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Abstract

Although Low-Rank Adaptation (LoRA) rev-
olutionized parameter-efficient fine-tuning, it
often incurs an inference overhead due to the
extra computation required by adapter lay-
ers. While most literature focuses on maximiz-
ing accuracy or minimizing parameter counts,
this paper prioritizes single-request inference
performance in the unmerged adapter setting,
where adapters must remain decoupled from
the base model at runtime. By analyzing LoRA
adapters on GPUs, we identify segmented func-
tion calls as the primary source of this la-
tency. To address this, we propose Grouped
Adaptive Weight Sharing (GAWS), a novel
adapter design based on structured Kronecker
product decomposition. Experiments on T5-3B,
GPT-2 Large, LLaMA3.2-3B, and RoBERTa-
Large show that GAWS reduces latency to
about 40% of the gap between the unmerged
LoRA and the base model, while maintain-
ing parameter efficiency and comparable ac-
curacy. This positions GAWS as a Pareto-
efficient solution for deploying adapted LLMs
in latency-sensitive settings, balancing the high
latency of compressed adapters with the accu-
racy of LoRA. The source code is available at:
https://github.com/SamsungLabs/GAWS.

1 Introduction

Pretrained Transformer-based large language mod-
els (LLMs) have achieved remarkable success
across a wide range of complex AI tasks. In natu-
ral language processing, the standard approach for
adapting these models to specific downstream tasks
involves full fine-tuning, which updates all model
parameters and incurs high computational and stor-
age costs. To mitigate these costs, adapter-based
methods have emerged as a compelling alterna-
tive (Houlsby et al., 2019; Hu et al., 2022).

These methods introduce lightweight, task-
specific modules, called adapters, into the pre-
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Figure 1: Inference latency (ms/token) measured
on LLaMA models of three sizes (1B, 3B, and
8B) under four configurations: no-adapter, un-
merged versions of LoRA, GAWS, and GAWS-D.
All adapter configurations have similar parameter
counts. (Top) absolute latency, (Bottom) normalized
latency improvements, computed as (latencyLoRA −
latencyadapter)/(latencyLoRA − latencyno-adapter). Mea-
surements were taken using an input sequence length of
1024 tokens and generating 128 output tokens with batch
size = 1, under standard Pytorch eager mode CUDA ex-
ecution. LoRA introduces an average latency overhead
of 34% compared to the no-adapter baseline, whereas
GAWS reduces this overhead by approximately 43%.
Additional implementation details can be found in Ap-
pendix B.7.

trained model. By training and storing only these
small modules while keeping the base model
frozen, adapter-based approaches significantly re-
duce computational and storage overhead. They
also help preserve the general knowledge encoded
in the pretrained model and mitigate catastrophic
forgetting (Vu et al., 2022).

Adapter-based methods also enable a single
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backbone model to support multiple tasks simulta-
neously through lightweight, task-specific modules,
eliminating the need for model duplication (Yang
et al., 2025; Feng et al., 2024).This modularity facil-
itates scalable deployment across diverse and per-
sonalized tasks settings. In such scenarios, adapters
are kept unmerged and dynamically swapped at in-
ference time, typically under single-request work-
loads (e.g., mobile AI, voice assistants, and AI code
completion).

A straightforward strategy to minimize adapter-
related runtime overhead is to merge adapter param-
eters into the base model weights prior to inference.
However, this approach is often impractical in
production environments. In resource-constrained
settings where models are heavily quantized, for
instance, weight merging can introduce numeri-
cal instabilities that lead to performance degrada-
tion (Fomenko et al., 2024). Furthermore, many
production systems utilize statically compiled com-
putational graphs that prohibit weight modifica-
tions at runtime, rendering dynamic merging in-
compatible with standard inference pipelines. Con-
sequently, serving unmerged adapters remains the
more practical alternative, despite the resulting in-
ference time overhead.

As illustrated in Figure 1, using LoRA with
LLaMA 3 models (Grattafiori et al., 2024) (1B,
3B, and 8B) results in an average latency increase
of 34% compared to the base model, measured
on an NVIDIA A100 80GB GPU. Notably, this
overhead is most pronounced in the single-request
(batch size = 1) setting, where kernel launch and
function call fragmentation cannot be amortized
across batches.

While adapter-based fine-tuning has improved
significantly, most studies still focus mainly on ac-
curacy and parameter efficiency, often overlooking
the impact on inference speed. Recent system-level
innovations address multi-tenant throughput via
batched inference, but a critical gap remains in
optimizing architectural latency for single-request,
unmerged adapter serving. In this work, we target
this gap by introducing Grouped Adaptive Weight
Sharing (GAWS), a fine-tuning method that is both
parameter- and latency-efficient, built on structured
Kronecker product decomposition. GAWS is moti-
vated by two key observations:

• Latency Overhead in LoRA: In LoRA, seg-
mented CUDA kernel calls, caused by se-
quential matrix multiplications, introduce la-

tency overhead. GAWS tackles this by using a
structured Kronecker product decomposition,
where one matrix is learnable and the other is
fixed and structured. This design transforms
the operation into a single, efficient matrix
multiplication with grouped weight sharing,
significantly lowering inference latency, as de-
tailed in the Method section.

• Maintaining Representational Power with
Structured Efficiency: Unlike LoRA, which
relies on low-rank updates, GAWS employs
a full-rank update matrix constructed through
a Kronecker product decomposition. One of
the decomposition factors is constrained to be
a fixed structured matrix, which reduces the
overall expressiveness of the full-rank update
to a level comparable with LoRA. This struc-
tured constraint is a deliberate design choice
that enables GAWS to preserve model qual-
ity while significantly accelerating inference.
As a result, GAWS delivers LoRA-level per-
formance with the added benefit of improved
latency, offering a well-balanced trade-off be-
tween expressiveness and efficiency.

We fine-tuned a range of LLMs using our pro-
posed adapter across multiple language generation
and understanding tasks. On average, GAWS nar-
rows the latency gap between LoRA and the base
model by approximately 40%, while maintaining
comparable performance (Experiments Section).
We also benchmarked GAWS against other adapter
methods, demonstrating its superior latency effi-
ciency. Furthermore, our analysis revealed a high
degree of similarity between the representations
learned by models fine-tuned with LoRA and those
fine-tuned with GAWS, which explains GAWS’s
similar performance to LoRA (see Ablation Exper-
iments section).

2 Related Work

Adapter-Based Parameter-Efficient Fine-
Tuning The growing size of Transformer models
has motivated research in parameter-efficient
fine-tuning (PEFT) methods that reduce the cost
of adapting models to new tasks. Adapter-based
approaches achieve this by inserting small,
trainable modules into each Transformer layer
while keeping the pretrained weights frozen.
Among them, LoRA (Hu et al., 2022) introduces
low-rank updates that significantly reduce trainable
parameters.
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Several extensions aim to improve LoRA’s accu-
racy and training efficiency. AdaLoRA (Zhang
et al., 2023), DoRA (Liu et al., 2024), and
AutoLoRA (Zhang et al., 2024b) enhance ex-
pressiveness by adapting the rank or decom-
posing weight updates. Other approaches like
QLoRA (Dettmers et al., 2023), LoRA+ (Hayou
et al., 2024), VeRA (Kopiczko et al., 2024), and
ResLoRA (Shi et al., 2024) improve training effi-
ciency through quantization, learning rate tuning,
training lightweight scaling vectors, or residual
structures, respectively. Beyond LoRA, other adap-
tation methods target parameter efficiency: IA3
(Liu et al., 2022a) scales activations with learned
vectors, and RoAd (Liao and Monz, 2024) applies
simple 2D rotations to adapt LLM weights with
minimal overhead.

