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Task. Masked Image modelling(MIM) is notable self-

supervised learning method, deliberately masking images 

and training models to reconstruct the hidden information for 

robust feature representations.

Introduction

Motivation. The limitation of Masked autoencoder(MAE), 

one of the powerful MIM method, is its dependency on 

masking strategies.

Masked Implicit Neural Representations(MINR) framework 

effectively combines Implicit Neural Representations(INR) 

with MIM to address the limitations of MAE.

Contributions

• Leverages INR to learn a continuous function, less 

affected by variations of visible patches information.

Integrating INRs with MIM

• Alleviates the reliance on heavy pretrained model 

dependencies, with considerably reduced params.

Methodology

Results

• Learned continuous function provides greater flexibility 

in creating embeddings for various downstream tasks.
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• Estimate a continuous function 𝑓𝜃: ℝ
2 → ℝ3, which maps 

input coordinates to corresponding properties.
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To expand independent training to a large-scale out-of-

distribution(OOD) datasets, we utilizes INR approaches 

that utilize transformer-based hypernetwork.

• The hypernetwork predicts the entire set of INR weights 
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TransINR   -based approach

GINR   -based approach

• Generalized-INR partitions the MLP hidden layers into 

instance-specific 𝜃 and instance-agnostic layers 𝜙. It is 

empirically found to be effective in learning common and 

unique patterns across a dataset, making it ideal for 

OOD settings.
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• We employ three datasets for experiments, namely 

CelebA, Imagenette, and MIT-Indoor67. Notably, these 

datasets were selected due to their varied nature, for the 

evaluation of the robustness of our method across 

different data distributions.

In-domain performance

Out-of-domain performance

Qualitative results

For  a  fair  comparison, 

we visualize the results 

by  pasting unmasked 

patches  onto  the 

reconstruction results.
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Our approaches clarity 

enhanced  the 

reconstruction 

performance for all 

experiment settings.
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