
StructTune: Structured Sparse Fine-Tuning for Efficient Adaptation of
Large Language Models

Yuyang Liu⋄ Lai-Man Po⋄∗ Kwok-Wai Cheung† Zeyu Jiang⋄

Haoxuan Wu⋄ Kun Li⋄ Xuyuan Xu‡

⋄City University of Hong Kong, Hong Kong SAR, China
{yuyangliu5, eelmpo, zeyujiang4}-c@my.cityu.edu.hk

{haoxuanwu2, kunli25}-c@my.cityu.edu.hk

†The Hang Seng University of Hong Kong, Hong Kong SAR, China
keithcheung@hsu.edu.hk

‡MagicLight Technology Co., Ltd, China
evan@magiclight.ai

Abstract

Parameter-efficient fine-tuning (PEFT)
methods like LoRA have become crucial
for adapting large language models under
computational constraints. While LoRA
focuses on dense weight updates, recent
sparse methods propose updating only
selected portions of pretrained weights.
However, these sparse approaches pre-
dominantly use element-wise parameter
selection, overlooking inherent structured
patterns in LLM weight distributions. We
introduce StructTune1, a PEFT method
that uses entire rows or columns as basic
units for identifying task-relevant sparse
components. Our analysis reveals LLaMA
models exhibit distinct structured patterns
in pretrained weights, with fine-tuning
updates showing structured amplification
rather than uniform changes. We develop a
sensitivity-based framework to efficiently
identify task-relevant weight structures
without full fine-tuning. Experiments on
mathematical reasoning and code genera-
tion demonstrate StructTune’s structured
sparse updates outperform both dense
LoRA and element-wise sparse methods
while maintaining computational efficiency.
Ablation studies validate our sensitivity-
based selection strategy, confirming the
efficacy of exploiting structured weight
patterns in PEFT.

∗ The corresponding author.
1code will be released at https://github.com/

LiuYYGitH/StructTune_TACL

1 Introduction

Large Language Models (LLMs) (Achiam et al.,
2023; Touvron et al., 2023; Grattafiori et al.,
2024) have revolutionized natural language pro-
cessing with exceptional generalization across di-
verse tasks (Taori et al., 2023). However, op-
timal domain-specific performance typically re-
quires fine-tuning on specialized datasets (Zhang
et al., 2025a). While full fine-tuning (FFT) up-
dates all model parameters effectively, its compu-
tational and memory requirements are prohibitive
for most users given LLMs’ immense scale.

To address these challenges, parameter-efficient
fine-tuning (PEFT) methods have emerged as
compelling alternatives (Han et al., 2024; Ding
et al., 2023; Houlsby et al., 2019; Agarwal et al.,
2025), updating only small parameter subsets
while achieving comparable performance to FFT
with substantially lower computational require-
ments. Among PEFT methods, Low-Rank Adap-
tation (LoRA) (Hu et al., 2022) decomposes
weight updates into low-rank matrices but applies
dense updates to all parameters in W0, often fail-
ing to fully replicate FFT performance due to
redundant information (Zhang et al., 2025b; Ao
et al., 2025).

Recent sparse weight update techniques address
these limitations by updating only a small subset
of pretrained weights (Nikdan et al., 2024; Wang
et al., 2024), yielding much fewer parameters in
∆W than in W0. Yet identifying task-relevant pa-
rameters remains difficult. Prior work typically se-
lects parameters using gradient-based scores such
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Figure 1: Sparsity determination units for parameter selection: (a) element-wise sparsity treats each matrix
element wij as an independent unit; (b) column-wise sparsity treats entire columns wj as units; and (c) row-wise
sparsity treats entire rows wi as units.

as |δwij | (Zhang et al., 2023; Wang et al., 2024),
leaving the structural design of sparse weight up-
dates largely unexplored.

Current approaches typically select individual
weight elements (wij) as basic units (Nikdan et al.,
2024; Wang et al., 2024), but recent research in-
creasingly focuses on entire rows (wi) or columns
(wj) as cohesive units capturing structured knowl-
edge representations. Studies on FFN neurons
(Yu and Ananiadou, 2024) and pruning tech-
niques (Ashkboos et al., 2024; Liu et al., 2025)
demonstrate that LLMs organize knowledge in
dimension-aligned patterns. Based on this insight,
we performed FFT analysis of LLaMA3.2-1B on
Math-10k (Hu et al., 2023). Figure 2 shows pre-
trained weights display clear row/column stripe
patterns, where certain rows or columns experi-
ence substantially larger fine-tuning updates, indi-
cating their task-specific importance. These find-
ings suggest structured updates targeting relevant
regions could improve performance. Yet current
methods use random selection (Po et al., 2024),
failing to locate task-relevant areas and resulting in
poor parameter choices that overlook critical com-
ponents while adding unnecessary updates.

In light of the above mentioned observations,
we present StructTune, a novel approach to sys-
tematically discover task-relevant sparse weight
components by treating complete rows or columns
as basic units. Our key insight is that structured
weight regions exhibit varying degrees of task rel-

evance, enabling principled selection over ran-
dom sampling. Additionally, our row-wise and
column-wise updates align naturally with standard
matrix operations (see §3.2), providing computa-
tional advantages over element-wise sparse meth-
ods (Gale et al., 2020). This framework creates a
new paradigm for structured sparse weight updates
that combines efficiency with accuracy.

Our contributions are summarized as follows:

1. We identify structured row- and column-wise
weight update patterns within LLMs. Our
analysis reveals that fine-tuning updates are
not uniformly distributed but are instead con-
centrated within specific rows or columns,
exhibiting a non-uniform, stripe-like pat-
terns. We define this phenomenon as struc-
tured patterns, which signify dimension-
aligned knowledge representations in model
weights and motivate the thought of treating
an entrie rwo or column as an atomic func-
tional unit (§A.3).

2. This work proposes a sensitivity-based anal-
ysis framework that treats rows and columns
as fundamental units for identifying task-
relevant weight components in LLMs. It ex-
tends prior work on inference analysis and
weight pruning to fine-tuning while reduc-
ing the computational burden of FFT through
structured analysis.
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3. StructTune is presented as a novel PEFT ap-
proach employing structured sparse weight
updates with two variants: StructTune-FA
(column-wise selection using importance-
based criteria) and StructTune-FAB (com-
bined row-and-column selection based on
findings that both dimensions can simultane-
ously show high task relevance).

We assessed StructTune on mathematical rea-
soning (Cobbe et al., 2021) and code generation
(Wei et al., 2023) across various LLM architec-
tures (Grattafiori et al., 2024; Touvron et al., 2023;
Yang et al., 2025), showing superior results ver-
sus existing PEFT approaches (Hu et al., 2022;
Nikdan et al., 2024; Po et al., 2024). Our evalu-
ation confirms the sensitivity-based scoring’s ef-
fectiveness and demonstrates clear benefits over
random selection. StructTune’s structured sparsity
delivers substantial computational gains compared
to element-wise methods, establishing an effective
framework that improves both task performance
and efficiency.

2 Related work

2.1 PEFT with Sparse Weight Update
FFT’s computational costs have rendered it im-
practical for many applications, prompting PEFT
methods that update parameter subsets while pre-
serving performance. LoRA (Hu et al., 2022) ex-
ploits low-rank structure by decomposing ∆W ∈
Rd×k into matrices B ∈ Rd×r and A ∈ Rr×k

where r ≪ d, k:

y = x(W0)
T + x(∆W )T = x(W0)

T + x(BA)T , (1)

where W0 ∈ Rd×k denotes pretrained weights and
the weight update ∆W is approximated by BA.

