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Abstract

Sparse tensor contractions are bottlenecked by sparse-sparse coit-
eration loops that resist standard loop vectorization. We present
SPLYCE, an auto-vectorization framework in MLIR that overcomes
this through a dual-path execution model. By decoupling coordi-
nate intersection from pointer management via selective predi-
cation, SPLYCE inherently eliminates data-dependent branches as
a side effect, allowing modern superscalar engines to maximize
instruction-level parallelism and hide memory latency. Beyond
simple branch elimination, our transformation exposes indepen-
dent computation that can be executed concurrently, increasing
functional-unit utilization that would otherwise be constrained by
sequential dependencies. Evaluation across foundational sparse ten-
sor kernels demonstrates performance ranging from 1.96X to 2.86x
on synthetic inputs, with consistent speedups sustained across a
vast majority of irregular real-world datasets from the SuiteSparse
collection. Ultimately, SPLYCE demonstrates that by converting un-
predictable control-flow into a predictable data stream, compiler-
driven speculation can effectively reconcile the memory efficiency
of compressed storage with the execution-unit throughput of mod-
ern superscalar architectures.
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1 Introduction

Dense tensor optimizations are well-established [9, 17, 18, 31, 35,
46, 46], but the proliferation of sparse data structures in modern
workloads has shifted focus toward formats that compress data to
save memory and reduce compute bounds [10, 12, 25, 34, 38, 43].
However, the complex memory layouts required for sparse compres-
sion complicate iteration and automated code generation, especially
when compared to the straightforward, random-access nature of
dense arrays. To address this, tensor compilers increasingly rely
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Figure 1: SparseTensor dialect lowering with SpLYCE.

on the Compressed Sparse Fiber (CSF) format for its generalizabil-
ity [38]. By modeling a tensor as a hierarchical tree, CSF allows each
dimension to be annotated independently as dense, compressed,
or singleton. Compressed dimensions explicitly track non-zero
elements using position and coordinate arrays, while singleton lev-
els represent unique coordinate entries without the overhead of
pointers. Dense dimensions rely on implicit, fixed-size indexing,
culminating in a unified contiguous array of non-zero values at the
leaf level.

To navigate the complexities of generating code for diverse
sparse data layouts, advanced tensor compilers have been developed.
Most notably, building upon the pioneering success of TACO [25],
the MLIR framework integrated a dedicated sparse tensor dialect [6]
that adapts TACO’s principles for a modern, multi-level compila-
tion ecosystem. Consequently, active research is heavily focused on
designing and implementing novel optimization strategies across
the various abstraction layers within this infrastructure.

The SparseTensor dialect operates as a compilation infrastruc-
ture that heavily leverages the progressive lowering ecosystem of
MLIR, seamlessly integrating with the Linalg, SCF, and Vector
dialects. Within this framework, core computations are abstractly
defined using linalg. generic operations coupled with per-tensor
sparse encoding annotations. As illustrated in Figure 1, the standard
code generation pipeline progressively lowers these abstractions
to achieve high performance, actively targeting the Vector dialect
to exploit SIMD hardware whenever the underlying data layout
permits. However, a major caveat of sparse tensor compilation is
that the execution efficiency is inherently bound to the distribution
of non-zeros in input data—a dynamic characteristic that the static
compile-time optimizations largely fail to exploit [32].

A critical example of this limitation manifests in the two-finger
scf.while loop structures (i.e., sparse coiteration loop) generated
during the lowering process. This coiteration loop is a fundamen-
tal requirement of sparse tensor computations when a shared or
contracting dimension is compressed on both inputs. To traverse
this contracting dimension, the generated code must simultane-
ously advance two cursors through the coordinate arrays of the
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respective tensors that is similar to performing set intersection
operation [8, 19, 30, 39, 49]. Crucially, for intersection operations,
the inner computation is strictly predicated on a coordinate match;
it executes exclusively when both cursors point to the same in-
dex. Because these pointers must advance dynamically based on
runtime coordinate comparisons, this data-dependent control-flow
inherently breaks standard loop optimizations, most notably vec-
torization [12, 25].

The introduction of divergent if-else control-flow within the
scf.while loop and the data-dependent loop bounds structurally
prevents standard SIMD auto vectorization. While compilers can
circumvent this by evaluating the coiteration space as a dense ker-
nel to eliminate branching, the resulting computational overhead
negates the memory and performance benefits of the sparse repre-
sentation overwhelmingly.

In this paper, we demonstrate that the throughput advantages
of vectorized execution can actually outweigh the penalty of pro-
cessing a calculated fraction of structural zeros. To achieve this, we
introduce SPLYCE, a novel MLIR optimization pass that intercepts
the sparsification pipeline between the SCF and Vector dialects
(Figure 1). SpLYCE transforms the standard scalar sparse coiteration
into a dual-path execution consisting of a vectorized fast-path and
a scalar slow-path (Figure 3).

The fast-path iterates at the hardware vector width, utilizing
predicated execution and vector masks to safely perform specula-
tive SIMD operations. This transformation inherently eliminates
data-dependent branches, allowing modern superscalar engines
to maximize instruction-level parallelism (ILP) by overlapping co-
ordinate matching with core tensor arithmetic. Specifically, the
contributions of this work are as follows:

e SPLYCE Vectorization: We implement the SPLYCE pass in
MLIR to natively vectorize sparse coiterations via a branch-
less fast-path, enabling SIMD execution on compressed for-
mats.

o Analysis of Execution Phases: We analyze sparse coitera-
tion phases to identify the optimal balance between vector
and scalar execution. We establish that a hybrid approach
prevents execution port monopolization.

e Performance Trade-off Analysis: We quantify the cost-
benefit of speculative vectorization, achieving a 2.38X geo-
metric mean speedup across five kernels on synthetic datasets
with 5% sparsity.

o Sparsity and Parallel Scaling: We demonstrate that SPLYCE
maintains robust performance across tensor sparsities from
0.01% to 10% and real-world distributions, while achieving
near-linear scalability across parallel multi-core environ-
ments.

To improve readability throughout the paper, we present code
snippets in a simplified, hybrid MLIR/C-like form. Additionally, for
brevity, we use the term coiteration to refer specifically to sparse coit-
eration (formally detailed in Section 2.3) throughout the remainder
of this paper. The remainder of this paper is structured as follows.
Section 2 provides essential background and Section 3 details the
design of the SprycE approach. We illustrate the evaluation of our
approach in Section 4. Section 5 reviews related work, and we dis-
cuss future work in Section 6. Finally, we conclude the paper in
Section 7.
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2 Background
2.1 Sparse Tensor Compilers (STCs)

The proliferation of highly sparse tensors in modern applications,
ranging from graph analytics to deep learning and quantum chem-
istry, has necessitated a fundamental shift in computational strate-
gies for tensor contractions [22, 26]. Historically, the challenge of
sparsity has been addressed by relying on manually crafted and
tuned kernel libraries [1, 2, 15, 37]. While these libraries deliver
near-peak hardware utilization for basic linear algebra routines
like SpGEMM and SpMYV, they suffer from a severe scalability cri-
sis. Developing, optimizing, and maintaining hand-written kernels
for every conceivable tensor expression across every permutation
of compressed data formats, and targeting increasingly diverse
hardware architectures, is fundamentally intractable [25].

Consequently, modern frameworks have shifted toward compiler-
driven generation [5, 6, 25, 48], successfully enabling the general-
ized traversal of compressed sparse tensors without materializing
them into memory-intensive dense formats. The advent of the Ten-
sor Algebra Compiler (TACO) [25] marked a paradigm shift by
introducing the iteration lattice—a mathematical framework that
decouples the tensor expression from its underlying layout to auto-
matically synthesize coiteration control-flow.

