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Abstract

Adapting large pre-trained language models to downstream
tasks often entails fine-tuning millions of parameters or de-
ploying costly dense weight updates, which hinders their use
in resource-constrained environments. Low-rank Adaptation
(LoRA) reduces trainable parameters by factorizing weight
updates, yet the underlying dense weights still impose high
storage and computation costs. Magnitude-based pruning can
yield sparse models but typically degrades LoRA’s perfor-
mance when applied naively. In this paper, we introduce
SALR (Sparsity-Aware Low-Rank Representation), a novel
fine-tuning paradigm that unifies low-rank adaptation with
sparse pruning under a rigorous mean-squared-error frame-
work. We prove that statically pruning only the frozen base
weights minimizes the pruning error bound, and we recover
the discarded residual information via a truncated-SVD low-
rank adapter, which provably reduces per-entry MSE by a
factor of (1 — r/min(d, k)). To maximize hardware effi-
ciency, we fuse multiple low-rank adapters into a single con-
catenated GEMM, and we adopt a bitmap-based encoding with
a two-stage pipelined decoding+GEMM design to achieve true
model compression and speedup. Empirically, SALR attains
50% sparsity on various LLMs while matching the perfor-
mance of LoORA on GSM8K and MMLU, reduces model size
by 2x, and delivers up to a 1.7 x inference speedup.

Introduction

The rapid growth of large-scale neural networks has driven
remarkable advances across natural language processing,
computer vision, and other machine learning domains (Meta
2025; Dubey and et al. 2024; Yang et al. 2025; DeepSeek-Al
2025; OpenAl 2023). However, adapting these massive mod-
els to downstream tasks often requires fine-tuning millions
or even billions of parameters, posing significant challenges
for deployment in resource-constrained environments (Man-
grulkar et al. 2022; Lester, Al-Rfou, and Constant 2021; Li
and Liang 2021). Low-Rank Adaptation (LoRA) (Hu et al.
2022) has emerged as a lightweight fine-tuning paradigm, rep-
resenting weight updates as a product of two much smaller
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Figure 1: Memory-accuracy trade-off on the GSM8K (Cobbe
et al. 2021) benchmark for Llama3-8B (Dubey and et al.
2024), fine-tuned on MetaMath (Yu et al. 2023). At 50%
sparsity, SALR maintains the dense LoRA (Hu et al. 2022)
baseline accuracy (79.5%) while reducing model size from
15.5 GB to 7.98 GB. In contrast, LoSA (Huang et al. 2025)
at 50% sparsity suffers a drop to 71.4% accuracy.

matrices. While LoRA drastically reduces the number of
trainable parameters, the underlying dense structure of the
original weights still incurs substantial memory and compu-
tation overhead (Dettmers et al. 2023; Zhang et al. 2023a).

Model pruning offers a complementary approach by elim-
inating redundant weights to yield sparse networks with re-
duced storage and faster inference (Han, Mao, and Dally
2016; Frantar and Alistarh 2023; Sun et al. 2024; Guo et al.
2023). Ideally, magnitude-based pruning applied to a LoRA-
fine-tuned model should combine the benefits of sparsity and
low-rank adaptation. However, pruning can disrupt the care-
fully learned low-rank subspace, and existing dynamic mask-
ing strategies often lead to significant performance degra-
dation (Huang et al. 2025). To guide effective pruning in
the LoRA setting, we develop a unified theoretical frame-
work that quantifies the mean-squared error (MSE) induced
by different pruning schemes. Our analysis reveals that a
static mask applied solely to the frozen base weights achieves
the lowest error bound among both static and dynamic ap-
proaches, laying the foundation for our Sparsity-Aware Low-
Rank Representation fine-tuning (SALR) method.

