
AI for Performance Engineering and 

Performance Engineering for AI

When AI meets Performance 

Engineering

Prof. Lizy K. John

Laboratory for Computer Architecture (LCA)

The University of Texas at Austin

ece.utexas.edu/~ljohn

lca.ece.utexas.edu



2 5/20/2025

Thanks to University of Texas that gave me the chance to have colleagues such as 2019 

Nobel winner, Prof. John Goodenough and 2023 Turing award winner Bob Metcalfe.

2023 Turing Award 

Winner

Bob Metcalfe

2019 Nobel Winner 

John Goodenough

2



3LCA research was supported in part by 
Semiconductor Research Corporation (SRC) Tasks 3015.001 and 3148.001, 

National Science Foundation (NSF) Grant #2326894, 
and NVIDIA Applied Research Accelerator Program Grant.





When AI meets Performance Engineering  

1. Performance Engineering for AI

2. AI for Performance Engineering



Performance Engineering for AI

What is the AI workload of today?

How do we do performance engineering for AI?



Artificial Intelligence

What is the AI workload of today?  

Machine Learning

Brain-Inspired

Spiking Neural

Networks

Deep

Learning

Slide Courtesy: Joel Emer and Vivienne Sze 



ImageNet: Image Classification Task

large error rate reduction 

due to Deep CNN

[Russakovsky et al., IJCV 2015]

Deep CNN-based designsHand-crafted feature-

based designs

Slide Courtesy: Joel Emer and Vivienne Sze 
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Convolutional Neural Networks
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Convolution Code – Nested Loops

11

for(n=0; n<N; n++) { // Input feature maps (IFMaps)    

  for(m=0; m<M; m++) { // Weight Filters

    for(c=0; c<C; c++) { // IFMap/Weight Channels      

      for(y=0; y<H; y++) {  // Input feature map row        

        for(x=0; x<H; x++) {  // Input feature map column

          for(j=0; j<R; j++) {  // Weight filter row 

            for(i=0; i<R; i++) {  // Weight filter column              

               O[n][m][x][y] += W[m][c][i][j] * I[n][c][y][x]}}}}}}}

7th (outermost) loop used during training



Performance Engineering for AI

But is Convolution the popular AI 

workload of today?

No. 

It is GenAI. 

It is ChatGPT and DeepSeek and ….. 



Tokens the LLM Input Building Blocks 

Enables handling diverse and complex text.

What

is

ICPE

?

ICPE

is

the

greatest

Conference



Transformers

• Tokenization

• Attention and MLP layers



Gen AI and Transformers

Attention is all you need



Gen AI and Transformers

What is the dominant operation in GenAI?



What is the dominant operation in GenAI?



Transformers are not only for LLMs

Vision Transformers (ViTs) occupy 

leaderboard position for Vision, Object 

Recognition/Classification Tasks.



Tokens the New Unit of Work 

Tokens/Second Valuebar

2 tokens/sec 100 tokens/sec



Power:    Watts & Battery Life Matter



Holistic View of Systems

Tokens/Second

Cost Battery



On What Benchmarks?

When you analyze LLMs



All Roads Lead to GEMM



But GEMMs are highly sensitive to 

Optimizations



GEMM using C 

void multiply_matrices(float A[N][N], float 

B[N][N], float C[N][N]) {

    for (int i = 0; i < N; i++) {

        for (int j = 0; j < N; j++) {

            C[i][j] = 0;

            for (int k = 0; k < N; k++) {

                C[i][j] += A[i][k] * B[k][j];

            }

        }

    }

}

● AMD EPYC 7742 64-

Core Processor

● Single thread

● gcc 11.4.0, -O1

● 478.89 s



C Loop –O3 on 64-core

void multiply_matrices(float A[N][N], float 

B[N][N], float C[N][N]) {

    for (int i = 0; i < N; i++) {

        for (int j = 0; j < N; j++) {

            C[i][j] = 0;

            for (int k = 0; k < N; k++) {

                C[i][j] += A[i][k] * B[k][j];

            }

        }

    }

}

● AMD EPYC 7742 64-

Core Processor

● Single thread

● gcc 11.4.0, -O3

● 262.83 s

● Speedup: 1.82x



Python with Numpy

A = np.random.rand(M, K)

B = np.random.rand(K, N)

# Perform GEMM

for i in range(iter):

    C = np.matmul(A, B)

● AMD EPYC 7742 64-

Core Processor

● Multi-thread

● 1000 iterations

● 276.97 ms per iteration

● Speedup: 1729x



Python with Torch

A = torch.randn(M, K).to(device)

