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Abstract
Arbitrary-Precision Quantization (APQ), which uses asym-
metric bit-widths for weights and activations (e.g., W4A8), is
a prevalent technique for LLM inference because of its excel-
lent accuracy-performance balance. APQ transforms the gen-
eral matrix multiplications (GEMM), the core of LLM com-
putation, into mixed-precision GEMM (mpGEMM) whose
two operand matrices have different quantization bit-widths.
However, we identify that the computation paradigms of
mpGEMM in current APQ LLM inference systems are sub-
optimal because the shapes and bit-widths of mpGEMM tasks
in APQ LLM are highly variable, whereas existing static and
workload-unaware paradigms can only accelerate mpGEMM
tasks with the same or similar shapes and bit-widths.

Based on this finding, we propose ADAngel, a framework
for creating a workload-adaptive mpGEMM computation core
for target LLMs. The theoretical foundation of ADAngel is the
DPR (Decomposition-Partial Product-Reconstruction) com-
putation model, which enables systematic generation of a
diverse portfolio of mpGEMM algorithms by specifying dif-
ferent bit-partition schemes. Guided by this model, ADAngel
constructs a Computation Strategy Set comprising several
highly optimized mpGEMM kernels, and exhaustively ana-
lyzes the strategy set to create an Oracle Policy Map, which
enables a lightweight dispatcher to select and execute the
optimal kernel for runtime mpGEMM tasks with negligible
overhead. Our evaluation shows that the ADAngel-specialized
engine achieves up to a 5.10× speedup in decode through-
put over llama.cpp; while in the prefill stage, it demonstrates
its adaptivity by delivering speedups ranging from 1.17× to
2.38× over TensorRT-LLM in Time-To-First-Token (TTFT).

1 Introduction

Large Language Models (LLMs) [9, 21, 30, 35] are increas-
ingly being deployed on edge devices [19, 20, 25] to en-
hance the capabilities of edge intelligent tasks and agents.
Unfortunately, edge devices are constrained by design limi-
tations in chip area, power consumption, and cost, resulting

in significantly inferior computing and memory/storage ca-
pabilities compared to cloud-scale infrastructure. Deploying
full-scale LLMs on edge devices is inefficient or often infea-
sible because of limited hardware resources. Post-training
quantization (PTQ) [15, 31, 33, 36] is a mainstream model
compression technique that is widely adopted for edge-side
LLM deployment. It quantizes the weights or activations of
trained LLMs to reduce data bit-width and computational
complexity, thereby enabling efficient inference on edge de-
vices. Arbitrary-Precision Quantization (APQ) [3, 14, 26]
quantizes weights and activations into different bit-widths,
such as W4A8 (4-bit weights and 8-bit activations), thereby
achieving a fine-grained trade-off between inference speed
and quality. APQ results in LLMs’ general matrix-matrix mul-
tiplication (GEMM) or general matrix-vector multiplication
(GEMV) having operands with different bit-widths (mixed-
precision bit-widths). However, existing edge computing units
or accelerators lack native hardware support for operations
with asymmetric bit-width operands.

To enable existing edge devices to support inference for
APQ LLMs, padding [11,17], lookup table (LUT) [18,22,32],
and bit-disaggregation [39] techniques have been proposed.
Padding techniques upcast low-bit-width weights to match the
bit-width of activations, ensuring compatibility with existing
edge computing units (e.g., executing W4A8 operations on
INT8 Tensor Cores by upcasting weights to 8-bit). LUT-based
approaches precompute the products of high-bit-width acti-
vations and low-bit-width weights, storing them in a lookup
table. During inference, results are directly fetched from the
LUT to avoid asymmetric GEMM and GEMV operations.
Bit-disaggregation decomposes weights and activations of
varying bit-widths into 1-bit representations, reconstructing
the mixed-precision computation using 1-bit GEMM and
GEMV kernels. Zeng et al. [39] leverage 1-bit Tensor Cores
of NVIDIA Ampere GPUs to accelerate bit-level GEMM and
GEMV. Due to the memory overhead and hardware support
requirements, LUT-based methods exhibit lower efficiency
than padding and bit-disaggregation on edge devices.

However, our investigation reveals that relying solely on
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padding or bit-disaggregation fails to accommodate the com-
putational heterogeneity in LLM inference, thereby hindering
the inference speed of APQ LLMs on edge devices. Specif-
ically, (1) Computational heterogeneity between prefill
and decode: LLM inference consists of two phases, prefill
and decode. Prefill processes long-sequence prompts, and
compute-intensive GEMM is the primary workload. Decode
generates tokens sequentially based on Key-Value Cache (KV
Cache), and memory-bound GEMV is the dominant opera-
tion. Padding and bit-disaggregation techniques demonstrate
suboptimal adaptability for the computational and memory
patterns of these two stages, resulting in unstable inference
performance.

(2) Intra-Prefill computational heterogeneity: The arith-
metic intensity of GEMM in the prefill phase increases
with the sequence length. Our analysis indicates that bit-
disaggregation incurs lower overhead for short sequences,
while padding demonstrates superior efficiency for long se-
quences. A static strategy fails to adapt to these dynamic
workload variations.

(3) Intra-Decode computational heterogeneity: Batching
is a typical method adopted to improve decode parallelism.
We observe that with increasing decode batch size, the Lin-
ear layers transition towards higher arithmetic intensity, thus
requiring adaptive strategy selection.

(4) Computational heterogeneity in quantization bit-
width: The quantization bit-widths of weights and activations
affect the GEMM’s arithmetic intensity. Bit-disaggregation
outperforms padding at ultra-low bit-widths. Conversely,
padding proves more effective for higher bit-widths.

The root cause of these suboptimal behaviors of existing al-
gorithms is the fundamental mismatch between the static, one-
size-fits-all nature and the computational heterogeneity inher-
ent in APQ LLM inference. Essentially, this heterogeneity
stems from both runtime dynamics and intrinsic model struc-
tures. Most importantly, dynamic shifts in sequence length
and batch size drastically alter the M dimension. As shown in
Figure 1, for a given N and K, the optimal algorithm changes
as M varies. Furthermore, variations in N and K also signif-
icantly affect the optimal strategy, as they change the arith-
metic intensity and workload characteristics of GEMM. In
practice, these effects are further shaped by the tiling mech-
anisms used in existing GEMM algorithms. Existing static
paradigms fail because they cannot adapt to the shifting oper-
ational characteristics.

