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Abstract

Semantic segmentation is a popular task that has piqued the interest of many indus-
tries and research communities. However, acquiring segmentation labels is costly as it
often requires carefully annotating the boundaries of the objects of interest. This has trig-
gered research on weakly supervised methods with image-level labels that are less costly
to obtain. Existing methods leverage pseudo-labels produced from class activation maps
(CAM) generated with models pre-trained on ImageNet. Using CAMs introduces two
different challenges. First, ImageNet pre-training biases models to predict a single object
per image. Second, pseudo-labels are noisy. In this work, we address the first problem
by pre-training the backbone with multi-label iterated learning. In the literature, the sec-
ond problem is usually alleviated by introducing an additional consistency loss during
the backbone pre-training or as an additional CAM refinement step. Here, we propose
a generalization of Puzzle-CAMs consistency loss that supports multiple augmentations
and tiling resolutions, which helps to further reduce the noise in CAMs and improve the
final segmentation performance. The results show improved results in both PASCAL
VOC and COCO in the weakly supervised settings compared to existing methods.

1 Introduction
Semantic segmentation is a fundamental task for many computer vision applications, from
autonomous driving to medical imaging [10, 43]. To segment an image, a model must as-
sign a class label to each pixel. Thus, good performance depends on a high-level semantic
understanding of the image’s composition and contents, as well as fine-grained attention to
low-level pixel details. This is typically achieved by fine-tuning a large pre-trained image
model on pixel-level annotations [10, 18].
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Obtaining pixel-level annotations, however, can be significantly more expensive than
image-level labels. Namely, assigning a label to every pixel can be labor-intensive and time-
consuming. This has raised interest in using weaker forms of supervision such as image-level
annotations, scribbles, point annotations, or bounding boxes [41, 48, 51, 53]. The image-
level class label is the most accessible form of annotation since it already exists in large-scale
datasets like ImageNet [15]. Thus in this work, we focus on weakly supervised semantic
segmentation (WSSS) using only image-level class labels.

A particularly successful WSSS approach is to train a model for supervised image clas-
sification and produce pixel-level pseudo-labels with class activation maps (CAM) [56] and
then train a segmentation network on those pseudo-labels [1, 54]. Critically, the success
of WSSS relies on the accuracy of the pseudo annotations. However, one of the problems
with using pseudo-labels is that they tend to be noisy. This noise is usually alleviated with
post-processing steps like conditional random fields [9, 36] or inductive biases during train-
ing, such as a consistency loss [9]. Puzzle-CAM [31] is a recent example that obtained
state-of-the-art performance by leveraging both noise reduction methods. One of the main
contributions of Puzzle-CAM is a novel consistency loss that tiles the input in a grid to pro-
duce a CAM for each tile. Then it optimizes the consistency between the CAM resulting
from stitching back all the tiles and the CAM produced by the original untiled input.

In this work, we identify three different improvements to increase CAM-based WSSS
methods’ performance without increasing inference time. First, it is known that ImageNet
pre-trained backbones are biased toward predicting a single class per image [6]. Since se-
mantic segmentation datasets often contain many distinct objects, this bias could hinder final
performance. Thus, we pre-train the backbone with a modified version of multi-label iter-
ated learning (MILe) [46], an iterated learning procedure that allows ImageNet models to
produce multiple labels per image from single label annotations. Second, state-of-the-art
methods like Puzzle-CAM output a fixed number of tiles per input image. This constrains
the consistency loss to optimize the model for that particular number of tiles. We relax this
by randomizing the number of tiles at every iteration. Finally, we generalize the tiling oper-
ation to a larger set of transformations. The resulting method, Consistency-CAM achieves
68:2% mIoU on PASCAL VOC and 40:8% mIoU on COCO datasets.

Our contributions are: (i) We identify three different improvements for CAM-based
WSSS methods: multi-label relaxation, variable tile size, and consistency with random aug-
mentations. (ii) We show that each improvement individually increases mIoU on different
backbones. (iii) The resulting model, which we name Consistency-CAM, outperforms ex-
isting methods with the same level of supervision on the PASCAL VOC 2012 dataset and
demonstrate competitive performance on the COCO dataset.

2 Related Work
Our work lies at the intersection of weakly supervised, self-supervision and iterated learning.
Below we describe each of these topics and how existing methods relate to our algorithm.

Weakly Supervised Semantic Segmentation (WSSS) is a popular topic where the idea
is to vastly reduce the required annotation cost for acquiring a training set. According to
Bearman et al. [5], manually collecting image-level and point-level labels for the PASCAL
VOC dataset [18] took only 20:0 and 22:1 seconds per image, respectively. These annotation
methods are an order of magnitude faster than acquiring full segmentation labels, which is
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