Although static pruning of the base weights minimizes
theoretical error, it discards valuable information residing in



the pruned elements. To address this loss, SALR introduces
a sparsity preservation pruning strategy: rather than perma-
nently zeroing out pruned entries, we capture their residual
in an auxiliary low-rank adapter. By applying a truncated
singular value decomposition (SVD) to the sparse residual,
we have a compact rank-r correction that retains essential
information without inflating the parameter count. We fur-
ther show that this low-rank correction provably reduces
the per-entry MSE by a factor of (1 — M) where d

and k are the input and output dimensions. However, in this
setting, SALR requires the deployment of two or more low-
rank adapters, one corresponding to the LoRA fine-tuning
module and others serving as sparsity preservation modules.
Performing the small matrix multiplications for each adapter
sequentially results in under-utilization of modern hardware
accelerators. To address this inefficiency, SALR adopts an
adapter concatenation scheme: by stacking the low-rank ma-
trices along their rank dimension, all adapter updates are con-
solidated into a single, larger GEMM (general matrix-matrix
multiplication) operation on a shared input. This fusion re-
duces kernel-launch overhead and maximizes computational
throughput when multiple adapters operate on the same input
vector.

In recent LoRA-based pruning studies, although most
works claim to achieve a specified sparsity ratio and the
associated speedup, almost none address the challenge of
actual model size compression. Thus, the achieved sparsity
does not necessarily translate into reduced model size (Huang
et al. 2025; Khaki et al. 2025; Agarwalla et al. 2024; Kurtic
et al. 2023). This limitation is a major reason why sparse
methods lag behind quantization in model compression (Fan
et al. 2025; Xia et al. 2023). Therefore, to enable effective
model compression via pruning, SALR integrates a bitmap-
based encoding for the pruned base weights along with a
two-stage pipelined design. By employing bitmap encoding,
SALR efficiently stores the dense elements of sparse weights
and enables high-performance bitmap decoding. The two-
stage pipeline further alleviates decoding overhead: in the
first stage, byte-level masks and lookup tables reconstruct
sparse submatrices efficiently, while the LoRA module par-
ticipates in GEMM computation; concurrently, the second
stage feeds these reconstructed blocks into high-performance
GEMM kernels. In this manner, the two-stage pipeline sus-
tains compute-bound density throughout all computation
phases.

In summary, our contributions are:

* We develop a unified, MSE-based theoretical framework
for pruning in LoRA-fine-tuned models and prove that
applying a static mask to the frozen base weights yields
the lowest error bound.

* We introduce SALR, a sparsity-preservation pruning
method that captures pruned-weight residuals via a
truncated-SVD low-rank adapter and provably reduces
per-entry MSE.

* We propose an adapter concatenation scheme that stacks
all low-rank adapters into a single GEMM operation, mini-
mizing kernel-launch overhead and maximizing hardware
accelerator utilization.
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* We design a practical compression and deployment
pipeline using bitmap encoding for actual model-size
reduction and a two-stage, pipelined decoding+GEMM
approach to sustain compute-bound throughput.

Preliminary

In this section, we present the essential background and
theoretical underpinnings necessary to understand the chal-
lenges and methodologies associated with Sparsity-Aware
Low-Rank Representation fine-tuning (SALR).

Let the weight matrix be denoted as W € R%*% where
d represents the number of input features and k denotes the
number of output classes. The magnitude-based pruning op-
eration can be formulated as

. Wi, Wil > T,
Wi' _ 7 ij D
{O> |W%j| < T;D>

where T}, is the pruning threshold determined by the desired
sparsity ratio p. In this manner, pruning can significantly
reduce the memory footprint and computational cost of the
model, thereby enabling the deployment of large-scale mod-
els in resource-constrained environments. In the following,
we analyze the error introduced by pruning and discuss how
it can be mitigated through low-rank adaptation techniques.

Theorem 1. Let W ~ N(0,02) and for a given pruning
ratio p € [0,1) we choose the threshold T, such that

P(WI<T) =p, = T,=007"(42).
Then the mean-squared error (MSE) of this pruning is

MSE(p) = E[(W — W)?] = 202|@(t,) - 3 — tye(ty),

where t, = q)_l(lizp) and p(t) = ﬁe‘tzm is the stan-
dard normal PDF.

Based on the theorem above, if we prune 50% of the entries
in the weight matrix, we have

tos =@ (”—205) — ©1(0.75) ~ 0.674,
and the MSE is given by
MSE(0.5) = 202 {@(0.674) —i- 0.674go(0.674)]
Since ®(0.674) = 0.75 and ©(0.674) ~ 0.318, we find

MSE(0.5) = 20%[0.75 — 0.5 — 0.674 - 0.318]
~ 202(0.25 — 0.214) ~ 0.0720°.

