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Abstract

Serving Large Language Models (LLMs) is critical for Al-
powered applications, yet it demands substantial compu-
tational resources, particularly in memory bandwidth and
computational throughput. Low-precision computation has
emerged as a key technique to improve efficiency while
reducing resource consumption. Existing approaches for
generating low-precision kernels are limited to weight bit
widths that are powers of two and suffer from suboptimal
performance because of high-level GPU programming ab-
stractions. These abstractions restrict critical optimizations,
such as fine-grained register management and optimized
memory access patterns, that are essential for efficient low-
precision computations. In this paper, we introduce Tilus,
a domain-specific language designed for General-Purpose
GPU (GPGPU) computing that supports low-precision data
types with arbitrary bit widths from 1 to 8 while maintaining
GPU programmability. Tilus features a thread-block-level
programming model, a hierarchical memory space, a novel
algebraic layout system, and extensive support for diverse
low-precision data types. Tilus programs are compiled into
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highly efficient GPU programs through automatic vectoriza-
tion and instruction selection. Extensive experiments demon-
strate that Tilus efficiently supports a full spectrum of low-
precision data types, and outperforms state-of-the-art low-
precision kernels. Compared to existing compilers such as
Triton and Ladder, as well as hand-optimized kernels such
as QuantLLM and Marlin, Tilus achieves performance im-
provements of: 1.75%, 2.61x%, 1.29x and 1.03X, respectively.
We open-source Tilus at https://github.com/NVIDIA/tilus.
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1 Introduction

The development of Large Language Models (LLMs) has
revolutionized natural language processing tasks, enabling
advanced capabilities in areas such as text generation [9],
summarization [31], translation [59], and conversational
Al [43]. However, serving LLMs poses substantial compu-
tational challenges due to the large model sizes and high
computational demands. Efficient LLM serving demands in-
novative computational strategies to manage latency and


https://orcid.org/0000-0002-9801-6080
https://orcid.org/0000-0001-5718-3387
https://orcid.org/0009-0000-0914-5669
https://orcid.org/0009-0008-0401-1053
https://orcid.org/0000-0002-5744-3940
https://orcid.org/0000-0002-9298-6254
https://orcid.org/0000-0001-8165-840X
https://orcid.org/0000-0002-3839-0919
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3760250.3762219
https://github.com/NVIDIA/tilus
https://doi.org/10.1145/3760250.3762219
https://doi.org/10.1145/3760250.3762219
https://www.acm.org/publications/policies/artifact-review-and-badging-current

ASPLOS 26, March 22-26, 2026, Pittsburgh, PA, USA

power consumption constraints. As such, optimizing LLM in-
ference has become a priority in both industry and research
to reduce latency and increase throughput of LLM serving.

Quantization [8, 11, 20, 30, 32, 54] has emerged as a lead-
ing method for enhancing the efficiency of LLM serving.
By reducing the bit-width of model parameters and acti-
vations, quantization reduces weight storage, DRAM band-
width usage, and achieves faster computation. For instance,
A16W4 quantization (16-bit activation and 4-bit weight) re-
duces DRAM consumption and throughput by 4x compared
to the A16W16 scheme, thereby reducing the time to gen-
erate a token by about 4x [21]. However, the state-of-the-
art 4-bit quantization methods [8, 11, 32] still suffer from
non-negligible accuracy degradation. While using 5- to 7-
bit quantization can mitigate this accuracy loss [3, 60], the
lack of efficient GPU kernels for these bit widths has hin-
dered their adoption. Generating optimized kernels for these
hardware-unfriendly bit widths (e.g., 3, 5, 6, and 7) remains
an important open problem.

Existing methods for generating computation kernels fall
into two main categories: manually written kernels [21, 60]
and compiler-generated kernels [12, 53, 58]. While manu-
ally written kernels are highly optimized for specific hard-
ware, they are time-consuming and error-prone to develop,
and difficult to generalize to new architectures and evolving
quantization methods. For example, QuantLLM [60] only
supports floating-point quantization for 5- and 6-bit data
types but lacks support for sub-channel quantization granu-
larity. Similarly, Marlin [21] is limited to 4-bit signed integer
quantization and does not support Hopper GPUs [33].

To address these limitations, compiler-based approaches
[12, 53, 58] have been proposed to automate kernel gener-
ation. Among them, Triton [53] simplifies the GPGPU pro-
gramming through a tile-based model. A Triton program
defines the computation of a thread block for tensor tiles.
However, Triton lacks built-in support for low-precision
data types, and thus requires users to implement low-level
bitwise operations manually. Additionally, it does not ex-
pose the full GPU memory hierarchy, limiting optimization
opportunities for low-precision LLM inference. Ladder [58],
on the other hand, extends TVM’s scheduling system [12]
to support low-precision computation but is restricted to
data types with bit widths that are powers of two. Moreover,
its primitives cannot express crucial optimizations such as
software pipelining [26], leading to suboptimal performance,
particularly for batch sizes greater than one during LLM
decoding with continuous batching [63] enabled.

In response to these challenges, we propose Tilus, a tile-
level GPGPU programming language backed by a virtual
machine with dedicated support for low-precision compu-
tation. Tilus abstracts GPU program execution into thread-
block-level instructions, simplifying GPGPU programming
while exposing hierarchical memory spaces for fine-grained
manipulation of sub-tensors in on-chip memory. This dual

282

Yaoyao Ding et al.

approach enables efficient handling of arbitrary-precision
data types while reducing the complexity of GPU program-
ming. To achieve these goals, Tilus introduces: (1) an alge-
braic layout system that specifies how tensor elements
within a tile are distributed across GPU threads. This layout
system provides a unified way to represent the storage of
tile elements among different threads, making it possible to
expose the registers to the kernel developers and simplify
the code generation during compilation. (2) a thread-block-
level programming model with fine-grained memory
management, providing explicit control over data move-
ment, placement, and computation across different levels of
the GPU memory hierarchy; and comprehensive support for
(3) arbitrary low-precision data types including signed
integers, unsigned integers, and floating-point numbers with
bit widths ranging from 1 to 8.

Extensive experiments show that Tilus extends the spec-
trum of efficient low-precision kernels to support arbitrary
bit widths (from 1 to 8) and data type kinds (e.g., integer and
floating-point numbers). At the same time, Tilus outperforms
the state-of-the-art compilers, such as Triton [53] and Lad-
der [58], as well as hand-crafted kernels from QuantLLM [60]
and Marlin [21], achieving performance improvements of:
1.75%, 2.61X%, 1.29% and 1.03X, respectively.

We summarize our key contributions as follows:

e We propose a GPGPU programming language Tilus
with dedicated support for low-precision computation,
addressing the critical bit-width coverage and perfor-
mance gap in existing approaches.

Within Tilus, we introduce a novel layout system, a
thread-block-level programming model with hierar-
chical memory space, and support low-precision data
types with arbitrary bit-width from 1 to 8.

Through extensive evaluation, we demonstrate that
Tilus generates a full spectrum of highly efficient low-
precision kernels, achieving up to 2.6X performance
improvement over state-of-the-art approaches on their
supported kernels.

2 Background
2.1 LLM Serving and Quantization

LLM serving consists of two inference stages: prefill and
decode. The prefill stage processes the input prompt to es-
tablish context, while the decode stage iteratively generates
output tokens based on prior tokens. Key LLM layers include
multi-head attention, feed-forward networks, and layer nor-
malization [56]. Among these, matrix multiplications domi-
nate computation time and memory consumption, making
their optimization crucial for efficient LLM serving. Quanti-
zation [13, 20] improves their efficiency by reducing model
weights and activations to lower-precision formats, such as
8-bit or 4-bit integers. It reduces memory usage, bandwidth
requirements, and inference latency while aiming to preserve
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model accuracy. While 4-bit quantization provides significant
computational savings, state-of-the-art methods [8, 11, 32]
still suffer from accuracy degradation. Increasing precision
to 5-bit, 6-bit, or 7-bit quantization [3, 60] can help preserve
accuracy while maintaining efficiency, but these bit widths
lack optimized GPU support, limiting their adoption. Current
GPU architectures and software stacks primarily optimize
for power-of-two bit widths (e.g., 4-bit and 8-bit), making
arbitrary bit widths computationally inefficient. However,
demand for flexible quantization is growing, as 4-bit can be
too aggressive for some models while 8-bit wastes resources.
Supporting a broader spectrum of bit widths enables bet-
ter accuracy-efficiency trade-offs in LLM serving, driving
the need for new kernel generation techniques that can ef-
ficiently handle non-standard low-precision formats (e.g.,
those with 3, 5, 6, 7 bit widths) on modern GPUs.

