Cv[pos — 2] 1"
Chuerase(from=pos — 2, lo=pos) 1%

if TsouterMaxPoint(slatus) then 19
Mw.emplace_back(r, ) 20
Cluinsert(at=pos, ent=2, val=Mw.size) 21
last_ found_right +— true n

if 1sInnerMaxPoint(status) then b1
Muv.emplace_back(r, <) 1
if last_ found_right then 25

C'oinsert(at=pos — 1, ent=2, val=Mu.size) 26
else 27
Cu.insert(at=pos, cnt=2, val=Muv.size) b1

Algorithm 2: Decision tree implementation. Border

pixels check are omitted for readability purposes.

Input: I binary image; r, ¢ row and column indexes,

Output: status of pixel I|r, .
Function DecisionTree ():

if I[r,c] then fox 2
if I[r — 1,¢| then /b3
if []r,c— 1] then d o4
if Ilr,c+ 1] then ile 8
if I[r+ 1, ¢ then a6
return | 7
else 8
if I[r 4+ 1,¢— 1] then fEe
return 2 m
else 1
return 51 12
else 13
#f «.. the reat of Lhe Lree 1
Algorithm 3: The complete Cederberg RC-code ex-
traction algorithm.

Input: [ binary image.

Output: Mwv vector of MaxPoints.

Function Ext ractChainCode ()t i
Muwv ¢— vector < MaxPoint > 2
Cv ¢— vector < int > 3
/{ v contains, for each chain, the index 4

of its MaxPoint in Mu
for r =0 to {.rows - I do 5
pos «— 0 6
for ¢ =0 to I.cols - I do 7
status +— DecisionTree(l,r,c) ]
Performiction(Muv, Cu, pos, status,r,c) 9

return Mo

i

(b)

M, (1,6):
next: -
left: -
right: -

M, (1,6):
next: -
left: -
right: -

M, (2,3):
next: -
left: -
right: -

My (1,6):
next: -
left: 3
right: -

M, (2,3):

next: M,

left: -

right: 0, 0

M, (1,6):

next: M,

left: 3

right:2,2,2,1,2,2
M, (2,3):

next: M,

left: 3,3,2,1

right: 0,0
M, (4,4):
next: M,
left:1,1,1
right: 3,3

3 2 1
1
4 - . 0
2 0
3 5 6 7
(a) crack-code (b) chain-code
2
3 ! 3 1
K| P
5 7
5 7
6

(c) midcrack-code




w-4 w-3 w-2 w—1| W

_— (=" = (%] - (=] w
[=] w o | = = | = =]
= - m w | = o
= o

© 5 ©

(d)




w-4 w-3 w-2 w—1| W

a

" [o1] = o
I ™) - [l -Te] o]
=1 -_ =9 Lo o = =
o | o[ =01 o @ o @ £
w = <= = = 1]
- o | ] E| o
o
= ) © g




12| 13[ 14 [0 16] 17| 180N 20| 21| 22

¥ 0 oEd o o off1 0 o X
0 000O0O0OOUOT 0O

0

0

65

v 0 0 0O 0 0 0 O

73| 74l 76 ¢

E o o EHEIEE

70
0 O

0

J 68
78] 79| 80

1] 1o 111 1]1|1pmey 1)1

1] 1] 1oy 1| 1] 1me 11111
N O 0O O O 0O O O mum!

