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Abstract—Modern GPUs feature specialized hardware units
that enable high-performance, asynchronous dataflow execution.
However, the conventional SIMT programming model is funda-
mentally misaligned with this task-parallel hardware, creating
a significant programmability gap. While hardware-level warp
specialization is the key to unlocking peak performance, it
forces developers to manually orchestrate complex, low-level
communication and software pipelines—a process that is labor-
intensive, error-prone, and unsustainable. To address this chal-
lenge, we present Tawa, an automated compiler that systemat-
ically generates high-performance, warp-specialized code from
a high-level, tile-based program. Central to our approach is a
novel IR abstraction, asynchronous references (aref), which
expresses warp-level communication without exposing low-level
hardware details. Using this abstraction, Tawa automatically
partitions programs into producer-consumer roles and manages
the intricate dataflow pipeline, relieving developers of invasive
kernel rewriting. Evaluation on NVIDIA H100 GPUs across rep-
resentative LLM kernels shows that Tawa delivers high hardware
utilization, achieving up to 1.1× speedup over highly optimized
cuBLAS GEMM kernels. For attention workloads, Tawa attains
1.2× speedup over Triton and matches the performance of the
hand-optimized CUTLASS C++ FlashAttention-3 kernel with far
less programming effort.

I. INTRODUCTION

Modern GPU architectures have evolved from homogeneous
processors into complex heterogeneous systems, integrating
multiple specialized hardware units to maximize performance.
Alongside traditional CUDA cores, modern GPUs integrate
dedicated engines such as Tensor Cores for dense matrix
computations and the Tensor Memory Accelerator (TMA)
for asynchronous data movement. This architectural design
enables a fine-grained, asynchronous dataflow execution model
where data movement can be explicitly orchestrated and
overlapped with computation. Exploiting this capability is crit-
ical for latency-sensitive workloads such as Large Language
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Models (LLMs), whose efficiency is often limited more by
data orchestration than by raw FLOPs [1]–[5].

However, the prevailing programming paradigm for GPUs,
Single-Instruction Multiple-Thread (SIMT), which underpins
CUDA, is fundamentally misaligned with this heterogeneous,
task-parallel reality. The SIMT model assumes that all threads
within a group (a warp) execute the same instructions on
different data, excelling at problems with uniform control
flow. This model is ill-suited for managing diverse hardware
units that must be driven by different, concurrent tasks. For
example, one task might involve generating addresses and
initiating a bulk copy with the TMA, while another performs
a matrix multiplication on the Tensor Cores. This creates a
paradigm mismatch: the hardware is capable of asynchronous,
task-parallel execution, but the software model is built for
synchronous, data-parallel execution.

To resolve this conflict, modern architectures like NVIDIA’s
Hopper and Blackwell GPUs introduce hardware-level warp
specialization [6], [7]. This mechanism reflects the hardware’s
task-parallel nature by allowing different groups of threads
(warps) to take on distinct roles. For instance, producer warps
can be dedicated to managing data transfers via the TMA,
feeding data to consumer warps that execute computations
on the Tensor Cores. While this new model unlocks the
hardware’s potential, programming for it remains difficult
because the surrounding software ecosystem and abstractions
are still rooted in the SIMT paradigm. This programmabil-
ity gap makes developing high-performance kernels a labor-
intensive endeavor, often requiring over a thousand lines of
hand-optimized code even for a basic GEMM kernel. This
difficulty manifests in three primary challenges:

Challenge 1: Coordinating concurrent warp roles. Be-
cause the SIMT model lacks first-class abstractions for assign-
ing heterogeneous roles, developers must manually restructure
kernels, encapsulating role-specific logic within complex con-
ditional branches. They must then orchestrate the execution of



these specialized warps to ensure that producer and consumer
tasks remain correctly synchronized and efficiently overlapped.
This manual process is inherently fragile. Even modern, high-
level domain-specific languages (DSLs) like Triton [8] retain
SIMT-centric abstractions, which preclude the explicit assign-
ment of warp roles and thus cannot naturally express warp-
specialized programs.

Challenge 2: Low-level communication management.
CUDA does not currently expose C++-level interfaces for
TMA and transaction barrier (mbarriers) operations. Conse-
quently, programmers must rely on inline PTX to configure
TMA descriptors, initialize and manipulate mbarriers, and
orchestrate synchronization. This requires reasoning explic-
itly about arrival counts, barrier phases, and shared-memory
aliasing, where subtle errors can easily lead to deadlock.
The difficulty is exacerbated when multiple mbarriers and
input parameters are involved. Such low-level orchestration
undermines code readability and substantially complicates
debugging and maintenance. High-level libraries like CUT-
LASS [9] and ThunderKittens [10] offer pre-written kernels
but still require users to carefully compose them to satisfy the
underlying communication requirements.

Challenge 3: Resource allocation and pipeline orchestra-
tion. Effectively overlapping the work of specialized producer
and consumer warps necessitates the manual implementation
of deep software pipelines. Developers must explicitly manage
multi-buffering schemes in shared memory, partition kernels
into prologue, main body, and epilogue stages, and carefully
balance the allocation of hardware resources like registers
and shared memory to respect occupancy limits. These design
choices are tightly coupled and create a vast, complex opti-
mization space. For example, increasing the pipeline depth af-
fects shared memory capacity, which in turn constrains thread
block size and impacts TMA descriptor layouts. Navigating
this space requires repeated, labor-intensive kernel refactoring,
making performance tuning both difficult and unsustainable.

To address these challenges, we propose Tawa1 an au-
tomated compiler that systematically analyzes computation
graphs generated from a tile-based DSL, partitions programs
into warp-specialized components, and manages both commu-
nication and pipelining. Our contributions are as follows:

• We propose asynchronous references (aref), an abstrac-
tion for warp-level communication with formal guaran-
tees. It captures the intent of asynchronous data move-
ment without exposing hardware-specific intrinsics, en-
abling a clean and portable representation at the IR level.

• We develop Tawa, the first fully automated compila-
tion flow for warp specialization on modern NVIDIA
GPUs. Tawa operates on unmodified, annotation-free
Triton programs, performs task-aware partitioning across
warp groups, applies multi-granularity pipelining adapted
to diverse kernel structures, and emits high-performance
PTX code for GPU execution.

