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Abstract
Stencil computations are fundamental to various HPC and intelli-
gent computing applications, often consuming significant execution
time. The emergence of specializedmatrix units presents new oppor-
tunities to accelerate stencil computations. While scalable matrix
compute units provide substantial computing horsepower, prior
efforts fail to fully utilize the computing capabilities for stencils
due to suboptimal matrix-unit utilization, limited instruction-level
parallelism, and low cache hit rates. This paper introduces HStencil,
a novel stencil computing framework utilizing matrix and vector
units. HStencil addresses these challenges through three contri-
butions: 1) microkernels that jointly leverage matrix and vector
units to enhance hardware utilization; 2) fine-grained instruction
scheduling with interleaved execution to enhance instruction-level
parallelism; and 3) spatial prefetch to sustain high performance
when working sets exceed cache capacity. Evaluations on represen-
tative benchmarks demonstrate that HStencil achieves maximum
speedups of 1.81x – 5.76x over auto-vectorization across differ-
ent CPU platforms, delivers 31% - 91% higher performance versus
state-of-the-art methods.
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1 Introduction
Stencil computations are prevalent patterns in high-performance
computing (HPC) and intelligent computing applications [6, 33].
Stencil operations can be characterized as iteratively updating each
point in a multi-dimensional grid according to the neighboring
values. As shown in Figure 1, stencil computations are broadly
categorized into two spatial patterns: star and box. The star pat-
tern updates points along coordinate axes, while the box pattern
incorporates off-axis neighbors.

To accelerate stencil executions, prior researches have exten-
sively explored leveraging the vector units in commercial proces-
sors. For example, the DLT[16] method formats the vector layout
of the stencils to reduce redundant load accesses. Meanwhile, tem-
poral vectorization[34] fuses stencil computations across iterations,
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Box Stencil Star Stencil

Figure 1: Box and Star Stencils.

enabling more effective vectorization. Motivated by the success of
vector units, architecture designers proposed the more ambitious
matrix units, which are to meet the rising demands of matrix oper-
ations in scientific computing and machine learning applications.

Modern architectures have introduced specialized matrix units,
such as NVIDIA Tensor Cores[10], Google TPUs[14], scalable ma-
trix compute units[32] and Intel AMXs[18]. These units put signif-
icant efforts into accelerating matrix operations through tailored
matrix multiplication (MM) instructions. For instance, NVIDIA Ten-
sor Cores feature inner product-based (Figure 2a) designs, whereas
the emerging scalable matrix compute units[32] relies on the alter-
native outer product acceleration (Figure 2b). Compared to inner
product, outer product operations can be decomposed into more
memory-friendly operations on scalable matrix compute units. In
this regard, scalable matrix compute units are highly promising to
reduce memory overhead and provide more sufficient computing
capabilities.

c1 = a1 × b1 + a2 × b2 + a3 × b3

b3

b2
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C

(a) Inner product.

cij = ai × bj
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(b) Outer product.

Figure 2: Outer product and inner product operations.

Unlike dense matrix multiplications, stencil computations re-
quire a sophisticated design to exploit the matrix-unit-utilization. A
plethora of works have been proposed to implement and optimize
stencil computations on NVIDIA Tensor Cores (e.g., TCStencil[24],
ConvStencil[9] and LoRAStencil[43]). For scalable matrix compute
units, existing works (e.g. STOP [45]) fail to fully utilize the suffi-
cient computing capabilities provided by the outer product opera-
tions. These works exhibit suboptimal utilization of matrix units in
certain stencil patterns, and face performance degradation when
processing out-of-cache stencil workloads. Moreover, the existing
solutions suffer from performance bottlenecks on load/store in-
structions, and under-utilizes the instruction-level parallelism (ILP)
for computation-memory access overlap. These gaps underscore
the need for a holistic framework to unlock the full potential of
outer product-based architectures for stencil workloads.

To overcome the challenges, this paper presents HStencil, a hy-
brid and heterogeneous stencil computing framework designed to
maximize performance on modern CPU architectures with scalable
vector and matrix compute units. HStencil consists of three key
components: 1) Enhanced micro kernels of stencil computation
that leverage scalable vector and matrix compute units to ensure
matrix unit utilization and continuous memory accesses. 2) Fine-
grained instruction scheduling to exploit ILP by interleaving load,

compute, and store operations across matrix and vector units. 3)
Spatial prefetch strategy to efficiently manage out-of-cache stencils,
improving cache hit rates and reducing off-chip memory traffic.

In summary, this paper makes the following contributions:
• We present HStencil, a novel stencil framework to efficiently
leverage scalable matrix compute units. It combines scalable
vector and matrix compute units to maximize computational
throughput and memory efficiency on next-generation CPU
architectures.
• We further incorporate enhancedmicro kernels with in-place
accumulation methods, instruction scheduling to exploit
ILP across matrix and vector pipelines, spatial prefetch to
minimize overhead for out-of-cache stencils.
• Experimental results on representative benchmarks demon-
strate that HStencil significantly improves overall execution
performance, far outperforming the state-of-the-art meth-
ods. Moreover, HStencil can be generalized to other hetero-
geneous architectures, and is the first efficient stencil imple-
mentation tailored to Apple M4 CPUs.

2 Background and Motivation
2.1 LX2 CPU Micro Architecture
The LX2 CPU is a next-generation high-performance CPU equipped
with scalable vector and matrix compute units. The scalable ma-
trix compute units feature outer product instructions that de-
liver substantial computing capability. Compared to the scalable
vector Multiply-Accumulate (MLA) instruction, the outer prod-
uct instruction reaches approximately four times the theoreti-
cal double-precision (FP64) performance of MLA. While this sug-
gests that leveraging the outer product instructions can yield sig-
nificant speedups compared to MLA instructions, the computing
horsepower of vectors must not be overlooked. MLA instructions
may outperform the outer product instructions, especially in cases
where the utilization of the matrix unit is lower than 1/4.

Moreover, the matrix and vector instructions are dispatched
to distinct pipelines, thereby enabling concurrent execution. To
quantify this potential, we perform an ILP test with results being
shown in Figure 3. The results confirm that matrix and vector
instructions can be co-issued and executed concurrently. Moreover,
overlapped execution can achieve up to 1.5x speedup over isolated
execution, as shown in Figure 3b.
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Figure 3: Tests on Matrix and Vector ILP.

Matrix instructions operate on specialized two-dimensional
matrix registers[5]. There are eight matrix registers for double-
precision computation and can be assessed as tiles. Each tile can
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store up to 64 double-precision numbers, organized into 8 rows
of 8 numbers, with each row known as a slice. The outer prod-
uct instruction computes the outer product of two input vectors
and accumulates the result in the matrix register. Data transfers
between matrix and vector registers, as well as between matrix
registers and memory, can be performed in both horizontal and
vertical orientations.

Algorithm 1: Star-2D5P Stencil
Input: matrix 𝐴, coefficient 𝑐1, 𝑐2, 𝑐3, 𝑐′1, 𝑐

′
3

Output: matrix 𝐵
1 for 𝑝𝑜𝑖𝑛𝑡 [𝑖] [ 𝑗] ∈ 𝐴 do
2 𝐵 [𝑖] [ 𝑗] = 𝑐1 ×𝐴[𝑖] [ 𝑗 − 1] + 𝑐′1 ×𝐴[𝑖 − 1] [ 𝑗] + 𝑐2 ×

𝐴[𝑖] [ 𝑗] + 𝑐′3 ×𝐴[𝑖 + 1] [ 𝑗] + 𝑐3 ×𝐴[𝑖] [ 𝑗 + 1]

2.2 Outer Product-based Stencil Computation
Stencil computations mostly involve summing the weighted val-
ues of spatially neighboring grid points. Algorithm 1 shows the
computation of a star stencil. Additionally, the radius of the stencil
is often characterized by 𝑟 = 𝑛, where 𝑛 is the distance from the
center grid pointing to the outermost points. For simplicity, we use
𝑟 = 1 2D stencils to illustrate the computations.

