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Abstract. Transformer-based models are widely used in modern ar-
tificial intelligence, and the attention mechanism is a major determi-
nant of their runtime efficiency. To accelerate matrix-intensive work-
loads, such as attention, ARMv9 introduces the Scalable Matrix Exten-
sion (SME) to enhance matrix processing capabilities on ARM CPUs.
However, efficiently accelerating attention with SME remains challeng-
ing because of suboptimal compute-unit utilization, inefficient memory
access, and limited task-level parallelism. To address these challenges,
we present SMEAtten, a fast and memory-efficient attention design for
ARMv9 CPUs with SME. SMEAtten incorporates three key techniques:
throughput-driven interleaved matrix-vector attention kernels, an SME-
adapted data layout and access scheme based on blocking, packing,
buffering, and access-compute overlap, and inter-task parallelism ex-
ploitation. Experimental results show that SMEAtten delivers an av-
erage speedup of 13.62× over state-of-the-art baselines and achieves up
to 56.09× acceleration in PyTorch integration evaluations. SMEAtten
also supports efficient execution on different ARMv9 platforms, includ-
ing LX2 and Apple M4.
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1 INTRODUCTION

Transformers have driven significant advances in natural language processing
(NLP), powering highly effective models such as BERT [9] and GPT [21]. At
the core of these models is the self-attention mechanism, which captures de-
pendencies among tokens in a sequence [24,10]. A single attention computation
over a QKV (query–key–value) triplet forms an individual task, and practical
deployments typically execute many such tasks concurrently. Each task further
consists of several kernel-level operations, such as the QK⊤ matrix multipli-
cation and softmax normalization, which together contribute substantially to the
⋆ Both authors contributed equally.
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overall execution cost [17]. As a result, attention computation is highly resource-
intensive, accounting for approximately 70% of the total runtime on average [10]
and becoming the primary performance bottleneck in Transformer-based systems
[19,7,23,18].

As Transformer workloads continue to spread across both everyday appli-
cations and large-scale services, ARMv9 is becoming an increasingly attractive
platform for efficient Transformer execution [17]. ARM-based processors are now
widely deployed across diverse systems, ranging from edge devices such as Ap-
ple M4 [2] and ARM C1 [5] to high-performance servers such as LX2 [14] and
NVIDIA Grace [6]. To improve matrix-processing capability on ARM CPUs,
ARMv9 introduces the Scalable Matrix Extension (SME) [25], which has been
adopted by modern processors including LX2 and Apple M4. The fundamental
outer-product instruction in SME extends the traditional one-dimensional SIMD
computation model into a two-dimensional computation paradigm, improving
performance by as much as 4× [22]. These features make ARMv9 with SME
a promising substrate for accelerating Transformer attention, and SME-based
acceleration has already attracted growing interest [14][15].

Although ARMv9 CPUs with SME provide substantial matrix-computation
capability, efficiently accelerating attention on them remains challenging. SME
follows an outer-product-based execution model that differs fundamentally from
both traditional vector units and inner-product-based matrix units [20]. Existing
library-style optimizations [13,3,4] often introduce extra overheads and cannot
efficiently coordinate the mixed matrix-dominant and light-weight vector op-
erations in attention. Moreover, SME-based execution must adapt to different
hardware organizations across ARMv9 CPUs, which further complicates efficient
and scalable deployment. As a result, existing attention optimization techniques
[11,16,12,8] do not fully match SME, which calls for a dedicated architectural
design.

To address these issues, efficient attention on CPUs with SME must resolve
three key challenges: 1) Suboptimal kernel performance, due to pipeline stalls
and insufficient exploitation of SME-specific computational features. 2) Inef-
ficient memory access, often caused by fixed partitioning or platform-specific
memory layouts [11]. 3) Limited task parallelism, as the task distribution is
typically based only on input size rather than available compute capacity or
system topology [1,13,26]. To overcome these limitations, we propose SMEAt-
ten, an efficient attention design optimized for modern ARMv9 CPUs equipped
with Scalable Matrix Extension [25]. At the kernel level, we implement atten-
tion kernels using interleaved SVE/SME instructions under a careful instruction
scheduling strategy. Within a single task, we employ an SME-adapted data
layout and access scheme to improve data locality and reduce memory over-
head. Across multiple tasks, we account for the underlying core topology and
dynamically distribute tasks to maximize parallel efficiency.

