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Abstract

In this supplementary material, we provide additional
details and results to complement and strengthen the find-
ings of the main paper and to make reproducibility as easy
as possible. A detailed derivation of how to efficiently im-
plement DSP’s loss term can be found in Section 1. Sec-
tion 2 gives an explanation for the choice of the segmen-
tation architecture as used for the experiments in the main
paper and contains details about the configurations. In Sec-
tion 3, we provide additional information on dataset sizes
and construction of weak labels. Section 4 contains addi-
tional details with respect to baseline methods and their ab-
lations. Quantitative results as numerical values are shown
in Section 5, thereby complementing the graphical result
representations given in the main paper. In addition, Sec-
tion 6 contains additional qualitative results, with a specific
focus on failure cases and a visualization of DSP’s embed-
ding space during training. Finally, we give in Section 7
answers to several questions about DSP.

1. Details on efficiently implementing DSP’s
loss term

As shown in the main paper, DSP’s loss term Lpgp is
built on the idea of decoupled contrastive learning by Yeh et
al. [22]. This is especially attractive for segmentation tasks,
i.e., with large amounts of pixels, as it removes the necessity
to compute different negatives for each positive case. In the
following, we will give a more detailed description of how
the final loss term as shown in Equation (9) of the main
paper can be implemented efficiently (as hinted on in the
last part of section 3.5 of the main paper).

Let us start with the loss term Lpgp as in Equation (9)

of the main paper:
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Let us look at the last sum in Equation (S.1). For a spe-
cific class ¢ and an annotation type [, the last sum can be
expressed as follows given the definition of L(f;,c) from
Equation (6) of the main paper:
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Recall that Z; ., as defined in Equation (8) of the main
paper is the denominator of our decoupled contrastive term:
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As a reminder from section 3.4: the requirement ¢ ¢ A;
OR k # c as given under the second sum is motivated by
the design that all associations between pixel-embeddings
and prototypes shall be counted as negatives either when
i) k # c (i.e. a negative association can safely be assumed)
or ii) for the case of k& = c but then only if ¢ ¢ A; (i.e.
the class c is not possible under the available annotation for
pixel 7).

Due to the these two requirements, Z; . and hence the
denominator in Eq. (S.2) becomes independent of f;. Thus,
we write Z, for short. Simultaneously, we apply the loga-
rithmic division law and simplify the right part of Eq. (S.2)



to obtain:
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At this point, with the independence of Z,. from f;, we could
simply scale the denominator Z, with the number of posi-
tives in the set (2! to bring it in front of the summation:

> L(fie) = |9 -log Ze — > se(fi, Pe)/7
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However, we found that scaling the negatives Z. by a
value > 1 creates large loss magnitudes which were experi-
mentally hard to weight. Hence, we instead re-scale the loss
as given in Eq. (S.6) by dividing by |Q:
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Putting everything together, we obtain the final implemen-
tation L7, ¢p for Lpgp as used in our code as follows:
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where the delta function 6(+) prevents from division by zero
in the case of |QL| = 0 (i.e. when class ¢ does not occur
in the batch). This loss is used for weakly- and strongly
augmented inputs.

2. A note on architecture choices

In order to obtain comparable results, all methods in our
evaluation share the same segmentation architecture. The
results as presented in the main paper have all been ob-
tained with a Unet [16]. To be more precise, we lever-
age a Unet with successive feature-map channel sizes of
{64,128,256,512,1024} in the encoder and the corre-
sponding reverse channel sizes in the decoder. This gives a
versatile and yet efficient network with ~ 22 million train-
able parameters.

So — why Unets and no recent architectures that give
state-of-the-art results on domains like Cityscapes [4]? In
preliminary experiments, we indeed explored recent trans-
former architectures. Specifically, we analyzed some base-
line methods on Segformers by Xie et al. [21] and on Swin-
Unets by Cao et al. [2]. However, we observed unstable
trainings and extremely poor segmentation results, both in
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Figure 1. Results for segmentation transformers trained from
scratch with full supervision on HELA-2.

