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Abstract

Rust has made safe systems programming practical on the
CPU, but writing custom GPU kernels in Rust still forces pro-
grammers outside the language’s ownership guarantees. We
present cuTile Rust, a tile-based system for safe, idiomatic
GPU kernel authoring in Rust. cuTile Rust extends Rust’s
ownership discipline to tile-based GPU kernels: mutable out-
puts are split into disjoint pieces, kernel launches preserve
the host-side ownership contract, and programmers can opt
out locally when they need lower-level control. The system
also provides a composable host execution model spanning
synchronous launches, asynchronous pipelines, and CUDA
graph replay.

Our evaluation shows that these abstractions can pre-
serve performance on high-end GPUs. On the NVIDIA B200
GPU, cuTile Rust achieves 7 TB/s for element-wise opera-
tions and 2 PFlop/s for GEMM (96% of cuBLAS), matching
cuTile Python within measurement noise. Grout, a cuTile-
Rust-based inference engine, exercises cuTile Rust across an
end-to-end Qwen3 inference path. In batch-1 decode, Grout
reaches 171 generated tokens/s for Qwen3-4B on the NVIDIA
GeForce RTX 5090 and 82 generated tokens/s for Qwen3-
32B on the B200, competitive with vLLM and SGLang and
consistent with an HBM roofline sanity check.

1 Introduction

The Rust language makes programming with static safety
guarantees both practical and efficient. These qualities are
particularly attractive in applications that must coordinate
the activity of many threads working on shared data objects.
Modern Al frameworks and LLM inference engines are both
important examples of such applications. Several Rust-based
projects in these areas have been developed [5, 6, 10], focus-
ing on host-side tensor programming and engine integration.
Such applications perform computations where parallelism
is abundant, and significant portions of their workloads are
built around tensor operations. Consequently, they have a
strong desire to use GPUs for these computations. However,
GPUs do not fit comfortably into the current Rust ecosystem.

GPU-accelerated applications contain code for both the
CPU (host) and GPU (device) processors. The host code allo-
cates data, builds kernel arguments, and submits work for
execution on the device. Host and device code must typically
execute asynchronously for best performance. Some means
of transmitting ownership information across the host/de-
vice boundary is necessary for the type information that
made the host program safe to be carried across to the GPU
kernel. Device kernels themselves execute code in a single-
program multiple-data (SPMD) fashion. Many threads begin
execution at the same entry point with the same arguments,
and they are differentiated only by access to a per-thread
coordinate. Correct synchronization and prevention of data
races is left in the hands of the programmer.

The Rust compiler (rustc) is able to generate device code
for NVIDIA GPU’s via the LLVM PTX backend. Other projects
have experimented with other code generation paths [7, 19,
21], further demonstrating that the Rust language can be
compiled to efficient GPU machine code. However, in each
of these cases the kernels being compiled are treated as unsafe
code.

With cuTile Rust, we aim to create a programming model
that provides Rust’s safety guarantees across both host and
device code. We adopt a tile-based model for kernels [17, 18].
Tiles are immutable array-like values of fixed size. Kernels
consist of a grid of tile programs, each of which is modeled
as a single logical thread of execution over tiles of data. Load-
ing from a tensor in memory produces a tile, tile operations
produce new tiles, and stores target mutable sub-tensors in
memory. For grids that require more than one output sub-
tensor per program, cuTile Rust provides branded partition
indices and bounded dimension iterators, letting the front
end prove that common partition accesses are bounded and
disjoint. We define tensor types that allow immutable tensors
to be passed from host to device as is, while mutable tensors
are partitioned before launch and mapped to mutable sub-
tensors within the kernel grid. For efficiency, our compiler
removes dynamic checks when the invariants are known,
and we use iterator types to carry the disjoint bounds infor-
mation needed for partition access. The tensor operations
performed in host code compose into lazy GPU work that



can be executed synchronously, submitted asynchronously
to a stream, or captured as a CUDA Graph for later replay.
We make the following contributions:

1. A safe, high-performance model for Rust in which host
tensors map to device-side tensor and partition views,
tile kernels execute with single-threaded semantics, and
branded bounded indices let the front end prove common
partition accesses safe while avoiding dynamic checks in
hot loops.

2. A collection of explicit unchecked types that provide the
means to opt out of the safe tensor API for unsafe code
that requires complete low-level control.

3. A macro system that automatically generates host launch-
ing code that prepares host tensors and borrows for ker-
nel execution, prevents host access while GPU work is
in flight, and returns ownership in the same form after
the stream completes.

4. Lazy composition of device operations supporting syn-
chronous execution, async execution, and scoped CUDA
graph capture over the same typed kernel launches.

The resulting system provides both expressive and effi-
cient mechanisms for programming GPUs within safe Rust.
Our benchmarks on an NVIDIA DGX B200 reach roughly
7 TB/s for element-wise operations and 2 PFlop/s for GEMM,
which is within about 96% of cuBLAS performance. Our
empirical results match cuTile Python performance within
measurement noise. Furthermore, we measure end-to-end
performance on Grout, a Qwen3 LLM inference engine built
upon cuTile Rust, and demonstrate that throughput is con-
sistent with an HBM roofline sanity check.

2 Overview

In this section, we walk through a complete cuTile Rust pro-
gram showing a safe host API, a typed launch boundary,
and backend tensor and partition views. We start with a
complete element-wise add program. The example shows
the user-facing model: host code constructs tensors and par-
titions the mutable output, while device code runs a tile
program for each output partition.

Listing 1 separates host-side tensor setup from the device-
side tile program. On the host (lines 19-25), the program
creates two input tensors, partitions the mutable output into
128-element chunks, and launches the generated operation
with .sync(). The launch holds the tensors while GPU work
is in flight and returns them only after the stream completes.

The kernel signature (lines 7-11) carries the access dis-
cipline into the device code. The output parameter is an
exclusive mutable tensor tile (&mut Tensor), while the inputs
are shared read-only tensors (&Tensor). The body (lines 13—
15) loads input tiles matching the output partition with
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use cutile::prelude::*;

#[cutile: :module]
mod kernel {
5 use cutile::core::%;

#[cutile: :entry()]

8 fn add<const B: i32>(

9 z: &mut Tensor<f32, {[B]}>,

10 x: &Tensor<f32, {[-11}>,

11 y: &Tensor<f32, {[-11}>,

2] ) A{

13 let tx = load_tile_like(x, z);
14 let ty = load_tile_like(y, z);
15 z.store(tx + ty);

16 }

171}

// exclusive write
// shared read
// shared read

19[fn main() -> Result<()> {

20 let x = api::ones::<f32>([1024]);

21 let y = api::ones::<f32>([1024]);

22 let z = api::zeros::<f32>([1024]) .partition([128]);

23 let (_z, _x, _y) = kernel::add(z, x, y).sync()?;

20| Ok(O)

25|}

Listing 1. Element-wise addition in cuTile Rust. The host
(lines 19-25) partitions the output and passes inputs as
shared reads; the kernel (lines 4-17) operates on tiles with
single-threaded semantics. No unsafe appears anywhere.

load_tile_like, computes a new tile, and stores it through
the exclusive output reference.

