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ABSTRACT

Scheduling languages have become increasingly common in opti-
mizing compilers for hardware accelerators. However, achieving
high performance often requires significant manual scheduling ef-
fort from users. On the other hand, auto-schedulers reduce users’
ability to tune compiler schedules for desired properties and can
lead to suboptimal results. Instead, what if we could retain the abil-
ity for users to write any valid schedule while also providing them
a scaffolded program authoring experience?

To explore this vision, we propose using interactive program
synthesis with strong guarantees on the interaction and resulting
schedule. As a case study, we use Programming by Navigation (an
interactive synthesis approach that ensures users always remain
en route to a valid schedule while retaining the ability to reach any
valid schedule) to generate schedules for FuseFlow (a sparse ma-
chine learning compiler that targets multiple hardware backends).
Through this work, we argue for scheduling systems that leverage
interactive program synthesis with strong guarantees to scaffold
the program authoring process, allowing users to focus on the parts
of the schedule they deem most important.

1 INTRODUCTION

Scheduling languages are a way to design and program domain-
specific accelerators and their compilers [7, 14, 24, 25] by letting
users explicitly optimize performance around key hardware con-
structs through, e.g., tiling, memory hierarchy management, and
data pinning [5, 10, 12, 16, 20]. Commonly, users can either create
schedules manually, which is powerful but time-consuming and
error-prone, or rely on auto-schedulers that provide efficient search
procedures at the cost of control [1, 2, 4, 23, 31]. This dichotomy can-
not easily incorporate user input without writing the full schedule
by hand.

These problems are particularly important for data-dependent
and dynamic accelerators, like sparse accelerators where irregular
iteration patterns, compressed storage formats, and fixed-function
hardware units make scheduling highly workload-dependent [2, 11].
Such computations often lack a single optimal schedule across in-
puts and machines, since performance is tightly coupled to both the
data and the target [5, 18, 26–28]. For example, two matrices with
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the same sparsity percentage but with different sparsity patterns
could require different optimal schedules. In addition, the schedul-
ing space is large and shaped by non-obvious validity constraints,
making systematic exploration difficult [9]. In hardware-aware
schedules, many of the most important scheduling decisions are
ones domain experts understand well, but that auto-schedulers can-
not reliably infer. As designers of scheduling languages, we may
therefore want a system that can scaffold users in writing compiler
schedules without removing access to any particular schedule.

We are not the first to argue for interactivity in optimizing com-
pilers. Koehler et al. [15]’s guided equality saturation queries the
user at particularly challenging points in an equality saturation
workload; their goal is to be mostly-automated while occasionally
involving the user and consequently does not ensure that user
choices are guaranteed to succeed. Ikarashi et al. [13]’s guided op-
timization system Roly-poly enables users to follow a fixed-order
workflow of i) choosing function scheduling locations and ii) tiling
parameters for a dense image processing pipeline. Their system does
not enable users to reach any possible program in the scheduling
language, but, unlike guided equality saturation, it does guarantee
that every option it shows is valid. Roly-poly users produced signif-
icantly improved schedules, but they were still outperformed by the
auto-scheduler. These systems highlight a design space for interac-
tive optimization and raise the question of what kinds of systems
should exist beyond the manual and auto-scheduling paradigms.

In this paper, we ask what the interaction between the program-
mer and the scheduling system should look like. In particular, what
guarantees can we provide on the programming process? What
guarantees do we even want?

To study these questions in practice, we apply Programming
by Navigation [22], an interactive synthesis framework that en-
sures reachability of all valid programs and prevents users from
taking invalid steps, to the problem of scheduling in FuseFlow [19],
a compiler for sparse machine-learning accelerators. While we
demonstrate this idea using Programming by Navigation and Fuse-
Flow, the core technique is general. Our prototype starts with a
subset of FuseFlow’s scheduling operations and guarantees that
users can construct all valid schedules, and only the valid sched-
ules, in this subset. This system illustrates how such guarantees
can be instantiated in a real compiler for sparse accelerators. More
broadly, we invite discussion about what interactive mechanisms
and guarantees are most important for authoring schedules.

2 BACKGROUND

Programming by Navigation models synthesis problems as multi-
round interactions in which a user incrementally refines a target
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Figure 1: Overview of Honeybee–FuseFlow scheduling. The
user provides an MLIR program to Honeybee and interactively fills
the holes in the schedule. The resulting schedule and input program
are passed to FuseFlow, which targets different hardware backends.

program [22]. The synthesizer maintains an in-progress sketch with
holes as placeholders. Crucially, Programming by Navigation pro-
vides Strong Completeness and Strong Soundness, which
guarantee that all valid programs are reachable and only valid next
steps are shown, respectively. Together, these properties prevent
common failure modes such as rendering valid programs inaccessi-
ble or leading users down rabbit holes that may never result in the
desired expression. Honeybee is an implementation of Program-
ming by Navigation for instantiating synthesis problems from a
user-defined library of functions and validity constraints (which, for
us, will be the building blocks of an interactive scheduling system).