Kronecker-based methods offer an alternative to
low-rank approximations by enabling full-rank up-
dates with fewer parameters. KronA (Edalati et al.,
2022) applies Kronecker decompositions to im-
prove expressiveness but lacks GAWS’s structured
constraints for fast inference. LoKr (Yeh et al.,
2024) and AdaKron (Braga et al., 2024) build on
this by combining Kronecker and low-rank decom-
positions and applying Kronecker products at the
activation level. However, these methods primarily
focus on training efficiency or accuracy, often over-
looking inference overhead.
Adapter Serving for Multi-Task Inference
Adapter-based architectures have emerged as ef-
ficient solutions for enabling large language mod-
els (LLMs) to handle multiple tasks concurrently.
Recent systems such as S-LoRA (Sheng et al.,
2023) and Punica (Chen et al., 2023a) focus on
throughput, dynamically loading LoRA adapters or
batching requests across users. In contrast, LoRA-
Switch (Kong et al., 2024) targets latency reduc-
tion by selecting adapter paths at runtime through a
mixture-of-experts approach and merging the cho-
sen adapter with the base model to minimize over-
head.

Despite their effectiveness, these approaches
involve notable trade-offs. Throughput-oriented
methods depend largely on low-level optimiza-
tions and do not directly address inference latency,
while latency-focused approaches require merging
adapters with the base model, an operation that
is often impractical in production environments.
GAWS addresses this gap by improving latency
without relying on weight merging or specialized
low-level optimizations, making it particularly suit-

able for real-world deployment.
Inference Efficiency in Adapter Models Im-

proving inference efficiency in adapter-based mod-
els has gained attention through conditional com-
putation and adapter compression. Methods such
as DyT (Zhao et al., 2024) and CODA (Lei et al.,
2023) reduce computation by selectively routing
tokens through adapter paths. LoRAShear (Chen
et al., 2023b) and LoRAPrune (Zhang et al., 2024a)
apply structured pruning to reduce overhead with
minimal loss in accuracy, while zFLoRA (Gowda
et al., 2025) addresses the issue through struc-
tural layer fusion. GAWS takes an orthogonal ap-
proach, proposing a lightweight adapter that inte-
grates smoothly with conditional computation and
compression techniques for further gains.

3 Background & Motivation

3.1 LLM Adaptation
Large language models (LLMs) are commonly
adapted to downstream tasks using supervised fine-
tuning (SFT). Given an input x and a target output
y = {y1, y2, . . . , yN}, the model is trained to max-
imize the autoregressive log-likelihood:

LSFT(W) =
∑

(x,y)∈Z

N∑

t=1

logPW(yt | x, y<t). (1)

Here, W denotes the full set of trainable pa-
rameters in the model, which includes the set of
model’s individual weight matrices W (i) ∈ W . In
full fine-tuning, all weights are updated from their
pre-trained values W0 via:

W = W0 +∆W. (2)

For a weight matrix W0 ∈ Rd×k, the forward
pass becomes:

h = (W0 +∆W )x. (3)

While this approach offers full flexibility, it is
costly in terms of memory and computation, as
∆W is the same size as W0, requiring a full model
copy per task.

Low-Rank Adaptation (LoRA) reduces this cost
by constraining updates to a low-rank form. The
update is parameterized as:

∆W = BA

B ∈ Rd×r, A ∈ Rr×k, r ≪ min(d, k).
(4)
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Figure 2: GAWS adaptation scheme. (a) The weight update matrix ∆W is formulated as a Kronecker product
between a fixed structured identity matrix I and a trainable matrix W ∗. (b) This structure enables efficient group-
wise weight sharing by transforming the matrix product X ×∆W into a group-wise operation, where each input
group in X shares the same W ∗. (c) The resulting design supports highly efficient computation, as illustrated.

The resulting forward pass is:

h = W0x+BAx. (5)

LoRA keeps W0 frozen and only trains A and
B, and the training objective becomes:

max
A,B

∑

(x,y)∈Z

N∑

t=1

logPW0+∆W(A,B)(yt | x, y<t).

(6)
This significantly reduces the number of train-

able parameters. However, it introduces inference-
time overhead, as each forward pass requires
two additional matrix multiplications: Ax and
B(Ax), increasing memory access and kernel
launch costs. This overhead becomes more pro-
nounced in transformer-based LLM, where LoRA
is applied to multiple projection matrices (e.g.,
query, key, value) across layers. Although merg-
ing ∆W into W0 post-training can remove this
overhead, such merging is infeasible in settings re-
quiring model sharing across tasks, where adapters
must remain modular and decoupled from the base
model, to name a few.

To better analyze the source of this overhead,
we profile GPU execution traces and observe a
significant increase in kernel launch overhead. As
shown in Table 1, LoRA introduces substantially
more kernel launches than the base model (11,823

Metric Base LoRA GAWS
Kernel launches 8,603 11,823 10,199
Total CUDA time (ms/token) 357.88 426.44 385.15
Total CPU time (ms/token) 335.01 477.84 384.93
Total time (ms/token) 692.89 904.28 770.08

Table 1: PyTorch Profiler results on LLaMA-3.2-3B dur-
ing token generation (input length 1024, output length
128, batch size 1), with comparable adapter parameter
counts across methods.

vs. 8,603), leading to higher total CUDA and CPU
execution time.

These challenges motivate the need for new
methods that retain LoRA’s efficiency while im-
proving inference-time performance. Our ap-
proach, introduced in the next section, addresses
this trade-off.

3.2 Kronecker Product
The Kronecker product is a matrix operation that
constructs a block-structured matrix from two input
matrices. Given X ∈ Rm×n and Y ∈ Rp×q, their
Kronecker product, denoted X ⊗ Y , produces a
matrix of size (mp)× (nq), defined as:

X ⊗ Y =




x11Y x12Y · · · x1nY
x21Y x22Y · · · x2nY

...
...

. . .
...

xm1Y xm2Y · · · xmnY


 . (7)

Each scalar entry xij in X is multiplied by the
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entire matrix Y , resulting in a larger matrix with
repeated structure.

The Kronecker product is commonly used to
combine low-dimensional matrices into higher-
dimensional representations that retain internal
structure. Conversely, it can also serve as a de-
composition tool: a large matrix can be approx-
imated by the Kronecker product of two smaller
matrices.This decomposition forms the basis of
our proposed adapter, which uses a structured Kro-
necker product as an alternative to LoRA’s low-
rank decomposition, preserving comparable repre-
sentational capacity while enabling more efficient
computation through its constrained full-rank de-
sign.

4 Grouped Adaptive Weight Sharing

We propose Grouped Adaptive Weight Sharing
(GAWS), a new adaptation method designed for
parameter and latency efficiency. GAWS combines
two powerful ideas: (1) parameter-efficient fine-
tuning via a rank-preserving Kronecker product de-
composition, ensuring high accuracy, and (2) low-
latency inference by enforcing structure on one
Kronecker component, allowing efficient group-
wise matrix multiplication. As the name suggests,
GAWS shares a trainable weight update matrix
across grouped input segments, striking a balance
between speed and accuracy. As in LoRA, GAWS
keeps the pre-trained weight matrix W0 ∈ Rd×k

frozen and learns an additive update ∆W ∈ Rd×k

during fine-tuning. However, instead of approxi-
mating this update using two low-rank matrices,
GAWS models it using a Kronecker product:

∆W = I ⊗W ∗ (8)

where I ∈ Rs×s is the identity matrix, W ∗ ∈
R

d
s
× k

s is a trainable matrix, and s is a grouping
hyperparameter such that s divides both d and k.
This yields a block-diagonal matrix where each
block is a copy of W ∗, as illustrated below:

∆W = I ⊗W ∗ =




W ∗ 0 · · · 0
0 W ∗ · · · 0
...