2.1 Rust’s Ownership Model

The relevant Rust rule is aliasing XOR mutability: A value
may have either one mutable reference (&mut T) or any num-
ber of immutable references (37), but not both simultaneously.
This rule is zero-cost and data-race-preventing, but it is de-
liberately conservative for parallel writes. Rust’s answer is
not to make every pattern safe by default; it provides safe
abstractions where the compiler can verify the invariant,
runtime checks when the invariant is not known statically,
and explicit unsafe escape hatches where the programmer
supplies an invariant manually. On GPUs, pervasive runtime
checks are especially costly because they sit on hot per-tile
or per-element paths, so cuTile Rust follows Rust’s struc-
ture while trying to prove common tensor invariants before
launch.

2.2 GPU Programming Model

GPU programming splits host-side launch from device-side
execution: Rust’s typed values collapse to raw pointers and
scalars at the launch boundary, while device kernels run
many SPMD/SIMT threads whose varying integer coordi-
nates, hierarchical memory, and explicit synchronization
make address disjointness and visibility programmer-managed
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invariants. A tile-level abstraction narrows that safety prob-
lem. cuTile Rust keeps CUDA’s host launch and device execu-
tion structure, but raises the device program to a tile-level ab-
straction: The programmer writes sequential code over multi-
dimensional tiles, and the compiler maps tile operations to
thread blocks, manages shared memory, and performs the
parallel decomposition. This is a powerful GPU program-
ming model: element-wise kernels, matrix multiplication,
reductions, normalization, attention kernels, and many fused
tensor operations are naturally tile-shaped. The safety pay-
off is that the important operations are loads, stores, matrix
multiplies, and reductions over whole tiles, not arbitrary per-
thread shared-memory protocols. Combined with host-side
tensor partitioning, that structure makes ownership over
mutable output regions tractable to check.

2.3 Memory Ordering

GPU compilers can reorder memory operations whenever
the language and the IR memory model permit it. CUDA
C++ exposes the required ordering through barriers, fences,
atomics, and other synchronization operations; Tile IR [17]
exposes it through tokens. A token produced by one memory
operation and consumed by another establishes the order-
ing edge between them, while operations without token de-
pendencies may be reordered. cuTile Rust uses these token
chains to make mutable tensor operations internally syn-
chronized, rather than requiring the programmer to supply
an external synchronization protocol. This fits Rust’s type
system: exclusive tensor accesses carry ordering through the
mutable view, while shared tensor reads remain free for the
compiler to reorder.

This token model lets cuTile Rust preserve only the order-
ing implied by Rust’s reference types:

® gmut Tensor — token-ordered operations. The com-
piler threads tokens through every load and store,
preserving sequential semantics.

e g&Tensor — unconstrained operations. No tokens. The
compiler reorders freely for performance.

3 Design

Our safety model covers the host, the launch boundary, and
the kernel, with per-kernel opt-outs where the programmer
chooses. On the host, a composable execution model builds
lazy typed GPU work (§3.2). At the launch boundary, gener-
ated host interfaces and device entry code preserve Rust’s
ownership and aliasing invariants as host types become ker-
nel parameters (§3.3). Inside the kernel, tensor partitioning
and Tile IR token ordering provide disjoint mutable views
and intra-tile happens-before (§3.4). Mapped partitions and
bounded iterators extend the same safe surface beyond one-
output-sub-tensor-per-program kernels to kernels in which

T ::=bool | int | float

Du=neZ"|-1

§:=[Dg,Dy,...,Dn-1] | [D; N], N € Zx¢
Param == &mut Tensor<T, S>|&Tensor<T, S>

| MappedPartitionMut<T, S, M>
| T | *mut T

Figure 1. Type grammar at the kernel launch boundary. T
ranges over scalar element types; current upstream formats
include booleans, integers, and GPU floats. For dimensions,
n € Z* denotes a static const generic and -1 denotes a dy-
namic runtime dimension; a shape may mix the two (e.g.,
[1024, -1]). N = 0 is a rank-0 (scalar) tensor or tile, distinct
from the Param scalar form T. S and M are dimension arrays;
in MappedPartitionMut, S is the output sub-tensor shape and
M is the partition-map parameter, which controls how tile
programs traverse the grid of output sub-tensors.

each tile program loops over a bounded sequence of out-
put sub-tensors (§3.6). Unsupported patterns remain explicit
unsafe opt-outs.

3.1 Programming Model Overview

A cuTile Rust program consists of a tile module (#[cutile::
module]) containing device-side functions. These functions
may call one another from device code. Functions marked
with #[cutile::entry()] are entry points: cuTile Rust gener-
ates typed host-side launch interfaces for them, and only
these entry points are directly invocable from host code.
Host code creates tensors, partitions mutable outputs, and
launches kernels through these generated typed entry points.
The generated host interface and device entry code define
the host-device launch contract, preserving Rust’s owner-
ship and aliasing invariants for safe parameters. Figure 1
defines the kernel parameters used by cuTile Rust. The proc
macro enforces this grammar at compile time.

3.2 Device Operations

Host-side GPU work is built around DeviceOp, a trait for lazy,
typed GPU work. A Deviceop owns or borrows its operands,
carrying the lifetimes required by the pending GPU work,
exposes the output type that will be returned, and com-
poses with other operations before anything is submitted
to CUDA. This trait separates building work from executing
work, which lets the type system check a whole launch se-
quence before the GPU sees it. Like Rust’s iterators, DeviceOp
builds work statically: its combinators compose a nested
operation type at compile time, and nothing runs until a
terminal consumer drives it. Composition is monadic, with
then acting as bind to sequence a dependent operation onto a
prior one. The same composed work can run synchronously,
through any Rust async executor, or be captured as a CUDA
graph. Listing 2 sketches the execution boundary:
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trait DeviceOp {
type Output: Send;
unsafe fn execute(self, cx: &ExecutionContext)
1 -> Result<Self::Output>;
5/ fn sync(self) -> Result<Self::Output> {
6 let cx = ExecutionContext::new(next_stream()?);
let out = unsafe { self.execute(&cx) }7?;
8 cx.stream().synchronize()?;
9 Ok (out)
10 }
1|}

w o~

13|// proc macro builds AddLaunch + DeviceOp impl

14 |impl DeviceOp for AddLaunch {

15 type Output = (Partition<Tensor<f32>>, Tensor<f32>,
Tensor<f32>);

unsafe fn execute(self, cx: & ExecutionContext) ->
Result<Self: :Output> {

17 let (z, x, y) = self.args.execute(cx)?;

18 let f = self.cached_or_jit(cx)?;

19 launch(f, &z, &x, &y, cx.stream());

20 Ok((z.recover(), x.recover(), y.recover()))

21 }

}

Listing 2. The DeviceOp trait and the execute generated
for the add launcher of Listing 1. execute is unsafe because
the output’s device writes may still be in flight; safe sync
runs it on a stream, synchronizes, and only then returns the
recovered arguments.