1A shorthand for Task-Aware Warp Specialization with Aref. The imple-
mentation has been upstreamed to OpenAI Triton: https://github.com/triton-
lang/triton/tree/aref auto ws, with the first PR available at #6288.

Fig. 1: A simplified NVIDIA H100 SXM5 GPU architecture.

• We evaluate Tawa on an H100 GPU using representative
LLM kernels. Our approach delivers high hardware uti-
lization with concise kernel code, matching or surpassing
hand-optimized baselines. For GEMM, Tawa achieves
up to 1.1× speedup over cuBLAS, and for attention
kernels, it attains 1.2× speedup over Triton and matches
the performance of the hand-optimized CUTLASS C++
FlashAttention-3 [11] kernel.

II. BACKGROUND AND RELATED WORK

In this section, we first discuss the modern GPU architecture
and briefly summarize the existing GPU programming models.

A. Modern NVIDIA GPU Architecture

As shown in Fig. 1, the Streaming Multiprocessor (SM)
forms the fundamental compute unit of modern GPUs, en-
capsulating both computation and memory resources. Each
SM integrates a large register file, a warp scheduler that
can issue instructions to one warp (32 threads) per clock
cycle, and multiple CUDA cores that handle general-purpose
arithmetic. Additionally, SMs include specialized Tensor Cores
for accelerating matrix computations and a memory block
that serves as software-managed shared memory (SMEM). A
thread block, or Cooperative Thread Array (CTA), is scheduled
on an SM and shares its registers and SMEM. Recent GPU
generations, such as Hopper, have increased their reliance on
Tensor Cores as the dominant source of compute throughput,
where 90% of the total compute throughput is contributed by
Tensor Cores [6]. As such, achieving high performance on
modern GPUs is to fully saturate these Tensor Cores with
sufficient and timely data.

To this end, Hopper introduces two key hardware in-
novations aimed at improving Tensor Core utilization: the
Tensor Memory Accelerator (TMA) and Warp Group Ma-
trix Multiply-Accumulate (WGMMA). The TMA facili-
tates hardware-managed, multidimensional data transfers from
global memory (GMEM) to shared memory, offloading the
address generation and transfer coordination tasks from soft-
ware to a dedicated unit. To further enable this overlap,
Hopper extends the programming model with asynchronous

https://github.com/triton-lang/triton/tree/aref_auto_ws
https://github.com/triton-lang/triton/tree/aref_auto_ws
https://github.com/triton-lang/triton/pull/6288


(a) Tawa compilation

1 @triton.jit
2 def matmul(a_desc, b_desc, c_ptr,
3 M, N, K,
4 stride_cm: tl.const, stride_cn: tl.const,
5 Mt: tl.const, Nt: tl.const, Kt: tl.const):
6 pid = tl.program_id(axis=0)
7 num_pid_m = tl.cdiv(M, Mt)
8 pid_m = pid % num_pid_m
9 pid_n = pid // num_pid_m

10 o_am = pid_m * Mt
11 o_bn = pid_n * Nt
12 o_k = 0
13 acc = tl.zeros((Mt, Nt), dtype=tl.float32)
14 for k in range(0, tl.cdiv(K, Kt)):
15 # Data loading
16 a = tl.tma_load(a_desc, [o_am, o_k], [Mt, Kt])
17 b = tl.tma_load(b_desc, [o_bn, o_k], [Nt, Kt])
18 # Computation
19 acc = tl.dot(a, b.T, acc=acc)
20 o_k += Kt
21 offs_cm = pid_m * Mt + tl.arange(0, Mt)
22 offs_cn = pid_n * Nt + tl.arange(0, Nt)
23 c_ptrs = c_ptr + stride_cm * offs_cm[:, None] \
24 + stride_cn * offs_cn[None, :]
25 tl.store(c_ptrs, acc)

(b) A simplified Triton GEMM program

1 module attributes {"num-warps" = 8 : i32} {
2 tt.func public @matmul(
3 %arg0: !tt.ptr<i8>, %arg1: !tt.ptr<i8>,
4 %arg2: !tt.ptr<f16>, %arg3: i32,
5 %arg4: i32, %arg5: i32) {
6 %ABaref = tawa.create_aref : ()
7 -> tensor<2x!tawa.aref<tuple
8 <tensor<128x64xf16>, tensor<128x64xf16>>>
9 // ... more initialization

10 tawa.warp_group {
11 scf.for %k = %c0 to %K step %c1
12 iter_args(%arg8 = %c0) {
13 %ta = tt.tma_load %arg0[%offset_am, %arg8]
14 %tb = tt.tma_load %arg1[%offset_bn, %arg8]
15 %extracted = %ABaref[%k mod %cst_D]
16 tawa.put(%extracted, %ta, %tb)
17 %kI = arith.addi %arg8, %c64
18 scf.yield %kI : i32
19 }} {partition = 0 : i32}
20 tawa.warp_group {
21 %tc = scf.for %k = %c0 to %K step %c1
22 iter_args(%acc = %cst_0) {
23 %extracted = %ABaref[%k mod %cst_D]
24 %ta, %tb = tawa.get(%extracted)
25 %part_ret = tt.dot_wait %ta, %tb, %acc
26 %res = tt.dot_wait %part_ret {pendings = 1}
27 tawa.consumed(%extracted)
28 scf.yield %res : tensor<128x128xf32>
29 }
30 // epilogue: calculate C address and store
31 tt.store %c_ptr, %tc
32 } {partition = 1 : i32}
33 }}

(c) Highly simplified Tawa MLIR code (D = 2)

Fig. 2: Example Tawa compilation flow from the Triton frontend to the internal MLIR representation. tl is the shorthand for
the Triton language. tt is the Triton MLIR dialect. Code snippets are simplified for demonstration purposes.

transaction barriers, which allow threads to synchronize not
just based on arrival but also on the volume of data exchanged.
Each transaction carries a byte count, and the barrier only
releases threads once both all producers have arrived and the
expected total transaction count is reached. This mechanism
is especially powerful in coordinating asynchronous memory
copies and collective data exchanges across thread blocks.

