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Abstract

In multi-task mixture-of-experts parameter-
efficient fine-tuning, fixed-rank Low-Rank
Adaptation (LoRA) adapters often struggle to
accommodate the heterogeneous representation
requirements across different tasks and net-
work layers. Existing methods mainly focus
on task-level expert selection, layer-wise rank
allocation, or post-training parameter compres-
sion, making it difficult to jointly character-
ize low-rank capacity differences across tasks,
layers, and modules within a unified frame-
work. To address this issue, we propose Group-
Sparse Routing-aware Low-Rank Adaptation
(GSR-LoRA), a routing-aware structured rank
compression method for multi-task parameter-
efficient fine-tuning (PEFT). Specifically, we
model low-rank components as selectable rank
groups and use a task-dependent router to allo-
cate rank capacity across tasks. Furthermore,
we introduce a Group Lasso structured sparsity
constraint to suppress redundant rank groups
during training, forming a prunable adapter
structure. During compression, we select rank
groups by jointly considering parameter im-
portance and routing usage signals, and map
the router to the compressed rank space to
obtain compact LoRA adapters that remain
consistent with task routing. Experiments on
GLUE show that GSR-LoRA reduces the av-
erage adapter rank from 16 to 5.5, removing
65.6% of rank components with only a 0.1-
point performance degradation. These results
demonstrate its ability to learn compact task-
adaptive LoRA adapters while preserving multi-
task performance. The code is available at
https://github.com/HNLP93/GSR-LoRA.

1 Introduction

Multi-task learning aims to improve model gen-
eralization through knowledge sharing across
tasks (Caruana, 1997; Zhang et al., 2023; Zhang
and Yang, 2022; Chen et al., 2024; Yu et al., 2024).
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Figure 1: Standard LoRA assigns the same rank budget
across tasks, layers, and modules, while the actual low-
rank capacity demands may vary substantially. This
mismatch can lead to rigid rank allocation, redundant
parameters, and limited compression potential.

However, substantial semantic differences, objec-
tive discrepancies, and variations in optimization
difficulty commonly exist among tasks, making
it challenging for a unified parameter adaptation
structure to balance expressive capacity and pa-
rameter efficiency. Mixture-of-experts models dy-
namically select substructures that provide differ-
ent tasks with more appropriate parameter paths,
thereby modeling task heterogeneity and achieving
a better balance between shared and task-specific
modeling (Ma et al., 2018; Cai et al., 2025; Ma-
soudnia and Ebrahimpour, 2014; Liu et al., 2026;
Pan et al., 2026). Meanwhile, parameter-efficient
fine-tuning significantly reduces the adaptation cost
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https://github.com/HNLP93/GSR-LoRA

of large models by updating only a small num-
ber of additional parameters (Han et al., 2024;
Houlsby et al., 2019; Ding et al., 2023b; Wang et al.,
2025a). Among these methods, LoRA achieves a
favorable trade-off between efficiency and perfor-
mance through low-rank parameterization, and has
become a representative approach in parameter-
efficient fine-tuning (Hu et al., 2022; Mao et al.,
2025; Zhu and Nguyen, 2025).

However, standard LoRA typically adopts a pre-
defined fixed-rank configuration, where different
tasks, layers, and modules share the same low-rank
budget. As illustrated in Figure 1, although this de-
sign simplifies implementation, it also introduces
clear limitations. In multi-task MoE fine-tuning,
different tasks may exhibit diverse semantic objec-
tives, optimization difficulties, and representation
requirements, while different layers and modules
also play distinct roles in feature transformation.
Therefore, the fixed-rank LoRA can hardly match
the heterogeneous low-rank adaptation demands
across tasks, layers, and modules.

Existing studies have improved fixed-rank LoRA
along three main directions. Multi-task low-rank
expert methods, such as MoRE (Zhang et al.,
2025), MoDE (Ning et al., 2025), and MAL-
oRA (Wang et al., 2025b), enhance adaptation
flexibility through task-aware expert selection or
low-rank substructure composition, but mainly fo-
cus on task-level differences. Adaptive-rank meth-
ods, including ALoRA (Liu et al., 2024), Au-
toLoRA (Zhang et al., 2024b), DyLoRA (Valipour
et al., 2023), SalientLoRA (Ke et al., 2024),
AROMA (Sheng et al., 2025), and GeLoRA (Ed-
dib et al., 2025), adjust rank budgets based on
layer importance or component contribution, yet
seldom model task-specific capacity demands.
Sparsification and compression methods, such as
SoRA (Ding et al., 2023a), RoseLoRA (Wang et al.,
2024), LoRAPrune (Zhang et al., 2024a), and SVD-
based LoRA compression (Chen and Zheng, 2026),
reduce adapter redundancy but typically treat com-
pression independently from multi-task routing.
Thus, existing methods rarely capture the coupled
heterogeneity of low-rank demands across tasks,
layers, and modules within a unified multi-task
PEFT framework.

Based on the above issue, we propose GSR-
LoRA, a routing-aware structured LoRA rank com-
pression method for multi-task PEFT. GSR-LoRA
views LoRA rank groups as lightweight low-rank
experts within a shared adapter space, enabling

task-dependent capacity allocation without intro-
ducing separate expert modules. Different from
prefix-based dynamic-rank methods, which as-
sume that important rank components appear in
earlier positions, GSR-LoRA allows non-prefix
rank groups to be retained during compression.
Specifically, we use a task-dependent router to
allocate rank groups across tasks and introduce
Group Lasso structured sparsity to suppress redun-
dant groups during training. During compression,
rank groups are selected according to both parame-
ter importance and router usage, and the router is
remapped to the compressed rank space for consis-
tent task-specific routing.

