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ABSTRACT

Low-rank and sparse composite approximation is a natural idea to compress Large
Language Models (LLMs). However, such an idea faces two primary challenges
that adversely affect the performance of existing methods. The first challenge
relates to the interaction and cooperation between low-rank and sparse matrices,
while the second involves determining weight allocation across different layers,
as redundancy varies considerably among them. To address these challenges, we
propose a novel two-stage LLM compression method with the capability of global
resource allocation for rank and sparsity. It is noteworthy that the optimization
space is vast, making comprehensive optimization computationally prohibitive.
Therefore, to reduce the optimization space, our first stage utilizes robust principal
component analysis to decompose the weight matrices of LLMs into low-rank and
sparse components, which span the low dimensional and sparse spaces containing
the resultant low-rank and sparse matrices, respectively. In the second stage, we
propose a probabilistic global allocation strategy to jointly identify the low-rank
and sparse structures within the above two spaces. The appealing feature of our
approach is its ability to automatically detect the redundancy across different lay-
ers and to manage the interaction between the sparse and low-rank components.
Extensive experimental results indicate that our method significantly surpasses
state-of-the-art techniques for sparsification and composite approximation.

1 INTRODUCTION

Transformer-based large language models (LLMs) (Vaswani et al., 2023; Touvron et al., 2023b;
OpenAl et al., 2024) have achieved remarkable progress across natural language processing (NLP),
computer vision, and scientific applications. Despite these successes, their massive parameter sizes
pose critical challenges: they demand huge storage and memory footprints, incur slow inference
speeds, and require substantial computational resources for training. Consequently, model com-
pression (Cheng et al., 2020; Wang et al., 2024a; Zhu et al., 2024) has become an essential line of
research for enabling real-world LLM deployment under stringent hardware constraints.

Among compression strategies, quantization (Han et al., 2015; Chee et al., 2023; Kuzmin et al.,
2023) typically retains overall model structure by reducing the precision of weights, thus often pre-
serving performance. By contrast, pruning (Liu et al., 2017; Frankle & Carbin, 2019; Sun et al.,
2024; Frantar & Alistarh, 2023) removes individual weights based on certain criteria (e.g., magni-
tude or importance scores). Although pruning is flexible and can yield substantial parameter savings,
it may degrade performance unless combined with additional fine-tuning or distillation (Sanh et al.,
2020; Zhou et al., 2024; 2025), especially in large-scale LLMs that encode extensive linguistic and
factual knowledge (Geva et al., 2021; Dai et al., 2022; Cui et al., 2025).

To retain more critical information under aggressive compression, researchers have explored “low-
rank plus sparse” decompositions (Li et al., 2023; Ren & Zhu, 2023; Han et al., 2024). In this
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approach, the weight matrix is decomposed into a low-rank part that captures global correlations and
a sparse part that highlights outliers or domain-specific knowledge. However, existing methods often
rely on manually set singular-value thresholds, which can inadvertently discard medium-sized yet
important singular values. Additionally, these methods typically require computationally expensive
backpropagation for parameter updates. While there is some interaction between the optimization
of the low-rank and sparse components, the two parts are still relatively independent in their update
processes. Lastly, due to the significant redundancy variations from early layers to deeper ones, how
to allocate rank and sparsity across layers in a globally coordinated manner remains unclear.

In this paper, we address these issues via a novel two-stage compression framework tailored to
LLMs. First, we apply robust principal component analysis (RPCA) (Candes et al., 2011) to factor
each weight matrix into strictly low-rank and sparse components, thereby reducing the otherwise
huge search space into a low-dimensional subspace and a sparse subspace. Second, we introduce
a probabilistic global resource allocation scheme that jointly determines which singular values in
the low-rank component and which nonzero entries in the sparse component should be retained.
This is done by assigning Bernoulli probabilities and updating them via policy gradient (Williams,
1992) on a small calibration set, avoiding heuristic thresholds or backpropagation on the original
LLM parameters. Critically, our method automatically detects the differing redundancy levels across
layers and manages the interaction between low-rank and sparse parts, ensuring that vital parameters
are kept while redundant ones are pruned away. We summarize our main contributions as follows:

* We propose a two-stage LLLM compression approach that first uses RPCA to produce low-
rank and sparse subspaces, then employs a Bernoulli-based global resource allocation for
rank and sparsity selection.

* Our framework eliminates the need for manual thresholds or layerwise iterative backprop-
agation, offering a training-free scheme that adapts automatically to various layers’ redun-
dancy characteristics.

» Extensive experiments show that our method outperforms existing sparsification and com-
posite approximation baselines under multiple compression ratios, highlighting its effec-
tiveness and robustness.