In parallel, WGMMA introduces warp-group-level matrix
multiply operations, allowing multiple warps (4 warps as one
warp group) to cooperatively execute large-tile GEMM kernels
in an asynchronous and efficient manner. Together, these
mechanisms provide a foundation for warp specialization,
where different warps within an SM assume distinct roles
in data communication and computation, thereby improv-
ing throughput for LLM workloads [10]–[12]. These trends
illustrate a broader architectural shift toward asynchronous
dataflow execution, a direction continued in subsequent ar-
chitectures such as Blackwell [7].

B. Existing GPU Programming Models

CUDA is the dominant interface for GPU program-
ming [13], but as architectures evolve, programming complex-
ity has increased substantially. NVIDIA’s CUTLASS C++ [9]
library provides templated kernels for GEMM and related
computations, but leveraging it to write neural network op-
erators requires intricate configuration and hand-tuning. To
reduce engineering effort for domain workloads, specialized
libraries have emerged. ThunderKittens [10] introduces a

compact C++ interface based on 16×16 tile abstractions,
offering performance-competitive GEMM and attention ker-
nels. FlashInfer [12] focuses on efficient attention and KV-
cache management with JIT specialization to support large-
scale LLM inference. These systems simplify access to high-
performance kernels but remain library-centric: they provide
optimized operator templates rather than a general-purpose
strategy for different applications, which may cause extensive
maintenance issues for hand-tuning performance for different
sizes of matrices.

To further raise the abstraction level, domain-specific com-
piler infrastructures have been proposed. TVM [14] pioneered
an end-to-end compilation framework with automated schedul-
ing [15], [16], while Relax [17] extends it with a graph-level IR
for dynamic workloads. Fireiron [18] also leverages a schedule
language for specifying the tiling and data movement, and
Graphene [19] further enhances this idea by providing an
IR for mapping tensors with various layouts to Tensor Core
instructions. While powerful, these systems were developed
prior to Hopper and do not directly exploit TMA and hardware
warp specialization, leaving significant performance untapped.
Similarly, lots of efforts on GPU warp specialization [20]–[22]
were proposed before the Hopper architecture, which do not
effectively use the latest TMA features. WASP [23] considers
GPUs with TMA but requires architectural modifications and
runs solely on a simulator. In contrast, Tawa targets commer-
cial NVIDIA GPUs and demonstrates measurable speedups on
real workloads.



Motivated by the need for finer control, a new class of
tile-based kernel languages has emerged. Triton [8], built on
MLIR [24], allows programmers to write efficient kernels
in Python while abstracting tiling and memory management.
Despite its success in democratizing kernel development,
Triton, before this work, still lacks native abstractions for warp
specialization and instead relies on Ampere-style software
pipelining scheme with cp.async, leaving a performance
gap on the Hopper architecture. Recent work introduces ex-
plicit APIs for dataflow scheduling and pipeline composition.
Cypress [25] proposes a task-based programming model that
abstracts complex data movement and synchronization through
logical computation descriptions and mapping specifications.
However, programmers are still required to manually manage
the multi-level hierarchy of threads, warps, and SMs, along
with the corresponding data decomposition. Gluon [26] pro-
poses an IR for Triton that adds layout abstractions but still
requires programmers to explicitly incorporate communica-
tion operations. These approaches provide expert users with
expressive control, but they continue to impose significant
responsibility for synchronization and resource management,
which limits programmer productivity.

Additionally, TileLang [27], [28] is a new tile-based GPU
kernel language with built-in warp specialization support. It
implicitly schedules operations to form pipelines, but without
a formal correctness guarantee and with limited control over
fine-grained MMA pipelines. In contrast, Tawa formally de-
fines asynchronous communication semantics via the aref
abstraction (§III-B), treating communication as a first-class
IR construct. This design ensures that the compiler gener-
ates correct warp-specialized code by construction, preventing
deadlocks such as premature data access in aref objects.
Tawa ’s multi-granularity pipelining further leverages aref to
guarantee correctness across diverse communication patterns.
Importantly, Tawa requires no user annotations or code modifi-
cations, whereas TileLang still requires marked pipelined loops
(T.pipelined) and explicit copy operations (T.copy) to
define pipeline stages.

Taken together, these trends highlight a growing need for
raising the level of abstraction. Users should not cope with
low-level hardware details or manually orchestrate warp-group
execution. Tawa bridges these gaps with a fully automated
compiler equipped with aref.

III. TAWA COMPILER

In this section, we first give an overview of the Tawa
compiler and discuss details of the asynchronous reference
abstraction and the compilation process.

A. Overview

Fig. 2a illustrates the overall design of Tawa. Since Tri-
ton [8] has become the de facto backend for PyTorch [29], [30]
and is widely adopted for writing efficient GPU kernels, we se-
lect Triton as the frontend interface of our compiler. Program-
mers write kernels in Triton-Python with tiled computation and

TMA communication in a CTA (Fig. 2b), which are first trans-
lated into the standard Triton-MLIR representation. Building
upon this infrastructure, Tawa introduces a series of compiler
passes that automate the generation of warp-specialized pro-
grams directly from high-level Python code. Most importantly,
we require no modifications to existing Triton code; users
can simply set enable_warp_specialization=True
when calling the Triton kernel, and it only takes effect on
Hopper and newer GPU architectures.

To address the challenges outlined in § I, Tawa applies three
key transformations: (1) Task-aware partitioning (§ III-C).
We introduce a novel algorithm that partitions the program
into producer and consumer warp groups, ensuring correct role
assignment and communication boundaries, directly address-
ing Challenge 1. (2) Asynchronous reference abstraction
(§ III-B). We design aref, an intermediate representation that
captures inter-warp dataflow explicitly. By expressing com-
munication intent at the IR level, aref allows the compiler
to automatically insert and coordinate the necessary synchro-
nization and data-movement operations, resolving Challenge
2. We also propose a new Tawa MLIR dialect to encode those
aref operations. (3) Multi-granularity software pipelining
(§ III-D). On top of the aref program, we apply a software
pipelining pass that orchestrates overlap between communica-
tion and computation across multiple granularities, resolving
Challenge 3.