This result demonstrates that pruning a substantial propor-
tion of model parameters leads to only a modest increase
in MSE, thereby establishing the foundational performance
guarantees for applying pruning as an effective strategy for
large model compression.

However, the pruning operation in LoRA fine-tuning dif-
fers in several respects. Due to the introduction of LoRA,
the model parameters are represented as a linear combi-
nation of low-rank matrices and the original weights, i.e.,



W = Wy + AB, which implies that pruning may have to
account for the effects of the low-rank structure. Specifically,
the pruning procedure should aim to reduce the number of
parameters while preserving the integrity of the low-rank
structure as much as possible. A typical approach is to prune
both W and the subspaces of the low-rank matrices A and
B (Huang et al. 2025). This strategy ensures that the sparse,
low-rank adapter is effectively integrated into the pruned
model without altering the model’s sparsity after training.
However, because pruning is applied to the low-rank sub-
space, which is designed to compensate for the loss of pa-
rameters in the original model, this approach often results in
significant performance degradation compared to LoRA.

In addition to pruning both A and B simultaneously, a
simpler alternative is to prune only Wy, that is, the frozen
original weights. The advantage of this approach is that it
minimizes the impact of pruning on the low-rank matrices
A and B, thereby better preserving the low-rank structure of
the model. Furthermore, the above methods can be combined,
such as deriving a pruning mask from AB and subsequently
applying it to W, which allows for compression of the base
model weights while taking the low-rank structure into con-
sideration.

Consider a single pruning step during LoRA fine-tuning,
where the objective is to minimize the distance between W
and W, with W and W denoting the weights before and after
pruning, respectively. In the context of LoRA fine-tuning,
W = Wy + AB, where W, is the frozen original weight ma-
trix and A and B are low-rank matrices. Given the objective,
we derive the pruning error bound for such various methods
as follows.

Theorem 2. Let Wy ;; ~ N(0,02) and A;; = (A*B*);j ~
N(0,7%) be independent, where A* and B* be the opti-
mal values of A and B; U;; = Wy + Aij ~ N(0,V?)
with V? = 0% + 72; the global prune rate is p € [0,1),
and define the prune operation as the same as above. Let
E1(p), Ex(p), E3(p) be the per-entry MSEs of

e Method 1 (static mask on Wy): prune the smallest entries
of |Wo| at rate p.

* Method 2 (dynamic mask driven by U, but prune only
Wo).

e Method 3 (dynamic mask on the full U = W, + A).

Then the MSEs are

Ei(p) = 20%Q(t,), (0
027_2 4
Ealp) = o2+ 7_2p + 0%+ 712 Qty) @
E3(p) =2(c” + 7)Q(ty)
3)

where Q(t) is defined as
Qt) = ®(t) — 5 — tep(t).
Moreover, for every p,

Ei(p) < Es(p) < Ex(p).

28339

Method Performance Model Speedup
LoSA (ICLR2025) Low Sparse Y
SparseLoRA (ICML2025) High Dense N
SALR (ours) High Sparse Y

Table 1: Comparison of LoSA, SparseLoRA and SALR
across three criteria: Performance indicates end-task accuracy
relative to a dense LoRA baseline; Model denotes whether
the fine-tuned weights remain dense or become sparse; and
Speedup reports whether true throughput gains for inference
are realized. LoSA applies static pruning to achieve sparsity
and speedup at the cost of performance; SparseLoRA retains
a dense model to match LoRA accuracy but cannot compress
or accelerate inference; SALR combines sparse pruning with
low-rank residual adapters to deliver both high accuracy and
genuine inference speedup.

System Efficiency Limitations in Existing Work

Table 1 compares the latest pruning methods leveraging low-
rank adaptation to ours. LoSA and SparseLoRA diverge sig-
nificantly in both their algorithms and system-level design.
LoSA utilizes the third pruning approach described above:
it simultaneously prunes both W and the low-rank modules,
ensuring the final merged model maintains global sparsity.
However, as indicated by our earlier analysis, LoSA’s error
bounds are relatively high, resulting in only marginal perfor-
mance retention compared to the original, unpruned model.