FuseFlow is an end-to-end compilation system from PyTorch [3]
with sparse annotations [6, 8] to streaming dataflow graphs that run
on sparse accelerators [11] in MLIR [21]. These dataflow graphs can
target fabricated hardware accelerators [17], a cycle-approximate
hardware simulator [30], and map to FPGA backends. FuseFlow
provides a scheduling language that lets users choose fusion granu-
larity, dataflow ordering, parallelization, and sparse data-structure
annotations for tensor expressions. Users specify fusion via Fuse{}
regions in MLIR, select dataflow order by rewriting MLIR Linalg
affine maps, and set parallelization and vectorization schedule pa-
rameters through a command-line interface. Parallelization tells
FuseFlow which loops to parallelize and by how much, which con-
trols the number of parallel lanes for each loop level, and vectoriza-
tion tells the compiler the stream vectorization width and optionally
whether to use a block-sparse vectorization mode.

3 HONEYBEE FOR FUSEFLOW SCHEDULING

We implement a Honeybee library for FuseFlow scheduling that
produces stream parallelization and vectorization operators. Interac-
tive Honeybee sessions require two inputs (defined via TOML files):
a program and a library. The program contains the inputs and
goal to solve. The library is the domain-specific language definition
that describes the schedule and includes the steps that construct
types and enforce constraints throughout the synthesis session.

Honeybee programs are generated by parsing the MLIR pro-
gram before invoking FuseFlow. We extract the MLIR-level function
names (or IDs) and the loop depth of the Linalg ops in the pro-
gram. The loop depth is inferred by parsing the iterator_types
list or falling back to the default provided by linalg.matmul. This
information is used to produce constraints that are provided to

the synthesizer. For example, the stream level must be less than or
equal to the loop nest (you cannot pick a stream level that refers
to a loop level that does not exist). Honeybee ensures that the user
cannot construct a program where these constraints are violated,
while retaining the ability to navigate to any program that does
satisfy the constraints.

Passing the program and library to Honeybee and starting the
synthesis session prompts the user to select scheduling options. The
user fills the holes sequentially until they reach a completed sched-
ule. The output of the synthesis session is a Python program that
generates a JSON containing fields corresponding to the scheduling
operators in the FuseFlow compiler.

4 RESULTS AND FUTUREWORK

We show our interactive synthesis tool on an MLIR program that
computes a nested matrix multiplication (and more generally, on
sparse kernels like SpMM where some loop dimensions are com-
pressed by the sparse format).

As intuition, consider an SpMM loop nest where one dimension
is sparse (e.g., CSR-format). Many plausible scheduling choices,
such as parallelizing the compressed loop, are invalid or counter-
productive. Manual scheduling becomes tedious and error-prone,
and auto-scheduling can miss the specific decisions experts care
about. Instead, we focus on demonstrating an interaction model
that (i) never proposes invalid steps and (ii) still reaches any valid
schedule expressible by the library.

In the interaction, Honeybee maintains an in-progress schedule
sketch with holes denoted by ?N. The user fills holes by choosing
from a menu of valid next steps. The user is presented with the
ability to build a schedule, or to select a default:
Possible next steps:
1) ?0 -> default_schedule(_metadata={})
2) ?0 -> build_schedule(order=?1, _metadata={})

The default schedule produces scheduling primitives correspond-
ing to no-ops in FuseFlow (i.e. no parallelization or vectorization
enabled). If the user selects build_schedule, they advance to a
loop-ordering choice.

We use FuseFlow’s built-in dataflow ordering enumerator to
show loop-order options:
Possible next steps:
1) ?1 -> choose_loop_order(pass=?2,

_metadata={order="i0 i1 i2 i4 i5 i6 i7 i8 i9 i3"})
2) ?1 -> choose_loop_order(pass=?2,

_metadata={order="i0 i1 i2 i4 i5 i6 i8 i7 i9 i3"})
...

The user then selects the parallelization factor for each loop in
the computation, one at a time. They can optionally select default
values for each stream level, allowing them to focus solely on the
stream levels that are most important to parallelize.
Possible next steps:
1) ?3 -> choose_default_par_factor(level=?4,

_metadata={par_factor=1, stream_level=9})
2) ?3 -> choose_par_factor_2(level=?4,

_metadata={par_factor=2, stream_level=9})
3) ?3 -> choose_par_factor_4(level=?4,

_metadata={par_factor=4, stream_level=9})
...