The resulting program is shown in Fig. 2c. Once these
passes are applied, the aref representation is lowered to
the standard Triton-MLIR dialect, after which the existing
Triton compilation pipeline proceeds unchanged: the code is
progressively lowered to LLVM IR and finally to PTX, ready
for execution on NVIDIA GPUs.

B. Asynchronous Reference

Fig. 3: aref abstraction and associated operations.

To better model communication between warps, we intro-
duce asynchronous reference [31], or aref, an IR abstraction
that models a one-slot channel between producer and con-
sumer on the GPU as shown in Fig. 3. It packages a data buffer
together with two synchronization primitives implemented by
hardware mbarriers, conventionally named empty and full.
At any moment exactly one of these barriers encodes the state
of the slot: when the empty mbarrier holds a credit, the slot
may be written by the producer; when the full mbarrier
holds a credit, the slot contains a published value ready to be
read by the consumer.

The aref interface exposes three operations: put, get,
and consumed, whose formal semantics are defined in Fig. 4.



PUT
σ(a).E = 1

⟨σ, put(a, v)⟩ → ⟨σ[ a 7→ ⟨buf = v, F = 1, E = 0⟩ ], ϵ⟩

GET
σ(a).F = 1

⟨σ, get(a)⟩ → ⟨σ[ a 7→ ⟨buf = σ(a).buf, F = 0, E = 0⟩ ], σ(a).buf⟩

CONSUMED

⟨σ, consumed(a)⟩ → ⟨σ[ a 7→ ⟨buf = σ(a).buf, F = 0, E = 1⟩ ], ϵ⟩

Fig. 4: Operational semantics of the aref operations. σ is the
store map from an aref identifier a to the actual structure
σ(a) = ⟨buf, F, E⟩, where F is the full mbarrier flag and
E is the empty mbarrier flag. Initially E = 1, F = 0.

These semantics provide a rigorous foundation for lowering
the operations to GPU-specific instructions, as discussed in
§ III-E. put is the producer’s publication step: it requires
the slot to be empty (the empty mbarrier E holds a credit),
writes the payload to the buffer, and flips the state to full
by arriving on the full mbarrier F with release ordering.
This transition makes the data visible to the consumer and
prevents subsequent writes from reusing the slot prematurely.
get is the consumer’s acquisition step: it requires the slot
to be full (the full mbarrier F is observed), performs a
read of the buffer into a program variable, and transitions
the aref into a borrowed state in which neither E nor F
holds a credit, reflecting that the value is in use but the slot
is not yet reusable. consumed closes the handshake: once
the consumer no longer needs the value, it arrives on the
empty mbarrier E, restoring the empty credit and enabling
the next put; this induces the happens-before chain from
producer’s writes to consumer’s reads and on to the producer’s
subsequent reuse. The aref therefore serves as a first-class
IR value representing a concrete communication path that
enforces correct ordering of data movement and computation
across warp groups.

Compared to constructs such as the OpenCL pipe [32] or
similar mechanisms in other accelerator programming mod-
els [33]–[37], the aref abstraction is specifically designed
for GPU inter-warp communication. Its semantics are rooted
in hardware-supported mbarrier synchronization, providing
a clear ordering model. In addition to its synchronization
semantics, aref is also type-generic, supporting buffers of
type <T>, which allows it to carry structured payloads such as
tensors or tuples while reusing the same mbarriers. To facilitate
deep pipelining, multiple aref instances can be grouped into
a cyclic buffer of depth D, effectively forming a ring structure
that supports the storage and transfer of intermediate data
across pipeline stages.

C. Task-Aware Partitioning

We begin by traversing the MLIR computation graph as in
Fig. 5a, where each node is an MLIR operation and each edge

captures the use-def dependencies. We take two steps of the
partitioning process: partition annotation and loop distribution.

1) Partition Annotation
We perform a backward traversal along the use-def chains

starting at the kernel’s side-effecting sinks (e.g., Store).
During the traversal, we attach a semantic tag to every node
by inspecting its effects. Nodes that contribute to address
computation, such as the pointer arithmetic for data transfers,
are marked as iteration statements (orange edges). Nodes that
transform or consume a tile for actual computation, such
as WGMMA, are marked as tile statements (blue edges).
These tags make the high-level intent of each region explicit.
Because iteration statements are often scattered throughout
the IR, semantic tagging is necessary to recover producer-
related operations. For example, in Fig. 2b, the address o_k
calculation in L20 is separated with the TMALoad operation
in L16-17.

After tagging, Tawa constructs the partitions. A partition
is a dependency-closed subgraph that represents one warp
role and will be executed by one warp group. To determine
these subgraphs, Tawa identifies the cut that separates producer
behavior from consumer behavior. All iteration statements,
together with the TMALoad operations they dominate, are
grouped into the producer partition. All tile statements and
their dependents form the consumer partition. The graph is
then closed under dependencies, so each partition contains all
operations required for correctness. If a node is used by both
partitions, for example an address calculation that contributes
to both a load and a store, Tawa duplicates that computation.
This guarantees that each partition is self-contained, and it
avoids creating cross-partition data dependencies that would
violate warp specialization constraints.

On Hopper, the typical configuration is two partitions. The
producer partition corresponds to the load warp group (WG0),
and the consumer partition corresponds to the compute warp
group (WG1), as illustrated in Fig. 5b. The epilogue is attached
to WG1 so that output writes occur exactly once. For Black-
well and later architectures that provide more warp roles, Tawa
can create additional partitions. The same semantic analysis
drives these refinements, and the graph cut is adjusted to
form separate load, compute, reduction, or epilogue subgraphs.
In all cases, partitions are built from semantic roles, and
duplication is applied when required so that each warp group
receives a complete and independent subgraph for execution.

2) Loop Distribution
After the operations are annotated, we need to construct

the actual IR that divides the workload for each WG. For
each cross-partition edge (e.g., TMALoad→LocalAlloc in
Fig. 5a), we create an aref tensor with size D, denoting a
D-slot cyclic buffer. D is chosen to maximize overlap between
TMA transfers and Tensor Core computation. A larger D
allows the producer to run further ahead and hide more
TMA latency, while a smaller D reduces buffer footprint and
synchronization overhead. We study the effect of D in § V-E.
A put operation is created on the producer side that places
each TMALoad result into an aref slot. The slot index is



(a) Computation graph of Fig. 2b. (b) Partitioned computation graph. (c) Achieved warp specialization. Suppose D = 2.