In contrast, SparseLoRA uses a dynamic pruning scheme,
selecting which elements of W to compute in response to
each input during training. This leads to faster fine-tuning,
and by not pruning the low-rank subspace, its accuracy
matches that of standard LoRA. However, SparseLoRA does
not actually prune the deployed model: at inference time, the
model remains dense and thus offers no speedup or compres-
sion benefits during deployment, i.e., the improvements exist
only during training.

Methodology

In this section, we detail the design of our SALR. Based on
the error analysis presented in the previous section, we adopt
method 1 as our pruning strategy, which achieves the lowest
error bound by applying a static mask solely to Wj. However,
although this approach reduces the error bound, it does not
take into account the characteristics of the low-rank structure
during pruning. Moreover, it still introduces errors, as pruned
elements are typically discarded and their information is lost.
To address this limitation, we propose a sparsity preservation
pruning strategy, in which the information of the pruned el-
ements is retained. Specifically, during pruning, the pruned
elements are stored in an additional low-rank adapter, allow-
ing this information to be leveraged in subsequent training
stages. In this manner, we are able to preserve information
pertinent to the low-rank structure while pruning, thereby
enhancing overall model performance.

Sparsity Preservation Pruning

Decomposing the full-parameter weight matrix W into low-
rank pairs is an effective approach to reducing the number
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Figure 2: Overview of SALR. (a) SALR first prunes the base model, resulting in a pruned module and a corresponding residual
matrix. Only the bitmap and the dense entries of the pruned module are stored. Subsequently, SALR decomposes the residual
into a single low-rank pair using the optimal rank-r approximation. (b) Bitmap decoding of sparse weights.

of parameters while maintaining model performance(Li et al.
2025; Meng, Wang, and Zhang 2024; Liu et al. 2024; Zhang
et al. 2023b; Biiyiikakyiiz 2024). Given the pruned weight
matrix W, the residual matrix can be defined as E = W —W.
The objective is to obtain a low-rank approximation of £ that
preserves essential residual information. This is achieved by
applying a truncated singular value decomposition (SVD)
to E and retaining only the top r singular values. Since the
residual matrix E is sparse and often contains negligible
information, such decomposition can substantially reduce
the parameter count while still capturing the essential infor-
mation required for model performance. Furthermore, we
demonstrate that applying a rank-r low-rank correction to
the pruned residual matrix I can effectively bound the mean
squared error (MSE) per entry.

Theorem 3. Under the same assumptions as Theorem 1, let
the residual matrix E =W — W. Then

E||E||, = dkMSE(p).

Now let E,. be the best rank-r approximation to E (i.e. its
truncated SVD), ¢ = min(d, k) and the singular values of
as oy > --- > 0y, the Eckart—Young theorem (Eckart and
Young 1936) gives

q
IE-E ;=Y ol
1=r+1

In the worst case (uniformly distributed spectrum) one has

q 2 < =T N 2 ; ;
=105 <05 i—1 0;- Taking expectations,

E|E-E.|% < (1—5)EHEII2F = (dk>(1—m>

Dividing by dk yields the per-entry bound

MSEprune+SVD (p7 ’I") S (1 - W)MSE(}))

According to Theorem 3, this SVD residual can closely
approximate the pruning error. However, if this residual is
fixed during training and only the LoRA adapters A and B are
fine-tuned, then the subspaces of A and B must compensate
for at least two aspects: the useful structure that was pruned
Jfrom W in addition to any further task-specific adaptation
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MSE(p).

required. This burden may be excessive for a small adapter.
It is important to note that the subspace of the SVD residual
encompasses not only the residual itself; by appropriately

adjusting the residual, we can compensate the pruned W with
global information without affecting its sparsity. Thus, it is
necessary to fine-tune not only A and B to enhance task-
specific performance, but also to adjust the SVD residual in
order to control task-specific sparsity. Finally, we derive the
optimal learning rate for updating the SVD-residual matrix
during fine-tuning, as shown in Theorem 4.

