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Abstract

Pruning is essential for the efficient deploy-
ment of Large Language Models (LLMs); how-
ever, it causes severe performance degrada-
tion due to the structural distortion induced
by sparsity. Existing recovery strategies, such
as LoRA, predominantly employ global fine-
tuning, often overlooking the mechanistic root
of this degradation: the layer-wise accumula-
tion and amplification of local errors. To ad-
dress this limitation, we propose LaCo (Layer-
wise Compensation), a framework that reori-
ents the recovery paradigm from global adap-
tation to hierarchical representation alignment.
By sequentially optimizing each layer to re-
construct the model’s hidden states, LaCo ef-
fectively intercepts the error propagation chain
at its source. Extensive experiments demon-
strate that LaCo surpasses parameter-efficient
baselines in both perplexity reduction and zero-
shot reasoning. Notably, it reduces recovery-
time memory usage to approximately 1/7 of
the baseline and requires only 2,048 unlabeled
samples to match a LoRA model trained on 50k
examples—achieving a ∼ 25× improvement
in data efficiency.

1 Introduction

Pruning has emerged as a pivotal strategy to alle-
viate the substantial memory and latency burdens
of Large Language Models (LLMs) (OpenAI et al.,
2024; Team et al., 2023; Cheng et al., 2024). While
recent weight removal techniques—such as LLM-
Pruner (Ma et al., 2023), Wanda (Sun et al., 2023),
and SparseGPT (Frantar and Alistarh, 2023)—ef-
fectively discard parameters to accelerate inference,
they primarily optimize for sparsification efficiency,
thereby neglecting the core challenge of post-
pruning performance recovery. Since sparsifica-
tion inevitably compromises the model’s represen-
tational integrity, effective post-pruning compen-
sation is not merely an optional enhancement but
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the decisive factor for deployment. However, the
field currently lacks a robust recovery method that
effectively restores capabilities while maintaining
resource efficiency.

We argue that principled post-pruning recovery
should aim to repair the internal representations
disrupted by sparsity, ensuring the pruned model’s
internal behavior aligns with the original model.
An ideal recovery strategy should thus fulfill three
criteria: (1) Generality, being agnostic to the prun-
ing paradigm; (2) Efficiency, requiring minimal
data and computation; and (3) Fidelity, directly
targeting the structural distortion without injecting
external task bias.

Mainstream parameter-efficient approaches
adapted for recovery, such as LoRA(Hu et al.,
2022), struggle to satisfy these criteria simul-
taneously. By relying on global fine-tuning
with downstream data, such methods prioritize
task-specific adaptation over generic representation
restoration. This approach constitutes an indirect
and task-biased compensation, overlooking the
mechanistic root of degradation. Fundamentally,
they treat the symptom (poor task performance)
rather than the disease (structural distortion).

Our analysis pinpoints the disease: degradation
stems not from end-to-end prediction error, but
from the layer-wise accumulation and amplifica-
tion of local errors(Sec. 3.1). Each layer’s output
discrepancy is propagated and magnified by subse-
quent layers, leading to catastrophic performance
collapse. This yields a critical hypothesis: effec-
tive recovery necessitates rectifying the error
propagation at its source.

Guided by this insight, we propose LaCo
(Layer-wise Compensation), which redefines re-
covery through hierarchical representation align-
ment. LaCo decomposes the intractable global
problem into tractable, local regression sub-
problems, optimizing each sparse layer to recon-
struct the original model’s output hidden states.
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Figure 1: Mechanistic visualization of LaCo’s impact at 70% sparsity. (a) Pruning induces layer-wise error
accumulation, which LaCo effectively severs. (b) Semantic Consistency: Cosine similarity drops significantly in
pruned models (Red), indicating representation collapse, while LaCo (Blue) maintains high fidelity. (c) Structural
Consistency: CKA analysis further confirms that LaCo preserves the internal feature structure better than the
baseline.

Crucially, its interleaved calibrate-then-propagate
strategy—using each layer’s compensated output
as the input for the next layer—curtails the error
propagation chain at its source. This design inher-
ently ensures fidelity (direct representation repair),
efficiency (single-layer optimization), and general-
ity (agnostic to the pruning pattern).

