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ABSTRACT

This work introduces a compiler and its abstraction for dynamic
tiling of sparse tensor applications on accelerators. Our abstrac-
tion expresses dynamic tiling as data-dependent updates to global
iteration-space tile boundaries based on structural tile properties.
Because these updates depend only on sparse structural metrics
(e.g., nonzero counts) rather than expression-specific traversal logic,
tiling policies are decoupled from tensor expressions, data layouts,
and hardware backends. This view of tiling enables defining a strat-
egy once and reusing or varying it across workloads and code
generators. We validate the abstraction by generating a Dynamic
Reflexive Tiling-style algorithm that is within 1% of the original
handwritten baseline, demonstrating that policy-level specifications
can match expert-designed implementations.

1 INTRODUCTION

Recent hardware trends show a growing number of accelerators
targeting data-dependent and irregular workloads [5, 20], such as
sparse tensor algebra [7, 8, 15, 16, 19, 22, 26, 27]. These accelerators
are typically constrained by limited on-chip memory and rely on
host CPUs to tile and orchestrate data movement across the mem-
ory hierarchy. While prior work [1, 6, 11, 23, 25] has addressed this
challenge for mapping dense workloads to accelerators, the problem
is substantially more complex for sparse tensor applications. First,
tiling code must operate over sparse loop nests [14], which are sig-
nificantly harder to optimize than dense ones. Second, performance
depends strongly on the tiling algorithm itself, since tile structure
directly affects load balance and accelerator utilization. As a result,
naive tiling of sparse data usually produces unevenly populated
tiles, leading to severe load imbalance and under-utilization.

Prior work [2, 3, 10, 13] on sparse tensor orchestration partly
addresses the first challenge, but relies on static tiling, which pro-
duces unevenly populated tiles for sparse data. To address this,
hand-designed dynamic tiling algorithms [9, 12, 17, 18, 21, 24] have
been proposed, which adapt tile shapes based on data properties at
runtime. These algorithms adapt tiles based on the tiled-data prop-
erties (e.g. number of nonzeros) but are typically specialized to a
particular application (e.g., SpMM), sparsity pattern, and hardware
accelerator, making them brittle, non-composable, and difficult to
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Figure 1: Overview of the LEGO compiler system.

reuse. Adapting an existing dynamic tiling strategy to a new appli-
cation or accelerator often requires rewriting substantial low-level
traversal and control logic, even when the tiling policy itself is
unchanged.

To address this gap, we propose LEGO, a compiler that gener-
ates dynamic tiling algorithms for sparse tensor accelerators. LEGO
decouples tiling policy from tensor algebra expressions, sparse data
structure formats, and hardware-specific code generation by in-
troducing an abstraction in which users specify tiling policies as
data-dependent actions that update iteration-space tile boundaries
under user-defined sparse structural property conditions. LEGO
is portable along two axes: (1) tiling policies are reusable across
tensor expressions, data layouts, and hardware backends and (2)
dispatch code, which converts tile data into accelerator-specific
layouts is structurally separated from the tiling logic and reusable
across tiling policies. Together, these properties enable rapid gen-
eration of tiles that satisfy architectural constraints to improve
accelerator utilization, and significantly reduce the effort required
to deploy dynamic tiling algorithms across applications and accel-
erators, which we believe is general enough to handle the space of
prior dynamic tiling algorithms proposed.

2 SYSTEM OVERVIEW

Fundamentally, dynamic tiling algorithms for sparse tensor pro-
grams adapt tile boundaries based on data-dependent properties in
order to satisfy architectural constraints. A tile represents a subre-
gion over iteration indices whose boundaries are adjusted based on
structural properties of a tensor. These structural properties—such
as nonzeros (nnz) or active rows—represent the sparsity structure
and are used to estimate architectural metrics like buffer occupancy
or memory traffic. A typical dynamic tiling algorithm begins with
an initial tile, evaluates these properties, and iteratively adjusts
boundaries until architectural constraints are satisfied. Prior sys-
tems [9, 12, 17, 18, 21] tightly couple boundary adaptation logic,
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Figure 2: Dynamic tiling for SpGEMM, A(i, j) = B(i, k) X C(k, j). The global iteration space spans the indices [i, k, j|, with matrices

residing on the [i, k] and [k, j] faces. The tile boundaries [T;, Ty, T;],

structural property evaluation, and sparse traversal strategy into
monolithic implementations.

Leveraging the generalized view of tiling described above, LEGO
introduces a high-level language that allows performance engineers
to specify dynamic tiling policies to generate the monolithic code as
its output. Instead of hard-coding how tiles are constructed, users
specify what makes a tile acceptable using conditions on structural
properties and actions that update iteration-space boundaries. The
compiler then composes operand-level specifications across tensors
and synthesizes a complete tiling algorithm for a given expression.
LEGO’s design enables reuse of a tiling strategy across different

shown in red, are adapted at each step based on nnz counts.

across tensor expressions. Tile formation is expressed as condition-
to-action mappings from structural properties to updates of tile
boundaries. The compiler composes these rules across operands
and synthesizes sparse co-iteration loop nests to collect structural
properties, and predicates that select boundary update actions.