Theorem 4. Fix LoRA adapters A, B and let the residual
update subproblem be

1 .
L(M) = §HXM— R|% R=Y — X(W + AB),

where X and'Y be the input and target output respectively,
M represents the optimization variable for the residual.
Then L is convex with

VuL=X"(XM—R),Hess,y L = I, ® (X' X),
and its gradient is Lipschitz with constant
Lsvp = Amax (I @ X T X) = 0pmax (X)2.
Hence, gradient descent converges for any step-size

0<n< 2 = 2
K " max (X)2

Lsvp
and the choice minimizing the worst-case contraction factor
is

1 1

Nsvp = Ao (X T X) = Tmax(X)2

In practice we estimate oy, (X ) by a few power-iterations
on a representative mini-batch every epoch, and then set
nsvD A 1/(0max(X)?) (or more conservatively, half this
value) to guarantee stable and efficient convergence of the
SVD-residual updates.

Concatenating Multi-LoRA adapters

By concatenating all adapters into A ,; and Be,g, we replace
2n small matrix multiplications with two larger ones, thereby
reducing kernel-launch overhead and improving hardware



utilization whenever the same z is fed to multiple LoORA
adapters.

Specifically, let the input = € R%», and let the i-th LoORA
Adapter be defined as

Ai S Rdi“XT,Bi S RTXdO“t.

The incremental computation for a single adapter is given
by Ay; = zA;B; = (xA;)B; € R1*deut If the updates
are accumulated sequentially, this requires 2n small matrix
multiplications. To improve computational efficiency, we
define the concatenated matrices as

-
Al By

Al By

c Rdinx(m")’ Bcat _ c R(nr)Xdout.

Acat = .
AT B,
With this construction, only two matrix multiplications are
required to obtain the cumulative update from all adapters:
n
Ay = Z(xAi)Bi € R Xdout,
i=1

The final output is then given by y = zW + Ay.

Mapping Sparse Weights and Pipeline Design
Traditional CSR-format sparse representations incur signifi-
cant indexing overhead. In contrast, bitmap encoding largely
eliminates this cost, though it requires an efficient decoding
mechanism to avoid throughput overhead. We show that this
decoding process can be highly parallelized.

Mapping Sparse Weights. We define the bitmap as

1a Wl] 7& 07

B € {0,1}%x e, By = {0 W, =0
; ij — Y.

All nonzero elements are stored in a compact array v €
R2(W) in row-major order, where nnz(W) = Y, ; Bij-
To accelerate sparse matrix reconstruction, we partition

each row into several byte blocks, with every 8 columns
forming one group. For the b-th byte block of row ¢, we define

the bitmask as mask; , = ZZ:O B sp+42 € {0,...,255}.
Let bit,(m) denote the ¢-th binary digit of integer m:
bit;(m) = L(m = 2t)J mod 2, t=0,...,7,

then mask,;, = Z::o bit, (Bi78b+t)2t. We further define
the popcount function as

7
popcount(m) = Z bits(m)
t=0

=#{t: 0 <t < 7,bity(m) =1},

which returns the number of 1’s in the binary representation
of m. Thus, the number of nonzero elements in the b-th byte
block of row i is

k; , = popcount(mask; ),
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corresponding to a segment in the compact array, v;; =

kj_ 71
(vgb, Uil,w . 7Ui,bb ).

We precompute a lookup table LUT : {0,...,255} —
{—1,0,1,...,7}%, such that for any mask, if its t-th bit is
1, then LUT(mask); gives the corresponding index in the
nonzero segment v; p; otherwise, it is —1. Let

LUT(mask) = (o, ..., l7),

then the sparse reconstruction rule can be expressed as

0
T v, ) 4 Z 07
Wi sb+t = {Om é -

Vi=0,...,7:
Pipeline Design. To fully exploit hardware capabilities,
we decouple sparse bitmap decoding from GEMM computa-
tion and construct a two-stage pipeline. During the decoding
stage, CUDA cores sequentially read the bitmap B and com-
pact array v by byte block, and reconstruct contiguous sparse
submatrix blocks using the precomputed lookup table LUT.
In the computation stage, the recovered submatrix blocks are
processed by invoking Tensor Core to perform dense—dense
multiplication. The two stages are connected via a ring buffer:
while the decoding stage processes block b + 1, the computa-
tion stage can simultaneously execute the multiplication for
block b. This design eliminates blocking due to sparse format
conversion during the main computation, maximizes hard-
ware throughput, and significantly reduces memory access
and scheduling overhead.

