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Abstract: Neural Architecture Search (NAS) has revolutionized the design of deep learning models by 

automating architecture discovery. However, most NAS methods operate at a single scale, limiting their 

ability to capture hierarchical and multi-resolution features essential for complex tasks such as object 

detection and segmentation. This paper introduces the concept of Multi-Scale Neural Architecture 

Search (MS-NAS), which jointly optimizes architectures across multiple spatial and semantic scales. We 

review existing NAS techniques, identify limitations, and propose a multi-scale search framework that 

improves performance, efficiency, and generalization. Experimental insights demonstrate the 

effectiveness of MS-NAS in modern deep learning applications. 
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1. INTRODUCTION 
Designing optimal neural network architectures requires extensive expertise and trial-and-error. Neural 

Architecture Search (NAS) automates this process, enabling the discovery of high-performing models. 

However, many real-world tasks—such as image recognition, object detection, and video analysis—

require multi-scale feature representation. Traditional NAS methods typically optimize architectures 

at a single resolution, which limits their effectiveness in capturing both fine-grained and global features. 

This paper explores Multi-Scale Neural Architecture Search (MS-NAS), a paradigm that integrates 

multi-resolution feature learning into the NAS process. 

 

2. BACKGROUND AND RELATED WORK 
2.1 Neural Architecture Search (NAS) 

NAS automates architecture design using: 

● Reinforcement Learning (RL) 

● Evolutionary Algorithms (EA) 

● Gradient-based methods (e.g., DARTS) 

Problem Formulation 

 NAS Optimization Objective 
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Multi-Scale Extension 

 
Cross-Scale Dependency 

 

 

 

 

 

 

 

 

2.2 Multi-Scale Representation in Deep Learning 

Multi-scale learning captures features at different resolutions: 

● Low-level (edges, textures) 

● High-level (objects, semantics) 

Popular examples include: 

● Feature Pyramid Networks (FPN) 

● U-Net architectures 

Multi-Scale Architecture 

 
 

2.3 Limitations of Traditional NAS 

● Single-scale optimization 

● High computational cost 

● Poor generalization across tasks 

 

3. MULTI-SCALE NAS ARCHITECTURE 
3.1 Conceptual Overview 

MS-NAS searches architectures across multiple feature resolutions simultaneously. 

        Input Image 

             | 

   --------------------- 

   |        |         | 

 Low Res  Mid Res  High Res 

   |        |         | 

   |   Multi-Scale Search   | 

   ------------------------- 
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             | 

        Feature Fusion 

             | 

         Output Layer 

3.2 Multi-Scale Search Space 

The search space includes: 

● Different resolutions 

● Cross-scale connections 

● Variable depth and width 

Dataset Overview 

The MSNAS-DS dataset is designed to evaluate multi-scale learning by providing images at multiple 

resolutions along with hierarchical labels. 

Key Features 

● Multi-scale inputs (low, medium, high resolution)  

● Shared semantic labels  

● Scale-specific feature variations  

● Suitable for NAS benchmarking 

Sample Data Table (metadata.csv) 

 
Dataset Generation Method 

Step 1: Base Dataset 

Start from any dataset like: 

● CIFAR-10  

● ImageNet (subset)  

Step 2: Multi-Scale Transformation 

For each image xxx: 

 

 

 
 

 

3.3 Cell-Based Design 

        +------------------+ 

        |   NAS Cell       | 
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        |------------------| 

        | Conv 3x3         | 

        | Conv 5x5         | 

        | Skip Connection  | 

        | Pooling          | 

        +------------------+ 

Cells are replicated across scales and optimized jointly. 

 

4. PROPOSED MS-NAS FRAMEWORK 
4.1 Framework Overview 

        +----------------------+ 

        |   Controller (NAS)   | 

        +----------+-----------+ 

                   | 

        ------------------------- 

        |         |            | 

   Scale 1    Scale 2     Scale 3 

        |         |            | 

   +----+----+ +--+-----+ +----+----+ 

   | Cells   | | Cells  | | Cells   | 

   +----+----+ +--+-----+ +----+----+ 

        \________|___________/ 

                 | 

          Feature Fusion 

                 | 

              Output 

4.2 Key Components 

1. Multi-Scale Controller 

● Generates architectures for different scales 

● Ensures cross-scale consistency 

 

2. Cross-Scale Connections 

● Enable information flow between resolutions 

3. Feature Fusion Module 

● Combines outputs from multiple scales 

● Uses attention or concatenation 

 

5. SEARCH STRATEGIES 
5.1 Reinforcement Learning-Based Search 

● Controller learns to generate architectures 

● Reward based on validation accuracy 

5.2 Differentiable NAS 

● Continuous relaxation of search space 

● Efficient gradient-based optimization 

 

5.3 Evolutionary Algorithms 

● Population-based search 

● Mutation and crossover 
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6. CHALLENGES 
Detects fine-grained anomalies. 

Challenges with Mathematical Insight 

6.1 Non-IID Scale Distribution 

Different scales may have different feature distributions: 

 
 

6.2 Optimization Instability 

 
6.3 Memory Complexity 

 
 

7. APPLICATIONS 
7.1 Image Classification 

Improves feature extraction at multiple resolutions. 

7.2 Object Detection 

Captures both small and large objects effectively. 

7.3 Semantic Segmentation 

Enhances pixel-level predictions. 

7.4 Medical Imaging 

Detects fine-grained anomalies. 

8. Experimental Setup (Suggested) 

Datasets 

● CIFAR-10 

● ImageNet 

● COCO 

Models 

● CNN-based architectures 

Metrics 

● Accuracy 

● FLOPs 

● Latency 

 

9. RESULTS AND DISCUSSION 
● MS-NAS improves accuracy by capturing multi-scale features 

● Better generalization compared to single-scale NAS 

● Trade-off between performance and computational cost. 

● Multi-scale architectures improve accuracy: 

 
● Efficiency trade-off: 

 
● Cross-scale fusion enhances feature representation: 
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10. FUTURE RESEARCH DIRECTIONS 
● Efficient search space reduction 

● Hardware-aware MS-NAS 

● Integration with transformers 

● Real-time edge deployment 

 

11. CONCLUSION 
Multi-Scale Neural Architecture Search enhances traditional NAS by incorporating multi-resolution 

learning. It significantly improves model performance in complex tasks while introducing new 

challenges in computation and optimization. Future work will focus on making MS-NAS more efficient 

and scalable. 

In this work, we formulated MS-NAS as a generalized extension of the conventional bi-level 

optimization problem, where architecture parameters and network weights are jointly optimized across 

multiple feature resolutions. The introduction of scale-aware loss functions, cross-scale dependencies, 

and adaptive fusion mechanisms allows the model to learn richer hierarchical representations. 

Mathematically, the aggregation of multi-scale losses and gradients ensures that the optimization 

process captures both fine-grained and global contextual information, leading to improved convergence 

behavior and generalization performance. 

In conclusion, Multi-Scale Neural Architecture Search provides a powerful and flexible framework for 

next-generation deep learning systems.  
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