To this end, we propose ADAngel, an adaptive comput-
ing mapping system designed to accelerate APQ LLM in-
ference on edge devices. At the heart of ADAngel lies the
DPR (Decomposition-Partial Product-Reconstruction) com-
putation model, a unified theoretical abstraction that formal-
izes diverse software adaptation algorithms (e.g., padding,
bit-disaggregation) of mixed-precision GEMM (mpGEMM)
into a single, generalized description. Guided by DPR, we
systematically derive a diverse Computation Strategy Set to
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Figure 1: The performance of three static computation
strategies (Split is our novel strategy, and Bitwise is based
on bit-disaggregation) under different M for a typical W4A8
mpGEMM task in LLMs (N = 4096, K = 6144).

cover the spectrum of computational heterogeneity compre-
hensively. Then, in an offline phase, ADAngel exhaustively
profiles these DPR-derived strategies across the target work-
load space defined by the target LLM to construct an Oracle
Policy Map. This map is then embedded into a lightweight
dispatcher, enabling the engine to dynamically select and exe-
cute the optimal kernel for every mpGEMM task at runtime
with negligible overhead. For Arbitrary-Precision Quantized
Models (e.g., W4A8), ADAngel natively accelerates the un-
derlying mpGEMM operations, delivering maximum perfor-
mance.

In summary, our main contributions are as follows:
(1) We are the first to perform a systematic analysis and

characterization of the computational heterogeneity in APQ
LLM inference, revealing the fundamental sub-optimality of
static approaches.

(2) We propose the DPR (Decomposition-Partial Product-
Reconstruction) computation model, a unified theoretical ab-
straction that establishes bit-level decomposition as a first
principle to systematically generate a series of computation
strategies for effective mpGEMM acceleration.

(3) We design and implement ADAngel, a methodology for
constructing a workload-adaptive computation core for any
given LLM through exhaustive offline profiling on several
computation strategies derived by the DPR model.

(4) We conduct an extensive evaluation demonstrating that
the ADAngel-specialized engine consistently outperforms
state-of-the-art frameworks on both edge and data-center
GPUs, with particularly large gains in long-prefill cases.
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2 Background

2.1 LLM Quantization

The rapid advancement in LLMs (Figure 2, left) enhances
model accuracy while substantially increasing computing and
storage requirements. For example, deploying DeepSeek-R1-
70B with FP16 precision consumes over 140GB of memory,
requiring at least two modern high-performance NVIDIA
H100 [4] GPUs with 80GB capacity. This poses significant
challenges for deploying LLMs on low-cost edge devices
with limited computing and memory/storage resources. Post-
training quantization (PTQ) [15, 31, 33, 36] reduces mem-
ory/storage and computing costs by converting weights or
activations from high-precision (FP32/FP16) to low-precision
(INT8/INT4). It has become a mainstream approach for edge-
side LLM deployment. Although quantizing model weights
or activations enables LLM inference on edge devices, low-
bit-width precision reduces model accuracy.

Existing studies [27,37,42] demonstrate that LLM weights
exhibit high redundancy, making them amenable to low-bit-
width quantization. In contrast, quantizing activations is more
challenging, as low-bit-width activation representation signif-
icantly degrades LLM’s quality. Arbitrary-precision quantiza-
tion (APQ) [3, 14, 26] preserves LLM quality while minimiz-
ing resource demands by quantizing weights to low-bit-width
representations and maintaining high-precision formats for
activations, as shown in Figure 2 (Middle). In this paper,
APQ refers to arbitrary weight-activation bit-width combina-
tions, such as W4A4, W4A8, and W3A8. This usage differs
from recent any-precision LLM approaches that support mul-
tiple model sizes or precision configurations from a shared
representation [23]. However, APQ introduces asymmetric
bit-widths between weights and activations. Current edge de-
vices generally lack native or efficient support for asymmetric-
bit-width GEMM/GEMV, requiring padding [11, 17], LUT
[18, 22, 32], or bit-disaggregation [39].

Existing studies [27,37,42] demonstrate that LLM weights
exhibit high redundancy, making them amenable to low-bit-
width quantization. In contrast, quantizing activations is more
challenging, as low-bit-width activation representation signif-
icantly degrades LLM’s quality. In this paper, APQ refers to
arbitrary-precision quantization, where weights and activa-
tions may use arbitrary and potentially asymmetric bit-widths
within a deployed model, such as W4A8. This usage focuses
on the execution of mixed-bit-width GEMM/GEMV opera-
tors. It differs from recent any-precision LLM approaches,
which aim to support the deployment of multiple models or
multiple bit-width configurations from a shared representa-
tion [23]. APQ preserves LLM quality while reducing re-
source demands by quantizing weights to low-bit-width rep-
resentations and keeping activations at relatively higher preci-
sion, as shown in Figure 2 (Middle).
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Figure 2: (1) Left: Decoder-only LLM architecture; (2) Mid-
dle: LLM quantization and Arbitrary-Precision Quantization
(APQ); (3) Right: Padding and the LUT-based strategy in
APQ LLM inference.

2.2 Padding and LUT in APQ LLM Inference

As shown in Figure 2 (Right), existing solutions [11, 17]
widely adopt padding to implement APQ LLM inference on
edge devices. It transforms low-bit-width weights to match
activation bit-widths, then performs computation using con-
ventional GEMM/GEMV operators. Although padding en-
ables APQ LLM inference on edge devices, it introduces
additional overheads: (1) the weight padding operation incurs
additional cost: If it is performed online, it introduces runtime
bit manipulation overhead that reduces the achievable effec-
tive compute throughput; If it is performed offline and the
padded weights are stored in global memory, it leads to ex-
tra storage and memory access overhead; (2) it still executes
computation on expanded high-bit-width weight representa-
tions rather than the original compact low-bit-width weights,
thereby increasing computational cost.

Some researchers [18, 22, 32] propose the LUT-based strat-
egy for direct asymmetric-bit-width GEMM/GEMV execu-
tion to avoid padding. Specifically, it precomputes the prod-
ucts of high-bit-width activations and multiple low-bit-width
weights, and stores them in the LUT. Results are retrieved
directly from the LUT instead of performing actual computa-
tions during LLM inference. However, constructing a LUT
for each weight-activation bit-width combination introduces a
significant memory footprint. Therefore, this paper focuses on
padding and bit-disaggregation as the main software mapping
strategies for GEMM/GEMV in APQ.

USENIX Association 20th USENIX Symposium on Operating Systems Design and Implementation    1859



2.3 Bit-Disaggregation GEMM and GEMV

Figure 3: W2A4 GEMM bit-disaggregation workflow.

Bit-disaggregation is a mathematical approach for directly
executing GEMM and GEMV with asymmetric bit-widths.
As shown in Figure 3, it first disaggregates the weight matrix
[K,N] and the activation matrix [M,K] into WBit× [K,N] and
ABit × [M,K] 1-bit matrices (bitplanes) via bit-level disag-
gregation, where WBit and ABit represent the bit-width of
weights and activations. Next, pairwise multiplications are
performed between the 1-bit weight and activation matrices,
yielding WBit×ABit result matrices. Finally, the WBit×ABit
result matrices are combined into the final output. Equation
1 formally captures the bit-disaggregation process described
above. It increases the number of GEMM and GEMV op-
erations by a factor of WBit×ABit, while also introducing
additional combination overhead. Zeng et al. [39] leverage
1-bit Tensor Cores in NVIDIA Ampere architecture GPUs to
accelerate 1-bit GEMM and GEMV, thereby optimizing the in-
ference speed of APQ LLMs that adopt the bit-disaggregation
strategy.

