
The Convergence and Divergence of HPC and AI

Mohamed Wahib
  RIKEN Center for Computational Science



2

Central Message

Money will go after AI

Market will MOSTLY spec for AI 

HPC has no option but to “shop” in that market

More divergence between HPC and AI than we like to think?*

* Based mostly on personal observations and opinions
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Convergence

• Too much analysis on how AI and HPC are:

• “Converging”

• “Two sides of the same coin”

• “Aligned”

• And there is some truth to that, yet we have to acknowledge the differences

• We focus on this talk however on divergence, since it is can be disruptive
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Divergence

Compute Memory Network Storage

Algorithms Programming Libraries (Sys SW)
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Divergence

Compute
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Divergence

• Lower precision pushing out higher precision

• Libraries

• Every library that can emulate, will emulate

• General code

• Algorithmic

• Automated mixed

   precision

• User assisted

Risk: ineffecient emulation/mixed precision (non-gemm) leading to small effective gain in perf. with new systems

Compute

DGEMM on Integer Matrix Multiplication Unit Conference acronym ’XX, June03–05, 2018, Woodstock, NY

can be regarded as a set of inner products. When computing an

inner product of two high-precision length-: vectors a and b, we

split them into a(1) ,a(2) , · · · ,a(B) and b(1) ,b(2) , · · · ,b(C) , where

x (1) = toLower (x) ,x (8) = toLower
©
≠

´

x −

8−1’

9=1

G(9)™Æ

¨

,

and “toLower” isaprecision conversion to lower. Then wecompute

the resulting inner product by summing up the inner products of

the subdivided vectors as follows:

a> ·b ⇡
B’

8=1

C’

9=1

a(8) >
·b(9) . (2)

Intuitively, this method keeps top U bits of the mantissa of the

elements of x by x (1) , leading U bits by x (2) , ..., whereU is the

mantissa length of the lower precision. To be precise, each element

substantially keeps slightly more bits than Uwhen using RN for

the rounding. Since the rounding error occurs in each a(8) >
·b(9)

computation, theprecision of theaccumulation in a(8) >
·b(9) limits

theresulting accuracy. For instance, in our method on Tensor Cores

[28], the accuracy is limited to single-precision since the accumu-

lator of FP16 Tensor Cores they use is FP32. If there were Tensor

Cores that have an FP64 accumulator while the input precision is

lower, we could compute the matrix multiplication in double preci-

sion by this method. And therefore, in contrast to the shared-place

splitting method we explain later, we can not improve the accuracy

more than the accuracy of the accumulation even if we increase

the number of splits to keep more input mantissa.

2.3 Ozaki scheme

The shared-place splitting method also splits the mantissa of the el-

ementsof the input matricesand computes theresulting inner prod-

uct by Eq. (2) as same as the elementwise-place splitting method.

However, the mantissa splitting mechanism is di erent from the

elementwise-place splitting method. The shared-place splitting

method is generalized as the Ozaki scheme.

TheOzaki scheme[29,30] isamatrix multiplication algorithm us-

ing working precision arithmetic that is lower than the matrix mul-

tiplication’s target precision. For instance, the Ozaki scheme com-

putesdouble-precision matrix multiplication using single-precision

arithmetic. In this section, we show the intuitive mechanism, algo-

rithm, advantages, and disadvantages of the Ozaki scheme.

2.3.1 Intuitivemechanism. As we mention in Sec 2.1, the rounding

error occurs in the oating-point arithmetic operations. The Ozaki

scheme splits the mantissa of the input vector so that no rounding

error occurs in each a(8) >
·b(9) computation in Eq. (2). To compute

an inner product of two vectors, we repeat multiplying two values

and accumulating the results. Therefore, we need to avoid the

rounding error in both multiplication and accumulation. In thecase

of the multiplication of two values, the rounding error does not

occur when the valid mantissa length of the input values is short

enough, where the valid mantissa length is the length from the

most signi cant bit (MSB) to the last 1 of themantissa. In particular,

when the resulting mantissa length is✓< , and the valid mantissa

lengths of the inputs are ✓̂
[1]
< and ✓̂

[2]
< , we can multiply the inputs

Exponentmantissa (e.g. 53 bit in FP64)

Mantissa of

elementwise-place splitting shared-place splitting (Ozaki scheme)

Figure 2: The comparison of the elementwise-place spl i t t ing

(Lef t) and shared-place spl i tt ing (Right) methods for spl i tt ing

the vector a =
⇥
01 02 · · · 0:

⇤>
into several vectors a(·) .

