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Introduction

Specialized High-Performance Accelerators Evolving Processor Architectures

TPUs / ASICs

An in-depth look at Google's first Tensor 
Processing Unit (TPU) | Google  Cloud 
Blog

cloud.google.com

GPUs

nvidia.com

NVIDIA A100 | NVIDIA

AMD Instinct™ Accelerators

amd.com

FPGAs

Versal HBM Series

amd.com

Advanced Vector Extensions (AVX)
Advanced Matrix Extensions (AMX)
ARM Neon
ARM Scalable Vector Extension (SVE)
ARM Scalable Matrix Extension (SME)
AMD Matrix Cores
NVIDIA Tensor Cores
Apple Matrix Coprocessor
RISC-V Stream Semantic Registers (SSR) [1]
RISC-V Floating-Point Repetition (FREP) [1]

[1] F. Zaruba, F. Schuiki, T. Hoefler and L. Benini, "Snitch: A Tiny Pseudo Dual-Issue Processor for Area and Energy Efficient 
Execution of Floating-Point Intensive Workloads," in IEEE Transactions on Computers

https://cloud.google.com/blog/products/ai-machine-learning/an-in-depth-look-at-googles-first-tensor-processing-unit-tpu
https://www.nvidia.com/en-us/data-center/a100/
https://www.amd.com/en/products/accelerators/instinct.html
https://www.amd.com/en/products/adaptive-socs-and-fpgas/versal/hbm-series.html
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GPUs

nvidia.com
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Advanced Matrix Extensions (AMX)
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AMD Matrix Cores
NVIDIA Tensor Cores
Apple Matrix Coprocessor
RISC-V Stream Semantic Registers (SSR) [1]
RISC-V Floating-Point Repetition (FREP) [1]

[1] F. Zaruba, F. Schuiki, T. Hoefler and L. Benini, "Snitch: A Tiny Pseudo Dual-Issue Processor for Area and Energy Efficient 
Execution of Floating-Point Intensive Workloads," in IEEE Transactions on Computers

Fully utilizing the peak performance is increasingly difficult

https://cloud.google.com/blog/products/ai-machine-learning/an-in-depth-look-at-googles-first-tensor-processing-unit-tpu
https://www.nvidia.com/en-us/data-center/a100/
https://www.amd.com/en/products/accelerators/instinct.html
https://www.amd.com/en/products/adaptive-socs-and-fpgas/versal/hbm-series.html
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Introduction

Automatic optimization fails to match 
hand-tuned performance

Manual optimization is expensivePerfDojo
abstract code-transformation environment for hardware-specific optimizations

PerfLLM
automatic optimization methodology, optimizing code without prior architecture knowledge
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PerfDojo: Manual vs. PerfDojo’s transformation-centric optimization workflows

The transformation-centric workflow enforces semantic preservation by 
construction
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PerfDojo: Overview of the PerfLLM training pipeline
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PerfDojo: Representation

B N m[{0}]  max= s[{0},{1}]
| N x[{0},{1}] = s[{0},{1}] - m[{0}]
| | e[{0},{1}] = exp( x[{0},{1}] )
| | a[{0}]    += e[{0},{1}]
B   i[{0}]     = 1 / a[{0}]
| N d[{0},{1}] = e[{0},{1}] * i[{0}]

for (b=0;b<B;b++) { 
  m[b] = -DBL_MAX; for (n=0;n<N;n++) { m[b] = max(m[b],s[b*N+n]); }
  a[b] = 0;        for (n=0;n<N;n++) { x[b*N+n] = s[b*N+n]-m[b];
                                       e[b*N+n] = exp(x[b*N+n]);
                                       a[b]    += e[b*N+n];      }}
for (b=0;b<B;b++) {                    i[b]     = 1 / a[b];
                   for (n=0;n<N;n++) { d[b*N+n] = e[b*N+n]*i[b]; }}

𝑚𝑏  = max𝑛 𝑠𝑏,𝑛

𝑥𝑏,𝑛 = 𝑠𝑏,𝑛 − 𝑚𝑏  

𝑒𝑏,𝑛  = exp 𝑥𝑏,𝑛

𝑎𝑏  = sum𝑛 𝑒𝑏,𝑛

𝑖𝑏  = 1/𝑎𝑏

𝑑𝑏,𝑛 = 𝑒𝑏,𝑛𝑖𝑏  

𝑏 ∈ {1. . 𝐵}
𝑛 ∈ {1. . 𝑁}

B

B

N

N

N

Output Operation Inputs

Scope

m[{0}]

x[{0},{1}]

e[{0},{1}]

a[{0}]

i[{0}]

max=

-

exp

+=

/

*

s[{0},{1}]

s[{0},{1}]

x[{0},{1}]

e[{0},{1}]