cases when trained from scratch as well as when initialized
with ADE-20K [24] pre-trained weights. Qualitative results
of failed segmentations with these architectures are shown
in Figure 1. As can be seen, the segmentation results which
we were able to obtain by training these architectures are
clearly not acceptable. We assume that one main reason
for insufficient applicability of Segformers and Swin-Unets
in the task at hand is the lack of pre-trained weights for
the domain of electron microscopy imagery. At the same
time, we expect that weights obtained from the natural do-
main do not allow these architectures to transfer sufficiently
well to application domains which are starkly different from
natural images. Furthermore, we observed training insta-
bility of these architectures with respect to hyperparame-
ters and schedulers of optimization parameters, e.g. learning
rate warm starts and learning rate decay, which Unets are
known to be robust against. Finally, especially Segformers
might be negatively impacted from the padding of images
for same-sized images in the batch.

Given the previous considerations, and given the require-
ments for a statistically sound evaluation which requires to
robustly train > 1500 models for our experiments, we de-
cided for Unets. This choice is further supported in many
non object-centric, expert-driven domains, especially in the
medical area [7,9, 10]. At the same time, we expect that
improvements like pre-training on in-domain data [13] will
enable segmentation transformers also for this domain. For
the future, we are especially interested to see how trans-
formers perform when being adapted to and trained with
Decoupled Semantic Prototype.

3. Additional information about the datasets

As described in the main paper, we conducted exper-
iments on a total of four cell organelle datasets from
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Figure 2. Top: Organelle classes which are present in at least three sub-volumes in the different datasets of Heinrich et al. [7] for
train/validation/test cross-validation are indicated with checkmarks. Bottom: Example images from the different cell organelle electron

microscopy datasets used in the main paper.

the OPENORGANELLE data as outlined in Heinrich et
al. [7]. In low annotation scenarios, rigorous cross-
validation is necessary to get robust insight into method
performances. Therefore, we performed cross-sub-volume
cross-validation, i.e. we split the set of annotated sub-
volumes of the datasets into train/validation/test sets mul-
tiple times. As mentioned in the main paper, this was done
10 times for HELA-2 and 5 times for the remaining datasets.

For creating these splits, we obviously can only include
classes that occur in at least three annotated sub-volumes to
distribute them among train, validation, and test. Directly
applying this constraint to the four cell organelle datasets
would leave us with little annotated data. Therefore, as
mentioned in the main paper, we merged the original 37
classes into 17 merged classes. For merging classes, we
followed the the organelle class hierarchy provided in the
code of the original publication'. In the top part of Fig. 2,
we list the subset of classes from these 17 merged classes
that satisfy the occurence requirement in three sub-volumes
on the different datasets.

To get an intuition about the difficulty, properties, and
differences of these cell organelle datasets, we show in the

"https : / / github . com / saalfeldlab / CNNectome /
blob / 7c¢5250edf2ba8ced3127¢c457b755€a30721£638f /
CNNectome/utils/hierarchy.py

lower part of Fig. 2 example images from all FIB-SEM
datasets used in the experiments. As can clearly be seen,
the different datasets show a large variance in appearance
as well as aspect ratios (different aspect ratios of labeled
regions also occur within datasets).

3.1. Dataset sizes

As we outline in the main paper, we performed cross-
sub-volume cross-validation either 10 or 5 times. Here,
we report the average number of images in the training-,
validation-, and testing sets for the four datasets:

HELA-2: 2321 training images, 924 validation images,
and 930 testing images

e HELA-3: 1634 training images, 731 validation images,
and 791 testing images

* MACROPHAGE-2: 1482 training images, 685 valida-
tion images, and 740 testing images

e JURKAT-1: 1525 training images, 745 validation im-
ages, and 742 testing images


https://github.com/saalfeldlab/CNNectome/blob/7c5250edf2ba8ce43127c457b755ea30721f638f/CNNectome/utils/hierarchy.py
https://github.com/saalfeldlab/CNNectome/blob/7c5250edf2ba8ce43127c457b755ea30721f638f/CNNectome/utils/hierarchy.py
https://github.com/saalfeldlab/CNNectome/blob/7c5250edf2ba8ce43127c457b755ea30721f638f/CNNectome/utils/hierarchy.py