Result = ∑(20W WBit−1 + ...+2WBit−1W 0)

×(20AABit−1 + ...+2ABit−1A0)
(1)

3 Motivation

Although padding and bit-disaggregation enable APQ LLM
inference on existing edge devices, our measurements show
that using either alone fails to effectively capture the com-
putational heterogeneity in LLM inference, which leads to
suboptimal inference performance. To better understand this,
we next analyze this heterogeneity along four dimensions.

We deploy Llama-2-7B on the edge GPU of NVIDIA Jet-
son AGX Orin [20] using FasterTransformer [6]. The model
adopts W4A8 quantization (4-bit weights and 8-bit activa-
tions). To support W4A8, FasterTransformer’s GEMM and
GEMV operators are reimplemented using padding and bit-
disaggregation. In particular, to avoid the runtime overhead
of on-the-fly weight format conversion, padded weights are
precomputed and stored in global memory.

Computational Heterogeneity Between Prefill And De-
code. Figure 4a presents the prefill and decode latency of the
model when using padding and bit-disaggregation approaches,
under the following configuration: prefill length = 32, gener-
ated sentence length = 10, and batch size = 1. Prefill latency
is measured as Time To First Token (TTFT), while decode
latency is recorded as Time Between Tokens (TBT).

The results show that TTFT with the padding method
achieves lower TTFT than bit-disaggregation during prefill.
In contrast, the decode TBT with bit-disaggregation is better
than padding. The underlying reason is that prefill is typi-
cally more compute-intensive, where computation tends to
dominate the performance. Bit-disaggregation significantly in-
creases computational overhead, leading to poor performance.
In contrast, decode corresponds to an I/O-intensive regime,
where performance is primarily limited by memory traffic.
In this case, bit-disaggregation achieves better performance
mainly because it preserves a compact low-bit-width weight
representation and reduces effective memory traffic. Obser-
vation 1: Using only padding or bit-disaggregation fails to
address the computational heterogeneity between prefill
and decode, leading to suboptimal APQ LLM inference
performance.

Intra-Prefill Computational Heterogeneity. We increase
the prefill length from 4 to 64 and measure the TTFT for
Llama-2-7B’s prefill. As shown in Figure 4b, the TTFT
exhibits a monotonic increase with growing prefill lengths
for both padding and bit-disaggregation approaches. We ob-
serve a crossover at a prefill length of 8: bit-disaggregation
achieves a lower TTFT for short lengths (≤ 8), while padding
demonstrates superior efficiency beyond this threshold. This
crossover reflects the same compute-memory tradeoff ob-
served between prefill and decode, but now within the prefill
phase itself. For short prefills, the workload remains small,
so the overhead introduced by loading expanded weights
cannot be sufficiently amortized, making bit-disaggregation
more favorable. As the prefill length increases, the GEMM
becomes increasingly compute-intensive and the extra com-
putation overhead of bit-disaggregation becomes its bottle-
neck. In this regime, padding achieves better TTFT because it
incurs lower runtime computational overhead. Although the
crossover point appears at prefill length = 8 in our experiments,
it is not universal and can vary across model architectures,
quantization bit-widths, and batch sizes. Observation 2: Re-
lying solely on padding or bit-disaggregation individually
cannot fully account for the computational heterogeneity
within prefill in APQ LLM inference.

Intra-Decode Computational Heterogeneity. Next, we in-
vestigate the computational heterogeneity within decode. Fig-
ure 4c presents the TBT of Llama-2-7B decode with padding
and bit-disaggregation for batch sizes 1∼64. The performance
crossover point between padding and bit-disaggregation oc-
curs at batch size = 16 in our experiments, although this
point is not universal and can vary across model architectures
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Figure 4: The computational heterogeneity between prefill and decode, intra-prefill computational heterogeneity, and intra-decode
computational heterogeneity.

and quantization bit-widths. The underlying reason is the
workload heterogeneity within decode. As the batch size in-
creases, the decode workload gradually shifts from a memory-
sensitive regime toward a more compute-intensive regime. For
small batch sizes, performance is primarily limited by memory
traffic, making bit-disaggregation more favorable because it
preserves a compact low-bit-width weight representation and
reduces memory access overhead. As the batch size increases,
the computational overhead introduced by bit-disaggregation
becomes increasingly significant, and padding achieves lower
TBT due to its lower runtime processing overhead. Observa-
tion 3: Using only padding or bit-disaggregation cannot
fully adapt to the workload heterogeneity within decode
in APQ LLM inference.

Computational Heterogeneity in Quantization Bit-
Width. Finally, with the activation bit-width fixed at 8 bits
and the weight bit-width varying from 2 to 8 bits, we evaluate
the prefill TTFT and decode TBT at prefill length = 32, gener-
ated sentence length = 10, and batch size = 1 for both padding
and bit-disaggregation methods. Figure 5 demonstrates that
TTFT and TBT remain stable with the padding method as the
weight bit-width increases. This stability occurs because the
padding method follows a similar execution pattern across
different weight bit-widths in these settings. In contrast, bit-
disaggregation progressively introduces more accesses to the
weights and 1-bit matrix computations as weight bit-width
increases, resulting in increased TTFT and TBT. Observa-
tion 4: Neither padding nor bit-disaggregation alone can
capture the computational heterogeneity introduced by
the quantization bit-width in APQ LLMs.

4 Design

4.1 Overall Architecture
Our preceding analysis reveals that workload-unaware compu-
tation paradigms are fundamentally suboptimal for APQ LLM
inference, failing to address the widespread computational het-
erogeneity of mpGEMM in LLM inference. To achieve high-
performance inference, therefore, a new workload-adaptive
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Figure 5: Computational heterogeneity in quantization bit-
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paradigm for mpGEMM is needed, whose adaptivity is predi-
cated on two core principles: (1) Optionality, the availabil-
ity of a diverse portfolio of kernels that leverage hardware
resources differently, and (2) Optimality, the capability to
select the optimal kernel for each specific task.