2.2 GPGPU Programming

General-Purpose GPU (GPGPU) programming enables par-
allel computation by organizing tasks within a structured
execution and memory hierarchy [37]. The execution hier-
archy begins with the thread, the smallest unit of execution,
which performs instructions independently, using its own
registers and local memory. Threads are grouped into thread
blocks, which enable data sharing through shared memory
and support synchronized execution. A grid consists of mul-
tiple independent thread blocks, enabling large-scale paral-
lelism by organizing thousands or millions of threads. The
GPU memory hierarchy comprises registers, shared memory,
and global memory. Registers provide the fastest and thread-
private storage. Shared memory is accessible by all threads
within a thread block and faster than global memory. Global
memory is accessible across the entire grid with high latency.
This structure allows for highly efficient parallel execution
by leveraging both the execution and memory hierarchies.

2.3 The GPGPU Languages and Compilers

2.3.1 GPGPU Programming Languages. GPGPU pro-
gramming involves various languages and compilers that
balance hardware abstraction with control. Low-level lan-
guages like SASS [42] and CDNAS3 [6] offer direct hardware
access for fine-grained optimizations but require deep archi-
tectural knowledge. Slightly higher in abstraction, NVIDIA’s
PTX [41] serves as an intermediate representation that links
high-level languages like CUDA [40] to GPU-specific instruc-
tions while preserving optimization flexibility. High-level
languages like CUDA [40] and HIP [7] simplify programming
by extending the C programming language. Despite these
languages, GPGPU programming remains complex. It is con-
strained by hardware-specific memory and computation hi-
erarchies and requires workload-specific optimizations. To
address these challenges, researchers have introduced higher-
level languages and compilers, classified into two categories:
tile-oriented compilers, which simplify programming through
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abstractions beyond CUDA [40], and schedule-oriented com-
pilers, which optimize computation-hardware mappings via
declarative scheduling primitives.

2.3.2 Tile-Oriented Compilers. This type of compilers,
such as Graphene [23], Hidet [14], and Triton [53], enables
programmers to write kernels directly, offering abstractions
like tile types or tile-level task/element distribution to sim-
plify the process. Triton [53], for instance, introduces the
tile programming model, where thread block behavior is de-
fined programmatically, and tiles replace scalars as the basic
data type. This approach combines programming simplicity
with high-performance kernel generation, making Triton
widely adopted. However, Triton lacks native support for
low precision data types like uint4. Handling these types
requires manually unpacking sub-byte data from larger stor-
age types (e.g., uint32) [25]. Additionally, Triton does not
expose the GPU memory hierarchy, limiting programmers’
control over data loading and memory scope usage, which
complicates performance optimization for low-precision ker-
nels. These limitations result in inefficient low-precision
kernel execution. Figure 1(a) illustrates the inefficiencies
in Triton-generated low-precision kernels, using a uint4
weight loading pipeline as an example. The process includes
four steps: @ weights are asynchronously copied from global
memory to shared memory using pipelined cp. async instruc-
tions [26]; @ shared memory data is loaded into registers; @
unpacking and casting operations are performed; and @ the
register tensor layout is converted to meet the requirements
of tensor core instructions. Among these, step @ is a major
bottleneck due to the reliance on shared memory for layout
conversion, which incurs significant overhead.

2.3.3 Schedule-Oriented Compilers. Schedule-oriented
compilers decouple computation from scheduling to opti-
mize the computation-to-hardware mappings. Halide [46] pi-
oneered this approach, which was later extended by TVM [12]
and subsequent works [19, 26, 49, 57, 58, 67, 68] in the do-
main of deep learning. Among them, Ladder [58] is the first
one to support low-precision computation by introducing
dedicated primitives to pack low-precision data (e.g., 4-bit
integers) into larger types (e.g., 8-bit integers). However,
Ladder [58] has two limitations. First, it cannot handle non-
power-of-two bit widths efficiently due to type-level packing,
packing low-precision types into storage types. Second, its
primitive-style scheduling prevents optimizations like soft-
ware pipelining [26], resulting in suboptimal performance.
Figure 1 (b) illustrates the weight loading process in Lad-
der’s low-precision kernels. This process includes @ loading
weights from global memory to registers without pipelining;
@ vectorized casting; @ storing the cast results in shared
memory; and finally @ using the ldmatrix instruction to load
weights from shared memory to registers for subsequent ten-
sor core operations. This lack of pipelining between weight
loading and computation significantly hinders performance.
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IScope] dtype[n1, .. .]I Data Loading / Transformation ‘ Bottleneck Operation

IGMEMIUBZ[K, N/s]] IGMEM]is[K, N/2] ]
§ @ 1dg (no pipeline)

’REGSIlS[lG, 4] ]

’GMEM I u8[K/16, N/8, 64] l

@ cp.async (pipelined) o cp.async (pipelined)

ISMEMIU32[16, 2] ] [SMEMIU8[64] ]

@ load shared (lds)

REGS | u32[16, 2]

© vectorized cast

f16[16, 8]
§ O convert layout

IREGSIf16[16, 8] l

Q vectorized cast e load shared (Ids)

|REGsIf1e[16, 8] l IREGSIu8[64] I

© store shared (sts) © reinterpret

lsmem]ﬂs[m, 8] ] IREGSIU4[16, 8] |

@ ldmatrix @ vectorized cast

IREes]fls[ls, 8] l IREGsIfle[m, 8] l

(a) Triton (b) Ladder (c) Ours

Figure 1. The weight loading pipeline of Triton, Ladder,
and our approach. The tensors could be in global memory
(GMEM), shared memory (SMEM), or registers (REGS).

3 System Overview
3.1 Key Ideas

Our work introduces a domain-specific language, Tilus, that
provides fine-grained control over shared memory and reg-
isters, making it possible to program efficient low-precision
deep learning kernels. Tilus supports low-precision data
types with arbitrary bit widths ranging from 1 to 8, enabling
efficient weight loading and computation. Figure 1 (c) shows
the weight loading pipeline of a Tilus program, using uint4
as an example. It begins with @ a pipelined asynchronous
memory copy from global memory to shared memory, fol-
lowed by @ loading the register tensor from shared memory.
Next, it @ reinterprets the register tensor into a different
data type and layout at no cost, before finally @ perform-
ing vectorized casting. This pipeline achieves superior ef-
ficiency compared to the other methods in Figure 1, as it
eliminates layout conversion (unlike Triton [53]) and incor-
porates pipelining (unlike Ladder [58]). More importantly,
our pipeline is generic, making our work the first to seam-
lessly support arbitrary low-precision data types with bit
widths ranging from 1 to 8 bits.

To achieve this efficiency, our design is built on several
key ideas. A GPGPU Virtual Machine: every Tilus pro-
gram is a program for an abstract GPGPU virtual machine
(VM) that contains an instruction set. This decision stems
from the need for greater flexibility in GPU programming.
By abstracting GPU functionalities, such as memory loading
and computation, into instructions, it becomes easier to add
support for new architectural features while keeping sup-
port for older ones. A Thread-Block-Level Programming
Model with Hierarchical Memory Spaces: The underly-
ing VM explicitly exposes the GPU memory hierarchy — in-
cluding registers, shared memory, and global memory — that
existing solutions like Triton [53] abstract away. By grant-
ing programmers fine-grained control over data placement
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and movement, our approach enables memory pipelining
and eliminates unnecessary layout conversions, as shown in
Figure 1. An Algebraic Layout System: we introduce an
algebraic layout system that precisely defines how elements
within a register tensor are distributed among threads. This
structured representation simplifies the construction, analy-
sis, and interpretation of tensor layouts. Notably, it enables
seamless reinterpretation of low-precision register tensors
into standard data types, as demonstrated in Step @ of Fig-
ure 1(c). Native Support for Arbitrary Low-Precision
Data Types: Tilus provides built-in support for a wide range
of low-precision data types, including both signed and un-
signed integers and floating-point numbers with bit widths
from 1 to 8. Supported types include int2 to int8, uint1 to
uint8, and float3 to float8, with arbitrary exponent and
mantissa distribution for floating-point types. These innova-
tions collectively enhance the programmability, efficiency,
and flexibility of low-precision kernel development on mod-
ern GPUs. We chose not to extend Triton [53] because its
programming model inherently abstracts away tensor lay-
outs, making it incompatible with our approach of explicit
layout control. Similarly, Ladder [58] relies on type-level
packing, whereas Tilus employs tile-level reinterpretation,
making the two fundamentally incompatible. The next sec-
tion presents a Tilus-programmed example of low-precision
matrix multiplication.

