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Abstract

We propose a new general form of image-level supervision for semantic segmenta-
tion based on approximate targets for the relative size of segments. At each training
image, such targets are represented by a categorical distribution for the “expected”
average prediction over the image pixels. We motivate the zero-avoiding variant of
KL divergence as a general training loss for any segmentation architecture leading
to quality on par with the full pixel-level supervision. However, our image-level
supervision is significantly less expensive, it needs to know only an approximate
fraction of an image occupied by each class. Such estimates are easy for a human
annotator compared to pixel-accurate labeling. Our loss shows significant robust-
ness to size target errors, which may even improve the generalization quality. The
proposed size targets can be seen as an extension of the standard class tags, which
correspond to non-zero size targets in each image. Using only a minimal amount
of extra information, our supervision improves and simplifies the training. It works
on standard segmentation architectures as is, unlike tag-based methods requiring
complex specialized modifications and multi-stage training.

1 Introduction

Our image-level supervision approach applies to any semantic segmentation model and does not
require any modification. It can be technically described in one paragraph, as follows. Soft-max

prediction .S, = (S;, ceey S;( ) at any pixel p is a categorical distribution over K classes, including
background. At any image, the average prediction over all image pixels, denoted by set €2, is
- 1
Si=— S, 1
peEN
where S = (S',...,SK) is also a categorical distribution over K classes. It is an image-level

prediction of the relative or normalized sizes (volume, area, or cardinality) of the objects in the image.
We assume that training images have approximate size targets represented by categorical distributions
v=(v)K |, eg v=1(0,.15,0,...,0,.75) for the middle image in Fig. |l]if “bird” is the second
class and “background” is the last. This representation also applies to multi-label images. For each
training image, our size-target loss

_ Vg
Lyze = KL(@|S) = > vln 5 2
k
is based on Kullback-Leibler (/L) divergence. Figure 2[b) shows some results for a generic
segmentation network (ResNet101 [4] backbone) trained on PASCAL [5] using only image-level

supervision with approximate size targets (8% mean relative errors). Our total loss is very simple: it
combines size-target loss (2)) and a common CRF loss (3) [6].
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Full supervision

Size target (ours
30se S

sec. per image: _ 20.0 sec 23.3 sec 36.2 sec 47.1 sec
mlOU:  62.7% (WR38) 66.6% (R101) 72.6% (R101) 74.9% (R101) 78.2% (R101)

Figure 1: Supervision types for segmentation: labeling speed and accuracy on PASCAL. The top-left
corner of each image shows its estimated labeling time based on observed instances. The table
shows per-image labeling times averaged over the data and mean Intersection-over-Union (mloU) for
comparable end-to-end methods with similar ResNet backbones (ResNet101 or WideResNet38 [[11]),
for fairness. We obtained mIoU scores, except for the “tag” and “box” scores from [2] and [3]]. Our
supplemental materials detail evaluation of the labeling times and mIoU. For completeness, Tab[Z]
includes more complex architectures and multi-stage systems, e.g. for tags. This paper focuses on
standard segmentation architectures for size supervision.

1.1 Overview of weakly-supervised segmentation

By weakly-supervised semantic segmentation we refer to all methods that do not use full pixel-
precise ground truth (GT) masks for training. Such full supervision is overwhelmingly expensive for
segmentation and is unrealistic for many practical purposes, see the right image in Fig. [T} There are
many forms of weak supervision for semantic segmentation, e.g. based on partial pixel-level ground
truth defined by “seeds” [6] [7]], boxes [3]], or image-level class-tags [2, 8, 9], see Fig.[T] It is also
common to incorporate self-supervision based on various augmentation ideas and contrastive losses

Lack of supervision also motivates unsupervised loss functions such as standard old-school regulariza-
tion objectives for low-level segmentation or clustering. For example, many methods use
variants of K-means objective (squared errors) enforcing the compactness of each class representation.
It is also very common to use CRF-based pairwise loss functions [6} [7] that encourage segment shape
regularity and alignment to intensity contrast edges in each image [13]. The last point addresses the
well-known limitation of standard segmentation networks that often output low-resolution segments.
Intensity contrast edges on the high-resolution input image is a good low-level cue of an object
boundary and it can improve the details and localization of the semantic segments.