Experimental results on the GLUE benchmark
show that the proposed method improves low-rank
parameter utilization while preserving multi-task
adaptability, and learns compact adapter structures
with heterogeneous rank distributions. Specifically,
under an initial rank setting of 16, GSR-LoRA
compresses the average retained rank to 5.5, re-
moving approximately 65.6% of rank components
with only a 0.1-point drop in average performance.
In addition, layer-wise and module-wise analysis
shows that the retained ranks are not reduced uni-
formly, but exhibit differentiated patterns across
attention and feed-forward modules. This obser-
vation verifies the structural heterogeneity of low-
rank demands in multi-task settings and indicates
that the proposed method can adapt more finely
to the representational needs of different substruc-
tures.

The main contributions of this work are summa-
rized as follows:

* We propose GSR-LoRA, a routing-aware
structured rank compression framework that
adaptively allocates LoRA capacity across
tasks, layers, and modules for multi-task
PEFT.

* We combine task-dependent rank routing with
Group Lasso structured sparsity, enabling re-
dundant rank groups to be learned and pruned
in a unified training-to-compression pipeline.

* We design a router-aware group selection strat-
egy based on parameter importance and router
usage, with router remapping to the com-
pressed rank space. On GLUE benchmark,
GSR-LoRA removes 65.6% of rank compo-
nents with only a 0.1-point performance degra-
dation.
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2 Related Work

2.1 Multi-task PEFT and Low-rank Expert
Modeling

Recent studies have improved fixed-rank LoRA
for multi-task PEFT by introducing task-aware
low-rank experts or selection mechanisms. Rep-
resentative methods include MoRE, which formu-
lates multi-task adaptation as a mixture of low-
rank experts with adaptive rank selection; MoDE,
which composes finer-grained dyadic experts; and
MALOoRA, which improves multi-task adaptation
through asymmetric low-rank experts (Zhang et al.,
2025; Ning et al., 2025; Wang et al., 2025b). These
methods show that expert selection and task-aware
low-rank routing can enhance the flexibility of
multi-task PEFT. However, they mainly focus on
task-level expert allocation or low-rank substruc-
ture composition, while paying less attention to
layer-level and module-level differences in low-
rank capacity requirements.

2.2 Adaptive Rank Allocation for LoRA

Another line of work explores adaptive rank alloca-
tion to overcome the rigidity of manually specified
LoRA ranks. DyLoRA learns ordered and nested
low-rank representations that support multiple pre-
fix rank budgets (Valipour et al., 2023). ALoRA
reallocates LoRA budgets according to rank im-
portance (Liu et al., 2024), while AutoLoRA for-
mulates rank selection as a meta-learning prob-
lem (Zhang et al., 2024b). Other methods further
study adaptive rank construction from different
perspectives, such as salience-based intrinsic rank
analysis in SalientLoRA, rank-one component com-
position in AROMA, and geometry-guided rank
selection in GeLoRA (Ke et al., 2024; Sheng et al.,
2025; Ed-dib et al., 2025). Although these methods
improve rank flexibility, they mainly estimate rank
budgets from layer-wise or component-wise im-
portance and seldom model task-specific capacity
demands in multi-task settings.

2.3 Sparsification, Pruning, and Compression
of LoRA Adapters

LoRA sparsification and compression methods aim
to reduce adapter redundancy for more efficient de-
ployment. SoRA introduces sparse low-rank adap-
tation with dynamic rank control, RoseLoRA im-
poses row- and column-wise sparsity on low-rank
updates, and LoRAPrune combines structured prun-
ing with parameter-efficient fine-tuning (Ding et al.,

2023a; Wang et al., 2024; Zhang et al., 2024a). Re-
cent post-training methods further compress trained
LoRA adapters through singular value decomposi-
tion based reconstruction (Chen and Zheng, 2026).
These studies demonstrate that LoRA adapters con-
tain substantial structural redundancy. However,
most of them focus on parameter removal or post-
training reconstruction, while providing limited
modeling of how redundant low-rank components
emerge during multi-task training and how com-
pression should interact with task-specific capacity
requirements.

3 Methodology

GSR-LoRA follows a two-stage design. During
training, GSR-LoRA learns task-dependent effec-
tive ranks through prefix routing and induces struc-
tured sparsity over LoRA rank groups. After train-
ing, GSR-LoRA converts the learned sparsity into
real compression through router-aware non-prefix
group selection.

3.1 Problem Setup

We consider multi-task PEFT with LoRA adapters.
Given a frozen linear weight W & R%ut*din
LoRA introduces a low-rank update:

AW = BA,

ey
max din dou max
A € R/maxXdin B ¢ R%utXTmax

where 7. 1S the initial maximum rank. Standard
LoRA assigns the same rank budget to all tasks, lay-
ers, and modules, which may be inefficient under
heterogeneous multi-task demands.