To realize this paradigm, we propose ADAngel, a workload-
aware framework, which is designed to accelerate APQ LLM
inference, as shown in Figure 6. The theoretical foundation
of ADAngel is the ❶ DPR (Decomposition–Partial Product–
Reconstruction) computation model, which provides a uni-
fied form to both express and implement a diverse spectrum
of mixed-precision GEMM strategies. Guided by the DPR
model and hardware characteristics, we first define a set of
three canonical strategies (Padding, Split, Bitwise) and per-
form deep, manual optimizations on their kernel implementa-
tions to form the high-performance ❷ Computation Strategy
Set. Subsequently, the ❸ Strategy Dispatcher exhaustively
evaluates these strategies offline on every potential workload
within any given target LLM. This yields an oracle policy
map which maps workloads to strategies, enabling the Strat-
egy Dispatcher to perform zero-overhead, adaptive strategy
selection at runtime when the LLM inference engine needs to
execute mpGEMM/mpGEMV.
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4.2 DPR Framework

The performance upper bound of an adaptive system is fun-
damentally determined by the quality and diversity of its
available strategies. Based on this principle, our framework
requires a rich portfolio of high-performance computation
strategies to be effective. The DPR (Decomposition–Partial
Product–Reconstruction) computation model serves as the
theoretical cornerstone for this task. That is, the strategies in
our Computation Strategy Set are designed under the guidance
of the DPR model, and the computation kernels dispatched
and executed at runtime are concrete instantiations of it. DPR
formally deconstructs any mixed-precision matrix multiplica-
tion into three logical stages: the framework first decomposes
the input matrices into multiple components based on their bit-
level representation; next, it performs matrix multiplication
on these components to obtain a series of partial products; fi-
nally, it accurately reconstructs the final result via a weighted
summation.

We now formally define this three-stage process. Given
an activation matrix X ∈ ZM×K with bit-width XBIT S and a
weight matrix W ∈ ZK×N with bit-width WBIT S, our DPR
framework computes the mpGEMM result Y = XW ∈ ZM×N

as follows:
Decomposition. Its goal is to transform matrices X and

W to corresponding physical tensors {Xi,phys} and {Wj,phys},
which are uniformly typed and ready for computation by

hardware accelerators like Tensor Cores in the next stage.
It encapsulates two sub-steps: logical bit-partitioning and
physical representation mapping.

We begin with defining an operation logical bit-partition:
For a matrix A with ABIT S bit-width, based on a given bit-
partitioning scheme:

PA = (q1,q2, . . . ,qm),where
m

∑
i=1

qi = ABIT S, (2)

the value of any element x in A is precisely expressed as a
weighted sum of the corresponding elements xi:

x =
m

∑
i=1

xi ·2shift(i), where shift(i) =
i−1

∑
j=1

q j. (3)

Thus matrix A can be precisely expressed as a weighted
sum of matrices Ai:

A =
m

∑
i=1

Ai ·2shift(i), where shift(i) =
i−1

∑
j=1

q j, (4)

then {Ai} is the logical bit-partition of A based on the given
bit-partitioning scheme PA.

In the logical bit-partitioning step, respectively, PX =
(qX1,qX2, . . . ,qXm) and PW = (qW1,qW2, . . . ,qWn) are applied
to X and W , generating their logical partitions {Xs}m

s=1 and
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{Wt}n
t=1. By applying different bit-partitioning schemes, this

step provides a high degree of flexibility, allowing us to con-
ceptually decompose matrices into logical components of
arbitrary bit-widths. However, the underlying hardware ac-
celeration units, particularly Tensor Cores, are not general-
purpose multipliers. They are highly specialized computation
engines, optimized for a fixed set of symmetric input preci-
sion pairs. This creates a mismatch between the flexibility of
the logical decomposition at the software level and the rigid
constraints of the hardware execution units. For instance, a
4-bit logical component and an 8-bit logical component can-
not be multiplied directly by any single, native Tensor Core
instruction.

To bridge this gap, the Physical Representation Mapping
stage is an essential step. Its core mission is to unify all poten-
tially heterogeneous logical matrices onto a single, homoge-
neous computation data type that is natively supported by the
hardware. This is achieved through our Hardware-Aware Pro-
motion Principle. The process first determines the maximum
bit-width across all logical partitions, bmax. It then promotes
this value to the smallest, natively supported hardware preci-
sion that can accommodate it. Let H denote the set of natively
supported hardware precisions on the target platform (e.g.,
H = {1,4,8} on our target platform), then the final target
bit-width can be expressed as

btarget = min{h ∈ H|h ≥ max{qX1, . . . ,qXm,qW1, . . . ,qWn}}.
(5)

Subsequently, every logical matrix Ai (representing any Ws
or Xt ) is physically realized into a tensor Ai,phys by promoting
it to this target bit-width. This ensures that all tensors entering
the computation stage are of a uniform, hardware-supported
precision.

The resulting physical tensors from the decomposition
stage are stored contiguously in memory, which maximizes
bandwidth through coalesced accesses and allows us to fuse
multiple partial product computations into a single kernel
launch (e.g., computing X1×W1 and X2×W1 simultaneously),
significantly reducing dispatch overhead.

Partial Product Computation. The output of the Decom-
position stage is a set of hardware-ready physical tensors,
Xs,phys} and {Wt,phys}, which all share a uniform bit-width,
btarget. Therefore, each partial-product computation operates
on operands with the same physical bit-width, allowing it
to directly invoke symmetric-precision matrix-computation
units, such as INT1, INT4, or INT8 Tensor Cores. The goal
of the Partial Product Computation stage is to perform the
actual matrix multiplication on these prepared tensors. Specif-
ically, this stage executes m×n multiplications on the pairs of
physical tensors to yield a series of partial product matrices,
Yst :

Yst = ComputeOp < btarget > (Xs,phys,Wt,phys). (6)

This stage’s computational homogeneity ensures all opera-
tions are mapped to a single type of native hardware instruc-

tion (e.g., IMMA or BMMA) on the Tensor Cores, which
facilitates mapping to a uniform hardware path.

It generates m×n partial product matrices, each of dimen-
sion M ×N. Crucially, the elements of these matrices are
32-bit integers (int32). This high precision is dictated by the
architecture of the Tensor Cores, and exposes a fundamental
performance trade-off: a more fine-grained decomposition
(larger m or n) results in a proportionally larger memory foot-
print for these int32 intermediate results. This increased pres-
sure on on-chip resources (especially shared memory) can
constrain the achievable parallelism and occupancy of the
GPU, a cost that can completely offset the inherent latency
and throughput advantages of lower-precision Tensor Cores.

Reconstruction. In the final stage, our objective is to com-
pute the result matrix Y . With the distributive property of
multiplication, the product Y = XW can be expanded from
their logical decompositions into a weighted sum of partial
products:

Y = XW =(
m

∑
s=1

Xs ·2shift(s))(
n

∑
t=1

Wt ·2shift(t))

=
m

∑
s=1

n

∑
t=1

XsWt ·2shift(t)+shift(s).