Conditional or Markov random fields (CRF or MRF) are common basic examples of pairwise
graphical models. The corresponding unsupervised loss functions can be formulated for continuous
soft-max predictions S, produced by segmentation networks, e.g. [6,[7,9]]. Thus, it is natural to use
relaxations of the standard discrete CRF/MRF models, such as Potts [16] or its dense-CRF version
[17]. We use a bilinear relaxation of the general Potts model

Le(S) = D (1-8%Tws* 3)
k

where S := (S, |p € Q) is a field of all pixel-level soft-max predictions S, in a given image, and
Sk = (Sj’; |p € Q) is a vector of all pixel predictions specifically for class k. Matrix W = [wp]
typically represents some given non-negative affinities w,,, between pairs of pixels p, ¢ € 2. Itis
easy to interpret loss (3) assuming, for simplicity, that all pixels have confident one-hot predictions
Sp so that each S % is a binary indicator vector for segment k. The loss sums all weights wpq between
the pixels in different segments. Thus, the weights are interpreted as discontinuity penalties. The loss
minimizes the discontinuity costs [16]].

In practice, affinity weights w,,, are set close to 1 if two neighboring pixels p, g have similar intensities,
and weight w,, is set close to zero either when two pixels are far from each other on the pixel grid or
if they have largely different intensities [6, 16} [17]. The affinity matrix W could be arbitrarily dense
or sparse, e.g. many zeros when representing a 4-connected pixel grid. The non-zero discontinuity

— — 2 .
costs between neighboring pixels are often set by a Gaussian kernel w,, = exp % of given

bandwidth o, which works as a soft threshold for detecting high-contrast intensity edges in the image.
Thus, loss (3)) encourages both the alignment of the segmentation boundary to contrast edges in the
(high-resolution) input image and the shortness/regularity of this boundary.
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(a) (b) ©

Figure 2: Semantic segmentation with standard DeepLabV3+(R101) segmentation models [18]:
PASCAL validation results for training with (a) log-barrier (9) using class tags, (b) KL-divergence
(2) using our approximate size targets, (c) cross-entropy with full (ground truth mask) supervision.

Weakly supervised segmentation methods may also use partial pixel-level ground truth where only
some subset Seeds C ) of image pixels has class labels [6} 7 9]]. In this case it is common to use
partial cross-entropy 10ss
Lpee(S) = = > InSw ©)
pESeeds
where y,, is the ground truth label at a seed pixel p.

1.2 Related balancing losses

Segmentation and classification methods often use “balancing” losses. In the context of classification,
image-level predictions can be balanced over the whole training data. For segmentation problems,
pixel-level predictions can be balanced within each training image. Our loss is an example of size
balancing. Below we review some examples of related balancing loss functions used in prior work.

Fully supervised classification. It is common to modify the standard cross-entropy loss to account
for unbalanced training data where some classes are represented more than others. One common
example is weighted cross-entropy, e.g. defined in [19] for image-level predictions .S; as

Luce(S) = =) wy, InS¥ 5)

i€D
where class weights wy, ﬁ are motivated as a re-balancing factor based on the class distribution
v in the training dataset D and [ is a hyper-parameter. In the fully supervised setting, the purpose

of re-weighting cross-entropy is not to make the predictions even closer to the known labels, but to
decrease over-fitting to over-represented classes, which improves the model’s generality.

Unsupervised classification. In the context of clustering with soft-max models [20} 21] it is common
to use fairness loss encouraging equal-size clusters. In this case, there is no ground truth and
fairness is one of the discriminative properties enforced by the total loss in order to improve the model
predictions on unlabeled training data. The fairness was motivated by information-theoretic arguments

in [20] deriving it as a negative entropy of the data-set-level average prediction S = ﬁ > iep Si
for dataset D
Lfair(S) = —H(S) = > S*Ins*
E
=y s mﬁ = KL(S|u) (©6)
- 1/K

1
'K
is up to some additive constant independent of S. Perona et al. [21] pointed out the equivalent KL-
divergence formulation of the fairness in () and generalized it to a balanced partitioning constraint

Loa($) = KL(S|v) )

where u = (%7 ..., %) is a uniform categorical distribution, and symbol = indicates that the equality



92

93
94
95
96

97
98
99
100
101
102

103
104
105

106
107

108

109
110

111
112
113
114
115
116

117

118
119

120

121
122
123
124
125
126
127
128

129
130

131
132

133
134
135

with any given prior distribution v that could be different from uniform.