Comprehensive experiments across diverse prun-
ing paradigms and models confirm that LaCo con-
sistently outperforms strong baselines like LoRA,
with its advantage most pronounced under extreme
sparsity (e.g., 70%). Notably, LaCo achieves this
superior recovery with drastic resource efficiency:
it cuts peak memory overhead by over 7× and
matches baseline performance using only ∼2,000
unlabeled samples—a 25× reduction in data re-
quirements. This efficiency, coupled with its versa-
tility as both an on-the-fly enhancement and a post-
pruning compensation strategy, establishes LaCo
as a practical recovery paradigm.

Our main contributions are as follows:

• Theoretical Insight: We identify layer-wise
error accumulation as the mechanistic root
of pruning degradation, establishing the theo-
retical basis for a paradigm shift from global
adaptation to hierarchical representation align-
ment.

• Methodological Innovation: We propose a
sequential optimization framework that re-
solves global recovery via tractable local com-
pensation. This approach effectively inter-
cepts the error propagation chain at its source.

• Efficiency & Versatility: LaCo establishes
a practical and scalable recovery paradigm,
drastically minimizing resource requirements
(memory & data) while offering flexible de-
ployment options for diverse real-world sce-
narios.

2 Related works

2.1 Model Pruning
To mitigate the substantial memory and latency
burdens of LLMs, model compression has evolved
into a critical research area, encompassing tech-
niques such as quantization (Lin et al., 2024), dis-
tillation (Gou et al., 2021), and pruning (Cheng
et al., 2024). Among these, pruning is particu-
larly pivotal as it directly reduces parameter counts
to achieve tangible inference acceleration. Exist-
ing pruning methodologies are typically catego-
rized by their granularity: unstructured pruning
(e.g., Wanda (Sun et al., 2023)) removes individual
weights for maximum flexibility; structured prun-
ing (e.g., LLM-Pruner (Ma et al., 2023), FLAP
(An et al., 2024)) targets coherent components like
heads for hardware efficiency; and semi-structured
pruning (e.g., SparseGPT (Frantar and Alistarh,
2023)) enforces N:M sparsity patterns. A stan-
dard pruning pipeline comprises two critical stages:
weight removal and performance recovery. While
the aforementioned methods have achieved sig-
nificant strides in the removal stage (i.e., identi-
fying unimportant parameters), they often leave
the subsequent question of performance recovery
under-addressed. Crucially, such removal-centric
paradigms inevitably lead to disrupted internal rep-
resentations, creating a gap that removal strategies
alone cannot bridge. This establishes the essential
motivation for our work: effective post-pruning
recovery is not an optional enhancement, but a
fundamental requirement for successful deploy-
ment.

2.2 Performance Compensation Strategies
To bridge this performance gap, existing research
primarily diverges into two streams: task-adaptive
retraining and integrated reconstruction. Yet, cur-

29100



rent paradigms fail to offer a balanced solution that
guarantees faithful, general, and efficient restora-
tion. Task-Adaptive Retraining methods, ex-
emplified by LoRA (Hu et al., 2022), operate
by freezing the sparse backbone and optimizing
auxiliary low-rank adapters on downstream data.
While standard for adaptation, this mechanism con-
stitutes an indirect compensation that bypasses
rather than repairs the disrupted internal repre-
sentations. Consequently, it inevitably introduces
task bias—sacrificing the model’s original general-
ity—while incurring high labeled data costs that un-
dermine the efficiency gains sought by pruning. In-
tegrated reconstruction methods like FLAP (An
et al., 2024) and SparseGPT (Frantar and Alistarh,
2023) incorporate compensation terms during the
pruning phase. While efficient, these strategies are
inherent to specific pruning metrics. This lack of
generality prevents their application as a plug-and-
play recovery module for other pruning paradigms.
In contrast to these paradigms, we frame recovery
as a hierarchical representation alignment problem.
LaCo explicitly pursues fidelity, generality, and effi-
ciency by sequentially aligning the pruned model’s
hidden states to those of the original dense model
layer by layer.