Beyond LoRA’s uniform updates, recent meth-
ods pursue strategic parameter allocation. An
early foundational approach, SparseAdapter (He
et al., 2022), re-examines adapter efficiency
through network pruning at initialization, demon-
strating that adapters can maintain performance
even at 80% sparsity. While it primarily re-
lies on element-wise pruning, which may over-
look the inherent structured knowledge represen-
tations in LLMs. Moreover, coarse-grained ap-
proaches like AdaLoRA (Zhang et al., 2023) as-
sign layer-specific ranks based on importance,
while fine-grained methods target specific compo-
nents through sparse updating. RoseLoRA (Wang

et al., 2024) applies sparsity to matrices B and A
via progressive pruning, retaining one trainable el-
ement per column in B and per row in A, though
this introduces sparsity indirectly through decom-
position constraints rather than inheriting from
weight properties. RoSA (Nikdan et al., 2024)
combines LoRA with sparse components using
two-stage training: gradient collection followed
by magnitude-based sparse selection. SBoRA (Po
et al., 2024) uses standard basis vectors for low-
rank matrix construction, enabling sparse updates
with r columns or rows. While SBoRA shows
promise for row/column-wise sparse updates, its
random selection fails to capture task-critical com-
ponents, limiting effectiveness.

2.2 Weight Importance Analysis

Effective sparse weight updating requires quan-
titative metrics to identify task-relevant parame-
ters and assess layer importance. In this section,
we will introduce three commonly applied met-
rics. For clarity, we denote all linear weights as
W all = {W 1,W 2, . . . ,WM} and loss function as
L(W all), where M is the number of linear layers.
For each linear weights Wm ∈ Rdm×km :

Wm =


wm

11 wm
12 · · · wm

1km

wm
21 wm

22 · · · wm
2km

...
...

. . .
...

wm
dm1 wm

dm2 · · · wm
dmkm

 (2)

Parameter magnitude. Parameter magnitude
analysis uses |wm

ij | as an importance metric for
model pruning (Renda et al., 2020; Zafrir et al.,
2021), treating lower-magnitude weights as less
significant. However, this metric is suboptimal for
fine-tuning as small-magnitude parameters may be
crucial for task-specific outputs, while large mag-
nitude doesn’t ensure greater impact.

Parameter gradient magnitude. Gradient-
based importance assessment measures how much
each weight wm

ij should be adjusted by computing
gradients of loss function L with respect to wm

ij

(Nikdan et al., 2024). While more suitable for
fine-tuning than parameter magnitude, this met-
ric ignores parameter values themselves and ex-
hibits high sensitivity to data, resulting in signifi-
cant variance. This limitation motivates the need
for a comprehensive importance metric that effec-
tively unifies both parameter values and their cor-
responding gradients.

Parameter sensitivity. Sensitivity score
I(wm

ij ) is a widely adopted weight importance
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Figure 2: Weight magnitude distributions for LLaMA3.2-1B before and after fine-tuning on Math-10k. Subfig-
ure (a) illustrates layers showing row-wise structured amplification, while subfigures (b) and (c) illustrate layers
showing column-wise structured amplification. Notably, subfigure (c) also exhibits a visible row-wise structure
coexisting with the dominant column-wise pattern. Each subfigure arranges pre-finetuning weights on the left and
post-finetuning weights on the right. The top row shows 3D surface visualizations and the bottom row shows
corresponding 2D heatmaps.

metric (Zhang et al., 2023; Wang et al., 2024), de-
fined as:

I(wm
ij ) = |δwm

ij · wm
ij |, (3)

where wm
ij denotes the element at the i-th row and

j-th column of linear layer m, and δwm
ij represents

the gradient of loss function L(·) at weight wm
ij .

Using first-order Taylor expansion, I(wm
ij )

quantifies the loss magnitude change when setting
a weight to zero (Molchanov et al., 2019):

L(wm
ij ) ≈ L(w

m(τ)
ij ) +

dL(wm(τ)
ij )

dwm
ij

(wm
ij − w

m(τ)
ij ), (4)

setting wm
ij to zero give:

|L(0)− L(wm(τ)
ij )| ≈ |

dL(wm(τ)
ij )

dwm
ij

(0− w
m(τ)
ij )|

= |δwm(τ)
ij w

m(τ)
ij |.

(5)

This shows that the sensitivity score can also be
expressed as

I(wm
ij ) = |L(0)− L(wm

ij )|, (6)

with the step τ subscript omitted for simplicity.
Higher sensitivity scores indicate greater model

dependence on specific parameters, suggesting
higher retention probability. This combines pa-
rameter magnitude and gradient information ef-
fectively. However, computing sensitivity across
all weights requires FFT, undermining PEFT’s ef-
ficiency. We address this by leveraging LoRA’s
approximation ∆W ≈ BA to efficiently identify
task-relevant weights without FFT.

While these metrics provide a point-wise esti-
mation of parameter importance, they inherently
treat parameters as independent units, potentially
overlooking the high-level structural dependencies
within Transformer architectures. For instance,
in Feed-Forward Networks (FFNs), specific rows
of one layer and columns of the next collectively
define an intermediate memory cell (Geva et al.,
2021). To formally represent this interaction, we
express the transformation of an FFN module as a
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summation of dff functional units:

y =

dff∑
j=1

σ(x · (wup
j,∗)

T )(wdown
∗,j )T (7)

where wup
j,∗ (the j-th row of the up-projection) and

wdown
∗,j (the j-th column of the down-projection)

are functionally coupled through the same inter-
mediate dimension j. Similarly, in Multi-Head
Attention (MHA), the query, key, and value ma-
trices (WQ,WK ,W V ) primarily interact with in-
put features through their rows, whereas the out-
put projection WO interacts via its columns to
reconstruct the hidden state. This matrix-role
asymmetry is also shown in Figure 2: row-wise
masks are better aligned with matrices such as
WQ/WK /W V /W up (e.g., subfigure (a)), whereas
column-wise masks are better aligned with ma-
trices such as WO/W down (e.g., subfigures (b)
and (c)). Notably, patterns can coexist within
the same layer; as illustrated in subfigure (c),
a row-wise structure remains visible alongside
a dominant column-wise pattern. These ob-
servations on layer-level functional heterogene-
ity and dual-dimensional coexistence motivate
StructTune-FAB, which combines row-wise and
column-wise sparsity so each layer can adopt its
most suitable sparsity pattern.

2.3 Row-Wise and Column-Wise Analysis of
LLM

Recent research exploring LLM internal mecha-
nisms has shown increased attention to row-wise
and column-wise analysis of learned parameters.
Studies emphasize the importance of treating feed-
forward network (FFN) neurons as fundamental
units (Yu and Ananiadou, 2023; Gurnee et al.,
2023; Nanda et al., 2023), with Comparative Neu-
ron Analysis revealing distinct contributions of
FFN neurons, corresponding to specific rows and
columns in weight matrices, to mathematical rea-
soning tasks (Yu and Ananiadou, 2024). Neuron-
level activation further provides a unified lens for
how chain-of-thought elicits arithmetic reasoning
in LLMs, with such behaviors aligning with lo-
calized activation patterns rather than uniform ac-
tivity across neurons and dimensions (Rai and
Yao, 2024). Complementary analyses ask which
internal components are responsible for reason-
ing and likewise find it concentrated in specific
neuron subsets and dimensions rather than uni-
formly distributed (Shao and Wu, 2025). Model

pruning studies have demonstrated the efficacy of
row-wise and column-wise operations (Ashkboos
et al., 2024; Liu et al., 2025), suggesting that
LLMs organize knowledge in dimension-aligned
patterns. These findings motivate exploring row-
wise and column-wise weight updates in fine-
tuning, as selective updates to critical rows or
columns may provide more precise and efficient
modification than updating entire weight matrices.