2 RELATED WORK

2.1 UNSTRUCTURED PRUNING

Unstructured pruning reduces parameters by eliminating individual weights. Standard methods like
SparseGPT (Frantar & Alistarh, 2023) and Wanda (Sun et al., 2024) offer efficient layer-wise prun-
ing but can struggle at high sparsity or require additional retraining (Sanh et al., 2020; Renda et al.,
2020). Dynamic frameworks such as BESA (Xu et al., 2024) and DST (Liu et al., 2020) address this
by dynamically adapting sparsity levels to minimize extensive fine-tuning. Other approaches focus
on optimizing layer-wise sparsity allocation: OATS (Zhang & Papyan, 2024) uses Hessian-based
optimization, DSNoT (Zhang et al., 2024b) leverages gradient sign stability for data-free pruning,
and OWL (Yin et al., 2023) and AlphaPruning (Lu et al., 2024) utilize activation statistics. Unlike
these heuristic-driven allocations, our CAP performs joint low-rank and sparse decomposition via
Robust PCA (RPCA), naturally inducing structured sparsity patterns and enabling global optimiza-
tion through policy gradients.

2.2 LoOW-RANK PLUS SPARSE AND HYBRID COMPRESSION

Low-rank approximation effectively reduces memory and FLOPs (Denton et al., 2014). Early com-
posite schemes like LoSparse (Li et al., 2023) and LPAF (Ren & Zhu, 2023) combine sparse and
low-rank techniques but rely on manual tuning and iterative fine-tuning. Recent works introduce
more advanced decomposition and sparsity strategies, including SVD-LLM (Wang et al., 2024b),
MoDeGPT (Lin et al., 2025), and the hardware-friendly masks in MaskLLM (Fang et al., 2024).
Furthermore, hybrid methods integrate sparsity with quantization or low precision (SpQR (Dettmers
et al., 2024), CALDERA (Saha et al., 2024)). Multi-modal compression frameworks such as
SLiM (Mozaffari et al., 2024), JSQ (Guo et al., 2024), and L2QER (Zhang et al., 2024a) com-
bine low-rank modules, sparsity, and quantization, but largely rely on heuristic designs or multi-
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stage fine-tuning. In contrast, our CAP framework utilizes RPCA to jointly discover low-rank and
sparse subspaces, optimizing Bernoulli masks globally. This provides a training-free, end-to-end
decomposition without relying on error-fitting or staged optimization.

2.3 MODEL COMPRESSION VIA DISTILLATION AND STRUCTURED PRUNING

Knowledge distillation transfers information from a teacher to a student model during pre-training
(DistilBERT (Sanh et al., 2019), TinyBERT (Jiao et al., 2019)), fine-tuning (PKD (Sun et al.,
2019), Theseus (Xu et al., 2020)), or via advanced multi-stage strategies (CKD (Mirzadeh et al.,
2020), MetaDistill (Zhou et al., 2022)). Structured pruning, on the other hand, removes entire
architectural components like neurons or attention heads (ISP (McCarley, 2019), FLOP (Prasanna
et al., 2020), BPhybrid (Lagunas et al., 2021), CoFi (Xia et al., 2022)). Unlike these techniques,
which typically require teacher models or extensive fine-tuning, our approach operates in a training-
free, post-training manner, making it highly efficient for low-resource deployment scenarios.

3 METHOD

3.1 THEORETICAL BACKGROUND AND MOTIVATION

Low-rank approximation is a fundamental technique in matrix theory, widely used to reduce the
parameter count in neural networks while preserving model performance. In LLMs, weight matrices
are typically high-dimensional and dense. By approximating a weight matrix W € R”**" with rank
R < min(m,n) using a truncated SVD, one can write

W~ UrSrVy, (1)

where Ur and Vg contain the top R left and right singular vectors, and X is the diagonal matrix
of the largest R singular values. This factorization reduces the parameter count from m X n to
(m 4+ n) x R, and breaks a large matrix multiplication into smaller ones, leading to significant
efficiency gains.

Despite these benefits, low-rank approximation alone may be insufficient for LLM compression,
especially when the singular values do not decay sharply.

Recent studies combine low-rank and sparse representations for model compression. For instance,
LoSparse (Li et al., 2023) applies SVD to obtain a rank-R approximation and prunes the residual
W —URrX V5 . However, such methods suffer from several limitations: they rely on manually tuned
thresholds for rank and sparsity, lack a coordinated mechanism to allocate resources across layers
with varying redundancy, and often require computationally expensive iterative pruning (Molchanov
et al., 2019) or memory-intensive joint fine-tuning.

To overcome these issues, we first formulate LLM weight compression as a global resource allo-
cation problem (§ 3.2). Next, we detail our proposed approach (§ 3.3), which decomposes weight
matrices via RPCA and probabilistically prunes the resulting low-rank and sparse components. This
enables adaptive, end-to-end optimization without relying on heuristic thresholds or costly back-
propagation through the original LLM parameters.

3.2 PROBLEM FORMULATION

Suppose we have L layers in an LLM, each containing weight matrices {W(l) }zL:r We seek com-
pressed matrices {W ()} such that the total parameter count does not exceed a budget K, while
minimizing a loss /(W) measured on a small calibration set D. Formally,

min > (f(Wia),y),
(WO}

(z,y)€D 2
subject to  ParamCount({W}) < K,

where f(W;z) is the LLM’s forward pass given the compressed weights, and ParamCount(-)
measures how many parameters are retained. Directly pruning each individual weight is intractable
for very large matrices. To address this, we propose to:
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Figure 1: Overview of our proposed compression method. The weight matrix W is decomposed
into a low-rank component L and a sparse component S using RPCA. Both components are pruned
through Bernoulli sampling guided by learned probability scores, optimized via policy gradient. The
low-rank component is further factorized into U’ and V' to reduce the number of model parameters.