...
. . .

...
0 0 · · · W ∗


 . (9)

Unlike LoRA, which uses two matrices A and
B, GAWS employs only a single trainable matrix
W ∗, simplifying the adapter structure.

To efficiently implement the effect of the
structured-Kronecker update without explicitly

materializing ∆W , GAWS performs an equiva-
lent computation directly on the input activation.
Specifically, the input activation x ∈ R1×d is first
reshaped using a function τs(·), which partitions it
into s contiguous groups, resulting in a matrix of
shape s× d

s . Each group is then multiplied by the

shared trainable matrix W ∗ ∈ R
d
s
× k

s , producing
an intermediate output of shape s× k

s . Finally, the
function τ−1

s (·) concatenates the resulting groups
to produce the final output vector h ∈ R1×k.

The complete GAWS forward pass is given by:

h = W0x+ τ−1
s (τs(x)×W ∗). (10)

Figure 2 illustrates the GAWS forward pass in
full detail. It depicts the Kronecker-based structure
of ∆W , the partitioning of the input vector x into
groups via τs(x), and the application of the shared
matrix W ∗ across groups. The figure also shows
how the resulting outputs are concatenated using
τ−1
s (·) to produce the final output vector h.

The operations τs(·) and τ−1
s (·) can be imple-

mented using tensor view operations in PyTorch,
which execute in constant time by modifying tensor
metadata, assuming memory contiguity, as in our
setup.

In contrast to LoRA, which introduces two ad-
ditional matrix multiplications, and consequently
two separate computation kernels, per forward pass,
GAWS requires only one. This reduces kernel
launch overhead and enhances inference-time effi-
ciency, particularly when applied across multiple
layers of a transformer model.

We also introduce a second variant of our
method, termed GAWS-D, illustrated in Figure 5
in Appendix A. This variant leverages the non-
commutative property of the Kronecker product: by
reversing the order of the decomposition, it yields
a fundamentally different architecture defined as:

∆W = W ∗ ⊗ I. (11)

GAWS-D builds on the original GAWS frame-
work but modifies the interaction between the re-
shaped input and the adapter weights. Specifically,
the forward pass is computed as:

h = W0x+ τ−1
s (W ∗ × τs(x)), (12)

reversing the direction of matrix multiplication
compared to standard GAWS.

In GAWS, each group of the reshaped input
τs(x) is independently transformed by W ∗, en-
abling localized adaptation. In GAWS-D, the input
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Figure 3: Inference latency (ms/token) for T5-3B, LLaMA3.2-3B, and GPT2-Large across various adapter methods.
(Left)absolute latency, (Right) normalized latency, computed as (latencyLoRA − latencyadapter)/(latencyLoRA −
latencyno-adapter). Measurements were taken using an input sequence length of 1024 tokens and generating 128
output tokens with batch size = 1, under standard Pytorch eager mode CUDA execution. GAWS and GAWS-D
consistently achieve the lowest latency among all evaluated adapters, demonstrating their efficiency for real-time
deployment. Additional implementation details can be found in Appendix B.7.

is multiplied from the right, allowing each output
group to incorporate information from all input
groups. This naturally leads to a dilation-like inter-
action pattern, hence the name GAWS-D, enabling
broader context aggregation while keeping the pa-
rameter count unchanged. We evaluate both GAWS
and GAWS-D in our experiments and analyze the
trade-offs between local and global interactions, as
well as their respective impacts on accuracy and
inference-time efficiency.

We also propose a third variant that introduces
a learnable diagonal matrix D into the forward
pass of both GAWS and GAWS-D. This matrix
scales the columns of W ∗, allowing the model to
modulate the contribution of each output dimen-
sion independently. For GAWS, the forward pass
becomes:

h = W0x+ τ−1
s (τs(x)× (W ∗D)) (13)

For GAWS-D, the forward pass becomes:

h = W0x+ τ−1
s ((W ∗D)× τs(x)) (14)

This extension is motivated by prior works (Liu
et al., 2022b; Kopiczko et al., 2024), which shows
that incorporating lightweight, per-dimension scal-
ing can improve convergence and stability during
fine-tuning. By introducing D, we add a minimal
degree of learnable flexibility while keeping the
overall adapter structure simple and efficient. Im-
portantly, this modification incurs no additional
cost at inference time. Since D is a fixed diagonal
matrix, it can be folded into W ∗ via standard ma-
trix multiplication after training. This preserves the
structure and computational footprint of the origi-
nal forward pass, ensuring that runtime efficiency
and memory usage remain unchanged.

5 Experiments

Overview Our experiment has two main phases:
(1) inference latency benchmarking, where we mea-
sure the latency of various baseline adapters along-
side our proposed adapters, (2) fine-tuning accu-
racy evaluation, comparing our adapters against
these top-performing latency baselines. The fol-
lowing sections detail the models, adapter configu-
rations, and experimental setups for each phase.
Models and Baseline Adapters To ensure a broad
evaluation across model architectures and sizes,
we include: (1) encoder-only: RoBERTa Large
(355M) (Liu et al., 2019); (2) decoder-only: GPT-
2 Large (774M), and LLaMA 3.2-3B (Radford
et al., 2019; Grattafiori et al., 2024) (3) encoder-
decoder: T5-3B (Raffel et al., 2023); and (4) Stable-
Diffusion-v1-4 (1B)(Rombach et al., 2022). All
models are sourced from Hugging Face (Wolf
et al., 2020). Our baselines include the base
model without adapters (full fine-tuning) and four
PEFT methods: LoRA (Hu et al., 2022), IA3 (Liu
et al., 2022a), VeRA (Kopiczko et al., 2024), and
RoAd (Liao and Monz, 2024). We select IA3,
VeRA, and RoAd as they are among the most
parameter-efficient adapters proposed in the liter-
ature, and thus represent meaningful competitors
to our latency-efficient design. LoRA is included
as it represents the canonical and most widely used
PEFT adapter. All baseline adapter implementa-
tions are obtained from the PEFT library (Man-
grulkar et al., 2022), while our proposed adapters
are implemented by extending this framework. Fur-
ther details on models’ and adapters’ architectures,
as well as adapters’ target modules, are provided in
Appendix B.
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Model Task Items FFT LoRA VeRA IA3 RoAd GAWS GAWS(d) GAWS-D GAWS-D(d)

GPT2-Large

WebNLG
Param. 774M 8.85M 139K 138K 553K 7.08M 7.09M 7.08M 7.09M
BLEU 55.30(0.28) 57.14(0.10) 56.79(0.09) 48.20(0.09) 53.36(0.06) 56.38(0.25) 56.87(0.08) 56.24(0.10) 56.95(0.10)
TER 0.42(0.00) 0.38(0.00) 0.38(0.00) 0.43(0.00) 0.40(0.01) 0.39(0.00) 0.39(0.00) 0.39(0.00) 0.38(0.00)