3.2. How to obtain weak annotations from pixel-
wise masks

The OPENORGANELLE dataset by Heinrigh al. [7]
comes with pixel-wise annotations. From these, we also de-
rived weak annotations to conduct semi-weakly supervised
experiments with diverse annotation types. For creating
image-level labels, we simply extracted the unique classes
that occur in each pixel-wise mask. To extract bounding
boxes, we computed the connected components of each
mask, extracted bounding boxes, and assigned the class
from the corresponding mask. For creating point annota-
tions from masks, we nally would have several choices.
We draw inspiration from the way humans generally point

at objectsj.e. clicking on the medial axis [6] or in the cen-  _. , . .

ter of regions [2]. Hence, we computed the medoids of the Figure 3. Class-wise geodesic distance maps based on point an-

connected comp.onents C,)f the mask and obtained one poin?otations (marked in red and enlarged for visibility). In the lower
ight, the input image frontELA-2is displayed.

annotation from each medoid location, associated with the 9 P g Py

class label of the corresponding mask.
successively apply CutOut with a probability @b). Re-

4. Additional details for baseline methods and  sults of this ablgtion stpdy are given iq Table 1. We see 'Fhat

their ablation the best result is obtained with applying Cutout up to nine

times. We also use these strong augmentations for DSP and

Batch construction During training, we ensured for the Con2R [15].

creation of mini-batches that on average all annotation types

used in a training scenario are equally present. This “strat- threshold DICE # CutOut DICE

i ed sampling” was applied for all methods. Thereby, 0.0 517 36 0 485 37
losses based on speci ¢ annotation types are computedona 0.1 S1l3 42 1 490 41
P ypes are comp 02 512 39 2 500 31

roughly regular schedule rather than after an irregular num- 03 514 35 3 503 36
ber of iterations. This is especially useful when the training 0.4 51:4 42 4 504 4.0
scenario has severely unbalanced portions of pixel-wise and 0.5 510 40 5 504 4:0
0 NS SEVErS Y Linha Sncec porions of pixe-wi 06 516 39 6 504 40

weak annotationse(g at ACR = 64). To obtain this, we 0.7 510 37 7 508 35
oversampled images from less frequent annotation types, 0.8 51:0 36 8 508 42
imilar to th v d li f th t of 0.9 508 3.6 9 517 3.6
similar to the commonly done oversampling of the set o 0.65 208 54 10 BTl 54

labeled images for semi-supervised segmentation [15, 17].

Pseudo—label'[ ] we Implemented an online version of Table 1. Ablation study for the baseline method FixMatch by
pseudo-labeling,i.e. computing the labeles for un- or  gonnet a) [17] for a standard semi-supervised learning sce-

weakly labeled images on the y while training the seg- nario. Validation accuracy measured as DICE scoreHA-
mentation network. Although this is in contrast to pre- 2 ACR = 8. Left: Varying the pseudo-label threshold in Fix-

computing pseudo-labels and then continuing training with Match. Right Varying the maximum number of applying CutOut
xed pseudo-labels, we decide for the online version as all as strong augmentation.

other compared methods also work in an online setting.

FixMatch [17] The original FixMatch approach was de- Classi cation branch For the classi cation branch archi-
signed for image classi cation and computes pseudo-labelstecture, which is trained on top of the Unet architecture [16],
with a given threshold on the predictions. Thereby, it dis- we followed the original publication from Mlynarsiet
regards pseudo-labeled images that have a lower predictioral. [14] as closely as possible. To gauge with the different
score than this threshold. We investigated the effect of suchimage size used in the original implementation, we merely
a threshold when being applied in the segmentation scenaricmeeded to add four more convolutions with ReLU activa-
and report results in the left part of Table 1. Surprisingly tion after the mean pooling operation and single convolu-
simply not applying a threshold lead to the best results. tion to end up at the desired sizetif 11. From there,
Furthermore, FixMatch leverages strong augmentations, in-we apply the exact same classi cation branch architecture
cluding CutOut [5] which randomly sets image regions of consisting of linear layers, ReLU activations, and residual
size32 32in the input image to black. We analyzed the connection.

effect of how often to apply CutOut.é. for how often to We also investigated whether the method of Beal. [1]