3 Methodology

This section presents the overall pipeline of our
proposed method, StructTune, designed to effi-
ciently fine-tune LLMs under structured sparsity
constraints. Our approach eliminates the need for
full model fine-tuning by introducing a refined,
sensitivity-based quantitative analysis of individ-
ual weight elements. This analysis enables us
to identify the most influential weight rows and
columns—those that contribute most significantly
to model performance—which are then selectively
updated during the fine-tuning process.

3.1 Weight Importance Quantitative Analysis

To enable effective sparsity component selection,
we adopt a two-stage strategy inspired by RoSA
(Nikdan et al., 2024). In the first stage, we uti-
lize a subset Ds of the training dataset D to per-
form quantitative weight importance analysis. In
the second stage, the identified sparse components
are employed for structured weight updates during
the full training process.

We denote L as the loss function for the training
task and W all as the collection of all linear weight
elements, with b̃ representing auxiliary parameters
such as biases and normalization terms. The opti-
mization objective is formulated as:

min
Wall ,̃b

L(D;W all, b̃). (8)

For a linear layer Wm, the computation is ex-
pressed as:

ym = xm(Wm)T + b̃m, (9)

where xm ∈ R1×km and ym ∈ R1×dm are the in-
put and output of the layer, respectively. Follow-
ing RoSA, gradients are computed using the chain
rule as:

dL
dWm

=
dL
dym

dym

dWm
=

dL
dym

xm. (10)
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Figure 3: Comparison of importance analysis methods: gradient (RoSA(Nikdan et al., 2024)) vs. sensitivity
(ours). Sensitivity values show better row/column distribution patterns than gradients, which exhibit numerous
zeros creating a flat surface, while sensitivity reveals more informative patterns.
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Figure 4: Comparison of importance analysis methods’ normalized row/column value distributions: gradient vs.
sensitivity (ours). Sensitivity-derived scores provide more distinct patterns than gradients, enabling more effective
identification and selection of optimal rows/columns for updating.

However, this gradient-based approach is lim-
ited to single-step analysis and exhibits high vari-
ability with limited differentiation between gra-
dient magnitudes. Multi-step gradient accumu-
lation, which would require FFT, is computa-
tionally prohibitive and undermines PEFT’s ef-
ficiency. To address this, we propose a novel
method leveraging LoRA’s low-rank approxima-
tion, where ∆Wm ≈ BmAm, to perform multi-
step weight importance analysis without FFT.

We distinguish between the instantaneous gra-
dient update δWm ∈ Rdm×km and the cumulative
adapted weight ∆Wm ∈ Rdm×km . At training
step τ , the adapted weight is the sum of all prior
gradient updates:

∆Wm
τ =

τ−1∑
t=1

δWm
t . (11)

Within the LoRA framework, the low-rank de-
composition for layer m involves matrices Bm ∈
Rdm×r and Am ∈ Rr×km , with their gradient up-

dates at step τ denoted as δBm
τ and δAm

τ . The
updated weight matrix at step τ is:

Wm
τ

′ = Wm
0 +∆Wm

τ ≈Wm
0 +Bm

τ Am
τ , (12)

where Wm
0 represents the pretrained weights.

The forward transformation incorporates both the
adapted state and instantaneous updates:

ym = xm(Wm
τ

′ + δWm
τ )T + b̃m

= xm[Wm
0 + (Bm

τ + δBm
τ )(Am

τ + δAm
τ )]T + b̃m.

(13)

The instantaneous gradient update at step τ is
derived as:

δWm
τ = [Wm

0 + (Bm
τ + δBm

τ )(Am
τ + δAm

τ )]−Wm
τ

′

= Bm
τ (δAm

τ ) + (δBm
τ )Am

τ + (δBm
τ )(δAm

τ ).
(14)

We provide a more detailed walk-through of the
forward pass and the algebraic expansion leading
to δWm

τ in §A.1. This decomposition yields three
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terms: the gradient of Am scaled by Bm
τ , the gra-

dient of Bm scaled by Am
τ , and their second-order

interaction. Parameter sensitivity at step τ is then
defined as:

Iτ (w
m
ij ) = |δWm

τ ·Wm
τ

′|ij . (15)

The physical meaning of this sensitivity score is
further explained in §A.2. To mitigate noise in
instantaneous sensitivity measurements, we ap-
ply an exponential moving average (Zhang et al.,
2022) to balance historical and current observa-
tions:

Īτ (w
m
ij ) = β × Iτ−1(w

m
ij ) + (1− β)× Iτ (w

m
ij ), (16)

where β = 0.8 provides an optimal balance be-
tween stability and responsiveness. After the
first stage, row-wise and column-wise sparsity se-
lection is performed using normalized sensitivity
scores, calculated as:

Ī(wm
i∗) =

1

km

km∑
j=1

Ī(wm
ij ), Ī(wm

∗j) =
1

dm

dm∑
i=1

Ī(wm
ij ). (17)

As shown in Figure 3, our sensitivity-based
scoring reveals pronounced row-wise and column-
wise distribution patterns compared to gradient-
based methods. Comparative analysis with
RoSA’s gradient-based approach, visualized in
Figure 4, demonstrates that our normalized scores
exhibit clearer differentiation, enabling precise se-
lection of task-relevant rows and columns.

To further illustrate its effectiveness in select-
ing structured sparsity components, we computed
average gradient magnitudes using Eq. (17), and
compared RoSA’s gradient-based scheme with our
sensitivity-based method. As shown in Figure 4,
the normalized scores from our method exhibit
much clearer and more distinguishable patterns
across both dimensions. This improved contrast
enables more accurate and reliable selection of im-
portant rows and columns for parameter updates,
enhancing the effectiveness of structured sparsity
identification process.

3.2 StructTune Pipeline

StructTune employs a two-stage pipeline, as il-
lustrated in Figure 5. In the first stage, a sub-
set of the training data is used to perform stan-
dard LoRA fine-tuning, enabling comprehensive
weight importance analysis via sensitivity scores.

Algorithm 1 StructTune’s first-stage sparsity se-
lection
Require: T ← Training steps, Ds ← Sampled dataset,

(dm, km)← Layer shape
Require: β ← Moving average coeff., p% ← Preset train-

able parameter percentage threshold.
Require: Rm, Cm ← Selected rows/columns lists, initial-

ized as []
1: for τ in T do
2: Wm

τ
′ ←Wm

0 +Bm
τ Am

τ

3: δBm
τ , δAm

τ ← ∆L(Ds;W
m
τ

′)
4: Iτ (w

m
ij )← |δWm

τ ·Wm
τ

′|ij
5: Īτ (w

m
ij )← β × Īτ−1(w

m
ij ) + (1− β)× Iτ (w

m
ij )

6: end for
7: Compute normalized row/column scores: Ī(wm

i∗),
Ī(wm

∗j)
8: StructTune-FA: Greedily select columns with highest

Ī(wm
∗j) until |Cm| = p%× |Wm|

9: StructTune-FAB: Greedily select rows/columns with
highest scores until |Cm +Rm| = p%× |Wm|

This stage generates binary masks to guide spar-
sity pattern selection. Two variants are imple-
mented: StructTune-FA uses a greedy column-
wise selection protocol, sequentially incorporat-
ing columns based on descending normalized im-
portance scores until a predefined p% parameter
budget is met. StructTune-FAB dynamically se-
lects both rows and columns based on their impor-
tance rankings, adhering to the same budget. The
selection process is formalized in Algorithm 1.
StructTune-FAB is a generalized framework that
adaptively allocates the parameter budget across
both rows and columns in a unified pool, cap-
turing diverse importance patterns across layers.
StructTune-FA is a constrained, column-only ver-
sion which enables direct comparison with exist-
ing column-wise approaches (Po et al., 2024). Ad-
ditionally, we tested StructTune-FB and present
those results in the appendix §B.2.