3 Method

3.1 Problem Statement
We begin by formalizing the post-pruning compen-
sation problem. Consider an L-layer model M
with input x and output y. Each layer is repre-
sented by a transformation ϕk(·; θk) parameterized
by weights θk. The forward propagation of the
original model follows:

h0 = x, hk = ϕk(hk−1; θk), hL = y. (1)

After pruning, we obtain a sparse model M′

with parameters θ′k, whose forward propagation is
given by:

h′0 = x, h′k = ϕk(h
′
k−1; θ

′
k), h′L = y′. (2)

The primary goal of post-pruning recovery is to
minimize the output discrepancy D between the
dense and sparse models:

min
θ′
D = ∥y − y′∥ = ∥hL − h′L∥. (3)

To understand the mechanism of performance
degradation, we decompose the layer-wise discrep-
ancy via the triangle inequality:

∥hk − h′k∥ = ∥ϕk(hk−1; θk)− ϕk(h
′
k−1; θ

′
k)∥

≤ ∥ϕk(hk−1; θk)− ϕk(h
′
k−1; θk)∥︸ ︷︷ ︸

Input Error

+ ∥ϕk(h
′
k−1; θk)− ϕk(h

′
k−1; θ

′
k)∥︸ ︷︷ ︸

Local Error

.

(4)

This decomposition distinguishes two error
sources: the input error stemming from the dis-
crepancy in input hidden states, and the local error
introduced directly by the weight change at the
current layer.

Leveraging the Lipschitz continuity of Trans-
former layers (proof in Appendix A.1), we upper-
bound the input error term with a Lipschitz constant
Kk:

∥ϕk(hk−1; θk)−ϕk(h
′
k−1; θk)∥ ≤ Kk∥hk−1−h′k−1∥.

(5)
For the local error, we define ϵk as the upper

bound of the output discrepancy caused by pruning
at layer k. Considering that layer inputs in LLMs
are typically bounded due to normalization, we
formulate this bound as:

∥ϕk(h; θk)− ϕk(h; θ
′
k)∥ ≤ ϵk, ∀h ∈ H, (6)

whereH denotes the bounded domain of valid hid-
den states.

Substituting the Lipschitz bound (Eq. 5) and the
local error definition (Eq. 6) into the decomposition
(Eq. 4), we obtain the following recursive bound:

∥hk − h′k∥ ≤ Kk∥hk−1 − h′k−1∥+ ϵk. (7)

By resolving this recursion from the first layer
to the last, the final output discrepancy is bounded
by:

D = ∥y − y′∥ ≤
L∑

l=1

ϵl




L∏

j=l+1

Kj


 . (8)

Equation 8 reveals a crucial theoretical insight:
the final output error stems from the layer-wise ac-
cumulation and progressive amplification of local
error ϵl. Specifically, a local error ϵl introduced
at an early layer l does not remain static; it is
amplified by the product of Lipschitz constants∏L

j=l+1Kj of all subsequent layers, potentially
leading to catastrophic deviation at the final output.

Consequently, effective recovery requires a strat-
egy that goes beyond global optimization. To min-
imize the total discrepancy D, one must suppress
the local error ϵl at each layer explicitly.
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Figure 2: Overview of the LaCo framework. LaCo employs a sequential, layer-wise compensation strategy to
restore the performance of pruned LLMs. For each target layer i, we formulate a mask-constrained optimization
question that minimizes the Mean Squared Error (MSE) between the sparse hidden states and the original reference
states. By optimizing only the remaining weights (W ′

i ) while keeping the pruning mask fixed, LaCo effectively
reconstructs the layer’s functional behavior before propagating the compensated output to the subsequent layer.

3.2 Layer-wise Compensation Algorithm
Guided by the theoretical derivation in Eq. 8, min-
imizing the global discrepancy D necessitates the
rigorous suppression of the local error ϵl at each
layer.

However, directly optimizing all ϵl jointly is in-
tractable due to the high-dimensional parameter
space and complex inter-layer dependencies. Cru-
cially, the recursive nature of the error bound sug-
gests a pivotal strategy: decoupling the optimiza-
tion. If the input to layer l is aligned with that of the
dense model (i.e., h′l−1 ≈ hl−1), the global recov-
ery problem collapses into a series of independent,
tractable local regression subproblems.

To this end, we propose LaCo, which decom-
poses the global problem into sequential mask-
constrained regression subproblems. This approach
utilizes the compensated output of each layer to
establish a faithful input baseline for the next, en-
abling tractable layer-wise optimization.