Mo oEd o o offlo oF

0 000O0O0OOOTO OGO OO
oo ooo0o0 o0 o0Bo

0

O 0O 0O 0O 0O O O EMEE

65

1|1l 414|414 4 el 10(10

+-r 14l 16 17| 18|l 20] 21] 22

¥l 0o oEd o o ol 0 o M
00000 0O0OO0O 0O

oEd o ooooloo

0o B o ENEARZRERZ o k& o

57BN 57 57|57

o B o

O By O

78| 79 80 NN 33 MY 26| 27| 28| | 57]57| 57 MRE




O 0O O O O O O EMEE

12[ 13| 14|} 16| 17| 13l 20| 21] 22

¥ 0 oEd o o oAl 0 o X
0 000O0O0OOUOTO 0O

0

0

65

sy 0 0 0 0 0 0 O

73| 74l 76 |8

E o o EHEIES

70
0 O

0

o B o

o &
78] 79| 80

—
—
o
i
—
—
—
—
o
—
i

— | —
| —
— =]
o O
— -]
ml O
— =
o O
— =
— | —
| —

—
o
o
—
4
o
o
o
™~

ki
o
o
—

o O
o O
o O
o O
o o
o O
o O
o O
o B
o O

o Ed o

0

O 0O 0O 0O O O O EMEE

65

1|1 e 414|414 4 10|10

110 14000 16( 17| 13l 20| 21] 22

¥l 0o oEd o o ol 0 o M
00000 0O0OO0O 0O

oEd o ooooloo

o B o FNEARZEER o k& o

57N 57(57] 57

78[ 79| 20 NN 33 N 26| 27| 28| | 57]57| 57 ML




—— | APGAN augmented

not augmented

e DCGAN augmented

not augmented

0.80

P - - ———————— -

[Ty (=] [Ty o [Ty o
P ™~ 0 o u i
= (=] = (=] = =
Aaeinaoe
.. (=]
lllllllllllllllll [
I o
[
1
1
o
1 s’
.‘ ==
! —{
|
|
|
| o
* (=]
[Ty
.r —
!
I " e B s roE—"
(]
|
1! o
W] ]
] ~
._ —
|
_,_
]
, S
4 S
v -t
|||||||||||| o
u
[~
w o
o
M
(]
i
2
Ly o W 2 ul o
N R @ @ 1 W0
-] o ] =] L o

Adeunoae

750 1000 1250 1500 1750 2000
number of training images

500

250

number of training images




—— | APGAN augmented

not augmented

e DCGAN augmented

not augmented

0.80

[
1
1
1
1
n
__
i
1
I
]
I
1
[Ty (=] [Ty o [Ty o
P ™~ 0 o u i
= (=] = (=] = =
Aaeinaoe
.. (=]
lllllllllllllllll [
I o
[
1
1
o
| s’
i H
|
|
|
| o
* (=]
[Ty
.r —
!
I " e B s roE—"
1
|
1! o
W] ]
i ™~
.-— -
1]
_,_
]
, S
4 S
v -t
|
J_
|||||||||||| o
u
[~
w o
o
M
(]
i
2
Ly o W 2 ul o
N R @ @ 1 W0
-] o ] =] L o

Adeunoae

750 1000 1250 1500 1750 2000
number of training images

500

250

number of training images




HAMLET,

PHINC

DE!

Execution Time [ms]

Execution Time [ms]

25

20

15

10

—
o

-
]

—
=

2]

.
Ay .. e A, A
0.2 0.4 0.6 0.8
Density
Alloc Dezlloc =—= A
First Scan 3 o
Second Scan C— ~ —
All Scans =]
I I~
- = o
= @
27 R @ ™ i
o ] - 553
274 1 — o
2 1 7 271 208
~ I
- Z 558 +12 ] ]
%: v & ﬁ 954
- ot < L= =
178 — 5.5
- 177 114 114 oa
=1
181 e 224 228 - f
240 240 140 — —
—_— — — — — 1
21 121 12 121 120 = —
2.65 053 053
Y B 0 B W %G & % O % %
.
e S My, %y Sg T W e e B,
) 0’\5}3 ~ \)> e NN

SAUF_RemSP ——

BBDT_RemSP —
CCIT_TTA
CTB_RemSP
PRED_RemSP
LsL_STDZ_UF —=
LSL_RLEZ_UF —i
NULL 35—




25 T T T !

SAUF_RemSP ——
BBDT_RemSP —
CCIT_TTA
CTB_RemSP
20l _| PRED_RemsP
LsL_STDZ_UF 7
LSL_RLEZ_UF —ili}
NULL 35—
ey Q
E
u 15 / ]
= /
= /
o /S B
=]
= o J,’éf
g lGi -
HAMLET, - 4 T
it g 10 7 \
p N,
% ™
N
My
<l -
A A A A i
0 0.2 0.4 0.6 0.8 1
Density
Alloc Deallec =1 A
14 First Scan —= o .
Second Scan C— ~ —
All Scans 1 =
o ~
12t 3 a i
z71 g 3 o~ i
— = - - &
E 10 274 P o ” ]
E ] e =i 27 208
= 8r o 1
-é ik o ey 538 +.12
a 6 ) Wi ray g .54 i
5 o 1 - pec s EE
175 1 5.65
4l o —= 114 114 530 N
— R ][] @
2L 21 e 2.24 2.28 . +31 - . = -
|  — — S — e | 1
21 131 121 12 120 15 0.69 083 nEs
. ]
5 & o 2 4 &
% % O /% Y Q:/\J‘ Q{ Q\\ﬁ:‘ (J\(VP s i % 4/0((
N S My % e, B T e R B,
55 %6 e \» % g




Caption Textual-Visual Embedding Space

OQutside, SOMECNE stands at a stand

corner. SOMEOME walks past him.

—_—

walk

l Evans
an
—_-_-_-_-_-_._________...-4-
l.l
Larry

Danny

(3] f
®g @Op
" leeza Marie

Face Embedding Space

Track-Mention Association

Qutside, Danny =tands
at a corner. Leeza
walks past him.

Track-Character Association




Caption Textual-Visual Embedding Space

stand

Cutside, SOMECHNE stands at a

T —
corner. SOMEOME walks past him.