Semantic segmentation with image-level supervision. Most weakly-supervised semantic segmenta-
tion methods use losses based on segment sizes. This is particularly true for image-level supervision
techniques [2, 9} 22| 23]]. Clearly, segments for tag classes should have positive sizes, and segments
for non-tag classes should have zero sizes.

Similarly to our paper, size-based constraints are often defined for the image-level average prediction
S, see (1), computed from pixel-level predictions S,,. Many generalized forms of pixel-prediction
averaging can be found in the literature, where they are often referred to as prediction pooling. Some
decay parameter often provides a wide spectrum of options from basic averaging to max-pooling.
While the specific form of pooling matters, for simplicity, we discuss the corresponding balancing
loss functions assuming basic average prediction S in (T)).

One of the earliest works on tag-supervised segmentation [9]] uses log-barriers to “expand” tag
objects in each training image and to “suppress” the non-tag objects. Assuming image tags 7', their
suppression loss is defined as

Lauppress(S) o< = In(1—S¥) ®)
kgT
encouraging each non-tag class to have zero average prediction S*, which implies zero predictions
S]’j' at each pixel. Their expansion loss

Lezpana(S) o = > InS*. )
keT
encourages positive average predictions S* and non-trivial tag class segments.

We observe that the expansion loss (9) may have a bias to equal-size segments, as particularly evident
in the case of average predictions. Indeed, (9) implies

Lewpand(s) o8 KL(uT”S) (10)
which is a special case of our size loss (2)) when the size target v = uy is a uniform distribution over
tag classes. The intention of the log barrier loss () is to push image-level size prediction S from
the boundaries of the probability simplex Ay corresponding to the zero-level for the tag classes
T. Figure[2(a) shows the results for training based on the total loss combining CRF loss (3) with
the log-barrier loss (9). Its unintended bias to equal-size segments (I0) is obvious. Note that the
mentioned decay parameter used for generalized average predictions should reduce such bias.

Alternatively, it may be safer to use barriers for S like
Lt = —Zlnmax{gk,e} (11)

keT
that have flat bottoms to avoid unintended bias to some specific size target inside the probability
simplex A . Similar thresholded barriers are common [22]].

1.3 Contributions

In general, it would be great to have effective image-level supervision for segmentation that only uses
barriers like (9) or (IT)) since they do not require any specific size targets. This corresponds to tag-only
supervision. However, our empirical results for semantic segmentation using such barriers were
poor and comparable with those in [9]. A number of more recent semantic segmentation methods
for tag-level supervision have considerably improved such results [[12| 24H30], but they introduce
significantly more complex multi-stage training procedures and various architectural modifications,
which makes such methods hard to replicate, generalize, or to understand the results. We are focused
on general easy-to-understand end-to-end training methods. Our main contributions are:

* We propose and evaluate a new general form of weak supervision, size targets. The size-
target supervision can be approximate and is relatively easy to get from human annotators.

* We propose the zero-avoiding variant of KL divergence as a general training loss, allowing
our end-to-end size-target approach to be integrated with any segmentation architecture.

» Comprehensive experiments with our size-target method demonstrate state-of-the-art perfor-

mance across multiple datasets using standard segmentation models typically employed for
full supervision, without any architectural modifications.
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2 Size-target loss and its properties

