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Tools: Julia

Benchmarking Hardware

Ritesh Bhirud (Author), Rabab Alomairy (Advisor)

CPU: AMD Ryzen 9 HX 370 (12 cores, 24 logical 
processors) 
GPU: NVIDIA RTX 5060 Ti 16GB / H200 NVL 140 GB/ 
AMD Radeon RX 7600
RAM : 64GB / 512 GB

Challenge: MoE models face prohibitive memory 
scaling for HPC deployment [1]. While SVD-based 
compression achieves effective model 
compression [2], it uses abstract factorization that 
obscures expert behavior and limits 
interpretability of compressed models [3]. 
Our Innovation: We present the first Julia-based 
MoE framework using CUR decomposition—
achieving comparable compression with 
interpretable experts, and portable multi-GPU 
execution across NVIDIA, AMD, Intel, and Apple.

• Moderate Compression (20–40%)
CUR-MoE and SVD-MoE perform equivalently (Original WikiText-2 
perplexity: 3.92 → ~8.66), ensuring safe efficiency gains for HPC-
scale models

• Extreme Compression (70%)
SVD-MoE was not tested at this compression ,while CUR-MoE 
remains functional (35.29 perplexity, ~9× degradation)

• HPC Scalability & Portability
MoE layers are embarrassingly parallel, inherently scalable across 
multi-GPU and mixed vendor clusters (NVIDIA, AMD, Intel, Apple) 
[1]. Julia’s LLVM based compilation enables seamless portability 
across architectures. 

• Interpretability Breakthrough
CUR-MoE leverages CUR's inherent interpretability properties 
through preserved column/row structure [3], enabling analysis of 
expert specialization patterns and routing behavior—critical for 
debugging and optimizing large-scale MoE deployments.Julia combines high-level syntax with C-level speed, 
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