In summary, our contributions are as follows:

– We identify three key limitations that hinder attention execution on SME-
enabled CPUs: unnecessary memory waste, low utilization of SME units, and
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poor task-level parallelism. These limitations explain why existing attention
implementations fail to effectively leverage SME architectures.

– We propose an SME-oriented attention design. Our design incorporates in-
terleaved matrix-vector micro kernels and an SME-adapted data layout to
improve matrix units utilization and reduce memory overhead. It also intro-
duces an inter-task parallelism strategy that accounts for the core clusters
in modern ARMv9 processors.

– We implement SMEAtten in a lightweight and practical way using ARM
C Language Extensions for SME/SVE kernels and Pthreads for the paral-
lel execution runtime. Evaluation shows that SMEAtten delivers substantial
performance improvements across both LX2 and Apple M4 CPUs, demon-
strating high efficiency and portability.

2 BACKGROUND AND MOTIVATION

2.1 ARMv9 Architecture

With the growing interest in AI workloads, ARMv9 introduces the Scalable Ma-
trix Extension (SME) to enhance matrix-processing capability. Centered around
the ZA (Z-Array) tiles, SME provides the Matrix Outer Product Add (MOPA)
instruction, which takes two SVE vectors as input and accumulates the results
into the ZA tiles. Compared with the traditional one-dimensional vector com-
putation model, SME exposes a two-dimensional matrix-oriented paradigm with
higher throughput for matrix-intensive workloads.

SME also introduces streaming execution and specialized load/store behav-
iors that affect instruction scheduling, data access, and cache utilization. Al-
though different ARMv9 processors may expose different SME implementations,
they share the same matrix-oriented execution foundation, which makes SME
promising for attention acceleration while introducing new optimization chal-
lenges compared with conventional SIMD-based execution.

Fig. 1: ARMv9 micro architecture.

2.2 Outer Product-based Attention

Mainstream attention implementations [23,11] typically follow a GEMM-centric
workflow, where the QKT and SV multiplications dominate the computation.
When mapped onto CPUs with SME, this workflow leads to the structure shown
in Figure 2. It consists of intra-MM, which includes two batched matrix mul-
tiplications and three point-wise operations (scale, mask, and softmax ), and
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Fig. 2: Typical outer product-based attention.

inter-MM, which repeats this process batchsize × h times. To exploit high-
performance GEMM libraries such as KBLAS and Accelerate, previous works
partition the input matrices into blocks. Under this design, the SME engine ex-
ecutes S ← Q×KT and O ← S × V , while SVE vectors handle the point-wise
operations.

2.3 Motivation and Related Work

Although SME opens new opportunities for accelerating attention computation,
it also creates several performance challenges when transitioning from a vector-
centric to a matrix-centric compute paradigm. These challenges manifest primar-
ily as: a) suboptimal utilization of computational units, b) inefficient memory
access, and c) limited task parallelism. Prior attention optimizations on GPUs,
conventional ARM CPUs, and general matrix or SDPA libraries address some
of these issues, but they do not directly align with SME’s outer-product-based
computation and mixed SVE/SME execution.

Suboptimal Computation Units Utilization: Existing attention ker-
nels are typically designed for either vector units or inner-product-based matrix
units [11,12], and therefore cannot fully exploit SME’s execution model. On
SME-enabled CPUs, attention combines matrix-dominant and light-weight vec-
tor operations, which require different instruction mappings on SME and SME2.
Moreover, the interaction between SVE and SME execution introduces addi-
tional opportunities for instruction-level overlap, calling for a tailored kernel
and scheduling design. A recent ARM CPU attention implementation, MEAT-
TEN [11], exploits data reuse with NEON-based kernels. As shown in Figure 3,
MEATTEN achieves only a small fraction of the compute capability available
on SME-enabled CPUs across sequence lengths. This large utilization gap sug-
gests that a vector-centric implementation cannot effectively exploit SME, and
leaves substantial room for architecture-aware kernel mapping and instruction
scheduling.

Inefficient Memory Access: Existing attention implementations often op-
timize locality for vector or inner-product-based matrix units [23,11,16,8]. How-
ever, these designs do not match SME’s outer-product execution model. Di-
rectly migrating them either increases memory overhead, such as storing fully
transposed intermediates in Figure 2, or leads to non-contiguous accesses within
blocks. Therefore, attention on SME requires a dedicated data layout and access
scheme. The runtime breakdown in Figure 3 further indicates that the dominant
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Fig. 3: Compute utilization and runtime breakdown of MEATTEN on ARMv9.
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Fig. 4: Illustration of matrix instruction ILP and vector instruction overlap on ARMv9.

attention phases remain the major contributors to execution time, which makes
memory access efficiency within these phases particularly important.