48 is the exponent of 08. The same appl ies to the vector b.

without rounding error if ✓̂
[1]
< + ✓̂

[2]
< ✓< . This is derived by the

algorithm of multiplication. In the case of adding two values, the

rounding error does not occur when 1) the valid mantissa length of

the smaller exponent value is short enough and 2) the di erence

between the exponents is small enough. Using these features of the

oating-point arithmetics, the Ozaki scheme avoids the rounding

error during the computation of a(8) >
·b(9) . In the Ozaki scheme,

we rst split the vector a and b into vectors a(1) , · · · ,a(B) and

b(1) , · · · ,b(C) , respectively, so that the following conditions are

satis ed:

• a =
ÕB
8=1 a(8) and b =

ÕC
8=1 b(8)

• The rounding error does not occur in the computation of

the inner product between each of a(1) , · · · , a(B−1) and

b(1) ,· · · ,b(C−1) even on low-precision computing units.

Then, we obtain the nal result by summing up the result of each

inner product as Eq. (2) in the target precision. Intuitively, a(8) >
·

b(9) computes the high digit part of the resulting mantissa when

8+ 9is small, for instance, 2, and low digit part when 8+ 9is large,

for instance,B+C. Note that the rounding error can occur in the

summing-up process while not occurring in each inner product

computation.

In splitting themantissa, wesplit themantissaspaceof thevector,

which is the space of the mantissa, as shown at the right of Fig. 2.

The rst slice vector (a(1) ) keeps theUbits of the space from the

most signi cant mantissa digit in the vector, and the second one

(a(2) ) keeps the leadingUbits. Then,U is calculated as follows:

U= b(− log2Dacc − log2 : )/ 2c, (3)

whereDacc is the unit round o of the accumulator for computing

a(8) >
· b(9) . For instance, when computing an inner product of

length-4096 FP64 vectors by the Ozaki scheme using FP32 (DFP32 =

2−24) arithmetic for computing a(8) >
·b(9) , we split the mantissa

spaces by U = 6 bits. By splitting the vector in this way, we can

satisfy the condition to avoid the rounding error in the operations

inside the inner product computation.

2.3.2 Algorithm. We show the overall algorithm in Algorithm 1

and the splitting algorithm in Algorithm 2. We set the number of

splits B = Cin these algorithms and the later part of this paper.

* Ootomo et al., DGEMM on Integer Matrix Multiplication Unit, IJHPCA 2024 

Emulate high precision using low precision* (Ex: Ozaki scheme)
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Divergence

• Memory-bound code: what does low precision do there?

• Simple answer: “reduces the memory traffic!”

• Complex answer: “low precision is mostly on matrix engines”

Compute

* Zhang et al., Can Tensor Cores Benefit Memory-Bound Kernels? , GPGPU’25
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Divergence

• Specialized hardware

• Special compute units added to CPUs and GPUs:  Matrix engines

• ASICs

• Matrix engines and ASICs

• Rigid: not easy to program

• Ex: using Nvidia tensor cores is like using GPUs pre-CUDA

• We need CUDA moment for matrix engines?

Compute

Use of Matrix engines in HPC

Title Abstraction Application Dwarf Precision Target Hardware Venue Year Link Note Note2

Automatic Kernel Generation for Volta Tensor Cores Compiler MatMult, DL operators (fused) 1. DenseLinear Nvidia ArXiv'20 20 http://www.arxiv.org/pdf/2006.12645 BLAS

AKG: automatic kernel generation for neural processing units using polyhedral transformations Compiler MatMult, DL operators (fused) 1. DenseLinear NPUs PLDI'21 21 https://dl.acm.org/doi/10.1145/3453483.3454106 BLAS

Polyhedral Specification and Code Generation of Sparse Tensor Contraction with Co-Iteration Compiler Tensor (Sparse) 2. Sparse Linear Nvidia ACM TACO 22 https://arxiv.org/pdf/2208.11858 BLAS