3.2 An Example of Tilus Program

Figure 2 illustrates a low-precision matrix multiplication in
Tilus. Matrix multiplication is defined as Cyny = Amk X
Bk N, where A and B are float16 (a 16-bit floating-point
number [27]) and int6 (a 6-bit signed integer), respectively.
The kernel performs matrix multiplication with dimensions
M, N, and K, where each thread block computes a BM X BN tile
of the C matrix (Line 1). Therefore, a grid of (M / BM, N / BN)
thread blocks must be launched (Line 2). Inside the kernel, the
BlockIndices instruction retrieves the thread block indices
bi and bj (Line 3), which determine the offset (bi * BM, bj
* BN) for computing the corresponding C tile. Three tensor
views are created for the input and output tensors in global
memory by specifying their addresses and shapes (Line 4-6).
Then, a register tensor of type f16[16, 8] is created with
the following layout:

local(2, 1).spatial(8, 4).local(1l, 2).

It distributes 16 X 8 = 128 elements across 32 threads. Each
thread stores 4 elements (Line 7). This layout is composed of
three primitive layouts (Section 4) and aligns with the C ma-
trix layout used by the mma.m16n8k16 tensor core instruction
in PTX [41]. The reduction loop over the k dimension (Line
8-13) repeatedly loads tiles of A and B from global memory
into registers and accumulates their product. For each itera-
tion, we first load a f16[16, 16] tile from global memory to
register with a LoadGlobal instruction (Line 9). The layout of
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1 const M, N, K, BM, BN,
2 def matmul<M / BM,

BK = 1024, 1024, 1024, 16, 8,

(Type, Variables, Constant,

bj, 0:1)
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16 # M, N, K are matmul sizes while BM, BN, BK are tile sizes
N / BN>(f16* a_ptr, u8* transformed_b_ptr, f16* c_ptr):

# create global tensor views
BK*BN*6/8])

Algebraic Layout System (Section 4)

1).spatial(8, 4).local(1, 2) , init=0.0)

2), offset=[bi * BM:, bk * BK:])
# load sub-tensor from global memory to registers
# reinterpret register tensor

Thread-Block-Level Programming Model with Hierarchical Memory Space (Section 5)

Layout, Instructions, Language Constructs)

(a) The VM Program of Low-Precision Matmul (FP16 x INT6)

3 bi, bj = BlockIndices() # block index
4 ga = ViewGlobal(a_ptr, dtype=f16, shape=[M, K])
5 gb = viewGlobal(transformed_b_ptr, dtype=u8, shape=[K/BK, N/BN,
6 gc = ViewGlobal(c_ptr, dtype=f16, shape=[M, N])
7 acc = AllocateRegister(f32, layout= local(2,
8 for bk in range(K / BK):
9 a = LoadGlobal(ga, layout=column_local(2, 2).spatial(8, 4).local(1,
10 b = LoadGlobal(gh, layout=local(3).spatial(32), offset=[bk,
11 b1l = view(b, dtype=i6, layout=local(2, 1).column_spatial(4, 8).local(2, 1))
12 b2 = cast(bl, dtype=fi6)
13 Dot(a, b2, acc, out=acc) # acc = dot(a, b2) + acc
14 acc = Cast(acc, f16)
15 StoreGlobal(acc, gc, offset=[bi * BM:, bj * BN:])
16 )
Global Tensor Register Tensor
LoadGlobal Dot
A f16[M, K] A f16[16, 16] c f32[16, 8]
column_local(2, 2) .
ST Cspatial(s, 4) local(2, 1).spatial(8, 4).local(1, 2)
.local(1, 2)
iChange Layout
LoadGlobal View Cast
B us[...] B u8[96] B i6[16, 8]

local(3).spatial(32)

Efficient Support for Arbitrary Low-Precision Data Types (Section 6)

Cast & StoreGlobal

local(2, 1).column_spatial(4, 8).local(2, 1)

(b) The Data Flow of Low-Precision Matmul (FP16 x INT6)

b1 = view(b, dtype=i6, layout=...)
b: u8[96]
local(3).spatial(32)
32 threads, each holds 3 uint8 (in total 24 bits)

!

bi: i6[16, 8]
local(2, 1).column_spatial(4, 8).local(2, 1)
32 threads, each holds 4 int6 (in total 24 bits)

c f16[M, K]

Compatible register tensors:

1. Same number of threads

2. Same number of bits per thread
B f16[16, 8]

(c) Register Tensor Reinterpretation

Figure 2. This figure provides a concrete example of how the Tilus is used to implement low-precision matrix multiplication
(FP16 X INT6). Figure (a) illustrates the virtual machine program, highlighting key features such as the algebraic layout system
(Section 4), thread-block-level instructions (Section 6), and efficient low-precision data support. Figure (b) illustrates the
kernel’s data flow, emphasizing tensor movement across the memory hierarchy and intermediate operations such as tensor
reinterpretation and type casting. This similar weight-loading strategy can be applied to arbitrary type widths (Section 7).
Finally, Figure (c) demonstrates register tensor reinterpretation, showing how tensors with compatible bit distributions across
threads (e.g., 24 bits per thread) can be efficiently reinterpreted into different data types and layouts.

the loaded register tile is specified and required by the tensor
core instruction. The offset parameter specifies the position
of the loaded tile within the global tensor. Loading tensor
B, with data type int6, involves a more complex process,
detailed in Section 7. We summarize the high-level ideas
here. As a pre-processing step before launching the kernel,
the weight tensor’s layout in global memory is transformed
from i6[K, N] to u8[K / BK, N / BN, BK x BN * 6 / 8],
enabling efficient loading via the LoadGlobal instruction (the
‘Change Layout’ step in Figure 2 (b)). Next, in the kernel, the
transformed tile is loaded into a register tensor (Line 10) and
then reinterpreted to a tensor with a different data type and
layout (Line 11). This reinterpretation is valid because both
tensors are stored across the same number of threads (32),
with each thread holding exactly 24 bits: 3 X u8 or 4 X i6, as
shown in Figure 2 (c). Following this, the i6 tensor is cast
to an f16 tensor (Line 12), which is then fed to the tensor
core to perform matrix-multiply accumulate (mma) (Line 13).
Finally, the accumulation tensor is cast from f32 to f16 and
stored in global memory (Line 14-15). For simplicity, this pro-
gram does not use shared memory and omits optimizations
like software pipelining [26]. Additionally, each k-iteration
performs only a single tensor core instruction [40].
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The following sections introduce the three core compo-
nents of Tilus. Section 4 introduces an algebraic layout for-
mulation to systematically define how the elements of a tile
are stored in the registers among the block threads. Section 6
introduces the thread-block-level programming model with
a hierarchical memory space exposed explicitly. Section 7
introduces the native support for arbitrary low-precision
data types to address the growing demand for low-precision
computation in deep learning workloads.