(7)

In summary, the DPR computation model provides a formal
and principled foundation for mixed-precision GEMM. It
establishes a clear methodology to deconstruct a complex,
heterogeneous computation into a series of simple, hardware-
aligned homogeneous operations.

4.3 Computation Strategy Set
The purpose of the Computation Strategy Set is to provide
ADAngel with a broad and high-performance portfolio of
computation strategies. Although the representational capac-
ity of our DPR model provides a vast theoretical design space
for this set, a significant portion of these strategies are practi-
cally inefficient. This inefficiency stems from the redundant
promotion overhead introduced by our Hardware-Aware Pro-
motion Principle when a strategy’s logical bit-width does not
align with the discrete precisions natively supported by the
GPU’s Tensor Cores.

To make this concrete, consider a W4A8 matrix multi-
plication where the activation partition is fixed at PA = (8).
A weight decomposition of PW = (2,2) is provably sub-
optimal compared to the trivial PW = (4) scheme, because the
(2,2) scheme decomposes the work into two separate W8A8
GEMM operations, effectively doubling the computational
workload.

Therefore, our method is to prune the design space by
minimizing the promotion overhead, which is achieved by
aligning the decomposed bit-widths with the native Tensor
Core precisions. Based on this principle, we designed three
families of computation strategies.
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Throughput-Oriented: Padding. This strategy’s philoso-
phy is to achieve the highest possible computational through-
put. It is formally expressed in our DPR model by a trivial
partitioning scheme (i.e., PA =(ABIT S)) which maps the com-
putation to the lowest-precision native hardware unit capable
of accommodating the largest operand (e.g., INT8 Tensor
Cores). Since it corresponds to a trivial partitioning scheme,
the computation is not decomposed into multiple logical com-
ponents, and no explicit reconstruction of partial products is
required at runtime, resulting in lower overhead and higher
effective throughput closer to the hardware peak.

Memory-Oriented: Bitwise. This strategy prioritizes
memory efficiency. It corresponds to the finest-grained de-
composition scheme in our DPR model (i.e., P=(1,1, . . . ,1)),
replacing conventional arithmetic with a large number of sim-
ple bit-logic operations. This avoids the expansion overhead
of padding, but introduces massive additional partial products
and reconstruction overhead. Since it does not incur the extra
weight memory traffic caused by padded operand representa-
tions, it is often more efficient in memory-bound scenarios.

Balanced: Split. On hardware platforms that provide na-
tive INT4 acceleration, there exists an intermediate alternative
between Padding and Bitwise. Instead of using trivial parti-
tioning or 1-bit decomposition, the weights and activations
can be partitioned into a small number of hardware-aligned
chunks that are as large as possible while not exceeding 4 bits
(e.g., PW = (x),PA = (4,4) for WxA8, where x ≤ 4).

This strategy achieves a middle ground: compared to
Padding, while both of them increase memory traffic by
widening operand representations, Split incurs less overhead
by using narrower widths (e.g., 4-bit vs. 8-bit in W2A8); com-
pared to Bitwise, it reduces the number of partial products, and
lowers both the reconstruction overhead and the intermediate-
result memory footprint. The advantage of Split over Bitwise
primarily stems from the reduced intermediate memory foot-
print. In Bitwise, a WbA8 GEMM is decomposed into 8Wb
bit-plane pairs, so the intermediate int32 storage for an out-
put tile of size TM ×TN scales as 4 · (8Wb) ·TMTN bytes. In
contrast, Split uses a much coarser partitioning (e.g., decom-
posing the activation into two 4-bit components), resulting in
only 4 ·2 ·TMTN bytes. Thus, Split reduces the intermediate-
result footprint by a factor of 4Wb; for W4A8, this corresponds
to a 16× reduction, from 32 int32 partial products to 2. Since
these intermediate int32 results typically need to be buffered
(e.g., in shared memory) before the Reconstruction stage,
this reduction directly lowers shared-memory pressure, im-
proves resident CTA count and effective memory bandwidth,
and thereby enables better performance than Bitwise under
middle-M workloads.

To make the application of our three strategies concrete, we
now instantiate them for a W4A8 mixed-precision task. The
selection of the bit-partitioning scheme for each archetype,
and the resulting hardware computation path dictated by our
DPR model, are summarized in Figure 7.
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Figure 7: Visualizing the DPR Framework. For a canoni-
cal W4A8 task, how different Logical Decompositions and
Physical Mappings, guided by our DPR model, result in three
distinct hardware-aligned computation strategies.

For the above three strategy prototypes, high performance
in practice also depends on efficient kernel-level implemen-
tations. We highly optimize all kernels in our strategy set, as
detailed in Section 5.

In summary, guided by the theoretical principles of our
DPR computation model, we have designed and implemented
three distinct, highly optimized computation strategies that
constitute our Computation Strategy Set. This portfolio of
kernels provides the rich and diverse action space that is the
essential foundation for ADAngel’s adaptivity.

4.4 Strategy Dispatcher
The final component of the ADAngel framework is respon-
sible for fulfilling the Optimality requirement: selecting the
best-performing kernel from our Strategy Set for any given
task. Our approach is grounded in a key insight: for a spe-
cific LLM, the variety of its constituent GEMM operations
is highly constrained. This observation makes an exhaustive
offline profiling approach not only feasible but also optimal.
Therefore, our design consists of two phases: an offline pol-
icy construction phase that performs the analysis to generate
an oracle policy map, and a lightweight online table-driven
dispatch phase that executes mpGEMM tasks with the best
strategy selected by the policy map.

We analyze the GEMM workload space within a target
LLM. While the M dimension of a GEMM is dynamic, the N
and K dimensions are static, determined by the model’s archi-
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tecture (e.g., hidden dimension). Consequently, the number
of unique GEMM "types" (defined by static N and K dimen-
sions) is small and finite. For instance, our analysis shows that
an entire Llama-3-8B model inference involves only about 4
unique types of GEMM operations.

This bounded problem space makes an exhaustive, offline
profiling approach conceivable, but its practical feasibility
depends on the storage cost of the resulting lookup table.
We quantify this cost as follows: storing function pointers
for 4 unique GEMM types across a comprehensive range of
M = 1 ∼ 8192 (requiring 8 bytes per pointer) results in a total
size of approximately 256 KB. This trivial memory footprint
confirms that our empirical performance oracle approach is
not only theoretically sound but also eminently practical.

The oracle policy map is constructed through an exhaustive,
empirical profiling process executed once per target LLM and
hardware platform. To achieve this, we first define the com-
plete workload space by performing a static analysis of the
target model’s architecture to identify its finite set of unique
GEMM "types", and then sweeping across a comprehensive
range of the dynamic M dimension. For every point in this
space, we benchmark each kernel from our Computation Strat-
egy Set, using high-precision timers after a sufficient warm-up
period to ensure accuracy. The kernel with the lowest average
latency for each specific task is recorded, creating the oracle
policy map: a simple key-value structure that maps a work-
load to a function pointer for its empirically proven optimal
kernel.