We decompose each LoRA adapter into rank
groups and view each group as a lightweight low-
rank expert. For layer [, the k-th rank group is:

0 _ 40 0]
Ik _{A[k,:]’B[:,k}}‘ 2

Accordingly, the LoRA update is:

0 _ X2 50 40
AWD =3 " B AY, 3)
k=1
3.2 Task-dependent Prefix Routing

To allocate different effective ranks to different
tasks, we introduce a task-dependent router for
each LoRA module. Given a task embedding e;,
the router predicts a distribution over candidate
prefix ranks:

pgl) = softmax (G(l)(et)) ) pgl) € R™max_ (4)
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Figure 2: Overview of GSR-LoRA. (a) Fixed-rank LoRA assigns the same rank budget to all tasks, layers and
modules. (b) During training, GSR-LoRA treats LoRA rank groups as lightweight low-rank experts and learns
task-dependent prefix routing under Group Lasso sparsity. (¢) During compression, router-aware non-prefix group
selection removes redundant rank groups and remaps the prefix router to the compressed rank space.

During training, we use a straight-through argmax
operation to obtain a prefix-rank decision:

agl) = STArgmax(pgl)) , 5)
where agfz = 1 means that task ¢ selects prefix rank

r at layer [. The corresponding prefix mask over
rank groups is:

mb — ad
tk - t7"7

r=k

mtk €{0,1}. (6)

Thus, selecting prefix rank r activates rank groups
1,...,r and masks out the remaining groups. The
task-specific LoRA update is:

Tmax
! ) 1) 40
AW =3 ma Bl Ay )
k=1

3.3 Group-sparse Multi-task Training

During multi-task training, we first sample a task ¢
according to the task-sampling distribution 7r and
then draw a mini-batch B; from its dataset D;. All
examples in a mini-batch therefore belong to the
same task.

For the sampled task, the complete training ob-
jective is:
L= 'CS2S + Aclﬁcl + )\glﬁgl

3
+ Aentﬁent + )\rank»cranlm

where Lgo; is the token-level sequence-to-sequence
cross-entropy loss of T5.

Task-embedding contrastive loss. Let hl()l) de-
note the representation of example b at LoORA mod-
ule [. We define:

l
N cos(hg),ej)

biT T g ©)
and:
. L exp(zélz)
cl — — (l) .
I=1b Z] 16X p(zb])

(10)
This objective encourages representations from the
sampled task to align with the corresponding task
embedding while remaining distinguishable from
other task embeddings.
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Group Lasso regularization. For each rank

group, we define:

S —\/HAMH B, +e

and impose:

1D

L rmax

This regularizer promotes structured sparsity at the
rank-group level by jointly shrinking the corre-
sponding row of A and column of B, providing
a structured basis for subsequent rank-group com-
pression.

(12)

Router regularization.
rank probabilities p,(;l) defined in Sec. 3.2, we mini-

mize the normalized router entropy:

rmax (l) (l)

Using the soft prefix-

Dkt Py 108 Py
: 13
ent L Z IOg Timax ) ( )
and the expected normalized rank:
L rmax
rank = Z Z kz Tmax (14)

The entropy regularizer encourages more decisive
prefix-rank distributions, whereas the rank regu-
larizer biases the router toward smaller effective
ranks.

3.4 Router-aware Non-prefix Compression

Although training uses prefix routing for stable ca-
pacity control, important rank groups are not neces-
sarily concentrated in prefix positions. Therefore,
after training, GSR-LoRA performs router-aware
non-prefix group selection.

We first compute the router usage of each rank
group from the prefix masks:

15)

Then, we combine parameter magnitude and router
usage to score each group:

=0 ()

where ~y controls the strength of router-aware selec-
tion. When v = 0, the score reduces to magnitude-
only pruning.

(16)

Given a threshold 7, the retained group set is:

Kk = {k

A minimum retained rank is applied to avoid over-
compression. Let K = {ky, ... , K,/ } be the or-
dered retained indices. The compressed LoRA fac-
tors are:

i

— 0 > T} . a7

max; q;

A’ (‘l)

[],:] = A(l) B/(l) = B[(l,?k]]’ j = 1’ .. '7’]";'

[kj,:]° [:,]

(18)
Since non-prefix selection changes the rank in-
dex space, the prefix router is remapped to the
compressed adapter. For the original prefix-rank
decision rgl) =y ag 3 the compressed mask

is:
my) =1 [kj < r,ﬁ”] L j=1,...,r (19
The final adapter consists of the retained LoRA fac-

tors and the remapped router, enabling task-specific
rank usage without storing pruned rank groups.

4 Experiment

4.1 Datasets

We evaluate GSR-LoRA on the GLUE benchmark,
a standard multi-task benchmark for natural lan-
guage understanding (Wang et al., 2018). We
use eight tasks: CoLA, SST-2, MRPC, STS-B,
QQP, MNLI, QNLI, and RTE, covering grammati-
cal acceptability, sentiment classification, seman-
tic equivalence, semantic similarity, and natural
language inference. The diversity in task objec-
tives, data scales, and optimization difficulty makes
GLUE suitable for evaluating multi-task PEFT
and analyzing heterogeneous low-rank capacity de-
mands.