Fig. 5: Task-aware partition for the GEMM kernel in Fig. 2b. Notice warp specialization is just one way of achieving the
overlapping in (c), and the actual latency is not shown to scale.

computed as the iteration k modulo the buffer size D, allowing
the buffer slots to be reused (L15, L23 in Fig. 2c). Similarly,
a get operation is created on the consumer side that gets
the data from the same aref slot. After the data are used for
computation in WGMMA, an additional consumed operation
is inserted at the end to indicate the slot has been freed. As
mentioned in § III-B, aref supports grouping multiple values
in the buffer to share the mbarrier. Therefore, a straightforward
optimization when creating aref is to check whether the
loaded tensors are used in the same WGMMA. If so, we can
put a tuple of tensors in the aref buffer and share the channel
for communication between WGs. The resulting computation
graph is shown in Fig. 5b. Since aref has already carried
buffers, the LocalAlloc operations can also be eliminated
but to directly read from the aref buffer.

To make both partitions independently progress through the
original loop nest, we also need to perform loop distribution
around the cut. Two WG regions are created in the IR as
shown in Fig. 2c (L10-32). The scf.for loop is cloned so
that WG0 and WG1 each carry an isomorphic loop over k.
Iteration statements remain in WG0, and tile statements remain
in WG1. The inter-warp communication is done by aref
highlighted in the code (L16, L24). Finally, the computed
result is yielded from the for loop and stored back to global
memory in the epilogue. The resulting execution is the warp-
specialized timeline in Fig. 5c, which shows how TMA loads
are overlapped with Tensor Core computation.

D. Multi-Granularity Pipelining

After we have the warp-specialized program, we conduct
further optimization on the compute warp group, where we in-
troduce two pipelining mechanisms to make sure the hardware
components are working in parallel. Specifically, we consider
a fine-grained pipeline that overlaps MMA address calculation
and computation, and a coarse-grained pipeline that overlaps
CUDA and Tensor Core computation.

Fig. 6: Fine-grained pipeline overlapping MMA address cal-
culation and computation. Actual latency not shown to scale.

1) Fine-Grained Pipeline
Modern GPUs expose both CUDA Cores, which handle

scalar and address computations, and Tensor Cores, which
accelerate MMA operations; however, a naı̈ve sequential ex-
ecution forces these units to operate in sequence, such that
address generation stalls tensor execution and vice versa,
leading to poor utilization. To alleviate this inefficiency, we
introduce an automatic pipelining algorithm that overlaps
address calculation on CUDA Cores with MMA execution
on Tensor Cores through a bounded pipeline of depth P . At
each iteration, the compiler issues the next MMA instruction
asynchronously (WGMMA.issue(k)), and only stalls when
the number of outstanding operations reaches the maximum
pipeline depth (WGMMA.wait() {pendings=P}). As the
k-th wait operation does not need to be done immedi-
ately after each MMA issue, enabling more MMA instruc-
tions to be in flight before waiting. Once the pipeline is
filled, the result reference from iteration k − P is released
(aref.consumed(k-P)), which maintains correctness by
enforcing dataflow dependencies and freeing resources for
reuse. After the final iteration, the compiler drains the pipeline
in an epilogue by consuming the remaining pending opera-
tions. This design effectively decouples address computation
and matrix multiplication, sustaining a continuous flow of
work across both functional units, and effectively hides latency



Algorithm 1: Coarse-Grained CUDA and Tensor Core
Pipelining

Input: Tile count N ; Boolean USE_U

1 Prologue;
2 MAYBEAREFGET(T0);
3 ISSUEANDCOMMIT(T0);
4 DOTWAIT(T0) ; // materialize T0 output
5 MAYBEAREFCONSUMED(T0);
6 COMPUTE(C0);

7 Steady state;
8 for j ← 1 to N − 1 do
9 MAYBEAREFGET(Tj); ISSUEANDCOMMIT(Tj);

10 if USE_U then
11 MAYBEAREFGET(Uj−1);
12 ISSUEANDCOMMIT(Uj−1);

13 DOTWAIT(Tj−1) ; // ensure Tj−1 results are
visible

14 MAYBEAREFCONSUMED(Tj−1); COMPUTE(Cj−1);
15 if USE_U then
16 DOTWAIT(Uj−1);
17 MAYBEAREFCONSUMED(Uj−1)

18 Epilogue;
19 DOTWAIT(TN−1);
20 MAYBEAREFCONSUMED(TN−1);
21 COMPUTE(CN−1);
22 if USE_U then
23 MAYBEAREFGET(UN−1);
24 ISSUEANDCOMMIT(UN−1);
25 DOTWAIT(UN−1);
26 MAYBEAREFCONSUMED(UN−1)

27 FINALEPILOGUEANDSTORE();

and reduces idle time compared to the sequential baseline.

2) Coarse-Grained Pipeline
The fine-grained pipeline is most effective when the loop

primarily consists of matrix multiplication operations. How-
ever, when additional computations are performed on CUDA
Cores, these operations can also be overlapped with MMA.
Therefore, we further propose a coarse-grained three-stage
producer-transform-(optional) consumer assembly line in Al-
gorithm 1. Each loop iteration j has a Tensor Core stage
Tj that produces an intermediate tile (e.g., a matmul frag-
ment), a CUDA Core stage Cj that transforms that inter-
mediate (e.g., normalization, activation, reduction), and an
optional downstream Tensor Core stage Uj that consumes
the transformed result (e.g., a second matmul/epilogue). The
prologue boots the pipeline by running T0 to completion
and immediately computing C0. Steady-state then overlaps Tj

with Cj−1 (and, if present, Uj−1): in each iteration we first
enqueue and commit the Tensor Core work for the current
tile, optionally enqueue and commit the downstream U for
the previous tile, then perform a precise completion wait on
the dot-product group(s) that produced Tj−1’s results and run
the CUDA Core transform Cj−1. The epilogue drains the
last CUDA Core transform and, if U is used, issues and
retires UN−1. Correctness depends on two synchronization

mechanisms: DOTWAIT(Tj − 1) (and DOTWAIT(Uj − 1))
ensures compute-group completion at Tensor Core boundaries,
while MAYBEAREFGET(·) are wrappers that perform the get
operation only when a stage actually consumes a cross-WG
aref object. When no external data needs to be read, the
wrappers compile to no-ops, keeping the template minimal
and avoiding unnecessary stalls.