The runtime behavior of the Strategy Dispatcher is simple
and efficient. Upon receiving a GEMM task, it performs a
direct lookup in the pre-computed oracle policy map using the
task’s shape as a key. This retrieves and immediately invokes
a pointer to the empirically proven optimal kernel.

This dispatch mechanism, being a simple table lookup, is
what provides ADAngel’s two decisive advantages: guaran-
teed optimality (relative to our offline analysis) and negligible
runtime overhead.

5 Implementation

We implemented the ADAngel framework in C++ and CUDA
12.6 with over 15k LOC. Our implementation first involved
engineering the Computation Strategy Set: a portfolio of ker-
nels where Padding and Split are built upon CUTLASS [8],
and Bitwise is a custom BMMA-based implementation. With
this optimized portfolio established, we then constructed the
Strategy Dispatcher’s policy through an automated, exhaus-
tive offline profiling process. Finally, we integrated these
components as an mpGEMM backend into FasterTransformer
for end-to-end evaluation.

High-Performance Kernel Engineering. To ensure our
strategy portfolio is highly competitive, we engineered each
kernel family for maximum performance. The Padding and

Split strategies were built on top of the CUTLASS 3.1.0 li-
brary. In our implementation, we restrict Split to weight bit-
widths ≤ 4, since it no longer reduces weight memory traffic
relative to Padding when the weight bit-width exceeds 4. In
Split, weights are offline promoted to 4-bit and stored in a
packed layout. At runtime, the 8-bit activation is decomposed
into two 4-bit components and packed into a stacked 2M×K
matrix. Then, it is multiplied with the offline-packed weights
via a single (2M,N,K) CUTLASS GEMM, yielding a stacked
(2M,N) int32 intermediate. A lightweight merge kernel then
completes the Reconstruction stage and dequantization. In
contrast, the Bitwise strategy was implemented as a custom
CUDA kernel based on BMMA instructions. We inherited the
highly optimized weight layout from ABQ-LLM [39] to max-
imize memory coalescing, and applied selective kernel fusion
(e.g., fusing the activation quantization and Decomposition
stage) to reduce global memory traffic.

Offline Policy Construction. The Strategy Dispatcher’s
policy was constructed by an automated Python script that
orchestrates the entire profiling workflow. It benchmarked ev-
ery kernel in our strategy set across a comprehensive range of
sequence lengths in the target LLM, using CUDA events for
precise latency measurement. By selecting the lowest-latency
kernel for each potential workload, this process generated the
Oracle Policy Map. In FasterTransformer, we observed that
Llama-3-8B involves 4 distinct (N,K) combinations. To con-
struct the dispatch table on the NVIDIA Jetson AGX Orin for
W4A8-quantized Llama-3-8B, we profiled these (N,K) com-
binations over M ∈ [1,8192] to cover the potential workloads.
This incurs a one-time profiling cost of about 5.7 hours and a
peak memory footprint of about 1.7 GB. This time cost can
be further reduced by pruning the search space, since Figure 1
shows that Padding exhibits a clear advantage in the large-M
regime. In addition, previously profiled entries can be reused
across the same models or layers that share the same hardware
platform.

End-to-End Framework Integration. To evaluate real-
world performance, we integrated our ADAngel computa-
tion core into NVIDIA’s FasterTransformer. We further im-
plemented support for the widely used model Llama-3-8B
within our FasterTransformer-based testbed. The integration
is modular, requiring only redirecting the framework’s stan-
dard mpGEMM calls to our ADAngel dispatcher.

6 Evaluation

6.1 Experiment Setup
Platform. Experiments were conducted on an NVIDIA Jet-
son AGX Orin Development Kit 64GB, featuring an Ampere-
architecture GPU (sm_87) and 64GB unified memory. We
used the NVIDIA JetPack 6.1 [7] software stack (CUDA 12.6).
The power mode of Orin is MODE_50W. Our entire testbed
is built upon FasterTransformer, and we implemented W2A8,
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Figure 8: Prefill Stage Performance Comparison. ADAngel significantly reduces the TTFT across various input sequence
lengths, demonstrating its superiority in compute-bound scenarios.

0

10

20

30

40

50

1 2 4 8

TP
S(
to
ke
ns
/s
)

batch size

ADAngel llama.cpp
TensorRT-LLM(W8A8) TensorRT-LLM(W4A16)
ABQ-LLM

(a) Llama-3-8B, pl = 128

0

10

20

30

1 2 4 8

TP
S(
to
ke
ns
/s
)

batch size

(b) Llama-3-8B, pl = 256

0

10

20

30

1 2 3 4

TP
S(
to
ke
ns
/s
)

batch size

(c) Llama-3-8B, pl = 512

0

10

20

30

1 2 3 4

TP
S(
to
ke
ns
/s
)

batch size

(d) Llama-3-8B, pl = 1024

Figure 9: Decode Stage Performance Comparison. ADAngel achieves substantially higher TPS during the auto-regressive
generation phase, showcasing its efficiency in memory-bound, low-latency operations.

W3A8, W4A8 and W5A8 versions of Llama-3 within this
testbed. To validate the generality of the ADAngel method-
ology, we applied ADAngel to a data-center-class NVIDIA
A100 GPU [5], generating a new, A100-specific engine.

Models. We used a representative modern LLM: Llama-3-
8B.

Baselines and Our System: (1) ABQ-LLM [39], serves
as a representative framework for bit-disaggregation-based
mpGEMM. (2) llama.cpp [17]. This serves as an optimized,
end-to-end baseline utilizing online padding mpGEMM rou-
tines. (3) TensorRT-LLM. As a recognized high-performance
inference framework, TensorRT-LLM serves as a strong base-
line. Since the current version for the Orin platform lacks
native W4A8 support, we employ W8A8 (SmoothQuant) and
W4A16 (AWQ) quantization methods for a comprehensive
comparison. (4) QServe. Its W4A8KV4 configuration is a
powerful solution for cloud inference but is currently unsup-
ported on Orin. To address this, we compare ADAngel with
QServe on an A100 80GB GPU to evaluate the scalability
of our approach. (5) ADAngel. This is our main proposal.
All mpGEMM operations in our testbed are handled by our
ADAngel-specialized computation core.

Evaluation Metrics: We report (1) Time-To-First-Token
(TTFT) to measure the latency of the Prefill stage, and (2) To-
kens Per Second (TPS) per request to measure the throughput
of the Decode stage. All presented results are the average of
multiple runs following a warm-up period to ensure stable
and accurate measurements.