4 Algebraic Layout System

Tilus exposes a hierarchical memory space to programmers,
comprising global memory, shared memory, and registers.
We need a way to model the mapping between the logical in-
dex of a tensor element and the location of the corresponding
element in memory for all three memory scopes. Such a map-
ping is usually called the layout of the tensor. Of the memory
scopes, the layout for register tensors is the most compli-
cated. Figure 3 illustrates an example of the layout used by
a tensor core instruction: mma.m16n8k8.f32.f16.f16.f32 D,
A, B, C.It performs the following computation: Digg =
A168Bss + Ci6s where A, B,C, D are tensors stored in thread
registers and distributed across the 32 threads in a warp.
Since the elements are spread across different threads, we
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0 1 2 3 4 5 6 7

The i-th element of thread t

0 [0:0]01 1:0|1:1 |2:o|2:1 |3:0|3:1 | e N
1 [0 [ 21 f } Shape: [16, 8] }
OO0 O , | Threads: 32 |

A 1 ‘LElements in each thread: 4 J
7 (28:0|28:1{29:0|29:1|30:0/30:131:0|31:1f - Tayout(t, 1): 0
8 10203 1:2|1:3[2:2]12:3]3:2(3:3 } # 0 <=t <32 1i<4 }
| p=t/ 4 |

9 | 42|43 ' } qg=t%4 }
| 0 o0 O o row =p+ 8 * (i 7/ 2)1
! ' col =q* 2+ (i%2)]
15|28:2|28:3|29:2|29:3|30:2|30:3|31:2|31:3| | return row, col |

Figure 3. Layout of operand A in a Tensor Core instruction.
The operand, with 16 x 8 elements, is distributed across 32
threads, with each thread storing four elements. The logical
index of each element is determined by a layout function
given the thread index t and the local element index i.

refer to this layout as a distributed layout [53]. Such a layout
can be defined as a function f that maps a thread index ¢ and
a local index i to the logical index f(t,i) of the tensor ele-
ment. For example, the layout in Figure 3 can be represented
as:
f(t,i)=(t/4+i/2x8t%4x2+i%2)!

Here, t ranges from 0 to 31, and i from 0 to 3. The function
f(t,1) represents the logical index of the element stored in
the local element i in thread t.

4.1 Parameterized Primitive Layouts

0:0 | 0:1{0:2| local(2, 3) Local Layout
0:3] 04|05 f(t, i) = (i / 3, i % 3)
0:0| 1:0 | 20 | spatial(2, 3) Spatial Layout
30| 40|50| f(t, i) = (t /3, t % 3)

Figure 4. Two types of primitive layouts: local and spatial.
A local layout stores all tile elements within a single thread,
whereas a spatial layout distributes them across multiple
threads, with each thread holding only a single element.

With the formal definition of layout, we introduce pa-
rameterized primitive layouts that serve as the fundamental
building blocks of our layout algebra. Given a tile’ with
shape (ny, ny), there are two primary ways to store it: (1) to
store all nyn, elements in a single thread, or (2) to distribute
all elements across nin, threads, with each thread holding
a single element. We refer to the first type as local layouts,
denoted as local(n1, n2), and the second as spatial layouts,
denoted as spatial(n1, n2). This concept naturally extends
to tiles with arbitrary dimensions. Figure 4 illustrates these
two primitive layouts. The local(2, 3) layout maps the i-
th local element of thread ¢ to the logical index (i/3,i % 3),
while the spatial(2, 3) layout maps it to (¢/3,t % 3). We

2We use the terms tile and tensor interchangeably.
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observe that the layouts for all common operators in LLMs
can be constructed using these two primitive layouts. In the
next section, we introduce the Kronecker product of layouts
to construct more complex layouts.

4.2 Kronecker Product

The i-th element of thread t a ® b = ¢ Kronecker Product

0:0 00 ot o221 0:0 | 0:2
01 | @[30 31 [40] 41 [50] 51 |o:0 | 0:1 | ® _|o1]oz3
a | b d a e
0:00:1|1:01:1]202:1 a | local(2, 1)
3:0 | 3:1 | 40 | 41| 50 | 51 | | P | spatial(2, 3).local(s, 2)

C | local(2, 1).spatial(2, 3).local(l, 2)
0:2 | 0:3(1:2)1:3]2:2](2:3

d local(1, 2)
32| 33 | 42| 43|52 53 e | local(1, 2).local(2, 1) = column_local(2, 2)

C Layouts

Figure 5. Examples of Kronecker products over layouts. In
the figure, layout (c) is the product of layouts (a) and (b),
while layout (e) is the product of layouts (d) and (a).

The layouts used in modern deep learning workloads, as
well as those defined by hardware instructions, typically
exhibit a hierarchical structure. Consider layout (c) in Fig-
ure 5 as an example. This layout has shape (4, 6), storing
24 elements across 6 threads. Each thread holds four ele-
ments. We denote the four elements stored in each thread as
ao, a1, az, as. Comparing its first two rows with the last two,
we observe a similar structure, except that the last two rows
store elements in a, and a3 instead of ay and a;. To model
this structural invariance, layout (c) can be viewed as a Kro-
necker product of layouts (a) and (b), with each element in
layout (a) representing a tile with layout (b). Indeed, layouts
(a) and (b) can be multiplied to represent layout (c):

c(t,i) =a(t/6,i/2) ©(2,6) + b(t % 6,i % 2),

where 0 < t < 6,0 < i < 4, ® denotes the element-wise
product, and (2, 6) represents the shape of layout (c). The
Kronecker product can be generalized. Given two layouts f
and g with the same number of dimensions, we define their
Kronecker product, h = f ® g as

h(t,i) = f(t/T,i/Ng) © Sg + g(t % Ty, i % Ny),

where Ty, Ny, S, represent the number of threads, the num-
ber of local elements per thread, and the shape of layout
g, respectively. We can prove that this operation is asso-
ciative, meaning that for any three layouts f, g, and h, the
equality f ® (¢ ® h) = (f ® g) ® h holds. However, the
operation is not commutative, meaning that, in general,
f ®g+# gQ® f. Spatial and local layouts follow a row-major
ordering for threads and local elements, respectively. Us-
ing this operation, we can construct their column-major
counterparts, column_spatial(...) and column_local(...),
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as demonstrated by layout (e) in Figure 5. Returning to the
tensor core instruction layout in Figure 3, it can be expressed
as a Kronecker product local(2, 1).spatial(8, 4).local(1,
2). We can also define its inverse operation. If h = f ® g, we
define f = h/g as the result of dividing layout h by layout
g. For example, dividing local(2, 4) by local(1, 2) results
in local(2, 2). We also refer to the Kronecker product as
layout composition in some contexts.

5 Unified Layout Representation

Logical Index Layout (
shape=[64, 64]

mode_shape=[4, 2, 8, 8, 4, 2]

[i, 31

shape = [64, 64]

mode_shape = [4, 2, 8, 8, 4, 2] spatial _modes=[2, 4]
o [i0, i1, i2] = unravel(i, [4, 2, 8]) local_modes=[0, 3, 1, 5]
[jo, j1, j2] = unravel(j, [8, 4, 2]) |)
[i0, i1, i2, jO, j1, j2]
spatial_modes = [2, 4] 9 local_modes = [0, 3, 1, 5]
[i2, 31] [io, jo, i1, j2]

e l mode_shape = [4, 2, 8, 8, 4, 2]1

ravel([i2, j1], [8, 4]) ravel([iO, jo, i1, j2], [4, 8, 2, 2])

Thread Index Local Index

Figure 6. Example of the unified layout representation.

We use a unified representation for all layouts of reg-
ister tensors in Tilus. This representation gives each lay-
out four attributes: shape, mode_shape, spatial_modes, and
local_modes. The shape is a sequence of integers that de-
fines the shape of the register tensor. We can split each di-
mension of the register tensor into some sub-dimensions
(we call them mode following prior work [23]) and con-
catenate these sub-dimensions to get the mode_shape. Then
we use spatial_modes and local_modes to specify the sub-
dimensions assigned to spatial threads and to the local stor-
age of each thread. The dimension split-distribute-merge
method uniquely defines a register layout.