Method I B P ACR=1 ACR=2 ACR=4 ACR=8 ACR=16 ACR =32 ACR =64

UNet - — — 501 46 503 56 482 49 436 70 342 66 246 37 202 65
CLSBranch[14] X - - 504 55 503 51 504 46 473 58 438 64 346 7.3 261 82
Box Proj.[18] - X — 484 49 497 52 499 46 478 59 430 57 335 65 267 85
Euclidean branch — —-X 513 4:6 509 52 504 53 487 61 414 69 310 59 199 75
Geodesic branch — —-X 504 42 496 54 504 40 486 60 422 60 335 58 236 61

X — 501 46 505 55 502 49 493 54 461 62 358 69 279 638

— 501 46 507 51 506 51 481 47 452 622 343 62 279 60
X 501 46 509 50 501 50 485 51 458 51 351 6:7 269 6:3

— — 516 43 524 49 514 52 489 71 434 57 326 53 221 88
Con2R [15] - X — 516 43 530 50 516 52 493 56 438 70 336 59 221 101
- — X 516 43 524 46 515 54 492 64 433 75 328 54 221 88

- — — 529 39 535 45 536 41 530 51 480 677 378 79 224 117

Pseudo-label [12] — X

FixMatch [17] X — — 529 39 538 45 537 47 524 46 491 69 426 82 330 105
X — 529 39 533 40 528 4.7 527 44 512 57 439 105 394 89

— — X 529 39 537 45 535 46 521 47 495 61 425 91 326 1038

X — 534 36 538 50 535 45 520 56 498 6:3 424 82 325 104

DSP (Ours) - X - 534 36 537 48 530 36 529 50 509 57 477 7.0 442 101
— — X 534 36 537 44 535 49 534 48 523 46 477 82 377 125

Table 2. Segmentation accuracy of different methods at increasing pixel-wise annotation compression rates, measured as mean and standard
deviation in DICE. Results are obtained frdifd splits. Random baselin®:1 0:3 DICE. Class-prior baseling:1 0:6 DICE.

can give additional bene ts,e. if restricting the segmenta- Tianet al. [18] for the scenario with pixel-wise annotations
tion prediction by the classi er's output during inference and boxes and directly applied it on top of the segmentation
can improve the result. However, we did not nd better re- output-head for the boxes that are supplied in this scenario.
sults in ablation studies. We assume that the initial observa-

tion by Baeet al. speci cally holds for exceptionally good 5. Quantitative results in numerical form

classi ers as available in object-centric image domains, but
does not necessarily generalize to cell organelle images.
Euclidean/Geodesic point branchThis baseline leverages . i ; X )
an auxiliary output-head which regresses distance maps thaf'creasing ACRs. The graphical representation aimed at

are generated via point labels. For each class, a distanctg,'m’lkm_g the proglg;:ressmn (I)f accuracy ea5|er_(;o \r/]'ew ang bft'
map is computed based on point annotatiaesthe small- ter to interpret. For completeness, we provide here underly-

est distance from every pixel to all point annotations of ing numerical results (rounded to one decimal) for all pre-

this class is computed. We implement these distance map§ented experiments.

for t.he Euclidean Qiste_mce anq t_he Qeodesic d_istance. .Thes_l_ Numerical results for all methods

choice of Geodesic distance is inspired by point- or click

annotations. These are frequently used for medical inter- The HELA-2 results for annotation type pairs are dis-
active Segmentation [ ] and Weak|y Supervised medical played in Tab. 2 with checkmarks indicating the weak anno-
segmentation [23], where the Geodesic distance can be extation type used alongside masks. For models trained with
ploited. Regressing distance maps is also commonly ex-all supervision types mixed, results are shown in Tab. 3 for
plored in medical and cell datasets [3, 11]. We visualize an HELA-2 HELA-3 MACROPHAGE-2andJURKAT-1

example of such a point-based geodesic map in Figure 3.5 2 The bene t of bseudo-label Iterin
During training, such Geodesic maps serve as targets to ef-""" P 9

ciently exploit point annotations and to supply the model We further investigated the effect of pseudo-label lter-
with more structural information than singular points alone ing in the scenario of semi-weakly supervised segmenta-
could offer. tion. l.e., does the ltering of pseudo-labels based on avail-
Box loss We integrated the bounding box-based loss of able weak annotation give bene ts for training? For this,