Programming Tensor Cores from an Image Processing DSL Compiler Tensor 1. DenseLinear Nvidia SCOPES'20 20 https://www.es.ele.tue.nl/~tbasten/papers/Scopes_camera_ready.pdf, https://dl.acm.org/doi/10.1145/3378678.3391880 BLAS

AMOS: Enabling Automatic Mapping for Tensor Computations On Spatial Accelerators with Hardware Abstraction Compiler Tensor 1. DenseLinear Nvidia, ARM ISCA'22 22 https://cs.stanford.edu/~anjiang/papers/ZhengETAL22AMOS.pdf BLAS

Accelerating Fourier and Number Theoretic Transforms using Tensor Cores and Warp Shuffles Native FFT 3. Spectral Methods Nvidia PACT'21 21 https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=9563043&tag=1 FFT

Accelerating non-power-of-2 size Fourier transforms with GPU Tensor Cores Native FFT 3. Spectral Methods Nvidia IPDPS'21 21 https://ieeexplore.ieee.org/abstract/document/9460474 FFT

tcFFT: A Fast Half-Precision FFT Library for NVIDIA Tensor Cores Library FFT 3. Spectral Methods Nvidia Cluster'21 21 https://ieeexplore.ieee.org/abstract/document/9555937 FFT

Toward accelerated stencil computation by adapting tensor core unit on GPU Native Stencil 6. Structured Grids Nvidia ICS'22 22 https://dl.acm.org/doi/abs/10.1145/3524059.3532392 Stencil

ConvStencil: Transform Stencil Computation to Matrix Multiplication on Tensor Cores Native Stencil 6. Structured Grids Nvidia PPoPP'24 24 https://dl.acm.org/doi/10.1145/3627535.3638476 Stencil

LoRAStencil: Low-Rank Adaptation of Stencil Computation on Tensor Cores Native Stencil 6. Structured Grids Nvidia SC'24 24 https://sc24.conference-program.com/presentation/?id=pap369&sess=sess370 Stencil

Stencil Computation with Vector Outer Product Native Stencil 6. Structured Grids ARM ICS'24 24 https://dl.acm.org/doi/10.1145/3650200.3656611,https://arxiv.org/pdf/2310.16298 Stencil

Real-time High-resolution X-Ray Computed Tomography In-application Computed Tomography Others Precision Recovering Nvidia ICS'24 24 https://dl.acm.org/doi/10.1145/3650200.3656634 Computed Tomography

Harnessing GPU Tensor Cores for Fast FP16 Arithmetic to Speed up Mixed-Precision Iterative Refinement Solvers Native Iterative Refinement Solvers 1. DenseLinear Mixed Precision Nvidia SC'18 18 https://ieeexplore.ieee.org/abstract/document/8665777 Iterative Refinement Solvers

DGEMM on integer matrix multiplication unit MatMult 1. DenseLinear Precision Recovering Nvidia IJHPCA 24 https://journals.sagepub.com/doi/10.1177/10943420241239588 BLAS

Recovering single precision accuracy from Tensor Cores while surpassing the FP32 theoretical peak performance MatMult 1. DenseLinear Precision Recovering Nvidia IJHPCA 22 https://journals.sagepub.com/doi/full/10.1177/10943420221090256 BLAS

DTC-SpMM: Bridging the Gap in Accelerating General Sparse Matrix Multiplication with Tensor Cores SpMM 2. Sparse Linear Nvidia ASPLOS'24 24 https://dl.acm.org/doi/pdf/10.1145/3620666.3651378 BLAS

High Performance Unstructured SpMM Computation Using Tensor Cores SpMM 2. Sparse Linear Nvidia SC'24 24 https://arxiv.org/pdf/2408.11551 BLAS

Efficient tensor core-based GPU kernels for structured sparsity under reduced precision SpMM 2. Sparse Linear Nvidia SC'21 21 https://dl.acm.org/doi/abs/10.1145/3458817.3476182 BLAS