The .sync() call in Listing 1 runs the launcher’s execute
method, which takes an execution context (the CUDA stream,
device, and memory pool). It first runs the operations that
produce the kernel’s arguments: in Listing 1, the zeros and
ones allocations and the partition call, which asynchronously
allocate z, x, and y and partition the output z, all on the stream.
It then fetches the kernel from the JIT cache or compiles it,
sequences the launch on the same stream so it runs only
after those inputs are ready, and recovers the arguments in
their host types. Because the launch is asynchronous, the
returned tensors may name memory whose writes are still
in flight, so execute cannot be exposed as a safe operation.
The safe sync method restores Rust’s usual boundary: it runs
execute on a stream, synchronizes, and only then returns the
recovered output. This general pattern ensures that Deviceop
composition is safe.

Combinators include then (chain with data dependency),
zip! (combine independent ops), shared (cloneable, execute-
once), map, first, boxed. Chaining with then submits the de-
pendent operation to the same stream, so it observes the
prior operation’s writes without explicit synchronization.
The Deviceop returned by the generated launcher uses the
recover() protocol defined below (Table 1) to return owner-
ship to the caller after execution completes.

The work represented by a Deviceop can be executed in
three primary modes:

let graph = CudaGraph::scope(&stream, |s| {
2 let hidden = input.view(&[1, d1)?;
s.record(rms_norm(
(&mut bufs.norm).partition([1, dI),
5 &hidden, &w.norm_w, eps,
6 ).generics(rms_generics))?;
7 s.record(matvec(
8 (&mut bufs.q).partition([bn]),
9 &bufs.norm, &w.wq,
10 ).generics(mv_generics))?;
11 s.record(add(

12 (&mut bufs.residual).partition([block]),
13 &input, &bufs.q,

N

151 O0k(O)

16131)7;

Listing 3. One layer of an inference forward pass using
CudaGraph: : scope. Borrows are released between
record() calls, enabling safe buffer reuse. The view() call
creates a zero-copy TensorView that borrows input
without copying.

e .sync(): Execute and block until complete; the simplest
mode for ordinary host code.

e .await (via IntoFuture): Execute and yield the current
task until complete, for integration with async Rust.

e _graph(): Capture the composition as a CUDA graph,
replayed for work launched repeatedly that needs low-
latency execution.

CUDA graphs. For imperative-style graph construction,
CudaGraph: : scope provides a closure-based API where each
s.record(op) records a graph node. A recorded operation is
added to the capture stream but is not executed as an inde-
pendent kernel at that point; the recorded work runs only
when the captured graph is launched. This is the key borrow-
safety fact: Releasing a borrow after record() does not race
with the recorded node, because the node has not yet ex-
ecuted. The graph preserves the stream order established
during capture, enabling safe buffer reuse between kernels
within a single graph. The implementation uses a GraphNode
marker trait to restrict capture to non-allocating operations,
so replayed graph nodes do not depend on addresses from
allocations that would be unstable across replays.

Listing 3 shows one layer of an inference forward pass
written with this API, in which Tensorview is a borrowed
tensor descriptor: It changes shape, stride, or slice metadata
while pointing at the same device allocation. Several features
are worth noting. The input.view(8[1, d1)? call creates a view
that borrows input without copying. The view is dropped
after the first s.record(), releasing the borrow so input can
be reused by the residual add. Mutable buffers use (&mut bufs
.norm) .partition([1, d1) to create partitions from exclusive
borrows. These are ordinary Rust borrows: While a view
or partition is live, the caller cannot mutate the underlying
tensor through another path.



Fearless Concurrency on the GPU

Table 1. Host-to-device type mapping at the kernel launch
boundary. Each row shows the host-side Rust type, the
device-side kernel parameter it maps to, and the owner-
ship semantics enforced by the borrow checker. T is the
element type; S is the shape const generic; M is the partition-
map parameter. For compactness, P<x>, MP<x>, and MT<T,s,M>
abbreviate Partition<X>, MappedLaunchPartition<Partition<X>>,
and MappedPartitionMut<T, S,M>. Entries with move semantics
transfer the host tensor into the kernel launch; tile programs
on the device then see the tensor through an exclusive smut
(when partitioned) or a shared & (when not).

Host type Device type Semantics
P<Tensor<T>> g&mut Tensor<T, S$> move; exclusive
P<g&mut Tensor>  &mut Tensor<T, S> borrow; exclusive
MP<Tensor<T>> MT<T, S, M> move; mapped excl.

MP<&mut Tensor> MT<T, S, M> borrow; mapped excl.

Tensor<T> &Tensor<T, S> move; shared ref.
Arc<Tensor<T>>  &Tensor<T, S> shared; immutable
&Tensor<T> &Tensor<T, S$> borrow; non-'static
&TensorView<T> &Tensor<T, S> borrow; 0-copy view

3.3 Safe Host-to-Device Mapping

The generated launcher maps host-side Rust types to device-
side kernel parameters via the KernelInput/Kerneloutput traits.
Each trait defines a two-phase protocol: prepare() transforms
the host type into a form the launcher can pass to the GPU
(relinquishing host access), and recover () returns the original
type with the same ownership semantics after execution
completes. The borrow checker can verify the entire launch-
execute-return lifecycle because this protocol is expressed
as traits. Table 1 summarizes the mapping.

A key invariant is same-type-in-same-type-out: The type
returned after kernel execution matches the type passed in. If
the caller passes an Arc<Tensor<T>>, they get an Arc<Tensor<T>>
back. If they pass a &Tensor<T> borrow, they get the borrow
back. Because borrowed tensors are not owned values, async
task APIs that require owned, independently-live operations
reject them at compile time; callers use Arc when a tensor
must be shared with such a task.

Kernel entry generation. For each source entry point,
the JIT generates a device entry wrapper. For add it is:

// generated device entry for ~add"

2| fn add_entry(z: *mut 32, z_meta: Meta,

3 x: *const f32, x_meta: Meta,

4 y: *const 32, y_meta: Meta) {
5 let z = partition_view(z, z_meta);

6 let x = tensor_view(x, x_meta);

7 let y = tensor_view(y, y_meta);

8 add(z, x, y); // user kernel body

Thread 0 Thread 1 Thread N-1

exclusive (1:1)

[Partition<Tensor<T>>}—>[ &mut Ty l i &mut Ty ]

[ &Tensor<T> ]—»[

i&mut TN-1

&Tensor<T, S> l shared (broadcast)

Figure 2. Host-to-device partitioning. Partition<Tensor<T>>
dispenses an exclusive &mut T; (= 8mut Tensor<T, S>for thei-th
sub-tensor) to each tile program (1:1); &Tensor<T> broadcasts
a shared &Tensor<T, s> to all tile programs. Mutable cells are
tinted rose; the shared band is tinted teal.

add_entry establishes the host/device ABI for cuTile Rust’s
tensor types. A CUDA kernel launch passes only raw point-
ers and scalars and has no notion of a tensor or partition, so
cuTile Rust defines how each is encoded as kernel parame-
ters. The launcher of §3.2 marshals the pointer together with
the shape, stride, and partition scalars, and the device runs
add_entry, which reconstructs the matching Tile IR views:
a partition view (8mut Tensor) for the mutable output, and
shared tensor views (&Tensor) for the immutable inputs. It
then calls add(z, x, y), the exact user-defined kernel of List-
ing 1.