* Decompose each W) via RPCA to obtain a low-rank matrix L and a sparse matrix S,
reducing the search space to “global rank directions” plus “sparse outliers.”

* Probabilistically prune both components under the budget K by learning Bernoulli reten-
tion probabilities through policy gradient on a small calibration set.

3.3 PROPOSED APPROACH: CAP

As illustrated in Figure 1, our proposed method, CAP, follows a two-stage process. The role of Stage
1 is to decompose weights into a relatively low-rank matrix L and a sparse matrix S, reducing the
parameter space to manageable candidates. Stage 2 then allocates the parameter budget over these
candidates to achieve the target compression ratio while preserving model performance. This prin-
cipled decomposition followed by budget-aware selection avoids heuristic thresholds and expensive
fine-tuning. In the following sections, we provide detailed explanations of our algorithm.

3.3.1 STAGE 1: PRINCIPLED DECOMPOSITION VIA RPCA

The first stage of our method is not designed to achieve a target compression ratio directly. In-
stead, its purpose is to perform a principled decomposition of each weight matrix, transforming the
complex problem of pruning individual weights into a more structured one. By separating a weight
matrix W € R™*™ into a low-rank component L that captures global structure and a sparse compo-
nent S that captures local, salient features, we establish a high-quality candidate pool for subsequent
compression. We achieve this through RPCA, which formulates the decomposition as a convex
optimization problem:

min 1L« +A IIS]l1  subjecttoW =L+ S. (3)
L,S —— N——"
Low-rank constraint Sparsity constraint

The choice of this objective is theoretically motivated. The nuclear norm || L|| is the tightest convex
relaxation of the rank function, making it the most effective convex proxy for minimizing rank.
Similarly, the ¢ norm ||S||; is the standard convex relaxation for the non-convex ¢, norm (sparsity),
which effectively identifies significant, sparse outliers. Thus, this framework provides a principled
and globally optimal separation of W into its underlying low-rank and sparse structures.

Crucially, the hyperparameter A in the RPCA objective governs the nature of this decomposition, not
the final compression rate. Attempting to control sparsity by simply tuning A leads to unpredictable
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changes in the rank of L and often results in poor-quality decompositions. Therefore, this stage
focuses solely on creating an optimal candidate pool for the subsequent budget-aware pruning. We
solve Eq. equation 3 using the efficient Alternating Direction Method of Multipliers (ADMM) (Lin
et al., 2010). The updates are as follows:

. 4 _ 2
Ly41 = argmin \\L||*+’§|\W—L—sk+u %, 4)
. _ 2
Ski1 = argmin A||S||1+%]|W—Lk+1fs+u %, 5)
Yir1 =Ye+ 40 (W —=Lgi1 — Sky1) . (6)
The L-update employs Singular Value Thresholding (SVT) (Cai et al., 2008):
Lj+1 = U diag(shrink,—1 (o)) V" (7)

where UoV T is the SVD of W — S, + =Y}, with singular value shrinkage shrink, (o;) =
max(o; — 7,0). The S-update applies elementwise soft-thresholding:

[Sk+1]ij = shrinkMrl ([W — Lk+1 + ,U,ilYk]q;j) (8)

This alternating optimization progressively separates the weight matrix into a low-dimensional sub-
space capturing directional patterns (L) and a sparse subspace containing localized refinements (S),
establishing the foundation for subsequent global resource allocation.

3.3.2 STAGE 2: LEARNABLE PROBABILISTIC PRUNING

While the RPCA decomposition in Stage 1 provides a high-quality separation of components, it does
not enforce a specific parameter budget. The second stage directly addresses this by performing a
global, budget-aware selection from the candidate pools (L and S) generated previously. We decide
which rank-1 components in L and which non-zero entries in S to keep, to meet a user-defined
parameter budget K while minimizing task performance degradation.

The total parameter budget, K, is a user-defined hyperparameter (e.g., 50% of the original model’s
parameters). Each retained singular value o; from L requires storing its corresponding singular
vectors u; € R™ and v; € R™, contributing (m + n) parameters. Each retained non-zero entry of S
contributes one parameter. We introduce Bernoulli random variables to model the retention decision
for each potential parameter:

mg, ~ Bernoulli(s,,), ms,, ~ Bernoulli(sgs,;),

where 5., € [0,1] and s5,; € [0, 1] are learned retention probabilities. The compressed matrix is
W = Udiag(a@mg) V' + S ©® mg, )

subjectto Y. 55, (m +n) + Zi, ;8s,; < K torespect the total parameter budget.

ij

Learning probabilities via policy gradient. We minimize the expected loss on a small calibration

set D: }
it Epn e (omis) {L‘(W)}, (10)
where s = {s,,,5s,,} and p(m | s) is the product of Bernoulli distributions. We employ a
REINFORCE-style (Williams, 1992) policy gradient:
Vo Eml£(W)] = Em |[£(W) V,, logp(m | s1)]. an

For a Bernoulli variable mj, ~ Bernoulli(sy),
mr — Sk
Sk (1 — Sk) + €’
with a small € > 0 to avoid division by zero. To reduce variance, we maintain a moving average
baseline § (Zhao et al., 2011):