Probing the Efficacy of Hardware-Aware Weight Pruning to Optimize the SpMM Routine on Ampere GPUs SpMM 2. Sparse Linear Nvidia PACT'22 22 https://dl.acm.org/doi/abs/10.1145/3559009.3569691 BLAS

Efficient Quantized Sparse Matrix Operations on Tensor Cores SpMM/SDDMM 2. Sparse Linear Nvidia SC'22 22 https://ieeexplore.ieee.org/abstract/document/10046057 BLAS

A Novel Parallel Algorithm for Sparse Tensor Matrix Chain Multiplication via TCU-Acceleration SpTMCM 2. Sparse Linear Nvidia TPDS 23 https://ieeexplore.ieee.org/abstract/document/10159508 BLAS

DASP: Specific Dense Matrix Multiply-Accumulate Units Accelerated General Sparse Matrix-Vector Multiplication SpMV 2. Sparse Linear Nvidia SC'23 23 https://dl.acm.org/doi/abs/10.1145/3581784.3607051 BLAS

AmgT: Algebraic Multigrid Solver on Tensor Cores Algebraic multigrid 6. Structured Grids Mixed Precision Nvidia SC'24 24 https://www.osti.gov/servlets/purl/897960 Algebraic multigrid

Accelerating Reduction and Scan Using Tensor Core Units Reduction/Scan Others Nvidia ICS'19 19 https://dl.acm.org/doi/pdf/10.1145/3330345.3331057 Reduction Energy Efficient

GPU Tensor Cores for Fast Arithmetic Reductions Reduction Others Nvidia TPDS 21 https://ieeexplore.ieee.org/document/9147055 Reduction Energy Efficient

Matrix Engines for High Performance Computing: A Paragon of Performance or Grasping at Straws? N/A General Analysis Others Nvidia IPDPS'20 20 https://www.computer.org/csdl/proceedings-article/ipdps/2021/406600b056/1uOw4VaLZx6 General Analysis

FlashAttention-3: Fast and Accurate Attention with Asynchrony and Low-precision Library Transformer Attention 1. DenseLinear Nvidia ArXiv 24 https://arxiv.org/abs/2407.08608 Transformer Attention

Fast polynomial multiplication using matrix multiplication accelerators with applications to NTRU on Apple M1/M3 SoCs Cryptosystems 8. Combinational Logic Apple Communications in Cryptology 24 https://cic.iacr.org/p/1/1/9

PQC-AMX: Accelerating Saber and FrodoKEM on the Apple M1 and M3 SoCs Cryptosystems 8. Combinational Logic Apple 24 https://eprint.iacr.org/2024/195

Space Efficient Sequence Alignment for SRAM-Based Computing: X-Drop on the Graphcore IPU Genome Alignment Others Graphcore SC23 23 https://dl.acm.org/doi/10.1145/3581784.3607094

Automated Code Generation of High-Order Stencils for a Dataflow Architecture Stencil 6. Structured Grids Cerebras SC24 24 https://www.computer.org/csdl/proceedings-article/sc/2024/529100a264/21HUVi6BmXC

Fast Stencil-Code Computation on a Wafer-Scale Processor Stencil 6. Structured Grids Cerebras SC20 20 https://ieeexplore.ieee.org/abstract/document/9355322

Scalable Distributed High-Order Stencil Computationn Stencil 6. Structured Grids Cerebras SC22 22 https://ieeexplore.ieee.org/abstract/document/10046080?casa_token=RiOLKz339EgAAAAA:U91YHvYem3HPV5SJMP3IcMxXTu866NGjRsgmS9sOqORcFJC_W8Z9PZjQIC6P1cIo24g9tMM3o8A

A Novel Parallel Algorithm for Sparse Tensor Matrix Chain Multiplication via TCU-Acceleration SpTMCM 2. Sparse Linear TPDS 23 https://ieeexplore.ieee.org/document/10159508

Accelerating Sparse Matrix-Matrix Multiplication with GPU Tensor Cores SpGEMM 2. Sparse Linear Computers & Electrical Engineering

Reducing shared memory footprint to leverage high throughput on Tensor Cores and its flexible API extension library HPDC 20 https://dl.acm.org/doi/10.1145/3369583.3392685

Mixed Precision LU Factorization on GPU Tensor Cores: Reducing Data Movement and Memory Footprint