Figure 6 shows an example of a layout and how we map
the logical index of a register tensor element to the pair
of thread_index and local_index. There are three steps: 1)
split dimensions, 2) distribute sub-dimensions; and 3) merge
sub-dimensions. Given a logical index [i, jI, we first @
split each index into the indices of its sub-dimensions (i.e.,
[io, i1, i2]for i and [jo, j1, j2] for j) with the unravel
operation. After that, we @ distribute the sub-dimension
indices to get the indices for spatial threads (i.e., [12, j1])
and local storage ([i0, jo, i1, j2]).Finally, we @ convert
the multi-dimensional indices for threads and local storage
into linear index to get the thread index and local index. The
ravel and unravel functions are used to convert between
multi-dimensional index in a grid with given shape and its
row-major linear index. For example: unravel(i, [4, 2, 81)
=[i /16, i /8 %2, i % 8], and ravel([i2, j11, [8,
41) = i2 % 4 + j1.
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The layouts represented in this form are closed under the
Kronecker product, meaning that the product result of two
layouts in this form can also be represented in this form.

6 Thread-Block-Level Programming Model

Modern GPU programming models, such as PTX [41] and
CUDA [40], define operations at the thread level, following
the Single-Instruction-Multiple-Thread (SIMT) paradigm [1].
To simplify GPU programming, we adopt the thread-block-
level programming model, defining operations at the granu-
larity of thread blocks rather than individual threads. Addi-
tionally, building on the layout system introduced previously,
we propose explicitly exposing the hierarchical memory
structure in modern GPUs, enabling fine-grained memory
control while reducing programming complexity. We refer
to this model as Single-Instruction-Multiple-Block (SIMB).
In this section, we will introduce the type system, program
structure, and instruction set of Tilus.

6.1 State Space and Type System

Tilus supports three variable types. Scalar variables store
individual values, such as integers (e.g., int32) or floating-
point numbers (e.g., float16). Pointer variables store memory
addresses rather than direct data values. Tensor variables
represent multi-dimensional arrays, with types that specify
their shape, element type, memory scope, and layout. Tensors
reside in different memory scopes, including global memory,
shared memory, and registers. The tensor layout determines
how high-dimensional tensor elements are mapped to linear
memory. All variables in Tilus operate at the thread-block
level, meaning that all threads within a block collaboratively
allocate and maintain their state.

6.2 Program Structure and Control Flow

Figure 7 illustrates the structure of a Tilus program. Each
program consists of a program name, a grid shape, a list of
parameters, and a program body. The grid shape is specified
as a list of expressions enclosed in <...>, where each ex-
pression is either a positive integer or an integer expression
based on the program parameters. If the grid shape contains
parameter-based expressions, its dimensions are determined
at runtime based on the program’s launch arguments. The
program body consists of a sequence of statements, including
if-else statements, range-based for-loops, and while-loops.
Unlike other low-level virtual machines [41] or instruction
set architectures (ISAs) [42], our virtual machine does not
abstract control-flow statements into jump instructions. In-
stead, it retains high-level control structures to improve read-
ability and ease of programming for human developers. In
addition to control-flow statements, individual instructions
can also serve as statements. Most of Tilus’s functionality is
implemented as instructions within its instruction set.
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Table 1. The thread-block-level instruction set of Tilus’s virtual machine. Each instruction specifies an operation applied to
the entire thread block. Parameters enclosed in [. . .] are optional. Instructions that return a new register tensor also have an
in-place variant, which writes the result to an existing register tensor using the out parameter instead of creating a new tensor.

Category

Instruction

Semantics

Indexing

indices = BlockIndices()

Get the indices of the current thread block in the grid.

Tensor Creation

global_tensor = AllocateGlobal(dtype, shape, [layout])
shared_tensor = AllocateShared(dtype, shape, [layout])

register_tensor = AllocateRegister(dtype, shape, [layout])

global_tensor = ViewGlobal(ptr, [dtype], shape, [layout])

Allocate a tensor in global memory with the given data type, shape, and optional layout.
Allocate a tensor in shared memory with the given data type, shape, and optional layout.
Allocate a tensor in registers with the given data type, shape, optional layout and init value.

Create a tensor view in global memory given the pointer, data type, shape, and layout.

Tensor
Transferring

register_tensor = LoadGlobal(global tensor, layout, offset)

register_tensor = LoadShared(shared_tensor, layout, offset)

StoreGlobal(register_tensor, global tensor, offset)
StoreShared(register_tensor, shared_tensor, offset)
CopyAsync(shared_tensor, global_tensor)

CopyAsyncCommitGroup(), CopyAsyncWaitGroup(n)

Load a tensor from global memory to register, given the layout and offset.
Load a tensor from shared memory to register, given the layout and offset.
Store a register tensor in the global tensor at the given offset.

Store a register tensor in the shared tensor at the given offset.

Issue an asynchronous copy task from global tensor to shared tensor.

Commit CopyAsync instructions as a group, or wait until there are only n ongoing groups.

Register Tensor

c = {Add, Sub, Mul, Div, Mod}(a, b); b = Neg(a)

b = Cast(a, dtype)

Arithmetic operations.

Cast a register tensor from one data type to another without changing the layout.

Computation , = view(a, [dtype], [layout]) Reinterpret a register tensor with another data type and layout at no cost.
d = Dot(a, b, c) Compute the dot product: d = dot(a, b) + c.
Control synchronize(), Exit() Synchronize or exit the thread block execution.
Debug pPrint(tensor) Print a tensor to standard output.

def program<expr[, expr]*>(type name[, type name]*):

statement
=
{int, uint}{8, 16, 32, 64}
float{16, 32, 64}, bfloat16, tfloat32
(low-precision types are discussed later)
type <

[type*, void* ]

tensor(scope, type, shape, layout)

L (scope: register, shared, global)
( if expr: for 1 in range(expr):
statement statement
else: =Tl
statement while expr:
statement < [ statement
statement
statement [break

[instruction

\
instruction <:[[vars =] thread-block-inst(args)
;
var
constant
{~ 1, -} expr
expr < |expr {&&, ||} expr
expr {+, -, *, /, % & |, "} expr
expr {==, '=, <, >, <=, >=} expr

|
J
] [continue ]
]

expr if expr else expr

Figure 7. A Tilus program contains parameters and a body.
The body is a list of control-flow statements or block-level
instructions. The majority of functionality, such as tensor
allocation and computation, is provided by instructions.

6.3 Thread-Block-Level Instruction Set

Each instruction in the Tilus’s instruction set operates at
the thread-block level rather than the thread level. Table 1
shows a list of the instructions in the instruction set, with the

signature of each instruction and a brief description of the
instruction semantics. These instructions allocate tensors
with specific data types, shapes, and layouts in designated
memory spaces (e.g., global memory, shared memory, regis-
ters), transfer tensors between memory spaces, and perform
computations or transformations on register tensors. The
execution model of modern GPUs allows different warps to
execute different instructions at the same time. Similarly,
the execution of instructions in Tilus exhibits this behav-
ior: certain subsequent instructions may begin execution
before the current instruction completes, resulting in multi-
ple block-level instructions being in-flight simultaneously.
Generally, this behavior does not pose significant issues.
However, an exception occurs when two instructions access
the same region of shared or global memory, and the second
instruction depends on the completion of the first. In such
cases, a Synchronize instruction must be inserted to ensure
all preceding instructions complete before subsequent ones
execute. Instructions like Print are used for debugging.

7 Arbitrary Low-Precision Data Types

Modern processors use bytes (8 bits each) as the smallest
processing unit. As a result, standard data types in modern
programming languages typically have bit widths that are
multiples of 8. However, the high computational and mem-
ory demands of LLMs make low-precision data types with
less than 8 bits essential for reducing resource consump-
tion. This section describes how Tilus efficiently supports
low-precision data types with bit width from 1 to 8.
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7.1 Storage of Low-Precision Data

b: int5[3]

Low-Precision Variables

Al uint8 B uint8[2]

Storage Variables in Implemention

a: ints

a b[2] b[1] b[0]

A MSB B[1] B[O] LSB
(a) Storage of Low-Precision Numbers

[A = (B[0] & 0b11100000) >> 5 | (B[1] & 0b00000011) << 3 J

(b) Implementation of Loading: a = b[1]

(A & 0b00011000) >> 3 | (B[1] & 0b11111100)

B[0] = (A & 0b00000111) << 5 | (B[0] & 0b00011111) }

(c) Implementation of Storing: b[1] = a

Figure 8. Compact storage and access of low-precision data.
Figure (a) illustrates the use of the uint8 type to store low-
precision data, where some elements may span two consec-
utive bytes. Figure (b—c) illustrate the implementation of
loading and storing low-precision elements.