In the second stage, training focuses on the
identified row-wise and column-wise sparse com-
ponents. Other than RoSA’s SDDMM-based ap-
proach (Nikdan et al., 2024), StructTune could
adopts SBoRA’s architectural innovations (Po
et al., 2024), using standard basis vectors to con-
struct projection matrices. In SBoRA-FA, the
projection-down matrix Asb (replacing A) com-
prises r row-oriented standard basis vectors from
the identity matrix Wi ∈ Rk×k:
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Figure 5: StructTune’s two-stage structured sparse fine-tuning methodology. Stage 1: Weight importance evalua-
tion on sampled data using standard LoRA fine-tuning to generate sensitivity-based importance scores and binary
masks. Stage 2: Structured sparse fine-tuning on the full dataset using high-importance parameters while main-
taining sparsity constraints.
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Figure 6: Architectural design of (a) StructTune-
FA and (b) StructTune-FAB using standard-basis low-
rank matrices for superior efficiency over SDDMM.
StructTune-FAB combines BAsb and BsbA with
summed ranks.

Wi =


1 0 · · · 0
0 1 · · · 0
...

...
. . .

...
0 0 · · · 1

 (18)

and Asb consists of one-hot vectors ep with a unit
entry at index p:

ep = [0 · · · 1 0 · · · ]
↑

pth element
(19)

The weight adaptation ∆W = BAsb results in a
column-wise sparse matrix, with non-zero entries
in columns corresponding to indices in Asb. For
example, if:

B = [b1, b2, b3], where b1, b2, b3 ∈ Rd×1, (20)

Asb =

e1e5
e3

 (21)

Then ∆W has non-zero entries in the 1st, 5th,
and 3rd columns, populated by b1, b2, and b3, re-
spectively. The SBoRA-FB variant constructs Bsb

similarly, yielding row-wise sparsity. As shown
in Figure 6, StructTune-FAB integrates both ap-
proaches, expressing the weight adaptation as:

∆W = BAsb +BsbA. (22)

StructTune introduces a sensitivity-based selec-
tion strategy that outperforms random sampling by
generating binary masks to configure adaptation
modules, thereby enhancing both task relevance
and computational efficiency.

4 Experiments

We assessed StructTune’s effectiveness through
fine-tuning across tasks spanning mathematics,
coding, and medicine, using LLaMA models
(Touvron et al., 2023; Grattafiori et al., 2024)
spanning different sizes and versions and Qwen
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GSM8K

LLaMA2-7B Score LLaMA3.2-3B Score Qwen3-4B Score

method rank #TP Spa_density Epoch1 Best of E2-E4 #TP Spa_density Epoch1 Best of E2-E4 #TP Spa_density Epoch1

LoRA 64 159.9M - 26.61 35.56 97.3M - 32.68 39.95 132.1M - 72.93

RoSA(spa)

-

155.4M 2.4% 21.23 32.52 97.2M 3.45% 34.57 36.24 132.3M 3.64% 67.93
SBoRA-FA 155.0M 2.4% 19.48 30.48 96.5M 3.45% 37.75 42.68 132.1M 3.64% 74.45

FAB_random 154.0M 2.4% 20.62 31.99 95.9M 3.45% 36.92 40.86 130.6M 3.64% 72.48

StructTune-FA(ours) 155.0M 2.4% 29.42 36.16 96.5M 3.45% 40.11 45.56 132.1M 3.64% 75.13
StructTune-FAB(ours) 154.6M 2.4% 29.49 36.69 96.4M 3.45% 39.58 43.52 131.3M 3.64% 75.51

LoRA 32 80.0M - 24.64 33.21 48.6M - 34.04 41.85 66.1M - 72.33

RoSA(spa)

-

77.7M 1.2% 25.25 30.71 48.6M 1.725% 34.72 38.21 66.1M 1.82% 57.85
SBoRA-FA 77.5M 1.2% 17.36 25.7 47.9M 1.725% 34.57 39.35 65.5M 1.82% 73.69

FAB_random 77.0M 1.2% 18.95 28.13 47.9M 1.725% 33.51 37.91 65.3M 1.82% 71.49

StructTune-FA(ours) 77.4M 1.2% 26.61 33.43 47.9M 1.725% 36.69 40.49 65.5M 1.82% 75.59
StructTune-FAB(ours) 77.5M 1.2% 24.49 35.25 48.1M 1.725% 37.91 46.1 65.6M 1.82% 75.44

LoRA 16 40.0M - 30.25 33.13 24.3M - 35.63 38.74 33.0M - 72.33

RoSA(spa)

-

38.9M 0.6% 16.76 24.41 24.3M 0.862% 32.75 38.74 33.1M 0.91% 72.93
SBoRA-FA 38.1M 0.6% 14.78 20.62 23.9M 0.862% 32.14 35.33 32.7M 0.91% 74.53

FAB_random 38.2M 0.6% 14.86 18.88 24.0M 0.862% 32.45 36.54 32.5M 0.91% 70.66

StructTune-FA(ours) 38.1M 0.6% 25.4 29.11 23.9M 0.862% 33.43 38.06 32.7M 0.91% 75.44
StructTune-FAB(ours) 38.4M 0.6% 25.93 32.07 24.0M 0.862% 35.03 39.12 32.7M 0.91% 75.44

Table 1: Performance comparison of fine-tuning LLaMA2-7B, LLaMA3.2-3B, and Qwen3-4B on GSM8K across
three parameter budgets. #TP denotes trainable parameters, controlled by rank in LoRA and by sparsity density
(threshold p%) in sparse methods.

model (Yang et al., 2025). Comparison base-
lines include LoRA (Hu et al., 2022), SBoRA-
FA (Po et al., 2024), RoSA with sparsity com-
ponents only (RoSA(spa)) (Nikdan et al., 2024),
and a random row-column selection baseline
(FAB_random). Since standard RoSA com-
bines LoRA with element-wise sparse compo-
nents rather than pure sparse updates, we cre-
ated LoRA + StructTune-FAB to further demon-
strate the superiority of structured sparsity and
for fair comaprison. We implemented StructTune
using both SDDMM framework (for consistency
with RoSA) and SBoRA-based implementation
(for computational efficiency analysis).

4.1 Fine-tuning Evaluation
Mathematical Evaluation: We evaluated Struct-
Tune on the GSM8K dataset (Cobbe et al., 2021),
which contains 8.5K grade-school math problems
for assessing basic arithmetic proficiency and rea-
soning ability. Using LLaMA2-7B, LLaMA3.2-
3B, and Qwen3-4B models (Touvron et al., 2023;
Grattafiori et al., 2024; Yang et al., 2025), we fol-
lowed RoSA’s hyperparameter settings with LoRA
rank r = 64 and 25% of the training data for spar-
sity selection. Experiments were conducted on
NVIDIA RTX 3090 and 4090 GPUs.

Following RoSA’s experimental design, we re-
port single-epoch (Epoch1) results for all mod-
els and extended-epoch (E2-4) results only for

LLaMA backbones in Table 1. Given its ro-
bust base performance, a single epoch sufficed for
Qwen3-4B in this evaluation. We evaluated three
parameter budgets, with LoRA’s count determined
by rank r and sparse methods’ by sparse density
(Spa_density):

Spa_density =
M∑

m=1

rm × (dm + km)

dm × km
, (23)

where rm, dm, and km denote the rank, input di-
mension, and output dimension of layer m. Due to
structured selection constraints, StructTune’s pa-
rameter counts slightly deviate from unstructured
methods. On Epoch1, StructTune shows clear
advantages across both LLaMA and Qwen back-
bones, and in the LLaMA extended-epoch setting
it continues to outperform baselines at higher pa-
rameter budgets, confirming that structured sparse
methods benefit from higher ranks. At the lowest
budget (e.g., r = 16), StructTune remains com-
petitive but does not always consistently surpass
dense LoRA, suggesting that its structured selec-
tion advantage becomes more stable when suffi-
cient rank capacity is available. Ablations show
StructTune variants significantly outperform ran-
dom selection counterparts.