To achieve this generality, modern STCs rely on Compressed
Sparse Fiber (CSF) abstractions. CSF models any sparse tensor as a
hierarchical tree where each axis is defined independently, where
each axis (or dimension) of a tensor is defined as either dense
or compressed. By composing these level-wise annotations, an
STC can natively represent and compile code for a vast spectrum
of traditional data structures. For instance, a 2D matrix encoded
with an outer-dense axis and an inner-compressed axis yields the
standard Compressed Sparse Row (CSR) format. Reversing this to
compressed-dense yields the Compressed Sparse Column (CSC)
format, while a compressed-compressed annotation generates the
Doubly Compressed Sparse Row (DCSR) format [12].

2.2 MLIR SparseTensor Dialect

Building upon these generalized STC frameworks, the Multi-Level
Intermediate Representation (MLIR) infrastructure has emerged as
the modern standard for compiler-driven tensor optimization [29].
Specifically, the MLIR SparseTensor dialect operationalizes the
CSF abstraction, lowering these theoretical format annotations
directly into executable iteration strategies.

Within this dialect, the physical memory access pattern for a
given axis is dictated entirely by its sparsity annotation. If an axis is
dense, its structural layout is implicitly defined by its fixed dimen-
sion size. To traverse it, MLIR generates a standard sequential loop
iterating from zero to the dimension’s upper bound. Because all
elements along a dense axis are assumed to exist within the coordi-
nate space, the physical location of any element in the underlying
storage can be computed mathematically. This implicit structure
allows MLIR to perform random-access lookups in constant time.

Conversely, if an axis is compressed, it explicitly stores only the
non-zero elements using auxiliary data structures, typically a posi-
tion (or pointer) array and a coordinate (or index) array. Iteration
along a compressed axis inherently requires indirect memory ac-
cess. To traverse the non-zeros belonging to a specific parent node
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for (int i = @; i < dim_i; ++i){
for (int j = 0; j < dim_j; ++J){

// Load dim-k pointer

double acc = 0.0;

while (pB < ... & pC < ...){ 3
int kB = B_col[pB]; .
int kC = C_row[pCl;
if (kB == kC) {

acc += B_val[pB] *

C_val[pCl;
10 pB++; pC++;
1 } else 10
12 (kB < kC) ? pB++ : pC++; 1
3
14 ALil[j] = acc; 13

(a) Iteration graph. (b) Two-finger loop in C.
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scf.for %i = %c@ to %dim_i step %cl
scf.for %j = %c@ to %dim_j step %cl
%res:3 = scf.while(%pB = ..., %pC = ...,
scf.condition(/* %pB < ... && %pC < ...
} do {
*bb@(%pB: index , %pC: index , %acc: f64):
%kB, %kC = // memref.load indices for %pB and %pC
%next_acc = scf.if (arith.cmpi eq, %kB, %kC) -> (f64) {
// Predicated arithmetic: A(i,j) += B(i,k) * C(k,3)
scf.yield %new_sum : f64
} else { scf.yield %acc : f64 }
// Pointer advancing: Increment %pB or %pC based on kB < kC
scf.yield %next_pB, %next_pC, %next_acc : index, index, f64

}

%acc C){
*/) %pB, %pC, %acc

(c) MLIR coiteration lowering resulting in two-finger scf.while loop.

Figure 2: For SpGEMM (4A;; = 3 ;. Bix - Cy;) kernel, tensor dimensions are subscripted to indicate dense(d) vs. compressed(c).

in the CSF tree, the MLIR generates a loop that reads a bounding
segment from the position array (e.g., from pos[p] to pos[p + 1])
and iterates strictly within those bounds. During this traversal,
the physical logical coordinate of each non-zero must be explicitly
fetched from the coordinate array. Because the logical tensor coor-
dinate is decoupled from its physical storage location, direct O(1)
random access is impossible. Instead, the MLIR must sequentially
traverse, coiterate, or binary-search these auxiliary arrays to locate
specific elements and perform computations.

2.3 Sparse Coiteration

The true complexity of sparse algebra arises during intersection
operations, such as contracting k-index in SpGeMM. As illustrated
in Figure 2a, matrix B and C both access the k dimension. Crucially,
B,. and C;. edge labels denote that this dimension is explicitly
compressed in both input tensors. Because random access is impos-
sible on compressed axes, the MLIR cannot emit standard, indepen-
dent for loops. Instead it must synthesize a dynamic coiteration
procedure—commonly referred to as a two-finger loop.

To traverse this compressed space, MLIR maintains two indepen-
dent cursors that track the current non-zeros within their respective
coordinate arrays. This dynamic two-finger coiteration is not an
MLIR-specific construct, but rather a fundamental programming
pattern universally required for sparse intersection, as mirrored
in the equivalent handwritten C routine (Figure 2b). During each
iteration of the compiler-generated scf.while loop (Figure 2c),
the core tensor arithmetic is strictly predicated on a coordinate
match, guarded by an scf. if condition. Following this predicated
computation, the cursors must advance dynamically based on the
relative values of their current coordinates. Rather than emitting
complex, nested conditional branches to handle this pointer ad-
vancement logic, MLIR optimizes the step using data-dependent
select operations. This ensures the cursors increment correctly
while minimizing control-flow divergence within the critical path.

Despite these control-flow optimizations, the inherent memory
dependencies and the conditional nature of the coiteration loop
present a massive barrier to high performance. Because loop bounds

and execution paths are dictated by runtime values that vary dy-
namically per cycle, classical static compiler transformations—such
as loop tiling, array expansion, and, most critically, standard auto-
vectorization—are severely restricted or rendered entirely inappli-
cable [33, 44].

2.4 Microarchitectural Bottlenecks

The performance of coiteration is fundamentally constrained by a
three-fold conflict with modern microarchitecture. First, the irregu-
lar memory layout of compressed storage shatters the data-level
regularity required for effective SIMD vectorization. Because match-
ing coordinates must be discovered via runtime scalar comparisons,
traditional compilers fail to safely populate wide vector registers,
leaving high-throughput ALU resources underutilized [4, 13, 28].

Second, the data-dependent nature of sparse intersections creates
a branch prediction wall. In deep Out-of-Order (OoO) engines, the
irregular sparsity patterns result in frequent branch mispredictions,
triggering pipeline flushes that incur penalties of 15-20 cycles per
occurrence [16, 21, 36]. These penalties often dwarf the latency
of the actual floating-point computation, rendering the arithmetic
units secondary to the cost of control-flow recovery.

Finally, the Instruction-Level Parallelism (ILP) is restricted by the
two-finger coiteration loop through inescapable data dependency
chains. In this scalar model, pointer advancement is strictly coupled
to intersection results, and arithmetic is predicated on pointer states
(Refer Figure 2b). This sequentiality serializes execution and starves
parallel hardware ports, crippling overall throughput [21, 40, 41].

Optimizing these kernels requires a fundamental decoupling
of memory retrieval from intersection evaluation. To break these
scalar dependency chains and reclaim unutilized SIMD capacity,
we must move beyond incremental loop transformations toward a
hardware-aware, branchless data-flow model. The following section
introduces SPLYCE, an MLIR optimization pass that addresses these
bottlenecks by prepending a vectorized, branchless fast-lane to the
standard coiteration pipeline.
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3 Design

The primary objective of SPLYCE is to safely vectorize the data-
dependent scf.while coiteration loops generated during sparse
tensor lowering. However, this vectorization opportunity is not
universally applicable across all sparse tensor contractions. Gener-
ating a vectorizable two-finger coiteration loop necessitates that
several strict structural preconditions are met.