From an MLIR computation graph, the schedule is con-
structed by several principled analyses followed by a me-
chanical synthesis step. Stage identification partitions the per-
iteration subgraph into Tj , Cj , and (optionally) Uj using
dialect- and type-level cues: Tensor Core micro-tiles and their
glue form T (and possibly U if a second tensor-core phase ex-
ists), whereas arithmetic, normalization, activation, reduction,
or layout transformation that reads T ’s outputs forms C. This
yields a tiny intra-iteration DAG with edges Tj → Cj and, if
present, Cj → Uj . An example of attention [38] is that the
QKT forms T , the softmax operation forms C, and the second
GEMM PV constructs U . Finally, an aref-use inspection
marks any stage that reads data produced by a different warp-
group; only for those marked stages will the wrappers MAY-
BEAREFGET(·) and MAYBEAREFCONSUMED(·) be emitted.

E. aref Lowering

The lowering of aref transforms high-level asynchronous
references into explicit synchronization and memory-transfer
instructions that execute directly on the GPU. At the IR level,
create_aref declares a buffer and allocates the necessary
mbarriers, serving as the root of a communication subgraph.
The compiler then rewrites put, get, and consumed oper-
ations into concrete instructions: put expands into an asyn-
chronous TMA load guarded by empty/full barriers, get
becomes a blocking wait on the corresponding full barrier,
and consumed signals buffer availability by arriving at the
empty barrier. This pattern-matching ensures that once the
entire subgraph is rewritten, the abstract aref nodes can be
safely erased, leaving only executable low-level synchroniza-
tion and data-movement instructions.

A critical aspect of this transformation is correctness under
pipelining, where multiple tiles are loaded, computed, and
consumed in flight. To avoid deadlock from circular waits,
the lowering introduces a parity mechanism: each operation
alternates between two sets of barriers indexed by iteration
parity. When parity toggles, a consumer may skip waiting if
data has already been produced, and producers can reuse buffer
slots without overwriting values still in use. This mechanism
not only guarantees liveness but also enables efficient multi-
buffering, allowing communication and computation to overlap
across multiple stages. In this way, aref lowering provides
a systematic bridge between an abstract, declarative view of
asynchronous dataflow and the precise TMA and mbarrier
instructions required for high-performance GPU execution.

IV. FURTHER OPTIMIZATIONS

To further increase the Tensor Core utilization in warp-
specialized scenarios, Tawa further integrates additional op-



Fig. 7: (a) Cooperative warp groups; (b) Persistent kernel.

timizations that are incorporated into the compilation flow,
ensuring that programs automatically benefit without requiring
manual restructuring.

A. Cooperative Compute Warp Groups

A key limitation of warp-specialized execution is the re-
stricted register budget available to each warp group, which
constrains the maximum tile size and can limit overall compute
intensity. The cooperative warp group optimization alleviates
this bottleneck by enabling multiple warp groups to collabo-
ratively compute the same tile. As illustrated in Fig. 7a, two
consumer warp groups (WG1 and WG2) jointly consume data
produced by a TMA warp group (WG0). By pooling their reg-
isters, the cooperating warps can form larger tiles that increase
arithmetic intensity, improve data reuse, and reduce memory
traffic. Conceptually, this optimization reintroduces a form of
standard warp parallelism that multiple warps performing the
same computation on different fragments of the same tile, into
the warp-specialized setting. Tawa handles this transparently
by informing the backend code generator of the cooperative
mapping so that thread indices are consistently assigned.
Importantly, no changes are needed to the aref abstraction,
since communication semantics remain unchanged.

B. Persistent Kernels

Another major source of inefficiency in GPU pipelines
stems from repeated kernel launches, each introduces signifi-
cant CTA launch overhead. Persistent kernels reduce this over-
head by launching only as many CTAs as there are SMs and
keeping them resident throughout execution. As depicted in
Fig. 7b, Tawa transforms the execution model into a software-
managed pipeline, where resident CTAs are responsible for
iterating over tiles. This enables overlapping of TMA-driven
loads, Tensor Core computation, and CUDA Core epilogues
across iterations, eliminating relaunch latency and reducing
idle time. Tawa automatically inserts synchronization before
each epilogue to preserve correctness. This optimization is
especially effective in deep pipelines with large K dimensions,
where cumulative launch costs would otherwise dominate.

V. EVALUATION

We first describe our experimental setting and then show
the results on different benchmarks in this section.

A. Experimental Setup

Tawa is built on top of Triton [8] (commit: 0c7edf)
with about 4K lines of C++ and introduces a compact MLIR
dialect that encapsulates aref operations. We compare Tawa
against a set of state-of-the-art GPU programming frameworks
and libraries, including the closed-source commercial library
cuBLAS [39] (v12.7), the NVIDIA open-source CUDA linear
algebra library CUTLASS [9] (v4.0.0), and the baseline Tri-
ton under the same commit. We also include two academic
frameworks: ThunderKittens [10] (6c27e2), a CUDA-based
AI kernel library, and TileLang [27] (422fb1), a TVM [14]-
based DSL. To ensure a fair comparison, all baselines are
hand-tuned with a fixed set of tile sizes (combinations of
{64, 128, 256}). In the default Triton implementation, the
official software pipelining is enabled, with pipeline depth
predetermined to balance overlap between communication and
computation. For kernels generated by Tawa, the size of the
aref and the depth of the MMA pipeline are selected manu-
ally to maximize performance, providing each approach with
equivalent opportunity to exploit the underlying hardware.