To further demonstrate structured sparsity ad-
vantages over RoSA’s element-wise approach and
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Figure 7: Ablation study on structured row-wise/column-wise sparse components using best, random, and worst
R rows/columns based on sensitivity scores. Conducted with LLaMA2-7B on GSM8K. Performance follows the
order: best R > random R > worst R.

GSM8K

LLaMA3.2-3B Score

method #TP rank Spa_density Epoch1 Best of E2-E4

LoRA 97.3M 64 - 32.68 39.95

RoSA
97.2M 48 0.862% 36.09 -
97.3M 32 1.725% 37.22 -
97.2M 16 2.587% 38.66 40.11

LoRA
+

StructTune-FAB

96.9M 48 0.862% 35.25 -
96.8M 32 1.725% 38.51 -
96.7M 16 2.587% 39.04 42.91

LoRA 48.6M 32 - 34.04 41.85

RoSA
48.6M 24 0.431% 35.86 39.73
48.6M 16 0.862% 35.25 -
48.6M 8 1.294% 34.87 -

LoRA
+

StructTune-FAB

48.4M 24 0.431% 34.5 -
48.3M 16 0.862% 35.86 -
48.3M 8 1.294% 39.12 42.84

LoRA 24.3M 16 - 35.63 38.74

RoSA
24.3M 12 0.216% 34.95 40.56
24.3M 8 0.431% 32.6 -
24.3M 4 0.647% 32.22 -

LoRA
+

StructTune-FAB

24.0M 12 0.216% 36.16 41.09
24.1M 8 0.431% 35.1 -
24.1M 4 0.647% 35.86 -

Table 2: Performance comparison between RoSA and
LoRA+StructTune on LLaMA3.2-3B across three pa-
rameter budgets. #TP denotes trainable parameters;
Rank and Spa_density control LoRA and sparse com-
ponent parameters respectively.

established a through comparative with stan-
dard RoSA, we compared LoRA+StructTune-
FAB against standard RoSA on LLaMA3.2-3B
across varying parameter budgets. Table 2 shows
LoRA+StructTune-FAB achieves superior perfor-
mance across all configurations, surpassing even
standard LoRA in the lowest-parameter setting.

Coding Evaluation: To evaluate Struct-
Tune’s code generation performance, we used the
Magicoder-Evol-Instruct-110K dataset (Wei et al.,
2023) for training and evaluated on MBPP (Austin
et al., 2021) and HumanEval (Chen et al., 2021)
benchmarks, which test Python programming
fundamentals and comprehensive coding abili-

ties respectively. We fine-tuned both LLaMA
(Grattafiori et al., 2024) and Qwen (Yang et al.,
2025) models for one epoch. For first-stage weight
importance analysis, we used 10% of training
data, with other hyperparameters matching the
GSM8K experiments. Table 3 shows that for
Qwen3-4B, StructTune-FAB achieving the high-
est performance on both benchmarks for the two
higher-parameter budgets and largely outperforms
StructTune-FA, this gap suggests that restricting
updates to a single dimension (columns only) may
ignore critical task-relevant knowledge stored in
row-aligned neurons. At the lowest parameter
setting, it leads on HumanEval and closely fol-
lows the best performer on MBPP. For Llama3.2-
3B, StructTune-FA achieves the best HumanEval
scores across all three parameter budgets and the
best (or tied-best) MBPP results in higher-budget
settings, while remaining competitive at the lowest
budget. Random-selection methods (SBoRA-FA
and FAB_random) show greater sensitivity to pa-
rameter reductions, with significant performance
degradation compared to StructTune. This demon-
strates that coding tasks are particularly sensitive
to sparse component selection, highlighting the ef-
fectiveness of our sensitivity-based approach.

MedicalQA Evaluation: For domain-specific
medical adaptation, we fine-tuned on the MedQA-
USMLE dataset (Jin et al., 2021) and evaluated ac-
curacy on its test split using the LLaMA and Qwen
models. We report results under the same three
parameter budgets as other tasks for fair compar-
ison (LoRA ranks 64/32/16 and matched sparse
densities), as summarized in the Medical columns
of Table 3. Across both model families and dif-
ferent parameter budgets, StructTune-FA achieves
the best performance. StructTune-FAB shows an
overall second-best trend and remains close to the
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Coding fine-tuning: Magicoder-Evol-Instruct-110K; Medical fine-tuning: MedQA

method rank
Llama3.2-3B Qwen3-4B

#TP _density
Coding Medical

#TP Spa_density
Coding Medical

HumanEval MBPP MedQA HumanEval MBPP MedQA

LoRA 64 97.3M - 34 42.07 48.94 132.1M - 64.63 51.6 57.27
RoSA(spa)

-

97.2M 3.45% 33.2 43.9 19.72 132.3M 3.64% 67.07 57.2 41.24
SBoRA-FA 96.5M 3.45% 36.4 44.51 48.47 132.1M 3.64% 62.8 41 57.82

FAB_random 95.9M 3.45% 35.4 41.46 47.05 130.6M 3.64% 56.71 40 57.03
StructTune-FA(ours) 96.5M 3.45% 39 45.12 49.88 132.1M 3.64% 65.85 47 59.23

StructTune-FAB(ours) 96.4M 3.45% 35.8 43.9 47.29 131.3M 3.64% 68.29 59.4 57.5

LoRA 32 48.6M - 34.2 38.14 49.41 66.1M - 68.9 49.8 58.05
RoSA(spa)

-

48.6M 1.725% 33.2 42.68 36.21 66.1M 1.82% 71.34 58.4 50.04
SBoRA-FA 47.9M 1.725% 35.8 40.85 49.25 65.5M 1.82% 26.22 9.8 58.21

FAB_random 47.9M 1.725% 36 39.63 48.39 65.3M 1.82% 25.61 8 58.13
StructTune-FA(ours) 47.9M 1.725% 39.2 42.68 50.12 65.5M 1.82% 65.85 40 59.86

StructTune-FAB(ours) 48.1M 1.725% 37.8 41.46 49.25 65.6M 1.82% 73.17 61 59.47

LoRA 16 24.3M - 33.2 42.68 49.1 33.0M - 62.8 51.8 57.19
RoSA(spa)

-

24.3M 0.862% 33 40.85 19.17 33.1M 0.91% 70.73 58.6 53.97
SBoRA-FA 23.9M 0.862% 36.2 38.41 48.47 32.7M 0.91% 25 6.2 57.19

FAB_random 24.0M 0.862% 34.8 37.2 47.45 32.5M 0.91% 19.51 6.2 57.66
StructTune-FA(ours) 23.9M 0.862% 36.6 42.07 49.96 32.7M 0.91% 46.95 20.8 59.07

StructTune-FAB(ours) 24.0M 0.862% 35.6 42.07 49.49 32.7M 0.91% 71.95 55.2 59

Table 3: Performance comparison of Llama3.2-3B and Qwen3-4B across three parameter budgets: coding bench-
marks (HumanEval, MBPP) after Magicoder-Evol-Instruct-110K fine-tuning, and accuracy after MedQA fine-
tuning (Medical). #TP denotes trainable parameters, controlled by rank in LoRA and by sparsity density (threshold
p%) in sparse methods.

top in most settings, indicating that the structured
row/column sparse design is robust for medical
QA. In contrast, RoSA(spa) is clearly behind, es-
pecially on Llama3.2-3B where its MedQA scores
drop sharply (e.g., 19.72 and 19.17), revealing the
limitation of element-wise sparsity for this task.