Dart
Param. 774M 4.42M 138K 138K 553K 1.77M 1.77M 1.77M 1.77M
BLEU 47.23(0.23) 48.50(0.11) 47.87(0.29) 43.88(0.08) 46.04(0.03) 48.19(0.16) 48.35(0.08) 48.14(0.21) 48.20(0.10)
TER 0.46(0.00) 0.46(0.00) 0.48(0.01) 0.50(0.00) 0.49(0.01) 0.47(0.00) 0.47(0.00) 0.47(0.00) 0.47(0.01)

RoBERTa-Large

Param. 355M 1.83M 1.10M 1.10M 1.25M 1.83M 1.84M 1.83M 1.84M
MRPC Acc. 90.20* 88.24(0.10) 89.22(0.10) 87.75(0.08) 87.99(0.05) 90.20(0.10) 90.20(0.15) 90.93(0.10) 88.97(0.10)
CoLA MCC 63.60* 66.81(0.20) 65.30(0.10) 59.06(0.10) 64.06(0.09) 64.63(0.15) 65.32(0.20) 65.82(0.10) 65.30(0.30)
RTE Acc. 78.7* 84.48(0.10) 83.73(0.12) 81.22(0.10) 84.11(0.15) 83.75(0.20) 84.12(0.10) 85.92(0.15) 82.31(0.10)

LLaMA3.2-3B

Param. 3B 12.85M 146K 143K 573K 10.09M 10.13M 10.09M 10.13M

SquAD-v2
EM 71.69(0.01) 75.79(0.25) 69.88(0.04) 70.75(0.05) 72.07(0.06) 76.05(0.05) 76.94(0.14) 77.71(0.10) 74.45(0.10)
F1 79.28(0.04) 83.06(0.19) 77.12(0.12) 78.05(0.10) 79.50(0.10) 83.21(0.07) 84.16(0.08) 84.97(0.10) 81.49(0.10)

XSum
R-1 41.22(0.40) 42.35(0.50) 37.87(0.20) 38.31(0.05) 39.27(0.05) 42.59(0.07) 43.15(0.21) 42.79(0.17) 43.25(0.11)
R-2 18.03(0.17) 18.96(0.26) 14.96(0.30) 15.46(0.05) 16.23(0.03) 19.15(0.08) 19.77(0.20) 19.37(0.15) 19.87(0.09)
R-L 32.72(0.21) 34.09(0.26) 29.90(0.05) 30.35(0.03) 31.20(0.01) 34.31(0.11) 34.96(0.20) 34.35(0.17) 35.06(0.09)

T5-3B

Param. 3B 17.69M 888K 885K 3.54M 14.16M 14.18M 14.16M 14.18M

SquAD-v2
EM 79.65(0.23) 79.65(0.22) 76.53(0.10) 77.60(0.15) 78.41(0.10) 79.05(0.10) 79.13(0.06) 79.44(0.08) 79.42(0.05)
F1 86.49(0.17) 86.48(0.16) 83.30(0.10) 84.48(0.12) 85.17(0.10) 85.98(0.10) 86.06(0.06) 86.27(0.11) 86.24(0.06)

XSum
R-1 46.12(0.05) 44.61(0.04) 41.30(0.08) 81.74(0.10) 42.63(0.10) 44.16(0.05) 44.10(0.10) 44.38(0.04) 44.23(0.10)
R-2 22.56(0.06) 20.79(0.06) 17.58(0.10) 17.97(0.07) 18.76(0.06) 20.32(0.06) 20.31(0.11) 20.61(0.11) 20.57(0.11)
R-L 37.86(0.05) 36.42(0.06) 32.94(0.10) 33.46(0.12) 34.36(0.10) 35.89(0.05) 35.81(0.11) 36.16(0.09) 36.12(0.11)

Table 2: Quantitative results of experiments. Superscript (d) indicates a diagonal matrix is incorporated into the
adapter. * denotes numbers reported in prior work. Results are averaged over three seeds for GPT2-Large and
RoBERTa-Large, two seeds for LLaMA3.2-3B and T5-3B. For all metrics, higher values indicate better performance,
except for TER. MCC indicates Matthews correlation coefficient (See Appendix B.5).

5.1 Inference Latency Benchmarking

Experimental Setup We ensure fair and consis-
tent inference latency measurements by standardiz-
ing our experimental setup: (1) Parameter budget
alignment: Adapter configurations are chosen to
keep parameter counts comparable across models
(see Appendix for details). (2) Fixed input and out-
put lengths: Models are evaluated with 1024-token
inputs and, for generative models, 128-token out-
puts. (3) Consistent hardware and measurements:
All experiments run on an NVIDIA A100 GPU (80
GB), with each latency measurement repeated 100
times for statistical reliability.
Results Figure 3 shows inference latency
(ms/token) for T5-3B, LLaMA-3.2-3B, and GPT-
2 Large, across baseline and proposed adapters.
Latency is measured as token generation time, ob-
tained by subtracting prompt processing time from
total inference time. Prompt processing latencies,
and latency plots for RoBERTa-Large and Stable
Diffusion v1-4 are provided in the Appendix.

As shown in Figure 3, IA3 achieves the lowest
latency, as it introduces only a lightweight scal-
ing vector applied to layer activations. GAWS and
GAWS-D consistently attain the second-lowest la-
tency across all evaluated models. This perfor-
mance advantage arises from their efficient design,
which avoids the segmented CUDA kernel invo-
cations required by competing methods such as

VeRA and RoAd. Notably, GAWS closes approx-
imately 40% of the latency gap between LoRA
and the base model. A Wilcoxon signed-rank test
confirms that GAWS is significantly faster than
LoRA (p < 0.001). Although GAWS-D matches
GAWS in terms of parameter count and FLOPs, it
exhibits slightly higher latency due to a less cache-
friendly, dilated memory access pattern. In contrast,
GAWS relies on sequential memory accesses with
improved data locality, leading to more efficient
execution.

5.2 Fine-tuning Accuracy Evaluation

Experimental Setup To assess whether GAWS
matches the accuracy of the selected baselines, we
fine-tune all models on downstream tasks. GPT-
2 Large is fine-tuned for text-to-table generation
on WebNLG (Gardent et al., 2017) and DART
(Nan et al., 2021). LLaMA 3.2-3B and T5-3B are
fine-tuned on question answering (SQuAD v2) (Ra-
jpurkar et al., 2018) and summarization (XSum)
(Narayan et al., 2018). RoBERTa Large is fine-
tuned on GLUE benchmarks MRPC, RTE, and
CoLA (Wang et al., 2019). Stable Diffusion v1-4 is
fine-tuned on a subject-driven DreamBooth dataset
(Ruiz et al., 2023). Experiments with GPT-2 Large
and RoBERTa Large are conducted on an NVIDIA
P40 (24 GB), while LLaMA 3.2-3B, T5-3B, and
Stable Diffusion v1-4 are run on an NVIDIA A100
(80 GB).
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Figure 4: (a) Cosine similarity of layer activations heatmap in LLaMA3.2-3B fine-tuned on SQuAD-v2 with LoRA
and our adapters. Despite structural differences, GAWS and LoRA yield highly similar activation patterns. (b)
Qualitative results for subject-driven text-to-image generation with Stable Diffusion v1-4. Our adapters consistently
produce images that faithfully follow the prompt.