Our proposed total loss is very simple
Liotai = Lsize + Lcrf (12)

where the two terms are our size-target loss (Z)) and standard CRF loss (). The core new com-
ponent is our size-target loss based on the forward KL-divergence. Our size-target loss en-
courages specific target volumes for tag classes. Additionally, the size-target loss suppresses
non-tag classes, encouraging zero volumes for classes not in the image. The CRF loss also con-
tributes to the suppression of redundant classes. Therefore, unlike most prior work on image-
level supervision for semantic segmentation, e.g. [9, 2, [12], we do not need separate suppres-
sion loss terms like (8). We validated this claim experimentally, they did not change the results.
The size-target loss can also be integrated into
other weakly-supervised settings, e.g. partial
cross-entropy loss (@) commonly used for seeds.
We show that using approximate size targets
can significantly improve the seed-supervised
segmentation in [6] when the seed lengths are
short, see the right plot of Fig. ]

L;otal = Lsize + Lc’r‘f + che (13)

As is well known, KL divergence is asymmetric.
In our work on image-level supervised segmen-
tation, the order of the estimated and target dis-
tributions is crucial. The forward KL divergence
possesses a zero-avoiding property, as illustrated
in Fig.[3] Specifically, forward KL divergence
imposes an infinite penalty when any class with
a non-zero target is predicted as zero. In con-
trast, the penalty of the reverse KL divergence is
finite and much weaker. When using reverse KL
divergence, segmentation models tend to gener-
ate trivial solutions, predicting all pixels as the
background class. This issue likely arises due to
dataset imbalance, where the background class
is prevalent. The zero-avoiding property of forward KL divergence ensures that segmentation models
do not produce trivial solutions and predict all classes in the image tag sets.

[2]}

0.9

Figure 3: Forward vs reverse KL divergence. As-
suming binary classification K = 2, we can repre-
sent all possible probability distributions as points
on the interval [0,1]. The solid curves illustrate
our “strong” size constraint, i.e. the forward KL-
divergence K L(v||S) for the average prediction
S. We show two examples of volumetric prior
vy = (0.9,0.1) (blue curve) and v, = (0.5,0.5)
(red curve). For comparison, the dashed curves
represent reverse KL divergence K L(S/||v).

3 Experiments

3.1 Experimental settings

Datasets. We evaluate our approach on three segmentation datasets: PASCAL VOC 2012 [5], MS
COCO 2014 [31]], and 2017 ACDC Challengeﬂ [32]]. The PASCAL dataset contains 21 classes. We
adopt the augmented training set with 10,582 images [33]], following the common practice 34, 9].
Validation and testing contain 1449 and 1456 images. Seed supervision of the PASCAL dataset is
from [7]. COCO has 81 classes with 80K training and 40K validation images. ACDC Challenge is
to segment the left ventricular endocardium. The training and validation sets contain 1674 and 228
images. The exact size targets are extracted from the ground truth masks.

Approximate size targets. We train segmentation models using approximate size targets v =
(vk) K, generated for each image either by human annotators or by corrupting the exact size targets
o = ()X, with different levels of noise. In all cases, we report the segmentation accuracy on
validation data together with mean relative error (mRE) of the corresponding corrupted size targets.
For each training image containing class k, the relative error for the size target vy, is defined as

I

Vg

RE(v) (14)

"https://www.creatis.insa-lyon.fr/Challenge/acdc/
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where 0y, is the exact size. mRE averages RE over all images and all classes. For human annotated
size targets v = (Uk)szl, the relative size errors are computed directly from the definition (T4).

When used, synthetic targets v = (vj,)/_, are generated by corrupting the exact targets ¢ = (93)5_,
v +— (1 +€)d, for e~ N(0,0) (15)
where € is white noise with standard deviation o controlling the level of corruption and operator +—
represents re-normalization ensuring corrupted targets (vk)f:1 add up to one. Equation defines
random variable vy, as a function of e. Thus, in this case, mRE can be analytically estimated from o
v — 0 2
mRE = E(‘“’“') ~ E(le) = /20 (16)
VE m
where E is the expectation operator. The approximation in the middle uses (I3) as an equality
ignoring re-normalization of the corrupted sizes, and the last equality is a closed-form expression for
the mean absolute deviation (MAD) of the Normal distribution A(0, 7).

Evaluation metrics for segmentation. We employ mean Intersection-over-Union (mloU) as the
evaluation criteria for PASCAL and COCO, and mean Dice similarity coefficient (DSC) for the
ACDC dataset. The quality on the PASCAL test set is assessed on the online evaluation server.