Limited Task Parallelism: The parallelism of attention varies with both
seqlen and batchsize [11], while existing task-partition strategies are usually de-
signed for vector-centric or inner-product-based implementations [1,13,26]. As a
result, they cannot effectively adapt to SME-based execution or to the topology
differences across ARMv9 CPUs, such as the shared SME engine on Apple M4
and the per-core SME engines on LX2. This calls for an architecture-aware task
allocation mechanism.

These challenges motivate an architecture-aware design that jointly improves
compute utilization, memory access, and task scheduling on SME-enabled CPUs.

3 Design

In this section, we present SMEAtten, a novel design for accelerating attention
computations on CPUs with SME. As shown in Figure 5, SMEAtten comprises
three core components:
– Integrated matrix-vector micro kernels in §3.1 that leverage matrix and

vector units and schedule instructions based on attention characteristics to
enhance computation throughput.

– SME-adapted data layout and access scheme for a single task in sub-
section 3.2, which organizes blocking, packing, buffering, and access-compute
overlap to improve locality and reduce memory overhead.

– Inter-task parallelism exploitation in §3.3 to execute in different micro
architectures with SME, which partitions and distributes tasks, and identifies
the architecture features for task-thread mapping.



6 T. Zheng et al.

Fig. 5: Overview of SMEAtten. SMEAtten improves attention execution on ARMv9
CPUs with SME through kernelization, data layout optimization, and inter-task par-
allelism.

3.1 Throughput-driven Kernelization

Efficient attention on SME-enabled CPUs requires high utilization of both ma-
trix and vector resources. At the block level, SMEAtten organizes attention into
three kernels, namely Score, Update, and Output, where Score computes
block scores S = Q×KT , Update maintains the row-wise softmax states across
blocks, and Output accumulates the output from the normalized scores and V .
Among them, Score and Output are matrix-dominant and compute-intensive,
while Update mainly performs light-weight vector operations for softmax-state
maintenance. Accordingly, we focus on the compute-centric design first, while
the memory-centric optimizations are presented in §3.2.
2D Outer-product Kernel. SMEAtten selects two vectors from Qb and two
vectors from Kb, arranges them into a 2 × 2 grid, and accumulates all pairwise
combinations directly into four ZA tiles. In FP32 mode, SME naturally exposes
four parallel accumulation regions, and the 2× 2 mapping aligns with this four-
way structure, allowing four outer products to proceed concurrently. Compared
with asymmetric groupings such as 1 × 4 and 4 × 1, the 2 × 2 mapping re-
quires fewer live operand registers and yields a better compute-to-memory ratio.
Overall, this mapping better matches SME’s execution model, increases tile-level
parallelism, and reduces instruction count by up to 20%.

Fig. 6: Block-level cooperative SME/SVE execution in SMEAtten.

Vector Operations. Besides the matrix-dominant Score and Output ker-
nels, attention also requires several light-weight vector operations, as shown by
the SVE vector path in Figure 6. These operations include maximum update,
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exponential approximation, row-sum update, partial-output scaling, and normal-
ization. Since they are dominated by element-wise transformation and row-wise
state maintenance rather than outer-product accumulation, SMEAtten maps
them to the Update kernel on the SVE path. This vector-side organization ef-
ficiently maintains the running softmax states across blocks while leaving the
SME path to focus on the matrix-heavy computation.

For architecture-specific tuning, SMEAtten further selects different instruc-
tion variants on SME and SME2 for these vector-side operations. In the Update
kernel, we use higher-throughput SME2 instructions such as svtbl2 and svsel to
accelerate vector lookup and selection during state update. In addition, SME2
also allows us to further optimize the matrix-side pipeline by merging the max
and store operations in the Score kernel through multi-vector instructions.
Matrix-vector Cooperative Execution. In the SME architecture, the SME
instructions can only take up to one of the two issue ports of the SME units.
Thus, there leaves a chance to overlap the matrix instructions with vector in-
structions, as described in (ILP tests in sec2). Since a 2D outer-product up-
date uses only part of the architectural vector registers as SME inputs, the
unused SVE registers are assigned to an independent vector path for extra inner-
product-style accumulation on independent fragments. In this way, SME handles
the main matrix-dominant computation, while SVE opportunistically processes
additional vector work in parallel. This cooperation also guides execution across
kernels, as shown in algorithm 1. In the Update kernel, the vector path becomes
dominant, while SME can simultaneously start the matrix multiplication of the
next block.
Algorithm 1: Interleaved SME/SVE execution in SMEAtten