Vs, logp(my | sg) =

§ — B+ (1—-PB)L(W), (12)
and update each s, via
Sk — Sk — 1 (C(VV) —0) Vs, logp(my | si). (13)
After each gradient step, we project s back onto {s : 1Ts < K, 0<s, <1}
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Thresholding masks and final factorization. The policy gradient optimization yields a set of
probabilities {sy } that reflect the learned importance of each parameter for minimizing the task loss.
To obtain the final compressed model that strictly adheres to the budget K, we perform a determin-
istic selection. We treat the probabilities s; as importance scores for their corresponding parameters
(singular values or sparse entries). All potential parameters are ranked globally according to these
scores. We select the top-K parameters to keep, generating the final binary masks my:

—— {1, if parameter k is among the top-K scored parameters, (14)

~ |0, otherwise.

We note that comparing sj, across different parameter types is valid because the learned probabil-
ity acts as a unified proxy for the “utility-to-cost” ratio. During optimization, the policy gradient
inherently accounts for the parameter’s contribution to loss reduction relative to its existence in the
model. Thus, sorting by s provides a globally consistent ranking for resource allocation.

This final step ensures the parameter budget is met precisely. The compressed weight matrix is
reconstructed using these binary masks in Eq. equation 9. To enhance efficiency, the resulting low-
rank component is factorized into smaller matrices. The compressed U’ and V' are computed as:

U = [\/Flula \/F2u27 B EY/ O—r’ur’} ) (15)
V' = [\/o1v1, Vo2va, ..., oVl (16)

where 7’ is the number of retained singular values (i.e., where m,, = 1). The final compressed
weight matrix is then:

W =U" (V) +80ms. (17)

This factorization reduces both storage and computational cost during inference.

3.4 DISCUSSION

We propose CAP, a two-stage compression framework for large language models. Stage 1: RPCA
Decomposition—The weight matrix is split into low-rank and sparse parts, preserving global struc-
ture while isolating local anomalies and sharply reducing the search space for later optimization.
This step is cast as a convex program (nuclear norm + L; norm), guaranteeing a globally optimal
separation for the decomposition objective. Stage 2: Bernoulli Mask Optimization—Using a small
calibration set, an unbiased policy-gradient method learns the retention probabilities for the low-rank
and sparse components, automatically detecting and pruning redundancy across layers.

Remark. While Stage 1 solves a convex problem, Stage 2 addresses the discrete budget allocation
problem via policy gradient, which serves as a heuristic optimizer. It does not guarantee a global
optimum for the non-convex pruning objective but empirically finds effective allocation strategies by
leveraging the high-quality subspaces identified in Stage 1. This two-step design balances theoretical
principledness in decomposition with practical flexibility in resource allocation.

4 EXPERIMENTS

In this section, we first introduce the experimental setup. Subsequently, we present the main exper-
imental results, extensions to modern instruction-tuned models, and detailed ablation studies. We
further provide in-depth analyses on inference throughput and calibration robustness.

Models and Evaluation. We evaluate our proposed CAP method on a comprehensive set of
widely adopted large language models across different architectures and scales. Our evaluation in-
cludes the LLaMA family: LLaMA-1 (Touvron et al., 2023a) (7B, 13B, 30B), LLaMA-2 (Touvron
et al., 2023b) (7B, 13B), and LLaMA-3 (Dubey et al., 2024) (8B, 70B); Modern Instruction-Tuned
models: LLaMA-3.1-8B and Qwen2.5-7B (Yang et al., 2024); the OPT series (Zhang et al., 2022)
(1.3B, 2.7B, 6.7B, 13B); the Phi-3 family (Abdin et al., 2024) including Phi-3 Mini (3.8B) and Phi-3
Medium (14B); and BERT-base (Devlin et al., 2019). To assess the performance of the compressed
models, we conduct experiments on zero-shot tasks and language modeling. We perform an exten-
sive evaluation of the zero-shot capabilities of pruned models across eight standard commonsense
benchmark datasets: GLUE (Wang et al., 2019), PIQA (Bisk et al., 2020), BoolQ (Clark et al., 2019),



Published as a conference paper at ICLR 2026

Table 1: Performance comparison with unstructured pruning methods at 50% compression. We
report average zero-shot accuracy (%) across eight tasks and WikiText perplexity (lower is better).

