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• Problem: Standard Residual Connection
• [Eq. 1]                                         
• [Eq. 2]

• Our Solution: Orthogonal Residual Update
• Update Only Orthogonal Part (New Representation)
• [Eq. 3] 

• Result & Achievement
• 3.78 pp Accuracy Gain ViT-B on ImageNet-1k

Overview & Achievement
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• Residual Connection
•

•

• [Fig. 1] Residual Connection, Pre-activation.

• No Gradient Vanishing, enabling much deeper networks

• Core Architecture of Deep Learning

Background
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• Potential Problem
• We can decompose           into two parts. 
• Recall [Eq. 2]
• Parallel component may introduce redundant representation.
• Orthogonal component can be considered as new 

representation.

Background
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• Decomposition
• Gram-Schmidt Process

• For 

• [Eq. 4]                                       ,

• [Eq. 5]                           ,

•            is inner product. 

Orthogonal Residual Updates
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• Numerical Stability
• For Preventing Zero Division, We adjust denominator.

• d

• d

•   is stability constant. We use             .

Orthogonal Residual Updates
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• Formulations
• [Eq. 6]

• Recall [Eq. 2]

• [Eq. 7]

• [Eq. 8]

• Since    exists,                      . It is negligible.

Orthogonal Residual Updates
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• What dimension to be orthogonal.
• Feature channel only.

•                             , 
- Apply orthogonalization independently to each feature vector.

• Global, except batch dimension.

•                                ,

-  Apply global orthogonalization to the entire feature map.

Orthogonal Residual Updates
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• Update Rule Comparison

• Linear Residual Update (ResNet-V2)

• [Eq. 1]

• Orthogonal Residual Update (Ours)

• [Eq. 3]

Orthogonal Residual Updates
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• Image Classification: ViT-B, ImageNet-1K

Experiments & Results

Converges faster. Improves accuracy. Minimal overhead
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• Image Classification: ViT, ResNet-V2

Experiments & Results

Substantial gains on ViT
● ViT, with weaker inductive biases, 

benefits more from our method's 
structural prior.

Modest gains on ResNet-V2
● ResNet's convolutional kernels are 

already a powerful inductive bias, 
resulting in smaller relative 
improvements.

Linear: Standard Residual Connection (pre-act)
Orthogonal-F: Feature-wise Orthogonalization
Orthogonal-G: Global Orthogonalization
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• Image Classification: ViT-S, CIFAR-10/100.

Experiments & Results

● Stable Results
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• Adapting Connection Type

Experiments & Results
ViT-S, 22M params. 5 runs.

Continuous Training Setup:
● Train 150 epochs with Start Arch.
● Switch connection type → Continue 

150 epochs with End Arch.
● Optimizer state is maintained 

throughout (no reset).

Key Finding:
● Starting with the Orthogonal update 

is crucial
Interpretation:

● Robust initial representations
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• Orthogonal Connection Probability

Experiments & Results

Performance Scales with Application Probability
● Strong positive correlation observed between application probability (π) and 

accuracy.
● Suggests a fundamental improvement, not just a stochastic regularization effect.
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• Stability Constant

Experiments & Results

Validating the Stability Constant (ϵ)
● Ensures numerical stability during orthogonal projection.
● Performance is robust across a wide range, with                 selected as default.
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🚀 Converges faster and more stably.
- Enhanced Stability & Faster Convergence: Provides a stable learning 

dynamic, reaching higher accuracy in less time.

🎯 Improves accuracy across ResNets/ViTs.
- Broad Applicability & Performance Gains: Demonstrates consistent 

improvements across diverse architectures like CNNs and Transformers.

⚡ One-line Gram–Schmidt, negligible cost.
- High Efficiency: Implemented as a simple Gram-Schmidt step with negligible 

computational overhead.

Contribution Summary
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• Quantitative Representation Analysis
• Effective Rank, CKA Similarity, … Representational Metric. 

• Practical Efficiency Analysis
• Measuring Practical Throughput.

• Robustness to Hyperparameters
• LR Sweep

• Expanding Discussion and Future Work
• Exploring Hybrid Updates (e.g., learnable balancing)

Thesis Completion Plan



Thank You!
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