3.2.1 Single-Layer Compensation via
Mask-Constrained Regression

We focus on the optimization of a specific layer
l. Given the input activation X ∈ RB×S×d de-
rived from the preceding compensated layer (where
X ≈ hl−1), we aim to align the sparse layer’s rep-
resentation with the original model. Specifically,
we treat the dense output Y = ϕl(X; θl) as the
reference target and optimize the sparse parameters
θ′l to reconstruct output hidden state.

Since the pruning mask Ml is fixed, this is for-
mulated as a mask-constrained regression problem:

min
θ′l

Llocal(θ
′
l) = ∥Y − ϕl(X; θ′l)∥2F

s.t. supp(θ′l) ⊆ supp(Ml).
(9)

By solving Eq. 9 via gradient descent, we
leverage the expressive capacity of the remaining
weights to minimize the layer-wise reconstruction
error ϵl. This process produces a compensated out-
put h′l = ϕl(X; θ′l) that is functionally aligned with
the original representations, serving as the rectified
input for the subsequent layer.

3.2.2 Sequential Propagation for Global
Recovery

To extend the local optimization to the entire model,
LaCo employs a forward-chaining mechanism, as
detailed in Algorithm 1. Instead of treating layers
independently, the process iterates strictly from the
first layer to the last. By utilizing the compensated
output of the current layer (h′l) as the input for
the subsequent layer (l + 1), we ensure that the
optimization premise is continuously satisfied.

This design maintains a critical theoretical in-
variant throughout the model depth:

∥h′l−1 − hl−1∥ ≈ 0 ⇒ ∥h′l − hl∥ ≈ 0. (10)

By preserving this condition step-by-step, LaCo ef-
fectively intercepts the error propagation path at its
source, preventing local errors from accumulating
into catastrophic global degradation.
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Algorithm 1 Layer-wise Compensation (LaCo)

Require: Dense parameters {θl}, Sparse param-
eters {θ′l}, Calibration Set X , Batch size B,
Learning rate η

Ensure: Compensated sparse parameters {θ′l}
1: Initialize hidden states H0 = H ′

0 =
LOADBATCH(X )

2: for l = 1 to L do
3: ▷ Phase 1: Target Generation
4: Compute dense target: Y ← ϕl(Hl−1; θl)
5: Set current input: X ← H ′

l−1

6: ▷ Phase 2: Mask-Constrained Optimization
7: for step = 1 to K do
8: Compute Loss: L ← ∥Y − ϕl(X; θ′l)∥2F
9: Update: θ′l ← OPTIMIZER(θ′l,∇L, η)

10: Constraint: θ′l ← θ′l ⊙Ml

11: end for
12: ▷ Phase 3: State Propagation
13: Update sparse state: H ′

l ← ϕl(X; θ′l)
14: Update dense state: Hl ← Y
15: Free memory for Hl−1, H

′
l−1

16: end for
17: return {θ′l}Ll=1

3.2.3 Algorithm Procedure and Practical
Considerations

Algorithm 1 outlines LaCo’s streaming execu-
tion, which caches only current-layer activations.
This design limits peak memory to O(B · S ·
dhidden),where B is the batch size and S is the se-
quence length. Unlike global fine-tuning, LaCo’s
memory overhead is independent of model depth
L, enabling drastic reductions in resource require-
ments

It is worth noting that LaCo is agnostic to the
pruning stage. It functions effectively as a post-
pruning compensation for already pruned models
(where all masks Ml are pre-determined) or as an
on-the-fly enhancement integrated into the prun-
ing pipeline (where θ′l is compensated immediately
after being pruned). This flexibility allows LaCo
to serve as a universal plug-in module for diverse
pruning frameworks.