Input: current-block states mj−1,mj , sj−1, Oold; next-block packed panels
Qb+1,Kb+1

1 initialize ZA tiles for next-block Score;
2 for t← 0 to iend step vl do
3 mnew ← max(mj−1[t],mj [t]), ∆← mj−1[t]−mnew;
4 update s using SME/SME2 vector lookup and select operations;
5 s← poly_corr(s,∆);
6 sj−1[t]← sj−1[t]× s, Oold[t : t+ vl]← Oold[t : t+ vl]× s;
7 if next block exists then
8 prefetch next packed panels with _svprfw ;
9 load q0, q1 from Qb+1 and k0, k1 from Kb+1;

10 issue FMOPA(ZA0 . . . ZA3, {q0, q1}, {k0, k1});

3.2 SME-adapted Data Layout and Access Scheme

Attention execution on SME-enabled CPUs is highly sensitive to data movement
due to repeated accesses to tiled Q/K/V data and intermediate Score buffers. To
improve locality and reduce data access overhead, SMEAtten adopts an SME-
adapted data layout and access scheme based on blocking, packing, buffering, and
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access-compute overlap, as shown in Figure 7 and constrained by Equation 1–
Equation 4.

L2 Cache Blocking. SMEAtten applies blocking at the L2-cache level to
bound the working set of each attention task. We divide Q/K/V/O into blocks
and process one Q block together with the corresponding K and V blocks. This
loop ordering improves temporal locality across the Score and Output kernels.
We constrain the block sizes using Equation 1 so that the main working set
remains cache-resident.

L1 Cache Packing. Within each block, SMEAtten performs packing to
reconstruct the accessed panels into contiguous layouts that are friendly to SME
outer-product execution. The packed panels are streamed into registers for the
micro kernels, reducing irregular accesses and L1 cache misses during both the
Score and Output kernels. We use Equation 2 and Equation 3 to constrain the
panel sizes within the L1 cache, and set p1 and p2 to 32 according to the micro-
kernel configuration.

Memory Buffer. SMEAtten preallocates a fixed-size buffer pool for packed
and transposed operands consumed by the compute kernels. The total buffering
footprint is bounded by Equation 4, where Htask denotes the memory capacity
assigned to each attention task. Since the buffering memory can differ from the
original input location, SMEAtten places the pool in high-bandwidth memory
when available, so that packed panels and transposed operands can be supplied
with lower access cost.

Finally, SMEAtten overlaps memory access with computation through in-
struction reordering. While the current panel is being consumed by the
SME/SVE micro kernels, the next packed or transposed panel is prefetched into
cache using _svprfw in line 8. This access-compute overlap partially hides data
movement behind ongoing computation and helps sustain throughput across
blocks and panels.

16

L2 cache

L1 cache

Register 1
16 16 16

b1 × b2 + b1 × d+ b2 × d < CL2 (1)
p1 × d+ d× b2 + p1 × b2 < CL1 (2)
p1 × b2 + p2 × b2 + p1 × d < CL1 (3)

b1 × d+ b1 × b2 + s× d× 2 < Htask (4)

Fig. 7: ARMv9-aware packing, blocking, buffering, and prefetching strategy.
Mem1/Mem2 denote low/high speed memory on ARMv9 platforms.

3.3 Inter-task Parallelism Exploitation

The designs above could only enhance performance within a single task. To
execute efficiently on multicore, SMEAtten partitions and distributes tasks
carefully, and then maps threads to cores depending on microarchitecture, to
exploit parallelism.

To adapt to different sizes of inputs for a single task, we utilize data padding
and then migrate our SME-adapted data layout and access scheme. Matrices
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smaller than a block are padded to match the block size, whereas for matrices
exceeding one block, padding is applied solely to the last panel to complete the
final block. During computing at the panel level, we utilize the mask registers
in SME to avoid wrong calculations.