Since modern processors, including CPUs and GPUs, use
bytes as the smallest unit for memory access and compu-
tation, we store low-precision data (fewer than 8 bits per
element) compactly within bytes, as shown in Figure 8. Com-
pact storage eliminates bit gaps between consecutive low-
precision values, which may result in a single value spanning
two uint8 entries (e.g., b[1] in Figure 8). Bitwise operations
are employed to extract, manipulate, and store low-precision
values within packed byte arrays. To load a low-precision
value, we first extract relevant bits using bitwise AND, ad-
just their position with bitwise SHIFT operations, and finally
combine separated parts using bitwise OR if the value spans
multiple bytes. Similarly, to store a low-precision value, we
first clear the target bit positions using a bitwise mask, then
insert the new value using bitwise OR while preserving the
other bits. Low-precision data is cast to standard data types
before arithmetic computations and is cast back afterward.
While these methods enable support for arbitrary bit-width
data types, they are often inefficient. They serve only as a fall-
back mechanism. More efficient handling of low-precision
data is necessary for LLM serving.

7.2 Efficient Low-Precision Support in LLMs

Low-precision kernels in LLMs typically follow two steps
before computation: (1) loading weights into on-chip mem-
ory (registers or shared memory) from global memory, and
(2) casting and de-quantizing low-precision weights to high-
precision (e.g., float16). Efficient memory loading and cast-
ing are thus critical for performance. Efficient Low-Precision
Weight Loading. With the low-precision support as dis-
cussed in the previous subsection, we can use the LoadGlobal
instruction to load low-precision tensors. However, directly
loading in this way is inefficient due to multiple bitwise
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1 const M, N, K, BM, BN, BK = 1024, 1024, 1024, 16, 8, 16
2 def transform_b<K / BK, N / BN>(

3 i6* b_ptr, u8* transformed_b_ptr

4 ):

5 bk, bj = BlockIndices()

6 b_in = ViewGlobal(b_ptr, dtype=i6, shape=[K, NJ])

7 b_out = ViewGlobal(transformed_b_ptr, dtype=u8,

8 shape=[K / BK, N / BN, BK * BN * 6 / 8]

9 )

10 # the register tensor b is stored in 32 threads, each
11 # thread holds 4 int6 elements (in total 24 bits)
12 b = LoadGlobal(b_in,

13 layout=column(2, 2).spatial(8, 4).local(1, 2),
14 offset=[bk*BK:, bj*BM:]

15 )

16 # reinterpret the tensor with uint8 data type and a
17 # new layout. The 24 bits held by each thread will
18 # be reinterpreted into 3 uint8 elements.

19 b = view(b, dtype=u8, layout=local(3).spatial(32))
20 StoreGlobal(b, b_out, offset=[bk, bj, 0:])

21 )

Figure 9. Program to rearrange tensor B with data type int6,
used in the "Change Layout" step of Figure 2 (b).

operations and non-coalesced memory accesses [40]. To ad-
dress this, we transform the weight tensor layout in global
memory to facilitate more efficient loading. Without trans-
formation, loading a register tensor with dtype i6 and layout
local(2, 1).column_spatial(4, 8).local(2, 1) resultsin
non-contiguous memory accesses, causing multiple memory
access transactions [40]. Moreover, extracting low-precision
bits requires additional bitwise operations. To optimize this,
we identify a compatible tensor type with dtype uint8 and
layout local(3).spatial(32), which retains the number of
threads and thread local elements, while enabling efficient
memory loading. As illustrated in Figure 9, we partition
the weight tensor [K, N] into tiles of shape [BK, BN]. Each
tile is reinterpreted from i6[BK, BN] to u8[BK * BN % 6 /
81 (Line 19) and stored contiguously (Line 20). This allows us
to load tiles efficiently using the hardware-friendly instruc-
tions in Figure 2 (Line 10, 11), while also enabling pipelined
asynchronous memory transfers like standard data types and
avoiding any layout conversion that relies on shared memory.
This method generalizes to loading any low-precision tensor
with arbitrary layout. More formally, given a tensor with n
bytes per thread and T threads, we reinterpret it using dtype
uint8 and layout local(n2).spatial(T).local(n1), where
ny = ged(n, 16) and n, = n/ged(ny, 16)°.

Efficient Casting. After loading, weights must be cast from
low-precision to high-precision (e.g., float16) for compu-
tation, especially if hardware lacks native support for the
given low-precision format. We leverage target-specific in-
structions for efficient vectorized casting. On CUDA, we use
the PRMT (permute bytes in a 32-bit register), LOP3 (arbitrary
logical operation on three inputs), and bitwise instructions
to execute casting with minimal overhead, as all operations
are performed within registers and do not require any com-
munication between threads.

3gcd(a, b) represents the greatest common divisor of a and b
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8 Implementation

Tilus comprises five main components: a domain specific
language (DSL) in Python, an intermediate representation
(IR), optimization passes, a code generator, and a runtime
system. The DSL enables developers to write Tilus programs
in Python, which are then translated into the VM’s IR for
further processing. Optimization passes refine the IR by elim-
inating redundancies and simplifying arithmetic expressions.
The code generator translates the optimized IR into Hidet
IR [14], a CUDA C-like intermediate representation. Sub-
sequently, we apply the transformations from Section 7 to
implement low-precision operations using standard preci-
sion types while preserving original semantics. The final
CUDA C code is generated from Hidet IR and compiled into
a hardware binary using the nvce compiler [40]. The runtime
system manages dynamically loaded binaries and provides
the execution environment. The entire system consists of
approximately 35K lines of Python and C++ code.

8.1 Program Compilation and Runtime

Tilus provides a user-friendly interface that allows program-
mers to write Tilus programs directly in Python, simplifying
the integration of produced kernels with the rich deep learn-
ing ecosystem. Given a program, we take several steps to
compile it to GPU executable code.

Step 1: Global and Shared Memory Planning Each GPU
kernel can use a shared memory space of a size determined
at launch-time. To simplify GPU programming, we allow the
users to allocate shared memory multiple times in the pro-
gram on demand. Thus, we need a shared memory planner
to calculate the size of shared memory the Tilus program
needs, and map the shared tensor to one region of the ker-
nel’s shared memory space. Similar to shared memory plan-
ning, we also require a global memory planner to manage
the allocation of global memory shared by all thread blocks.
We request Tilus’s runtime system to allocate a workspace
in global memory, enabling the kernel to use this workspace
via the AllocateGlobal instruction during its execution.
Step 2: Code Emitting for Each Instruction. We emit
low-level GPU code for each Tilus instruction sequentially.
In our implementation, we use the Hidet IR [14] to represent
the low-level GPU code. During this process, we perform
instruction selection to choose the most efficient low-level
instructions where feasible. For example, we use 1ds PTX
instruction [41] to load the data from shared memory to
register. However, a more efficient PTX instruction ldmatrix
could also be used if the layout of the loaded register tensor
is compatible with the layout spatial(8, 4).repeat(1, 4),
which means it can be divided properly by the latter. Be-
sides, we also perform automatic vectorization for memory
loading and storing instructions. For example, we use vector-
ized instructions, such as cp.async.v4, 1ds128, and 1dg128,
to maximize memory access efficiency.
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Step 3: Lowering Low-Precision Data Types. After we
emit thread-block-level instructions to the low-level IR, we
will apply the passes that implement the the rules discussed
in Section 7.1 to transform all low-precision operations in
the low-level IR to corresponding operations on hardware-
friendly types. In most cases, only the vectorized type cast-
ing from low-precision type to standard type (e.g., float16)
will be applied since the memory loading of low-precision
data will be replaced by standard types thanks to our layout
formalization and register tensor reinterpretation. Subse-
quently, we generate CUDA code (for NVIDIA GPUs) from
the low-level IR and then use the nvce compiler to produce
the hardware binary that can be dynamically loaded.