4 Experiments

4.1 Experimental settings
Pruning Paradigms. We validate LaCo across
three distinct paradigms: (1) unstructured prun-
ing using Wanda (Sun et al., 2023) at 20%, 50%,
and 70% sparsity; (2) semi-structured pruning via

SparseGPT (Frantar and Alistarh, 2023) with 2:4
and 4:8 patterns; (3) structured pruning employing
LLM-Pruner (Ma et al., 2023) and FLAP (An et al.,
2024) at 20%,50%,and 70% ratios.
Baselines. We benchmark our method primar-
ily against LoRA (Hu et al., 2022), the standard
for efficient fine-tuning, while also incorporating
FLAP (An et al., 2024) as a specialized baseline
for structured pruning scenarios.
Datasets and Evaluation Metrics. We assess
restoration quality using both language model-
ing and reasoning capabilities. We report per-
plexity (PPL) on WikiText2 (Merity et al., 2016),
PTB (Marcus et al., 1993), and C4 (Raffel
et al., 2020). For downstream tasks, we eval-
uate zero-shot accuracy on seven benchmarks:
BoolQ (Clark et al., 2019), HellaSwag (Zellers
et al., 2019), WinoGrande (Sakaguchi et al., 2020),
ARC-e (Clark et al., 2018), ARC-c, RTE (Dagan
et al., 2005), and OpenBookQA (Mihaylov et al.,
2018).
Implementation Details. We use the training split
of WikiText2 for calibration. All experiments are
conducted with a fixed random seed and full imple-
mentation details will be released upon acceptance.

4.2 Main Results
We evaluate LaCo across three pruning paradigms,
with results summarized in Tables 1 and 2.
Structured Pruning (Most Challenging). Re-
moving cohesive structural components (via LLM-
Pruner and FLAP) typically triggers severe func-
tional degradation. As observed in Table 1, at 70%
sparsity, the uncompensated pruned model suffers a
catastrophic collapse (PPL > 1000). While LoRA
provides partial recovery, LaCo demonstrates supe-
rior restoration, significantly suppressing PPL and
surpassing LoRA by +2.72% in mean accuracy.
Even at 50% sparsity under the FLAP backbone,
LaCo (47.43%) consistently outperforms both the
internal bias-compensated baseline (42.47%) and
LoRA (46.83%), proving its efficacy in rectifying
severe representation shifts.
Unstructured and Semi-structured Robustness.
LaCo exhibits remarkable versatility across granu-
lar pruning patterns. In unstructured pruning
(Wanda), LaCo excels particularly in the high-
sparsity regime (70%). While the pruned baseline’s
PPL spikes to 192.01, LaCo effectively intercepts
error propagation, stabilizing PPL at 66.82 and
outperforming LoRA by a clear margin (48.46%
vs. 47.30%). Similarly, in N:M semi-structured
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Table 1: Performance comparison on Structured Pruning paradigms. We evaluate LLM-Pruner (20%, 50%, 70%)
and FLAP (50%, 70%). We explicitly compare the raw pruning (No Bias), the standard method (Base), and
compensation strategies. Bold indicates the best result in each group. Gray rows indicate the backbone paradigm.

Perplexity (PPL) ↓ Commonsense Reasoning Accuracy ↑
Paradigm Method Wiki2 PTB C4 Mean BoolQ PIQA RTE Hella. Wino. OBQA ARC-e ARC-c Mean

Dense LLaMA-2-7B 16.76 74.51 14.86 35.38 79.82 76.91 68.59 74.01 66.06 44.20 72.20 44.03 65.73

Pruning Backbone: LLM-Pruner
20% Sparsity LLM-Pruner (Base) 24.28 103.81 18.82 48.97 67.92 73.62 53.43 66.93 61.96 39.40 64.30 35.15 57.84

LoRA 19.44 89.60 15.44 41.49 74.98 74.48 49.46 68.18 62.75 39.20 66.60 31.95 58.45
LaCo (Ours) 18.52 88.08 16.29 40.96 71.25 75.21 49.46 68.95 61.25 42.80 68.90 40.02 59.72

50% Sparsity LLM-Pruner (Base) 101.14 270.87 60.73 144.25 57.52 61.58 55.23 38.11 51.85 31.00 38.30 21.50 44.39
LoRA 33.95 128.51 25.59 62.68 54.77 71.48 48.38 50.37 51.70 34.00 52.40 25.85 48.61
LaCo (Ours) 28.28 126.04 27.88 60.74 54.28 69.12 53.07 51.89 52.09 37.00 54.80 28.93 50.15