3.4 Partitioning and Ordering

A safe tensor view must satisfy two obligations. Across tile
programs, mutable accesses must be disjoint; within one
tile program, mutable operations must preserve the order
implied by the source program. cuTile Rust handles the first
obligation by partitioning mutable tensors before launch. In
Listing 1, the host splits the 1024-element output into 128-
element sub-tensors with .partition([1281); on the device,
add_entry’s partition_view call (§3.3) hands each tile program
an exclusive &mut Tensor over one output sub-tensor, exposed
in Tile IR as a partition view. The immutable inputs x and y
arrive by pointer and become shared tensor views (&Tensor)
broadcast to all programs.

The mapping from tile programs to sub-tensors is injective:
No sub-tensor is assigned to more than one tile program. The
launcher derives the ordinary launch grid from the partition
shape, and mapped partitions validate their tile-program
count against the partition grid. Because CUDA launch grids
are three-dimensional, mutable tensors are capped at rank
3; immutable tensors are broadcast rather than partitioned,
so their rank is not bound by the launch grid. Safe code
can construct mutable partitions only through cuTile Rust’s
partition APIs, which start from an owned tensor or exclusive
borrow and derive or validate the launch metadata. Partition
<Tensor<T>> moves the tensor into the launch, while Partition
<&mut Tensor<T>> borrows it exclusively; in both cases, host
access is unavailable until execution completes.

The second obligation is local to one tile program. Tile IR’s
token-ordered operations have no default program order
(§2.3), so two operations on the same mutable tensor could
otherwise be reordered. The compiler threads tokens through
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#[cutile::entry()]

fn add_accum<const S: [i32; 1]>(

: c: &mut Tensor<f32, S>, // token-ordered
4 a: &Tensor<f32, {[-11}>, // unconstrained
5 b: &Tensor<f32, {[-11}>, // unconstrained
i €
7 let tile_a = load_tile_like(a, c); // no token
8 let tile_b = load_tile_like(b, c); // no token
9| let tile_c = c.load(); // to -> t1

10 c.store(tile_a + tile_b + tile_c); // t1 -> t2

1|}

(S RN

Listing 4. Add-accumulate kernel. The mutable tensor c is
both read and written. Without token ordering, the load and
store could be reordered.

&mut T; [ c.load() }»@»{c .store() }»@ happens-before

Lo~ PEESEEN Lo~
&Tensor<T,S> | L w»{a.load() » L ) L »{b.load() [» L ' no tokens
~N_7 N_7 ~_7 N _7

Figure 3. Token ordering in Tile IR, within one tile program.
T; is the tile program’s mutable sub-tensor (the rose-tinted
amut Tensor<T, s>ofFig.2). Operations on &mut T; are chained
through tokens, establishing happens-before. Operations on
a shared &Tensor<T, s> (teal) carry no token constraints; the
compiler reorders them freely.

mutable tensor operations in the emitted Tile IR. Consider a
kernel that loads from and then stores to a mutable tensor ¢
(Listing 4):

The emitted Tile IR threads a token chain through the
mutable operations:

c.load() c.store()
to t by

The load of ¢ consumes the initial token t, and produces t;;
the store consumes #; and produces f,. This chain establishes
a happens-before relation: The store is guaranteed to observe
the load’s result. Meanwhile, the loads of a and b (immutable
references) carry no token constraints; the Tile compiler
freely reorders them, potentially overlapping them with the
mutable operations for better memory throughput.

Together, partitioning and token ordering map Rust’s ref-
erence distinction onto Tile IR memory operations. amut
Tensor parameters become disjoint partition views whose
loads and stores are token-ordered. &Tensor parameters be-
come shared tensor views whose reads are unconstrained
and may be reordered for performance. The user writes se-
quential Rust; the backend receives only the ordering that
Rust’s type system requires.

3.5 Example: Preventing Data Races

Listing 5 shows a cuTile Python kernel that permutes the
head dimensions of a rank-4 attention tensor (b, h, m,d).

@ct.kernel # cuTile Python kernel race

2 |def permute_heads(src, dst, H, BM, BD):

bh1, h2 = ct.bid(@), ct.bid(1)

4 b, h1 = bh1 // H, bh1 % H

for m in range(ct.num_tiles(src, 2, (1,1,BM,BD))):
6 tile = ct.load(src, (b,h1,m,0), (1,1,BM,BD))
ct.store(dst, (b,m,h2,0), tile) # BUG: swapped

Listing 5. A kernel index bug: the store swaps m and h2.
With grid (B - H, H, 1), H tile threads with different h1 race
on the same destination dst[b,m,h2, 0], writing different
source tiles.

With grid (B - H, H, 1), for any fixed (b, m, h;), the H tile
programs that vary h; each load a different source tile srct
b,h1,m,:] and write it to the same destination dst[b,m,h2,0].
These writes are weakly ordered (§2.3), so they are not or-
dered by a happens-before relation. By the Tile IR memory
model, the program has a data race and its behavior is unde-
fined. We confirmed this experimentally: Running the kernel
produces non-deterministic output across runs (17-35% of
elements differ between runs on our configurations).

In cuTile Rust, dst is a partition view (&mut Tensor<f32,
{071, 1, BM, BD]}>) rather than a full tensor. Each tile program
owns exactly one destination sub-tensor; the store target
is not an index the programmer chooses, but the partition
view itself (dst.store(tile)). The “swap m and h2 in the store”
bug is inexpressible: there is no store index to mix up. The
class of bugs that produce data races from wrong destination
indices is structurally eliminated by the partition model,
and Appendix A proves data-race freedom for the safe API
against Tile IR’s memory model.

3.6 Mapped Partitions

cuTile Rust exposes a mutable output as a mapped partition:
a partition of the output tensor together with a map from
tile programs to the output sub-tensors they own. The plain
gmut Tensor<T, S>of §3.4 is the one-sub-tensor-per-program
special case, where each program owns a single output sub-
tensor and the launcher derives the launch grid directly from
the partition grid. MappedPartitionMut<T, S, M> generalizes it:
the partition map M lets each program own a bounded se-
quence of output sub-tensors. Both lower to the same Tile IR
partition view; the mapped form only adds the obligation to
prove that the sub-tensors one program visits stay disjoint
from every other program’s.