To reasonably divide and distribute tasks, SMEAtten follows the algorithm 2
that identifies architecture features and computation characteristics. Considering
the expensive transposition operation, we partition batchsize×h tasks at the task
level rather than within tasks. Depending on the number of threads T , SMEAtten
follows the line 1 in algorithm 2 to divide the tasks. Based on the computing
capabilities of the SME and SVE units, we aggregate the core performance within
each cluster and sort the clusters in descending order, as shown from line 2 to
line 4 in algorithm 2. Then, according to the thread identifier, we determine the
mapped core and the range of task indices assigned to it, as shown at line 5. We
bind threads to the cores in a one-to-one manner. As for the remaining tasks,
we dynamically push them to free threads, each time a single task. Based on our
mapping method, SMEAtten maintains the continuity of data among adjacent
cores, ensuring efficient parallelism.

Algorithm 2: TASKALLOC function with thread-core mapping.
Input: Number of threads T , thread identifier threadid, total number of tasks N ,

SME/SVE GFLOPS GSME/GSV E

Output: Assigned task indices tasks, taske and corresponding CPU cores
1 Step 0: Compute q = ⌊N/T ⌋ and remainder tasks R = N mod T . Store the R extra

tasks into an array R.
2 Step 1: Collect SME/SVE units’ GFLOPS (GSME/GSV E), and the SME–SVE

mapping relation M.
3 Step 2: Construct an array A of size |M|, where each element is

A[i] = GSME
i + 2 ·

∑
j∈M(i)

GSV E
j ,

and another array B where B[i] = |M(i)|.
4 Step 3: Sort A and B jointly in descending order of A.
5 Step 4: For a given thread_id:

– Determine the SME group index by subtracting B[i] sequentially until thread_id < B[i].
– Within that group, map the residual index to the corresponding SVE core, and get

Coremap.
– Compute the task range as [thread_id× q, (thread_id+ 1)× q)

return tasks, taske and Coremap.

3.4 Portable Implementation

SMEAtten also remains portable across ARMv9 CPUs with different SME orga-
nizations. Using LX2 and Apple M4 as examples, at the kernel level, SMEAtten
implements both SME and SME2 kernels through ARM C Language Extensions
and selects the appropriate version according to the target microarchitecture.
Within a single task, SMEAtten places inputs and buffers according to the
memory hierarchy, e.g., using unified LPDDR5x on Apple M4 and DDR/HBM
on LX2. Across multiple tasks, portability is supported by the TASKALLOC func-
tion in algorithm 2, which adapts to both the P/E-core clusters of Apple M4
and the single-core clusters of LX2 based on the SME-SVE mapping relation.
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4 EVALUATION

4.1 Experiment Setups

We conduct tests on the LX2 CPU and Apple M4 CPU. The hardware configura-
tions and comparison methods are summarized in Table 1. We set the batch size
to 64, the number of attention heads to 12, and the head dimension to 64. We
vary the sequence length from 160 to 1600, use FP32, and keep the same input
configurations and thread counts across methods on each platform. We report
performance in GFLOPS, computed as the total floating-point operations of the
two matrix multiplications in attention divided by execution time. All methods
are evaluated with the same input configurations, precision, and thread counts
on each platform, while execution is measured through each implementation’s
available operator path.

Table 1: Experimental setup.
Hardware platforms

CPU L1 Cache L2 Cache Memory Core Cluster

LX2 64 KB 512 KB 32/4 GB DDR/HBM 32 cores/NUMA node
Apple M4 320 KB 4096 KB 16 GB LPDDR5x 4P+6E cores

Comparison methods

XNNPACK fused SDPA operator[1] XNN_F
XNNPACK non-fused SDPA (individual routines)[1] XNN_NF
MEATTEN (ARMv8, NEON-optimized)[11] MEATTEN
SMEAtten (Our work) SMEAtten

4.2 Performance Improvement

In this experiment, we evaluate the parallel performance of the SDPA opera-
tor using 32 cores on LX2 and 4 performance cores on M4. As shown in Fig-
ure 8, SMEAtten outperforms XNN_NF, XNN_F and MEATTEN across se-
quence lengths 160–1600. Compared to MEATTEN, SMEAtten achieves average
speedups of 4.11× on M4 and 13.62× on LX2. The highest speedup appears
at seqlen = 960, where dynamic parallelism mitigates load imbalance for large
inputs; at seqlen = 160, SMEAtten still reaches 3.94× on M4 and 5.80× on
LX2.

Moreover, all competing methods encounter out-of-memory errors when seqlen >
960. These OOM cases mainly come from intermediate score and other tempo-
rary buffers whose memory footprint grows rapidly with sequence length. In
contrast, SMEAtten still maintains strong performance and scales well at larger
sequence lengths by reusing bounded packed panels and buffer space, as discussed
in §3.2.