Method Compression Zero-shot Accuracy (%) WikiText Perplexity

Phi-3 Mini  Phi-3 Medium LLaMA-38B LLaMA-370B | Phi-3 Mini Phi-3 Medium LLaMA-38B LLaMA-370B
Dense | 0% | 7285 75.37 70.79 76.53 | 9.42 6.11 8.56 2.68
Uniform Sparsity Methods
30% 70.63 74.53 69.08 75.07 11.19 7.48 9.71 3.24
SparseGPT 40% 69.18 74.40 67.58 74.63 13.03 8.52 10.01 3.99
50% 66.36 73.25 64.66 73.17 16.80 9.89 11.95 527
30% 70.66 74.05 68.63 75.19 10.71 7.28 9.39 3.28
Wanda 40% 68.80 73.01 67.04 74.10 12.59 8.49 9.74 4.08
50% 65.03 70.96 63.27 72.85 17.23 10.12 12.36 5.38
30% 71.20 74.03 68.98 75.54 10.51 7.11 9.36 3.27
DSNoT 40% 69.08 72.90 66.65 74.29 12.17 8.24 9.60 4.10
50% 65.33 71.12 62.74 7291 16.68 9.96 12.41 5.58
30% 71.48 74.04 69.34 75.24 10.27 6.85 9.59 3.07
OATS 40% 70.04 74.46 68.68 74.88 11.53 71.70 9.24 3.68
50% 68.41 73.39 65.71 73.30 15.18 9.05 10.87 4.78
Layerwise Allocation Methods (Based on Wanda)
30% 71.15 74.28 69.12 75.45 10.45 7.15 9.25 3.18
OWL 40% 69.32 73.35 67.58 74.42 12.28 8.32 9.58 3.95
50% 65.78 71.38 63.95 73.25 16.85 9.88 12.18 525
30% 71.28 74.35 69.25 75.52 10.38 7.08 9.18 3.15
AlphaPruning 40% 69.45 73.48 67.72 74.55 12.15 8.25 9.48 3.88
50% 65.95 71.52 64.12 73.42 16.72 9.78 12.05 5.18
Our Method
30% 72.15 74.85 70.25 76.02 9.88 6.58 9.05 2.95
CAP 40% 70.58 74.78 69.38 75.45 11.15 7.42 9.16 3.52
50% 69.12 74.05 66.85 74.18 14.68 8.78 10.35 4.45

HellaSwag (Zellers et al., 2019), WinoGrande (Sakaguchi et al., 2021), OpenBookQA (Mihaylov
et al., 2018), and the ARC Easy and ARC Challenge tasks (Clark et al., 2018). For language mod-
eling evaluation, we measure perplexity on the held-out WikiText (Merity et al., 2016) validation
set (Im-eval-harness). For modern models, we additionally evaluate Chain-of-Thought reasoning
(GSM&K (Bai et al., 2025)) and LongBench-v2 (Cobbe et al., 2021).

Implementation Details. We utilize PyTorch 2.3.0, Transformers 4.28.0, CUDA 12.1 on NVIDIA
A100 GPUs under Ubuntu. To ensure fair comparison, we use 128 sequences with context length
sampled from the C4 training set (Raffel et al., 2020) as calibration data. For policy gradient estima-
tion, we set iterations to 3, sliding window size to 5, and learning rate to 0.05. The A parameter for
RPCA decomposition is set according to the established formulation A = 1/4/max(m,n), where
m and n represent the dimensions of the data matrix.

Baselines. We compare our approach with several compression techniques: SparseGPT (Frantar
& Alistarh, 2023) is a second-order pruning method for LLMs that solves a layer-wise reconstruc-
tion problem. WANDA (Sun et al., 2024) prunes weights based on their importance using activation
statistics. OATS (Zhang & Papyan, 2024) performs optimal sparsity allocation across transformer
layers using second-order information. OWL (Yin et al., 2023) and AlphaPruning (Lu et al., 2024)
are layer-wise allocation methods that optimize sparsity distribution. SLiM (Mozaffari et al., 2024)
combines low-rank approximation with sparsity and quantization, featuring probabilistic quantiza-
tion error fitting. LPAF (Ren & Zhu, 2023) applies first-order unstructured pruning to obtain a
low-rank sparse model. Then, sparsity-aware SVD is used to decompose the sparse matrices into
a low-rank form AB. Finally, mixed-rank fine-tuning is used to retrain AB. We compare against
dense SVD-based methods SVD-LLM2 (Wang et al., 2025¢), Dobi-SVD (Wang et al., 2025b), Ba-
sis Sharing (Wang et al., 2025a) and structured pruning method LoSparse (Li et al., 2023).

4.1 COMPARISON WITH UNSTRUCTURED PRUNING METHODS

We compare CAP with recent unstructured pruning methods across multiple large language models.
Table 1 presents a comprehensive comparison including both uniform sparsity methods (SparseGPT,
Wanda, DSNoT, OATS) and layerwise allocation methods (OWL, AlphaPruning) at 30%, 40%,
and 50% compression ratios. Note that OWL and AlphaPruning are layerwise allocation methods
that optimize sparsity distribution across layers, and we implement them using Wanda as the base
pruning method for fair comparison. CAP consistently achieves competitive or superior performance
across different model architectures and sizes.
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Table 2: Performance on Modern LLMs (50% Sparsity). Left: LLaMA-3.1-8B-Instruct on reasoning
and long-context tasks. Right: Qwen2.5-7B on diverse benchmarks.