Stencil computations are broadly categorized into two paradigms
based on their data access patterns: gather and scatter [30]. In the
gather approach, illustrated in (1) for a 𝑟 = 1 stencil, elements from
the input matrix 𝐴 are actively aggregated to compute each output
element in matrix 𝐵.

𝐵 (𝑖, 𝑗 )
save←−−− 𝑐1 ∗𝐴(𝑖−1, 𝑗 ) + 𝑐2 ∗𝐴(𝑖, 𝑗 ) + 𝑐3 ∗𝐴(𝑖+1, 𝑗 ) (1)

Conversely, the scatter approach, demonstrated in (2), operates pas-
sively: instead of accumulating contributions from 𝐴, each element
in 𝐴 contributes one-third to the final value of the target element
of the matrix 𝐵 per iteration.

©­«
𝐵 (𝑖−1, 𝑗 )
𝐵 (𝑖, 𝑗 )
𝐵 (𝑖+1, 𝑗 )

ª®¬ add←−−− ©­«
𝑐3
𝑐2
𝑐1

ª®¬ ⊗ 𝐴(𝑖, 𝑗 ) (2)

B(i-1,j)B(i-2,j)

A B

B[4][*] = A[3][*] × c1 + A[4][*] × c2 + 
A[5][*] × c3

(a) Vector MLA stencil. (extended from gather form)

B(i-1,j)B(i-2,j)

A

A[4][*]

B[3][*] = A[2][*] × c1 + A[3][*] × c2 +
A[4][*] × c3

Matrix Register

B[4][*] = A[3][*] × c1 + A[4][*] × c2 +
A[5][*] × c3

B[5][*] = A[4][*] × c1 + A[5][*] × c2 +
A[6][*] × c3

Outer Product

(b) Outer product stencil. (extended from scatter form)

Figure 4: SIMD implementations of stencil computation.

To exploit SIMD (Single Instruction, Multiple Data) parallelism,
the gather and scatter forms can be implemented by MLA instruc-
tions and outer product instructions, respectively. As shown in
Figure 4a, the gather form leverages MLA instructions to vectorize
scalar source elements. The scatter form employs outer product
instructions (Figure 4b) to broadcast a source vector across a coeffi-
cient vector, thereby updating multiple columns of 𝐵 in parallel.

STOP[45] is the first and state-of-the-art work to leverage the
outer product operations to compute stencils. Based on the outer
product operations, the box stencils can be calculated in (3). The
matrix𝐶 is the coefficient matrix, and the matrix 𝐵 can be obtained
by accumulating the outer product results.

©­«
𝐵 (𝑖−1, 𝑗−1) 𝐵 (𝑖−1, 𝑗 ) 𝐵 (𝑖−1, 𝑗+1)
𝐵 (𝑖, 𝑗−1) 𝐵 (𝑖, 𝑗 ) 𝐵 (𝑖, 𝑗+1)
𝐵 (𝑖+1, 𝑗−1) 𝐵 (𝑖+1, 𝑗 ) 𝐵 (𝑖+1, 𝑗+1)

ª®¬ add←−−−

©­«
𝑐31 𝑐32 𝑐33
𝑐21 𝑐22 𝑐23
𝑐11 𝑐12 𝑐13

ª®¬ ⊗ 𝐴(𝑖, 𝑗 )
(3)

For star stencils, similar to the box ones, they can also be rep-
resented in (4). As star stencils need fewer coefficients, their co-
efficient matrices can be viewed as sparse forms of those of box
stencils.

©­«
𝐵 (𝑖−1, 𝑗−1) 𝐵 (𝑖−1, 𝑗 ) 𝐵 (𝑖−1, 𝑗+1)
𝐵 (𝑖, 𝑗−1) 𝐵 (𝑖, 𝑗 ) 𝐵 (𝑖, 𝑗+1)
𝐵 (𝑖+1, 𝑗−1) 𝐵 (𝑖+1, 𝑗 ) 𝐵 (𝑖+1, 𝑗+1)

ª®¬ add←−−−

©­«
0 𝑐31 0
𝑐21 𝑐22 𝑐23
0 𝑐11 0

ª®¬ ⊗ 𝐴(𝑖, 𝑗 )
(4)

The above equations can be computed along the outer and inner
axes. As shown in Figure 5, the outer-axis outer products take rows
from thematrix𝐴, and update rows of the matrix 𝐵. On the contrary,
the inner-axis outer products take columns from the matrix 𝐴, and
update columns of the matrix 𝐵. Therefore, outer-axis ways are
more efficient than inner-axis ways for continuous memory access.

Discontinuous

A B

A B

Continuous

Matrix Register

B[3][*] = A[2][*] × c1 + A[3][*] ×
c2 + A[4][*] × c3 

Matrix Register

B[*][3] = A[*][2] × c1 + A[*][3] ×
c2 + A[*][4] × c3 

(a)  Outer-axis Outer Product  

(b)  Inner-axis Outer Product 

Figure 5: Outer products on the outer and inner axes.
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2.3 Performance Bottlenecks
Although outperforming traditional compiler-based vectorization
and temporal vectorization techniques, outer-product-based sten-
cil computation (i.e. STOP) introduces unique challenges. It shifts
the computational paradigm from vector-wise to matrix-wise pro-
cessing, thereby bringing performance bottlenecks in matrix-unit
utilization, instruction-level parallelism and cache hit rates.

Table 1: Matrix-unit utilization of different methods. (single-
register)

Method Matrix-unit Utilization

Outer-axis (Box) 41.7%
Outer-axis (Star) 18.3%

Outer&inner-axis (Star) 41.7%

2.3.1 LowMatrix-unit Utilization. The utilization of scalablematrix
compute units relies on two aspects: 1) utilization in a single matrix
register and 2) utilization across multiple matrix registers.

The utilization in a single matrix register is demonstrated in Ta-
ble 1. Box stencils achieve moderate matrix-unit utilization through
outer-axis methods, using over 40% of the matrix units. However,
star stencils present a unique optimization challenge due to sparsity
in their coefficient matrices, which leads to suboptimal utilization
of matrix units with outer-axis methods. As shown in Table 1, outer-
axis methods achieve less than 20% matrix-unit utilization for star
stencils, which is extremely low compared to box. While hybrid
outer-inner outer products can preserve the utilization, they intro-
duce performance bottlenecks through non-contiguous memory
access patterns. This trade-off highlights the need for a redesigned
computation strategy that simultaneously optimizes matrix-unit
utilization and memory access for star stencils.

Moreover, single-register kernels fail to maximize scalable ma-
trix compute unit throughput, as peak performance is only attained
when executing four or more independent outer-product instruc-
tions concurrently (shown in Figure 3a). Therefore, implementa-
tions must employ multi-register kernels to enhance utilization
across multiple matrix registers.

Table 2: Instructions per cycle (IPC) of different methods.