Experimental Results

We conduct extensive experiments to evaluate the effective-
ness of our SALR across a range of benchmarks and models.
First, we focus on supervised fine-tuning (SFT) of state-of-
the-art LLMs in the MATH and multidisciplinary domains,
comparing the performance of SALR against its competitors,
i.e., LoRA-based pruning methods, on MMLU and GSM8K
benchmarks. Additionally, we examine the system efficiency
of various methods during fine-tuning, demonstrating that
SALR significantly reduces model size while maintaining
fine-tuning throughput. The models, datasets, metrics, and
baselines used in our experiments are detailed below, with
further experimental settings provided in supplementary due
to space constraints.

Models. We fine-tune a diverse selection of LLMs, includ-
ing Llama2-7B (Touvron et al. 2023), Llama3-8B (Dubey
and et al. 2024), Mixtral-8x7B (Jiang et al. 2024), DeepSeek-
V2-Lite (DeepSeek-Al 2025).

Datasets. In alignment with prior studies (Wang, Yu, and
Li 2024; Wang et al. 2024), our experiments span a vari-
ety of datasets tailored to specific task types. We utilize
MetaMath (Yu et al. 2023) for the MATH domain, auxiliary
multiple-choice training questions from ARC, MC-TEST,
OBQA, RACE, etc., for the multidisciplinary domain.

Evaluation Metrics. Following the evaluation protocols
of prior works such as QLoRA (Dettmers et al. 2023), LLM-
Adapters (Hu et al. 2023), and LoRA-Pro (Wang et al. 2024),
we primarily assess the zero-shot performance of fine-tuned
LLMs across various benchmarks. for MMLU we report 5-
shot accuracy, and for GSM8K we report zero-shot accuracy.



Model Llama2-7B Llama3-8B Mixtral-8x7B
Dataset MMLU GSMS8K Sparsity | MMLU GSMS8K Sparsity | MMLU GSMS8K Sparsity
Pretrained 45.6 35.5 - 66.0 72.0 - 70.6 58.4 -
LoRA 56.0 56.8 - 69.2 79.5 - 71.0 79.2 -
LoSA (Huang et al. 2025) 45.0 342 50% 64.4 71.4 50% 69.2 57.9 50%
SparseLoRA (Khaki et al. 2025) 56.0 37.6 - 69.0 72.0 - 70.9 78.0 -
DeepSparse (Agarwalla et al. 2024) | 45.1 36.5 50% 60.4 479 50% 70.0 59.0 50%
Ours 56.0 56.7 50% 68.2 79.5 50% 714 79.1 50%

Table 2: Performance comparison on the MMLU and GSM8K benchmarks. We utilize a global 50% sparsity for all methods
except Pretrained and LoRA. The rank is set to 64. - denotes N/A.

1

CETIT
(a) LoSA (b) SALR

Figure 3: Normalized cumulative singular-value energy spec-
tra of the residual correction matrices for LoSA and SALR
on Llama3-8B after fine-tuning on MetaMath.

Baselines. We compare the performance of SALR against
pretrained baseline, the standard LoRA, and several recent
LoRA-based pruning methods, including LoSA (Huang et al.
2025), SparseLoRA (Khaki et al. 2025), DeepSparse (Kur-
tic et al. 2023). Please refer to supplementary for detailed
introduction of baselines.

Performance on Domain-Specific Tasks

Across all evaluated models and benchmarks, our method
consistently outperforms traditional pruning techniques such
as LoSA, SparseLoRA, and DeepSparse. For instance, on
Llama2-7B, SALR achieves 56.0 on MMLU and 56.7 on
GSMSK, which is notably higher than LoSA (45.0/34.2),
SparseLoRA (56.0/37.6), and DeepSparse (45.1/36.5). Sim-
ilarly, for Llama3-8B, our approach yields 68.2 on MMLU
and 79.5 on GSMSK, closely aligning with the performance
of LoRA (69.2/79.5), and surpassing other pruning baselines
by a significant margin.

Notably, while LoRA remains a strong baseline for
parameter-efficient fine-tuning, our method reaches compa-
rable or even superior performance, particularly on Mixtral-
8x7B, where SALR scores 71.4 on MMLU and 79.1 on
GSMBK, effectively matching or exceeding the LoRA results
while providing significant model compression. These results
highlight the capability of our approach to maintain high
performance while substantially reducing model size. The
alignment with LoRA on key benchmarks further demon-
strates that our pruning technique does not compromise the
model’s ability to generalize across diverse tasks.