1

e[{0},{1}]

m[{0}]

a[{0}]

i[{0}]d[{0},{1}]

Iteration index

Softmax kernel:
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PerfDojo: Transformations

Declarations:
  x f32 [4, 6] heap
  t f32 [4:N, 6] heap
  y f32 [4, 6] heap
Code:
4 6 t[{0},{1}] = x[{0},{1}]
4 6 y[{0},{1}] = t[{0},{1}]

Incorrect

Declarations:
  x f32 [4, 6] heap
  t f32 [4, 6] heap
  y f32 [4, 6] heap
Code:
4 6 t[{0},{1}] = x[{0},{1}]
4 6 y[{0},{1}] = t[{0},{1}]

Initial Declarations:
  x f32 [4, 6] heap
  t f32 [4, 6] heap
  y f32 [4, 6] heap
Code:
4 6 t[{0},{1}] = x[{0},{1}]
| 6 y[{0},{1}] = t[{0},{1}]

Correct Declarations:
  x f32 [4, 6] heap
  t f32 [4:N, 6] heap
  y f32 [4, 6] heap
Code:
4 6 t[{0},{1}] = x[{0},{1}]
| 6 y[{0},{1}] = t[{0},{1}]

Correct

✓ join_scopes: t,0

Textual IR

Generated 
code

reuse_dims: t,0✓

for (i0 = 0; i0 < 4; i0++)
  for (i1 = 0; i1 < 6; i1++)
    t[i0*6+i1] = x[i0*6+i1];
for (i0 = 0; i0 < 4; i0++)
  for (i1 = 0; i1 < 6; i1++)
    y[i0*6+i1] = t[i0*6+i1];

for (i0 = 0; i0 < 4; i0++) {
  for (i1 = 0; i1 < 6; i1++)
    t[i0*6+i1] = x[i0*6+i1];
  for (i1 = 0; i1 < 6; i1++)
    y[i0*6+i1] = t[i0*6+i1];
}

for (i0 = 0; i0 < 4; i0++) {
  for (i1 = 0; i1 < 6; i1++)
    t[i1] = x[i0*6+i1];
  for (i1 = 0; i1 < 6; i1++)
    y[i0*6+i1] = t[i1];
}

// Incorrect!
for (i0 = 0; i0 < 4; i0++)
  for (i1 = 0; i1 < 6; i1++)
    t[i1] = x[i0*6+i1];
for (i0 = 0; i0 < 4; i0++)
  for (i1 = 0; i1 < 6; i1++)
    y[i0*6+i1] = t[i1];

reuse_dims: t,0✘
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27 transformations with applicability detection
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Evaluation: x86 + heuristics
Intel Xeon CPU E5-2695 v4

18 cores 

heuristic = single program evaluation pass

search = 1000 evaluations
transformed = applying transformations manually

Our approach achieves a 7.6% geometric mean speedup over TVM 
(excluding SwiGLU)

Budget: 1000 evaluations



@spcl_eth

@spcl

spcl.ethz.ch

11

Evaluation: Snitch [1]

Naive = loop fusion and memory reuse until exhaustion

Greedy = naive + hardware-specific transformations (SSR/FREP)
Heuristic = includes analysis pass made by hardware expert to determine the order of transformations

The geometric mean speedup of transformed over handwritten 
implementations is 13%. 

[1] F. Zaruba, F. Schuiki, T. Hoefler and L. Benini, "Snitch: A Tiny Pseudo Dual-Issue Processor for Area and Energy Efficient Execution of Floating-
Point Intensive Workloads," in IEEE Transactions on Computers
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PerfDojo: Evaluation on x86 & arm / no heuristics

1.56× over PyTorch 1.80× over TVM

6.65× over PyTorch 13.65× over TVM
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Conclusions More of SPCL’s research:

… or spcl.ethz.ch

180+ Talksyoutube.com/@spcl

twitter.com/spcl_eth 1.4K+ Followers

github.com/spcl 3.8K+ Stars

spcl.inf.ethz.ch
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