Method Instructions Per Cycle

Vector-only 1.75
Matrix-only 1.46

Ideal 3.00

2.3.2 Low Instruction Level Parallelism. While matrix instructions
offer higher data throughput per instruction, their lower instruction
throughput compared to vector instructions results in a notable
ILP degradation. As shown in Table 2, the matrix-only approach
achieves an IPC of only 1.46, significantly lower than the 1.75 of the
vector-only method. However, analysis of ILP in Figure 3b reveals
potential for optimization: overlapping eight outer product instruc-
tions with eight MLA operations demonstrates achievable ILP of 2.0.

Furthermore, load/store instructions can be concurrently scheduled
with computational instructions, potentially increasing the theo-
retical ILP upper bound beyond 2.0. These findings highlight the
importance of efficient instruction scheduling to maximize pipeline
utilization through interleaved execution of matrix instructions,
vector instructions, and memory operations.

Table 3: L1 cache hit rates on out-of-cache stencils.

Matrix Size Vector Method Matrix Method

1024 × 1024 96.68% 66.16%
2048 × 2048 97.79% 66.26%
4096 × 4096 99.53% 34.58%
8192 × 8192 99.33% 32.51%

2.3.3 Low Cache Hit Rates. While conventional caching policies
work well for 1D vector-wise processing with contiguous memory
access patterns, they exhibit significant inefficiencies when applied
to 2D tensor-based computations. Traditional vector processing
inherently exploits 1D spatial locality by sequentially updating con-
tiguous memory regions. In contrast, Matrix-only implementations
employ matrix-wise processing that operates on non-contiguous
tiled matrix blocks, creating distinct 2D memory access patterns.
Although commercial processors support strided prefetch[7], the
complex memory access pattern of outer-product computation hin-
ders the utilization of such hardware features. As shown in Table 3,
the outer-product method has a lower L1-cache-hit rate of below
40% for large stencils, while vector-based solutions work well with
the L1 cache. These limitations underscore the need for strategies
to utilize cache for out-of-cache stencils.

§3.1 Micro Kernel

tiling

Matrix Instruction

Input
Data

Output
Data

TileTileInput
DataTile

load TileTileInput
DataTile

store

prefetch prefetch

Vector Instruction

tiling

Tile
Cache

Tile
§3.2 Instruction Scheduling

§3.3 Spatial Prefetch

LD/ST Instruction

§3.3 Spatial Prefetch

Figure 6: Overview of the HStencil framework.

3 Design
In this section, we present HStencil, a framework for accelerating
stencil computations on modern CPUs. As shown in Figure 6, HS-
tencil comprises three core components:
• Hybrid matrix-vector micro kernel for stencil computation,
which optimizes matrix unit utilization and memory ac-
cesses by leveraging the strengths of both outer product
and Multiply-accumulate operations.
• Fine-grained matrix-vector instruction scheduling method
that maximizes instruction-level parallelism for matrix, vec-
tor, and load/store instructions.
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• Spatial prefetch method that leverages the prefetch opera-
tions to utilize cache for matrix processing in stencil compu-
tation.

3.1 Micro Kernel
Towards efficient stencil computation on modern architectures,
high-performance micro kernels must be designed to maximize ma-
trix unit utilization and ensure contiguous memory access patterns.
In this work, we first introduce optimized micro kernel designs,
and then extend the single-register micro kernels to multi-register
ones by integrating data tiling and data reuse strategies, enabling
efficient utilization of matrix units.

Table 4: Notations of commonly-used symbols.

Notation Value

𝑇matrix Matrix Outer Product Computation Time
𝑇vector Vector MLA Computation Time
𝐶L1LD Load Cycles of L1 Cache
𝐶L1ST Store Cycles of L1 Cache

3.1.1 Single-register Kernel. Performing outer product on the outer
axis works well on dense stencils (e.g. box stencils). For sparse
stencils like star, the outer-axis outer product approach suffers from
low matrix register utilization, and the combined outer- and inner-
product strategy introduces discontinuous memory accesses. To
address this trade-off, we propose a novel hybrid methodology that
balances register efficiency and memory access, leveraging scalable
vector and matrix compute units to optimize kernel performance.

B(i-2,j)
B(i-1,j)B(i-2,j)

① Outer Product

② MLA

B(i-1,j)B(i-2,j)

Matrix RegisterA

load#1

load#2

store#1

③ Accmulate (ADD)

load#3

store#2

A

B'

B''

B

B'[3][*] = A[2][*] × c1 + A[3][*] ×
c2 + A[4][*] × c3

B''[3][*] = A[3][0~7] × c1′ + A[3]
[2~9] × c3′

B[3][*] = B'[3][*] + B''[3][*]

Figure 7: Naive matrix-vector method.

Leveraging the MLA instructions, we treat them as alternatives
in stencil computation where outer product instructions do not
work well. As illustrated in Figure 7, our naive implementation
integrates outer product and MLA instructions. The first step em-
ploys outer products for outer-axis computation, and store the
intermediate results back to the memory. The second step utilizes
MLA instructions for inner-axis computation. After that, intermedi-
ate results are reloaded from the memory, accumulated, and finally
stored back to memory. Although this method successfully assigns
appropriate tasks to matrix and vector units, computing matrix
and vector results independently requires redundant load/store
operations and harms overall performance.

B(i-1,j)B(i-2,j)

load#2

B(i-1,j)B(i-2,j)

Matrix Register

load#1

B(i-1,j)B(i-2,j)

Matrix Register
(Same Register)

① Outer Product

② MLA

③ Accmulate (Outer Product)

store#1

B[4][*] = A[4][0~7] × c1′ + A[4]
[2~9] × c3′

B[3][*] += A[2][*] × c1 + A[3][*]
× c2 + A[4][*] × c3

BA

Figure 8: In-place accumulation matrix-vector method.

To avoid the overhead of an extra accumulation process, we
propose a more efficient method enhanced by the in-place accu-
mulation. As shown in Figure 8, the method continues to utilize
matrix and vector units to compute the outer-axis and inner-axis
components, and Algorithm 2 is the kernel implementation for this
method. On the 𝑖0-th iteration, the method computes the outer-
axis part (line 8), and updates one portion from the (𝑖0 − 𝑟 )-th to
(𝑖0 + 𝑟 )-th rows. Meanwhile, the vector computes the inner axis of
the 𝑖0-th row. Therefore, the (𝑖0 − 𝑟 )-th row will be available after
the 𝑖0-th iteration, and it leverages an outer product instruction to
accumulate the results from vector registers to matrix ones.