A Mixed Precision Randomized Preconditioner for the LSQR Solver on GPUs

Accelerating reduction and scan using tensor core units

EGEMM-TC: Accelerating Scientific Computing on Tensor Cores with Extended Precision

416-PFLOPS fast scalable implicit solver on low-ordered unstructured finite elements

Mixed-Precision Random Projection for RandNLA on Tensor Cores

Extracting the Potential of Emerging Hardware Accelerators for Symmetric Eigenvalue Decomposition https://arxiv.org/pdf/2410.02170



AI-HPC SW: RAPTOR – Numerical 
Profiling of Scientific Applications

Faveo Hoerold, Ivan Ivanov, Akash Dhruv, William Moses, Anshu Dubey, Mohamed Wahib, Jens 
Domke

SC’25 Best Reproducibility Advancement Award

Motivation:

• Historically, easy 
choice: FP32 enough or 
is FP64 necessary?

• AI induced HW trends: 
low-precision units & 
FP64 capabilities 
reduced

Goals/Features:

● Easily applicable, support 
arbitrary precisions & 
numerical error analysis

Design Approach:

● LLVM compiler pass and a 
supporting runtime using 
MPFR

Flash-X: multi-physics multi-
domain application software

● Simulation domain divided
into blocks with AMR

● Shock wave in radial direction

● Hypothesis 1: using reduced 
precision in less-refined
AMR blocks w/o quality loss

  ➔ Sedov problem
        is very robust
        to low-precision

10
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Divergence

Memory
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Divergence

• High bandwidth is a requirement in both HPC and AI

• Good!

• Potential PIM innovations driven by AI would also be welcome by HPC

• Divergence: memory capacity

• AI needs a lot of memory (arguably the main reason people buy more GPUs)

• HPC doesn’t need as much memory

• Current HPC algorithms don’t benefit from more memory

• Rewrite algorithms for abundant capacity (ex: aggressive use of look up tables?)

Risk: HPC has to pay high price for memory capacity it doesn’t need; low return on perf.

Memory
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Divergence

Network
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4D Parallelism: TP+CP+PP+DP

https://arxiv.org/pdf/2407.21783 

Network

https://arxiv.org/pdf/2407.21783
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• Tensor Parallel  [TP]
• The more you split the layer via TP → less compute and more comm
• TP → strong scaling
• Conclusion: do TP inside the node (on a multi-GPU system)
• In practice, we observe TP = 2~8 

• Depends on intra-node interconnect

• Context Parallel  [CP]
• Necessary evil

• Pipeline Parallel  [PP]
• Necessary evil

• There is always inefficiency (bubble in a pipeline)
• Used when running into the limits of TP, CP, and DP

• Data Parallel  [DP]
• Use to the maximum possible

TPPPDP CP

4D Parallelism: TP+CP+PP+DP Network



Divergence

• Scale-up matters:

• AI favors high local connectivity

• 3D torus; hammingmesh; etc

• Scale-out will be more niche

Network

16

For GTP3-175B parameterized as: B = 16, E = 12K, S = 32K, $N_p$ = 175B, L =96, W = 2. Model_FLOPS
is empirically measured (Model_FLOPS = 467.9 x 96 TF)



Divergence Network

Fabric options/alternatives for 4x MI300A config

⚫ Target: 1T model LLM training in BF16:

− Training: 10-20x of working memory vs

model parameters

→ 1/10 of ram * TP * PP * ~two bytes

→ need 20+ TB or 40-80 MI nodes

− TP inside node, CP among 4 doing ops

similar to allgather; PP is low volume

P2P comm. betw 2 or 4 nodes

− DP needs (TP*SP*PP) allreduce rings among #DP nodes

− order of parall. dim. [TP, CP, PP, DP]

⚫ Assume 1-partition layout MI300A (single node: 4* 128 GB)

=> TP=4 & SP/CP=8 & PP=8 => allows 64 nodes or 32TB HBM memory

==> DP=15  ← #nodes in each DP allredu is 15 and we have 256 of them

⚫ => need 256 non-overlapping rings embedded into topology → bisec.BW ≥ 256x

     (bisec.BW ≥ 128x should be enough assuming 800G switch-to-switch links)

Analysis courtesy Jens Domke (RIKEN-CCS)
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Divergence

Storage
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Divergence Storage

* Paul et al., Characterizing Machine Learning I/O Workloads on Leadership Scale HPC Systems, MASCOT’21

(a) Small-scale ML jobs. (b) Medium-scale ML jobs. (c) Flagship-scale ML jobs.