4.3 Performance Breakdown

To evaluate the effectiveness of SMEAtten, we analyze the contribution of each
design component in Figure 9. Starting from a baseline implementation without
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(a) M4, 4 threads (b) LX2, 32 threads
Fig. 8: Performance improvement on M4 and LX2.

(a) M4, 4 threads (b) LX2, 32 threads

Fig. 9: Performance breakdown of SMEAtten on M4 and LX2.

SMEAtten-specific optimizations, we incrementally evaluate the kernelized im-
plementation, the kernelized implementation with the SME-adapted data layout
and access scheme, and the full SMEAtten system with inter-task parallelism.
– Enabling the integrated matrix–vector micro-kernels directly improves SME

throughput, reaching up to 10.63× on M4 and 10.47× on LX2 at seqlen =
512.

– Adding the SME-adapted data layout and access scheme improves memory
management and the L1 cache hit rate, yielding average speedups of 1.57×
on M4 and 1.60× on LX2 over the kernelized implementation.

– Finally, adding the inter-task parallelism mechanism further improves long-
sequence performance, with additional average speedups of 1.29× on M4
and 1.28× on LX2.

4.4 Cache and Memory Utilization

To demonstrate the feasibility of our SME-adapted data layout and access scheme,
we evaluate MEATTEN and SMEAtten with different seqlen to collect their L1
cache hit rates and HBM usage in Table 2 on LX2. Our strategy is tailor-made
for outer-product matrix units, deserving a higher cache hit rate, which is dis-
cussed in detail in §3.2. The results, shown in Table 2, are consistent match
our expectations: SMEAtten delivers an average of 7.64% hit rate improvement
over MEATTEN, up to 9.78%. The larger improvement of L1 cache hit rates
for larger inputs indicates the advantages of our data layout and tiling strategy.
MEATTEN fails to execute when the sequence length is 1024 and 2048, resulting
in an out-of-memory error. On the contrast, SMEAtten still maintains low HBM
Usage, saving 3.9 GB HBM at least. Additionally, SMEAtten increases the HBM



12 T. Zheng et al.

Table 2: L1 hit rates and HBM usage on LX2. MA denotes MEATTEN, and SA denotes
SMEAtten.

Seq. L1 Hit (%) HBM (MB) Seq. L1 Hit (%) HBM (MB)

Len. MA SA MA SA Len. MA SA MA SA

256 66.76 71.73 405.01 17.55 1024 48.21 57.12 OOM 32.84
512 63.44 70.35 1212.68 22.65 2048 45.90 55.68 OOM 53.23

usage at a rate lower than linear, starting from a modest baseline footprint and
scaling gradually with sequence length.

4.5 Scalability and Portability Analysis

We conduct the scaling and portability experiments on LX2 and Apple M4, as
shown in Figure 10. SMEAtten reaches average performance of 111.82 GFLOPS
on M4 and 385.48 GFLOPS on LX2, corresponding to 36.77×, 25.59×, and
19.00× the performance of XNN_NF, XNN_F, and MEATTEN on LX2. SMEAt-
ten also exhibits a steeper growth curve than other methods, indicating that our
parallel mechanism scales well across SME-enabled architectures. Owing to the
subnuma design within a NUMA node, SMEAtten experiences a sudden decrease
in scalability around 20 cores on LX2.

(a) M4 scalability (b) LX2 scalability
Fig. 10: Thread scalability on M4 and LX2 (seqlen = 1120).

4.6 PyTorch Integration Case Studies

In Figure 11, we replace only the SDPA computation in PyTorch with SMEAtten
and evaluate the resulting attention module against PyTorch’s native implemen-
tation. SMEAtten reaches up to 8.11× speedup on M4 and 56.09× on LX2,
while MEATTEN remains slower because of less effective memory allocation and
task distribution in its PyTorch integration.

5 CONCLUSION

Attention computation serves as a critical component in Transformer-based mod-
els and a key determinant of overall performance. In this study, we present
SMEAtten, the first practical attention computation framework designed to fully
exploit the capabilities of the Scalable Matrix Extension on modern CPUs. Ex-
periments on both LX2 and Apple M4 show that SMEAtten achieves substantial
performance gains while remaining portable across SME-enabled CPUs.
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(a) M4 PyTorch integration (b) LX2 PyTorch integration
Fig. 11: PyTorch integration results on M4 and LX2, using PyTorch’s native implemen-
tation as the baseline.
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