3.1 Structural Preconditions

To successfully identify and optimize the dynamic two-finger coit-
eration bottleneck, our proposed MLIR pass explicitly targets loop
nests that satisfy two strict structural preconditions:

e Compression of the Contracting Index: The shared index
variable must be explicitly annotated as compressed across all
interacting input tensors. A representative example is the in-
dex k in the SpGEMM kernel (Figure 2), which is compressed
in both BJ[i, k] and C[k, j]. If this shared dimension is un-
compressed (dense) in even a single operand, the compiler
avoids coiteration entirely. Instead, it generates a standard
scf. for loop to iterate exclusively over the sparse non-zeros
while performing direct, O(1) random-access lookups into
the dense tensor.

e Innermost Loop Structure: The generated scf.while coit-
eration must form the innermost structure of the loop nest.
Topologically, this dictates that the shared compressed di-
mension must be the innermost (fastest-changing) index
for all interacting tensors, a configuration clearly depicted
in Figure 2. If the scf.while encloses an inner scf.for
loop (e.g., iterating over a dense innermost dimension), cus-
tom vectorization of the coiteration is unnecessary, as the
standard compiler pipeline can readily auto-vectorize the
innermost for loop.

3.2 The Dual-Path Vectorization Strategy

To address the microarchitectural bottlenecks inherent in dynamic
scalar coiteration, we propose a novel MLIR optimization pass that
fundamentally restructures the standard two-finger loop pattern.
Specifically, the pass detects instances where scf.while loop forms
the innermost structure and relies on divergent if-else control
flow to evaluate coordinate intersections (as previously detailed in
Section 3.1 and Figure 2). As illustrated on the left side of Figure 3,
this baseline scalar loop is governed by a primary bounds check
(condition_a). For a SpGEMM kernel with cursors pp and pc and
segment bounds endp and endc, this global check is defined as
(p < endp A pc < endc), ensuring that both sparse iterators have
remaining elements in their respective segments. Within the loop,
actual computation is predicated on an internal coordinate match
(condition_b). Figure 2c provides the complete MLIR lowering for
the Sp)GEMM kernel, explicitly highlighting this critical two-finger
loop.

Upon identifying this pattern, SPLYCE transforms this control flow
into a dual-path execution model (Figure 3, right). First, it prepends
a vectorized fast lane. Utilizing the MLIR Vector dialect, this new
primary loop executes fixed-width SIMD operations. Based on the
target hardware’s vector width (n), the compiler loads n contiguous
non-zero values from each input tensor into vector registers, using
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while (condition_c) {
e /I vectorized computation
while (condition_a) { }
if (condltlpn_b) { . /I scalar epilogue
/I predicated computation :(> while (condition_a) {
b if (condition_t;) {
} /I predicated computation

}o}

Figure 3: Transforming scalar code into SPLYCE dual-path.

vector masks to pad mismatched coordinates with explicit zero val-
ues. Crucially, this fast lane is guarded by a stricter, data-dependent
runtime condition (condition_c). The augmented vectorization
constraint, condition_c, ensures that a full hardware vector width
of elements remains available for SIMD loading—specifically requir-
ing that (pp + n < endp A pc + n < endc). This check guarantees
that the fast lane only executes as long as both tensors possess at
least n remaining non-zero elements along the active axis.

The original scalar scf.while loop is not entirely eliminated by
SPLYCE; it is retained to serve as a slow lane scalar epilogue. Once the
iterators advance near the end of the segment, and the remaining
elements fall below the hardware vector width (n), condition_c
evaluates to false. Execution then seamlessly falls through to the un-
modified scalar loop, which processes the remaining tail elements
using the standard coordinate-matching procedure. This guaran-
tees correct algorithmic output without introducing vectorization
overhead on small residual segments.

3.3 Execution Phases

Mechanically, the execution of the vectorized fast lane is divided
into three distinct phases: loading the data, performing the arith-
metic computation, and advancing the coordinate pointers. To pre-
cisely illustrate these phases, the following section continues to use
SpGEMM as a running example, utilizing its mathematical formu-
lation and MLIR sparse encoding map (the attribute that explicitly
binds logical tensor axes to physical storage levels, such as dense
or compressed) to construct and analyze the optimized scf.while
innermost loop structure.

Consider the standard SpGEMM kernel computing A[i, j] =
B[i, k] - C[k, j]. To force the compiler to generate the target coit-
eration, we define specific MLIR sparse encodings for the input
tensors:

e Matrix B (B[i, k]): Encoded in the standard Compressed
Sparse Row (CSR) format. The outer dimension i is anno-
tated as dense, while the inner contracting dimension k is
annotated as compressed.

e Matrix C (C[k, j]): Encoded in the Compressed Sparse Col-
umn (CSC) format, mapping j as the outer dense dimension
and k as the inner compressed (fastest-changing) dimen-
sion. This column-wise access ensures the shared contract-
ing dimension k is physically compressed in both operands,
facilitating coiteration.

By configuring the compiler to schedule the loop nest in an (i, j, k)

order, the workload decomposes into computing the intersection
between the i-th row of B and the j-th column of C. Because the
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i1 // Original Scalar Data Load

%b@_coord = memref.load %B_col_index[%argl]
1+ %c@_coord = memref.load %C_row_index[%arg2]
%cond = // Calculates if %b@_coord == %c@_coord
%contr = scf.if %cond -> (f64) {
%b0_val = memref.load %B_values[%argl]
8 %c@_val = memref.load %C_values[%arg2]
// Tensor contraction

U Lowering to Vector Data Loads

1 // After: 4-wide Vector Loads

%b_4_coords = vector.load %B_col_index[%argl]
%C_4_coords = vector.load %C_row_index[%arg2]
%b_4_values = vector.load %B_values[%argl]
%Cc_4_values = vector.load %C_values[%arg2]

Figure 4: Scalar memory loads from sparse tensors lowered
to fixed-width vector.load operations.
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Figure 5: Naive cartesian coiteration for SpGEMM: All-pairs

of the nonzero indices in row B; and column C; are compared
to identify matching k indices contributing to A;;.

shared contracting index k resides at the innermost compressed
level for both input tensors, O(1) random access is impossible. Con-
sequently, the MLIR sparsifier must emit our exact target code pat-
tern: an innermost scf.while loop that advances two independent
pointers to coiterate through the explicitly stored k-coordinate ar-
rays. As explicitly illustrated in Figure 2, this dynamically bounded,
branch-heavy scalar loop serves as the precise microarchitectural
bottleneck that our optimization pass fundamentally restructures.

Phase 1: Contiguous Loading and Mask Generation. Because the
fast lane is strictly guarded by the data-dependent condition_c
(ensuring at least n non-zeros remain in both tensors), the com-
piler can safely bypass complex gather operations for the initial
coordinate retrieval. Instead, the pass emits standard vector.load
operations to fetch n contiguous coordinates from the explicitly
stored k-index arrays of both B and C.

Figure 4 illustrates this load transformation. In the baseline scalar
execution, the loop fetches individual coordinates from B and C,
and the actual numerical values are loaded strictly after a condi-
tional if-else branch confirms a coordinate match. In contrast,
our vectorized fast lane unconditionally fetches n coordinates and
n corresponding numerical values simultaneously from both ma-
trices. By decoupling the memory loads from the intersection, this
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transformation entirely eliminates control-flow divergence within
the program’s hot-path.

Once these coordinate vectors populate the SIMD registers, the
pass executes an all-pairs cross-comparison strategy, yielding an
n X n boolean matrix representing all potential intersections (illus-
trated in Figure 5). Because the coordinate arrays in CSF formats are
strictly increasing, this comparison guarantees at most one true
value per row. This inherent property ensures that there are no
duplicate coordinates within either loaded vector; therefore, a spe-
cific k-index from one tensor can match, at most, a single identical
k-index in the other.

In the context of our running example SpGEMM (computing
the intersection of the i-th row of B and the j-th column of C),
this property ensures that for any specific k-coordinate in B, there
can be at most one matching k-coordinate in C. If a row in the
cross-comparison mask yields entirely false values, it indicates a
strict coordinate mismatch, meaning the specific k-index exists in
one operand but not the other, and therefore will not contribute to
the final tensor contraction.

