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Goal of this Talk
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Observation:

We present a systematic ML code generation process that fully automatically  
achieves high performance across an extensible set of architectures

State-of-the-art ML compilers/libraries 
struggle with fully automatically achieving high performance 

for an extensible set of target architectures 

Examples:

CUTLASS
Inductor

cuBLAS/cuDNN
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End-to-end ML Code-Generation approach:

Built around three core IRs with  
automated transformations between them

[1] Rasch, “(De/Re)-Composition of Data-Parallel Computations via Multi-Dimensional Homomorphisms”, TOPLAS’24

[2] Rasch, Schulze, Steuwer, Gorlatch, “Efficient Auto-Tuning of Parallel Programs with Interdependent Tuning Parameters via  
     Auto-Tuning Framework (ATF)”, TACO’21

HL-IR LL-IR CL-IR OpenMP

OpenCL

CUDA

High-Level
IR

• Expresses a wide range of data-

parallel computations 
• Agnostic from hardware and 

optimization details 
• Captures high-level information 

relevant for generating high 
performing code

Low-Level
IR

• Expresses (de/re)-compositions of 

data-parallel computations 
• Data Movement & Parallelization 

Optimizations expressed, by 
assigning (de/re)-composed 
computations to memory and core 
hierarchy of target architecture 

Code-Level
IR

• Represents imperative-style 

program code for data-parallel 
computations 

• Code-level optimizations simple to 
express: CL-IR specifically limited 
and tailored to expressing data-
parallel computations

Based on  

MDH
Based
[1]

Auto-Tuning [2]

Transition: 


Functional 
→
Imperative 


CL → CL

…

Straightforward

(no 
optimizations 
required)

User
CL → {…}

CUDA → CUDA

OpenMP → OpenMP

OpenCL → OpenCL

LL → CLHL → LL
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End-to-end ML Code-Generation approach:

[1] Rasch, “(De/Re)-Composition of Data-Parallel Computations via Multi-Dimensional Homomorphisms”, TOPLAS’24

[2] Rasch, Schulze, Steuwer, Gorlatch, “Efficient Auto-Tuning of Parallel Programs with Interdependent Tuning Parameters via  
     Auto-Tuning Framework (ATF)”, TACO’21

Agenda Today 
(Basic Idea & Motivation)

Built around three core IRs with  
automated transformations between them
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End-to-end ML Code-Generation approach:

[1] Rasch, “(De/Re)-Composition of Data-Parallel Computations via Multi-Dimensional Homomorphisms”, TOPLAS’24
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Built around three core IRs with  
automated transformations between them



HL-IR: High-Level IR
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What is happening here: 

• inp_view captures the accesses to input data


• md_hom expresses the core algebraic computation


• out_view captures the accesses to output data

Example: MatVec expressed in HL-IR (using its Python DSL representation)

def matvec( T: BasicType, I: int, K: int ):
    @mdh()
    def mdh_matvec():
       return (
            out_view[T]( w = [lambda i,k: (i)] ),
              md_hom[I,K]( mul, ( cc, pw(scalar_plus) ) ),
                inp_view[T,T]( M = [lambda i,k: (i,k)] ,
                               v = [lambda i,k: (k)  ] ) )

High-Level Representation of MatVec

The HL-IR uniformly expresses  
ML computations,  

abstracting away low-level details  
while preserving high-level 

algebraic information



HL-IR: ML Examples
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 Important ML kernels can be expressed uniformly in HL-IR

Fig. 5. DL operators expressed in MDH

Fig. 5. DL operators expressed in MDH

Fig. 5. DL operators expressed in MDH

Fig. 5. DL operators expressed in MDH

Linear Algebra, Contractions, … 
(Computation Specification)

Point-Wise, Re-Shaping, … 
(Computation Specification)

Linear Algebra, Contractions, … (Data Specification)

Point-Wise, Re-Shaping, … (Data Specification)
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End-to-end ML Code-Generation approach:
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Goal: Expressing optimized de-composition and re-composition of ML computations
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Assignment of tile 
computations to  
core hierarchy  

of target device

Assignment of tile 
computations to  
memory hierarchy  
of target device

De-CompositionRe-Composition

Scalar Computation
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End-to-end ML Code-Generation approach:

[1] Rasch, “(De/Re)-Composition of Data-Parallel Computations via Multi-Dimensional Homomorphisms”, TOPLAS’24