6.2 End-to-end Evaluation

Prefill. Figure 8 illustrates the end-to-end prefill latency
(TTFT) across varying prompt lengths from 16 to 1024.
ADAngel consistently establishes superior performance,
achieving a peak speedup of 448.69× over ABQ-LLM and a
speedup ranging from 1.17× to 2.38× over TensorRT-LLM.

Compared to TensorRT-LLM configurations, ADAngel sur-
passes the W4A16 baseline by leveraging the superior arith-
metic throughput of INT8 Tensor Cores over FP16, and ex-
ceeds the W8A8 baseline by virtue of a lightweight system
architecture that eliminates the significant runtime overheads
inherent in the TensorRT-LLM framework.

In the short-prompt regime, the workload remains memory-
sensitive. However, the mpGEMM kernel in llama.cpp ex-
poses only limited CTA-level parallelism under its persis-
tent stream-k scheduling, and does not implement an asyn-
chronous global-to-shared-memory pipeline. As a result,
memory latency cannot be effectively hidden, making the ker-
nel substantially less efficient in this regime. In contrast, our
Bitwise and Split kernels contain asynchronous pipelining to
overlap memory accesses with computation, thereby achiev-
ing higher efficiency. For instance, at bs = 1 and pl = 32,
ADAngel reduces latency by 65.9% compared to llama.cpp
(43 ms vs. 126 ms).

As the workload transitions to the compute-bound long-
sequence regime, the bit-disaggregation approach (ABQ-
LLM) consumes up to 32× more shared memory per thread
block compared to padding-based approaches. This bottle-
neck, identified as the Shared Memory Wall, severely restricts
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Figure 10: Cross-precision prefill performance on Jetson AGX Orin. TTFT comparison under W2A8, W3A8, and W5A8
across representative batch sizes.
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Figure 11: Cross-precision decode performance on Jetson AGX Orin. TPS comparison under W2A8, W3A8, and W5A8
across representative prompt lengths.

GPU occupancy due to excessive intermediate accumulation
states. Consequently, although ABQ-LLM is the SOTA frame-
work for decoding and short-sequence prefill, it becomes prac-
tically unusable in this setting: at bs = 8 and pl = 1024, its
TTFT surges to approximately 39.4 minutes. The root cause of
the Shared Memory Wall is induced by the storage of int32 in-
termediate states. Our profiling reveals that this heavy shared
memory consumption saturates the SM resources, restricting
the hardware scheduler to launch only 3 thread blocks per SM,
with each thread block computing only an 8×48 output tile.
Such low occupancy effectively nullifies the massive paral-
lelism advantage of the GPU. In contrast, ADAngel adaptively
switches to the appropriate kernel to circumvent this latency
explosion, maintaining the latency within seconds (5.27 s)
and achieving a substantial 448.69× speedup.

ADAngel performs well across the evaluated representa-
tive sequence lengths. Since it covers all potential M values

induced by sequence-length variations within the target range,
we infer it to handle sequence length oscillations effectively.

Decode. Figure 9 reports the decode throughput (TPS,
tokens per second) across batch sizes from 1 to 8, where
ADAngel consistently establishes superior performance. In
the critical single-batch regime (M = 1), ADAngel achieves
a 1.95× speedup over TensorRT-LLM W8A8 by eliminating
two fundamental inefficiencies: it bypasses the physical band-
width redundancy of using 8-bit weights, and simultaneously
removes computational redundancy, where static padding ker-
nels constrained by fixed INT8 Tensor Core shapes (typically
M = 16) leave 15

16 (93.75%) of compute cycles idle due to
zero-padding. As the batch size scales (M = 2 ∼ 8), while
pure bit-disaggregation (ABQ-LLM) also circumvents these
redundancies, it does so at the cost of excessive shared mem-
ory usage and instruction bloat; in contrast, ADAngel’s Split
strategy strikes an optimal balance between eliminating re-
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Figure 12: Prefill Stage Performance Speedup Across Hardware Platforms. All results are normalized to the llama.cpp
baseline on each respective platform (i.e., llama.cpp = 1.0×). ADAngel consistently outperforms both baselines.
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Figure 13: Decode Stage Performance Speedup Across Hardware Platforms. All results are normalized to the llama.cpp
baseline on each respective platform. ADAngel maintains its performance leadership on both the Orin and the A100 across all
tested batch sizes.

dundancy and minimizing memory cost, thereby avoiding the
resource bottlenecks encountered by bitwise methods and
ultimately surpassing TensorRT-LLM W8A8 by 1.82× on
average.

We further analyze the memory footprint of ADAngel to
understand its resource trade-offs. Under a setting of bs =
8, prompt length = 1024, and generating 128 tokens per se-
quence, ADAngel achieves a peak memory usage of 18.80
GiB (≈ 31.5% of the device memory on Orin). This includes
14.96 GiB for model weights, 1.125 GiB for the KV cache,
and 896 MiB for the ADAngel GEMM workspace, with the re-
maining memory attributed to runtime buffers and framework
overhead. We materialize all decomposed weights in global
memory to trade additional memory usage for inference per-
formance, particularly in regimes where memory capacity is
not the primary bottleneck.

6.3 Cross-Precision Evaluation
To demonstrate the generality of ADAngel across different
precision combinations, we extend our evaluation to W2A8,
W3A8, and W5A8 configurations. As shown in Figure 10,
ADAngel consistently delivers superior prefill performance,
outperforming both llama.cpp (by an average of 3.43× in
TTFT) and ABQ-LLM (achieving up to 200.00× speedup in
TTFT) across all evaluated bit-width combinations, confirm-
ing its robust adaptivity.

As weight bit-width increases, pure bit-disaggregation
methods (ABQ-LLM) suffer from a severe TTFT expan-

sion during long-sequence prefilling due to the proportional
growth in bit-level matrix operations. ADAngel effectively
curtails this latency by dynamically dispatching heavy com-
pute workloads to the Padding strategy. Simultaneously, it
maintains optimal decode throughput (TPS) by leveraging
the Bitwise and Split strategies in memory-bound regimes,
achieving a peak speedup of 7.35× over llama.cpp in TPS,
representing the best end-to-end performance.

Notably, under the W5A8 configuration, the Split strategy
becomes no longer effective. Consequently, ADAngel’s TTFT
speedup on short prompt lengths is less pronounced than
in the W2A8 and W3A8 regimes (e.g., 92 ms in W5A8 vs.
65 ms in W2A8 at pl = 64). Nevertheless, ADAngel still yields
significant performance gains over ABQ-LLM by adaptively
switching away from Bitwise in large-M regimes.

