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Going Back in Time

Document Layout Analysis (DLA)
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Self-Supervised Learning
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Coming back to the Present Day

Where DLA and Self-supervised Learning stand today?
The classical image processing techniques for DLA had long been lost.

Modern self-supervision is bringing the classical algorithms, like Felzenszwalb,
Normalized Cuts etc. back for guidance.

The current document pre-training techniques for DLA use multi-modal
approaches and large-scaled datasets.

What do we need?
A strategy to use the document images without annotations for DLA.

A data-e cient pre-training strategy with unlabelled document images to
alleviate the usual requirement of computational resources.
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Motivation behind SelfDocSeg

What's different from prior state-of-the-arts (SOTAs)?

No textual cue or layout cue from trained OCR. Only visual cues are enough to
capture global and local context.

Superior data efficiency
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Contributions

A novel vision-based self-supervised framework, specifically designed to pre-train
an image encoder for DLA task.

A pseudo physical layout guided strategy for self-supervision in the region of
interest localization for document segmentation.

A data-e cient pre-training strategy to learn multiple document object
representations simultaneously in the self-supervised setting
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Overall Algorithmic Overview of SelfDocSeg

First, an approximate layout mask m is generated.

The image encoder is pre-trained with the help of m as visual cues in a
non-weight-shared two-branch network similar to BYOL [28].

The encoder pre-training is done with two objectives - (a) localization and (b)
representation of layout objects.

Localization objective is optimized using a detection loss Lpe;.

Layout object representations are extracted by mask pooling operation on
encoded feature-maps for each object.

Representation objective is learnt via a similarity loss Lgjy,.
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Mask Generation

Grayscale Conversion:
CIE grayscale conversion on =
the document image X
Thresholding: ‘
Global thresholding with value G161
239 for 8-bit integer pixels

Grayscale
Inversion

Erosion:

5 5 rectangular kernel
Inversion:

pixel values subtracted from EER
255 to get the layout mask m
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Architecture
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Architecture Details

Online Branch Momentum Branch

The online branch has an encodEr, a The momentum branch has an encoder
projectorZ and a predictorQ . It is and a projectorZ . It is updated using an
updated using backpropagation. exponentially moving average (EMA).

Layout Objects for Mask Pooling
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Preliminaries

Mask Pooling

Mask pooling [35] is used for extracting layout object representation from encoded
feature maps. It is just an average pooling inside each contour masked. by

1
k) = — m[i;jIF L
y S, M
Weight Updates
Online Branch: optimizer (; r Liotal; )
Momentum Branch: +(1 )

Maity et al. SelfDocSeg ICDAR 2023 11/ 26



Learning to Localize Layout Objects
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Localization Pre-training Objective

The mask predictor modulé is used to predict the layout maskipregd.
Mpred translates to the pixel-level probability of a layout object being present.

We formulate this prediction objective as an imbalanced classi cation task and
use Focal Loss [43]pet for the same.

Detection Loss

X
L pet = W (m[i;j1(1 Mpregli;j1) logMpredli;j]
1] ! i

+(1 mfi;j)mpregli;j] 10g(1  Mpredli;j]))
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Learning to Recognize Layout Objects
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