This generality is what lets GEMM express an efficient
schedule. With one program per output sub-tensor, each pro-
gram reloads its share of the shared K-dimension operands;
a mapped partition instead launches fewer programs, each
walking a bounded sequence of output sub-tensors, reusing
operands across them. Listing 6 shows this. MAP_SHAPE instan-
tiates the partition map, and z.iter_indices() yields compiler-
branded PartitionIndex values for the partition subset mapped
to the executing tile program. Stores validate that the index
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#[cutile::entry()]
fn gemm<const BM: i32, const BN: i32,
const BK: 132, const MAP_SHAPE: [i32; 2]>(
mut z: MappedPartitionMut<f16, {[BM, BN]}, MAP_SHAPE>,
5 x: &Tensor<f16, {[-1, -11}>,
6| y: &Tensor<f16, {[-1, -11}>,
7 A
8 let m_tiles = num_tiles(&z, 0);
9 let n_tiles = num_tiles(&z, 1);
10| let k_tiles = Dim::new(x.shape()[1] / BK);
11 let px = x.partition(const_shape![BM, BK])
12 .with_bounds((m_tiles, k_tiles));
13| let py = y.partition(const_shape![BK, BN])
14 .with_bounds((k_tiles, n_tiles));

o o=

16 for out_idx in z.iter_indices() {
17 let (bid_m, bid_n) = out_idx.components();

18 let mut tile_z = constant(f16::ZERO, const_shape![BM,
BNI);

19 for k_tile in k_tiles {

20 let tile_x = px.load(coord((bid_m, k_tile)));

21 let tile_y = py.load(coord((k_tile, bid_n)));

22 tile_z = mma(tile_x, tile_y, tile_z);

23 }

24 z.store(tile_z, out_idx);

25 }

26|}

Listing 6. GEMM using bounded output sub-tensor indices.
z.iter_indices() produces disjoint output
PartitionIndex values, while the k_tiles Dim iterator
produces bounded indices along the K axis.

came from z’s map before lowering to Tile IR, so the write
stays safe even though one program now writes to many
output sub-tensors.

The important point is not that the dimensions are fully
static. The front end gets enough information from the it-
erator types themselves: out_idx is tied to z and identifies a
disjoint output sub-tensor, while each k_tile is a bounded
index along the K axis. The compiler can therefore lower
the loads and stores without dynamic bounds checks in the
hot loop while retaining the same safe surface as ordinary
partitioned kernels.

Escape hatches. Using unchecked_accesses in an unsafe
fn disables bounds checks the programmer can guarantee
are unnecessary. For patterns the tensor API still cannot
express, raw pointers (xmut T) provide direct Tile IR access;
all such operations are unsafe and are intended to be isolated
behind small safe wrappers. Grout (§5.3) uses all three: the
safe surface for its simpler elementwise, embedding, and
argmax kernels, and unchecked accesses or raw pointers for
the performance-critical attention and fused-norm kernels.

Rust compile time

kernel.rs

#[cutile: :module]

[desugared RllSt] [kernel launcher] {kernel AST]

rustc

»

runtime JIT

Figure 4. A kernel from source to GPU. The
#[cutile::module] proc macro emits desugared Rust
checked by rustc, a typed host launch interface, and the
kernel AST plus registry entry compiled into the host binary.
The dashed arrow marks the first launch, when the runtime
JIT loads the kernel AST and compiles it to Tile IR and a
cubin.

4 Implementation

Figure 4 shows the source-to-GPU path. The module proc
macro emits three host-binary artifacts: Rust code corre-
sponding to the cuTile module, which rustc verifies; a gen-
erated host launch interface (§3.3); and an embedded AST
of the cuTile module. At first launch, the runtime loads the
AST, compiles it to Tile IR, and loads the resulting cubin.

The launcher uses the trait protocols described in §3.3:
arguments are prepared for execution, wrapped in a lazy
DeviceOp, and recovered with the same host type after the
stream completes. The generated device entry point con-
structs the corresponding Tile IR tensor views and partition
metadata, so the &mut/& distinction checked by Rust becomes
token-ordered mutable operations and unconstrained im-
mutable reads in the backend.

Embedding an AST rather than already-lowered Tile IR
is mainly a proc-macro engineering constraint. Rust macros
run before type checking and monomorphization, while the
JIT sees the later launch-time facts needed for specialization.
Rank-polymorphic traits hide the per-rank generated structs
and operation impls from user code, so kernels call oper-
ations by their ordinary names while the implementation
dispatches to the rank that rustc inferred.

5 Evaluation

Our evaluation of cuTile Rust seeks to determine both whether
safety adds runtime overhead, and whether the system is gen-
eral enough for real workloads. We perform experiments on
two systems: an NVIDIA DGX B200 datacenter system, using
only a single GPU, and a workstation containing an NVIDIA
GeForce RTX 5090. The safety-overhead microbenchmarks



use the B200 because it is the primary platform for high-
throughput GPU performance characterization; the execution-
mode microbenchmark uses the RTX 5090. End-to-end in-
ference uses Qwen3-4B on the RTX 5090 and Qwen3-32B
on the B200. The safety-overhead microbenchmarks lock
SM clocks for reproducibility; inference uses default clocks
because peak request throughput is the user-visible quantity.

5.1 Safety Overhead

To measure what safety costs on the GPU, we use two work-
loads on the B200: a compute-bound GEMM and a memory-
bound element-wise add.

GEMM (Figure 5b) is the central safety-overhead result. It
stresses tensor cores; we compare Rust, unsafe Rust, cuTile
Python, and cuBLAS over M=N=K in powers of two from
1024 to 32768 in 16, with tile shapes tuned once per size and
shared across Rust and Python. Rust is the mapped-partition
kernel of §3.6 (Listing 6), using branded output sub-tensor
indices and bounded K-axis iteration; unsafe Rust runs the
same schedule with manual raw-pointer output access as
our local zero-cost baseline; cuTile Python runs the same
schedule on the Tile IR backend; and cuBLAS is the vendor
library baseline from a direct cuBLASLLt heuristic sweep over
the same sizes. We compare against same-backend baselines
and the vendor library rather than other tile compilers (e.g.,
Triton [25]): Unsafe Rust on the same backend isolates what
the safety machinery costs from backend code quality, while
cuBLAS and the hardware peak anchor the results in abso-
lute terms. At M=N=K=38192, Rust reaches 2.07 PFlop/s (92%
of the B200’s dense f16 peak, 96.4% of cuBLAS) and unsafe
Rust matches it within 0.3%, so the PartitionIndex/Dim for-
mulation imposes no measurable cost over manual pointer
access; cuTile Python reaches 2.04 PFlop/s (94.9% of cuBLAS),
placing both frontends on the same backend performance
envelope.

Element-wise add (Figure 5a) isolates memory-bound tile
loads and stores; its plotted bandwidth counts the two f16
reads and one f16 write against the device’s theoretical peak
DRAM bandwidth. At N = 228, unsafe Rust and Rust both
reach 7.02 TB/s and cuTile Python reaches 7.01 TB/s, so
checked tile access stays on par with unsafe Rust and near
the 7.68 TB/s peak.

Figure 5c reports the first-use compilation cost separate
from these steady-state results. Larger GEMM tile sizes pro-
duce larger Tile IR kernels, so this cost grows with tile size.

In both the compute-bound and memory-bound regimes,
the safe tensor API stays within measurement noise of unsafe
Rust, so its safety guarantees impose no measurable runtime
overhead.