Hyperparameters, including learning rate, batch
size, gradient accumulation, and adapter dimen-
sions are selected via grid search. Full dataset and
evaluation metrics details, adapter initialization,
and hyperparameter configurations are provided in
Appendix B.
Results Table 2 summarizes task performance for
the baseline methods and our proposed adapters.
GAWS consistently outperforms IA3 and RoAd
in accuracy across all experiments. While IA3
achieves lower latency than GAWS, it suffers from
substantially reduced accuracy. In contrast, GAWS
lies on a more favorable Pareto frontier, provid-
ing a balanced solution for scenarios where both
latency and task accuracy are critical. GAWS
achieves accuracy comparable to LoRA and VeRA
across all tasks, and in some cases matches or
surpasses their performance. A one-sample t-
test on relative performance further confirms that
GAWS is non-inferior to LoRA within a 1% margin
(p < 0.05), demonstrating that GAWS preserves
accuracy while providing significantly improved
latency.
For the subject-driven text-to-image generation
task, Figure 4b presents qualitative results for a
toy robot subject using a Stable Diffusion v1-4
model fine-tuned with both baseline and proposed
adapters. Our adapters consistently generate high-
quality images that accurately reflect the input
prompts.

6 Ablation Experiments

We conduct a series of ablation studies to analyze
GAWS from both architectural and system-level
perspectives. Our evaluation focuses on four com-
plementary aspects: (i) architectural variations, (ii)
representational similarity, (iii) adapter behavior

under compiler optimizations, and (iv) memory
efficiency.

6.1 Architectural Variants

We evaluate two GAWS modifications: (i) revers-
ing the matrix multiplication order (GAWS-D) and
(ii) adding a diagonal scaling matrix. As shown
in Table 2, both changes yield consistent, incre-
mental performance gains. GAWS-D generally
outperforms GAWS, indicating that reversing
the multiplication order is beneficial. Adding
diagonal scaling (GAWS(d)) provides further
improvements, and combining both modifications
(GAWS-D(d)) often matches or exceeds any
other variant. These results suggest that matrix
direction and diagonal scaling are complementary
design choices that enhance GAWS’s represen-
tational capacity with minimal parameter overhead.

6.2 Representation Similarity

Although GAWS and LoRA differ structurally,
LoRA uses low-rank decomposition, while GAWS
enforces a structured Kronecker product, it remains
unclear whether they learn similar representations.
To investigate this, we extract layer-wise activa-
tions from models fine-tuned with LoRA, GAWS,
and GAWS-D by running inference on the fine-
tuning test sets. We compute cosine similarity
between LoRA activations and those of the other
adapters. Figure 4a shows activations similarity
heatmap for LLaMA 3.2-3B on SQuAD v2. De-
spite architectural differences, GAWS and GAWS-
D exhibit activation patterns closely aligned with
LoRA across layers, indicating convergence to
comparable representations.
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6.3 GAWS Behavior under Compiler
Optimizations

Modern deep learning systems rely on compiler
optimizations (e.g., torch.compile, TensorRT) to
reduce execution overhead via graph fusion and ker-
nel specialization. However, these gains largely as-
sume static computation graphs and degrade in dy-
namic serving settings where adapters are swapped
at runtime. In such cases, adapter parameters are
treated as inputs, restricting fusion opportunities
between the base model and adapter computations.

GAWS addresses this limitation at the architec-
tural level by reformulating LoRA updates into a
single-pass computation. This reduces dependence
on compiler-level fusion and preserves latency ben-
efits even under constrained compilation.

We evaluate base model, LoRA, and GAWS
under torch.compile with max-autotune, using
runtime-provided adapters to simulate dynamic
swapping. Experiments are run on LLaMA3.2-3B
with 1024-token prompts and batch size 1, aver-
aged over 50 runs. The results are summarized in
Table 3.

Method Avg. Latency (ms/token)
Base Model 23.07
LoRA 27.79
GAWS 26.40

Table 3: Token generation latency under
torch.compile with dynamic adapter inputs on
LLaMA3.2-3B, evaluated with a 1024-token prompt
and batch size 1.

As shown in Table 3, GAWS consistently re-
duces latency relative to LoRA, recovering approx-
imately 30% of the gap between LoRA and the base
model. This demonstrates that the architectural sim-
plification of GAWS remains effective even when
compiler optimizations are limited.

6.4 GAWS Memory Efficiency

Although GAWS uses a single matrix parameteriza-
tion while LoRA relies on a two-matrix decompo-
sition, both methods are configured with a compa-
rable number of trainable parameters in our experi-
ments. Consequently, their parameter and gradient
storage requirements are effectively equivalent.

To empirically assess memory usage, we mea-
sure GPU allocated memory, GPU peak memory,
and CPU memory during training on LLaMA3.2-
3B. The results are reported in Table 4.

Method GPU Allocated (GB) GPU Peak (GB) CPU (GB)
LoRA 12.38 45.17 2.26
GAWS 12.38 41.13 2.27

Table 4: Training memory usage comparison on
LLaMA3.2-3B, reporting GPU allocated memory, GPU
peak memory, and CPU memory.

As shown in Table 4, the allocated GPU mem-
ory is identical across methods, confirming com-
parable parameter and gradient storage. However,
GAWS reduces peak GPU memory usage by ap-
proximately 4 GB, indicating improved runtime
memory efficiency.

This reduction stems from the underlying archi-
tectural difference. LoRA’s two-stage low-rank
decomposition introduces intermediate activations
(e.g., projections into the rank space) that must
be materialized and retained for backpropagation.
In contrast, GAWS reformulates the update as a
single matrix multiplication, eliminating these in-
termediate tensors and their associated backward
buffers. As a result, fewer transient activations are
stored during forward and backward passes, lead-
ing to lower peak memory usage despite similar
parameter counts.

7 Conclusion

We propose GAWS, a parameter- and latency-
efficient fine-tuning method based on a structured
Kronecker product decomposition for grouped
weight sharing. This design reduces segmented
CUDA kernel calls, improving inference speed
while preserving rank and expressiveness. GAWS
closes 40% of the latency gap between non-merged
LoRA and a no-adapter baseline, while maintain-
ing comparable parameter efficiency and accuracy.
These properties make our adapter suitable for
latency-sensitive, per-request deployment where
adapters remain unmerged, such as multi-tenant
serving with quantized base models or on-device
dynamic adapter swapping.

Limitations

The GAWS adapter design introduces structural
constraints tied to each layer’s input and output
dimensions: the grouping hyperparameter s must
divide both, restricting valid adapter configurations.
However, this constraint can be relaxed using stan-
dard padding, without affecting correctness or the
underlying formulation.
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A GAWS-D Adaptation Scheme

Figure 5 illustrates the GAWS-D adaptation
scheme. GAWS-D differs from GAWS in how
∆W is constructed: due to the non-commutative
nature of the Kronecker product, altering the order
of decomposition components leads to a distinct
design.

B Experiment Details

B.1 Adapters
Multiple adapters were utilized in the inference la-
tency benchmarking. A description of each adapter
is provided below:

• Low-Rank Adaptation (LoRA) (Hu et al.,
2022) injects small, trainable low-rank matri-
ces into transformer layers. It decomposes the
weight update matrix ∆W into two smaller
matrices (down projection) and (up projection)
of rank r , reducing the number of trainable
parameters significantly. The weight update
matrix is formulated as: ∆W = AB.

