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Abstract: Matrix multiplication is a fundamental operation in linear algebra libraries, serving as
the computational backbone for scientific computing, machine learning, and data analytics
applications. This paper presents a comprehensive analysis of optimization techniques for General
Matrix Multiply (GEMM) operations on modern CPU architectures. We examine six core
optimization strategies: loop unrolling, vectorization using SIMD instructions, cache blocking,
matrix packing, hardware-specific acceleration (including Intel AMX and IBM Powerl0 MMA),
and prefix caching. Additionally, we discuss specialized optimizations for matrix-vector
multiplication (GEMV) when matrix dimensions reduce to vectors. Our experimental results
demonstrate performance improvements ranging from 2x to 24x over naive implementations,
achieving 73-78% of theoretical peak performance across IBM Power architectures. The paper
provides detailed implementation examples, particularly highlighting IBM Powerl0 Matrix-
Multiply Assist (MMA) instructions based on OpenBLAS implementations.
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1. Introduction
Matrix multiplication operations, particularly the General Matrix Multiply (GEMM) computing C =
aAB + BC, represent one of the most computationally intensive operations in modern computing
systems. These operations dominate the runtime of applications spanning scientific simulations,
deep learning frameworks, computer vision, and numerical analysis. The performance of GEMM
implementations directly impacts the efficiency of higher-level algorithms, making optimization of
these kernels a critical concern for high-performance computing.
Modern CPUs provide various architectural features designed to accelerate such operations,
including SIMD (Single Instruction Multiple Data) units, multi-level cache hierarchies, and
dedicated matrix acceleration units. However, effectively leveraging these features requires
sophisticated optimization techniques.
This paper systematically examines optimization techniques for CPU-based matrix multiplication,
with particular emphasis on recent hardware innovations such as Intel's Advanced Matrix
Extensions (AMX) and IBM Power10's Matrix-Multiply Assist (MMA) instructions. Our work draws
upon production implementations from the OpenBLAS library, particularly the Power10 SGEMM
kernel, to demonstrate real-world optimization strategies.
1.1 Performance Metrics and Evaluation Criteria
We evaluate optimization techniques using the following metrics: (1) FLOPS (Floating Point
Operations Per Second) measuring computational throughput using standard open source
benchmarks as part of OpenBLAS github repository.

2. Fundamental Optimization Techniques

2.1 Loop Unrolling

Loop unrolling reduces loop control overhead and exposes instruction-level parallelism by
processing multiple iterations within a single loop iteration. This technique enables better
instruction scheduling by the CPU and reduces branch misprediction penalties. Typical unroll
factors of 4-8 match modern CPU pipeline depths, yielding speedups of 1.5x to 2.5x. However,

excessive unrolling increases code size and may negatively impact instruction cache performance.
void unrolled matmul (float *A, float *B, float *C, int M, int N, int K) {
for (int i = 0; i < M; i++) {
for (int j = 0; j < N; J++) {
float sumO0O = 0.0f, suml = 0.0f, sum2 = 0.0f, sum3 = 0.0f;

int k;

for (k = 0; k < K - 3; k += 4) {
sum0 += A[i*K + k + 0] * B[(k+0)*N + j];
suml += A[1i*K + k + 1] * B[ (k+1)*N + 7J];
sum2 += A[i*K + k + 2] * B[ (k+2)*N + j1;
sum3 += A[1*K + k + 3] * B[ (k+3)*N + J];

}
for (; k < K; kt+) sumO += A[i*K + k] * B[k*N + J];
C[i*N + j] = sumO + suml + sum2 + sum3;
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2.2 Vectorization with SIMD Instructions

Modern CPUs provide SIMD capabilities that process multiple data elements simultaneously. Intel's
AVX2 instructions operate on 256-bit vectors (8 single-precision floats), while AVX-512 doubles
this to 512 bits (16 floats). ARM processors offer NEON and the newer Scalable Vector Extension
(SVE), while IBM Power systems provide VSX (Vector Scalar Extension). Effective vectorization
requires careful data layout to ensure contiguous memory access patterns. Fused Multiply-Add
(FMA) instructions, which compute axb+c in a single operation, effectively double computational
throughput. Real-world vectorization typically achieves 4x to 8x speedups, with the gap from
theoretical maximum attributed to memory bandwidth limitations.

#include <altivec.h>
void power vsx matmul (float *A, float *B, float *C, int M, int N, int K) {
for (int 1 = 0; 1 < M; i++) {
for (int j = 0; j < N; J += 4) {
vector float sum = {0.0f, 0.0f, 0.0f, 0.0f};
for (int k = 0; k < K; k++) {
// Broadcast A[i,k] to all elements
vector float a = vec splats(A[i*K + k]);
// Load 4 elements from B
vector float b = vec x1(0, &B[k*N + j]);
// FMA: sum = a*b + sum
sum = vec madd(a, b, sum);
}

vec xst(sum, 0, &C[i*N + j]);

3. Advanced Optimization Strategies

3.1 Matrix Packing and Data Layout Optimization

Matrix packing reorganizes data to optimize memory access patterns and enable efficient
vectorization. This technique transforms matrices into panel-major layouts where data accessed
together is stored contiguously. Packing eliminates strided memory accesses, reduces Translation
Lookaside Buffer (TLB) misses, and enables hardware prefetchers to work effectively. While
packing incurs a one-time overhead, this cost is amortized over the computation, particularly for
large matrices (>100x100) or when the same matrix participates in multiple operations. Combined
with other techniques, packing provides 1.5x to 3x additional speedup.