5.2 Execution Mode Overhead

We next measure how host-side launch overhead scales with
pipeline length, where a pipeline is a chain of N operations,
and how the sync, async, and graph modes compare as N
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grows. We sweep N from 1 to 1000 using a small elementwise
y = x-g kernel over a length-2048 {16 tile, so launch overhead
dominates.

cuTile Rust exposes three execution modes (§3.2): sync,
async, and graph. We plot sync two ways: individual . sync_on
(stream) calls, which synchronize after every kernel, and a
.then() chain of N launches run with .sync(), which isolates
synchronization cost. Async runs the same chain through
.await, yielding the host task while the GPU runs. Graph
captures the pipeline and replays all N kernels with one
driver call.

Figure 6 separates three host-cost regimes. Individual sync
pays launch plus stream synchronization per kernel, con-
verging to about 7.3 us/op. Chained sync and async pay one
launch per kernel and one wait per pipeline, so they con-
verge together to about 3.4 ps/op once async’s fixed callback
cost is amortized. Graph replay removes host-side per-kernel
launch overhead and approaches the GPU-side dispatch limit,
about 0.8 us/op on this hardware. The fixed costs dominate
at small N: async alone starts near 21 ps/op at N = 1 (its
per-pipeline callback), while the other schedules begin in
the single-digit microseconds; by N = 1000, the modes have
converged.

These modes span a cost spectrum, exposed through one
trait so each caller picks what its workload needs. .sync()
is ordinary stream-ordered execution and is the baseline.
Async adds a constant callback overhead in exchange for
freeing the host thread to service I/O, cancellation, and other
work while the GPU runs; this pays off when the host has
concurrent work to overlap, as in interruptible voice-to-text
or agentic loops where tool calling demands host CPU time.
Results in Appendix B show measurable improvement in
resource utilization for such heterogeneous tasks. Graph re-
play eliminates per-launch host overhead, the right choice for
long, repetitious operation sequences. Once a graph is cap-
tured, its replay is itself a Deviceop, so it too can be executed
synchronously or asynchronously like any other operation.

5.3 End-to-End Inference

Finally, we ask whether cuTile Rust can support an end-
to-end LLM inference path. Grout is a Qwen3 inference
engine built on cuTile Rust, developed as an open-source
project [11]. It is not a general-purpose serving stack; it
is designed to evaluate how far a lean cuTile-Rust-based
Qwen3 engine can push batch-1 throughput when common
model-specific operations are fused and the runtime path
is kept small. Its non-GEMM kernels are safe by default
for the simpler elementwise, embedding, and argmax oper-
ations, while the performance-critical attention and fused-
norm kernels opt out via unchecked accesses or raw pointers.
In both inference configurations, prefill executes through
a cached stepGraph of typed operations, with intermediate
buffers drawn from a reusable tensor pool. Grout records
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the one-token decode forward pass as DeviceOp graph nodes
inside CudaGraph: : scope and replays it for subsequent tokens.

To interpret decode throughput, we compute an HBM
roofline. We use this hardware- and model-normalized roofline
to sanity check that our vLLM and SGLang measurements
are in the same performance regime as numbers reported
for other model and GPU architecture pairs. It estimates the
generated-token rate when decode is bound only by peak
device-memory bandwidth:

P

W+K’
where f is the theoretical peak device-memory bandwidth,
W is the model weights in bytes, and K is the average KV-
cache bytes read per generated token over the generation
window. These are single-request batch-1 measurements;
throughput under concurrent batching is a separate study.
Prefill latency comes from each engine’s per-request tim-
ing when available. vVLLM [14]’s offline API does not ex-
pose prefill directly, so we use time-to-first-token from a

max_tokens=1 probe.

Figure 7 reports Grout’s per-request performance along-
side SGLang [27] and vLLM. On RTX 5090/Qwen3-4B, Grout
has the lowest measured prefill latency across the prompt

sweep and the highest decode throughput across the gener-
ation sweep, reaching 154.7 tok/s at t,=8192 (74.7% of the
HBM roofline estimate). The throughput drop at long gen-
eration lengths is expected for autoregressive decode: as t,
grows from 512 to 8192, the average KV-cache payload in
the roofline model grows from 0.040 GB to 0.607 GB per gen-
erated token, and the HBM roofline estimate falls from 221.6
to 207.1 tok/s. On B200/Qwen3-32B, the larger model shifts
all engines closer to the same bandwidth-dominated regime.
Grout remains highest on the generation sweep, reaching
80.1 tok/s at t,=8192 (66.7% of the HBM roofline estimate),
compared with 77.5 tok/s for vLLM and 76.5 tok/s for SGLang.
At the longest prompt length (p,=8192), all three converge
in decode throughput.

Grout’s advantage comes from a compact single-request
runtime and Qwen3-aware fusion around the bandwidth-
dominated decode path. Decode uses CUDA Graph replay,
device-side greedy token selection, and minimal scheduling
and cache-management overhead; the kernel path fuses QK-
norm, RoPE, KV-cache writes, tuned GQA decode attention,
and split-K merge kernels. The dense QKV and Gate+Up
projections are merged linear layers that dispatch to cuBLAS.
The forward pass is expressed through beviceop composition
and CudaGraph: : scope.

These results demonstrate that cuTile Rust is expressive
enough to provide the foundation for a model-specialized
inference engine that delivers performance competitive with
state-of-the-art inference systems. Grout is not a general-
purpose serving-stack replacement, but it is a real end-to-end
GPU application. We believe this demonstrates that program-
mers can reap the benefits of Rust without compromising
the performance of their GPU-accelerated applications.

6 Related Work

GPU programming in Rust. Rust-CUDA [21], rust-gpu [7],
and cuda-oxide [19] show that Rust can compile GPU device
code and have helped establish Rust as a viable language
for GPU kernels. cuTile Rust focuses on the complementary
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launch and tensor-access model: preserving Rust’s &mut/&
aliasing contract across launch and into a tile-based kernel
body. Candle [10] and Burn [6] provide safe host-side ten-
sor APIs for Rust ML applications. CubeCL [26] supports
Rust kernel authoring across GPU backends through a SIMT-
style model; cuTile Rust explores a tile-based design with
ownership-based partitioning (§3.3, §3). CUDA C++ sup-
ports both ahead-of-time cubins and driver JIT from PTX to
SASS [16]; cuTile Rust’s runtime specialization starts from a
typed kernel representation whose aliasing facts must sur-
vive until the JIT-generated entry point constructs device-
side view metadata.

Tile-based GPU programming. Triton [25] popularized
tile-level GPU programming with a Python DSL. Pallas [24]
brings a similar tile-level kernel model to JAX, and Thun-
derKittens [23] embeds tile primitives in CUDA C++; both
prioritize performance and productivity rather than static
safety guarantees. cuTile Rust follows the same tile-level
direction while moving the launch boundary into Rust and
carrying tensor/partition view distinctions from host types
into the kernel. TensorIR [8] is another compiler abstraction
for tensorized programs; cuTile Rust focuses instead on a
safe Rust surface over a Tile IR backend. CUDA Tile C++ and
cuTile Python [17, 18] share cuTile Rust’s Tile IR backend.
cuTile Python provides a productive DSL; cuTile Rust adds
compile-time safety checks by making shape and ownership
facts ordinary Rust type and borrow facts available before
launch.