Step 4: Loading by Runtime System. The compiled binary
is dynamically loaded by the Tilus’s runtime system. The run-
time system also maintains internal states to serve the kernel
execution: 1) a workspace memory allocated on-demand,
which compiled kernels can request via AllocateGlobal in-
struction; 2) an execution context that stores the CUDA
stream on which the kernel are launched; and 3) the ker-
nels cached in memory to avoid unnecessary recompilation.

9 Evaluation
9.1 Experimental Setup

Workloads. We benchmark three representative LLMs with
varying model sizes: Gemma-2-9B [52], QWen2.5-32B [62],
and Llama-3.3-70B-Instruct [22]. Both the prefill and decode
stages are evaluated. For operator-level analysis, we focus on
matrix multiplication kernels extracted from these models.
Tilus supports all kernels supported by Triton in principle,
but we focus on quantized matmul in this work.

Baselines. We compare our approach, Tilus, against the ven-
dor library cuBLAS [39], state-of-the-art DL compilers Tri-
ton [53] and Ladder [58], and hand-crafted kernels QuantLLM
[60] and Marlin [21]. Auto-tuning for Triton [53] and Lad-
der [58] was enabled, while QuantLLM [60] used its heuristic
policy to select kernel hyperparameters. For end-to-end eval-
uations, we integrate our quantized kernels into the state-
of-the-art LLM serving framework vLLM [29] and compare
them against vLLM [29] and Ladder [58] in end to end execu-
tion. The specific versions of the tools are: vVLLM v@.5. 3, Tri-
ton v3.1.0, bitblas v@.0.1.dev15 (Ladder), QuantLLM with
commit 9802c5a, and Marlin vo.1.1.

Hardware Configuration. Experiments were primarily
conducted on a server equipped with an NVIDIA L40S GPU
(48 GiB), with GPU driver 565.57.01 and CUDA Toolkit
12.6.3. Benchmarks were also performed on NVIDIA A100
and H100 GPUs to demonstrate the general applicability of
our approach across different hardware platforms.
Experimental Protocol. For operator experiments, each
kernel was executed 50 times, while for model experiments,
each model was executed 10 times. In both cases, latency was
measured using CUDA Events [40], and the median latency
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Figure 10. Speedup of low-precision kernels in Triton, QuantLLM, Ladder, and Tilus (Ours) compared against the standard
half-precision kernel from cuBLAS. Benchmarked data types include uint8 (u8), f6e3m2 (f6), int4 (i4), uint4 (u4), uint2 (u2),
and uint1 (ul). Each workload (BS-N-K) corresponds to a matrix multiplication in Llama-3.3-70B, with batch sizes 1 and 16.

was reported. To eliminate artifacts from consecutive runs,
the L2 cache was cleared before each execution.

9.2 Performance of Low-Precision Kernels

A single virtual machine program template is implemented
to support matrix multiplication with all quantized types,
taking tile sizes as tunable hyperparameters. We denote
the performance of this auto-tuned program as Tilus in the
evaluation. Figure 10 compares the speedup of Triton [53],
Ladder [58], QuantLLM [60], Marlin [21], and Tilus (ours)
against cuBLAS [39] for various low-precision matrix mul-
tiplications: uint8 (u8), float6_e3m2 (f6), uint4 (u4), int4
(i4), uint2 (u2), and uint1 (ul). While each baseline sup-
ports a limited set of quantized data types, Tilus consistently
achieves speedups across all cases. For small batch sizes, the
primary bottleneck is loading weights from global memory
to registers for computation on SIMT or Tensor Cores. Tri-
ton struggles here due to costly layout conversions after
weights are loaded into registers. Although changing layout
in global memory could mitigate this, Triton’s programming
model lacks explicit layout control, making such optimiza-
tions infeasible. Ladder improves upon Triton by modifying
data layouts in global memory, avoiding redundant conver-
sions. However, it lacks critical optimizations such as soft-
ware pipelining [26, 38], and its type-level packing limits
efficient support for arbitrary bit widths, leading to under-
utilized memory bandwidth. Expert-crafted kernels from
QuantLLM [60] and Marlin [21] are optimized for specific
quantization schemes but lack flexibility and maintainability.
In contrast, Tilus consistently outperforms all baselines using
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a single parameterized Tilus program template, which effi-
ciently supports a full range of quantization types through a
well-abstracted programming model.

9.3 Arbitrary Data Type Support

8x
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Figure 11. Speedup of quantized matrix multiplication com-
pared against the cuBLAS FP16 kernel. A full spectrum of
quantized data types is evaluated.

Tilus supports low-precision matrix multiplications of
the form matmul (A, B), where operand A can have data
types with 32, 16, or 8 bits, and weight B supports a wide
range of bit widths, from 32 bits down to 1 bit. Standard data
types such as float32, float16, and int8 are supported,
along with customized low-precision types with fewer than
8 bits, which include signed integers, unsigned integers, and
floating-point formats with arbitrary exponent and man-
tissa distributions. Leveraging the algebraic layout system
(Section 4 and 7.2), Tilus enables efficient memory access for
low-precision data. Figure 11 illustrates the speedup achieved
for the full spectrum of quantized weight data types: uint1
to uints, int2 to int8, and float3 to float8. Representative
exponent-mantissa distribution of floating-point data types
such as e4m3, e3m3, e3m2, e2m2, e2m1, and e1m1 are chosen.
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Each row represents the type kind (e.g., unsigned integer,
signed integer or floating data type) while each column repre-
sents the bit width. Using matrix multiplication dimensions
of BS=16, K=8192, and N=57344 the results demonstrate sub-
stantial speedups. These findings validate Tilus’s effective-
ness in supporting arbitrary low-precision types with high
efficiency, making it a robust solution for low-precision com-
putations in modern GPUs. Notably, all kernels are generated
from the same program template by parameterizing tile sizes,
which limits the required programming effort. There are
around 200 configurations per operator, and it takes around
one minute to compile. We used float16 as the activation
data type in the experiment and we also support bfloat16
and int8.

9.4 End-to-End Performance
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Figure 12. End-to-end performance across representative
LLMs. The first two columns correspond to the decode stage
with 1 and 16 tokens, respectively, while the third column

shows latency for the prefill stage with 2048 prompt tokens.

We evaluated the end-to-end performance of representa-
tive LLMs: Gemma-2-9B [52], QWen-2.5-32B [62], and Llama-
3.3-70B [22], across both prefill and decode stages. The prefill
stage processes all prompt tokens at once, generating the
kv-cache for subsequent token generation. The decode stage
then iteratively generates one token at a time. Prefill latency
determines the time-to-first-token (TTFT), while decode la-
tency impacts the speed of subsequent token generation.
Both stages are critical for optimizing user experience and
system utilization. Contiguous batching [29, 63] was used to
efficiently batch multiple decode requests. Figure 12 shows
the latency of both stages across these models. Our method
consistently outperforms Ladder [58], particularly in the de-
code stage for batch sizes greater than one (middle column of
Figure 12). Analysis of Ladder’s generated kernels revealed
suboptimal use of CUDA Cores for 1-15 tokens and Tensor
Cores for 16 or more tokens, as key optimizations like soft-
ware pipelining [26] and k-dimension parallelization [44]
were not implemented, leading to poor performance. For the
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prefill stage, quantized weights are decoded to float16, and
computations are performed using standard f16xf16 matrix
multiplication kernels, as computation becomes the bottle-
neck at this stage. Our efficient handling of quantized weight
layouts ensures minimal overhead for decoding, contributing
to the superior performance observed.

9.5 Case Studies
[ vLLM [ Ladder [ Tilus (Ours)

Decode, Tokens=1 Decode, Tokens=16 Prefill, Tokens=2048
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Figure 13. End-to-end performance of the QWen2.5-30B
model across NVIDIA A100, L40S, and H100 GPUs. The
weight data types for vLLM, Ladder, and Tilus are float16,
uint4, and uint4, respectively. OOM indicates out-of-
memory error, and ERR indicates a runtime error.