[2] Rasch, Schulze, Steuwer, Gorlatch, “Efficient Auto-Tuning of Parallel Programs with Interdependent Tuning Parameters via  
     Auto-Tuning Framework (ATF)”, TACO’21

Built around three core IRs with  
automated transformations between them
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General Structure — (deliberately) limited to expressing ML computations:

Expresses ML computations as 
minimalistic, structured, imperative-style code

CL-IR: Code-Level IR

Each CL-IR always consists of 
the same (simple) structure:


1. De-Composition Buffers


2. Re-Composition Buffers


3. Loop Nest (canonical): 
→ De-Composition OPs 
→ Re-Composition OPs 

4. Scalar Computation

De-Composition Buffers

Re-Composition Buffers

Loop Nest

Scalar Computation

De-Composition 
Operator

Re-Composition 
Operator
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{…}-IR: Backend IRs
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We define minimalistic IRs for target models, limited to required features:

Extend CL-IR by target-specific features (e.g., tensor core operations)

Currently supported

Future Targets

Triton

…
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End-to-end ML Code-Generation approach:

[1] Rasch, “(De/Re)-Composition of Data-Parallel Computations via Multi-Dimensional Homomorphisms”, TOPLAS’24
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     Auto-Tuning Framework (ATF)”, TACO’21

Built around three core IRs with  
automated transformations between them



Transformation: HL-IR → LL-IR
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Based on MDH [1] and ATF [2]:

Formally defined transformation driven 
by performance-critical parameters [1] 

and auto-tuning [2]

[1] Rasch, “(De/Re)-Composition of Data-Parallel Computations via Multi-Dimensional Homomorphisms”, TOPLAS’24

[2] Rasch, Schulze, Steuwer, Gorlatch, “Efficient Auto-Tuning of Parallel Programs with Interdependent Tuning  
     Parameters via Auto-Tuning Framework (ATF)”, TACO’21

No. Name Range Description

0 #PRT MDH-LVL→ N number of parts

D1 ω↓-ord MDH-LVL↢→ MDH-LVL de-composition order

D2 ↔↓-ass MDH-LVL↢→ ASM-LVL ASM assignment (de-composition)

D3 ↓-mem<ib> MDH-LVL→ MR memory regions of input BUFs (ib)

D4 ω <ib>
↓-mem MDH-LVL→ [1, . . . ,DIB

ib]S memory layouts of input BUFs (ib)

S1 ωf -ord MDH-LVL↢→ MDH-LVL scalar function order

S2 ↔f -ass MDH-LVL↢→ ASM-LVL ASM assignment (scalar function)

S3 f ↓-mem<ib> MR memory region of input BUF (ib)

S4 ω <ib>
f ↓-mem

[1, . . . ,DIB
ib]S memory layout of input BUF (ib)

S5 f ↢-mem<ob> MR memory region of output BUF (ob)

S6 ω <ob>
f ↢-mem

[1, . . . ,DOB
ob]S memory layout of output BUF (ob)

R1 ω↢-ord MDH-LVL↢→ MDH-LVL re-composition order

R2 ↔↢-ass MDH-LVL↢→ ASM-LVL ASM assignment (re-composition)

R3 ↑-mem<ob> MDH-LVL→ MR memory regions of output BUFs (ob)

R4 ω <ob>
↢-mem MDH-LVL→ [1, . . . ,DOB

ob]S memory layouts of output BUFs (ob)

Table 1. Tuning parameters of our low-level expressions

ASM’s numbers of layer L, as well as particular values for the generic parameters of the high-level
expression in Figure 15 (dimensionality D, combine operators ⌐1, . . . ,⌐d , and input/output views)
results in an instance of the expression in Figure 19 that remains generic in tuning parameters
only; this auto-tunable instance will be the focus of our discussion in the remainder of this section.

In Section 4, we show that we fully automatically compute the auto-tunable low-level expression
for a concrete ASM instance and high-level expression, and we automatically optimize this tunable
expression for a particular target architecture and characteristics of the input and output data
using auto-tuning [Rasch et al. 2021]. Our !nal outcome is a concrete (non-generic) low-level
expression (as in Figure 17) that is auto-tuned for the particular target architecture (represented
via an ASM instance, e.g., ASM instance ASMCUDA when targeting an NVIDIA Ampere GPU) and
high-level MDH expression. From this auto-tuned low-level expression, we can straightforwardly
generate executable program code, because all the major optimization decisions have already been
made in the previous auto-tuning step. Our overall approach is illustrated in Figure 4.