All experiments are conducted on an NVIDIA H100 SXM5
GPU equipped with 80GB of HBM3e memory, using CUDA
12.7 as the software stack. Experiments are conducted using
25 warp-up and 1000 measurement runs, and we compute
the average execution time from these. We benchmark several
representative workloads. The first is GEMM and its variants,
evaluated with both FP16 and FP8 precision. The second is
an attention kernel, with various sequence lengths to reflect
realistic LLM workloads. These benchmarks represent diverse
computational patterns and provide a comprehensive assess-
ment of the effectiveness of automatic warp specialization rel-
ative to hand-optimized libraries and DSL-based approaches.

B. Matrix Multiplication

We evaluate GEMM kernels with matrix dimensions of
M = N = 8192 while sweeping the inner dimension K
from 256 to 16384, and report the throughput for FP16
and FP8. Notice these matrix sizes are representative in real
LLM workloads [40]–[43]. As shown in Fig. 8, across both
precisions, Tawa achieves the same level of performance as the
highly optimized kernel library cuBLAS while outperforming
the other general-purpose frameworks on most shapes. Tawa
reaches up to 79% hardware utilization in both FP16 and FP8.

In FP16, Tawa delivers average speedups of 1.01×, 1.13×,
1.15×, and 1.09× over cuBLAS, Triton, TileLang, and Thun-
derKittens, respectively. The improvements over Triton high-
light the advantage of overlapping TMA-driven data move-
ment with WGMMA execution. In contrast, Triton employs
an Ampere-style software pipelining scheme for asynchronous
copies, which is less effective on Hopper than the hardware-
backed warp-specialization strategy in Tawa. We also observe
Tawa is worse than cuBLAS for small K, which is mainly
because the overhead of Triton becomes relatively significant
compared to the highly optimized CUDA library implementa-
tion in cuBLAS. TileLang and ThunderKittens are extensively
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Fig. 8: GEMM performance results for different frameworks. M = N = 8192, and varied K.
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tuned for large K, leading to stronger performance than Tawa
when K ≥ 8192.

In FP8, the benefits of automatic warp specialization are
more pronounced, particularly at small K. On average, Tawa
achieves 1.06×, 1.02×, 1.22×, and 1.24× speedup over
cuBLAS, Triton, TileLang, and ThunderKittens, respectively.
This is because the smaller, faster FP8 tiles make Tensor
Core computation so rapid that memory transfer and synchro-
nization become bottlenecks. Tawa’s warp-specialized pipeline
alleviates this by maintaining continuous data flow. The aref
abstraction automatically balances producer and consumer
warps and deepens prefetching to fully utilize Tensor Cores,
yielding larger relative gains for FP8 than for FP16. TileLang
and ThunderKittens appear less tuned for FP8, resulting in up
to 1.59× and 1.61× lower throughput at small K, respectively.
Overall, these results indicate that Tawa’s aref abstraction
and automatic warp specialization provide a robust orches-
tration mechanism that overlaps TMA loads and WGMMA
across precisions. We also observe that the Triton baseline
exceeds Tawa in certain cases, primarily because Triton has
extensively tuned its software pipeline for simple GEMM
kernels. Tawa’s advantages become more pronounced in more
complex kernels with deeper communication–computation de-
pendencies, such as FlashAttention in § V-D.

C. GEMM Variants

To assess the generalizability of Tawa across diverse kernel
patterns, we evaluate two GEMM variants. The first is batched
GEMM, which executes multiple small GEMMs of identical

shape within a single kernel. The second is grouped GEMM,
which processes multiple GEMMs of varying shapes. Both
patterns are pervasive in Mixture of Experts models [42], [44],
[45]. We compare against Triton and TileLang; ThunderKittens
does not provide functioning kernels for these cases. For
batched GEMM, we fix the batch size to 8 and sweep M ,
N , and K from 1K to 16K with square inputs. For grouped
GEMM, we vary both the number and shapes of GEMMs,
fixing N and K while letting M be a multiple of 512. As
shown in Fig. 9, Tawa consistently outperforms the Triton
baseline in both settings, achieving speedups of up to 7%.
Compared to TileLang, Tawa is up to 50% faster on batched
GEMM. In grouped GEMM, TileLang performs well for small
groups but degrades as group size increases. These gains stem
from Tawa’s aref-based partitioning and automatic warp
specialization, which allow data movement for one GEMM
to be overlapped with computation from another. In batched
GEMM, this overlap reduces idle time between consecutive
small multiplications, while in grouped GEMM, it schedules
heterogeneous shapes more efficiently within a single kernel.

D. Multi-Head Attention

We evaluate (non-)causal multi-head attention (MHA)
across sequence lengths L ∈ [1024, 16384] with batch size
4 and head dimension 128. As shown in Fig. 10, Tawa is
compared against strong reference implementations, including
handwritten FlashAttention-3 (FA3) [11] built on CUTLASS
C++, as well as Triton, TileLang, and ThunderKittens.

For FP16, Tawa attains up to 96% of FA3 throughput and
delivers a consistent 1.21× speedup over Triton. This gap
largely stems from the Triton baseline being effectively a
FlashAttention-2 style implementation [46], which does not
fully exploit Hopper warp specialized producer and consumer
pipelines, in particular TMA driven global to shared trans-
fers overlapped with WGMMA on Tensor Cores. At short
sequences, the advantage of warp specialization is muted
because prologue, epilogue, and barrier costs are not yet
amortized. As L grows to at least 4K, memory traffic and
synchronization become dominant; in this regime Tawa out-
performs TileLang and ThunderKittens by up to 1.10× and
1.23×, respectively, indicating more effective overlap between
data movement and compute. Although causal MHA reduces
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Fig. 11: Impact of different aref and MMA pipeline sizes.

effective Tensor Core utilization due to mask induced control
and data hazards, Tawa sustains strong performance at long
sequences and reaches its peak at L = 16K.

For FP8, the benefits of automatic warp specialization are
even more pronounced at large L. Tawa reaches up to 89% of
FA3 and delivers 1.11× and 1.48× speedup over Triton and
TileLang. ThunderKittens fails to run our FP8 attention con-
figurations, indicating that its kernels are primarily tuned for
FP16 and lack the layout management and pipeline scheduling
needed for efficient FP8 execution.