LLaMA-3.1-8B-Instruct [ Qwen2.5-7B
Method GSMS8K  LongBench-v2 WikiText Task SparseGPT Wanda CAP Dense
(8-shot, %) (Avg, %) (PPL) (50%) 50%) (50%) (0%)
Dense 84.5 30.4 6.01 NarrativeQA 4.95 16.30 18.52 319
Wanda (50%) 45.6 25.1 7.26 GovReport 33.52 32.13 3405 534
CAP (50%) 56.8 27.2 6.61 Lcc (Code) 39.70 45.14  46.92 58.1
Improvement +11.2 +2.1 -0.65 TriviaQA 89.35 88.70 89.85 92.5

Table 3: Comparison at 50% unstructured sparsity. Zero-shot accuracy (%) on representative mod-
els. LoRA variants: Naive-LoRA uses basic error compensation; SLiM-LoRA incorporates weight
salience; SLiM-LoRAQ additionally quantizes the adapter.

o e OPT LLaMA-2
Method Quantization | ;35 578 678 13B | 7B 13B
Dense - ‘ 434 455 483 48.7 ‘ 56.6 60.8
Magnitude Group AbsMax | 32.1 399 364 323 | 470 51.0
SparseGPT OPTQ 38.7 434 470 47.4 51.1 55.9
Wanda OPTQ 41.0 429 465 468 | 53.6 56.8
JSQ JSQ 389 355 428 30.7 52.3 57.0
L2QER Group AbsMax | 384 413 451 OOM | 506 OOM
Naive-LoRA QuantizationW | 404 434 46.6 47.3 51.5 553
SLiM-LoRA QuantizationW | 41.9 435 47.1 48.0 | 543 579
SLiM-LoRAQ  QuantizationW | 41.7 43.6 472 479 | 542 573

CAP (Ours) OPTQ | 417 448 482 483 | 551 59.2

4.2 EXTENSION TO MODERN INSTRUCTION-TUNED MODELS

To validate CAP’s effectiveness on the latest generation of models, we evaluated LLLaMA-3.1-8B-
Instruct and Qwen2.5-7B at 50% sparsity. We report on Chain-of-Thought reasoning (GSM8K) and
long-context understanding (LongBench-v2), where standard pruning methods struggle. As shown
in Table 2, CAP significantly outperforms Wanda on challenging tasks. For LLaMA-3.1-Instruct,
CAP recovers +11.2% accuracy on GSMS8K, suggesting that the preserved low-rank backbone is
crucial for maintaining the precise reasoning circuits disrupted by unstructured pruning.

4.3 COMPARISON WITH JOINT COMPRESSION METHODS

Since methods like LoSparse are based on structured pruning and require extensive retraining, we
compare CAP with SLiM, a state-of-the-art method that jointly applies quantization, sparsity, and
low-rank approximation. We also include comparisons with other joint compression approaches
including JSQ (Guo et al., 2024), a joint sparsity and quantization method that optimizes sparsity
and quantization parameters simultaneously, and L2QER (Zhang et al., 2024a), which combines
low-rank decomposition, quantization, and sparsity in a sequential manner.

While both SLiM and CAP structurally combine low-rank and sparse components, their technical
approaches differ fundamentally: SLiM primarily focuses on using low-rank decomposition to fit
quantization errors through probabilistic reformulation and numerical integration to find optimal
quantization parameters, whereas CAP focuses on the synergy between low-rank and sparse decom-
position through RPCA, where the low-rank component emerges from joint optimization rather than
serving as an error fitting tool. Table 3 presents the comparison on representative models at 50%
unstructured sparsity. The results demonstrate that CAP consistently outperforms existing joint
compression methods across different model sizes and architectures.

4.4 COMPREHENSIVE COMPARISON ON GLUE TASKS

We evaluate CAP on downstream tasks using the GLUE benchmark with BERT-base. Table 4 com-
pares CAP against various compression paradigms including pre-training distillation, task-specific
distillation, structured pruning, and matrix factorization methods. CAP achieves competitive or su-
perior performance across most GLUE tasks and compression ratios. Notably, CAP consistently
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Table 4: Results on GLUE tasks under different parameter budgets. We show accuracy (%) for RTE,
MRPC, SST-2, QNLI, MNLI and F1 score (%) for QQP.

RTE

MRPC
50% 25% 16%

50% 25% 16%

SST-2 QQpP
50% 25% 16% | 50% 25% 16%

Pre-training Distillation
DistilBERT ‘65.0 61.0 56,3‘85.8 77.0 72.5‘90.0 889 864 | 90.8 894 88.0‘86.0 83.8 81.6

QNLI
50% 25% 16%

MNLI

Method 50% 25% 16%

817 764 713

TinyBERT 677 672 646 | 863 853 782|923 898 88.0 | 905 900 887 |89 877 845|831 806 774
Task-specific Distillation

PKD 655 592 538 | 819 762 713|913 881 872|884 85 875 |84 827 780|813 757 727

Theseus 65.6 62.1 588 | 862 772 728|915 886 86.1 | 909 89.6 89.0 | 8.2 832 780 |83 764 735

CKD 673 665 608 | 86.0 8I.I 766 | 912 90.0 887 | 90.5 887 895|904 864 819|835 790 768

MetaDistill 69.0 66.7 610 | 868 81.8 773|923 839 87.0|91.0 839 869 | 904 86.8 849 | 8.5 795 768

Structured Pruning

ISP 664 650 639 | 8.1 836 828|904 894 899|905 887 872|905 887 872832 819 808

FLOP 66.1 585 56.0 | 82.1 80.1 784 | 89.7 89.1 879|914 899 897|905 885 87.1 | 8.6 799 79.0

BPhybrid 664 643 639 | 841 81.1 783|910 887 869 |91.8 893 89.1 | 907 881 862|830 80.1 78.0