Fig. 2 illustrates a Dynamic Reflexive Tiling (DRT) [21]-style
algorithm applied to SpGEMM. In DRT, tile boundaries are updated
adaptively based on the number of nonzeros within each tile. In our
input language, this behavior for a general matrix is expressed using
condition-to-action rules and regular expressions that constrain
the temporal sequence of actions.

expressions and exploration of multiple tiling strategies for the
same expression, without rewriting low-level logic.

The code generated by LEGO retains the structure of prior dy-
namic tiling systems, but generalizes it across tensor expressions

algl (X(iy,iz), cap, 6): # gr: grow, sh: shrink
tile.X.nnz < cap - § > gr(T;,1) | gr(T;,,1)
tile.X.nnz > cap -> sh(T;, ,1) | sh(T,,1)
ir: [gr(Ty, 1)+ sh(Ty,1)]1; i2: [gr(Ty,, 1)+ sh(T;,,1)]

and tiling strategies. Because adapting tile shapes requires repeated
traversal of sparse data structures—which can be expensive—the
compiler first generates code to build summary tensors: coarser
sparse representations that store structural statistics over uniform
regions of the original tensors, similar to micro-tiling in prior
work [12, 21]. Tiles are then formed by operating over these sum-
mary tensors, evaluating structural properties, and applying actions
to adjust tile boundaries. Once a tile satisfies the architectural con-
straints, its boundaries are projected back onto the original tensors
to gather data and dispatch the tile to the accelerator. Fig. 1 illus-
trates the overall system and interaction between generated code
fragments. LEGO targets host-side CPU orchestration: it generates
the software that constructs summary tensors, discovers tiles, and
dispatches them. Hardware based tiling (e.g., RTL generation) is
outside the current scope, though the abstraction is in principle
compatible with systems that tile on-hardware [21], and adapting
the tiling language to emit hardware descriptions is a direction for
future work. The remainder of this section focuses on tile-formation
code generation from the input language.

2.1 Tile Formation via Dynamic Tiling

Unlike traditional dynamic tiling algorithms, which hard-code tile
formation as hand-written sparse iteration loop nests over summary
tensors with embedded control logic, LEGO lifts tile formation
into a reusable, operand-level abstraction that can be composed

This specification can be reused across tensor operands and expres-
sions (e.g., B.bind(alg1,capacityB,deltaB)), enabling reuse of
tiling policies across applications. The action-mapping table in Fig.
2 is derived by binding operands of Sp)GEMM to this algorithm. The
language also supports other rank-specific structural properties
such as tile.B.nne(i) and tile.B.nne(k), which encode row-
or column-level sparsity. These constructs enable users to express
architectural constraints for diverse tiling algorithms. The compiler
automatically generates code to collect these properties during
summary tensor construction.

To resolve conflicts when multiple actions are feasible, a user-
defined priority order selects among same-direction updates, while
shrink actions take precedence when directions conflict. Regular
expressions are used to capture temporal patterns common in prior
algorithms [12, 21] (e.g., “grow repeatedly, then shrink once”). Crit-
ically, these rules specify what makes a tile complete, not how to
traverse sparse data structures to find one. The compiler derives
the traversal structure and state management needed to evaluate
conditions and apply updates efficiently.

3 RESULTS

To evaluate this abstraction, we generate a DRT [21]-style dynamic
tiling algorithm and compare accelerator runtimes against DRT
on the ExTensor simulator [8] (Fig. 3). Tiles produced by the gen-
erated algorithm run within 1% of the original code, indicating
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Figure 3: ExTensor runtimes on Suitesparse [4] data.

that the abstraction preserves the essential algorithmic behavior of
expert-designed dynamic tilers. Remaining differences arise from
variations in iteration-space traversal strategy [14], which we leave
as a future implementation improvement. While the current evalu-
ation targets a single accelerator backend, the separation between
tiling policy and dispatch code is designed to enable re-targeting to
other accelerator backends.

4 CONCLUSION

LEGO demonstrates that dynamic tiling for sparse workloads can
be expressed as a reusable, policy-level abstraction rather than as
hand-written, expression-specific algorithms. By separating what
constitutes a valid tile from how tiles are discovered, LEGO enables
portable, composable tiling strategies that match the performance
of expert-designed implementations. We believe this shift—from
bespoke dynamic tilers to compiler-generated ones—opens the
door to more general orchestration frameworks for irregular, data-
dependent workloads and reduces a key barrier to deploying special-
ized accelerators in practice. For accelerator architects, LEGO can
also serve as an exploration tool: by rapidly generating and evalu-
ating different tiling strategies, designers can better understand the
trade-offs between computation cost, tiling cost and host-side data
movement cost, thereby better informing architectural decisions
early in the design process.
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