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Vision Transformers (ViTs):

Provide strong representation power via self-attention 

But: 

Require large-scale data 

Are prone to overfitting 

Are inherently dense architectures 

Therefore, effective regularization is essential

Problem Motivation

Introduction



01

(1) Dropout-based methods (Gal and Ghahramani [2016])

Randomly deactivate neurons 

Limitations:

Unstructured sparsity 

Not data-adaptive (fixed behavior) 

(2) Bayesian sparsification (Graves [2011], Titsias and L´azaroGredilla [2014])

Uses priors like spike-and-slab 

Limitations:

Fixed sparsity structure 

Limited flexibility 

Existing Methods and Limitations

Introduction
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(1) Variational Ising-based Regularization

Performs structured pruning and model selection simultaneously 

Learns the model structure rather than simply removing weights 

(2) Uncertainty in Attention

Extends uncertainty quantification to attention mechanisms 

Enables uncertainty-aware feature selection and improved interpretability 

(3) Computational Efficiency

Linear complexity in the number of parameters 

Easily integrates into standard transformer training pipelines

Key Contributes

Introduction
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(1)Dataset
𝐷 = { 𝑦!, 𝑋! }!"#$

𝑦!: binary label 

𝑋!: input image 

(2)Model Definition
𝑃 𝑦! = 1 𝑋,𝑊, 𝜉 = 𝑓%,',( 𝑋

(3)Components

-𝑊: All model parameters 

- 𝜉 (key component): Binary dropout mask applied to weights 

- 𝜉)* = 0: weight removed, 𝜉)*= 1: weight retained

Model Definition

Methods
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(1) Bayesian Setup

𝑊 ∼ 𝑝 𝑊

- Standard: Gaussian prior 

- Spike-and-slab: sharp spike + wide slab

𝑝 𝑊 = 𝜋𝒩 𝑊;0, 𝜎#+ + 1 − 𝜋 𝒩 𝑊;0, 𝜎++ , 𝜎#+ ≪ 𝜎++

- Limitation: fixed mixture 

(2) Proposed Prior

𝑝 𝑊 𝜉 =8
*,*!

𝜉*,*!𝒩 𝑊*,*!; 0, 𝜎#+ + 1 − 𝜉*,*! 𝒩 𝑊*,*!; 0, 𝜎++

Variational Bayes for Weights

Methods
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(3) Target Posterior
𝑝 𝑊, 𝜉 𝑋, 𝑦

- Intractable

(4) Variational Inference
𝑞 𝑊, 𝜉 ≈ 𝑝 𝑊, 𝜉 𝑋, 𝑦

(5) Objective

- To minimize KL Divergence

L = −<
!"#

$

log 𝑝 𝑦! 𝑋!,𝑊, 𝜉 + KL 𝑞 𝑊 𝜉 | 𝑝 𝑊 𝜉 + KL 𝑞 𝜉 | 𝑝 𝜉

Variational Bayes for Weights

Methods
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(6) Monte Carlo Sampling

- sample W, 𝜉

𝑚𝑖𝑛 −<
!

log 𝑝 𝑦! 𝑋!,W, 𝜉 + KL 𝑞 𝑊 𝜉  𝑝 𝑊 𝜉 + KL 𝑞 𝜉  𝑝 𝜉

- cross entropy + KL regularization

(7) Variational Design

𝑞, 𝑊 𝜉 =8
*,*!

𝜉*,*!𝒩 𝑊;𝑚*,*! , 𝜎+ + 1 − 𝜉*,*! 𝒩 𝑊;0, 𝜎+

- Mask ξ: depends on likelihood difference

Variational Bayes for Weights

Methods
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(8) Ising-style Update of 𝜉

- We update the binary mask variable 𝜉 using a likelihood-guided variational formulation:

𝑞 𝜉*!,*
- = 1 = 1 + 𝑒𝑥𝑝 −

1
2

<
*!!
𝑤*!!,*!
+ 𝔼 𝜉*!!,*!

-.#

<
*!!
𝑤*!!,*!
+

− 𝐿*. − 𝐿*/

/#

- This update resembles an Ising model: 

- Neighboring variables 𝜉 are not independent 

- Encourages structured sparsity 

- Adjacent connections tend to be activated or deactivated together

Variational Bayes for Weights

Methods
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(9) Likelihood Difference Term

𝐿*. = <
!"#

$

log 𝑝 𝑦! 𝑋!,𝑊, 𝜉*!,* = 1

𝐿*/ = <
!"#

$

log 𝑝 𝑦! 𝑋!,𝑊, 𝜉*!,* = 0

-	𝐿*. − 𝐿*/ measures the impact of removing a weight on the predictive likelihood 

- quantifies how much the likelihood decreases if the weight is removed

Variational Bayes for Weights

Methods
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(10) Computational Challenge

- Exact computation requires: Forward pass for each configuration of 𝜉,	Complexity: 𝑂 2∣(∣

- Intractable

(11) Second-order Taylor Approximation (Similar to Laplace Approximation)

- To avoid exhaustive computation, we approximate:

𝐿*. − 𝐿*/ ≈
𝜕+𝐿 𝑞
𝜕𝑤*!,*

+

or equivalently,

𝐿*. − 𝐿*/ ≈
𝜕+𝐿 𝑞
𝜕𝑎*!

+ 𝑥*+

Variational Bayes for Weights

Methods
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Flow Chart

Methods
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Algorithm

Algorithm
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Propositions

Properties
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Setup

Experiments

(1) Models

- Ising-ViT (proposed) 

- Bayesian ViT (fixed dropout) 

- Bayesian ViT (fixed dropconnect) 

(2) Datasets

- MNIST , FashionMNIST, CIFAR-10, CIFAR-100 

(3) Settings

- 3 training sizes 

(4) Metrics

- Accuracy, Recall, Precision, FPR, F1 
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Results

Experiments

(1) Performance

- Dropconnect performs well in small data 

- Ising excels in complex + low data settings 

(2) Uncertainty - Dropout → overconfident 

- Dropconnect → moderate 

- Ising → best calibrated 
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Conclusion

Conclusion

(1) Key mechanism

- Learns dropout probabilities from data 

- No manual tuning 

- Produces posterior over weights, network structure 

(2)Results

- Comparable accuracy 

- Better: 

- entropy structure 

- calibration
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Limitation and Future Work

Conclusion

(3) Limitation

- Conservative predictions (underconfidence) 

(4) Future work

- Improve priors (lower prior weight)

- Better balance confidence & calibration
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Application to My Research

Conclusion

Apply to Diffusion Transformer
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