CoFi 69.0 664 664 | 846 843 834|916 897 89.2|90.1 89.0 889|902 888 876|835 808 80.5
Matrix Factorization

SVDg 62.1 603 556|799 77.0 70.1 | 894 869 853|900 879 871|901 838 809|818 780 74.6

LPAF 628 680 679 | 868 855 86.0 | 920 900 915|904 90.1 91.1 | 893 88.6 848 | 848 826 77.6

Low-rank plus Sparse
CAP (Ours) | 69.1 678 66.5 | 862 862 858|923 919 90.8 | 919 90.8 905 | 90.8 89.1 88.8 | 851 831 82.8
BERT-base \ 69.2 \ 86.4 \ 92.7 \ 91.5 \ 91.4 \ 84.6

Table 5: Left: Comparison with Post-Training SVD Methods on LLaMA-7B (WikiText-2 PPL).
Right: Comparison with LoSparse on DeBERTa-V3-base (20% Retention).

(a) SVD Methods Comparison (PPL) (b) LoSparse Comparison (Accuracy)
Method | Format |20% 40% 60% Method ‘ FT? ‘ MNLI QNLI
SVD-LLM v2 Dense LR 7.12 1034 14.71
Dobi-SVD Dense LR | 6.08 848 15.62 LoSparse Yes | 838 886

274 1320 2895  CAP(Ours) | No | 782  83.0

Basis Shari Shared LR
asis Sharing are CAP (Ours) | Yes 86.8 91.8

CAP (Ours) | LR+Sparse | 585 639  7.06

outperforms methods without fine-tuning and achieves comparable results to fine-tuned methods
like LPAF while using only the RPCA decomposition without additional task-specific fine-tuning.

4.5 COMPARISON WITH STRUCTURED AND PURE LOW-RANK METHODS

We additionally compare CAP against (1) pure low-rank decomposition methods, including SVD-
LLM v2 (Wang et al., 2025¢), Dobi-SVD (Wang et al., 2025b), and Basis Sharing (Wang et al.,
2025a), which utilize dense or shared SVD structures; and (2) LoSparse (Li et al., 2023), a repre-
sentative structured method requiring iterative fine-tuning.

As shown in Table 5 (Left), CAP yields significantly better perplexity than pure SVD methods (e.g.,
5.85 vs 6.08 at 20% ratio), confirming the necessity of the sparse component. Table 5 (Right) shows
that while our training-free CAP is competitive, applying fine-tuning (CAP w/ FT) significantly
outperforms LoSparse, validating RPCA as a superior initialization.

4.6 IN-DEPTH ANALYSIS: EFFICIENCY AND ROBUSTNESS

We investigate the practical inference efficiency and the robustness of our calibration process. Ta-
ble 6 (Left) shows that CAP achieves higher throughput (176.5 tok/s) than Wanda (163.4 tok/s). This
is because CAP’s sparse component S falls into the high-sparsity regime (> 85%), where SpMM
is highly efficient compared to the uniform 50% sparsity of standard pruning methods. Table 6
(Right) analyzes the impact of different calibration datasets. While using in-domain formal text
(WikiText-2) yields the lowest perplexity (6.88), the diverse C4 dataset provides the best general-
ization capability with the highest zero-shot accuracy (76.8%). Notably, the model demonstrates
strong robustness: even when calibrated on a distinct domain like GitHub Code, the accuracy re-
mains competitive (76.1%).
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Table 6: Left: Inference Efficiency on LLaMA-3.1-8B (A100-80G). Right: Calibration Set Robust-
ness (LLaMA-3.1-8B, 50% Sparsity).

Calib. Set | Domain | PPL  Acc.
Method | S-Sparsity | Latency Throughput
Wanda (50%) ‘ 50% ‘ 628ms 1634 tok/s C4 (Default) | General | 7.05 76.8

CAP (50%) | ~85% | 580ms 1765tok/s  WikiText-2 | Formal | 6.88 754
GitHub Code Code 7.18 76.1

4.7 ABLATION STUDIES

To gain deeper insights into the behavior of our compression method, we conduct ablation studies fo-
cusing on two key aspects: (i) the distribution of different matrix ranks after compression is between
200 and 800; and (ii) the stability of our method when pruning is applied sequentially layer-by-layer.

Robustness and Rapid Convergence of RPCA Decomposition To assess decomposition robust-
ness, we evaluated the impact of RPCA iterations on LLaMA2-7B. Figure 2a shows that achieving
an effective decomposition requires only a few iterations. This rapid convergence demonstrates
the robustness of the RPCA stage, which efficiently separates global patterns (low-rank) and local
anomalies (sparse) with minimal overhead. Furthermore, the “Avg. Error” confirms that large mod-
els tolerate approximation errors well, akin to findings in quantization. Notably, the decomposed
model can even surpass the original baseline, highlighting RPCA’s ability to effectively isolate re-
dundant parameters and provide a high-quality foundation for subsequent optimization.