4.2 Evaluation Metrics

We evaluate GSR-LoRA in terms of task perfor-
mance and compression effectiveness. Following
the standard GLUE protocol, we use MCC for
CoLA, Pearson correlation for STS-B, and Accu-
racy for the remaining tasks. The arithmetic mean
over the eight tasks is reported as Avg. To measure
adapter compactness, we report Avg Rank, defined
as the average number of LoRA rank groups used
by each LoRA-adapted module during evaluation.
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Method CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE Avg AvgRank
T5-base(220M)
Fixed-rank LoORA  58.4 93.1 89.2 90.2 89.5 86.3 926 714 838 16.0
MoRE 61.3 94.1 86.8 90.5 90.2 85.9 929 727 843 16.0
MoDE 58.5 93.7 87.9 90.4 88.9 86.2 91.8 75.6 84.1 16.0
MALoRA 57.7 93.3 88.4 90.1 90.2 85.8 92,6 734 839 16.0
ALoRA 59.9 93.8 88.1 89.9 90.7 86.1 92.1 723 84.1 16.0
AutoLoRA 58.2 93.7 88.3 90.7 89.7 86.8 927 714 839 8.3
SoRA 57.9 93.9 89.9 89.7 90.4 86.8 91.7 735 842 8.7
GSR-LoRA 58.1 94.2 88.7 90.2 90.3 86.3 93.2 755 84.6 5.5
T5-Large(770M)
Fixed-rank LoRA  60.9 95.8 89.7 914 90.6 88.2 943 812 86.5 16.0
MoRE 59.5 96.3 90.1 91.4 91.0 89.3 94.0 827 86.8 16.0
MoDE 62.6 95.5 88.8 91.5 91.1 89.3 941 812 86.8 16.0
MALoORA 64.3 95.6 89.0 90.8 90.1 89.2 939 827 87.0 16.0
ALoRA 62.7 96.1 89.3 91.2 91.0 89.5 94.1 831 87.1 16.0
AutoLoRA 62.7 96.0 89.2 91.2 90.2 89.4 941 823 869 7.3
SoRA 62.2 95.9 88.0 91.5 90.8 89.6 93.6 834 869 6.9
GSR-LoRA 63.1 95.5 89.5 91.7 90.9 89.5 940 84.1 873 4.2

Table 1: Results are averaged over three random seeds. The best results are shown in bold, and the second-best
results are underlined. Statistical significance of GSR-LoRA over the strongest baseline is evaluated using a paired

t-test, with p < 0.05.

4.3 Experimental Setup

All experiments are conducted on 2x Ascend NPU
910B3 devices. We use T5 (Raffel et al., 2020)
as the backbone and apply LoRA to g, k, v, o, wi,
and wo modules, with initial rank = 16, scaling
factor o« = 32, and dropout rate 0.1. Models are
trained for 10 epochs using AdamW with a learn-
ing rate of 3 x 10~%, weight decay of 0.01, and
500 warmup steps. For GSR-LoRA, we set the
contrastive temperature 7.; = 0.05, the numerical
stability constant € = 1078, and the loss coeffi-
cients A\ = 0.1, Ay = 1075, Aent = 1073, and
Arank = 10~%. These hyperparameters are shared
across all tasks and model scales.

4.4 Baselines

We compare GSR-LoRA with three groups of base-
lines.

Fixed-rank PEFT. We include fixed-rank LoRA
as the fundamental PEFT baseline under a uniform
rank budget.

Multi-task low-rank expert methods. We com-
pare with representative multi-task PEFT methods,
including MoRE, MoDE, and MALoRA (Zhang
et al.,, 2025; Ning et al.,, 2025; Wang et al.,
2025b). These methods improve multi-task adap-
tation through low-rank expert selection, dyadic
expert composition, or asymmetric low-rank expert
design, making them closely related to task-aware
low-rank modeling.

Adaptive-rank and sparsity-based LoRA
methods. We further compare with ALORA, Au-
toLoRA, and SoRA (Liu et al., 2024; Zhang et al.,
2024b; Ding et al., 2023a). ALoRA and Au-
toLoRA adapt LoRA ranks based on component or
layer importance, while SORA introduces sparsity-
aware dynamic rank control. These baselines eval-
uate whether GSR-LoRA improves over existing
adaptive-rank and sparsification strategies.

All baselines are implemented under the same
T5 backbone and use identical optimization hy-
perparameters. Except for the adaptation and rank-
allocation mechanisms, all training settings are kept
the same to ensure a fair comparison.

4.5 Main Results

GSR-LoRA achieves the best average perfor-
mance on both T5-base and T5-Large while using
the lowest average rank, demonstrating a strong
performance—compression trade-off.

Table 1 reports the main results on GLUE. For
T5-base, GSR-LoRA obtains an average score of
84.6, outperforming the strongest baseline MoRE
by 0.3 points and fixed-rank LoRA by 0.8 points.
At the same time, it reduces the average rank from
16.0 to 5.5. Compared with AutoLoRA and SoRA,
GSR-LoRA achieves higher average performance
with fewer retained rank components, suggesting
that task-dependent rank routing is more effective
than purely layer or sparsity-based rank reduction
in multi-task PEFT.
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Variant

T5-base

TS-Large

GLUE Avg Avg Rank GLUE Avg Avg Rank

Rank-matched ablations

w/ Random Selection 83.1 5.5 86.3 4.2
w/o Task Router 83.5 5.5 86.8 4.2
w/o Group Lasso 83.7 5.5 86.6 4.2
GSR-LoRA 84.6 5.5 87.3 4.2
Compression-related references

w/o Non-prefix Selection 84.6 15.2 87.2 14.6
w/o Post-training Pruning 84.7 16.0 87.6 16.0

Table 2: Ablation study of GSR-LoRA on the GLUE benchmark. Rank-matched ablations use the same average
retained rank as GSR-LoRA and are ordered by T5-base GLUE Avg. The w/o Non-prefix Selection variant evaluates
the compression efficiency of non-prefix group selection, while w/o Post-training Pruning serves as an uncompressed

upper reference.