One sparse-aware change we are encoding in Honeybee is to
hide parallelization-factor choices for stream levels that correspond
to sparse or compressed dimensions, inferred from encodings like
CSR/DCSR. Honeybee’s constraint system ensures that users do
not parallelize these loops.
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After repeating this process for all eligible loops in the program,
the user selects vectorization scheduling parameters:
Possible next steps:
1) ?24 -> choose_default_block_sparse(shape=?25,

_metadata={block_sparse=False})
2) ?24 -> choose_block_sparse_true(shape=?25,

_metadata={block_sparse=True})

The scheduling flow outputs a Python program that can be exe-
cuted to generate a JSON file containing the full schedule. The JSON
file can be provided to the FuseFlow compiler directly to invoke
the compiler with the described scheduling operations.
{
"dataflow-ordering": "i0 i1 i2 i4 i5 i6 i7 i8 i9 i3",
"stream-parallelizer": {

"par_factors": [1, 1, 1, 1, 1, 4, 1, 1, 1, 4]
},
"stream-vectorizer": {
"enable-block-sparse": true,
"stream-shape": 1

}
}

The output schedule is guaranteed to be a valid FuseFlow sched-
ule in the sense that all parallelization factors and vector widths are
bounded by the dimensions of the input tensors. More importantly,
structuring the interaction as a sequence of decisions does not
weaken the guarantees we care about. Within the subset of Fuse-
Flow schedules captured by our Honeybee library, users can still
reach every valid schedule, and every intermediate choice remains
on a path to a valid completion. Thus, we can impose an ordering
on schedule construction without giving up expressiveness.

This allows us to show smaller, more constrained sets of choices
at each step, rather than forcing the user to reason about the full
schedule all at once. To make this tradeoff concrete, we can quantify
the size of the scheduling space induced by the subset of decisions
currently exposed interactively in our Honeybee library:

|S| = 𝑂! ·
∏
ℓ∈P

𝑃𝑎𝑟ℓ ·𝑉 · 2, (1)

where 𝑂! is the number of dataflow orders, 𝑃𝑎𝑟ℓ is the number of
parallelization factors available at loop level ℓ , 𝑉 is the number of
vector shapes, and 2 is for the block sparse format option.

For the fused matmul example in this preliminary work, this
restricted interactive space comprises

4! × 8 × 8 × 2 = 3072 (2)

possible schedules. Here, the factors correspond to the exposed
choices for dataflow ordering, parallelization, vectorization shape,
and the block-sparse toggle. Although 3072 is already large enough
to make manual exploration cumbersome, it reflects only a small
subset of the scheduling parameters available in practice. FuseFlow
exposes many additional tunable knobs, and a broader interactive
system would ideally allow users to navigate richer fusion decisions
and lower-level scheduling parameters as well. To accomplish this,
we would need to include support for fusion regions and sparse
format selection, which are both currently works in progress. We
therefore view this 3072-count space not as the full FuseFlow sched-
uling space, but as a preliminary interactive subspace that already
demonstrates the value of interactive navigation.

Even in this restricted setting, the benefit of interaction is that the
system does not present thousands of complete schedules. Instead,
it forces the space into a sequence of small, local choices, where
every choice is guaranteed valid and every step has a default choice.
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Figure 2: Einsum expressions with an autoscheduler-selected

Fuse region and filled in partial schedule annotated with

holes for scheduling parameters to be filled with Honeybee.

User schedules are highlighted in red and sparse tensors in green.
Each expression can have a distinct schedule.

Thus, users can focus on the handful of decisions they think are
important without needing to fully understand the scheduling API.

Honeybee’s type system allows us to carefully design the interac-
tion between the user and the scheduling system. Schedule authors
may have a better understanding of the local behavior of a program
than its global behavior. We take this into account by imposing an
ordering of scheduling decisions on the user that allows them to
reason one level at a time.

At the same time, the exact interaction is not fixed. The same
Programming by Navigation machinery could be used to formulate
other interactions. For example, we could use Honeybee to show
the user all possible schedules in one step, where each selection is
a schedule with all holes filled out. We can also combine steps that
are commonly selected together, i.e. by choosing to parallelize an
inner loop while leaving the outer loops sequential.

We are currently exploring interoperability between the interac-
tive synthesizer and thewealth of existing sparse auto-schedulers [2,
9, 18, 29] by allowing the user to invoke an auto-scheduler for holes
of their choice while using interactive refinement to fill the others.
This approach would provide fine-grained control over decisions
users care about, while allowing them to defer other decisions to
differing well-tested, automatic systems. More broadly, this is how
we see interactive scheduling interoperating with existing auto-
schedulers (including LLM-guided ones [18]). We further hope
to enable more successful multi-objective optimization by letting
users freely experiment with different combinations of scheduling
refinements to navigate the Pareto frontier of optimizations.

5 CONCLUSION

As scheduling languages evolve beyond the manual scheduling
vs. auto-scheduling dichotomy, we argue for further exploration
of techniques for interactive compiler scheduling that balance au-
tomation with control. Within this space, the central questions lie
in what these interactive systems should look like in practice and
what user experience best serves the needs of accelerator designers
and programmers. A key aspect of the design is the guarantees
the system provides while authoring schedules and the notions of
validity it enforces. The foundation of a good user experience for
programming systems for scheduling languages will rest on the
choices for these guarantees and the extent to which these guaran-
tees match users’ needs and prevent the pitfalls they are likely to
run into.
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