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1 Introduction
The approach ofMulti-Dimensional Homomorphisms (MDH) [5]
offers a formalism for array programming: data-parallel com-
putations on arrays, such as linear algebra routines and sten-
cil computations, are expressed via higher-order functions
(a.k.a. patterns or skeletons in programming terminology [3]),
and optimized program code is fully automatically generated
from these functions in the MDH approach [6], e.g., in CUDA
for GPU or OpenCL for CPUs.

In this extended abstract, we present the three major con-
tributions of the MDH approach1: 1) a high-level program rep-
resentation for expressing data-parallel array computations
in a convenient, hardware- and optimization-agnostic man-
ner, based on formally defined higher-order functions; 2) a
low-level program representation to formally reason about op-
timizations and from which we can straightforwardly gener-
ate executable program code (e.g., in CUDA or OpenCL); 3) a
fully automatic process for lowering a program expressed in
MDH’s high-level program representation to an hardware-
optimized MDH program in its low-level representation,
based on auto-tuning [7]. Our preliminary experimental re-
sults confirm that MDH achieves higher performance on
GPU and CPU than well-performing state-of-practice ap-
proaches, including hand-optimized vendor libraries from
NVIDIA and Intel.

2 High-Level Program Representation
We explain MDH’s high-level program representation by
presenting and discussing the example of Matrix-Vector Mul-
tiplication (MatMul), shown in Figure 1.

MatVec<T∈TYPE ⋃︀ I,K∈N> ∶=
out_view<T>( w:(i,k)↦(i) ) ○
md_hom<I,K>( *, (++,+) ) ○
inp_view<T,T>( M:(i,k)↦(i,k) , v:(i,k)↦(k) )

Figure 1. MDH high-level expression for MatVec

Computation MatVec takes as input a matrix M ∈ T I×K
and vector v ∈ TK of arbitrary scalar type T and sizes I ×K
1 This extended abstract briefly summarizes some highlights presented in
the following work-in-progress paper [4].

(matrix) and K (vector), for arbitrary but fixed positive natu-
ral numbers I ,K ∈ N. In the figure, based on index func-
tion (i,k) ↦ (i,k) and (i,k) ↦ (k), higher-order func-
tion inp_view computes a function that takes M and v
as input and maps them to a 2-dimensional array of size
I ×K – referred to as input Multi-Dimensional Array (MDA)
in MDH. The MDA contains at each point (i,k) the pair(Mi ,k ,vk) ∈ T × T comprising element Mi ,k of matrix M
(first component) and elementvk of vectorv (second compo-
nent). The input MDA is then mapped via function md_hom
to an output MDA of size I × 1, by applying multiplication ∗
to each pair (Mi ,k ,vk) within the input MDA, and combin-
ing elements in i dimension via ++ (concatenation) and in
k-dimension via + (point-wise addition). Finally, function
out_view computes a function that straightforwardly maps
the output MDA of size I ×1 to MatVec’s result vectorw ∈ T I ,
which has scalar type T and is of size I . For the example
of MatVec, the output view is trivial, but it can be used in
other computations (such as matrix multiplication) to con-
veniently express more advanced variants of computations
(e.g., computing the result matrix of matrix multiplication as
transposed).
MDH’s high-level program representation can be used

for expressing various kinds of data-parallel computations
from important areas [4] (not presented for brevity), includ-
ing linear algebra, quantum chemistry, data mining, and deep
learning.

3 Low-Level Program Representation
Figure 2 shows a particular instance of MDH’s low-level rep-
resentation for MatVec. For simplicity, we consider a straight-
forward target architecture that has 2 memory layers (HM
and L1) and 1 core layer (COR) only. In the right part of the
figure (steps 1-7), the MatVec computation is de-composed
(a.k.a. tiling in programming) for each memory and core
layer of the target architecture (indicated by superscripts of
p variables) and for each of the two dimension of MatVec’s
iteration space (indicated by subscripts). For each tile, the
low-level representation indicates the memory region for
the corresponding parts of the M input matrix and v in-
put vector to be used – Host Memory (HM) or L1 cache – as
well as the parts’ corresponding memory layouts, e.g., (︀1, 2⌋︀
(standard layout or (︀2, 1⌋︀ (transposed layout). Similarly, the
re-composition phase (steps 9-15) combines computed tiles
to the final result. ++ and +.
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Figure 2. MDH low-level expression for MatVec

4 Lowering: From High Level to Low Level
We lower programs in our high-level representation (Fig-
ure 1) to our low-level representation (Figure 2) based on
formally defined tuning parameters. These parameters deter-
mine, e.g., the numbers of tiles, the memory regions for the
input/output data to be used (e.g., device, shared or register
memory for CUDA devices), etc.2

We fully automatically choose device-optimized values of
tuning parameters using theAuto-Tuning Framework (ATF) [7].
Consequently, based on the high-level representation of the
target computation (Figure 1) and a set of tuning parameter
values (chosen via ATF), we fully automatically generate
a low-level representation for the target computation (Fig-
ure 2) that is optimized for the particular target architecture.
From this representation (Figure 2), we generate executable
program code (e.g., in CUDA or OpenCL). Our low-level rep-
resentation is designed such that code generation becomes
trivial – all optimization decisions already are made in the
low-level program representation based on auto-tuning.

5 Experimental Results
We achieve encouraging experimental results on GPU and
CPU as compared to well-performing competitors for case
studies from popular areas, including: linear algebra, stencil
computations, quantum chemistry, data mining, and deep
learning. For brevity, we focus in this section on presenting
some notable highlights from our extensive experiments
presented and thoroughly discussed in [4].
Figure 3 reports the speedup of our approach over deep

learning compiler TVM+Ansor [2, 9], polyhedral compilers
PPCG [8] and Pluto [1], as well as the hand-optimized vendor
libraries NVIDIA cuBLAS/cuDNN and Intel oneMKL/oneDNN
forMatrix Multiplication (MatMul) andMulti-Channel Convo-
lution (MCC) on real-world input sizes as used in the training
and inference phases of the ResNet-50 neural network.

2 Figure 2 shows an example for already chosen parameters for simplicity.

Deep 
Learning

NVIDIA Ampere GPU
ResNet-50

Training Inference
MCC MatMul MCC MatMul

TVM+Ansor 1,00 1,26 1,05 2,22

PPCG 3456,16 8,26 - 7,89

PPCG+ATF 3,28 2,58 13,76 5,44

cuDNN 0,92 - 1,85 -

cuBLAS - 1,58 - 2,67

Deep 
Learning

Intel Skylake CPU
ResNet-50

Training Inference
MCC MatMul MCC MatMul

TVM+Ansor 1,53 1,05 1,14 1,20

Pluto 355,81 49,57 364,43 13,93

Pluto+ATF 13,08 19,70 170,69 6,57

oneDNN 0,39 - 5,07 -

oneMKL - 0,44 - 1,09

Figure 3. Speedup (higher is better) of MDH over state-of-
practice approaches

We observe often higher performance of our approach
over competitors. This is because MDH’s optimization space
incorporates more optimization opportunities than TVM
and polyhedral compilers, e.g., parallelizing also reduction
dimensions. Vendor libraries sometimes achieve higher per-
formance than our approach, because the libraries are opti-
mized at the assembly level which offers more optimization
opportunities than the CUDA/OpenCL level of abstraction.
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