Safe heterogeneous programming. Descend [13] is clos-
est in spirit: it uses type-level tracking of thread hierarchy
and memory regions to prevent GPU data races. Descend
targets SIMT with a custom type system, while cuTile Rust
targets tile-based programming with ownership-based par-
titioning in Rust’s existing type system. Mojo [15] adopts
ownership and borrowing in a Python-superset language for
heterogeneous hardware; like Descend, it builds a new lan-
guage, whereas cuTile Rust works within Rust and its ecosys-
tem. GPUVerify [4] verifies CUDA/OpenCL kernels, while
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Regent [22] uses logical regions to structure task-level paral-
lelism; cuTile Rust instead builds kernel-local safety into the
Rust launch and tile APIs. Halide [20] prevents races through
a declarative algorithm/schedule split, and Futhark [9] uses
purity to structure parallel programs. Prism [3] tracks thread
granularity for modular GPU programming. cuTile Rust ad-
dresses a different axis: what memory is accessed and in
what order.

Rust safety and verification. RustBelt [12] provides for-
mal foundations for Rust’s safety guarantees. cuTile Rust
builds on Rust ownership but extends it to GPU memory
across the launch boundary. Rudra [2] shows that unsafe Rust
is a real ecosystem-scale bug source, motivating a narrow
unsafe surface for GPU kernels. Abdi et al. [1] analyze when
Rust parallelism is fearless and zero-cost; cuTile Rust applies
that question to GPU kernel programming.

7 Conclusion

The tile programming model creates a natural correspon-
dence with Rust’s ownership system. Mutable parameters be-
come disjoint partitioned accesses, immutable references be-
come shared tensor views, and generated host interfaces and
device entry code preserve that contract across the CPU/GPU
boundary. cuTile Rust builds on this correspondence to pro-
vide data-race-free GPU kernel programming for the tensor
access patterns it accepts. Branded PartitionIndex values and
bounded dimension iterators let the safe tensor API express
schedules where each tile program visits multiple output sub-
tensors; unchecked_accesses and raw pointers remain explicit
local opt-outs when the programmer supplies invariants
manually.

Three system contributions make this possible. First, a safe,
high-performance GPU programming model for Rust: host
tensors become device-side tensor and partition views, tile
kernels execute with single-threaded semantics, and branded
bounded indices let the front end prove common partition ac-
cesses safe. Second, a safe kernel launch interface preserves
Rust’s &mut/& contract as host tensors cross the CPU/GPU
boundary. Third, a composable host-side execution model
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supports synchronous, asynchronous, and CUDA graph exe-
cution modes, including scoped graph capture validated by
the borrow checker. The evaluation supports these claims:
On GEMM, the safe mapped kernel matches a raw-pointer
variant and reaches 96.4% of cuBLAS on the B200. Grout,
a Qwen3 inference engine developed in collaboration with
Hugging Face, exercises cuTile Rust across an end-to-end
inference path and reaches single-request throughput on par
with the vLLM and SGLang baselines on both the NVIDIA
GeForce RTX 5090 and the DGX B200.

The composable execution model also supports resource-
conscious orchestration of heterogeneous workloads: async
execution lets one host thread keep GPU work in flight while
servicing interleaved I/O and control tasks instead of block-
ing on the device. This grows more important as inference
increasingly depends on tool calling, which interleaves host-
side work with generation; overlapping the two raises uti-
lization without dedicating a thread to spin on the GPU.
Quantifying the CPU and power effects for embedded and
server workloads remains future work.

Our approach inherits the limitations of the tile model.
Tile-based programming gives up SIMT-level control (explicit
warp primitives, shared memory management) in exchange
for the single-threaded semantics that make static safety
checking tractable. Tile IR handles implicit warp specializa-
tion, so the loss is mitigated but not eliminated; a clean safe
SIMT model that composes with tile programming remains
future work. Additional limitations include a GEMM perfor-
mance gap with cuBLAS at some matrix sizes (Grout falls
back to cuBLAS for model GEMMs), a young tensor API
whose coverage still does not eliminate every raw pointer
use, and a specialized case study (batch-1 engine with a small
set of supported models).

Future work follows from those boundaries. Growing the
safe tensor API to subsume the patterns that still require
unsafe is one direction: The zero-cost GEMM result suggests
that kernels like Grout’s attention and fused norms can move
behind the same branded-index and bounded-iterator ab-
stractions without losing performance. Async scheduling for
heterogeneous workloads is another, especially where GPU
work, host work, I/O, and control-flow responsiveness must
overlap. The same partitioning idea can also extend across de-
vices, with each GPU owning a partition and collective/P2P
primitives participating in the borrow system.
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A Data-Race Freedom

cuTile Rust’s safe tensor API wraps Tile IR’s load and store
operations. Beyond data-race freedom, those operations carry
only Tile IR’s validity requirement, in-bounds access to live,
initialized memory, which is the ordinary memory-safety
obligation that Rust’s ownership and bounds discipline al-
ready guarantee; Tile IR adds nothing there to prove. This
section discharges the one requirement specific to Tile IR’s
weakly ordered memory model, data-race freedom, for any
kernel and launch written in safe Rust. The opt-outs of §3.6
(unchecked_accesses and raw pointers) carry the requirement
manually and are excluded, and the argument assumes the
generated launcher and kernel entry realize the disjoint par-
titions and token threading of §3.4.
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Tile IR memory model. We use Tile IR’s definitions [17].
A kernel runs a grid of tile programs (§2.2), each a single
logical thread that executes as one tile block, the granularity
at which the model orders memory. Two accesses conflict
when they touch the same location and at least one is a
write. Ordering is carried by tokens: An operation waits-for
another when it depends on a token the other produced, and
restricted program order is the intersection of program order
and this token order. Two same-location accesses are morally
strong when they are related in restricted program order, or
each names a scope that contains the other’s tile block. A
data race is a conflicting pair that is not related by happens-
before and not morally strong; a program containing a data
race has undefined behavior.

Safe Rust. Safe code supplies exactly the two proper-
ties the definition needs. First, alias-XOR-mutability across
tile programs: A tile program writes only through its par-
tition view, and the borrow checker keeps that view’s sub-
tensors disjoint from every other program’s accessed mem-
ory. Partition maps are injective (§3.4); the mapped case is
checked through branded PartitionIndex values (§3.6); and
an immutable &Tensor is read-only and cannot alias any par-
tition, because a partition derives from an owned tensor or
an exclusive borrow (§3.3). Second, ordering within a tile
program: The compiler threads a token chain through every
load and store on a smut view (§3.4), so any two such accesses
are related in both program order and token order.

Theorem A.1. Every execution of a kernel written in safe
cuTile Rust is data-race-free under Tile IR’s memory model.