B = torch.randn(K, N).to(device)

# Perform GEMM

for i in range(iter):

    C = torch.matmul(A, B)

● AMD EPYC 7742 64-

Core Processor

● Multi-thread

● 1000 iterations

● 49.79 ms per iteration

● Speedup: 9618x



Hardware Config Language/Library Latency (ms) Speedup

AMD EPYC Single 

Thread

C –O1 

C –O3

478890 

262830

1

1.82x

MultiThread Py (NumPy) 276.97 1729x

Py (Torch) 49.79 9618x



On GPU with CUDA 
template <int BLOCK_SIZE, typename T> __global__ void 
MatrixMulCUDA(T *C, T *A,
    T *B, int wA,
    int wB) {
  …

  T Csub = 0;

  for (int a = aBegin, b = bBegin;
       a <= aEnd;
       a += aStep, b += bStep) {
    __shared__ T As[BLOCK_SIZE][BLOCK_SIZE];
    __shared__ T Bs[BLOCK_SIZE][BLOCK_SIZE];

    As[ty][tx] = A[a + wA * ty + tx];
    Bs[ty][tx] = B[b + wB * ty + tx];

    __syncthreads();

#pragma unroll

    for (int k = 0; k < BLOCK_SIZE; ++k) {
      Csub += As[ty][k] * Bs[k][tx];
    }

    __syncthreads();
  }

  int c = wB * BLOCK_SIZE * by + BLOCK_SIZE * bx;
  C[c + wB * ty + tx] = Csub;
}

● Nvidia A100 GPU

● CUDA Core

● 1000 iterations with 

warm-up

● 23.82ms per iteration



On GPU - Python with Torch

A = torch.randn(M, K).to(device)

B = torch.randn(K, N).to(device)

# Perform GEMM

for i in range(iter):

    C = torch.matmul(A, B)

torch.cuda.synchronize()

● Nvidia A100 GPU

● FP32-> Cuda Core

● 1000 iterations with 

warm-up

● 10.94 ms per iteration



CUDA with CuBLAS on CUDA cores
for(int iter=0;iter<gnum_iter;iter++)

    {

        gpuErrchk(cublasGemmEx(handle,                       // handle to cuBLAS 

library context

                               matA_op,                      // CUBLAS_OP_N, 

CUBLAS_OP_T, CUBLAS_OP_C

                               matB_op,                      // CUBLAS_OP_N, 

CUBLAS_OP_T, CUBLAS_OP_C

                               gdim_M,                       // dimension M 

                               gdim_N,                       // dimension N

                               gdim_K,                       // dimension K

                               &alpha,                       // Scaling factor alpha where 

(alpha)x(AxB)

                               dev_matA,                     // Pointer to Matrix A on Device

                               mulDataType,                  // Data type of Matrix A

                               gdim_M,                        // Leading Dimension of Matrix A

                               dev_matB,                     // Pointer to Matrix B on Device

                               mulDataType,                  // Data Type of Matrix B

                               gdim_K,                        // Leading Dimension of Matrix B

                               &beta,                        // Scaling factor beta where (beta)xC

                               dev_matC,                     // Pointer to Matrix C on Device

                               accDataType,                  // Data Type of Matrix C

                               gdim_M,                        // Leading Dimension of Matrix C

                               computeType,                  // Computation Type

                               algoType                      // Computation Algorithm

        ));

    }

● Nvidia A100 GPU

● CUDA Core

● 1000 iterations with warm-

up

● 7.14ms per iteration

● Speedup: 3.34x



CUDA with Cutlass

#include <cutlass/cutlass.h>

#include <cutlass/gemm/device/gemm.h>

// Prepare launch arguments and extra device memory for matrix multiplication
    typename Gemm::Arguments arguments{problem_dim,  // <- problem size of 
matrix multiplication
                                       {dev_matA, gdim_K},  // <- reference to matrix A on 
device //MxK
                                       {dev_matB, gdim_K},  // <- reference to matrix B on 
device //KxN
                                       {dev_matC, gdim_M},  // <- reference to matrix C on 
device //MxN
                                       {dev_matC, gdim_M},  // <- reference to matrix D on 
device
                                       {alpha, beta}, // <- tuple of alpha and beta
                                       1};            // <- k-dimension split factor
    …

    // Instantiate CUTLASS kernel depending on templates
    Gemm gemm_op;
    …

    // Launch initialized CUTLASS kernel
    for(int iter=0;iter<gnum_iter;iter++)
    {
        gpuErrchk(gemm_op());
    }
    gpuErrchk(cudaDeviceSynchronize());