Algorithm 2: In-place accumulation matrix-vector kernel.
Input: 𝐴
Output: 𝐵

1 partition Xstart, Ystart,Xend, Yend
2 for 𝑖 ∈ {Ystart, . . . , Yend} do
3 𝑖 ← 𝑖 + 1 × SVL
4 for 𝑗 ∈ {Xstart, . . . ,Xend} do

/* Can extend to multiple registers */

5 𝑗 ← 𝑗 + (register_count) × SVL
/* Micro Kernel Starts */

6 for 𝑖0 ∈ {𝑖 − 𝑟, . . . , 𝑖 + SVL + 𝑟 } do
7 load 𝐴𝑖0, 𝑗

/* Outer product compute */

8 ZAReg+ = 𝑐𝑜 𝑓 1(𝑖0−𝑖+𝑟 ) ⊗ 𝐴𝑖0, 𝑗

9 if 0 ≤ 𝑖0 ≤ SVL − 1 then
10 for 𝑗0 ∈ {−𝑟, . . . , 𝑟 } do

/* MLA Compute */

11 Reg1+ = 𝐴𝑖0, 𝑗+𝑗0 × 𝑐𝑜 𝑓 2𝑗0+𝑟
/* Accmulate to matrix */

12 ZAReg𝑖0+ = 𝑐𝑜 𝑓 𝑎𝑑𝑑 ⊗ Reg1

13 if 𝑖0 ≥ 𝑟 then
14 store 𝐵𝑖0−𝑟, 𝑗 ← ZAReg𝑖0−𝑟,𝑗

Computation-overhead Saving. In the naive implementation,
since the outer product operations and the MLA operations are
performed independently, their execution cannot be overlapped,
and the accumulation process requires an extra add operation as
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the overhead.
𝑇naive_compute = 𝑇vector +𝑇matrix +𝑇naive_overhead
𝑇naive_overhead = 𝑇add

(5)

As for the in-place accumulation method, we introduce a trick
in the accumulation process. Traditionally, accumulating the vector
and matrix results requires a multi-stage workflow: iterate over
matrix register slices, perform slice-to-vector transfers, aggregate
partial sums, and finally write results back to the memory. This
process introduces overhead quantifiable as𝑇m2v+𝑇add, where𝑇m2v
(matrix-to-vector transfer) dominates latency, requiring two times
more cycles than outer product instructions.

Outer product instructions compute the outer product of two
vectors, and perform a store-and-accumulate operation to matrix
registers. By selectively enabling target matrix slices through coef-
ficient vector adjustments, outer product instructions inherently
consolidate store and addition operations into one single instruction.
Consequently, overhead gets reduced as depicted by Equation 6.
Also, since the matrix and vector instructions are interleaved, their
execution time can be overlapped.

𝑇inplace_compute = max(𝑇vector,𝑇matrix) +𝑇inplace_overhead
𝑇inplace_overhead = 𝑇outer_product

(6)

Memory-overhead Saving. In the naive method, the accumu-
lation process also brings redundant loads/stores between registers
and memory. As illustrated in Figure 7, it requires two loads for
input data, one store for storing intermediate results, and extra one
load and one store for the accumulation process. Overall, the total
number of memory accesses is five, and the overhead is shown in
Equation 7.

𝑇naive_memory = 3 ×𝐶L1LD + 2 ×𝐶L1ST (7)

The in-place method integrates the vector computation and ma-
trix computation, thereby saving thememory overhead. First, it only
needs one store, since it accumulates the vector results to matrix
registers via outer product instructions. Second, it does not need an
extra accumulation process, and saves the redundant loads/stores.
Collectively, these optimizations reduce the total memory opera-
tions to two loads and one store per row of stencil computations.
Totally, the number of memory accesses is three, and the memory
overhead is shown in Equation 8.

𝑇inplace_memory = 2 ×𝐶L1LD + 1 ×𝐶L1ST (8)

3.1.2 Multi-register Kernel. Besides single-register kernels, achiev-
ing full utilization of scalable matrix compute units necessi-
tates multi-register implementations. As scalable matrix compute
units require concurrent execution of at least four independent
outer product instructions to attain peak theoretical FLOPS, high-
performance kernels should therefore be designed to utilize four or
more matrix registers simultaneously. Effective utilization of multi-
ple matrix registers requires loop unrolling to enable concurrent
occupation of architectural resources and facilitate instruction-level
parallelism. As illustrated in Figure 9, we implement loop unrolling
on the 𝑗 axis to enhance data locality by processing more tiles of
data per iteration.

While loop unrolling enhances ILP, it introduces memory pres-
sure, thereby necessitating complementary data reuse strategies.

Stencil computations inherently exhibit interleaved data access pat-
terns, providing opportunities for data reuse. Data reuse methods
amplify these opportunities by leveraging vector EXT instructions
to concatenate the adjacent vectors together to form the needed
input vectors, as shown in Figure 9. By utilizing the data reuse
method, the concatenated vectors can be used for both matrix and
vector computation.

Tile 3 Tile 4

A[i][j+8*1-1]

Tile 1 Tile 2

Input Data

A
j

i

A[i~i+8][j~j+8*4]

A[i][j+8*1] A[i][j+8*1+1]

Concat Concat

Figure 9: Data tiling and reuse. Loaded vectors are concate-
nated for 𝑗 + 8 ∗ 1 − 1 and 𝑗 + 8 ∗ 1 + 1 vectors.

3.2 Fine-grained Matrix-Vector Instructions
Replacement and Scheduling

Efficient stencil computation not only needs optimized micro ker-
nels to maximize computational unit utilization but also fine-
grained instruction scheduling to overlap computation with mem-
ory operations. To fully utilize the ILP, we propose two novel tech-
niques, including: vector instruction replacement to reduce pipeline
stalls and matrix-vector instruction scheduling to orchestrate con-
current execution across computation, memory, and vector/matrix
operation pipelines.

3.2.1 Vector Instruction Replacement. The integration of vector
instructions into outer product-based stencil computation offers
significant advantages. However, vector operations can become a
performance bottleneck if utilizing a large amount of vector instruc-
tions. To address this, we analyze the execution cycles of vector
and matrix instructions for box and star stencils in Table 5. Our
results reveal that vector instructions dominate execution cycles
in certain stencils, causing a potential performance limitation. To
mitigate this, we propose strategies to reduce vector instructions
while preserving computational efficiency.

Table 5: Matrix / vector instruction ratio.

Method Cycles (Matrix / Vector)

Matrix Star & Box 40 / 0
Matrix-Vector Star 16 / 48
Matrix-Vector Box 40 / 32

MLA Instructions Replacement. Replacing outer products
with vector MLA in stencil computation aims to use light-weighted
vector instructions to complete operations where outer products are
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suboptimal. However, aggressive substitution creates an imbalance:
after replacement, vector instructions dominate the execution time,
leaving the scalable matrix compute units underutilized. To address
this, we propose a partial rollback strategy, selectively reverting
vector MLA instructions to outer product instructions. Outer prod-
uct instructions leverage the idle matrix units, and we can trade
latency increases for improved overall throughput via concurrent
execution of matrix and vector instructions.

EXT Instructions Replacement. To minimize redundant mem-
ory access, we employ EXT instructions to concatenate interleaved
input vectors. While this approach benefits memory access, it intro-
duces pipeline contention, where MLA instructions compete with
EXT for pipeline resources, creating performance bottlenecks. As
stencil computation needs interleaved data and the memory access
will hit the L1 cache, extra memory access is affordable. Thus, we
alter some of the EXT instructions back to load instructions, thereby
balancing more of the pipeline.

Tile#0~7
Row#0

Iter #1

. . .

Iter #2 Iter #3~#N Store Results

(a)  Unscheduled Matrix-Vector Instruction Pipeline 

Tile#0 Tile#1 Tile#2 Tile#3 Tile#4 Tile#5 Tile#6 Tile#7

Bubble Bubble

Bubble Bubble

Consecutive store of 8*8*8 doubles

Iter #1

. . .

Iter #2 Iter #3~#N  Results Already Stored

(b)  Scheduled Matrix-Vector Instruction Pipeline 

No need to store
Tile#0~7
Row#0

Tile#0~7
Row#1

Load Matrix Instruction Vector Instruction Store

Figure 10: Instruction scheduling of matrix instructions, vec-
tor instructions, load and store instructions.