Implementation details. We evaluate our approach with two types of ResNet-based [4] and one vision
transformer (ViT) based [35] segmentation models on the PASCAL and COCO datasets. ResNet-
based models follow the implementation of DeepLabV3+ [18]] using the backbone of ResNet101
(R101) or the backbone of WideResNet-38 (WR38) [[1]. For brevity, we name them R101-based or
WR38-based DeepLabV3+ models. For the ViT-based network, We follow the implementation of
Segmenter [36], adopting its ViT-B/16 backbone and linear decoder. For experiments on the ACDC
datasets, we use MobileNetV2-based [37] DeepLabv3+ model. The R101, WR38, and MobileNetV2
backbones are ImageNet [38]] pre-trained. ViT-B/16 backbone is pre-trained on ImageNet-21K [39]
and fine-tuned on ImageNet-1k [38]. We directly evaluate our size-target approach on top of the
standard architectures without any modification.

Images are resized to 512 x 512 for PASCAL and COCO, and 256 x 256 for ACDC. We employ
color jittering and horizontal flipping for data augmentation. Segmentation models are trained with
stochastic gradient descent on one RTX A6000 GPU with 48 GB GDDR6: 60 epochs for PASCAL
and COCO, and 200 epochs for ACDC, with a polynomial learning rate scheduler (power of 0.9).
Batch sizes are set to 16 for ResNet and 20 for ViT models on PASCAL, 12 on ACDC, and 12
(ResNet) and 16 (ViT) for MS COCO. The initial learning rate is 0.005 for ACDC and PASCAL’s
ResNet models, and 0.0005 for PASCAL’s ViT models. The initial learning rate on COCO is 0.0005
for ResNet and 0.0001 for ViT models. Loss function (12)) is employed for size-target supervision.
Loss (I3) is only used for seed supervision in Sec.[3.3] The implementation of CRF loss (3) is the
same as [6]. We use 2e Y as the weight of the CRF term following the strategy in [6]. Size-target
loss (2) and pCE (@) are used for medical images.

3.2 Robustness to Size Errors

We show the size targets can be approximate. The left plot in Fig. @ illustrates the robustness of our
approach to size errors. Segmentation models are trained with synthetic size targets subjected to
varying levels of corruption, as defined in (I3)). The validation accuracy (solid red line) only drops
slightly when mRE (I6) remains below 16%. The CRF loss (3) further enhances the robustness
(solid blue line). When the relative error (mRE) is 4%, there is a noticeable increase in validation
accuracy. The downward trend of the training accuracy (dashed blue line) suggests that the observed
increases in validation accuracy at mRE = 4% stem from improved neural network generalization.

3.3 Enhancing seed-based segmentation with size targets

Our size-target approach can be integrated with partial ground truth mask supervision (seeds). The
right plot in Fig. f|demonstrates the results of seed-supervised semantic segmentation with and without
size-target supervision. Size targets significantly enhance performance, especially when the seed
lengths are short. Without size targets, segmentation performance degrades dramatically as the seed
length decreases. Notably, when only one pixel is labeled for each object (seed length ratio = 0.0),
size-target supervision boosts accuracy from 66.6% to 74%, approaching the performance of full
seed supervision (seed length ratio = 1.0).
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Figure 4: Segmentation results on the PASCAL dataset with R101-based DeeplabV3+ networks.
The green bar in both plots indicates the segmentation accuracy for full ground truth masks (i.e. full
supervision). The left plot shows the training and validation accuracy using approximate size targets.
The segmentation is trained using losses (2)) (red curve) or (12) (blue curve), where size targets are
subject to various levels of corruption (T3|[T6). The right plot shows validation accuracy for seed
supervision of varying lengths with (blue curve) and without (red curve) using size targets. The line
styles of the blue curves differentiate among various levels of corruption.
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Figure 5: Left plot shows the quality of human annotations in terms of relative errors for the dog, cat,
and bird classes within the PASCALI dataset. The histograms are normalized by the number of images
in each class. The mean relative error for the three classes is 15.9%. For comparison, the dashed line
shows the relative error distribution of synthetic size targets as defined in (T3) for ¢ = 20.0% which
aligns with the mRE of 15.9%, see (16). The right plot presents 4-way multi-class (cat, dog, bird,
and background) segmentation accuracy using human-annotated (red star at mRE = 15.9%) and
synthetic (blue curve) size targets, employing ResNet101-based DeeplabV3+ networks. Consistent
with experiments in Sec. [3.2] synthetic size targets are generated at various levels of corruption. The
green line indicates the segmentation accuracy of full supervision using ground truth masks.