Figure 5: Classification of Small-Scale (18,269), Medium-Scale (5,043), and Flagship-Scale (77) ML jobs. (Note: #users is
the number of unique users submitting ML jobs, and #apps specifies the number of unique applications in each science domain).

Figure 6: Number of ML jobs which either access at least

one file on BB or all files exclusively on GPFS classified on

the basis of the scale of jobs and science domains.

types of jobs use GPFS and BB based on the scale of the

ML jobs.

GPFS Burst Buffer

Job Size RI WI RW RI WI RW

Flagship 78.57 21.43 0 88.89 11.11 0
Medium 55.94 14.29 29.77 37.04 62.50 0.46
Small 56.43 30.71 12.86 52.24 46.76 0.99

Table V: Comparison of percentage of read-intensive (RI),

write-intensive (WI), and read-write (RW) jobs for GPFS

and Burst Buffer classified by the scale of job runs.

Observation 1: Flagship jobs which use exclusively GPFS

are more read-intensive. Therefore, there is a scope of

improvement in I/O performance if these RI ML jobs can

migrate the read-heavy files from GPFS to BB.

Observation 2: Medium scale jobs which have at least

one of their files on BB, use it more for WI jobs. This

implies that ML users might not be confident of using BB

for improved read performance and still prefer to use BB

in a traditional manner, that is, for capturing periodic write

bursts.

C. Temporal Trend of ML I/O Jobs

1) High-Level I/O Trend: The evolution of the I/O char-

acteristics of ML jobs over a period of one year is shown by

Cumulative distribution function (CDF) plots for read and

write bytes in Figure 7.

Observation: More than 50% of the I/O happened in the

later part of the year (starting mid-August). This suggests

an exponential growth in the use of ML technologies in the

Figure 7: Cumulative distribution function (CDF) plots for

read bytes and write bytes for one year.

HPC workloads and the importance of such a study to build

better technologies to meet the future I/O needs of such ML

applications.

2) ML I/O Behavior Trend of Different Science Domains:

Figures 8a and 8b show the temporal trend of the percentage

of bytes read and written by ML jobs on GPFS and BB over

a period of one year classified by the four science domains

that use BB.

Observation 1: Users from Computer Science started

adopting BB for their ML jobs earlier than the other science

domains. The steep jump in the usage of BB in Chemistry,

Materials, and Biology suggests that only a few users used

BB in a small time period. Figure 8b follows the same trend

as Figure 7, where most of the ML jobs were run in the

last few months of the year. Therefore, domain sciences

outside Computer Science are starting to make use of BB

in a more prevalent manner for their ML workloads, which

will continually be on the rise. This means that better I/O

optimization methods need to be developed to use burst

buffer more efficiently.

Observation 2: The temporal trend for reads and writes is

similar on both GPFS and BB, except for Computer Science

for reads on BB, which suggests that there might have been

benchmark runs from the users in Computer Science to test

the read performance of BB at the start of the year, before

using BB in the ML applications.

D. Usage of Burst Buffer by ML I/O Jobs

As seen in Section IV-A5, a large number of small reads

and writes constitute the I/O behavior of ML workloads

which is more suitable for BB than GPFS. Therefore, in

AI/ML jobs on Summit Supercomputer (ORNL)*
RI = Read Intensive; WI = Write Intensive; RW = Read-Write Intensive

• AI/ML

• Mostly reading (no need for strong Posix compliance)

• Many small files vs. few large files (in HPC)

• Favors local storage vs. shared storage (in HPC)

• Different modalities

• Object storage
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Divergence

Algorithms
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Divergence Algorithms

• When you have a hammer, everything is a nail

• Dense LA drives AI/ML

• How much of HPC can be “matrixfied”