Figure 3 shows the normalized singular-value energy spec-
tra of the weight updates for LoSA and SALR. Concretely,
if (0;)7_, are the singular values of the residual correction

28342

matrix F, we show

% 2
Z_j:l 0
q 2
=175

where i=1,2,...,q,

and we mark the cube (with yellow) with the smallest index
io.00 such that 0% 02/ 379_ ) 02 > 0.99. i %A < ig k™
is reported, indicating LoSA requires far fewer singular val-
ues to reach 99% energy, whereas SALR retains a much
larger tail of the spectrum. In other words, SALR preserves
substantially more of the residual’s singular-value energy,
resulting in a denser effective update. This finding directly
corroborates the Theorem 3. By retaining a larger number
of singular values (), SALR drives down the RHS of this
bound, preserving more of the original update energy and
delivering higher accuracy.

System Efficiency

Model Compression and Throughput in Fine-Tuning. Ta-
ble 3 reports the fine-tuning memory footprint and sustained
throughput for LoSA and SALR. LoSA consumes 27.1 GB of
GPU memory and achieves 74.5 TFLOPS, whereas SALR re-
duces the memory to 19.2 GB and boosts throughput to 89.2
TFLOPS. Remarkably, given sparsity at 50%, our method
achieves a 2x reduction in model size for Llama3-8B which
matches with LoSA, demonstrating the effectiveness of our
bitmap decoding strategy in compressing large language mod-
els. The key inefficiency in LoSA arises from its two-stage
dense update: AW = AB and then AY = XAW. They
are two compute-intensive GEMM operations and contribute
to the activation update after applying the sparsity mask.
In contrast, since SALR prunes only W, thus it can align
the computation with LoRA so that only low-rank products
are formed: U = XA, AY = UB, with U € RY*" and
r < min(diy, doyt ). This strategy replaces the expensive
full-rank GEMM by two smaller GEMMs of complexity
O(Ndiyr) and O(Nrdoyt ). Moreover, by concatenating all
adapters along the rank dimension, SALR fuses multiple up-
dates into a single GEMM, further reducing kernel-launch
overhead. Overall, SALR’s fused low-rank adapter kernel
and sparsity decoding yield a ~ 30% reduction in fine-tuning
memory and a ~ 20% increase in TFLOPS relative to LoSA.

Inference Speedup. To assess the end-to-end benefits of
SALR at inference time, we follow the N:M sparsity proto-
col of (Huang et al. 2025) and measure the throughput and



Method | Sparsity FT mem (GB)] FT TFLOPS{ # Comp
LoRA - 26.7 91.9 -
LoSA 50% 27.1 74.5 2.0x
SALR 50% 19.2 89.2 2.0x

Table 3: Fine-tuning GPU memory footprint and sustained
throughput (in TFLOPS) on Llama3-8B for LoRA (dense),
LoSA (50% sparsity) and SALR (50% sparsity). # Comp
denotes model compression rate.

Method (Sparsity) GSMSK? Tg:;i‘;ﬁ‘;g‘;% Speedup
LoRA (N/A) 795 60.1 T.0x
SparseLoRA (N/A) 72 60.1 1.0x
LoSA (2:4) 69.4 1135 1.9
SALR (2:4) 78.9 104.9 1.7x

Table 4: GSM8K accuracy, inference throughput (tokens/s)
and inference speedup of Llama3-8B. Dense LoRA and
SparseLoRA (no sparsity) serve as baselines, LoSA and
SALR are fine-tuned and evaluated under 2:4 semi-structured
pattern. Results are collected on 1x RTX4090.

speedup on GSMS8K of Llama3-8B. We include dense LoRA
and SparseLoRA, which incur no model compression, as well
as LoSA and SALR under 2:4 sparsity. Results are shown
in Table 4. Despite operating at 50% sparsity, SALR retains
nearly the same GSMS8K accuracy as dense LoRA while de-
livering a 1.7x speedup. Compared to LoSA, which suffers
a larger accuracy drop under 2:4 sparsity, SALR achieves
significantly higher end-task performance (78.9% vs. 69.4%)
at only a modest reduction in throughput.