4.2 Ablation Study

To validate that sensitivity-based selection iden-
tifies genuinely important components, we com-
pared three selection strategies on LLaMA2-7B
using GSM8K: best R (selecting rows/columns
with the highest sensitivity scores), random R
(baseline random selection), and worst R (se-
lecting rows/columns with the lowest sensitivity
scores). Figure 7 shows a clear performance hier-
archy: best R > random R > worst R, with sub-
stantial margins. The pronounced gap between
best and worst selection demonstrates that sensi-
tivity scores provide meaningful parameter impor-
tance rankings. Furthermore, the performance dif-
ferences confirm that intelligent component selec-
tion is critical for mathematically intensive tasks,
validating our sensitivity-based approach.

To validate sensitivity-based selection,
we compared our method against selecting R
rows/columns by gradient magnitude (similar
to RoSA but using structured selection). Table
5 shows sensitivity-based selection outperforms

Figure 8: Single epoch training time comparison
between SDDMM (RoSA) and SBoRA’s SampleMul
implementations. Conducted with LLaMA2-7B on
GSM8K across three sparse density levels: 2.4%,
1.2%, and 0.6%.

gradient-based selection across most sparsity
ratios. This superiority stems from two factors:
(1) sensitivity analysis captures the full impact
of parameter removal on model performance,
while gradient magnitude only reflects immediate
loss reduction, and (2) sensitivity values exhibit
clearer row/column patterns, making them more
suitable for structured sparsity selection.

To further examine the advantage of struc-
tured sparsity, we conduct a metric-level abla-
tion by applying sensitivity to element-wise spar-
sity and comparing it with the standard gradient-
based element-wise baseline. Results in Table 6
show that sensitivity generally improves element-
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Method Density Inference Speed Memory
(Sparse) (tokens/s) ↑ (GiB) ↓

FAB-SDDMM
2.4% 873.50 21.28
1.2% 910.27 20.27
0.6% 930.77 19.78

FAB-SampleMul
2.4% 1301.90 20.57
1.2% 1343.65 19.89
0.6% 1379.16 19.49

FA-SDDMM
2.4% 948.98 21.28
1.2% 1034.67 20.27
0.6% 1067.92 19.83

FA-SampleMul
2.4% 1395.54 20.09
1.2% 1431.02 19.29
0.6% 1443.52 18.86

Table 4: Computation and memory efficiency com-
parison between SDDMM (RoSA) and SBoRA’s Sam-
pleMul implementations. Conducted with LLaMA2-
7B on GSM8K across three sparse density levels:
2.4%, 1.2%, and 0.6%.

FAB FA

Score Score

Selection Spa_density Epoch1 Epochs2-4 Epoch1 Epochs2-4

Sensitivity 2.4% 29.49 36.69 30.71 34.27
Gradient 21 32.07 23.5 31.31

Sensitivity 1.2% 24.49 35.25 25.32 32.45
Gradient 18.8 31.39 18.57 28.2

Sensitivity 0.6% 25.93 32.07 25.4 29.11
Gradient 22.44 32.63 20.77 27.22

Table 5: Ablation study comparing sensitivity-
based vs. gradient-based selection for choosing R
rows/columns using LLaMA2-7B on GSM8K. Results
show sensitivity-based selection outperforms gradient
magnitude-based approaches.

wise sparsity over gradient in most cases, but it
still remains behind structured sparsity.

4.3 Computation & Memory efficiency
comparison

Our structured row/column-wise sparse design
enables implementation through standard low-
rank matrices that selectively update specific rows
or columns rather than using SDDMM. This selec-
tive updating improves computational efficiency
by eliminating redundant calculations and reduc-
ing memory access overhead.

We evaluated the computation and memory ef-
ficiency of standard-basis sample-based multipli-
cation (SampleMul) versus SDDMM implemen-
tations on LLaMA2-7B with GSM8K, testing FA
and FAB variants across various parameter levels
using NVIDIA GeForce RTX 3090 GPUs. Re-
sults in Table 4 show that SampleMul consistently
surpasses SDDMM across configurations in terms
of inference speed and GPU occupation, with FA
marginally outperforming FAB in both implemen-

Spa_density Epoch
Element-wise Spa Structured Spa

RoSA StructTune

Gradient Sensitivity Sensitivity

2.4% Epoch1 21.23 29.49 30.71
Epochs2-4 32.52 36.16 36.69

1.2% Epoch1 25.25 23.73 25.32
Epochs2-4 30.71 30.86 35.25

0.6% Epoch1 16.76 24.41 25.93
Epochs2-4 24.41 29.57 32.07

Table 6: Structured sparsity ablation at three spar-
sity levels: element-wise sparsity (RoSA) with gradi-
ent (baseline) vs. sensitivity, and structured sparsity
(StructTune) with sensitivity, reported at Epoch1 and
Epochs2-4. The median performance is underlined.

tations. Similar trends can be observed in training
time (Figure 8). These findings confirm the com-
putational benefits of our structured sparsity de-
sign, enabling more efficient sparse computation
strategies than traditional SDDMM operations.

4.4 Additional Experiments

Appendix §B collects the follow-up studies that
extend the main evaluation. Firstly, due to space
constraints, addtional evaluation on LLaMA2-7B
is provided in §B.1. Moreover, we include eval-
uation of row-wise StructTune-FB for complete-
ness (§B.2). Then we introduce StructTune-
TA/TAB, which keeps the structured sparsity pat-
tern but swap frozen unit entries for trainable
scalars (§B.3). Finally, we compare zero-shot
MMLU accuracy before and after one epoch of
GSM8K fine-tuning for StructTune and unstruc-
tured RoSA_spa at matched sparsity densities, to
assess how different sparse update styles interact
with general-purpose knowledge when adapting
on a downstream task (§B.4).

5 Discussion & Conclusion

In this paper, we introduced StructTune, a novel
approach for sparse weight updates in LLM fine-
tuning through row-wise and column-wise struc-
tured sparse components. It stems from the
key observation that LLM weights exhibit dis-
tinct row-wise and column-wise distribution pat-
terns, with fine-tuning providing non-uniform am-
plification across different rows and columns, and
draws inspirations from neuron level LLM internal
mechanisms analyzing and rows/columns-based
pruning research.

Our sensitivity-based analysis approach cir-
cumvents the computational burden of full weight
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updates while maintaining analytical rigor through
multi-step accumulation. Experimental evalua-
tion on challenging tasks including mathematical
reasoning and code generation demonstrates that
structured sparse weight updates outperform both
dense weight updates and unstructured sparse al-
ternatives. Ablation studies further confirms the
effectiveness of our sensitivity-based weight im-
portance analysis framework. A limitation of our
approach is the extra “pretraining” stage needed
to locate salient parameters, which adds training
overhead versus single-stage fine-tuning; future
work could unify sensitivity estimation with the
main adaptation loop.

By exploiting structured sparsity for compu-
tational efficiency and principled weight selec-
tion through rigorous analysis, we advance under-
standing of structured sparsity in LLM fine-tuning
and offer practical solutions for efficient large-
scale parameter updates.
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A Supplementary Details

A.1 Weight Importance Estimation Logic
Preliminaries: Linear Layer and Adaptation.
Consider a linear layer m with input xm ∈ R1×k,
the output ym ∈ R1×d is computed using the pre-
trained weight matrix Wm

0 ∈ Rd×k and an auxil-
iary bias b̃m ∈ R1×d:

ym = xm(Wm
0 )T + b̃m (24)

In the context of PEFT, the weight matrix is
adapted by adding a trainable component ∆W .
The fine-tuned forward pass becomes:

ym = xm(Wm
0 +∆Wm)T + b̃m (25)

Following the LoRA framework, we decompose
the adaptation ∆W into two low-rank matrices,
Bm ∈ Rd×r and Am ∈ Rr×k, where r ≪
min(d, k).