For T5-Large, GSR-LoRA reaches the highest
average score of 87.3, surpassing ALoRA by 0.2
points, while further reducing the average rank to
4.2. This consistent improvement across model
scales indicates that the proposed method does not
simply benefit from over-parameterization in small
adapters, but can also identify and remove redun-
dant low-rank groups in larger backbones.

Although GSR-LoRA is not the best on every in-
dividual task, it achieves the strongest overall aver-
age. This is desirable in multi-task learning, where
the key challenge is to balance heterogeneous task
requirements rather than optimize a single task.
The task-level results show that GSR-LoRA re-
mains competitive across classification, similarity,
and inference tasks, indicating that routing-aware
rank selection preserves useful task-specific capac-
ity under a compact adapter structure.

Overall, these results demonstrate that GSR-
LoRA provides a favorable balance between task
performance and rank compression. Rather than
simply reducing rank uniformly, GSR-LoRA learns
task-dependent rank usage and removes redundant
rank groups in a structured manner. This enables
the model to preserve useful low-rank capacity
for heterogeneous tasks while achieving a much
smaller effective rank.

Additional multi-domain results and retained-
rank analyses on LLaMA-2 7B are provided in
Appendix E.

4.6 Ablation Studies

We further examine how each component con-
tributes to the performance—compression trade-off
of GSR-LoRA. For rank-matched variants, the av-
erage retained rank is kept identical to GSR-LoRA,
so that the comparison mainly reflects the quality

of routing and rank-group selection rather than dif-
ferences in compression budget. The results are
reported in Table 2.

Additional ablations of the individual loss com-
ponents are provided in Appendix F.

Removing the task router consistently degrades
performance on both backbones, indicating that
a task-agnostic rank allocation cannot sufficiently
capture the heterogeneous capacity demands across
tasks. Similarly, removing Group Lasso leads
to lower GLUE averages, suggesting that struc-
tured sparsity is important for making redundant
rank groups identifiable before pruning. Random
group selection performs the worst among the rank-
matched variants, which further shows that the ef-
fectiveness of GSR-LoRA does not come from re-
taining a fixed number of rank groups alone, but
from preserving informative low-rank components.

The compression-related variants reveal the
source of parameter efficiency. Without non-prefix
selection, the model can maintain comparable per-
formance, but only by retaining substantially higher
average ranks. This indicates that important rank
groups are not always located in early prefix posi-
tions, and prefix-constrained retention introduces
considerable redundancy. The uncompressed vari-
ant achieves slightly higher performance, but keeps
the full rank of 16. After post-training pruning,
GSR-LoRA preserves nearly the same performance
while reducing the average retained rank by more
than two-thirds.

Overall, these results demonstrate that the strong
trade-off of GSR-LoRA is jointly enabled by task-
dependent routing, Group Lasso sparsity, and
router-aware non-prefix group selection, rather than
by naive rank reduction.
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Figure 3: Distribution of effective layer-wise retained
ranks after compression (T5-base).

4.7 Compression and Structural Analysis

To further examine how GSR-LoRA compresses
low-rank adapters, we analyze the retained-rank
distributions on T5-base across layers, modules,
and Transformer blocks. The corresponding analy-
sis on T5-Large is provided in Appendix A.

4.7.1 Overall Distribution of Effective
Retained Ranks

The retained-rank distribution shows that GSR-
LoRA performs selective rather than uniform com-
pression. Instead of reducing all layers to a similar
compact rank, GSR-LoRA learns heterogeneous
retained-rank patterns across layers, with effective
ranks spanning from 1 to 16. As shown in Figure 3,
many layers are compressed to very small ranks,
with rank 1 appearing most frequently, indicating
substantial redundancy in many LoRA adapters.
At the same time, several layers still preserve high
ranks, including ranks above 10 and one full-rank
layer, suggesting that certain substructures remain
capacity-sensitive after multi-task fine-tuning.

Overall, the average retained rank is reduced
from 16 to 5.5, corresponding to a 65.6% rank re-
duction. The coexistence of highly compressed and
high-rank layers indicates that low-rank capacity
demand is strongly layer-dependent. This finding
supports the non-prefix group selection design of
GSR-LoRA, as important rank groups are not nec-
essarily concentrated in early prefix positions and
can be more effectively preserved through selective
retention than through uniform or purely prefix-
constrained compression.

4.7.2 Module-wise retained-rank
heterogeneity

GSR-LoRA also exhibits clear module-dependent
compression behavior. As shown in Figure 4, differ-

Average Kept Rank by Module Type

8 10 12 14 16
Average kept rank

0 2 4 6

Figure 4: Average retained rank for different module
types (T5-base).

ent projection modules retain substantially different
average ranks, indicating heterogeneous low-rank
capacity demands across functional components.
Among the six module types, q retains the highest
average rank of 9.03, followed by wi with 7.62. In
contrast, o, wo, and k are compressed more aggres-
sively, with average retained ranks of 3.53, 3.92,
and 4.11, respectively, while v remains in the mid-
dle with 4.75.

This pattern suggests that query projection
and input-side feed-forward transformation re-
quire more low-rank capacity for preserving task-
adaptive representations. The high retained rank
of g indicates the importance of task-dependent at-
tention query formation, while the relatively high
rank of wi reflects the role of feed-forward fea-
ture expansion. By contrast, the lower ranks of o,
wo, and k suggest that these modules contain more
compressible low-rank redundancy.

Overall, the module-wise imbalance supports
adaptive rank allocation. Unlike fixed-rank LoRA,
which assigns the same rank budget to all mod-
ules, GSR-LoRA preserves capacity where it is
structurally more needed and removes redundant
low-rank dimensions elsewhere, leading to more
efficient parameter utilization.