As illustrated in the detailed dataflow of Figure 6, the pass imple-
ments this all-pairs comparison natively within the SIMD pipeline.
The n coordinate values from B are individually broadcast into
full-width vector registers and checked for equality against the con-
tiguous coordinate vector from C. The resulting boolean vectors
serve as masks to filter the loaded values of C. Subsequently, a hor-
izontal reduction extracts the single matched value (or a structural
zero) from each masked vector, producing the necessary operands
for the core tensor computation.

Phase 2: Predicated Tensor Computation. Following the cross-
comparison and the subsequent extraction of matched values, the
pass proceeds to the core arithmetic computation. As illustrated at
the transition into Phase 2 of Figure 6, the horizontal reduction of
the masked vectors yields discrete scalar values. To maintain a fully
vectorized dataflow pipeline, our initial approach is to repack these
discrete values—comprising both matched non-zeros (e.g., cO_v)
and explicit zero values—back into a cohesive SIMD register. The
operation vector. from_elements helps to achieve repackaging
within the MLIR Vector dialect (Figure 7b), effectively constructing
a dense vector operand that represents the filtered values of C.

With both operand vectors fully populated, the core arithmetic
is executed natively via fixed-width SIMD instructions. Because
the loop’s output accumulator (i.e., %Aij) is a scalar value, the pass
cannot utilize a standard fused multiply-add (vector. fma). Instead,
the semi-ring multiply-accumulate (MAC) decomposes into a two-
step vectorized operation. First, the pass emits an unconditional
element-wise vector multiplication (arith.mulf) between the B
and C registers. Subsequently, the resulting product vector under-
goes a horizontal sum reduction (vector.reduction <add>) to
collapse the array into a single scalar value (%a_v), which is then
added to the loop’s running accumulator.

Crucially, to sustain peak instruction throughput, this vectorized
computation is executed entirely without branching. Unlike the
baseline MLIR lowering (Figure 7a), which strictly guards scalar
computation with an scf.if branch to process only true non-
zeros, our transformed fast lane unconditionally executes the SIMD
arithmetic across the entire vector width. While this approach
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Figure 6: Dataflow architecture of a branchless 4 X 4 SIMD cross-compare algorithm for SpGEMM. The execution model bypasses
scalar control-flow by broadcasting matrix B coordinates to perform parallel equality checks against matrix C coordinates.
The resulting boolean masks filter matrix C values, which are then horizontally reduced to extract the matched non-zeros (or

structural zeros) for the subsequent accumulate stage.

%contr = scf.if %cond -> (f64) {
%b0_val = memref.load %B_v[%argl]
%c@_val = memref.load %C_v[%arg2]
%mul = arith.mulf %be@_val, %c@_val

arith.addf %Aij, %mul

1

%new_acc

(a) Baseline scalar execution generated from MLIR lowering.

// Pack C values into a vector

%c_vals_vec = vector.from_elements %cO_v, %cl_v, %c2_v, %c3_v
%contrib_vec = arith.mulf %b_vals_vec, %c_vals_vec

// Horizontal reduction

%a_v = vector.reduction <add>, %contrib_vec

arith.addf %Aij, %a_v

%new_acc

(b) SPLYCE-vectorized branchless SIMD computation and reduction.

Figure 7: Transform of the core computation in Phase 2.

inherently introduces redundant arithmetic—such as computing
b0_vx0 = 0 on unmatched lanes, as depicted in the Phase 2 multipli-
cation block—inserting conditional extraction logic to bypass these
zero values would shatter the SIMD pipeline and induce frequent
control-flow divergence. On modern superscalar architectures, the
latency penalty for branch mispredictions and the resulting instruc-
tion pipeline flushes far outweighs the localized cost of executing
dummy floating-point operations within the vector hardware.

Phase 3: Dynamic Pointer Advancement. After the predicated
computation completes, the independent iteration cursors for Ma-
trices B and C must be updated to prepare for the next iteration of
the scf.while loop. Because the sparse coordinate distributions are

irregular, the cursors cannot uniformly advance by the hardware
vector width n. If one tensor’s loaded coordinates vastly outpace
the other’s, aggressively advancing both pointers by n would skip
valid intersections.

To theoretically maintain a purely vectorized pipeline across
the entire coiteration cycle, our initial approach formulates pointer
advancement as a branchless sequence of vector operations. The un-
derlying formulation relies on establishing a safe execution bound-
ary, or pivot, which represents the largest coordinate up to which
both tensors have been fully inspected. As illustrated in Figure 8,
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pivot=min(max(B_c), max(C_c))

l max(C_c)
_____________ v

c0c|clc|c2c)

: ic3c
Cc : | :
"""" I - 0 .
Vector B_coord bo c | b1 c b2 c | b3 c i
B c :
max(B_c)

Figure 8: Branchless pointer advancement strategy.

this pivot is dynamically calculated as the minimum of the maxi-
mum coordinates currently loaded in the respective vector chunks
(i.e., pivot = min(max(B_coord), max(C_coord))).

Rather than relying on conditional scalar loops to evaluate the
next step, the compiler calculates the exact cursor advancement
natively within the SIMD unit, detailed by the MLIR lowering in
Figure 9. The scalar pivot is broadcast into a vector register and
evaluated against the original loaded coordinate vectors via a paral-
lel less-than-or-equal-to comparison. This yields a boolean mask in
which true lanes indicate elements that have been safely consumed.

To quantify the final advancement step, these boolean results are
zero-extended into integers (converting true to 1 and false to 0) and
summed using a horizontal vector reduction. The resulting scalar
unconditionally increments the tensor’s base pointer for the next
loop iteration. By formulating this advancement entirely through
vector comparisons and reductions, the methodology achieves dy-
namic, data-dependent cursor updates without introducing a single
control-flow branch.

3.4 Maximizing Parallel Throughput

While the purely vectorized, branchless architecture proposed above
theoretically maximizes SIMD lane utilization, practical hardware
constraints dictate that aggressive vectorization is not universally
optimal. Specifically, the latency overheads associated with dynam-
ically extracting matching values from vectors, repacking discrete
values into new vector registers, and executing cross-lane shuffles
can frequently eclipse the throughput gains of parallel execution.

To mitigate these potential microarchitectural bottlenecks, the n
non-zeros processed in a single fast-lane cycle can alternatively be
handled via highly unrolled scalar instructions. For all three phases
discussed, it is theoretically possible to bypass the SIMD pipeline
entirely and emit discrete scalar operations:

e Phase 1: Instead of vectorized masking and reduction to
filter non-zeros, the n X n all-pairs cross-comparison can be
executed directly via independent scalar equality checks and
loading the matched values straight into scalar registers.

e Phase 2: Instead of repacking the extracted matching values
back into SIMD registers, the arithmetic can be computed
sequentially using unrolled scalar MAC instructions.

e Phase 3: The branchless pointer calculation, as shown in
Figure 9, can bypass the vector unit entirely. As demonstrated
in Figure 10, the pointer advancement can be executed using
unrolled scalar comparisons and a tree-reduction.
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Because of these competing microarchitectural trade-offs, the
optimal configuration for the fast lane is a finely-tuned hybrid
execution model. Rather than relying on theoretical assumptions or
runtime auto-tuning, the architectural design of our final compiler
pass is strictly informed by hardware realities—specifically, how the
CPU’s Out-of-Order execution engine and ILP interact with vector
packing latencies. We conducted an ablation study to determine
exactly which phases of our pass must be vectorized.

4 Evaluation

In this section, we evaluate the performance, scalability, and mi-
croarchitectural behavior of our proposed dual-path MLIR opti-
mization pass. Our experimental analysis is designed to answer
four primary research questions:

¢ RQ1 (Phase Ablation): Among data loading, tensor compu-
tation, and pointer advancement, does vectorizing all three
execution phases yield the optimal microarchitectural per-
formance?

e RQ2 (Vectorization Overhead): Does the performance ben-
efit of vectorizing sparse coiteration via SIMD instructions
outweigh the computational overhead of processing explicit
zero values?