Ablation Study

Train Residual to Boost Performance. To quantify the im-
pact of updating the sparsity-preservation residual during fine-
tuning, we compare three variants: standard LoRA, SALR
with the residual kept frozen, and SALR with the residual
trainable. Results on Llama2-7B and Llama3-8B are summa-
rized in Table 5. When the SVD-derived residual is held fixed,
SALR suffers a notable accuracy drop (-1.8 on Llama2-7B,
-2.4 on Llama3-8B), indicating that the pruned-weight cor-
rection learned from the pretrained model is not fully aligned
with the downstream task. By making the residual trainable
alongside the LoRA adapters, SALR recovers nearly all of
this lost performance, matching LoRA on Llama2-7B and
reducing the gap to just 1.0 on Llama3-8B. This demonstrates
that fine-tuning the sparsity-preservation residual is crucial
for adapting the preserved information to the task.

Coupled with Quantization. To further shrink the mem-
ory footprint of SALR for ultra-large models, we combine
a 20% static sparsity mask with NF4 quantization, yielding
Quantized SALR (QSALR). Table 6 reports end-task accu-
racy and peak memory for DeepSeek-V2 and Mixtral-8x7B.
By applying NF4 quantization on top of 20% sparse SALR,
QSALR achieves a ~5x reduction in model size for both
models, dropping from 31.8 GB to 6.5 GB on DeepSeek-
V2 and from 93.9 GB to 19.2 GB on Mixtral-8x7B. The
performance degradation is minimal (-0.6 on DeepSeek-V2
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MMLU?T
Method Llama2-7B  Llama3-8B
LoRA 56 69.2
SALR w/ frozen residual 54.2 66.8
SALR w/ trainable residual 56 68.2

Table 5: Ablation of residual update on MMLU accuracy.

Model DeepSeek-V2-Lite| Mixtral-8x7B |Mixtral-8x7B(NPU)
Acc.T Size (GB)J |Acc.TSize (GB)J|Acc.T Size (GB)J

LoRA | 71 31.8 79.2 93.9 79.2 94.0

QSALR| 70.4 6.5 79.2 19.2 78.0 19.2

Table 6: GSMS8K accuracy and model size of LoRA and
SALR with quantization (20% sparsity + NF4).

and none on Mixtral-8x7B), confirming that the structured
sparsity and low-precision quantization are highly comple-
mentary. For the Huawei NPU deployment of Mixtral-8x7B,
QSALR demonstrates similar efficiency and accuracy as on
GPU, showing that the quantized sparse representation gener-
alizes well across heterogeneous hardware. This combination
enables efficient deployment of very large LLMs in con-
strained environments without sacrificing task performance.

Method (Sparsity) | Llama3-8B GSMSK?
LoRA (N/A) 79.5
SALR (10%) 79.5
SALR (30%) 80.1
SALR (50%) 79.5

Table 7: Effect of sparsity level on GSM8K accuracy.

Sparsity—Accuracy Trade-off. We evaluate how varying
the global sparsity level affects SALR’s performance. Table 7
reports GSM8K accuracy on Llama3-8B for sparsity levels
from 10% to 50%. Across all sparsity levels up to 50%, SALR
maintains accuracy nearly identical to dense LoRA. Notably,
the 30%-sparse model even slightly surpasses the baseline
(80.1% vs. 79.5%), suggesting that moderate sparsity can act
as a regularizer. Furthermore, SALR can aggressively prune
up to half of the weights without compromising the accuracy.

Conclusion

We have presented SALR, a novel fine-tuning paradigm that
unifies magnitude-based pruning with low-rank adaptation
under a principled MSE framework. Our analysis shows that
statically pruning only the frozen base weights minimizes
the pruning error bound, and that recovering the discarded
residual via a truncated-SVD low-rank adapter provably re-
duces per-entry MSE. To maximize hardware efficiency, we
fuse multiple adapters into a single concatenated GEMM
and employ bitmap encoding with a two-stage decoding +
GEMM pipeline, yielding true model compression and infer-
ence speedup. Empirically, SALR achieves 50% sparsity on
various LLMs with no loss in GSM8K and MMLU accuracy,
halves model size, and delivers up to 1.7x inference speedup.
Our work paves the way for resource-efficient deployment of
large language models in constrained environments.
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