70% Sparsity LLM-Pruner (Base) 962.22 1699.69 439.69 1033.86 51.62 53.34 45.49 27.39 49.88 25.00 26.90 20.90 37.56
LoRA 64.89 216.29 61.39 114.19 50.90 61.47 42.40 34.35 45.67 31.60 40.40 21.16 40.99
LaCo (Ours) 51.51 211.23 55.11 105.95 53.55 61.35 52.35 36.94 49.72 32.20 41.90 21.67 43.71

Pruning Backbone: FLAP
50% Sparsity FLAP 114.22 446.63 112.50 224.45 48.23 59.91 49.82 42.70 52.88 29.60 40.70 24.40 43.53

FLAP ∗ 57.49 282.09 63.35 134.31 39.02 60.40 46.93 39.99 52.88 32.60 60.40 26.20 42.47
LoRA 36.47 138.89 39.54 71.64 45.32 65.86 47.29 47.16 53.99 36.20 65.86 27.05 46.83
LaCo (Ours) 31.42 135.24 37.50 68.05 54.98 63.67 47.29 47.68 53.59 33.80 63.67 27.30 47.43

70% Sparsity FLAP 5769.67 9619.49 5928.47 7105.88 43.85 51.78 47.29 25.98 49.01 25.80 25.20 21.59 36.31
FLAP ∗ 1574.63 1877.09 1316.37 1589.36 37.83 52.09 47.29 24.93 50.20 26.80 25.20 21.93 35.78
LoRA 633.36 851.76 508.47 664.53 40.55 54.39 51.62 30.12 49.17 28.80 33.50 20.73 38.61
LaCo (Ours) 79.02 341.90 105.58 175.50 43.55 56.43 53.43 31.97 50.51 30.60 37.90 21.25 40.71

∗ Indicates the baseline using FLAP’s internal bias compensation mechanism.

settings (SparseGPT), LaCo maintains the highest
stability. Notably, in the 4:8 pattern, LaCo aligns
the sparse weights to the original representations
more effectively than LoRA, yielding a substan-
tially lower perplexity (40.00 vs. 41.63). Collec-
tively, these results establish LaCo as a robust and
universal paradigm for mitigating diverse pruning-
induced degradations.
Generalizability across Architectures. To verify
cross-architecture robustness, we extend our eval-
uations to Qwen-2.5-7B and the larger LLaMA-
2-13B backbones. LaCo demonstrates exceptional
robustness, particularly at extreme 70% sparsity.
On Qwen-2.5, it slashes PPL from 158.42 (Wanda)
to 43.09, boosting zero-shot accuracy by +11%.
Similarly, on LLaMA-2-13B, LaCo suppresses the
baseline’s catastrophic collapse (PPL 235.15 →
51.94) and achieves a remarkable 13.9% accuracy
gain. These results confirm LaCo’s efficacy in pre-
serving capabilities across diverse backbones and
scales.

4.3 Analysis of Layer-wise Compensation

Layer-wise Performance Analysis. To validate
the efficacy of our layer-wise compensation mecha-
nism, we conducted a cumulative restoration exper-
iment: for each step k (ranging from 1 to 32), we
compensated only the first k layers and evaluated
global perplexity. As shown in Fig. 3, the perplex-
ity exhibits a sharp decline as the compensation
depth increases. Moreover, this recovery trajectory
remains highly consistent across diverse datasets,

Figure 3: Layer-wise Reconstruction Analysis. The
PPL restoration trajectory across 32 layers demonstrates
that LaCo effectively mitigates errors, particularly in
the early layers.

demonstrating the universality and robustness of
our approach. These results confirm that LaCo ef-
fectively mitigates error propagation at its onset,
preventing severe deviations from accumulating in
the early layers. This finding highlights that priori-
tizing early-layer alignment is essential for efficient
model recovery.

Layer-wise Fidelity Analysis. We further delve
into the representational dynamics of LaCo by ex-
amining structural integrity across network depth.
Our analysis reveals that LaCo achieves sparsity-
agnostic stability, maintaining a near-perfect Cen-
tered Kernel Alignment (CKA > 0.98) even at
extreme sparsity levels. In contrast, monolithic fine-
tuning baselines often fail to preserve structural fi-
delity, especially in deeper layers where errors have
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Table 2: Performance comparison on Unstructured (Wanda) and Semi-structured (SparseGPT) pruning paradigms.
We evaluate Wanda at 20%, 50%, and 70% sparsity, and SparseGPT at 2:4 and 4:8 patterns. Bold indicates the best
result in each group. Gray rows indicate the backbone paradigm.