• Vector-based Random Matrix Adaptation
(VeRA) (Kopiczko et al., 2024) adapts models
by freezing a shared pair of randomly initial-
ized low-rank matrices across all layers and
learning only small scaling vectors.

• IA3 (Liu et al., 2022a) is a parameter-
efficient adaptation method that applies
learned, element-wise scaling vectors to in-
termediate activations.

• 2D rotary adaptation (RoAd) (Liao and
Monz, 2024) applies learned two-dimensional
rotations to layer activations for efficient
model adaptation.

B.2 Additional Adapting Methods Considered
We also explored Prefix Tuning. Although it pro-
vides substantial latency improvements (closing
92% of the gap), it leads to a notable reduction

in accuracy (e.g., SQuAD-v2 EM of 58.77 on
LLaMA3.2-3B), exhibiting a trade-off profile simi-
lar to IA3 that prioritizes speed at the cost of task
performance.

B.3 Models

Below is a description of each model employed in
the experiments section:

• Text-To-Text Transfer Transformer (T5-
3B) (Raffel et al., 2023) is an encoder-decoder
transformer model with 3 billion parameters,
consisting of 24 encoder and 24 decoder lay-
ers and an embedding dimension of 1024. It is
distinguished by its use of relative position en-
codings, which improve the model’s handling
of input sequences.

• Large Language Model Meta AI (LLaMA
3.2-3B) (Grattafiori et al., 2024) is a decoder-
only transformer with 3 billion parameters
and 28 decoder layers, featuring a larger em-
bedding dimension of 3072. This model in-
corporates grouped-query attention (GQA) for
faster inference, SwiGLU activation functions,
and rotary positional embeddings (RoPE) for
better positional awareness.

• Generative Pre-trained Transformer (GPT-
2 Large) (Radford et al., 2019) is a decoder-
only transformer with approximately 774 mil-
lion parameters, 36 layers, and an embedding
dimension of 1280. GPT-2 Large relies on a
standard attention mechanism without rotary
or grouped-query attention and uses learned
positional embeddings.

• Robustly Optimized BERT Approach
(RoBERTa-Large) (Liu et al., 2019) is an
encoder-only model with approximately 355
million parameters, 24 layers, and a hidden
size of 1024. It uses the standard self attention
mechanism and employs learned positional
embeddings. RoBERTa-large is trained with
a masked language modeling (MLM) objec-
tive and removes the next sentence predic-
tion task found in BERT (Devlin et al., 2018),
enabling improved performance through dy-
namic masking.

B.4 Datasets

We carefully selected datasets that align with the
strengths and architectural design of each model.
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Figure 5: GAWS-D adaptation scheme. (a) The weight update matrix ∆W is formulated as a Kronecker product
between a trainable matrix W ∗ and a fixed structured identity matrix I . (b) This structure enables efficient group-
wise weight sharing by transforming the matrix product X ×∆W into a group-wise operation, where each input
group in X shares the same W ∗. (c) The resulting design supports highly efficient computation, as illustrated.

For LLaMA3.2-3B and T5-3B, we utilize XSum
and SQuAD v2, which are challenging text gen-
eration tasks that require strong contextual un-
derstanding and generation capabilities. GPT2-
Large, on the other hand, is finetuned on DART
and WebNLG, tasks that are less demanding and
better suited for capabilites of smaller decoder only
models. For RoBERTa-Large, we select three repre-
sentative tasks from the GLUE benchmark, which
are more aligned with encoder only architectures.
A brief description of each selected dataset is pro-
vided below.

• Extreme Summarization (XSum) (Narayan
et al., 2018) is designed for abstractive single-
document summarization. It consists of BBC
news articles from 2010 to 2017 across di-
verse domains such as News, Politics, Sports,
Technology, and more. Each article is paired
with a one-sentence summary. Dataset size:
Total articles: 226,711, Training set: 204,045,
Validation set: 11,332, Test set: 11,334.

• Stanford Question Answering Dataset
(SQuAD v2.0) (Rajpurkar et al., 2018) is
a reading comprehension dataset with ques-
tions created by crowdworkers on Wikipedia
passages. It contains both answerable and
unanswerable questions, where unanswerable

questions are crafted to resemble answerable
ones.Dataset size: Total questions: 142,192
(including 50,000 unanswerable), Training
set: 129,819, Validation set: 500, Test set:
11,873.

• Web Natural Language Generation
(WebNLG) (Gardent et al., 2017) focuses
on generating text from structured data. It
consists of sets of 1 to 7 resource description
framework (RDF) triples (subject-predicate-
object) from DBpedia and corresponding
natural language verbalizations. The test set
spans 15 domains, with 5 domains unseen
during training. Dataset size: Training set:
18,025, Validation set: 2,258, Test set: 4,928.

• DAta Record to Text generation (DART)
(Nan et al., 2021) contains RDF entity-relation
triples annotated with sentence-level descrip-
tions that comprehensively cover the facts.
It aggregates data from multiple existing
datasets including WikiTableQuestions, Wik-
iSQL, WebNLG, and Cleaned E2E. Dataset
size: Training set: 62,659, Validation set:
6,980, Test set: 12,552.

• The General Language Understanding
Evaluation Benchmark(GLUE) (Wang
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Figure 6: Inference latency (ms) for RoBERTa-Large across various adapter methods. (Left) absolute latency, (Right)
normalized latency, computed as (latencyLoRA − latencyadapter)/(latencyLoRA − latencyno-adapter). Measurements
were taken using an input sequence length of 1024 tokens, with batch size = 1, under standard Pytorch eager mode
CUDA execution. GAWS and GAWS-D consistently achieve the lowest latency among all evaluated adapters,
demonstrating their efficiency for real-time deployment.

et al., 2019) is a collection of natural language
understanding tasks designed to evaluate a
model’s performance across a broad range
of linguistic capabilities. It focuses on three
major task categories: (1) natural language
inference, (2) similarity and paraphrase
detection, (3) single-sentence classification
tasks such as sentiment analysis and linguistic
acceptability. GLUE consists of nine tasks
in total, from which we selected three
representative tasks, each corresponding to
one of the three major categories. Table 5
presents the selected datasets along with their
descriptions and dataset sizes.

Dataset Description Train Val Test

MRPC Paraphrase detection
dataset collected from
news articles.

3.7k 408 1.7k

CoLA Acceptability judgment
dataset from linguistics
publications.

8.5k 1k 1k

RTE Inference dataset as-
sessing whether a hy-
pothesis follows from a
premise.

2.5k 278 3k

Table 5: Selected GLUE benchmark tasks with descrip-
tions and dataset sizes.

B.5 Metrics

In our experiments, we employed a range of task-
specific evaluation metrics, meticulously chosen to
align with the unique characteristics and objectives
of each task. For example, Exact Match and F1

score are used for SQuAD-v2 to evaluate both pre-
cise answer correctness and partial overlap. Rouge
is applied to XSum to assess summarization quality
through n-gram overlap. BLEU and TER measure
generation quality for DART and WebNLG, cap-
turing both accuracy and edit distance. Matthews
Correlation Coefficient is used for CoLA to handle
imbalanced binary classification, while Accuracy
serves as a straightforward performance measure
for RTE and MRPC. Below, we provide a brief
description of each metric.