¢ RQ3 (Sparsity Scaling): Does the proposed dual-path archi-
tecture maintain its performance advantages across varying
tensor dimensions and data densities?

¢ RQ4 (Parallel Scalability): Are the ILP gains achieved by
SpLYCE orthogonal to macro-scale thread-level parallelism
(TLP) when scaled across parallel multicore environments?

All experiments were conducted on a dual-socket Intel Xeon
Gold 6430 (Sapphire Rapids) server. The system features a 2-node
NUMA architecture with a total of 64 physical cores (32 per socket).
To isolate microarchitectural behavior and ensure deterministic,
cycle-accurate profiling, Simultaneous Multithreading (SMT) was
disabled, and all benchmark threads were strictly pinned to a single
NUMA node. The processors feature 120 MB of shared L3 cache and
2 MB of dedicated L2 cache per core, alongside native AVX-512 in-
struction support. The host operating system is Ubuntu 24.04.4 LTS
(Linux kernel 6.x). The SPLYCE optimization pass is implemented
and evaluated against the LLVM/MLIR 23.0.0-git mainline.

All benchmark kernels were compiled with strict performance
flags: -03 -march=native. Although the -Ofast compiler flag en-
ables floating-point reassociation—allowing the compiler to break
the loop-carried dependency chain in multiply-accumulate opera-
tions that would otherwise negate vectorization gains—the default
MLIR sparsifier pipeline does not enable fast-math optimizations.
Consequently, SPLYCE inherits these conservative floating-point
semantics by default throughout our evaluation.

4.1 Phase Ablation

To address RQ1 and determine the optimal microarchitectural con-
figuration, we conducted a rigorous ablation study on the SpGEMM
fast lane. By selectively enabling SIMD vectorization across the
three execution phases, we isolated the performance impact of each
component. The results, detailed in Table 1 and Figure 11, reveal a
critical insight: full-pipeline vectorization does not yield the optimal
microarchitectural performance.
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1 %pivot_v = vector.broadcast %pivot

> %b_le_vec = arith.cmpi ule, %b_c, %pivot_v

5 %b_le_int = arith.extui %b_le_vec

1+ %b_step_val = vector.reduction <add>, %b_le_int
5 %b_step = arith.index_cast %b_step_val

¢ %new_ptr_B = arith.addi %ptr_B, %b_step

Figure 9: Branchless vectorized pointer advancement.
Table 1: Ablation study of SpGEMM coiteration phases (v:
SIMD, x: scalar). Baseline (58.57s) represents the unmodified
MLIR sparsifier.

Phases Insn. Br. Miss Time

# 1 2 3 o'y  IPC (107) (s) Speedup
- Original MLIR 1.60 1.31 34.10 58.57 1.00x
X X X 2.72 3.95 5.32 33.01 1.77X
X X v 2.97 3.14 5.34 45.36 1.29%
X v X 2.93 4.54 5.31 30.91 1.89%
x v v 3.05 3.24 5.33 45.19 1.30%
v X X 1.60 3.64 5.32 21.10 2.78%
@ v X v 1.45 1.73 5.32 40.25 1.46X
v v X 1.68 3.31 5.31 24.37 2.40%
v v v 1.54 1.72 5.32 42.91 1.36%
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Figure 11: Top-Down Microarchitecture Analysis (TMA)
pipeline slot utilization across different configurations.

® ©)

Before analyzing the SIMD scaling, the data demonstrates the
inherent structural advantage of the dual-path model itself. Com-
pared to the unmodified MLIR baseline, every dual-path configura-
tion achieves an approximate 6.41X reduction in branch mispredic-
tions. This is the direct consequence of eliminating the divergent
if-else coordinate matching logic from the scf.while hot path.
By migrating from unpredictable data-dependent branches to bulk
cross-comparisons, the architecture drastically reduces pipeline
flushes. Figure 11, a Level 1 Top-Down Microarchitecture Analysis
(TMA) [47] chart detailing all phase configurations alongside the
MLIR baseline, visually corroborates this by demonstrating a strict
reduction in Bad Speculation pipeline slots.

However, while this structural transformation mitigates control-
flow penalties, attempting to vectorize the pointer advancement
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1 %b@_le = arith.cmpi ule, %b@, %pivot : index ...

2 %b@_adv = arith.select %b0@_le, %cl1, %c@ : index ...
%b_s01 = arith.addi %b@_adv, %b1_adv : index

1 %b_s23 = arith.addi %b2_adv, %b3_adv : index

5 %b_step = arith.addi %b_s@1, %b_s23 : index

¢ %new_ptr_B = arith.addi %ptr_B, %b_step : index

Figure 10: Unrolled scalar variant of pointer advancement.

(Phase 3) introduces a fatal execution bottleneck. As explicitly
shown in Table 1, the lowest overall speedups (2}, 4], [6], and [8])
occur precisely when Phase 3 is vectorized. Consequently, as illus-
trated in Figure 11, these specific configurations suffer a massive
spike in Backend Bound stalls. This indicates that the CPU is stalling
not due to memory latency or frontend starvation, but because its
backend execution units are severely overwhelmed. Advancing
dynamically bounded sparse pointers in SIMD not only requires
expensive cross-lane shuffles, but it also triggers a severe microar-
chitectural hardware clash. The CPU’s Address Generation Unit
(AGU) requires memory addresses to reside in scalar General Pur-
pose Registers (GPRs). When pointer arithmetic is forced into vector
registers—either by design or by the LLVM SLP auto-vectorizer un-
der -03—the hardware must execute high-latency domain-crossing
instructions (e.g., vpextraq) or serialized Gather operations to feed
the AGU for the subsequent iteration. To bypass this compiler cost-
model myopia and preserve optimal AGU throughput, Phase 3 must
remain strictly scalar, necessitating explicit -fno-slp-vectorize
and -fno-vectorize compiler flags.

Beyond the penalties of Phase 3, the ablation data highlights the
absolute necessity of vectorizing the memory loads and coordinate
cross-comparisons (Phase 1). Configurations where Phase 1 remains
scalar exhibit a massive inflation in total executed instructions.
Notably, [3] achieves the highest Instructions Per Cycle (IPC) across
all configurations, yet yields a suboptimal execution time. This
empirical data demonstrates a classic SIMD IPC paradox: the scalar
coiteration loop’s high IPC consists of billions of lightweight scalar
coordinate comparisons (an n X n matching complexity) that keep
the pipeline highly active but yield little semantic progress towards
the high-level tensor operation. Vectorizing Phase 1 collapses this
complexity, mathematically deflating the total instruction count
via bulk SIMD comparisons and proving mandatory for achieving
significant speedup.

Having established the necessity of a vectorized Phase 1 and
a scalar Phase 3, the final architectural decision rests on Phase 2
(Predicated Tensor Computation). Table 1 confirms that [5], which
executes Phase 2 using standard scalar instructions, achieves the
absolute peak speedup (2.78X%). This superiority stems from a mi-
croarchitectural trade-off between SIMD packing latencies and ILP.
To execute Phase 2 in SIMD, the hardware must first repack the dy-
namically matched sparse values into contiguous vector registers—a
process strictly gated by the Phase 1 vector mask. This dynamic
permutation overhead severely degrades throughput. Conversely,
emitting independent scalar MAC instructions allows the mod-
ern OoO execution engine to naturally exploit ILP, completely
bypassing the SIMD repack latencies. Thus, avoiding vectorization
overhead in Phase 2 in favor of hardware-driven ILP ultimately
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Table 2: Ablation study of SpGEMM coiteration phases with
associative math enabled in Splyce (v': SIMD, X: scalar). Base-
line (58.57s) represents the unmodified MLIR sparsifier.