Cumulative and Instantaneous States. We
distinguish between the weight state at the start of
a training step and the state after an infinitesimal
update. Let Bm

τ and Am
τ represent the cumulative

weights from previous steps {1, . . . , τ − 1}. The
adapted weight matrix at this step is:

Wm
τ

′ = Wm
0 +Bm

τ Am
τ (26)

During backpropagation at step τ , the optimizer
computes the instantaneous gradient updates δBm

τ

and δAm
τ . The weight state is briefly perturbed to

(Bm
τ +δBm

τ ) and (Am
τ +δAm

τ ) to evaluate the loss
change. The modified forward pass is expressed
as:

ym = xm[Wm
0 +(Bm

τ + δBm
τ )(Am

τ + δAm
τ )]T + b̃m (27)

Derivation of the Instantaneous Matrix Up-
date δWm

τ . To quantify the total change in the
weight matrix at step τ , we define the instanta-
neous update δWτ as the difference between the
updated state and the current adapted state W ′

τ :

δWm
τ = [Wm

0 + (Bm
τ + δBm

τ )(Am
τ + δAm

τ )]−Wm
τ

′ (28)

Substituting Equation 26 into the expression
and cancel the common terms Wm

0 and Bm
τ Am

τ ,
we obtain the final form of Wm

τ
′:
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δWm
τ = Bm

τ (δAm
τ ) + (δBm

τ )Am
τ + (δBm

τ )(δAm
τ ) (29)

A.2 Physical Meaning of Sensitivity Score

The sensitivity score I(wm
ij ) is defined to quantify

the importance of a weight element relative to the
task loss L.

Using a first-order Taylor series expansion, the
change in loss L when a weight w is perturbed can
be approximated as:

L(w +∆w) ≈ L(w) + ∂L
∂w

∆w (30)

In the context of parameter selection, we are inter-
ested in the impact of setting a weight to zero, i.e.,
∆w = −w. The absolute change in loss is:

|∆L| = |L(0)−L(w)| ≈
∣∣∣∣∂L∂w · (0− w)

∣∣∣∣ = |δw · w| (31)

Thus, the sensitivity score Iτ (w
m
ij ) in Equation

(14) represents the first-order approximation of the
loss magnitude change:

Iτ (w
m
ij ) = |δWm

τ ·Wm′

τ |ij (32)

Higher sensitivity indicate that the model’s per-
formance is more dependent on those parameters,
justifying their selection for structured updates.

A.3 Theoretical Motivation for Row- and
Column-Wise Sparsity

Rows and Columns as Atomic Computational
Units. In the matrix–vector product y = x(W )T

with W ∈ Rd×k, entire rows and columns consti-
tute the minimal complete functional units of the
computation: each row uniquely and exclusively
determines one output scalar, while each column
provides the complete directional contribution of
one input feature to the full output vector.

Proof. We examine two equivalent decomposi-
tions of the same product y = x(W )T .

Row-wise decomposition and output com-
pleteness. The i-th output scalar can be written
as an inner product with the i-th row:

yi = ⟨wi,∗, x⟩ =
k∑

j=1

wij xj , i = 1, . . . , d.

(33)
Row i is both necessary and sufficient for yi: it is
the sole row that contributes to yi, and its contri-
bution covers yi entirely. Consequently, zeroing

the entire i-th row produces a complete and iso-
lated suppression of the corresponding output di-
mension,

wi,∗ ← 0 =⇒ ∆y = −yi ei, (34)

where ei is the i-th standard basis vector. The
perturbation is confined strictly to a single output
coordinate and eliminates it completely, with no
side-effects on any other dimension.

Column-wise decomposition and input-
feature completeness. Rewriting the same
product as a sum of rank-one terms,

y =
k∑

j=1

xj w∗,j , (35)

reveals that column j is the unique carrier of all
information about input feature xj in the output
vector y. The column w∗,j , scaled by xj , con-
tributes to every output dimension simultaneously
and does so in a single, coherent direction. Ze-
roing the entire j-th column therefore produces
a complete removal of input feature xj from the
computation,

w∗,j ← 0 =⇒ ∆y = −xj w∗,j , (36)

an effect that is semantically equivalent to dis-
connecting the j-th input channel from all down-
stream outputs.

Fragmentation under element-wise sparsity.
By contrast, zeroing a single element wij produces
a fragmented perturbation,

wij ← 0 =⇒ ∆y = −xj wij ei, (37)

which is simultaneously partial with respect to
output dimension i (it only removes the xj con-
tribution to yi, not the full yi) and partial with re-
spect to input feature j (it disrupts xj’s influence
only on yi, not on all outputs). This mixed, frag-
mentary effect corresponds to no semantically co-
herent functional unit in the model’s computation
graph.

Summary of output perturbations.

Row sparsity: ∆y = −yi ei
(complete output-neuron removal),

Column sparsity: ∆y = −xj w∗,j

(complete input-channel removal),

Element sparsity: ∆y = −xjwij ei

(partial, semantically ambiguous).

(38)
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Medical fine-tuning: MedQA

method rank
Llama2-7B

#TP Spa_density
Medical
MedQA

LoRA 64 159.9M - 34.72
RoSA(spa)

-

155.4M 2.4% 19.8
SBoRA-FA 155.0M 2.4% 37.71

FAB_random 155.4M 2.4% 37.31
StructTune-FA(ours) 155.0M 2.4% 38.1

StructTune-FAB(ours) 154.6M 2.4% 39.98

LoRA 32 80.0M - 34.48
RoSA(spa)

-

77.7M 1.2% 19.95
SBoRA-FA 77.5M 1.2% 35.58

FAB_random 77.0M 1.2% 37.55
StructTune-FA(ours) 77.4M 1.2% 37.31

StructTune-FAB(ours) 77.5M 1.2% 37.86

LoRA 16 40.0M - 35.11
RoSA(spa)

-

38.9M 0.6% 19.8
SBoRA-FA 38.1M 0.6% 27.49

FAB_random 38.2M 0.6% 25.06
StructTune-FA(ours) 38.1M 0.6% 34.48

StructTune-FAB(ours) 38.4M 0.6% 35.19

Table 7: Performance comparison of Llama2-7B
across three parameter budgets on MedQA after fine-
tuning. #TP denotes trainable parameters, controlled
by rank in LoRA and by sparsity density (threshold
p%) in sparse methods.

This establishes that structured sparsity at the row
or column level produces well-defined, seman-
tically complete changes to the model’s output,
whereas element-wise sparsity introduces partial
disruptions that are interpretable neither as output-
neuron ablations nor as input-channel ablations.
Rows and columns are therefore not merely conve-
nient groupings—they are the natural atomic units
through which the network’s computational func-
tion is organized, and the appropriate granularity
at which sparsity should be applied.

B Additional Experimental Results

B.1 Additional LLaMA2-7B Fine-tuning
Evaluation Results

Due to space constraints, we only report the re-
sults for LLaMA2-7B on GSM8K in the main
text. Here we provide the additional results for
LLaMA2-7B on the medical evaluation (Table 7).
However, the coding evaluation for LLaMA2-7B
is omitted due to GPU memory limitations that ex-
ceed our available hardware capacity.

B.2 StructTune-FB Evaluation

For completeness, we also evaluate StructTune-
FB on the GSM8K under the same setup as
the main experiments (LLaMA2-7B, LLaMA3.2-
3B, and Qwen3-4B; single-epoch evaluation at

three matched sparsity densities). Results are
summarized in Table 8. Across the two
LLaMA backbones, StructTune-FB consistently
trails StructTune-FAB and StructTune-FA, es-
pecially in lower-budget settings, whereas on
Qwen3-4B it remains broadly competitive and
sometimes approaches the best variant. This
model-dependent trend suggests that preserving
column-wise structure in linear layers may play
a more critical role in mathematical reasoning for
LLaMA-family models.