• Exact Match (EM) is a strict metric that as-
signs a score of 1 if the predicted answer ex-
actly matches the ground truth answer; other-
wise, it assigns 0. Definition:

EM =

{
1, if predicted = ground truth
0, otherwise

(15)

• F1 Score evaluates the average overlap be-
tween the predicted and ground truth answers
at the token level, balancing precision and re-
call. Definition:

F1 = 2× Precision × Recall
Precision + Recall

(16)

where

Precision =
Correctly predicted tokens

Total predicted tokens
(17)

Recall =
Correctly predicted tokens

Total tokens in ground truth
(18)
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Model Finetuning
SQuAD-v2 XSum

BS LR GAS Epochs BS LR GAS Epochs

LLaMA3.2-3B

FFT 1 2.00E-05 64 3 1 4.00E-05 32 3
LoRAr=32 4 4.00E-04 16 2 4 8.00E-04 16 3

IA3 4 1.00E-03 16 2 4 1.00E-03 16 3
VeRAr=32 4 1.00E-03 16 2 4 1.00E-03 16 3
RoAdv=4 4 1.00E-03 16 2 4 1.00E-03 16 3
GAWSs=6 1 1.00E-04 16 2 2 1.00E-04 16 3
GAWS(d)

s=6 2 4.00E-04 32 2 1 4.00E-04 16 3
GAWS-Ds=6 1 1.00E-04 16 2 2 1.00E-04 16 3
GAWS-D(d)

s=6 1 4.00E-04 16 2 2 8.00E-04 16 3

T5-3B

FFT 1 4.00E-05 16 6 1 4.00E-05 16 6
LoRAr=16 4 4.00E-04 4 3 4 4.00E-04 4 3

IA3 4 1.00E-03 4 3 4 1.00E-03 4 3
VeRAr=16 4 1.00E-03 4 3 4 1.00E-03 4 3
RoAdv=4 4 1.00E-03 4 3 4 1.00E-03 4 3
GAWSs=8 4 1.00E-03 4 3 4 1.00E-03 4 3
GAWS(d)

s=8 4 1.00E-03 4 3 4 1.00E-03 4 3
GAWS-Ds=8 4 1.00E-03 4 3 4 1.00E-03 4 3
GAWS-D(d)

s=8 4 1.00E-03 4 3 4 1.00E-03 4 3

Table 6: LLaMA3.2-3B and T5-3B hyperparameter values utilized in SQuAD-v2 and XSum experiments. BS
indicates batch size, LR indicates learning rate, and GAS indicates gradient accumulation steps.

Model
WebNLG DART

Finetuning BS LR GAS Weight decay Label smooth Epochs Finetuning BS LR GAS Weight decay Label smooth Epochs

GPT2-Large

FFT 6 5.00E-05 1 0.01 0.1 5 FFT 10 1.00E-05 1 0 0 10
LoRAr=32 8 2.00E-04 1 0.01 0.1 5 LoRAr=16 8 2.00E-04 1 0 0 5
VeRAr=32 4 1.00E-03 2 0.01 0.1 5 VeRAr=16 4 1.00E-03 2 0 0 5

IA3 4 1.00E-03 2 0.01 0.1 5 IA3 4 1.00E-03 2 0 0 5
RoAdv=4 4 1.00E-03 2 0.01 0.1 5 RoAdv=4 4 1.00E-03 2 0 0 5
GAWSs=5 4 4.00E-04 2 0.01 0.1 5 GAWSs=10 4 4.00E-04 2 0 0 5
GAWS(d)

s=5 4 4.00E-04 2 0.01 0.1 5 GAWS(d)
s=10 4 4.00E-04 2 0 0 5

GAWS-Ds=5 4 4.00E-04 2 0.01 0.1 5 GAWS-Ds=10 4 4.00E-04 2 0 0 5
GAWS-D(d)

s=5 4 4.00E-04 2 0.01 0.1 5 GAWS-D(d)
s=10 4 8.00E-04 2 0 0 5

Table 7: GPT2-Large hyperparameter values utilized in WebNLG and DART experiments. BS indicates batch size,
LR indicates learning rate, and GAS indicates gradient accumulation steps.

• BLEU (Bilingual Evaluation Understudy)
(Papineni et al., 2002) measures the quality of
machine-generated text by comparing overlap-
ping n-grams with one or more reference texts.
It ranges from 0 to 100, with higher scores in-
dicating better quality. BLEU incorporates a
brevity penalty to penalize short outputs. Def-
inition:

BLEU = BP × exp

(
N∑

n=1

wn log pn

)
(19)

Where:

– pn: Precision of n-grams (overlap be-
tween generated and reference n-grams)

– wn: Weight for each n-gram order (typi-
cally uniform)

– BP: Brevity Penalty

• Translation Error Rate (TER) (Snover et al.,
2006) measures the minimum number of ed-

its (insertions, deletions, substitutions, shifts)
needed to change a machine-generated text
into a reference text. Lower TER indicates
better quality. Definition:

TER =
Number of edits

Total reference words
(20)

• ROUGE (Recall-Oriented Understudy for
Gisting Evaluation) (Lin, 2004) evaluates
summarization quality by measuring the over-
lap of n-grams or subsequences between the
generated summary and reference summaries,
focusing on recall.It ranges from 0 to 100,
with higher scores indicating better quality.
Definition:

ROUGE =
Number of overlapping n-grams

Total n-grams in reference
(21)

Rouge score variants:

– ROUGE-N: Overlap of n-grams of
length n.
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Model
CoLA MRPC RTE

Finetuning BS LR Epochs Finetuning BS LR Epochs Finetuning BS LR Epochs

RoBERTa-Large

LoRAr=8 4 2.00E-04 20 LoRAr=8 4 1.00E-04 20 LoRAr=8 4 2.00E-04 20
IA3 4 1.00E-03 20 IA3 8 1.00E-03 20 IA3 4 1.00E-03 20

VeRAr=8 4 1.00E-03 20 VeRAr=8 8 1.00E-03 20 VeRAr=8 4 1.00E-03 20
RoAdv=4 4 1.00E-03 20 RoAdv=4 8 1.00E-03 20 RoAdv=4 4 1.00E-03 20
GAWSs=8 10 4.00E-04 20 GAWSs=8 4 3.00E-04 20 GAWSs=8 4 4.00E-04 20
GAWS(d)

s=8 8 4.00E-04 20 GAWS(d)
s=8 4 6.00E-04 20 GAWS(d)

s=8 4 5.00E-04 20
GAWS-Ds=8 8 4.00E-04 20 GAWS-Ds=8 4 4.00E-04 20 GAWS-Ds=8 8 6.00E-04 20
GAWS-D(d)

s=8 4 7.00E-04 20 GAWS-D(d)
s=8 4 6.00E-04 20 GAWS-D(d)

s=8 4 9.00E-04 20

Table 8: RoBERTa-Large hyperparameter values utilized in CoLA, MRPC and RTE experiments. BS indicates
batch size, and LR indicates learning rate.

– ROUGE-L: Measures the longest com-
mon subsequence (LCS) between candi-
date and reference texts.

• Matthews Correlation Coefficient (MCC)
(Matthews, 1975) is a balanced measure for
evaluating binary classification tasks, espe-
cially useful when classes are imbalanced. It
takes into account true and false positives and
negatives and returns a value between −1 and
1, where 1 indicates perfect prediction, 0 ran-
dom prediction, and −1 total disagreement.
Definition:

MCC =
TP · TN − FP · FN√
(TP + FP )(TP + FN)

×

1√
(TN + FP )(TN + FN)

(22)

where TP = True Positives, TN = True Neg-
atives, FP = False Positives, FN = False
Negatives.