3.4 Human-annotated size targets

Annotation tool. In this section, our approach is evaluated with size targets annotated by humans.
We annotated training images for a subset of PASCAL classes, including cat, dog, and bird. A
user interface with an assistance tool was developed to facilitate the annotation. The assistance tool
overlays grid lines partitioning the image into 5 x 4 small rectangles or 3 x 3 large rectangles. Users
can determine the size of a class in an image by counting rectangles (fractions allowed) or entering
the percentage relative to the image size. Annotators can choose finer or coarser partitioning for each
image depending on the object size. We evaluate relative errors with (I4) for human annotations.
Empirical evidence shows that annotators are approximately two times more accurate with the
assistance tool, especially for small objects in the image. The last two columns of Table [T]report the
annotation speed per image and mean relative error (T4) for each class. The left plot in Fig. [5|shows
the histograms of relative errors for human annotations. The histograms illustrate that annotated size
errors are mostly below 10%, but occasional large mistakes (heavy tails) raise the mean error.

Segmentation with human-annotated size. Segmentation models trained with human-annotated
size targets show robustness to human “heavy tail” errors. We compare the accuracy for human-
annotated and synthetic size targets in the right plot of Fig.[5] The accuracy for human-annotated
size (indicated by the red star in the plot) approaches 97.2% (89.6%/92.2%) of the full supervision
performance, demonstrating that size-target approach is significantly robust to human errors. Binary
segmentation accuracy for each class is reported in the shaded cells in Table [T} The performance of
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supervision | gt mask gtsize | human-annotated size

mloU  mloU | mloU speed mRE
cat 90.6% 88.8% | 88.0% 12.6s 12.3%
dog 88.1% 84.3% | 84.5% 9.1s 16.6%
bird 88.8% 86.2% | 86.4% 15.2s 20.1%

Table 1: Human-annotated size targets. Two columns on the right show the average speed and relative
error for each class we annotated. The shaded cells compare the accuracy of binary segmentation
models trained with ground truth masks, ground truth size, and human-annotated size.

binary segmentation models trained with human-annotated size targets is comparable to those trained
with precise size targets.

3.5 Comparison with the state-of-the-art methods

Our general training losses are applied to three standard architectures (R101-DeepLabV3+, WR38-
DeepLabV3+, and ViT-Linear) for semantic segmentation as is, without any modification. Our results
are highlighted in Table 2] The models are trained using synthetic size targets with an approximate
mean relative error (mRE) of 8%. We chose this corruption level because its performance is close
to human annotations, as shown in the right plot of Figure[5] Since our single-stage (end-to-end)
approach is completely general, it is possible to use it in specialized architectures or complex
training procedures. Likely, this would further improve the results, but this is not the focus of
our work. The rest of Table 2] shows the results for semantic segmentation methods (of different
complexities) for weak and full supervision. Methods are divided into multi-stage and single-stage
methods, grouped by their backbones. Typical single-stage methods improve their results using
complex architectural or training modifications such as additional training branches, extra refinement
modules, or specialized training strategies. However, we achieve state-of-the-art using only standard
segmentation architectures, commonly used in full supervision. The R101-based DeepLabV3+ model
trained with approximate size targets approaches 92% (71.9/78.2) of its full supervision performance
on PASCAL. The WR38-based DeepLabV3+ model trained with approximate size-target supervision
surpasses other methods employing the same backbone by approximately 10%. Using the standard
vision transformer architecture [36], the size-target approach achieves approximately 96% of the