• Supercomputers have favored dense LA since the 90s

• Yet most solvers are not matrixfied yet*

* Domke et al, Matrix Engines for High Performance Computing: A Paragon of Performance or Grasping at Straws?, IPDPS’21
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Divergence

Programming
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Divergence Programming

ML Approached to Correctness in Code Generation
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Divergence Programming
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T : Enabl ing AI-Based Automated Code
Generation With Guaranteed Correctness

Anonymous Author(s)

t r ai n. py

app = Si mpl e( " . / i nput . c" )

l oop_nest s = t adashi . Scops ( app)

model = Model ( )

f or _ i n r ange ( 10) :

t r = model . sampl e_t r an( l oop_nest s )

l egal = l oop_nest s . t r ansf or m( t r )

i f l egal :

l oop_nest s . gener at e_code( )

t = app. compi l e ( ) . measur e( )

model . updat e( t r , t )

i nput . c

f or ( i nt t =0; t <T; t ++) {

f or ( i nt i =2; i <N- 1; i ++)

b[ i ] = ( a[ i - 1] + a[ i ] + a[ i +1] ) / 3;

f or ( i nt j =2; j <N- 1; j ++)

a[ j ] = b[ j ] ;

}

out put . c

f or ( i nt c0=0; c0<T; c0+=1) {

b[ 2] =( a[ 1] +a[ 2] +a[ 3] ) / 3;

f or ( i nt c1=2* c0+3; c1<N+2* c0 - 1; c1+=1) {

b[ - 2* c0+c1] = ( a[ - 2* c0+c1- 1] + a[ - 2* c0+c1] +

a[ - 2* c0+c1+1] ) / 3;

a[ - 2* c0+c1- 1] = b[ - 2* c0+c1- 1] ;

}

a[ N- 2] = b[ N- 2] ;

}

SEAL OF

CORRECTNESS!
"

Q.E.D.

Set of all transformations:

legal (" ) and illegal ($ )
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T Choice of ML models:

Supervised learning

Sample: Random primitive transformation

Unsupervised learning (LLMs)

Sample: Random composite transformations for a dataset

Evolutionary algorithms

Sample: Random sequence of primitive transformations

Auto-tuning

Sample: Grid/inter val of composite transformations

Reinforcement learning

Sample: Neighbouring primitive transformations

Any ML model

" FullFuse()

" FullShiftVar(2, 0)

" PartialShiftVal(0, 1)

" SetLoopOpt(0, 3)

Figure 1. T provides a simple interface to allow di erent ML methods to sample from the massive combinatorial space

of possible loop transformations, with assurance that the sampled transformation is legal (i.e., functionally correct). Using the

polyhedral model, T is able to verify whether a transformation is legal or not, and generate the code with the legal

transformations.

Abstract

Frameworks and DSLs auto-generating code have tradition-

ally relied on human experts developing them to have in

place rigorous methods to assure the legality of the applied

code transformations. Machine Learning (ML) is gaining

wider adoption as a means to auto-generate code optimised

for the hardware target. However, ML solutions, and in par-

ticular black-box DNNs, provide no such guarantees on le-

gality. In this paper we propose a library, T , which

leverages the polyhedral model to empower researchers

seeking to curate datasets crucial for applying ML in code-

generation. T providestheability to reliably and prac-

tically check the legality of candidate transformations on

polyhedral schedules applied on a baseline reference code.

Weprovideaproof that our library guaranteesthelegality of
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2025.

generated transformations, and demonstrate its lightweight

practical cost. T is available at h ps://anonymous.

4open.science/r/tadashi- cgo.

Keywords: Machine learning, Polyhedral compilation, Code

tansformation, Correctness, Compositionality,Sourcetosource

1 Introduction

Machine learning (ML) is disrupting all forms of digital me-

dia, and the creation of computer programs is no exception.

ML can be and has been applied in various ways with the

aim of making the work of programmers [15] easier: gener-

ating code from “natural languages” [32], write a summary

(e.g., write commit messages) of a piece of code [36], auto-

complete code on-the- y while it’s being written [21] etc.

In this paper, we consider the task of optimising code to a

hardware target, i.e., using ML to transform the hotspots in

the code, i.e., loops, in a way that improves performance.

1
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