4.7.3 Block-wise and Encoder-Decoder
Retained-rank Patterns

The block-wise retained ranks show that GSR-
LoRA learns depth- and stack-dependent compres-
sion patterns. As shown in Figure 6, the average re-
tained rank varies substantially across Transformer
blocks rather than following a flat profile. Early
encoder blocks generally retain higher ranks, while
several middle and late decoder blocks are com-
pressed more aggressively, suggesting that encoder-
side representation construction requires more low-
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Figure 5: Encoder—decoder retained-rank gap across Transformer blocks and module types. Each value denotes the
retained-rank difference between the encoder and decoder at the same block index and module type.

Layer-wise Retained Rank Across Transformer Blocks
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Figure 6: Layer-wise average retained-rank patterns
across Transformer blocks (T5-base).

rank capacity.

Figure 5 further shows clear encoder—decoder
asymmetry. The largest gaps appear in the g and wi
modules, where the encoder usually retains more
capacity than the decoder. This indicates that query
formation and input-side feed-forward transforma-
tion are more sensitive to compression. Other mod-
ules, such as o, k, v, and wo, exhibit more mixed
patterns, showing that compression cannot be ex-
plained by a single global rule.

Overall, these results confirm that low-rank
capacity demand is depth-, stack-, and module-
dependent. GSR-LoRA therefore preserves capac-
ity in structurally important components while ag-
gressively compressing redundant ones.

5 Conclusion

We proposed GSR-LoRA, a routing-aware struc-
tured rank compression method for multi-task
PEFT. By integrating task-dependent rank rout-
ing, Group Lasso sparsity, and router-aware non-
prefix selection, GSR-LoRA learns compact task-
adaptive LoRA adapters under heterogeneous
multi-task demands. Our analysis highlights the
benefits of adaptive, structure-aware rank alloca-
tion across tasks, LORA modules, network depth,

and encoder—decoder stacks.

Our main experiments on T5-base and T5-Large
demonstrate that GSR-LoRA can achieve a favor-
able performance—compression trade-off across dif-
ferent model scales. Additional multi-domain re-
sults on LLaMA-2 7B in Appendix E further pro-
vide evidence of its applicability to larger models.
Future work will explore broader model families,
larger-scale instruction-tuning settings, and finer-
grained compression guided by task and routing
dynamics.

Limitations

This work has several limitations. First, our main
experiments remain concentrated on GLUE with
T5-base and T5-Large. Although additional re-
sults on LLaMA-2 7B are provided in Appendix E,
broader evaluations across more diverse tasks,
model families, and instruction-tuning settings are
still needed.

Second, our system-level evaluation is prelimi-
nary. Adapter compression substantially reduces
storage, whereas end-to-end latency, memory, and
throughput gains are more modest and depend on
hardware and implementation. Further evaluation
on different platforms and optimized kernels is
therefore needed.

Finally, GSR-LoRA focuses on structured LoRA
rank-group compression, while interactions among
task characteristics, routing behavior, and rank
utilization remain underexplored. Extending the
framework to broader multi-task and MoE settings
is left for future work.
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A Additional Rank Analysis on T5-Large

To complement the analysis on T5-base, we further
examine the retained-rank patterns of GSR-LoRA
on T5-Large. The results show similar structural
trends, but with stronger compression: the aver-
age retained rank is reduced to 4.2, indicating that
larger backbones contain substantial low-rank re-
dundancy that can be removed without sacrificing
multi-task performance.

A.1 Module-wise rank allocation

GSR-LoRA learns clearly non-uniform rank bud-
gets across module types. As shown in Figure 7,
the g projection retains the highest average rank,
while wi also preserves relatively larger capac-
ity. In contrast, o, wo, v, and k are compressed
more aggressively. This pattern suggests that query
formation and feed-forward feature expansion re-
main more capacity-sensitive, whereas several out-
put and key/value-related projections contain more
compressible low-rank redundancy.

More importantly, the selected prefix span is
consistently larger than the final retained rank. For
example, g has an average prefix span of 10.7 but
an average retained rank of 8.7, while wi decreases
from 7.2 to 4.7. This gap shows that non-prefix se-
lection further removes redundant groups inside the
selected prefix region, rather than simply keeping
a contiguous prefix.

A.2 Prefix budget and compression source

Figure 8 further explains where the compression
comes from. The total rank budget decreases from
6144 original rank groups to 2526 groups under pre-
fix selection, and is further reduced to 1623 groups
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Rank Allocation Analysis of GSR-LoRA

Module-wise Rank Allocation
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Figure 7: Rank allocation analysis of GSR-LoRA on T5-Large.

after non-prefix retention. Thus, the final com-
pressed adapter keeps only 26.4% of the original
rank groups. At the module level, the rank saving
is highly uneven: q is compressed less aggressively,
while o, wo, v, and k achieve much larger savings.
This confirms that GSR-LoRA does not apply a uni-
form compression ratio, but allocates rank capacity
according to module-specific importance.

A.3 Depth-wise and encoder—decoder
patterns

The heatmaps in Figure 9 show that retained
ranks are also strongly depth- and stack-dependent.
Encoder-side q retains high ranks across many
blocks, often close to the maximum rank, while
decoder-side modules are generally compressed
more aggressively. The wi module also exhibits
several high-rank regions in the encoder, suggest-
ing that encoder-side feed-forward expansion re-
mains important for preserving shared multi-task
representations. By contrast, decoder-side o, wo, k,
and v often retain much smaller ranks, indicating
larger redundancy in these substructures.