B walk

]
l Evans
]
Larry

Danny

(3] f
®g @Op
" leeza Marie

Face Embedding Space

Track-Mention Association

Qutside, Danny =tands
at a corner. Leeza
walks past him.

Track-Character Association










3DPeS Fingerprints Medical MIRflickr Tobacco800 XDOCS

BUF" 0.512 0.441
BE 1517 1.164
UF 0.594  0.529
OLE 1.211 1.128
KE 0568  0.481

1.313
2.730
2.040
3.013
1.622

0.495 3.268 12.088
1.165 5.966 20.278
0.659 4.304 17.316
1.281 8.173 35.242
0.526 3.978 15.432

(a) Temporary Labels

3

(b) Final Labels

!l
= - -




3DPeS Fingerprints Medical MIRflickr Tobacco800 XDOCS

BUF"
BE
UF

OLE
KE

0.512
1.517
0.594
1.211
0.568

0.441

1.164
0.529
1.128
0.481

1.313

2.730
2.040
3.013
1.622

0.495

1.165
0.659
1.281
0.526

3.268

5.966
4.304
8.173
3.978

12.088
20.278
17.316
35.242
15.432

I BEER
. -
| Bl !
e

(b) Final Labels

!l
= - -

(a) Temporary Labels




+
I
v
o —
I
—w . Lmr
“.m -
S
=
< . — ||
— | — s
— —
—_ | — N
— > | —> —
— — 2
I > W
- | — =
— —> |
— | — %
e —
o » | &
5
)
2
A =
| | O
(et
o| x| ¢
| | 72
@)
al v~
3-E
il O O
™ | — =]
TR
o | i =
Q| X
— | ~—1 =]
T | —| O] + |
=y 5 O S
—
Q=10 »n|O
Nl — e
D | C| -
O] | 4|
/ﬂ-ﬁ.ll agmq

N




plalr

S xmeml |11 1| 1pmgelml1|1

I 0O 0 0 0 0 O O pum!

q

p

Rosenfeld

blc|d|e | f
J

a
g

min|lo|p

Grana

X=ptr

X = new label




Test Test

Method IoU TIoU
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U-Net™ |29] 0.740 -
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if (++c >=w - 1)

goto break C;

if (condition_x) {

}

else {

if (condition_q) {
// action 4 - x <= q
goto tree_C;

}
else {
if (condition_r) {
// action 8 - x <=1 + s
goto tree_D;
}
else {
// action 6 - x <= s
goto tree_E;
}
}

// action 1 - do nothing
goto tree_B;
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tree C:
if (+4+c >=w - 1)
goto break C;
if (condition_x) {
if (condition_q) {
// action 4 - x <= q
goto tree_C;
}
else {
if (condition_r) {
// action 8 - x <=1 + s
goto tree_D;
}
else {
// action 6 - x <= s
goto tree_E;
}
}
}
else {

// action 1 - do nothing
goto tree_B;
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Parameter name

Description

perform

Dictionary which specifies the kind
of tests to perform (correctness,
average, average ws, density and
size, granularity and memory).

correciness_tests

Dictionary indicating the kind of
correclness tests to perform.

tests_number

Dictionary which sets the number
of runs for each test available.

Algorithms
algorithms List of algorithms on which apply
the chosen tests.
Datasets
check_dalasets List of datasets on which CCL

algorithms should be checked.

average_datasets

List of datasets on which average
test should be run.

average_ws_datasets

List of datasets on which aver-
age_ws Lest should be run.

memory_datasets

List of datasets on which memory
test should be run.

Utilities

paths Dictionary with both input
(datasets) and output (results)
paths.

write_n_labels Whether to report the number

of connected components in the
output files.

color_labels

Whether to output a colored ver-
sion of labeled images during tests.

save_middle_tests

Dictionary specilying, separately
for every test, whether to save the
output of single runs, or only a
summary of the whole test.
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average, average ws, density and
size, granularity and memory).

correciness_tests

Dictionary indicating the kind of
correclness tests to perform.

tests_number

Dictionary which sets the number
of runs for each test available.

Algorithms
algorithms List of algorithms on which apply
the chosen tests.
Datasets
check_dalasets List of datasets on which CCL

algorithms should be checked.

average_datasets

List of datasets on which average
test should be run.

average_ws_datasets

List of datasets on which aver-
age_ws Lest should be run.

memory_datasets

List of datasets on which memory
test should be run.

Utilities

paths Dictionary with both input
(datasets) and output (results)
paths.

write_n_labels Whether to report the number

of connected components in the
output files.

color_labels

Whether to output a colored ver-
sion of labeled images during tests.

save_middle_tests

Dictionary specilying, separately
for every test, whether to save the
output of single runs, or only a
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