• Accuracy measures the proportion of cor-
rectly predicted instances over the total num-
ber of instances. It is simple and effective
when the class distribution is balanced. The
score ranges from 0 to 1, with higher values
indicating better performance. Definition:

Accuracy =
Number of correct predictions
Total number of predictions

(23)

B.6 Hyperparameters
Tables 6, 7, and 8 present the hyperparameters used
in the experiments. A grid search was performed
to identify the optimal settings. The search ranges
were as follows: batch size from 1 to 10 (incre-
mented by 1), learning rate from 1e-4 to 1e-3 (in-
cremented by 1e-4), and gradient accumulation

Figure 7: Prompt processing latency(ms) for
LLaMA3.2-3B, GPT2-Large, T5-3B across various
adapter methods. Measurements were taken using an
input sequence length of 1024 tokens, with batch size =
1, under standard Pytorch eager mode CUDA execution.
GAWS and GAWS-D consistently achieve the lowest
latency among all evaluated adapters, demonstrating
their efficiency for real-time deployment.

steps from 1 to 32 (incremented by 2). All baseline
adapters are initialized following their original im-
plementation, while GAWS and GAWS-D are zero-
initialized to avoid disrupting pretrained weights.
Adapters are integrated into the key, query, and
value projections of the attention mechanism for
all models, except for RoBERTa, where they are
applied only to the query and value weights.

B.7 Inference Latency Benchmarking

This section provides additional details related to
the latency evaluations presented in the main paper.

As shown in Figure 1, unmerged LoRA intro-
duces latency overhead due to segmented CUDA
kernel calls arising from sequential matrix multi-
plications. Table 9 offers further implementation
details for the latency experiments in Figure 1. For
each adapter, it lists the adapted modules, hyperpa-
rameters, and the total number of adapter parame-
ters.

For the generative models used in our
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Model Adapter Adapted Modules
Adapter Time per Token

Parameters (ms/token)

LLaMA3.2-1B

No Adapter - - 16.04
LoRAr=16 Q K V 2.36M 22.02
GAWSs=8 Q K V 3.15M 19.45

GAWS-Ds=8 Q K V 3.15M 22.02

LLaMA3.2-3B

No Adapter - - 25.98
LoRAr=25 Q K V 10.04M 36.10
GAWSs=6 Q K V 10.09M 31.77

GAWS-Ds=6 Q K V 10.09M 33.22

LLaMA3.1-8B

No Adapter - - 33.91
LoRAr=21 Q K V 12.39M 45.59
GAWSs=8 Q K V 12.58M 39.99

GAWS-Ds=8 Q K V 12.58M 40.39

Table 9: Inference latency (ms/token) measured on
LLaMA models of three sizes (1B, 3B, and 8B) under
four config- urations: no-adapter, unmerged versions of
LoRA, GAWS, and GAWS-D. The table summarizes
the implementation details corresponding to Figure 1.

Model Adapter Adapted Modules
Adapter First Token Time per Token

Parameters Time(ms) (ms/token)

LLaMA3.2-3B

No Adapter - - 81.50 25.98
LoRAr=25 Q K V 10.04M 84.62 36.10

IA3 Q K V 143K 82.41 31.18
VeRAr=25 Q K V 145K 85.57 37.83
RoAdv=4 Q K V 9.63M 87.71 51.71
GAWSs=6 Q K V 10.09M 84.87 31.77

GAWS-Ds=6 Q K V 10.09M 85.81 33.22

GPT2-Large

No Adapter - - 31.06 20.06
LoRAr=32 cattn 5.90M 33.76 25.44

IA3 cattn 138K 32.44 22.46
VeRAr=32 cattn 139K 34.48 25.87
RoAdv=4 cattn 553K 36.90 30.73
GAWSs=5 cattn 7.08M 33.33 23.85

GAWS-Ds=5 cattn 7.08M 33.72 24.08

T5-3B

No Adapter - - 74.35 27.98
LoRAr=12 Q K V 13.27M 96.90 40.58

IA3 Q K V 884K 83.74 33.67
VeRAr=12 Q K V 887K 100.31 41.61
RoAdv=4 Q K V 3.54M 120.17 54.65
GAWSs=8 Q K V 14.16M 87.64 35.37

GAWS-Ds=8 Q K V 14.16M 91.89 36.88

Table 10: Inference latency (ms/token) for T5-3B,
LLaMA3.2-3B, and GPT-Large across various adapter
methods. The table summarizes the implementation de-
tails corresponding to Figures 3 and 7. The subscript v
in the RoAd adapter denotes the variant.

Model Adapter Adapted Modules
Adapter Processing

Parameters Time(ms)

RoBERTa-Large

No Adapter - - 15.18
LoRAr=32 Q K V 5.77M 23.97

IA3 Q K V 1.13M K 17.95
VeRAr=32 Q K V 1.13M 24.60
RoAdv=4 Q K V 1.35M 33.44
GAWSs=4 Q K V 5.77M 19.06

GAWS-Ds=4 Q K V 5.77M 21.03

Table 11: Inference latency (ms) for RoBERTa-Large
across various adapter methods. The table summarizes
the implementation details corresponding to Figure 6.
The subscript v in the RoAd adapter denotes the variant.

experiments(GPT2-Large, LLaMA3.2-3B, and T5-
3B)latency is divided into two stages: prompt pro-
cessing and token generation. Figure 7 shows
prompt processing latency across baseline adapters
and our proposed adapter methods. This comple-
ments Figure 3, which reports latency per generated
token. Table 10 provides implementation specifics
for the experiments shown in Figures 3 and 7, in-

cluding the adapted modules, adapter configura-
tions, and parameter counts.

For RoBERTa-Large, which is an encoder-only
model, Figure 6 presents processing latency across
all adapters. Table 11 provides corresponding im-
plementation details for this figure.

C Impact of Grouping Factor

We conducted ablation studies to observe the effect
of varying the grouping factor s on both latency
and task accuracy. While inference latency remains
uniformly stable across different s values due to
GPU parallelization hiding the FLOP variations,
downstream task performance exhibits no universal
behavior. As shown in Table 12, whether perfor-
mance saturates or scales with the parameter count
is highly dependent on the specific model architec-
ture and task. Consequently, s should be treated
as a tunable hyperparameter based on the target
deployment.

Model Task s Params Metric 1 Metric 2

GPT2-Large
WebNLG

5 7.08M 56.38 0.39
10 1.77M 56.60 0.39

DART
5 7.08M 47.45 0.48
10 1.77M 48.19 0.47

Llama3.2-3B
SQuAD-v2

6 10.09M 76.05 83.21
8 4.82M 74.42 81.51

XSum
6 10.09M 42.59 34.31
8 4.82M 42.88 34.67

Llama3.2-3B (Query-only) SQuAD-v2
6 7.34M 75.36 82.72
12 1.84M 73.50 80.89
24 459K 70.16 77.53

T5-3B
SQuAD-v2

8 14.16M 79.05 85.98
16 3.54M 79.00 85.88

XSum
8 14.16M 44.16 35.89
16 3.54M 43.30 35.01

Table 12: Performance across models and tasks un-
der varying grouping factors s. Metric columns Met-
ric1/Metric2 correspond to BLEU/TER for DART
and WebNLG, EM/F1 for SQuAD-v2, and ROUGE-
1/ROUGE-L for XSum. Adapter placement follows the
configuration described in Appendix B.6; the “Query-
only” experiment applies adapters exclusively to the
query matrix.
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