The prefix-depth map in Figure 10 provides a
complementary view. Some encoder modules se-
lect deep prefixes even when the final retained

rank is much smaller, implying that useful rank
groups may appear at later rank positions. This
supports the non-prefix compression design: im-
portant groups should be selected by their learned
contribution rather than by their prefix order alone.

A.4 Group selection behavior

Figure 11 shows that router usage is strongly bi-
ased toward early rank positions, but the effective
contribution strength is not limited to the earliest
ranks. Although the first few rank groups domi-
nate the total contribution, several later positions
still retain non-negligible strength. This explains
why pure prefix retention can be inefficient: it may
need to keep many intermediate groups to preserve
useful high-index components. Router-aware non-
prefix selection avoids this by directly retaining
informative groups and removing skipped redun-
dant groups.

Overall, the T5-Large analysis reinforces the
main findings from T5-base. Low-rank capacity de-
mand is not only task-dependent, but also module-,
depth-, and stack-dependent. GSR-LoRA captures
this heterogeneity by combining prefix routing with
non-prefix group selection, enabling stronger com-
pression while preserving structurally important
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Prefix Budget Analysis
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Figure 8: Prefix budget analysis of GSR-LoRA on T5-Large.

low-rank capacity.

B Artifact Licenses

We use publicly available datasets and pretrained
models in accordance with their respective licenses
and terms of use. These resources include the
GLUE benchmark, T5 checkpoints, LLaMA-2 7B,
and the additional evaluation benchmarks used in
our multi-domain experiments. Our released code
will include a license file specifying its terms of
use.

C Potential Risks

GSR-LoRA reduces the cost of multi-task PEFT,
but may also facilitate unintended model customiza-
tion. Compressed adapters may inherit model or
data biases, so safety and robustness should be eval-
uated before high-stakes deployment.

D Inference Efficiency on TS-Large

We further evaluate the practical efficiency of GSR-
LoRA on T5-Large. To distinguish adapter-level
compression from end-to-end system efficiency, we
report the performance—compression trade-off and
inference measurements separately.

Method Rank Param. Red. GLUE Storage
Uncompressed 16.00 0.0% 87.60 116.00 MB
T =0.01 4.23 633% 8727 42.62MB
T =0.05 4.17 63.5% 8729 42.34MB
7 =0.10 4.08 63.9% 87.22 41.87 MB
7T =0.30 3.45 66.8% 87.24 38.55MB
T = 0.50 2.85 69.5% 87.15 35.38 MB
T =0.70 2.13 73.1% 8697 31.18 MB
T = 1.00 1.00 792% 86.41 24.16 MB

Table 3: Performance—compression trade-off of GSR-
LoRA on T5-Large. Param. Red. denotes adapter
parameter reduction, and Storage refers to adapter stor-
age.

As shown in Table 3, GSR-LoRA substantially
reduces adapter-level storage while largely pre-
serving task performance. Across different com-
pression thresholds, the average retained rank de-
creases from 16.00 to 4.23—-1.00, while adapter
storage is reduced from 116.00 MB to 42.62-24.16
MB, corresponding to a 63.3%—79.2% reduction
in adapter parameters. The results demonstrate a
clear trade-off between compression ratio and task
performance as the threshold increases.

Table 4 reports the corresponding end-to-end in-
ference measurements. Compression reduces peak
memory by approximately 56-69 MB across the
evaluated settings. Batch-1 latency is generally
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Figure 9: Encoder and decoder retained-rank heatmaps on T5-Large.
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Figure 10: Encoder prefix-depth map on T5-Large.
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Figure 11: Group selection mechanism analysis of GSR-LoRA on T5-Large.

lower than that of the uncompressed model, but the  cally with the retained rank. At batch size 304, the
reduction is modest and does not vary monotoni-  measured throughput remains comparable but does
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Method Mem; Lat.; Memgsgs Thr.304

Uncompressed 1898.29 3672.13 6030.33  57.13

T =0.01 1842.01 3469.09 597433  55.19
T =0.05 1841.82 3552.50 5974.13  54.81
7 =0.10 1841.50 3536.88 5973.81  56.29
7 =0.30 1839.24 3619.94 5971.55  55.57
7 = 0.50 1837.00 3585.30 5969.33  55.79
T =0.70 1834.08 3573.49 5966.41  53.56
T = 1.00 1829.10 3601.13 5961.43  54.24

Table 4: End-to-end inference efficiency on T5-Large.
Mem; and Memj3g4 denote peak memory (MB) at batch
sizes 1 and 304, respectively; Lat.; denotes batch-1 la-
tency (ms), and Thr.504 denotes throughput (samples/s)
at batch size 304.

Method #Params Latency MedMCQA HumanEval GSM8K
LLaMA-2 7BT - - 342 14.6 132
LoRAT 2.10%  833.3 432 34.8 34.0
AsyLoRAT 2.20% - 433 31.1 27.6
DoRAT 2.10% 1020.9 413 323 326
MoAsyLoRAT 2.30% - 40.6 24.4 23.9
MoLoRA T 220% 1072.3 42.1 29.3 33.1
MoLAT 1.50% - 41.0 24.4 33.4
MALoRA-Small’  1.60% - 41.0 29.9 34.0
MALORA* 230% 11735 40.8 322 326
GSR-LoRA* 0.99% 1042.7 409 30.9 33.7

Table 5: Additional evaluation on LLaMA-2 7B. La-
tency is reported in us.

not exceed the uncompressed baseline of 57.13
samples/s.