40

E!icient Auto-Tuning of Parallel Programs
with Interdependent Tuning Parameters via Auto-Tuning Framework (ATF) 9

resulting in a high memory footprint. Furthermore, the con!gurations of parameters 𝐿3, 𝐿4, 𝐿5,
which are represented by Tree 2, would have to be stored for every leaf of Tree 1 (4 times in this
example). We avoid this signi!cant waste of memory by storing Tree 2 only once and chaining the
two trees together.
Note that our chains-of-trees structure is e"cient also for storing the spaces of parameters

without interdependencies: if tuning parameters are independent, then each single parameter
represents an own interdependent parameter group (comprising only one parameter), which
corresponds to exactly the same range-based search space representation as used in OpenTuner
and libtuning.

5 EXPLORING CONSTRAINED SEARCH SPACES
The third and !nal phase of auto-tuning is the exploration of the search space, generated and stored
as described in Section 3 and 4, using some search technique. State-of-the-art general-purpose
auto-tuning frameworks follow one of two basic approaches to the exploration phase.
CLTune and KernelTuner explore constrained search spaces, but they use a plain array of

con!gurations. Consequently, they provide search techniques an only one-dimensional view on
the search space, which often causes sub-optimal auto-tuning results, because locality information
within the space’s particular dimensions are lost [70]. For example, we demonstrate in Section 7
for the search by simulated annealing – CLTune’s most e"cient search technique [41] – that the
selection time of the next candidate point is very high for large search spaces when relying on the
one-dimensional space, thus leading to poor auto-tuning results.
OpenTuner and libtuning retain the multidimensionality of their search spaces, as required

by search techniques for high search e"ciency [70]. However, these two frameworks have to
explore unconstrained search spaces which can contain also invalid con!gurations. This usually
drastically worsens their e"ciency for programs with interdependent tuning parameters, as we
con!rm experimentally in Section 7.

Fig. 2. Example of exploring our chain-of-trees structure in multiple dimensions, based on an 𝑀-dimensional
coordinate space (in this example: 𝑀 = 4). Subtrees in level 1 – for nodes 2, 3, 4 – are omi"ed for brevity.

, Vol. 1, No. 1, Article . Publication date: October 2018.

MDH-Based Tuning Parameters [1]

ATF-Based Search Space Exploration [2]
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End-to-end ML Code-Generation approach:

[1] Rasch, “(De/Re)-Composition of Data-Parallel Computations via Multi-Dimensional Homomorphisms”, TOPLAS’24

[2] Rasch, Schulze, Steuwer, Gorlatch, “Efficient Auto-Tuning of Parallel Programs with Interdependent Tuning Parameters via  
     Auto-Tuning Framework (ATF)”, TACO’21

Built around three core IRs with  
automated transformations between them
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Shift from functional to imperative semantics:

CL-IR instance generated as sound by construction  
(numerous intermediate buffers, over-approximated buffer sizes, …)

De-Compositions:

- upper part of loops

- copy tiles of input data

Re-Compositions:

- lower part of loops

- combine computed 

intermediate results

Scalar Comp.:

- middle part of loops

- compute scalar function

LL-IR

CL-IR

De-Composition

Re-Composition

Scalar 
Comp.

...

...
...

...

...

...

...

...

...

...
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End-to-end ML Code-Generation approach:

[1] Rasch, “(De/Re)-Composition of Data-Parallel Computations via Multi-Dimensional Homomorphisms”, TOPLAS’24
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Code-Level Optimizations:

Minimalistic design of CL-IR 
simplifies expressing code-level optimizations 

Deterministic

Eliminate  
Functional Overhead

Standard  
Code-Level Optimizations

COElimination

Partition Index Elimination 

Buffer Size Reduction

Loop Unrolling

Algebraic Index Simplifications

Function Inlining… …
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End-to-end ML Code-Generation approach:

[1] Rasch, “(De/Re)-Composition of Data-Parallel Computations via Multi-Dimensional Homomorphisms”, TOPLAS’24

[2] Rasch, Schulze, Steuwer, Gorlatch, “Efficient Auto-Tuning of Parallel Programs with Interdependent Tuning Parameters via  
     Auto-Tuning Framework (ATF)”, TACO’21

Built around three core IRs with  
automated transformations between them



Transformation: CL-IR → {…}
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Straightforward – all major optimization decisions expressed in earlier steps:

Designed to be straightforward, allowing 
easy extension to new target ML programming models