Proof. Consider a conflicting pair a, b; at least one is a write.
If they belong to different tile programs, the writer acts
through its partition view, which by alias-XOR-mutability is
disjoint from the other program’s accessed memory, so the
two cannot share a location, contradicting conflict. Every
conflicting pair therefore lies in a single tile program. There,
a write occurs only through that program’s &mut view, and all
accesses to it are related in program order and token order,
hence in restricted program order; a and b are thus morally
strong and form no data race. Accesses through immutable
views are reads, which do not conflict. m]

This is the argument that makes ordinary Rust data-race-free:
Alias-XOR-mutability removes conflicts between threads
and ordering removes them within a thread, with Tile IR’s
token order (“waits-for”) in the role that sequenced-before
plays in the C++ and Rust memory models. The index-swap
bug of §3.5 is the canonical execution it excludes: A store
in safe Rust has no programmer-chosen destination index,
so the conflicting write to another program’s sub-tensor is
unconstructible rather than merely unordered.
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B Supplementary Work-Distribution Data

This appendix collects the supplementary execution-mode
and work-distribution plots referenced in §5.2, together with
the reproducibility details omitted from the main text.

Async overlap sweep. Figure 6 establishes that async
adds a constant callback offset on top of sync for a single
pipeline. Whether paying that offset is worthwhile depends
on whether the host thread, once yielded, has useful work
to do. We run a fixed GPU pipeline (N=300 captured graph,
~300 us per replay) and vary per-iteration host work W:
Async schedules the host spin as cooperative work so it over-
laps GPU execution, while sync runs it strictly after sync_on.

Today’s single-model decode engines pair a captured graph
with a synchronous outer loop; per-step host work is on the
order of a microsecond and dwarfed by launch cost, so async
offers nothing there. Async becomes the right tool when
the host thread has something concurrent to do during the
yield. Streaming ASR is a representative case: while one
GPU chunk runs, the host can ingest the next audio window,
run VAD and control logic, publish partial output, or react
to an interrupt without parking an extra thread on GPU
completion.

Figure 8a shows the regime split. Below the ~30 us crossover,
sync is strictly faster: Async pays its callback tax for no gain
and should be avoided (or replaced by a captured graph,
which removes the launch side of the cost entirely). Around
W ~ GPU time the host spin slots fully inside the GPU replay
and async hits 1.99% sync throughput; the 2x ceiling follows
from the physics of one host thread overlapping with one
device stream. cuTile Rust does not prescribe the execution
regime: Offering sync, async, and captured graphs through
one trait lets each caller choose where on the trade-off curve
their workload sits without rewriting the kernel side.

Bimodal work-distribution setup. The main text iso-
lates host/device overlap on a single stream. In real systems
the more common regime is the other axis: many GPU work
units of heterogeneous sizes arriving over time, to be issued
across multiple streams. We generate a queue of N=2000
GEMMs, 80% Small (M=N=K=512) interleaved with 20%
Large (M=N=K=2048), and drain it under three strategies,
sweeping stream count S € {1, 2,4, 8, 16,32}:

1. Serial — one host thread, one stream, sync_on per op.
Establishes the single-stream ceiling.

2. Threaded — S host threads, one stream each, sync_on
per op on each thread. A shared queue feeds all work-
ers; this is the non-async baseline.

3. Async — one host thread driving S cooperative async
tasks, one stream each. Each task .awaits on DeviceFuture
: :scheduled so launches stay on the intended stream.
This is the “single host thread” configuration used to
reduce host CPU footprint.

Reproducibility details. Each worker pre-allocates per-
size buffers, worker threads/tasks persist across samples (so
the thread-local kernel JIT cache warms once), and we fix
CU_CTX_SCHED_SPIN on the context so sync behavior is identical
across modes. CPU pinning is mode-specific: Serial pins to
a single core; async and threaded both pin to CPUs 1-16
(the machine’s 16 physical cores, avoiding SMT siblings).
For async, the range matters because CUDA driver callback
threads live in the process and a single-core pin would force
them to contend with the async runtime for that core. For
threaded, the range provides one core per worker.

Bimodal throughput. Figure 8b shows threaded and
async scale past the single-stream serial baseline (~37 WU/ms)
and converge at ~77 WU/ms (~2.1X serial) by S=8 — the
GPU’s multi-stream ceiling for this workload. Async plateaus
there and holds through S=16 and $=32; threaded reaches
the same ceiling at S=8 and holds through S=32 (at $>16
its S worker threads are over-subscribed on the pinned 16-
physical-core range, which is a setup limit rather than a
hardware one). At S=1 async trails serial and threaded be-
cause the async callback path adds cost with no concurrency
to amortize it across. In the mid-range (S=2-4) thread-per-
stream is meaningfully ahead of async on raw throughput.
At and beyond $=8 all modes are within sampling noise.

The throughput numbers themselves converge at the plateau;
the substantive gap is how each mode reaches it. Threaded
needs one OS thread per stream — at S=16 that is sixteen
blocking threads spread across sixteen CPU cores, each spend-
ing most of its time in cuStreamSynchronize. Async does the
same submission rate on a single host thread with coopera-
tive scheduling: when a task awaits, the runtime polls the
next ready task and the host thread keeps issuing launches
on other streams, while GPU completion wakes the wait-
ing tasks via cuLaunchHostFunc. The CPU-footprint delta is
the programming-model payoff: a fleet driven with async
needs roughly 1/S the host threads (and thus fewer host
cores, with the corresponding reduction in idle CPU power)
of one driven with thread-per-stream sync. That property
matters most when host cores are scarce: edge conversa-
tional systems and other embedded GPU applications can
remain responsive to I/O and cancellation without reserving
a core per active stream.

Bimodal host-work sweep. Figure 8c reports throughput
at fixed stream count S=16 as per-task host work W grows
from 0 to 3 ms. Each GEMM is followed by a host-side “think-
time” of W microseconds, modeling CPU work interleaved
with GPU work. The async path uses cooperative yielding
against a wall-clock deadline, so the task releases the ex-
ecutor at each yield and the 16 per-stream tasks overlap
their waits on a single host thread. We use this rather than
a timer sleep because millisecond-scale timer granularity is
too coarse for these measurements. Serial and threaded use
a busy spin, since neither has an executor to yield to. Across
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Figure 8. Supplementary async execution and work-distribution results. (a) Graph-replayed pipeline throughput while
varying host-side work W. (b) Bimodal-GEMM queue throughput under serial, thread-per-stream, and async scheduling. (c)
Bimodal-GEMM throughput with per-task host work W at fixed S=16 streams.

four orders of magnitude of W, async—T=1 tracks threaded
(5=16 threads) within sample noise: both degrade in lockstep
as W grows. Serial collapses because a single thread can-
not overlap host with device work. Adding host work does
not break the single-thread async executor’s equivalence to
thread-per-stream on throughput; it only trades off against
the equivalent threaded cost.

Together, Figures 8a and 8b demonstrate that the async
primitive is meaningful along two axes of heterogeneity:
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across resources (host «» device) and across task units (small
< large). One host thread can orchestrate both through
the same Deviceop APL. We evaluate synthetic workloads so
the overheads are isolated, but the intended use is concrete:
resource-constrained interactive systems where GPU work,
I/0, and control-flow responsiveness must coexist. Scheduler-
specific designs built on this primitive remain future work.
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