Architectural/trainin .. PASCAL COCO
Backbone  Decoder modification & Supervision Val Test Val
Multi-stage methods
R101 DeepLabV3+ MARS [40] arxiv23 tags 77.7 77.2 49.4
R101 DeepLabV2 MatLabel [41] 1ccv-23 tags 73.0 72.7 45.6
WR38 LargeFOV MCT [42] cver22 tags 71.9 71.6 42.0
WR38 LargeFOV MCTOCR [43]] cver23 tags 72.7 72.0 42.5
SWIN DeepLabV2 ReCAM [44] cver22 tags 71.8 72.2 479
VIiT-S “Grad-clip” WeakTr [26] arxiv23 tags 78.4 79.0 50.3

Single-stage (end-to-end) methods

R101 DeeplabV3+ size (8%) 71.9 72.4 45.0

R101 DeeplabV3+ - full 78.2 78.2 60.4
WR38 DeepLabV3+ SSSS [2]] cver20 tags 62.7 64.3 -
WR38 Conv RRM [45]] aaar20 tags 62.6 62.9 -
WR38 DeeplabV3+ - size (8%) 72.7 72.6 -
ViT-B LargeFOV ToCo [28]] cver23 tags 71.1 72.2 42.3
ViT-B Conv SeCo [29] arxiv24 tags 74.0 73.8 46.7
ViT-B LargeFOV CoSA [30] arxiv24 tags 76.2 75.1 51.0
ViT-B Linear - size (8%) 78.1 78.2 56.3
ViT-B Linear - full 81.4 80.7 -

Table 2: Semantic segmentation results (mloU%) on PASCAL and COCOQO. The supervision column
indicates a form of supervision: image-level class tags, size targets (our highlighted results), or full
supervision with pixel-accurate masks. The percentage after “size” is the accuracy (mRE) of our
corrupted size targets (I5|[I6). Our approach does not require any complex architectural modification
or multi-stage training procedures needed for tag supervision, see “Modification” column.
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Figure 6: Size-targets (2)) vs. size-barriers on the ACDC dataset. The left plot shows the accuracy
of the binary segmentation models (MobileNetV2-based DeeplabV3+) measured by DSC. The blue
curve shows size-target accuracy with various levels of corruption. The dashed green line shows the
accuracy of the size-barrier technique [22]]. The dashed red line shows the accuracy using the mean
size target for all training images. The gray line indicates the result of full supervision. The right
image shows randomly selected qualitative results of size-barrier [22] and approximate size target
(mRE = 8%). Yellow shows true positive pixels, green is false positive, and red is false negatives.

full supervision performance on the Pascal dataset. Despite its simplicity, the size-target approach
outperforms other complex single-stage methods on both datasets.

3.6 Medical data: size-target vs. size-barrier

Our method is also promising for medical image segmentation, benefiting from the consistency in
object sizes across similar medical images, which healthcare professionals can easily estimate. We
compare our size-target approach with the thresholded size-barrier technique [22f], proposed for the
weakly supervised medical image semantic segmentation. The size-barrier loss enforces inequality
size constraints. Given the lower bound of each class, the thresholded size-barrier loss is

Liiat sq(S) = Z (max{ak — gk,O})Q, a7
k

where aj, is a lower bound of class k. We train binary segmentation models with a combination
of partial cross-entropy loss (@) and size constraint loss: size-target (2) or size-barrier (I7). Seeds
used in the experiments are obtained using the same method provided in [22]. The object and
background barrier, a,y; and ayg are set based on [22]]. In the size-barrier experiments, similarly to
[22]], we suppress the non-tag classes, using the loss Ly, (S) = (S’Obj )2. Conversely, size-target
loss automatically suppresses non-tag classes as discussed in Sec.[2] The left plot in Fig. [6] displays
the segmentation accuracy against different levels of size target corruption. Our size-target loss
consistently outperforms size-barrier loss, maintaining its superiority even when using highly noisy
size targets. The peak in the accuracy curve aligns with the experimental results in Sec. and
Sec.[3.4] The accuracy of the model trained using size targets with relative errors of 8% surpasses
the full supervision performance. Additionally, using a fixed average size target across all training
images can yield performance comparable to the size-barrier method, see the dashed red line in the
left plot of Fig.[6] The right image in Fig. [6|shows qualitative examples of both methods.