9.5.1 Speedup over Different Hardware. We evaluate
the end-to-end performance of the QWen2.5-30B model on
NVIDIA A100, L40S, and H100 GPUs, which correspond to
the Ampere, Ada Lovelace, and Hopper architectures, re-
spectively. Figure 13 presents a performance comparison of
vLLM [29] (float16), Ladder [58] (uint4), and Tilus (uint4,
ours) across the decode and prefill stages. On the Hopper
architecture (H100), Ladder is unable to generate valid ker-
nels, leading to a CUDA error (‘an illegal instruction was
encountered’), which we denote as ERR in the figure. On the
L40S GPU, vLLM [29] exceeds the available 48 GiB DRAM ca-
pacity, leading to out-of-memory (OOM) errors. In all other
configurations, Tilus consistently outperforms Ladder across
all GPUs and both processing stages, highlighting its robust
performance and adaptability across architectures.
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Figure 14. Speedup of quantized matmuls across different
batch sizes from both prefill and decode stages.
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9.5.2 Speedup over Different Batch Sizes. We analyze
the relationship between speedup and batch size by bench-
marking matrix multiplication performance under different
batch sizes. For the decode stage, we evaluate batch sizes of
1, 4, 8, and 16, while for the prefill stage, we use batch sizes
of 4096, 8192, and 12,288. The batch size corresponds to the
number of tokens processed in one step. In the prefill stage,
it equals the sum of sequence length of all requests, while in
decode stage, it equals to the number of requests since each
request only generates one token each time. Experiments
are conducted on Llama-3.3-70B-Instruct [22] model with
quantized data types float6_e3m2 (f6) and uint4 (u4), using
k = 8192 and n = 57344. As shown in Figure 14, Tilus consis-
tently outperforms baselines across all batch sizes that are
used in both decode and prefill stages of LLM serving.

10 Related Work

Many deep learning compilers adopt loop-oriented sched-
uling [12, 46] and build auto-tuning frameworks on top of
it [2, 4, 19, 49, 55, 57, 58, 61, 66—69]. In contrast, Tilus em-
ploys a procedure-oriented approach that better models GPU
hardware, improving programmability and flexibility. Be-
yond loop-oriented scheduling, tensor programs are often
optimized using vendor libraries (e.g., cuBLAS [39]), pre-
defined templates for efficient matrix multiplication [38],
hardware-aware tiling strategies [71], and domain-specific
compilers for linear algebra [48]. While these methods pri-
oritize performance, they lack extensibility for arbitrary
low-precision data types. Other research focuses on opti-
mizing irregular or ragged tensor programs [17, 51], opera-
tor fusion [65, 70], dynamic shape handling [16, 50, 66, 72],
and scheduling independent operators [15, 28, 34]. Prior
works [18, 35, 45, 64] endeavor to support quantization with
arbitrary bit-width by independently processing different
bits. However, these methods are primarily limited to integer
quantization and often exhibit suboptimal execution perfor-
mance. PartIR [5] also introduces a layout system for tiles;
however, its abstraction level is higher than Tilus’s, and it
does not detail the assignment of tile elements to threads.
ExTensor [24] and FuseMax [36] leverage einsum to define
computations, implicitly determining memory access pat-
terns. Nevertheless, they do not specify how tile elements are
distributed among GPU threads. Tilus can also accommodate
codebook quantization, such as LCQ [10], to facilitate low-
precision computation through the addition of a new lookup
instruction. Microscaling data types [47] can be thought as
a more fine-grained quantization thus we could also support
it. These techniques are complementary to our focus on ef-
ficient low-precision computation. Triton [53] introduces a
tile-based programming model. However, it lacks explicit
support for low-precision data types and does not expose
the GPU memory hierarchy, limiting optimization opportu-
nities. Similarly, Hidet [14], which serves as our backend,
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does not provide built-in support for low-precision types.
Graphene [23] presents an intermediate representation (IR)
with a layout representation. Unlike Graphene’s focus on
strides and computation, our algebraic layout system em-
phasizes hierarchical organization. In fact, we can express
Graphene’s layout representation as a primitive component
within our system.

11 Conclusion

We introduced Tilus, a tile-level GPGPU programming lan-
guage designed to expose shared memory and registers to de-
velopers, which enables the creation of efficient low-precision
kernels for LLM serving. Tilus features an algebraic layout
system for managing tensor distribution across threads, a
thread-block-level programming model with fine-grained
memory management, and comprehensive support for sub-
byte data types, enabling arbitrary precision from 1 to 8
bits. Our experimental results demonstrate substantial per-
formance gains over state-of-the-art approaches, showcas-
ing the flexibility and scalability of our method. This work
establishes a foundation for efficient and extensible LLM in-
ference, paving the way for future optimizations in emerging
hardware, advanced quantization techniques, and diverse
low-precision formats.
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Appendix
A Artifact Appendix
A.1 Abstract

We provide artifacts to reproduce all experimental results
discussed in the evaluation section. These artifacts include
the compiler implementation, kernels in our domain-specific
languages, and scripts for running experiments and plotting
figures. To simplify reproduction, all necessary dependencies
are packaged within a Docker image. A Dockerfile is also
included to demonstrate the image building process. We
do not provide the models directly; instead, they and their
metadata will be automatically downloaded from Hugging
Face Hub when the experiment scripts are launched.
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A.2 Artifact check-list (meta-information)

Model: Gemma, Llama, Qwen

Run-time environment: Linux, CUDA

Hardware: NVIDIA L40s

Metrics: Latency (ms), Speedup

Output: Efficient kernels, Numerical results

Experiments: Automated scripts in docker

How much disk space required (approximately)?: 25

GiB

e How much time is needed to prepare workflow (ap-
proximately)?: 10 minutes

e How much time is needed to complete experiments

(approximately)?: 3 hours

Publicly available?: Yes

Code licenses (if publicly available)?: Apache 2.0

Workflow automation framework used?: Docker

Archived (provide DOI)?:

https://doi.org/10.5281/zenodo.16756859

A3

A.3.1 How to access. We have open-sourced our artifacts
at https://github.com/yaoyaoding/tilus-artifacts. To pull the
Docker image and perform experiments, follow the guide
in the README . md file. The code itself is several megabytes,
while the Docker image is approximately 21 GiB. We only
fetch model meta-information (e.g., number of layers, layer
size) from Hugging Face Hub, and dummy weights are used;
therefore, the models do not consume significant disk space.

Description

A.3.2 Hardware dependencies. Our experiments were
primarily conducted on NVIDIA L40s. To perform a hardware
ablation study, we also ran some experiments on NVIDIA
A100 and NVIDIA H100. Any NVIDIA GPU with compute ca-
pability > 8.0 should be able to run our artifacts and observe
speedup, though the specific numbers might vary slightly.

A.3.3 Software dependencies. We provide a Docker im-
age with all software dependencies pre-installed. Therefore,
only the following software is required:

e NVIDIA GPU driver > 565.57.01
e NVIDIA container toolkit
e Docker

We have the following packages pre-installed:

e PyTorch v2.5.1

e Tritonv3.1.0

e BitBLAS v0.0.1.dev15
e Marlin ve.1.1

e vVLLM 0.7.3

A.3.4 Data sets. We use dummy inputs and weights be-
cause we are solely focused on system performance, which
is independent of the input and weight content.
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A.3.5 Models. The artifact uses three models for end-to-
end evaluation: Gemma-2-9B, QWen-2.5-32B, and Llama-3.3-
70B. The meta-information of these models will be automat-
ically fetched from Hugging Face Hub (some may require a
Hugging Face token).

A.4 Installation
First, clone the artifact Git repository:

git clone https://github.com/yaoyaoding/tilus-artifacts.git tilus

Then, install Docker and the NVIDIA Container Toolkit by
following the README.md in the artifact.

A.5 Experiment workflow
All experiments can be executed with:
bash run.sh

This command will create a Docker container and sequen-
tially run all experiments within it.

A.6 Evaluation and expected results

Upon completion of the experiments, a folder named results
or precompiled-results will be created under the artifact di-
rectory. This folder will contain four figures of the evaluation
results, corresponding to those presented in the evaluation
section.

A.7 Methodology
Submission, reviewing and badging methodology:

e https://www.acm.org/publications/policies/artifact
-review-and-badging-current
e https://cTuning.org/ae
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