3.2.2 Matrix-Vector Instruction Scheduling. After the replacement,
the execution cycles of vector instructions, matrix instructions and
load instructions are aligned, enabling their overlap to hide latency.
We propose a matrix-vector scheduling method to orchestrate con-
current execution across the matrix, vector, and load/store pipelines.
As shown in Figure 10, we load the input vectors at first. Once
vectors are loaded, outer product instructions are dispatched to
compute outer products along the outer axis, and EXT instructions
are issued to carry out vector concatenation. For box stencils, the
only used vector instructions are the EXT instructions for concate-
nating vectors to save interleaved data loading. Thus, we schedule
to parallelize the vector EXT and load instructions, making sure
the input data is always ready for matrix instructions. For star sten-
cils, vector instructions are used for both concatenating vectors
and computing. Similarly, we parallelize the EXT instructions and
load instructions are carried out to prepare the data for computing.
After that, the vector MLA instructions and matrix outer product
instructions start to process the data and compute, maximizing the
instruction throughput.

Beyond optimizing computation and load instructions, the store
operations in stencil computations can be further optimized. As
each step of the stencil computation will update multiple rows in

the matrix register, it is completely safe to store only after the com-
pletion of all computations. This results in the consecutive storage
of up to 512 64-bit floating points at a time, as shown in Figure 10.
It imposes significant stress on the cache and memory, potentially
leading to bandwidth bottlenecks. In our computation framework,
the data in the stencil computations will be available before the
entire computation is completed, offering opportunities to overlap
store operations. For outer product-based stencil implementations,
store operations need not be delayed until all computations are
completed. The availability of data depends on the stencil radius 𝑟 .
Each iteration updates a portion of 2 × 𝑟 + 1 rows. Therefore, the
𝑖𝑡ℎ row of the ZA register is available after 2 × 𝑟 + 𝑖 iterations, as
shown in line 14. By scattering store operations throughout the
iterations, we can mitigate the store bottleneck, thereby improving
overall stencil computation efficiency.

3.3 Spatial Prefetch for Matrix Units
For in-cache stencils, performance improvements can be achieved
through kernel- and instruction-level optimizations. In contrast,
out-of-cache stencils necessitate memory-centric optimizations to
maximize cache utilization. Caching policies in commercial CPUs
are primarily optimized for vector-wise data access patterns, result-
ing in suboptimal performance for matrix-oriented computations
that inherently require multidimensional data reuse. Therefore, we
need to manually guide the cache to store the desired data.

A

i

Tile 1 Tile 2 Tile 4Tile 3

Input Data

Access Order

i+8

i+1

Current Data Next Iteration Data Cached Data

Cached Data Unused

Figure 11: Data access pattern of HStencil computation.

OnNVIDIAGPUs, where software-controlled caches (e.g., shared
memory) enable explicit data management, programmers can man-
ually cache critical stencil data to optimize tensor-wise compu-
tation. Likewise, on non-programmable caches, such as those in
commercial CPUs, we leverage prefetch instructions as alternatives
to manually guide the default caching policies to mitigate access
inefficiencies.

Effective use of prefetch instructions in stencil computations re-
quires a detailed analysis of memory access patterns. As illustrated
in Figure 11, the HStencil computation for input matrix 𝐴 exhibits
a row-wise access pattern. During each iteration, the algorithm
reads a contiguous block of data (up to 64 elements per row), which
triggers hardware caching policies to prefetch adjacent memory
addresses. However, subsequent iterations require data from the
next row of the matrix, resulting in a non-contiguous access pattern
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Algorithm 3: Spatial Prefetch in Stencil Computation
Input: 𝐴
Output: 𝐵

1 for 𝑖 ∈ {Ystart, . . . , Yend} do
2 for 𝑗 ∈ {Xstart, . . . ,Xend} do
3 for 𝑖0 ∈ {𝑖 − 𝑟, . . . , 𝑖 + SVL + 𝑟 } do

/* Prefetch A[i0+1][*] and Load

A[i0][*] */

4 prefetch 𝐴𝑖0+1, 𝑗 , load 𝐴𝑖0, 𝑗

5 (Matrix+Vector Computation)
/* Prefetch B[i0-r][*] */

6 prefetch 𝐵𝑖0−𝑟,𝑗
7 (Matrix+Vector Computation)
8 if 𝑖0 ≥ 𝑟 then

/* Store to B[i0-r][*] */

9 store 𝐵𝑖0−𝑟, 𝑗 ← ZAReg𝑖0−𝑟,𝑗

that renders default hardware prefetching ineffective. 𝐴 similar in-
efficiency arises when storing results in matrix 𝐵, where updates
are performed row-wise in contiguous blocks.

To address this, we strategically insert prefetch instructions to
guide cache behaviors as shown in algorithm 3, transforming the
hardware’s default 1D spatial prefetching into an approximation of
2D data locality. For the input matrix 𝐴 and result matrix 𝐵, we in-
sert two critical prefetch operations during each iteration. The first
is to prefetch the next row of matrix 𝐴 required for the subsequent
iteration into the L1 cache, as shown in line 4. The second is to
prefetch the destination row in matrix 𝐵 for the current iteration’s
results (line 6). For efficient prefetching, the prefetch instructions
for𝐴 are scheduled alongside corresponding load instructions, prim-
ing the cache for future accesses. Matrix 𝐵’s prefetch is embedded
within the stencil computation phase, overlapping memory hints
with arithmetic operations.

4 Architecture Generalization
Rather than being restricted to a single architecture, HStencil is a
cross-architecture framework, ensuring performance portability
across diverse hardware platforms by leveraging outer product
units. In this work, we evaluate its performance portability through
a case study on the Apple M4 CPU[2].

4.1 Micro Kernel Portability
Apple M4 CPU also consists of the scalable matrix compute units.
However, it lacks vector MLA units and supports matrix compute
units MLA[4] (M-MLA) as alternatives. The M-MLA instructions
perform matrix multiply-accumulate operations on vector groups
within the matrix registers. For stencil computations, we lever-
age the M-MLA instructions as alternatives, and perform stencil
computation with MLA and outer products.

WhileM-MLA instructions also provide strong computing power,
the cooperation between M-MLA and matrix outer products has
been limited in exploration. The M-MLA instructions update frag-
mented parts (i.e. 0, 2, 4, 6 rows) of the matrix register, which makes

the data layout different from the original form. Thus, the in-place
accumulation is architecturally infeasible on the M4 CPU, necessi-
tating reversion to the naive method.

4.2 Instruction Scheduling Portability
Stencil computation on the AppleM4 CPU incorporates scalable ma-
trix compute units, load/store, and vector EXT instructions. While
the M4 lacks vector MLA units, vector EXT instructions remain
viable and can be used to optimize interleaved data loading. Also,
on the Apple M4 CPU, independent vector EXT instructions can be
effectively overlapped with the scalable matrix compute units in-
structions. By leveraging these instructions, we are able to employ
fine-grained instruction scheduling to balance pipeline utilization
across scalable matrix compute units, vector EXT, and LD/ST in-
structions, thereby maximizing ILP efficiency.

4.3 Prefetch Optimization Portability
Like mainstream commercial processors, the Apple M4 CPU lacks
native hardware support for 2D tensor caching policies on matrix
units. To address this, we apply spatial prefetch strategies by insert-
ing explicit prefetch instructions for matrices, thereby leveraging
cache utilization to mitigate memory access latency.

