Semi-Automatic Compile-Time Math Intrinsic
Optimization Using LLVM

University of Texas at El Paso
Kristalys Ruiz Rohena
Christoph Lauter
Shirley Moore

1/29 & Dax



Background & Motivation

® Numerical analysis, transcendental functions, and number representations in Al.
® Manipulation of implementations within models.
¢ Tools: Herbie[l], STOKE[2], Precimonious [3], MPTorch [4], [5]




Problem

® Natively incorporate any UDF into Torch Library.

® Al-specific dynamic instrumentation and monitoring.

® Desirable features:

® Faster than compiling the entire library.
® Replicable across architectures.
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Key Terms

Correctly Rounded: A result rounded to the nearest representable value.

LLVM (Low-Level Virtual Machine): A compiler framework and tool that can optimize
code during compilation and at runtime.

UDF (User-Defined Function): A function created by the user to extend capabilities.
LibTorch: PyTorch Backend library written in C++.
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Example

Tensor& log_udf_out(const Tensor& self, Tensor& out) {
float min_val, max_val;
compute_minmax(self, min_val, max_val);
ProfilerWriter writer("profiled.bin");
ProfileEvent e;
auto self_ptr = self.data_ptr<float>();
auto out_ptr = out.data_ptr<float>();
int64_t n = self.numel();
e.timestamp_start = get_timestamp();
for (int64_t i = 0; i < n; i++) {

out_ptr[i] = std::log(self_ptr[il);

}

e.timestamp_end = get_timestamp();
e.op_id = OP_LOG;

e.min_val = min_val;

e.max_val = max_val;
writer.logEvent (e);

return out;
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System Overview

I N LLVM
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System Overview

SRC Torch

SRC model

Compiled into—>»| Libtorch Modified by—>»| LLVM
I UDF Math | Produced by
Compiled int Library Used by Pass
Model.exe [« Linked UDF-Libtorch
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Torch Compilation

SRC Torch

SRC model

LLVM
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LLVM Pass

SRC Torch

SRC model

LLVM

Produced by
Pass
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Profiling Tool

SRC Torch

SRC model

Compiled into—>»| Libtorch Modified by—>| LLVM
I UDF Math | | Produced by
Compiled int Library Used by Pass
Model.exe < Linked UDF-Libtorch
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Model Execution

SRC Torch

SRC model

LLVM

Compiled into—>»{ Libtorch Modified by—>,
—rr UDF Math |
Compiled into Library Used by

Produced by
Pass

UDF-Libtorch
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Details

The LLVM pass automates the process of substituting the original implementations with the
UDF versions.

Optional: Modify the ATen library to allow LLVM passes to access and manipulate
operations.

Compile static libraries with bitcode (LLVM intermediate representation).
Compile user-defined functions (UDFs) for use in the LLVM pass.

Replace function bodies while keeping declarations to preserve references.
Optional: Convert static libraries to dynamic libraries.

The modified UDF-LibTorch library can be used interchangeably with the original
LibTorch build.
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Challenges

Semi-Automatic

Needs Bitcode Replacement
SRC Torch Compiled into—>»|  LibTorch Modified by—»| LLVM
Embedded Produced by
SRC model —Compiled into— Operations Pass
\ 4
Model.exe [« Linked UDF-LibTorch

t

Pytorch supp:

ort

t

Static or Dynamic?
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LLVM Requirements

Needs Bitcode

'

LLVM

Produced by
Pass

|

SRC Torch Compiled into—>»|  LibTorch Modified by—>
SRC model —Compiled into—
Y
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UDF-LibTorch
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List of Operations

Semi-Automatic
Replacement

'

Modified by—» ~ LLVM

SRC Torch

Compiled into—>» LibTorch

Produced by
Pass

SRC model —Compiled into

Y

ModeLexe e [RT01/C=10 R UDF'L|bT0rCh
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Optimized Operations

LLVM

Produced by
Pass

|

SRC Torch Compiled into—>»|  LibTorch Modified by—>
Embedded
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Linking

SRC Torch

——Compiled into—>|

LibTorch

SRC model
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Platform
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Evaluation:

® Objectives:
® Perform an initial profiling of key transcendental functions: exp, log, sin, cos.
® Assess the impact of correct rounding on accuracy.

® Experimental Setup:

® Dataset: MNIST, CIFAR10
® Architectures: LeNet (CNN), ResNet
® Activation Function ELU[6]:

X, if x>0,
a(e*—1), ifx<O0.

ELU(x) = {

19/29 & Dae



Results:

ResNet + Cifarl0

Operation | Count Library Min Max
EXP 122,225 CorSe-—rl\EI)ath :?ig?g 8
MNIST + LeNet
Operation | Count | Library Min Max
0G| 12100 | 1 g

EXP 48,400 CorSe-rl\EI)ath :;S(l)?ig 8

*With correctly rounded library CORE-Math[7], accuracy remained the same.
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Assumptions:

® The activation function has a transcendental function.
® QOptimizer: Stochastic Gradient Descent.

® For the error propagation, the average is evaluated in fully connected layers.

Activation
function

Output
y

Input

signals

Summing
Jjunction

Synaptic
weights
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LeNet: CNN Family Architecture

Layer Details Input Output
Conv(1, 10, 5) | Has bias | 1x28x28 | 10x24x24
MaxPool2d(2) 10x24x24 | 10x12x12
ELU 10x12x12 | 10x12x12
Conv(10, 20, 5) | Has bias | 10x12x12 | 20x8x8
Flatten 20x4x4 1x320
ELU 1x320 1x320
FCL(320, 50) Has bias 1x320 1x50
ELU 1x50 1x50
FCL(50, 10) Has bias 1x50 1x10
LogSoftmax 1x10 1x10
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Findings

Operation Ratio per Stage

Stage fma div mult add exp & log
Forward 130 130 1
Back Propagation | 5 5 12000 6700 1

e Profiling takes at most 1% of runtime.

® Transcendental functions account for less than 4% of runtime with correctly rounded
(CR) and less than 1% with the standard library (STD).
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Closing Remarks:

® Developed a tool that enables instrumentation in Torch workloads.
® Future Work:
® Evaluate and define error tolerance.

® Integrate the UDF-LibTorch library into the PyTorch API.
® Develop a transcendental function library specifically for CUDA.
[ ]

Explore transformer-based models.
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Thanks!

*This material is based upon work supported by the NSF under Grant Number #2311708. Any opinions,
findings, and conclusions or recommendations expressed in this material are those of the author(s) and do not
necessarily reflect the views of the NSF.
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