3.2 Hardware-Specific Acceleration

Recent CPU generations introduce dedicated matrix multiplication accelerators. IBM Power10's
Matrix-Multiply Assist (MMA) instructions compute 4x4 outer products using 512-bit
accumulators, optimized for smaller block sizes. The Powerl0 MMA implementation from
OpenBLAS demonstrates sophisticated use of these instructions. The xvf32ger instruction
computes a 4x4 outer product in a single operation, while xvf32gerpp accumulates results into
existing accumulators. This design enables efficient processing of 8x4 and 4x8 micro-kernels. The
implementation handles edge cases through specialized kernels for smaller dimensions (2x4, 4x2,
etc.), ensuring optimal performance across all matrix shapes.
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#include <altivec.h>
typedef  vector unsigned char vec t;
typedef float vdsf t  attribute  ((vector_size (16)));

void powerlO matmul 8x4 (float *A, float *B, float *C,
int K, float alpha, int 1ldc) {
~_vector quad acc0, accl;
vdsf t result[4];
vec t *rowA = (vec t *)&A[0];
vec_t *rowB = (vec_t *)&B[O0];

// Initialize with outer product
__builtin mma xvf32ger(&acc0O, rowB[O0], rowA[O0]);
~ builtin mma xvf32ger (&accl, rowB[0], rowA[l])

7

// Accumulate over K

for (int k = 1; k < K; k++) {
rowA = (vec_t *)&A[k * 8];
rowB = (vec t *)&B[k * 4];
__builtin mma xvf32gerpp(&accO, rowB[0], rowA[0]);
~ builtin mma xvf32gerpp (&accl, rowB[0], rowA[l])

’

}

// Store results
__builtin mma disassemble acc((void *)result, &accO);
for (int i = 0; 1 < 4; i++) {
vdsf t *rowC = (v4sf t *)&C[i * 1ldc];
rowC[0] = result[i] * alpha;
}
3.3 Cache prefetching:
Cache prefetching is a critical technique that hides memory latency by loading data into cache
before it is actually needed. Modern CPUs provide both hardware prefetchers (automatic) and
software prefetch instructions (explicit). For matrix multiplication, strategic prefetching can reduce
cache miss penalties by 30-50%, particularly for large matrices where data access patterns exceed
cache capacity.
Hardware prefetchers detect sequential and strided access patterns automatically. However, the
complex access patterns in matrix multiplication often require explicit software prefetching. The
key is to prefetch data several iterations ahead (typically 8-16 cache lines) to allow sufficient time
for the data to arrive from memory. Prefetching too early wastes cache space, while prefetching too
late provides no benefit.

4. Special Cases and Integration

4.1 Matrix-Vector Multiplication (GEMV)

When one matrix dimension equals 1 (row or column vector), specialized GEMV routines
significantly outperform general GEMM implementations. GEMV operations are memory
bandwidth-bound rather than compute-bound, requiring different optimization strategies.
Vectorization remains critical, but the focus shifts to maximizing memory throughput. OpenMP
parallelization proves effective for large matrices. Automatic detection and dispatch to GEMV
kernels when N=1, M=1, or K=1 provides 5-10x speedup over using general GEMM for vector
operations.
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4.2 Production Implementation Strategy

A production-ready implementation requires careful integration of all optimization techniques with
runtime hardware detection and automatic kernel selection. The system should: (1) detect special
cases (GEMV, small matrices) and dispatch to specialized kernels, (2) select optimal kernels based
on available hardware features (AMX, MMA, SVE), (3) apply appropriate blocking strategies based
on cache sizes, and (4) handle edge cases efficiently. This multi-layered approach ensures optimal
performance across diverse workloads and hardware platforms.

4.3 Experimental Results

The Power10 MMA instructions proved particularly effective for the gemm micro-kernels used in
the OpenBLAS implementation, providing significant improvement over software-only
optimizations.

5. Conclusions and Future Work
This paper presented a comprehensive analysis of optimization techniques for CPU-based matrix
multiplication kernels. Our results demonstrate that systematic application of loop unrolling,
vectorization, cache blocking, matrix packing, hardware-specific acceleration, and cache prefetching
can achieve 73-78% of theoretical peak performance across modern CPU architectures.
The OpenBLAS implementation demonstrates effective use of these instructions through careful
micro-kernel design and edge case handling.
Future research directions include: GPU offloading for very large matrices, mixed-precision
computation (FP16/BF16), sparse matrix optimizations, auto-tuning frameworks for diverse
hardware platforms, and integration strategies with existing BLAS libraries. As CPU architectures
continue to evolve with new matrix acceleration features, ongoing optimization research remains
essential for maintaining high-performance computing capabilities.
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