4 Conclusions

We proposed a new image-level supervision for semantic segmentation: size targets. Such targets
could be approximate. In fact, our results suggest that some errors can benefit generalization. The
size annotation by humans requires little extra effort compared to the standard image-level tags and it
is much cheaper than the full pixel-accurate ground truth masks. We proposed an effective size-target
loss based on forward KL divergence between the soft size targets and the average prediction. In
combination with the standard CRF-based regularization loss, our approximate size-target supervision
on standard segmentation architectures (DeepLab and ViT) achieves state-of-the-art performance.
Our general easy-to-understand approach outperforms significantly more complex weakly-supervised
techniques based on model modifications and multi-stage training procedures.
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Figure 7: Segmentation examples using size-target supervision (mRFE = 8%). Model backbones are
shown in the top-left corner of the predictions, see Table [2] for decoders.

A Appendix / supplemental material

A.1 Labeling costs and accuracies reported in Figure/l]

Labelling costs. Figure|l|in the paper shows labeling speed and accuracy for different forms of
supervision on PASCAL VOC. The table at the bottom of Figure [1| shows ballpark estimates of
average labeling time per image in the whole dataset. We use the data in [46], as well as Table[I]in
the paper, and aggregate all labeling speeds from “per class”, “per instance”, or “per point” to “per
image” using the average number of instances or classes in each image and the aggregation rules
formulated in [46], see their Section 4. The top-left corner in each picture shows the corresponding
estimated labeling times for the representative multi-instance image. All the labeling times are only
rough estimates, but they are intuitive. The relative costs for point supervision seem underestimated,
but they follow evaluation conventions detailed in [46]].

CLINNT3

Accuracies. The values of “point”, “size target” and “full supervision” accuracy (mIOU%) are based
on the experiments in the paper (Figure ). We follow the learning rate scheme in DeepLabV3+ [18]]
for the training with full supervision. For fairness, we compare these with end-to-end methods using
similar ResNet backbones in tag- [2] and box-supervision [3]]. Typical SOTA methods for tag and
box supervision use special architectural modifications, unlike our generic size-target loss, cannot be
seamlessly plugged into any segmentation model.

A.2 Qualitative results

Figure [/| presents the qualitative examples of our method on PASCAL (left) and COCO (right)
validation sets. Despite size targets providing only image-level information, segmentation models
can precisely identify object locations, eliminating the need for localization methods like CAM.

13



461

462

463
464

465

466
467

468

470
471
472
473
474
475
476
477

478

479

480

481
482
483
484
485

486

487
488
489
490
491
492
493
494
495
496
497
498
499
500

502

503
504
505
506
507
508
509
510
511
512

513

NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Contributions are included in the abstract and listed in Sec.[I.3]in the introduc-
tion.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer:

Justification: Although the limitations were not explicitly detailed in the paper, we mentioned
that only a subset of the PASCAL dataset was labeled due to resource constraints, see Sec.
To address this, we generated approximate synthetic size targets by corrupting the exact size
targets. This allowed us to evaluate our method on the entire PASCAL dataset, as well as on
COCO and ACDC datasets.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms

and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to

address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer:[NA]
Justification: The paper does not include theoretical results.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

» Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Our size-target loss function is discussed in the[2} The experimental settings
are discussed in the [3.]

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:
Justification: To preserve anonymity, the code will be released in the final version.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: The experimental setting is detailed in the Sec.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: Error bars are not reported because it would be too computationally expensive.
Our plots in Figure[d] 5] [6] are smooth enough to verify our method.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

16


https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy

620
621

622

623
624

625
626
627

628
629
630

631
632

633

634

636

637

638

639

640

641
642

643
644

645
646
647

648

649
650

651

652

653

654

655
656

657
658

659

660
661

662

663
664
665

666

667

668
669

8.

10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: The information on the computer resources is detailed in Sec.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: The research in the paper conforms with the code of ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: Our research on weakly-supervised semantic segmentation is a purely technical
advancement to improve image segmentation, with no direct societal impacts or associated
ethical concerns.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.
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11.

12.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: This paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The owners of assets used in this paper are credited and the license is mentioned
and respected.

Guidelines:

* The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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13.

14.

15.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing or research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing or research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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