● Nvidia A100 GPU

● CUDA Core

● 1000 iterations with 

warm-up

● 5.28ms per iteration

● Speedup: 4.51x



Tensor Cores in GPUs

34

Dedicated unit for 
accelerating GEMM 



Python with Torch on TensorCores

A = torch.randn(M, K).to(device)

B = torch.randn(K, N).to(device)

# Perform GEMM

for i in range(iter):

    C = torch.matmul(A, B)

torch.cuda.synchronize()

● Nvidia A100 GPU

● FP16 -> Tensor Core

● 1000 iterations with 

warm-up

● 0.64 ms per iteration

● 36.85x Speedup 



CUDA with CuBLAS on TensorCores
for(int iter=0;iter<gnum_iter;iter++)

    {

        gpuErrchk(cublasGemmEx(handle,                       // handle to cuBLAS 

library context

                               matA_op,                      // CUBLAS_OP_N, CUBLAS_OP_T, 

CUBLAS_OP_C

                               matB_op,                      // CUBLAS_OP_N, CUBLAS_OP_T, 

CUBLAS_OP_C

                               gdim_M,                       // dimension M 

                               gdim_N,                       // dimension N

                               gdim_K,                       // dimension K

                               &alpha,                       // Scaling factor alpha where 

(alpha)x(AxB)

                               dev_matA,                     // Pointer to Matrix A on Device

                               mulDataType,                  // Data type of Matrix A

                               gdim_M,                        // Leading Dimension of Matrix A

                               dev_matB,                     // Pointer to Matrix B on Device

                               mulDataType,                  // Data Type of Matrix B

                               gdim_K,                        // Leading Dimension of Matrix B

                               &beta,                        // Scaling factor beta where (beta)xC

                               dev_matC,                     // Pointer to Matrix C on Device

                               accDataType,                  // Data Type of Matrix C

                               gdim_M,                        // Leading Dimension of Matrix C

                               computeType,                  // Computation Type

                               algoType                      // Computation Algorithm

        ));

    }

● Nvidia A100 GPU

● Tensor Core

● 1000 iterations with 

warm-up

● 0.58ms per iteration

● Speedup: 41.06x



CUDA with Cutlass on TensorCores
#include <cutlass/cutlass.h>

#include <cutlass/gemm/device/gemm.h>

// Prepare launch arguments and extra device memory for matrix multiplication
    typename Gemm::Arguments arguments{problem_dim,  // <- problem size of 
matrix multiplication
                                       {dev_matA, gdim_K},  // <- reference to matrix A on device 
//MxK
                                       {dev_matB, gdim_K},  // <- reference to matrix B on device 
//KxN
                                       {dev_matC, gdim_M},  // <- reference to matrix C on 
device //MxN
                                       {dev_matC, gdim_M},  // <- reference to matrix D on 
device
                                       {alpha, beta}, // <- tuple of alpha and beta
                                       1};            // <- k-dimension split factor
    …

    // Instantiate CUTLASS kernel depending on templates
    Gemm gemm_op;
    …

    // Launch initialized CUTLASS kernel
    for(int iter=0;iter<gnum_iter;iter++)
    {
        gpuErrchk(gemm_op());
    }
    gpuErrchk(cudaDeviceSynchronize());

● Nvidia A100 GPU

● Tensor Core

● 1000 iterations with 

warm-up

● 0.58ms per iteration

● Speedup: 41.06x



Hardware Config Language/Library Latency (ms) Speedup

AMD EPYC Single 

Thread

C –O1 

C –O3

478890 

262830

1

1.82x

MultiThread Py (NumPy) 276.97 1729x

Py (Torch) 49.79 9618x

NVIDIA A100 

GPU

CUDA Cores CUDA 23.82 20104 (1)

Py Torch 10.94 43774 (2.18)

CUDA CuBLAS 7.14 67071 (3.34)

Cutlass 5.28 90669 (4.51)

Tensor Cores Py Torch 0.64 740857 (36.85)

Cublas/Cutlass 0.58 825672 (41.06)

GEMM Performance Summary



Too sensitive

Performance Engineers need to be careful!



SPEC dropped matrix300 from SPEC 89



Is GEMM a reasonable Benchmark if 

ChatGPT is a Sequence of MatMuls?