B.3 Replacing Frozen Unit Entries with
Learned Scalars

In StructTune’s architecture design, one of the
low-rank projection matrices is constructed using
frozen standard basis vectors (Asb for example).
Considering this may constrain the expressive ca-
pacity imposed by this freezing, we conducted fur-
ther testing by replacing the frozen unit entries
with trainable scalars. Instead of using a frozen
scalar of 1 in the original standard-basis low-rank
matrix, we now employ a trainable scaling factor.
This modification allows the model to learn opti-
mal scaling during training while maintaining the
structured low-rank formulation.

Originally for example:

Asb =

e1e5
e3

 =

1 0 0 0 0 · · ·
0 0 0 0 1 · · ·
0 0 1 0 0 · · ·

 (39)

Now we replace frozen 1 with trainable param-
eter a1, a5 and a7:

A′
sb =

e′1e′5
e′3

 =

a1 0 0 0 0 · · ·
0 0 0 0 a5 · · ·
0 0 a3 0 0 · · ·

 (40)

This approach preserves the structured sparse
weight update property while introducing a train-
able scaling factor for each adapted column. We
conducted additional experiments using this struc-
ture (StructTune-TA and StructTune-TAB) and
compared the results with the original StructTune-
FAB and StructTune-FA variants. As shown in
Table 9, in LLaMA2-7B, StructTune with train-
able scaling factors achieves better performance
at higher parameter budgets but underperforms at
smaller parameter budgets. While for LLaMA3.2-
3B and Qwen3-4B, it shows comparable perfor-
mance. These results suggest that using only one
trainable low-rank projection matrix is sufficient,
justifying the use of frozen standard basis vectors
in the original design.
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Method
LLaMA2-7B LLaMA3.2-3B Qwen3-4B

Sparsity Density Score Sparsity Density Score Sparsity Density Score

1-Epoch 1-Epoch 1-Epoch

StructTune-FAB 2.4% 29.49 3.45% 39.58 3.64% 75.51
StructTune-FA 2.4% 29.42 3.45% 40.11 3.64% 75.13
StructTune-FB 2.4% 28.66 3.45% 38.21 3.64% 74.37

StructTune-FAB 1.2% 24.49 1.725% 37.91 1.82% 75.44
StructTune-FA 1.2% 26.61 1.725% 36.69 1.82% 75.59
StructTune-FB 1.2% 21.3 1.725% 35.63 1.82% 75.13

StructTune-FAB 0.6% 25.93 0.862% 35.03 0.91% 75.44
StructTune-FA 0.6% 25.4 0.862% 33.43 0.91% 75.44
StructTune-FB 0.6% 17.89 0.862% 31.61 0.91% 76.12

Table 8: Extended evaluation results for StructTune-FB on LLaMA and Qwen models fine-tuned on GSM8K.
StructTune-FB underperforms StructTune-FAB and StructTune-FA on LLaMA while achieves comparable perfor-
mance on Qwen models.

Method
LLaMA2-7B LLaMA3.2-3B Qwen3-4B

Sparsity Density Score Sparsity Density Score Sparsity Density Score

1-Epoch 1-Epoch 1-Epoch

StructTune-FAB 2.4% 29.49 3.45% 39.58 3.64% 75.51
StructTune-TAB 2.4% 31.31 (↑ 1.82) 3.45% 37.83 (↓ 1.75) 3.64% 73.16 (↓ 2.35)
StructTune-FA 2.4% 29.42 3.45% 40.11 3.64% 75.13
StructTune-TA 2.4% 30.1 (↑ 0.68) 3.45% 40.94 (↑ 0.83) 3.64% 72.63 (↓ 2.5)

StructTune-FAB 1.2% 24.49 1.725% 37.91 1.82% 75.44
StructTune-TAB 1.2% 28.58 (↑ 4.09) 1.725% 37.3 (↓ 0.61) 1.82% 74.53 (↓ 0.91)
StructTune-FA 1.2% 26.61 1.725% 36.69 1.82% 75.59
StructTune-TA 1.2% 27.82 (↑ 1.21) 1.725% 40.11 (↑ 3.42) 1.82% 75.44 (↓ 0.15)

StructTune-FAB 0.6% 25.93 0.862% 35.03 0.91% 75.44
StructTune-TAB 0.6% 25.32 (↓ 0.61) 0.862% 35.18 (↑ 0.15) 0.91% 74.91 (↓ 0.53)
StructTune-FA 0.6% 25.4 0.862% 33.43 0.91% 75.44
StructTune-TA 0.6% 22.59 (↓ 2.81) 0.862% 32.22 (↓ 1.21) 0.91% 76.12 (↑ 0.68)

Table 9: Extended evaluation comparing StructTune variants with trainable scaling factors (StructTune-TAB and
StructTune-TA) for selected row/column updates on LLaMA and Qwen models fine-tuned on GSM8K.

Method LLaMA2-7B LLaMA3.2-3B Qwen3-4B

Sparsity Density Accuracy Sparsity Density Accuracy Sparsity Density Accuracy

Baseline (Pre-trained) - 41.71 - 54.55 - 70.40

+StructTune-FAB 2.4% 39.56 (↓ 2.15) 3.45% 52.87 (↓ 1.68) 3.64% 71.22 (↑ 0.82)
+StructTune-FA 2.4% 37.61 (↓ 4.10) 3.45% 51.88 (↓ 2.67) 3.64% 70.73 (↑ 0.33)
+RoSA_spa 2.4% 33.65 (↓ 8.06) 3.45% 46.49 (↓ 8.06) 3.64% 65.75 (↓ 4.65)

+StructTune-FAB 1.2% 37.16 (↓ 4.55) 1.725% 52.07 (↓ 2.48) 1.82% 70.64 (↑ 0.24)
+StructTune-FA 1.2% 37.28 (↓ 4.43) 1.725% 52.74 (↓ 1.81) 1.82% 70.84 (↑ 0.44)
+RoSA_spa 1.2% 34.63 (↓ 7.08) 1.725% 45.39 (↓ 9.16) 1.82% 66.48 (↓ 3.92)

+StructTune-FAB 0.6% 36.88 (↓ 4.83) 0.862% 51.09 (↓ 3.46) 0.91% 71.41 (↑ 1.01)
+StructTune-FA 0.6% 37.99 (↓ 3.72) 0.862% 52.57 (↓ 1.98) 0.91% 71.15 (↑ 0.75)
+RoSA_spa 0.6% 34.02 (↓ 7.69) 0.862% 47.62 (↓ 6.93) 0.91% 67.68 (↓ 2.72)

Table 10: Comparison of MMLU accuracy before and after 1-epoch GSM8K fine-tuning for LLaMA and Qwen
models using structured sparsity (StructTune-FA, StructTune-FAB) and unstructured sparsity (RoSA_spa) methods
at varying sparsity densities.

B.4 General Capbilities Preservation
Investigation

To investigate the catastrophic forgetting effect
following fine-tuning with sparse weight updates,
we conducted experiments comparing the mod-
els’ general capabilities before and after fine-
tuning. We evaluated performance on the MMLU

(Hendrycks et al., 2020) dataset using a zero-shot
setting.

We fine-tuned LLaMA and Qwen models on
GSM8K for one epoch and compared the struc-
tured sparse update method (StructTune) against
the unstructured sparse update method (RoSA).
According to the results in Table 10, both meth-

2335



ods demonstrate accuracy drops on the LLaMA
model, though StrucTune exhibits a smaller de-
cline than RoSA. For the Qwen model, StrucTune
preserves general capabilities, while RoSA con-
tinues to show degradation. These experiments
demonstrate that although sparse fine-tuning can
affect general capabilities, structured sparse up-
dates provide a superior solution compared to un-
structured approaches.
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