CL-IR

// … 
M_1_1[2][I,K] in SM[1,2] 
v_1_1[2][K]   in RM[1] 
w_1_1[2][I]   in RM[1] 
// … 
 
for(p_1_2 < 4){ 
  par_for<3,1>(p_2_1 < 8){ 
    // … 
  } 
}

CUDA

#define T_INP float 
#define T_OUT float 
#define I 1024 
#define K 128 
// … 
__shared__ T_INP M_1_1[2][I][K]; 
           T_INP v_1_1[2][K]; 
           T_OUT w_1_1[2][I]; 
// … 
 
for(int p_1_2=0; p_1_2<4; ++p_1_2){ 
  int p_2_1 = threadIdx.x;{ 
    // … 
  } 
}
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End-to-end ML Code-Generation approach:

[1] Rasch, “(De/Re)-Composition of Data-Parallel Computations via Multi-Dimensional Homomorphisms”, TOPLAS’24

[2] Rasch, Schulze, Steuwer, Gorlatch, “Efficient Auto-Tuning of Parallel Programs with Interdependent Tuning Parameters via  
     Auto-Tuning Framework (ATF)”, TACO’21

Built around three core IRs with  
automated transformations between them
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Final, target-specific optimizations:

Applies target-specific optimizations that  
exceed the intended generality of the CL-IR abstraction

NVIDIA  
Tensor Cores

AMD  
Matrix Cores

Intel  
AMX

WIP



Experimental Results
Experimental evaluation in terms of Performance & Portability & Productivity:
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Competitors:
1. Scheduling Approach: 


- Apache TVM [1] (GPU & CPU)

2. Polyhedral Compilers: 


- PPCG [2] (GPU)

- Pluto [3] (CPU)


3. Domain-Specific Libraries:

- NVIDIA cuBLAS & cuDNN (GPU) 

- Intel oneMKL & oneDNN (CPU)


ML Kernels:
1. Linear Algebra Routines: 


- Dot Product (Dot)

- Matrix-Vector Multiplication (MatVec)

- Matrix Multiplication (MatMul)

- Matrix Multiplication Transposed (MatMul^T)

- batched Matrix Multiplication (bMatMul)


2. Convolutions:

- Multi-Channel Convolution (MCC)

- Capsule-Style Convolution (MCC_Capsule)

[1] Chen et al., “TVM: An Automated End-to-End Optimizing 
Compiler for Deep Learning”, OSDI’18


[2] Verdoolaege et al., “Polyhedral Parallel Code Generation for 
CUDA”, TACO’13


[3] Bondhugula et al., “PLuTo: A Practical and Fully Automatic 
Polyhedral Program Optimization System”, PLDI’08

Data Characteristics

Computation No. Sizes Basic Type

1 2²⁴ 2²⁴ fp32

2 10⁷ 10⁷ fp32

1 4096x4096 4096 fp32

2 8192x8192 8192 fp32

1 1024x1024 1024x1024 fp32

2 1x2048 2048x1000 fp32

1 64x10 500x64 fp32

1 16x10x64 16x64x500 fp32

1 1x512x7x7 512x512x3x3 fp32

2 1x230x230x3 64x7x7x3 fp32

1 16x230x230x3x4x4 64x7x7x3x4x4 fp32

2 1x230x230x3x4x4 67x7x7x3x4x4 fp32



Experimental Results
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Performance results for ML kernels on GPU and CPU:

We achieve high performance compared to  
state-of-the-art machine- and hand-optimized approaches

GPU:
CPU:

OURs TVM
PPCG
Pluto

PPCG+ATF
Pluto+ATF

Hand Optimized (cuBLAS, cuDNN)
Hand Optimized (oneMKL, oneDNN, EKR)

NVIDIA Ampere GPU
Dot

Sp
ee

du
p

MatVec

MatMul

Sp
ee

du
p

MatMul^T bMatMul

Deep Learning

MCC

Sp
ee

du
p

MCC_Caps

Intel Skylake CPU
Dot MatVec

MatMul MatMul^T bMatMul

Deep Learning

MCC MCC_Caps



Summary

27

We introduce a systematic ML code generation process:

- Fully automatic, by separating optimization concerns across abstraction levels


- Designed to be systematically extensible for new target ML models (Triton, etc)


- Formal foundation, based on algebraic MDH formalism


- High performance on different architectures (including GPUs and CPUs)

Future Work:

- Show how our design contributes to aggressive kernel fusion optimization


- Exploit ML-specific hardware extensions


- Assembly-level targets (PTX, …)


- Sparse Computations


- …
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