5 Evaluation
In this section, we first present the in-cache results of HStencil
across various stencil benchmarks, and examine the details of the
HStencil design contributing to the performance. Subsequently, we
conduct out-of-cache experiments and portability studies, showing
the effect of prefetch optimizations and the performance portability.
To this end, we also conduct performance portability experiments
on the Apple M4 CPU.

5.1 Experiment Platform
We conduct the in-cache and out-of-cache experiments on the newly
released LX2 high-performance CPU. It utilizes a 512-bit vector
length, processing 8 double-precision floating-point numbers at a
time, and employs 8 × 8 matrix registers. The memory hierarchy of
the LX2 CPU consists of an L1 data cache, an L1 instruction cache,
and an L2 cache. For compilation, we used Clang 17.0.1[1] on the
LX2 CPU.

Table 6: Different methods and their abbreviations.

Abbr. Method

Auto Auto-vectorization by Clang Compiler
Vector-only Expert-optimized vector-based solution
Matrix-only SOTA matrix-based solution (STOP[45])
HStencil Our implementation

5.2 In-cache Experiments
In-cache experiments consist of three parts: 1) performance im-
provement; 2) performance breakdown; 3) Matrix-Vector coopera-
tion.
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Figure 12: In-cache performance of HStencil versus matrix/vector-based methods in micro kernels of 128 × 128 size. Speedups
are normalized to auto-vectorization.

5.2.1 Performance Improvement. Firstly, we conduct a performance
comparison of our approach against the Vector-only and Matrix-
only methods. The experiments are conducted on in-cache 128×128
stencils, and the results are shown in Figure 12. The data is normal-
ized to speedups compared to the auto-vectorization performed by
the Clang compiler.

As illustrated in Figure 12, HStencil framework demonstrates
superior performance compared to the Matrix-only and Vector-only
methods. For star stencils, we employ loop tiling along the X-axis
with a tiling factor of 8. HStencil achieves an average speedup of
1.69x, compared to 1.32x for the Matrix-only method. This perfor-
mance advantage is maintained with different types of stencils. For
box stencils, HStencil surpasses auto-vectorization by an average
factor of 3.02x, while matrix-only achieves an average of 2.52x.

The 3D stencil computation can be viewed as a 2D stencil compu-
tation with different weights. HStencil accumulate the results over
different 2D planes, and thus can be generalized to complete 3D
computation. For star stencils, HStencil achieves a speedup of 1.66x,
compared to 1.33x for the Matrix-only method. In box stencils, HS-
tencil maintains its superior performance, achieving a speedup of
4.16x, compared to 3.71x for matrix-only.

5.2.2 Performance Breakdown. Aiming to demonstrate the per-
formance enhancements achieved through our optimization tech-
niques, we present a performance breakdown analysis as shown
in Figure 13. The Mat-ortho employs both inner-axis and outer-
axis outer products, and Matrix-only uses outer-axis outer prod-
ucts. In star stencils (Figure 13a), Mat-ortho is slower than auto-
vectorization, and Mat-only achieves an average of 1.33x speedup
over auto-vectorization. HStencil effectively leverages both ma-
trix and vector unit capabilities, and achieves an average of 1.55x
speedup without instruction scheduling. With instruction schedul-
ing, HStencil attains 1.76x speedup. In box stencils (Figure 13b), Mat-
only achieves an average of 2.34x speedup over auto-vectorization.
HStencil achieves an average of 2.46x speedup without instruction
scheduling and 2.96x speedup with instruction scheduling.

5.2.3 Matrix-Vector Cooperation. In the cooperation study, we use
Instruction Per Cycle (IPC) as the primary metric to compare the
performance ofHStencil with thematrix-only and vector-only meth-
ods. As illustrated in Figure 14, the matrix-only method exhibits IPC
lower than 1.60 because of the increased overhead associated with
matrix instructions. Although the vector-only method achieves a
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(a) Breakdown for star stencils.
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Figure 13: Performance breakdown of HStencil in 𝑟 = 2 2D
stencils.
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Figure 14: IPC comparison of HStencil and other stencil com-
putation methods in 2D stencils of size 128 × 128.

moderate IPC of 1.825 on average, there remains room for improve-
ment.HStencil harnesses the strengths of both the vector andmatrix
methods, achieving an IPC of at most 2.30 in stencil computation. It
demonstrates superior performance, at most 1.31x and 1.59x faster
than the vector and the matrix method in IPC, respectively.
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Figure 15: Performance speedups over auto-vectorization on
out-of-cache matrix sizes.

5.3 Out-of-cache Experiments
Besides in-cache performance, we extend our evaluation to out-of-
cache stencils on both single-core and multi-core.

5.3.1 Single-core Performance. Firstly, we examine the out-of-
cache performance on a single core. As depicted in Figure 15, when
executed without spatial prefetch optimization, the speedup of HS-
tencil decreases as the matrix size increases. In contrast, spatial
prefetch prevents this degradation, achieving an average speedup
of 2.35x and delivering performance that is 42% faster than without
such optimizations. Also, HStencil outperforms the STOP method
by at most 91%, since STOP does not have instruction scheduling
optimizations or prefetch optimizations.

In addition to the overall speedup, we analyze the L1 cache hit
rates before and after applying the spatial prefetch optimization, as
shown in Table 7. The results indicate that HStencil not only boosts
the L1 hit rate (from approximately 30% to around 60%) but also
increases the total L1 cache hit count by an average of 2.98x. These
improvements suggest that better L1 cache utilization contributes
significantly to the observed performance gains.

Table 7: L1 cache metrics of 𝑟 = 2 box stencils.

Method w/o Prefetch with Prefetch

L1 Cache Metrics Hit Rate Hit Times Hit Rate Hit Times

1024 × 1024 66.16% 2.5 × 105 71.72% 5.8 × 105
2048 × 2048 66.26% 1.1 × 106 73.66% 2.6 × 106
4096 × 4096 34.58% 4.4 × 106 60.21% 1.6 × 107
8192 × 8192 33.51% 1.7 × 107 59.74% 6.1 × 107

5.3.2 Multi-core Performance. In addition to single-core evalua-
tions, we examine the scalability of stencil computations from one
core up to 32 cores. As illustrated in Figure 16 for an Box-2D9P
stencil with the size of 8192𝑥8192,HStencil achieves a strong scaling
performance, reaching 12.91 GStencil/s on 32 cores. It substantially
outperforms the matrix-only (7.76 GStencil/s) and vector-only (7.14
GStencil/s) approaches.

5.4 Performance Portability on Apple CPUs
The performance portability study is conducted on the Apple M4
Pro CPU[2]. It also has 8 matrix registers and can process up to
8 × 8 × 8 double precision numbers in parallel. The Apple M4 Pro
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Figure 16: Scaling HStencil from 1 core to 32 cores on Box-
2D9P stencil with the size of 8192 × 8192.

CPU features a 128KB L1 data cache, a 192KB L1 instruction cache,
and a 4MB shared L2 cache. We utilize the Apple Clang 16.0.0
(clang-1600.0.26.6) [3] as the compiler.
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Figure 17: Speedups of HStencil over auto-vectorization in
2D stencils on Apple M4 Pro CPU.