Phases Insn. Br. Miss Time
# 1 2 3 (1011 IPC (107) (s) Speedup

- Original MLIR  1.60  1.31 34.10 58.57 1.00x
O x  x X 2.74 454 5.32 32.96 1.78x
2 x x v 291 3.20 5.32 43.59 1.34%
B x v x 2.88  4.45 5.31 31.11 1.88x
[4f x v Vv 3.01  3.17 5.34 45.52 1.29%
[5H v x X 1.37  3.21 5.31 20.48 2.86X
[ v x v 1.22 156 5.32 37.50 1.56%
7 v v  x 1.47  3.43 5.32 20.62 2.84%
B v v v 133 1.68 5.33 37.91 1.54%
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Figure 12: SpGEMM performance vs. vectorization factor (n).

yields the optimal performance. Because this optimal configuration
is highly dependent on underlying hardware capabilities, SPLYCE
exposes an optional compile-time flag to independently toggle the
vectorization of each phase.

To preserve strict [EEE 754 semantics, the default MLIR sparsifier
pipeline prohibits floating-point reassociation, which inherently
restricts the potential for tree-height reduction. To explore this
optimization space, SPLYCE introduces an optional flag that explicitly
enables associative math transformations. As detailed in Table 2,
activating this flag accelerates execution across all eight phase
configurations relative to the original MLIR program. However,
to uphold standardized floating-point guarantees and align with
the default MLIR sparsifier, we isolate this ablation and omit the
associative flag in all subsequent experiments.

Beyond the phase-level vectorization strategy, the efficiency
of the dual-path model depends heavily on the hardware vector
length (n), which dictates the number of elements processed per
loop iteration. For 64-bit double-precision floating-point workloads,
the native AVX-512 instruction set allows for a maximum vector
width of n = 8. However, as detailed in Figure 12, maximizing the
vector width to n = 8 empirically yields suboptimal performance
across various sparsity densities.

This degradation reveals a fundamental microarchitectural bot-
tleneck due to AVX-512 predicate register pressure. While the ar-
chitecture natively supports 8 elements per vector register, it provi-
sions only 7 usable mask registers (k1-k7) for conditional execution,
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as k@ is hardwired to disable masking [3]. As the vectorization fac-
tor scales to n = 8, the intermediate boolean operations required to
compute the Phase 1 coordinate cross-comparison masks exceed
this 7-register limit. Consequently, the compiler is forced to spill
active predicate masks to standard GPRs and execute costly kmov
instructions to shuttle masks in and out of the execution units.
Coupled with the inherently lower SIMD lane utilization that wider
vectors suffer when processing sparse data, this register spilling
severely degrades overall throughput.

Recognizing that the optimal vector width is dictated by a deli-
cate balance between hardware register capacity, ISA constraints,
and dataset sparsity, we designed our MLIR optimization pass to
expose the vectorization factor n as a highly configurable compi-
lation parameter rather than a rigid architectural constant. Based
on our empirical profiling, setting n = 4 achieves the optimal mi-
croarchitectural trade-off for our target platform; consequently,
this configuration is adopted as the standard vector width for all
remaining experiments in this evaluation.

4.2 Vectorization Overhead

To address RQ2 and quantify the computational trade-offs of our
approach, we evaluated five sparse tensor contraction kernels:
SpGEMM, SpMSpV, SpMTTKRP, SpMMH, and SpTTSpM. This ini-
tial evaluation used synthetic datasets with a uniform 5% non-zero
values along the innermost compressed dimension. As detailed
in Table 3, the proposed dual-path architecture yields end-to-end
speedups ranging from 1.96X to 2.86x, achieving an overall geo-
metric mean speedup of 2.38% against the standard MLIR baseline.
This data explicitly proves our hypothesis: the immense through-
put benefits of bulk SIMD coordinate matching and instruction
deflation comprehensively outweigh the computational overhead
of processing explicit zero-padding within the vector lanes. Fur-
thermore, to validate the practical applicability of this optimization
beyond uniformly distributed synthetic data, we extended our eval-
uation to highly irregular, real-world sparse tensors sourced from
the SuiteSparse Matrix Collection [14, 27]. Across these production-
grade datasets, the dual-path fast lane demonstrates improvements
across the kernels.

4.3 Sparsity Scaling

Addressing RQ3 is critical for establishing the operational bound-
aries of the optimization—specifically, determining the sparsity
thresholds that dictate when this optimization pass yields prof-
itable returns. To map this behavior, we conducted a sensitivity
analysis on the Sp)GEMM kernel, sweeping the sparsity of the input
matrices (uniform random distribution; identical for both operands).
As illustrated in Figure 13, the performance delta between the base-
line and the optimized fast lane scales positively with the sparsity
of the matrix. Crucially, even at an extremely low 0.01% sparsity
regime, the optimized kernel maintains strict execution parity with
the unmodified baseline.

This trend extends to real-world datasets (Table 4). While many
production tensors often possess much lower global sparsity than
our synthetic benchmarks, the same convergence toward 1.0X
speedup is observed in the limit, such as with the internet dataset
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Table 3: Performance of sparse kernels on synthetic datasets (5% uniform sparsity). Boldface variables in the equations denote
sparse tensors, whereas non-bold variables represent dense tensors.

Kernel Equation Input Dimension Baseline (s) Optimized (s) Speedup

SpGEMM Aij = Y Bix - Cyj B(5kx5k), C(5kx5k) 58.71 20.83 2.82x
SpMSpV yi=;Bij x; B(100Xx100M), x(100M) 4.81 1.68 2.86X
SPMTTKRP Ay = Y Bixs - Cj - Dy B(1kx1kx1k), C(1kx1k), D(1kx1k) 24.33 10.65 2.28x
SpTTSpM Aijr = Y Biji - Crr B(500%500%500), C(500%500) 30.53 14.39 2.12%

: — T Table 4: Performance of SPLYCE on real-world sparse tensor

—e— Baseline . .

datasets. Bold inputs are real-world matrix and the rest are

— 100 [ = SPLYCE . synthetic with matching sparsity with a minimum of 0.001%.

E Kernel Dataset Sparsity(%) Base.(s) Optim.(s) Speedup SIMD(%)

& internet (B,C) 1.33e-3 21012 21009  1.00X 345

o exdata_1 (B,C) 3.16 10777 99.61 108X 2485

g 50l . SPCGEMM 5 mat11 (B) 9.37 115.47 5179 223X 97.90

é heart1 (B,C) 10.97 33.86 1773 1.91x  98.01

= stokes (B) 2.66e-4 7.94 407 171X 67.77

8 SoMspy  Mycielskian18 (B) 078 2.79 166 168X  76.63

PSP arabic-2005 (B) 1.24e-4 14.87 8.84 168X  81.37

ol | hugetrace-00020 (B) 1.87e-5 7.07 6.84 103X 0.00

| | L heart1 (D) 10.97 138574 63646 218X 9857

0.01 0.1 1 2 510 CAG_mat364 (C,D) 10.25 5.06 246 206X  87.13

. . SPMTTKRP o4111ct4 (C,D) 1.26 7828 4951 158X  95.86

Input Matrix Sparsity (%) cavity26 (C,D) 0.66 20.26 1448 140X 92.03

Figure 13: SpGEMM execution time vs. sparsity. bayer01 (B,D) 8.33e-3 5184 5460 095X 2175

SoMMy  WSe23052 (BD) 0.2 19347 11405 170X 9830

P smt (B,D) 0.57 52606  438.67 120X  99.38

(1.33e-3% sparsity). Crucially, these results highlight the perfor- mark3jac020 (B,D) 6.74e-2 1.98 190 104x 4103

mance safety of our dual-path strategy. The vectorized fast-lane barth4 (C) 6.48e-2 25.07 2414 1.04x 4571

. 1 . SoTTsom  Fdist1 (©) 0.55 12913 8621 150X 8443

targets throughput gains within dense clusters, while the scalar PTTSPM | cmigr 1(C) 051 125614 56202  2.24%x 9525

epilogue ensures that execution remains consistent with the base- EX6 (C) 0.69 62091 28839 215X 9546

line in the sparse limit. In this context, global sparsity is not the
sole determining factor, as globally sparse datasets can still contain
highly dense local regions. The SpMSpV kernel results in Table 4 ex-
emplify this: the highly sparse stokes matrix achieves a significant
speedup, whereas hugetrace-00020, which falls in a similar range,
shows almost no speedup. However, the SIMD(%) metric reveals
that the portion of elements consumed by the SIMD fast-lane in
the latter case is near zero, explaining the lack of speedup for that
specific SuiteSparse matrix.