Necessity of Global Resource Allocation To highlight the limitations of heuristic pruning, we
tested a uniform threshold-based approach on the RPCA output. This baseline rigidly prunes small
singular values in L and low-magnitude elements in S without probabilistic masking. As Figure 2b
shows, retaining only one component causes a performance collapse, proving both are indispens-
able. This clear failure of simple thresholding strategies validates our core design choice: the
necessity of a learned, global resource allocation strategy. Unlike rigid heuristics, our policy gra-
dient and Bernoulli sampling adaptively allocate rank and sparsity based on layer-wise redundancy,
which is vital for preserving model performance under compression.

5 CONCLUSION

In this work, we introduce CAP, a novel two-stage compression framework for large language mod-
els. First, CAP applies Robust Principal Component Analysis (RPCA) to decompose weight ma-
trices into low-rank and sparse subspaces, drastically reducing the optimization space. Second, it
employs a global resource allocation strategy via policy gradients to jointly optimize parameter re-
tention under a strict budget. Unlike heuristic-based approaches, CAP adaptively allocates rank and
sparsity in a training-free manner, avoiding expensive backpropagation on the original weights.
Extensive evaluations on models like LLaMA-3.1 and Qwen2.5 demonstrate that CAP significantly
outperforms SOTA baselines in reasoning and long-context tasks.

Effect of RPCA Iterations on Model Performance Effect of Heuristic Threshold-based Pruning on Model Performance
(Singular values below the threshold are set to zero)

Sparsity

Avg. Rank

anjep pazijewLion
1 (oreos Bop Tdd

1114

7.63
584

0.5 1 2 Max
(Rank: 1342) (Rank: 684) (Rank: 214) (Rank: 0)
Threshold (Avg. Rank)

(@) (b)

Figure 2: (a) Effect of RPCA iterations on model performance, where “Avg. Rank” and “Sparsity”
characterize the decomposed components. (b) Performance under heuristic threshold-based pruning,
which zeroes out singular values below a given threshold.
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REPRODUCIBILITY STATEMENT

This statement presents a comprehensive report detailing the reproduction process for our RPCA-
based model compression methodology, incorporating policy gradient optimization. The implemen-
tation builds upon WANDA'’s code base and integrates components from additional open-source
libraries, to which we extend our gratitude.

IMPLEMENTATION OVERVIEW

The proposed algorithm is implemented using PyTorch and Hugging Face’s Transformers library.
The core components of the implementation include:

* RPCA Decomposition: Each weight matrix W from the pre-trained model is decomposed
into a low-rank matrix L and a sparse matrix S using Robust Principal Component Analysis
(RPCA). This decomposition captures global structure in L and local anomalies in S.

¢ Probabilistic Pruning: Bernoulli random variables are introduced to determine the reten-
tion of singular values in L and specific elements in S. Retention probabilities are treated
as trainable parameters.

* Policy Gradient Optimization: A policy gradient framework optimizes the retention prob-
abilities by minimizing the expected loss over a calibration dataset, subject to a parameter
budget constraint.

* Model Reconstruction: Following optimization, compressed weight matrices are recon-
structed using the retained components. Low-rank matrices are further factorized to en-
hance computational efficiency during inference.

CODE STRUCTURE

The implementation is organized into three main components:

* main.py: The primary entry point for the pruning process, handling model loading, ar-
gument parsing, and execution.

* lib/prune_rl.py: Contains the RPCA decomposition, policy gradient optimization
routines, and model reconstruction logic.

* main.sh: A shell script to streamline the pruning execution process with preset argu-
ments.

RUNNING THE PRUNING PROCESS

To reproduce our results, follow these steps:

1. Environment Setup:

* Ensure Python 3.8 or later is installed.
* Install the necessary dependencies:

pip install torch \
transformers \
numpy \
tgdm \
matplotlib \
json \
argparse

2. Execution:

* Use the provided shell script main. sh to execute the pruning process with preset
configurations:

11
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bash main.sh

* The script handles model selection, pruning method, RPCA parameters, policy gradi-
ent settings, and output configurations.

KEY IMPLEMENTATION DETAILS

* Code Base: The implementation builds upon WANDA’s pruning framework, modified to
incorporate RPCA decomposition and policy gradient optimization.

* RPCA Implementation: An augmented Lagrange multiplier method is used to solve the
RPCA optimization problem. This separates the weight matrix into L and S, capturing
essential patterns and anomalies, respectively.

* Bernoulli Masks: For each singular value in L and each element in S, a Bernoulli ran-
dom variable determines its retention. Retention probabilities are initialized uniformly and
optimized iteratively.

* Policy Gradient Optimization: Retention probabilities are refined using a policy gradient
approach. The gradients of the expected loss with respect to the probabilities are estimated
and used to update the masks, with variance reduced via a moving average baseline.

* Model Reconstruction: Following optimization, probabilities are thresholded to generate
binary masks. The compressed model is reconstructed, and low-rank matrices are further
decomposed into U’ and V' for inference efficiency.

RESULTS

Using the aforementioned process, we successfully compressed the LLaMA-2-7B model to achieve
a 50% compression rate while maintaining performance. Perplexity was monitored after processing
each layer to evaluate the model’s performance.

CONCLUSION

This reproduction report outlines the implementation and procedural details for replicating our
RPCA-based compression method with policy gradient optimization. The provided code base, built
upon WANDA, ensures reproducibility and offers a robust foundation for advancing model com-
pression research.
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