These results indicate that the primary efficiency
benefit of GSR-LoRA lies in substantial adapter-
level storage reduction and modest peak-memory
savings, rather than substantial end-to-end accel-
eration. The limited wall-clock improvement is
expected because the frozen T5-Large backbone
and dense NPU kernels still dominate the overall
inference cost.

E Additional Evaluation on LLaMA-2 7B

To further evaluate the scalability and generaliza-
tion of GSR-LoRA, we conduct additional experi-
ments on LLaMA-2 7B. We report multi-domain
evaluation results together with a detailed analysis
of the retained-rank distributions across different
projection modules.

E.1 Multi-Domain Evaluation

Tables 5 and 6 report the results on seven bench-
marks covering medical reasoning, code genera-
tion, mathematical reasoning, financial sentiment
analysis, commonsense reasoning, and data-to-text
generation.

Except for the hardware platform, all training
configurations, evaluation protocols, and hyperpa-

Method PhraseBank ARC-C ARC-E E2E AVG.
LLaMA-2 7B' 576 431 755 217 37.1
LoRAT 69.6 59.1 765 65.9 54.7
AsyLoRAT 742 598 778 655 542
DoRAT 740  60.0  75.6 66.5 54.6
MoAsyLoRAf 730 585 760 658 51.7
MoLoRA 781  61.1 781 65.6 55.3
MoLAT 76.1  59.1 779 663 54.1
MALORA-Small ' 80.3 594 712 657 554
MALoRA* 814 617 748 66.1 55.7
GSR-LoRA* 822 623  75.1 66.6 56.0

Table 6: Additional task-wise results on LLaMA-2 7B.
t Results are taken from the original MALORA paper.
f MALoRA and GSR-LoRA are evaluated using our
implementation, with task scores averaged over two
random seeds.

Module Mean Rank Median Rank Compression < 4 > 12
q_proj 8.00 6.5 50.0% 8 9
k_proj 9.16 9.5 42.8% 7 9
v_proj 8.97 10.0 43.9% 8 13
0_proj 8.47 8.0 47.1% 12 11
gate_proj 4.78 2.5 70.1% 20 4
up_proj 4.38 4.5 72.7% 16 0
down_proj 5.28 4.5 67.0% 16 2
Table 7: Module-wise retained-rank statistics on

LLaMA-2 7B. Compression is measured relative to the
initial rank » = 16. The last two columns report the
numbers of layers with retained rank no greater than 4
and no smaller than 12, respectively.

rameter settings follow MALoRA. The latency of
MALORA and GSR-LoRA is measured under the
same hardware and evaluation environment.

GSR-LoRA achieves the highest average score
of 56.0 while using only 0.99% trainable param-
eters. Compared with MALoRA, GSR-LoRA re-
duces the trainable parameter ratio from 2.30% to
0.99% while achieving a slightly higher average
score. It also obtains the best results on Phrase-
Bank, ARC-C, and E2E. The latency remains com-
parable to the evaluated multi-task LoRA variants,
indicating that the main efficiency benefit comes
from adapter parameter reduction rather than sub-
stantial end-to-end acceleration.

E.2 Module-wise Retained-Rank Analysis

Starting from an initial rank of »r = 16, GSR-
LoRA learns non-uniform retained-rank distribu-
tions across different projection modules, as sum-
marized in Table 7.

The results reveal clear module-level heterogene-
ity. The attention projection modules retain an av-
erage rank of 8.65, whereas the feed-forward pro-
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Variant GLUE Avg Avg Rank

w/o L 84.0 5.7
W/0 Lent 84.3 6.2
W/0 Lrank 84.7 7.3
Full 84.6 5.5

Table 8: Ablation of individual auxiliary loss compo-
nents on T5-base. The Group Lasso ablation is reported
separately in Table 2.

jection modules retain an average rank of only 4.81.
In particular, k_proj and v_proj retain relatively
high average ranks, and 13 v_proj layers retain
ranks of at least 12. In contrast, the feed-forward
modules show substantially greater compression
potential: gate_proj, up_proj, and down_proj
achieve compression ratios of 70.1%, 72.7%, and
67.0%, respectively. Notably, no up_proj layer
retains a rank of at least 12, while 20 gate_proj
layers retain ranks no greater than 4.

Further inspection of the layer-wise retained-
rank patterns suggests that rank allocation also
varies with network depth. = Some shallow
gate_proj modules retain relatively high ranks,
while middle-layer k_proj and v_proj modules
tend to preserve more capacity. Some deeper
o_proj modules also retain relatively high ranks.
These observations indicate that low-rank capacity
requirements vary jointly across network depth and
module type.

These functional interpretations are based on the
observed rank-allocation patterns rather than direct
causal evidence of module functionality. Never-
theless, the results provide additional empirical
support for heterogeneous rather than uniform rank
allocation in large language models.

F Additional Loss-component Ablations

We further examine the individual contributions of
the auxiliary loss components in the complete train-
ing objective. The results on T5-base are reported
in Table 8.

Removing L. mainly degrades task perfor-
mance, while removing L., moderately increases
the retained rank. Without £, .., the GLUE score
remains comparable, but the average rank increases
from 5.5 to 7.3, confirming its role in encouraging
compact rank allocation. Overall, the auxiliary
objectives provide complementary supervision for
task-aware routing and rank compression.
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