6.4 Generality Evaluation
Although ADAngel is primarily designed for resource-
constrained edge scenarios, such as intelligent cockpits and
robotics, the increasing adoption of arbitrary-precision quanti-
zation in cloud inference highlights its potential contribution
to server-grade GPU efficiency. Figures 12 and 13 demon-
strate this platform scalability by extending our evaluation to
the NVIDIA A100 GPU (80GB). While QServe could not be
executed on the Jetson AGX Orin due to a lack of support, we
successfully deployed it on the A100 to enable a direct com-
parison. QServe employs strategies such as progressive group
quantization tailored for high-throughput optimization; while
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the associated overheads of these strategies are effectively
hidden by massive parallelism in large-batch scenarios, they
remain exposed in small-batch regimes. In contrast, ADAn-
gel’s adaptive approach successfully identifies performance
bottlenecks in these specific scenarios and dispatches more
suitable computation strategies, achieving speedups of 2.12×
in TTFT and 1.72× in TPS relative to QServe. Furthermore,
thanks to its hardware-aware adaptive mechanism, ADAngel
maintains its performance advantage over TensorRT-LLM,
llama.cpp, and ABQ-LLM on the A100 platform.

6.5 Ablation Study
To evaluate the specific contributions of our fine-grained dis-
patching mechanism and diverse strategy portfolio, we con-
structed three distinct ablation baselines:
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Figure 14: Performance breakdown and ablation study
of ADAngel compared with different variants. (a) Time
to First Token (TTFT) across varying prompt lengths with
batch size bs = 2. Note that ADAngel-Bitwise suffers from
high latency in longer sequences. (b) Generation throughput
(TPS) across different batch sizes with pl = 512. (c) & (d)
Breakdown of total end-to-end latency (prefill latency vs. de-
code time) for short sequences (pl = 64) and long sequences
(pl = 512) at bs = 2, with 32 tokens generated. ADAngel
achieves the lowest total latency by balancing prefill and de-
code efficiency.

(1) ADAngel-*: To disentangle the contribution of our
core adaptive methodology from the benefits of low-level
kernel optimizations, we evaluated systems using a single
static strategy, denoted as ADAngel-*, where (*) represents
the specific fixed strategy used (e.g., ADAngel-Padding). This

serves as a control group to isolate the gains attributed solely
to dynamic scheduling.

(2) ADAngel-R: To assess the necessity of our fine-grained
dispatcher, we compared ADAngel against a strong rule-based
baseline. This variant employs a static heuristic based solely
on M: mapping tasks with M ∈ [1,8] to Bitwise, M ∈ (8,32]
to Split, and M > 32 to Padding.

(3) ADAngel-w/o-Split: To evaluate the criticality of our
diverse strategy portfolio, we implemented an ablated variant
that excludes the Split strategy from the candidate pool.

As shown in Figure 14, ADAngel maintains a consistent
performance advantage across all ablation settings. In extreme
regimes where the optimal strategy is static such as long-
sequence prefilling, ADAngel correctly identifies the optimal
kernel with negligible dispatch overhead (total < 3 ms).

Specifically, ADAngel-R achieves gains over static Padding
by selecting Split at pl = 16 during prefill and Bitwise during
decode; however, due to ignoring the dimensional heterogene-
ity introduced by N and K, it underperforms the full ADAngel
system in decode scenarios (bs = 2 ∼ 4), highlighting the crit-
ical need for fine-grained kernel selection that considers the
full (M,N,K) for every GEMM.

Furthermore, ADAngel-w/o-Split, operating on a restricted
strategy set, defaults to Padding behavior in prefill to avoid
the latency explosion of the Bitwise strategy, yet sacrifices the
significant speedup opportunities at pl = 16 ∼ 64 provided by
Split. Similarly, in the decode phase (bs = 2 ∼ 4), although it
outperforms static Padding, it still lags behind ADAngel due
to the absence of the Split strategy.

Since the benefits of ADAngel manifest across different
phases, we conducted an end-to-end evaluation simulating
typical intelligent cockpit scenarios (instruction parsing and
short QA: generating 32 tokens with bs = 2 and pl = 64/512).
The measured total latency demonstrates that ADAngel out-
performs almost all ablation baselines across all scenarios,
leveraging its effective fine-grained adaptive mechanism and
a rich set of computational strategies.

7 Related Work

Post-Training Quantization (PTQ) is a key technique for
compressing LLMs. Seminal methods like GPTQ [12] use
second-order information for error compensation, a direction
refined by works like HQQ [1]. To handle outliers, AWQ [16]
protects salient weights via scaling, while other works pre-
process weights via smoothing (MagR [40]) or orthogonal
transformations (e.g., QuIP [2]), learn the error with adapters
(e.g., QLoRA [10]), or dynamically correct errors at runtime
(DecDEC [24]). To further enable integer-only hardware, an-
other line of work performs weight-activation quantization.
SmoothQuant [34] pioneered this by migrating activation
difficulty to the weights, paving the way for advanced meth-
ods that reorder activations (RPTQ [38]) or reshape distribu-
tions with learnable transformations (FlatQuant [29]). While
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these methods produce accurate quantized models, ADAn-
gel addresses the critical downstream challenge of executing
the resulting complex GEMM workloads with maximum,
workload-adaptive efficiency.

Kernel-Level Acceleration for mixed-precision GEMM is
the domain most directly related to our work. Prior art in this
domain has primarily explored two major directions: software
adaptation for general-purpose hardware, and the design of
direct hardware accelerators. The majority of work focuses
on software adaptation, which aims to optimally map these
complex operations onto existing hardware. One prominent
approach is to develop highly-specialized, static kernels for
specific precision pairings, as exemplified by Marlin [13],
which provides a state-of-the-art W4A16 GEMM kernel for
NVIDIA GPUs. A different software approach, seen in frame-
works like llama.cpp [11, 17], performs on-the-fly data trans-
formation; its kernels employ techniques like online padding
and native integer vectorization, where low-precision weights
are unpacked and converted to a compatible format just-in-
time for computation. Alternative software methods reframe
the problem entirely, either leveraging bit-logic operations
as in ABQ-LLM [39], or replacing multipliers with memory
lookups as seen in LUT-based methods like T-MAC [32]. In
contrast, the direct hardware design approach proposes new
accelerator architectures. For instance, MixPE [41] designs
specialized multiplier-less processing units using shift-and-
add operations, while BitFusion [28] introduces a methodol-
ogy to dynamically fuse bit-level processing elements.

8 Conclusion

In this paper, we identified and characterized the fundamental
computation heterogeneity in arbitrary-precision LLM infer-
ence, revealing the inherent limitations of static, workload-
unaware approaches. To address this, we proposed ADAn-
gel, a framework that leverages our DPR computation model
and an exhaustive offline analysis to construct a specialized,
workload-adaptive computation core for any given LLM.
Our extensive evaluation demonstrates that the ADAngel-
specialized engine significantly outperforms state-of-the-art
inference frameworks, establishing that principled, workload-
adaptive specialization is an essential paradigm for unlocking
the full performance potential of low-precision hardware in
edge LLM inference.
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