On the Apple M4 Pro CPU, we evaluate the performance of
HStencil on 2D stencils, as shown in Figure 17. Notably, with a
1024KB L1 cache, we can conduct experiments on stencils up to
1024 × 1024 in size. HStencil achieves an average of 3.07x speedup
over auto-vectorization for all box stencil sizes and demonstrates
an average speedup of 1.90x for star stencils. Consistent with the
performance observed on the LX2 CPU, these results highlight the
performance portability of HStencil across different modern CPUs.
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Figure 18: Speedups over auto-vectorization on out-of-cache
matrix sizes on the Apple M4 Pro CPU.

Besides experiments on small matrix sizes, we also conduct out-
of-cache experiments on 𝑟 = 2 box stencils, as shown in Figure 18.
The results show the effect of instruction scheduling and spatial
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prefetch on the Apple M4 CPU. Without such optimizations, HSten-
cil can only obtain an average speedup of 2.63x. Aiding by instruc-
tion scheduling and spatial prefetch, HStencil can gain 30% and 20%
more performance on average, respectively.

6 Related Work
6.1 Stencil Optimization on Matrix Units
Recent research has explored matrix-based approaches to stencil
computations using NVIDIA GPU Tensor Cores, aiming to fur-
ther enhance performance. TCStencil [24] aims to leverage Tensor
Cores for handling complex stencil patterns. [19] enhances TCSten-
cil by introducing temporal blocking, which results in performance
speed-ups. ConvStencil [9] is inspired by the analogy between
convolution and stencil computations, proposing a Stencil2row
method akin to the im2row technique used in convolutional neural
networks (CNNs). LoRAStencil [43], motivated by Low-Rank Adap-
tation (LoRA) techniques in model training, leverages matrix chain
multiplication to reduce redundant memory accesses.

6.2 Matrix Units for HPC
Besides stencil computations, matrix units from various vendors
have been extensively investigated for many HPC applications.
Research on Tensor Cores has explored a wide range of domains, in-
cludingMM-like operations such as matrix factorization [20, 38, 40],
GEMMwith extended precision [13, 23], and sparse matrix multipli-
cation [12, 21, 22, 31, 35, 36]. Additionally, for other linear algebra
operations, studies have investigated reduction and scan opera-
tions [11], FFT [28] and other linear algebra aspects [39, 41]. Intel
AMX units have been optimized for GEMM operations [27] and AI-
accelerated CFD simulations [15]. For CPUs, studies have included
efficient FFT methods using outer product units [37]. Additionally,
preliminary work on the Apple M4 CPU has explored GEMM oper-
ations on outer product units [29]. Among these works leveraging
matrix units, HStencil is the first to conduct evaluations on both
LX2 and Apple M4 CPUs.

6.3 Cooperation of Matrix and Vector Units
Vector and matrix units, optimized for distinct computational pat-
terns, can provide performance benefits when used together. On
NVIDIA GPUs, concurrent execution of Tensor Core kernels and
CUDA Core kernels has been demonstrated in [8, 42]. Research has
explored their collaborative potential, including scheduling strate-
gies to overlap their execution [44], integration to enhance GEMM
performance and GPU throughput [17], and leveraging both for
accelerating sparse matrix-vector multiplication [25, 26]. To the
best of our knowledge, no existing studies have investigated the
cooperation of matrix and vector units on modern CPUs. HStencil
is the first work to explore the cooperation between scalable vector
and matrix compute units.

7 Conclusion
Stencil computation is fundamental in scientific computing, typi-
cally requiring efficient processing of grid-based data. In this study,
we introduce HStencil, the first practical framework that utilizes

both scalable vector and matrix compute units to efficiently com-
pute stencils on new generation CPUs. Additionally, our method
is the first to target both LX2 and Apple M4 CPUs, and realizes
performance improvement on both. Besides the main contributions,
our work provides several takeaways:

• Matrix and vector instructions are executed on different
units, and can thus be issued simultaneously on modern
CPUs like LX2 CPU and M4 CPUs.
• To accumulate vector results to matrix registers, the fastest
way is to use the outer product operations.
• Scalable vector compute units performance portability was
not initially guaranteed between different CPUs. One needs
to perform a transformation from vector MLA instructions
to alternative MLA instructions on Apple M4 CPUs.
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Appendix: Artifact Description
A Overview of Contributions and Artifacts
A.1 Paper’s Main Contributions
This paper presents HStencil, a hybrid and heterogeneous stencil
computing framework designed to maximize performance on mod-
ern CPU architectures with scalable vector and matrix compute
units. The main contributions of HStencil are listed as follows:

𝐶1 We present HStencil, a novel stencil framework to efficiently
leverage outer product-based matrix units. It combines scal-
able vector and matrix compute units to maximize computa-
tional throughput andmemory efficiency on next-generation
CPU architectures.

𝐶2 We further incorporate enhancedmicro kernels with in-place
accumulation methods, instruction scheduling to exploit ILP
across matrix/vector pipelines, spatial prefetch to minimize
overhead for out-of-cache stencils.

𝐶3 Experimental results on representative benchmarks demon-
strate that HStencil significantly improves overall execution
performance, far outperforming the state-of-the-art methods.
Moreover, HStencil optimizations can be generalized to other
heterogeneous architectures, and is the first efficient stencil
algorithm tailored to Apple M4 CPUs.

A.2 Computational Artifacts
The computational artifacts are listed in the DOI below:

𝐴1 https://doi.org/10.5281/zenodo.15273411
The table below shows the detailed information about the artifact

and its related paper elements.

Artifact ID Contributions Related
Supported Paper Elements

𝐴1 𝐶1,𝐶2,𝐶3 Figure 12-18

B Artifact Identification
In the following subsections, we outline the swift installation and
deployment of the HStencil framework:

(1) Dependency installation:
• Install all required dependencies on the LX2 and Apple
M4 CPU, including: a) Vendor-specific compiler, b) CMake,
and c) Performance-analysis tools. (e.g., perf)

(2) Experimental evaluation:
• In-cache evaluaion: a) Microkernel speedup compari-
sion, b) performance breakdown, and c) ILP analysis.
• Out-of-cache evaluaion: a) Cache behavior study on out-
of-cache kernels, and b) run experiments across multiple
cores within a single NUMA node.
• Performance portability evaluaion: ExecutingHStencil
on the Apple M4 CPUs, and obtain speedups versus auto-
vectorization on M4 CPUs.

(3) Figure generation:
• Get all the results and fill them in the excel or python
script in the (HStencil/figures/) . Thus, users can get
the figures as in the paper.

B.1 Computational Artifact 𝐴1

Relation To Contributions
The artifact consists of multiple parts of the results.

(1) The first part is the in-cache results. The results are related
to the contributions 𝐶1,𝐶2.

(2) The second part is the out-of-cache results. The results are
related to the contributions 𝐶2.

(3) The third part is the performance portability analysis on the
Apple M4 CPUs. It evaluates𝐶3 on the different architecture.

Expected Results
In-cache evaluation: HStencil should gain up to 30% speedup to
the matrix-only (e.g. STOP algorithm) solutions in microkernels.
Besides the performance, the Instruction Per Cycle (IPC) of HStencil
should be higher than both the vector-only method and the matrix-
only method.

Out-of-cache evaluation: HStencil should gain up to 90%
speedup to the matrix-only solutions on out-of-cache stencils, and
should obtain higher cache hit times and cache hit rates. On the
multiple core experiments, HStencil should show a good scalability
within the 32 cores in a single NUMA node of LX2 CPU.

Performance portability evaluation: HStencil should show
performance speedups on the M4 CPU.