At the same time, the SIMD(%) metric alone is not a definitive per-
formance predictor, since SIMD lanes may still process structural
zero values within their wide execution width. Indeed, our extended
evaluation across SpGEMM (Figure 14), SpMSpV (Figure 15), and
SpMTTKRP (Figure 16) kernels reveals that while Spryce deliv-
ers significant speedups across the majority of diverse SuiteSparse
matrices, a small subset incurs a negative speedup. Furthermore,
this behaviour is highly kernel-dependent: a dataset that trigger
a slowdown in one operation may still accelerate in another. For
example, the cdde1 dataset exhibits a performance regression dur-
ing the SpGEMM kernel, yet achieves positive speedup in both
SpMSpV and SpMTTKRP. Because we currently lack a definitive
metric to capture these complex dataset-kernel interactions, identi-
fying a priori which data properties trigger regression for specific
sparse computations remains an open research problem. Never-
theless, by coordinating these paths, SPLYCE broadly preserves the
performance benefits harvested in dense regions without suffering
significant degradation in the vast majority of sparse environments.
Because execution seamlessly falls through to the epilogue when

the vector-width check (condition_c) is not met, the system avoids
the speculative overhead and register-packing penalties that would
otherwise occur where vectorization is not viable.

4.4 Parallel Scalability

To investigate the interaction between our vectorization pass and
TLP, we evaluated the scalability of the proposed transformation
on a 32-core NUMA node. For this analysis, we selected the SpMT-
TKRP kernel using the same data and configurations as defined in
Table 4. This kernel was chosen as a representative stress test be-
cause its computational intensity provides a measurable throughput
footprint even at high core counts, whereas lower-order kernels of-
ten collapse into microsecond execution ranges that are susceptible
to measurement noise.

We parallelized the outermost scf.parallel loop while main-
taining the SPLYCE-optimized inner coiteration loop. As illustrated
in Figure 17, the results demonstrate that SPLYCE is inherently or-
thogonal to TLP, with synthetic data. The implementation achieves
near-linear self-scaling, reaching a 31.18x speedup on 32 cores rel-
ative to the single-core SPLYCE execution. More importantly, the
absolute speedup over the original unoptimized baseline scales pro-
portionally, reaching 67.90x on 32 cores. This confirms that the
branchless, dual-path architecture of SPLYCE operates strictly within
the instruction-level parallelism (ILP) domain. By resolving the
structural conflicts of sparse traversal at the register level, SPLYCE
saturates execution units without introducing resource contention
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Figure 14: Speedup of Splyce for Sp)GEMM (4;; = 3 Bji - Cy;). The same SuiteSparse matrix is used for both input matrices B
and C. To represent the SuiteSparse Matrix Collection, we selected one matrix from each group, specifically choosing the one
with the median non-zero density.
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Figure 15: Speedup of Splyce for SpMSpV (y; = 3. ; B;; - x;). Input matrices follow the same selection strategy used for SP GEMM.
The synthetic input vector is generated to match the sparsity factor of its corresponding matrix, subject to a minimum sparsity
floor of 0.001%.
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Figure 16: Speedup of Splyce for SpMTTKRP (A;x = 3 i ; Bixi - Cij - Di;). The 2D matrices follow the same selection strategy used
for SpGEMM, with the same matrix used for both inputs C and D. The synthetic 3D input tensor is generated to match the
sparsity factor of these matrices, subject to a minimum sparsity floor of 0.001%.
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Figure 17: Scaling of the parallelized SpMTTKRP.

or synchronization overhead, thereby preserving macro-scale mul-
ticore efficiency. However, it should be noted that this near-linear
scalability relies on the uniform workload distribution of synthetic
data. Real-world sparse matrices typically exhibit irregular non-zero
distributions across rows, which inherently introduces thread-level
load imbalance and sub-linear scaling in practice.

5 Related Work

Early efforts in sparse code generation [7, 24, 42] evolved into the
formalized merge lattice theory of TACO, which rivaled library-
based approaches. This was subsequently expanded by the level-
format abstraction, which modularized tensor dimensions into per-
level types (e.g., dense, compressed). By decoupling storage repre-
sentation from the iteration engine, this abstraction enabled unified
code generation across disparate layouts like CSR, CSF, and COO.
Contemporary frameworks—including Finch [5], SparseTIR [48],
and the MLIR SparseTensor [6] dialect—build upon this modu-
lar blueprint to facilitate deeper integration with general-purpose
ecosystems.

While vectorization is a standard optimization [11, 20, 23, 45],
existing strategies predominantly accelerate dense-sparse interac-
tions (e.g., SpMV). These methods typically enforce regular access
patterns through blocking or explicit memory-level zero-padding,
which compromises compression benefits and inflates memory
bandwidth requirements. While hand-tuned libraries (Intel MKL,
cuSPARSE) and specialized hardware accelerators deliver peak
performance, they inherently sacrifice the flexibility and format-
agnostic composability provided by a generalized compiler infras-
tructure.

Traditional auto-vectorizers successfully handle interleaved data
with constant strides, but conservatively assume branches are diver-
gent. To address this, VecRC [32] introduces an auto-vectorizer that
uses run-time checks to identify dynamic uniformity—cases where
all SIMD lanes follow the same control path at run-time. VecRC
leverages this uniformity to relax constraints on loops with control-
dependent loop-carried dependencies, enabling vectorization with-
out the overhead of speculation. While VecRC’s probability-based
cost model effectively mitigates predication overhead in uniform
scenarios, standard auto-vectorizers remain structurally incapable
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of handling the dynamic, data-dependent intersections inherent in
sparse two-finger loops.

The problem of two-finger loops is a well-known algorithmic
bottleneck across various domains, including data compression
[30], relational databases [8, 19], and sequence alignment in bioin-
formatics [39]. While extensive SIMD vectorization efforts have
successfully accelerated these co-iteration patterns in compression
and database sort-merge joins, these optimizations do not trivially
translate to sparse tensor compilers. Unlike standard applications
that traverse contiguous arrays to materialize matching identifiers,
sparse tensor coiteration navigates coordinate arrays—imposing
heavy memory indirection—and tightly fuses this unpredictable
intersection logic directly with floating-point arithmetic. This limits
the applicability of traditional SIMD techniques and necessitates
the specialized vectorization pass proposed in this work.

6 Discussion and Future Work

Although SpLYCE supports compressed outputs, current evaluation
materializes dense outputs to reduce measurement overhead. The
current transformation targets two-way intersection coiteration
while the union-based one is left for future work.

Multiway coiteration presents another extension of the dual-path
approach. When the underlying operation permits associative de-
composition, a multiway coiteration can be expressed as a sequence
of two-way coiterations. This introduces additional choices in de-
composition order and execution strategy. It may also change the
phase-level trade-offs observed in Section 4.1. Multiway coiteration
can increase the amount of computation performed per traversal
step, potentially amortizing the overheads associated with value
extraction, packing, and reduction. Consequently, more extensive
vectorization may become beneficial for such workloads.

Blocked-sparse formats are particularly relevant because they in-
troduce fixed-size dense regions within a sparse contraction. These
dense sub-blocks expose regular computation that can be mapped to
SIMD execution while retaining sparse contraction at the block level.
This may increase the amount of useful computation performed
within each fast-lane iteration and improve the amortization of
coiteration overheads.