In the main paper, we provided all results as graphical
representations by plotting segmentation accuracy against



Method Ul B P ACR=1 ACR=2 ACR=4 ACR=8 ACR=16 ACR =32 ACR =64
HELA-2

UNet - — — —501 46 503 56 482 49 436 7.0 342 66 246 37 202 65

FixMatch[17] X X X X 529 39 53.8 4.4 530 42 529 47 502 63 460 74 367 116

DSP (Ours) X X X X 534 3.6 537 45 540 40 542 46 521 56 516 6.0 495 6.1
HELA-3

UNet - — — — 473 T2 456 T4 448 84 416 85 420 65 345 64 288 94

FixMatch [17] X X X X 542 34 545 3.7 559 28 557 27 546 30 487 41 494 54

DSP (Ours) X X X X 545 39 539 50 546 30 555 21 56.2 1.7 533 50 524 42

MACROPHAGE-2
UNet - — — —307 55 292 77 221 42 190 63 105 75 57 27 93 69

FixMatch[17] X X X X 443 21 425 72 401 67 237 84 122 68 117 84 133 188
DSP (Ours) X X X X 450 2.6 436 85 430 89 313 104 21.1 89 145 114 153 14.8
JURKAT-1
UNet - — — —284 82 264 63 211 51 142 71 50 20 82 34 51 1.9

FixMatch[17] X X X X 327 96 326 86 323 95 157 71 &7 35 63 39 65 27
DSP (Ours) X X X X 329 9.1 324 83 295 53 180 76 78 41 105 59 63 36

Table 3. Segmentation accuracy of different methods at increasing pixel-wise annotation compression rates with weak labels of all types
distributed uniformly, measured as mean and standard deviation in DICE. Results are obtaingdtitsn(10 for HELA-2).

we trained the best semi-supervised learning baseline Fix-to nd central regions which lie on the organelles. Second,
Match [17] with and without pseudo-label Itering. Results we also see that training with bounding boxes leads to mod-
can be found in Tab. 2, rst row in FixMatch results for els which slightly oversegment the organelles. These ob-
without pseudo-label Itering, and remaining three rows in servations combined can serve as explanation why the com-
FixMatch results with pseudo-label Itering. We observe bination of these annotation types (in the mixed scenario)
that in the low ACR scenarios, pseudo-label ltering does works better than each type individaully.

not give additional bene ts as only few weakly labeled ex- Finally, we provide a failure case where DSP leads to an
amples are integrated. However, especially when traininginsuf cient segmentation in the last row of Fig. 4. As can
with few pixel-wise masksg,e. ACRs2 f 16; 32, 64g we see be seen, DSP is not able to clearly delineate the nuclear en-
a tremendous positive effect. Hence, we conclude that Fix-velope (dark blue) and fails in correctly assigning the class
Match coupled with pseudo-label ltering is a simple and microtubule (purple). We expect these errors to originate
strong semi-weakly supervised baseline. from a too strong learned shape bias for the microtubules.

L 6.2. Evolution of Decoupled Semantic Prototypes
6. Supplementary qualitative results P tvp

Finally, we were interested in a deeper understanding
6.1. Segmentation results about the semantic prototype vectors of DSP. To this end,
we plotted t-SNE projections [19] of class-wise prototypes
P. alongside several few pixel-embeddinfys after the
fOth, 50th and10Gh epoch. These are shown in Fig. 5.
t can be seen that over the time of training, clusters are
formed and the prototypes delimit which semantics occupy
what regions of the embedding space.

In the top three rows of Fig. 4, we provide additional
qualitative results from DSP on an image from thHELA-

2 dataset. As can be seen, DSP is able to uncover smal
organelle structures and start capturing their semaeties
with very few pixel-wise annotated masks in training and a
mix of annotation types.

In the middle four rows of Figure 4, we show the quali-
tative segmentation results of DSP when being trained with
different combinations of annotation types (all scenarios  During the reviewing process and in internal discussions,
from the main paper). We nd two observations worth to several valid and insightful questions have been raised. We
note. First, we see point annotations allow to quickly learn list some of them together with honest answers here, as we

7. FAQ — Good questions and honest answers
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