Expected Reproduction Time (in Minutes)
For the artifact setup, the installation of the dependencies should
take more than 60 min to download and about 30 min to install
with make -j. After that, the compilation of HStencil for multiple
workloads takes about 5 minutes to finish.

The HStencil-optimized stencils should be tested on both the LX2
CPU and the Apple M4 Pro CPUs. The total evaluation time for all
the benchmarks should take about 20 min.

Artifact Setup (incl. Inputs)
Hardware. HStencil currently supports mainstream CPUs with scal-
able vector and matrix compute units. Two of the recommended
CPUs are the LX2 CPU and the Apple M4 CPU. (e.g. Macbook pro,
Mac mini) The in-cache and out-of-cache experiments are con-
ducted on LX2 CPUs, and the performance portability experiments
are conducted on M4 CPUs. The Apple M4 CPU consists of a 128KB
L1 data cache, a 192KB L1 instruction cache, and a 4MB shared L2
cache. The memory hierarchy of the LX2 CPU consists of a L1 data
cache, a L1 instruction cache, and a L2 cache. Both of the two CPUs
use DDR as the memory.

Software. The evaluation targets two platforms and their respective
software configurations:

LX2 (LX2-specific Ubuntu) The LX2 experiments run under
the LX2-specific Ubuntu operating system. System software
and profilers must be preinstalled. Required dependencies:
• Clang (LX2-specific): available from software package
in the dependencies.sh.
• CMake v3.31.0: (https://cmake.org/download/)
• perf v5.10.0: Linux performance analysis tool
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• numactl (LX2-specific): for NUMA control and affinity
Apple M4 (macOS) The portability experiments run on ma-

cOS with Apple M4 CPUs. Required dependencies:
• Homebrew v4.5.7: package manager, (https://brew.sh)
• Apple Clang v16.2: included in CommandLine Tools
for Xcode (https://download.developer.apple.com/
Developer_Tools/Command_Line_Tools_for_Xcode_16.
2/Command_Line_Tools_for_Xcode_16.2.dmg)
• CMake v3.31.0: (https://cmake.org/download/)
• Xcode v16.4 (https://developer.apple.com/services-
account/download?path=/Developer_Tools/Xcode_16.4/
Xcode_16.4.xip)

Datasets / Inputs. The datasets employs a suite of representative
stencil benchmarks across varying dimensions and sizes. The stencil
types consist of:
• 2D and 3D Star stencils
• 2D and 3D Box stencils
• Heat-2D stencil

And the problem sizes consist of:
• In-cache: problem sizes that fit within the cache (from 64×64
to 256 × 256)
• Out-of-cache: sizes that exceed the cache (from 1024× 1024
to 8192 × 8192)

These datasets are generated automatically, and users can modify
the weights of the stencil matrix.

Installation and Deployment. Before configuring the HStencil, we
need to install the dependencies, and the installation processes on
the two CPUs are different.

On the LX2 CPU, perf tool should be first installed. Also,
it should be ensured that the user has sufficient privileges to
capture hardware metrics. Then users can execute the script in
the path HStencil/dependencies/LX2/dependencies.sh, which
downloads and install the Clang component of the software pack-
age. The script will also download and install the CMake.

On the Apple M4 CPU, users should first install homebrew, which
is the package manager of the macOS. After that, users can ex-
ecute the HStencil/dependencies/M4/dependencies.sh script,
installing CMake and the CommandLine Tools for Xcode. Although
macOS includes a default Clang, this artifact relies on the exact
version of Apple-provided toolchain.

After the pre-requirements are installed, we can compileHStencil
to generate distinct kernels for the multiple stencils workloads. Our
kernels are written in hybrid intrinsics and assembly code, so we
need to set the target ISA extensions at compile time. On the LX2
CPU, we use the -mcpu=lx2 to activate both scalable vector and
matrix compute units. On the M4 CPU, we use the isa specific flags
to guarantee the ISA support. We recommend -O3 for maximum
optimization and auto-vectorization. The –rtlib=compiler-rt is
passed as the 𝐿𝐷_𝐹𝐿𝐴𝐺 to link the runtime library for Clang. The

compile.sh will set all the options and users can just execute this
script.

Artifact Execution
The artifact comprises three independent evaluation tasks: 1)
in-cache, 2) out-of-cache, and 3) performance portability. The three
tasks have no dependencies, and for simplicity we can execute these
tasks in sequence, with scripts provided in the HStencil/scripts.
Before execution, source the provided env.sh script to configure
environment variables (e.g., software paths and toolchain settings).
On LX2 CPUs, each execution must also bind cores and memory
using numactl (for example, numactl –all -C $core -m $mem_node).
For example, for the out-of-cache task, users should first set up the
environment by env.sh, and run the script in outcache.sh, which
will run all the tasks, and store the corresponding results in the
results folder.

In-cache evaluation: It comprises three sequential analyses,
corresponding to Figure 12-14. The first part is comparing the
performance of HStencil versus the matrix-only implementation
and a vector-only implementation (Figure 12). In this part, users run
3 different versions of kernels, and compare their performance. Next,
we provide an ablation study of HStencil (Figure 13), comparing
the the effect of the multiple optimizations. Finally, we evaluate
the effectiveness of HStencil on the ILP. We use perf stat -e
instructions,cycles to collect the IPC of the HStencil, vector-
only version and matrix-only version, to see how HStencil improve
the IPC.

Out-of-cache evaluation: This evaluation comprises two ex-
periments, corresponding to Figure 15-16 and Table 7. We first
conduct an experiment on the effect of the prefetch instructions.
We collect the overall time, as well as collecting the cachemetrics us-
ing perf stat -e L1-dcache-loads,L1-dcache-load-misses.
Secondly, by using OpenMP, we scale HStencil to multiple cores
(maximum 32 cores) in a numa node, and see the scalability of HS-
tencil. For efficient scaling, we should bind all the cores to a single
NUMA node, (e.g. numactl –all -C 0-31 -m 0), and set the
OMP_PROC_BIND to be close.

Performance portability evaluation: It corresponds to the
result of Figure 17-18. We conduct the microkernel experiments
on the macbook M4 Pro. The experiments are compared to the
auto-vectorization baseline on the M4, which is done by the Apple
clang using the neon instruction set.

Artifact Analysis (incl. Outputs)
The experimental results will be printed on the log. Users can col-
lect the results, and then simply open the provided Excel template
(HStencil/figures/data.xlsx) and replace its placeholder val-
ues with new results. The built-in charts will automatically update
to match the paper’s figures. Note that Figure 12 is produced by the
Python script plot.py, users can update the data section of plot.py,
and then run python plot.py.
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https://brew.sh
https://download.developer.apple.com/Developer_Tools/Command_Line_Tools_for_Xcode_16.2/Command_Line_Tools_for_Xcode_16.2.dmg
https://download.developer.apple.com/Developer_Tools/Command_Line_Tools_for_Xcode_16.2/Command_Line_Tools_for_Xcode_16.2.dmg
https://download.developer.apple.com/Developer_Tools/Command_Line_Tools_for_Xcode_16.2/Command_Line_Tools_for_Xcode_16.2.dmg
https://cmake.org/download/
https://developer.apple.com/services-account/download?path=/Developer_Tools/Xcode_16.4/Xcode_16.4.xip
https://developer.apple.com/services-account/download?path=/Developer_Tools/Xcode_16.4/Xcode_16.4.xip
https://developer.apple.com/services-account/download?path=/Developer_Tools/Xcode_16.4/Xcode_16.4.xip
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