Finally, the current implementation targets CPU SIMD execu-
tion. However, the underlying idea of converting irregular, branch-
dependent sparse coiteration into a more regular, parallel execution
pattern is not inherently CPU-specific. This suggests an opportu-
nity to adapt SpPLYCE to heterogeneous accelerators, where similar
speculative and predicated execution strategies could be used to
expose more parallelism and improve hardware utilization.

7 Conclusion

In this paper, we presented SPLYCE, an MLIR optimization pass de-
signed to resolve the structural conflict between compressed sparse
storage and modern parallel hardware. By transforming the diver-
gent scalar coiteration loop into a branchless, dual-path execution
model, we enable modern superscalar engines to maximize ILP and
saturate parallel execution units previously starved by sequential
dependencies.
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A Artifact Appendix
A.1 Abstract

This artifact contains the implementation of SpLycE, an MLIR pass
that vectorizes sparse coiteration (scf.while two-finger loops) by
transforming them into a dual-path version of branchless fast-lane
and scalar-epilogue. The artifact includes the SpLyce MLIR pass
(built against LLVM/MLIR mainline), the five benchmark kernels
evaluated in the paper (SpGEMM, SpMSpV, SpMTTKRP, SpMMH,
SpTTSpM), synthetic sparse tensor generators, scripts to down-
load and preprocess the SuiteSparse matrices used in Table 4, and
analysis scripts that reproduce the phase-ablation study (Table 1,
Figure 11), the speedup results (Table 3, Table 4), the sparsity scaling
sweep (Figure 13), the vector width experiment (Figure 12), and
the parallel scalability study (Figure 17). Reproducing these results
validates the following central claims of the paper:

o SpLYCE reduces branch misprediction.

o In SpLYCE, phase config [5] is the best performing one on the
particular hardware.

SpLYCE achieves a 2.38X geomean speedup on synthetic data.
SPLYCE sustains speedups on real-world SuiteSparse inputs.
SPLYCE constrains its optimization within a single core.

Full instructions for environment configuration, compilation,
and experiment reproduction are detailed in README.md of the
repository. This appendix directs readers to specific sections of
that online documentation for detailed execution steps.

A.2 Artifact checklist

e Algorithm: Dual-path (vectorized fast-lane + scalar epilogue) SIMD
coiteration transform for sparse tensor contractions.

e Program: SpLYCE MLIR pass (C++/MLIR), benchmark drivers for
SpGEMM, SpMSpV, SpMTTKRP, SpMMH, SpTTSpM.

e Compilation: LLVM/MLIR 23; -03 -mavx512f -mavx512vl

Transformations: SparseTensor — SCF/Vector — LLVM-IR in-

tercepted by Splyce between SCF/Vector dialect stages.

e Binary: splyce-opt MLIR pass plugin, benchmark executables

(pre-built on the server; source also provided for inspection/rebuild).

Data set: Synthetic uniform-random sparse tensors; real-world ma-

trices from the SuiteSparse Matrix Collection (e.g., internet, exdata_1,

c8_matll, heartl, stokes, bayer01, barth4)

e Run-time environment: Ubuntu 24.04.4 LTS, Linux kernel 6.x (as

configured on the provided server)
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e Hardware: Provided server—dual-socket Intel Xeon Gold 6430
(Sapphire Rapids), 64 physical cores (32/socket), AVX-512, 120 MB
shared L3, 2 MB L2/core; SMT disabled, threads pinned to a single
NUMA node.

o Execution: Single-threaded for Section 4.1- 4.3; multi-threaded

(1-32 cores) for Section 4.4.

Metrics: Wall-clock execution time, speedup vs. the pre-built un-

modified MLIR baseline, IPC, branch misprediction count, TMA

pipeline-slot breakdown.

Output: CSV files with timings, plots matching Figures 11-17

Experiments: Phase ablation (Table 1, Figure 11), vectorization

overhead across 5 kernels (Table 3), real-world dataset evaluation

(Table 4), Vector width ablation (Figure 12), Sparsity Scaling (Fig-

ure 13), Multicore Scaling (Figure 17).

o How much disk space required (approximately)?: ~116 GiB
(Mostly for SuiteSparse and Synthetic matrices)

o Publicly available?: Yes

o Code licenses (if publicly available)?: Apache 2.0 (matching

LLVM/MLIR licensing)

Data licenses (if publicly available)?: SuiteSparse matrices are

publicly available under their respective collection terms.

o Workflow automation framework used?: Shell Scripts, Python
Scripts, CMake

o Archived (provide DOI)?: https://doi.org/10.5281/zenodo.21878752

o Archived (Trovi): https://trovi.chameleoncloud.org/dashboard/

artifacts/4ad43cct-564d-450a-abf2-25a99d5d3d70

Repository: https://github.com/KabilanMA/Splyce

A.3 Description
A.3.1 Access. Zenodo: https://doi.org/10.5281/zenodo.21878752

A.3.2  Hardware dependencies. Reproducing the absolute timings
reported in this work requires an x86-64 processor with AVX-512F
and AVX-512VL support. All experiments were conducted on a
dual-socket Intel Xeon Gold 6430 (Sapphire Rapids) server running
Ubuntu 24.04.4 LTS. The system features 64 total physical cores (32
per socket), 120 MB of shared L3 cache, and 2 MB of dedicated L2
cache per core. To isolate microarchitectural behavior and ensure
deterministic, cycle-accurate profiling, Simultaneous Multithread-
ing (SMT) was disabled, and all execution threads were pinned to
a single NUMA node. Consequently, multi-socket hardware is not
strictly required for reproduction. The SPLYCE optimization pass is
implemented and evaluated against the LLVM/MLIR 23.0.0-git
mainline.

Regarding core counts, the single-thread evaluations in Sec-
tions 4.1 through 4.3 require only a single core. Conversely, the
scalability evaluation in Section 4.4 requires a dense multi-core
environment. At least 32 physical cores on a single NUMA node are
necessary to reproduce the full sweep shown in Figure 17, although
the general scaling trend remains observable on hardware with
fewer cores.

A.3.3 Software dependencies. We defer to the README . md within
the artifact repository for complete and up-to-date specifications
regarding software dependencies and environment configuration.

A.3.4  Containerized Evaluation. In addition to the pre-configured
server, we supply a Dockerfile and supporting documentation to
facilitate local execution. Reviewers electing to use this method
should be advised of two caveats. First, building the Docker image
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requires compiling LLVM from source, a process that can be highly
time-consuming depending on the host machine. Second, while this
environment is fully capable of functional validation, we cannot
guarantee the fidelity of the absolute execution timings or scaling
metrics due to the inherent overhead of containerization.

A.3.5 Data sets. The evaluation utilizes both synthetic and real-
world datasets. Synthetic tensors, featuring uniform random spar-
sity, are generated on-demand via the experiments/gen_data.sh
script. Real-world matrices are retrieved dynamically from the
SuiteSparse Matrix Collection using automated scripts included
in the repository.

A.4 Installation

Detailed procedures for resolving the LLVM dependency-either
by compiling from source or configuring a pre-existing build—-are
provided in the README . md file. The documentation subsequently
outlines the compilation steps for Splyce, along with a Getting
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Started section designed to simply validate the environment setup
through a minimal working example.

A.5 Experiment workflow

To facilitate reproducibility, the artifact provides six automated
scripts capable of generating all plots and corresponding CSV data
files discussed in the Evaluation section. We also supply reference
plots and baseline CSV output against which reviewers can validate
their generated results. Comprehensive documentation detailing
each experiment is maintained in the README . md of the repository.

A.6 Evaluation and expected results

Every experimental workflow is isolated within a specific folder
under the experiments directory. These folders contain the base-
line execution numbers and reference plots. Upon executing the
provided scripts, reviewers can validate their setup by ensuring
their newly generated data and figures closely match these refer-
ence files, which were used to populate the tables and figures in

the paper.
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