Overall, the results support two conclusions. First, aref
provides a principled abstraction that converts generic kernels
without asynchronous semantics into dataflow pipelines: by
treating tiles as references with explicit get and put phases,
Tawa overlaps TMA transfers, shared-memory materialization,
and WGMMA while maintaining warp-group occupancy and
steady MMA throughput. Second, these gains hold across
precision from FP16 to FP8 and semantics from noncausal
to causal, showing that Tawa automatic warp specialization
policies generalize well.

E. Hyperparameter Selection

To study the impact of hyperparameters in our compilation
flow, we conduct experiments on the aref size D, the number
of disjoint shared-memory staging buffers governed by asyn-
chronous barriers, and the MMA depth P , how many compute
tiles (WGMMA issue groups) are overlapped in flight, with
(non-)persistent GEMM kernels (K = 16384). As shown in
Fig. 11, across the feasible region (D ≥ P ), performance
consistently increases when increasing D. A larger D lets
TMA producers prefetch more, smoothing latency variation
and better hiding global-to-shared transfer under compute.
Further increasing D requires more shared memory to be
allocated, which is not achievable for large tile size.

Varying P at fixed D shows the classic over-pipelining
trade-off. Increasing P from 1 to 2 generally helps (persistent
peaks at D = 3, P = 2), because MMA reduces stalls on
accumulator availability and amortizes instruction-level laten-
cies. Pushing to P = 3 lowers throughput: deeper compute
pipelines increase live fragments and accumulator registers and
can depress WG occupancy, so the marginal latency hiding is
outweighed by pressure on registers and shared memory.

Comparing the two panels, the persistent version is consis-
tently faster (roughly +5-10% on most feasible points). Persis-
tence keeps CTAs resident to pull multiple tiles from a global
work queue, which eliminates grid-scheduling and tail effects,
improves cache locality for weights and epilogue metadata,
and maintains a steady-state TMA and MMA rhythm with
fewer disruptions. Taken together, the figure suggests using a
larger D and moderate P (1-2) to balance overlap and resource
pressure, and uses persistent kernels to stabilize the pipeline
and harvest cache/reuse benefits.

F. Ablation Study

To further study the effect of different optimization tech-
niques in Tawa, we conduct an ablation study on both GEMM
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and MHA kernels. We use the largest GEMM (K = 16384)
and MHA kernels (L = 16384) in our previous experiments,
and the results are shown in Fig. 12. The baseline Triton
without adding warp specialization (WS) delivers a throughput
of only 104 TFLOPs/s. By enabling WS with a single warp
group while maintaining the same tiling configuration (+Auto
WS), performance improves 3.78× to 393 TFLOPs/s. This
substantial jump reflects the efficiency gains from decoupling
producer and consumer roles at the warp level, which improves
parallelism and mitigates pipeline stalls.

The benefits of warp specialization become even more
evident as the configuration is extended to two compute warp
groups. With the same tile size of 128×128×64, throughput
does not change a lot. However, the increased number of warps
reduces the register pressure and can enable a larger tile size
for the warps to cooperatively work on. When enlarging the tile
size to 128×256×64 (+Large Tile Size), it boosts the perfor-
mance by 1.46×. The enlarged tile shape improves data reuse
and reduces redundant memory traffic, showing that tiling
interacts synergistically with warp specialization to exploit
the hardware more effectively. Similar trends can be found in
MHA, where the automatic warp specialization (+Auto WS)
and cooperative warp groups (+Cooperative WGs) together
boost the performance by 2.84×.

Beyond warp specialization and tiling, the introduction
of persistent kernels further amplifies performance. In this
mode, thread blocks are retained on SMs across multiple
iterations, thereby avoiding costly kernel launch overheads and
improving data locality. With persistence enabled (+Persistent
Kernel), the system further improves the performance by
10%. Finally, fine-tuning the scheduling depth parameter in
conjunction with persistence leads to a peak throughput of 718
TFLOPs/s (+Better Aref Size), representing nearly a seven-
fold improvement over the baseline. For MHA, adding a
coarse-grained pipeline and fine-tuning the aref size leads to
the final performance of 654 TFLOPs/s. This progression high-
lights how Tawa carefully incorporates warp specialization,
cooperative warp groups, and pipelining, which can unlock
better utilization of modern GPU hardware.

VI. FUTURE WORK

One natural extension of Tawa is to broaden the set
of communication patterns supported by the compiler. Cur-
rently, Tawa primarily targets producer-consumer pipelines
built around double-buffering, but more advanced schemes
such as ping-pong kernels and multicast communication could
further improve efficiency. Ping-pong kernels allow alternating
roles between warp groups across iterations, thereby balancing
workload and alleviating bottlenecks in cases where computa-
tion and data movement demands shift dynamically. Similarly,
multicasting enables a single producer warp to distribute
data to multiple consumer warps simultaneously, reducing
redundant memory transfers and better utilizing shared buffers.

Looking further ahead, we aim to generalize Tawa be-
yond Hopper to support next-generation architectures such as
Blackwell. In particular, Blackwell introduces tensor memory
(tmem) as a new hardware-managed memory hierarchy that
complements TMA by providing more flexible data orches-
tration between shared and global memory. Leveraging tmem
effectively will require extending aref to model multi-level
data movement and revisiting scheduling decisions across
heterogeneous memory resources. In addition, future work-
loads demand even greater scalability, motivating support for
multiple producers and consumers for multiple warp groups
with distinct roles, as well as more sophisticated graph par-
titioning algorithms that account for load balancing, register
pressure, and memory footprint simultaneously. Specifically,
these fine-grained roles can be annotated during the task-
aware partitioning process based on instruction semantics as
discussed in § III-C. For example, designating specialized
functions such as softmax as special-function warps, while
computations outside the main loop form an epilogue warp
group that utilizes tmem.

VII. CONCLUSION

In this paper, we introduced Tawa, an automated compiler
that generates efficient warp-specialized kernels for modern
GPUs using asynchronous references. Our evaluation shows
that Tawa delivers performance on par with highly optimized
handwritten libraries while greatly reducing programming
effort. We believe this work offers a step toward principled
compiler support for asynchronous GPU programming and
can inspire future research on automatically generating high-
performance kernels for next-generation architectures.
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