SPEC dropped matrix300 from SPEC89 but 

MATMUL is the key computation in LLMs





Application Based AI Benchmarking

Kernel Benchmarking may not work

The Benchmark Question is Complicated



MLPerf and MLCommons



Range of 
Hardware



Developing Benchmarks for AI is Challenging



Diversity of Options Even for Tiny and Edge AI



MLPERF Benchmarks



Many models with different accuracy and sizes



Selection of Models for Benchmarking

Should we select least common denominator, 

current or cutting edge model?

Should we have models of different complexity?

Should we have models of different methods?



Allow reimplementation of models?

There are multiple competing ML frameworks.

Not all architectures support all frameworks.

Implementations still require some degree of tuning.

Temporary solution – allow to reimplement models.

 Require models are mathematically equivalent.

 



MLPERF



Metrics for AI Benchmarking

Quality Metrics 

 - Accuracy, BLEU score, Perplexity

Performance Metrics

Throughput  vs Time to Accuracy

Latency – Time to Inference

Energy/Inference



TTT: Time to Threshold

https://dawn.cs.stanford.edu/benchmark/papers/nips17-

dawnbench.pdf

Metrics: Time to Accuracy (TTA)

https://dawn.cs.stanford.edu/benchmark/papers/nips17-dawnbench.pdf
https://dawn.cs.stanford.edu/benchmark/papers/nips17-dawnbench.pdf
https://dawn.cs.stanford.edu/benchmark/papers/nips17-dawnbench.pdf


Metrics: Time to Accuracy (TTA)



https://arxiv.org/pdf/1911.02549.pdf

https://arxiv.org/pdf/1910.01500.pdf

1. Training Benchmark Suite

2. Inference Suite – 4 categories of inference

- Datacenter

- Edge

- Mobile

- Tiny

MLPerf Benchmarks

https://arxiv.org/pdf/1911.02549.pdf
https://arxiv.org/pdf/1910.01500.pdf


Area Benchmarks Dataset Quality Target Ref Model

Vision Image 

Classification

ImageNet 75.9 classific Resnet 50

1.82x

Vision Image 

Classification

KiTS19 0.908 mean 

DICE score

3D U-Net

Vision Object Detection Open 

Images

34,0 mAP RetinaNet

Vision Object Detection COCO 0.377 Box min 

AP/0.339 Mask 

Min AP

Mask R CNN

Language NLP Wikipedia 

2020/01/01

0.72 Mask LM 

accuracy

BERT Large

Commerce Recommendation 1 TB Clicks 0.8025 AUC DLRM

Research Reinf Learning Go 50% win rate MiniGo

Example Quality Metrics used in MLPerf 



Training 
Benchmarks 
2025



Inference 
Benchmarks 
2025



Application Based AI Benchmarking is 

complicated too!

Kernel Benchmarking may not work

The Benchmark Question is Complicated



Calibrate Claims you Hear

What Programming Language? 

What Libraries?

What Accuracy?

For what dataset? How is the training set/test set 

partitioning?

Is latency non-pipelined latency or inverse of 

throughput?



When AI meets Performance Engineering  

1. Performance Engineering for AI

2. AI for Performance Engineering



AI for Performance Engineering

Bottleneck Detection

AI models for Performance

AI models for Power/Energy

Capacity Planning in Data Centers



AI for Performance Engineering

Can AI help to identify performance 

bottlenecks?

Code Bloat  

It takes a million lines of code to open a 

garage door (IEEE Spectrum article April’24)



Code Bloat

IEEE Spectrum

April 2024





These days we often ship software as 

containers



AI for Performance Engineering

When you develop code, how do you know it 

is good? Can AI help?

Can you get feedback on performance based 

on AI?

This code will take 

XX for each output.

A faster option 

exists.



AI for Performance Engineering

AI to help when to run on GPU/CPU/TPU/ASIC 

Performance Prediction using Clustering and 

Near-neighbor techniques 



AI for Performance Tradeoff Evaluation



Machine Learning for Cross-

Platform Prediction  

Lizy K. John5/20/2025

Constrained LASSO 

Regression



Prediction at Fine-grain

5/20/2025



Power Prediction at Fine-grain

5/20/2025





When AI Meets Performance Engineering

Personally Speaking

The Performance Engineer inside me

Very dissatisfied with the inefficiency

Memory based neurons

Weightless Neural Networks

Compute-less LLMs



78

Weightless Neural Networks



When AI Meets Performance Engineering

Future is Bright

There is something in it for each of you

Whether you are Performance Engineer

Hardware Engineer 

Software Engineer

AI Model Developer



80

Laboratory for Computer Architecture (LCA)
The University of Texas at Austin

lca.ece.utexas.edu

Thank you

ICML 2024 

Paper &

github
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