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Overview

Objective: Unsupervised image segmentation, i.e. directly output segmentation maps without any 
supervision.

Why? To circumvent the expensive pixel-level annotation process.
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Overview
The proposed framework consists of two main components:

- Mutual information based loss function as a learning objective.

- An autoregressive model based on masked convolutions to construct difference views of the inputs.
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Autoregressive Generative Models

Likelihood-based models are capable of estimating              from samples                                       and allow
● Computing p(x) for arbitrary x. 
● Sampling x ~ p(x).

Objective: Estimate the true data distribution, i.e., represent the joint distributions over x  with 
function approximators parametrized by θ, and learn θ so that  

Main question: How to choose the right function approximators that are easy to train?

Autoregressive models:  Represent the joint distribution as a product of marginals.

Such a formulation yields an expressive model for p(x) with tractable likelihood computation.
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Autoregressive Generative Models

RNNs
MADE

Pixel CNN

Pixel SNAIL

Mathieu et al. 2015.

Van den Oord et al. 2016.

Chen et al. 2016
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Contrastive Learning & Mutual Information Maximization

Given two random variables v1 and v2 corresponding to two views of the input x, the objective is to 
learn a function to discriminate between p(v1, v2) and p(v1)p(v2). i,e., Maximizing the Mutual 
Information I(v1; v2).

Views v1 and v2 can be generated by:
- Data augmentation and cropping (MoCo [He et al.], SimCLR [Chen et al.], IIC [Ji 

et al.]).
- Image channels (CMC [Tian et al.])
- Spatial and temporal co-occurrences (CPC [Oord et al.], CPCv2 [Hénaff et al.]).
- The input and features at different scales (DeepInfoMax [Hjelm et al.])
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Autoregressive Unsupervised Image Segmentation 

Autoregressive Clustering (AC) Autoregressive Representation Learning (ARL)



Orderings as views

Masked 
convolution

The resulting receptive field grows progressively

Application of masked convolutionConventional raster-scan 
ordering
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The normal ordering applied in Pixel CNN is a raster-scan ordering. Such ordering can be obtained by applying a simple 
masking to the weights of the convolution layers



Orderings as views

All 8 possible raster-scan type orderings

Masked convolutions
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First, we start by increasing the number of possible orderings by using all 8 raster-scan type orderings. Such orderings 
could be obtained in a straightforward manner by simply masking the correct weights of the convolution layer.

However, we can further reduce the number of masked weights, for more stable training and a faster growing of the 
receptive field.



Orderings as views

Reducing the number of masked weights

Giving access to the current pixel Further reducing the number of masked weights by a simple shit
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To  further reduce the number of masked weights:
● We give access to the current pixel
● We apply a simple shift of the input with padding, we can avoid masking the first row of the weights without any 

change in the dependencies.



Orderings as views

Masked convolutions with the 
corresponding padding

Resulting receptive fields
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With four types of shifts and four types of masked convolutions, we can construct all of the 8 possible raster-scan type 
orderings. 

The resulting receptive fields are the same as in the normal masking, but with less masked weights and a faster growing 
receptive field.



Orderings as views

Blind spots

Attention
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One drawback of current version of masked convolutions is their limited expressiveness since they create blind spots in the 
receptive field. This restricted receptive field can be overcome using self-attention.

Each activation at given spatial location can directly fetch the 
relevant information from its dependencies



Orderings as views

Zigzag type orderings
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Using attention gives us another benefit, we can extend the set of possible orderings to include zigzag type orderings, by 
simply applying the correct attention masking.

Attention masks



Training procedure

2- Set the correct masking and padding for 

1- Sample two valid orderings

 - Compute the output corresponding to the first view

  - Compute the output corresponding to the second view

4- Compute the loss

5- Backpropagate and only update the unmasked weights, 
masked weights remain unchanged

3- Set the correct masking and padding for 
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Inference

Model

● h = id, a fully autoregressive network,
● gar = id, normal encoder-decoder network,
● h can be a simple conv-stem or a series of 

residual-blocks,
● gar consists of masked convolutions & optional 

attention blocks.
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During inference, we fallback to the normal convolution, where no masking or shifts are applied.

The model F can be implemented in an general manner using three subparts:



Results
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We report the accuracy obtained after conducting a one-to-one mapping.

Potsdam
COCO-Stuff dataset

Datasets: Potsdam with its two variants, with 6 and 3 classes, and COCO-Stuff, also with two variants.

3 classes

6 classes

3 classes

15 classes

sky, ground and plants

Roads and cars, vegetation 
and trees, buildings and 

clutter

Merging each of the pairs



Results

Attention & type of orderings

Number of oderings
Sampling of the oderings

Dropout
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Variations of the model



Results

Transformations

Overclustering

Autoregressive Clustering & Autoregressive Representation Learning
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Results

SOTA comparaison

Qualitative Results
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The proposed method also performs very competitively when compared to previous works, and capable of producing 
intricate segmentation.
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Thank you

Project page: https://yassouali.github.io/autoreg_seg/

https://yassouali.github.io/autoreg_seg/
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