Perplexity (PPL) ↓ Commonsense Reasoning Accuracy ↑
Paradigm Method Wiki2 PTB C4 Mean BoolQ PIQA RTE Hella. Wino. OBQA ARC-e ARC-c Mean

Dense LLaMA-2-7B 16.76 74.51 14.86 35.38 79.82 76.91 68.59 74.01 66.06 44.20 72.20 44.03 65.73

Pruning Backbone: Wanda (Unstructured)
20% Sparsity Wanda (Base) 18.04 81.43 15.84 38.44 78.72 76.63 71.12 73.91 64.88 44.80 70.90 43.35 65.54

LoRA 16.59 69.88 10.94 32.47 76.24 76.60 69.45 72.74 64.56 41.80 71.30 41.89 64.32
LaCo (Ours) 15.82 74.16 14.95 34.98 79.79 76.39 72.92 73.87 65.59 45.00 71.30 44.03 66.11

50% Sparsity Wanda (Base) 21.72 102.92 19.06 47.90 76.12 74.69 59.93 68.83 62.59 39.00 67.50 37.71 60.79
LoRA 17.59 77.88 15.33 36.93 74.34 74.18 55.23 68.50 62.83 40.80 66.70 36.52 59.88
LaCo (Ours) 17.37 77.72 15.18 36.76 76.57 74.32 62.09 68.77 62.43 39.80 67.50 39.25 61.34

70% Sparsity Wanda (Base) 114.76 376.86 84.41 192.01 59.45 56.78 52.71 30.21 51.38 24.20 33.40 17.83 40.74
LoRA 33.27 183.78 23.35 80.13 63.09 61.40 52.71 41.98 50.62 33.80 50.90 23.89 47.30
LaCo (Ours) 27.26 144.69 28.51 66.82 64.13 64.23 56.68 44.66 51.78 32.20 50.00 23.98 48.46

Pruning Backbone: SparseGPT (Semi-structured)
2:4 Sparsity SparseGPT (Base) 29.10 122.41 23.47 58.33 72.08 71.00 62.09 60.66 61.88 35.40 61.00 34.30 57.30

LoRA 20.87 90.60 18.37 43.28 70.43 72.39 68.59 64.05 60.88 35.60 62.30 30.46 58.09
LaCo (Ours) 19.15 89.95 18.60 42.57 71.83 72.68 69.68 64.42 60.93 39.00 67.60 37.03 60.39

4:8 Sparsity SparseGPT (Base) 24.65 106.31 20.45 50.47 74.98 73.11 70.40 66.07 62.90 40.20 63.50 34.73 60.73
LoRA 21.10 89.63 14.16 41.63 73.18 69.13 71.12 66.51 61.72 30.00 63.70 33.36 58.59
LaCo (Ours) 18.32 86.27 15.39 40.00 68.56 70.24 70.45 67.48 59.12 36.80 67.20 36.62 59.56

already cascaded. A comprehensive breakdown of
the Mean Squared Error (MSE) trajectories and
CKA comparisons is provided in Appendix B.

Module-wise Sensitivity Analysis. To further
disentangle the source of pruning-induced degra-
dation within a single transformer block, we inves-
tigate the relative sensitivity of different architec-
tural modules. Specifically, we conduct an ablation
study by applying LaCo exclusively to the Multi-
Head Attention (MHA) modules (while freezing
the pruned MLP weights) and vice versa. As re-
ported in Table 4, recovering only the Attention
modules yields a significantly lower perplexity
compared to recovering only the MLP modules
across all evaluated datasets. This observation
suggests that self-attention mechanisms are inher-
ently more vulnerable to sparsity-induced struc-
tural distortions than feed-forward networks. Nev-
ertheless, while attention recovery dominates the
performance gain, it remains insufficient to fully
bridge the degradation gap. The substantial im-
provement achieved by the joint recovery of both
modules underscores our core premise: pruning
errors compound not only across layers but also
across intra-layer modules, making comprehensive
compensation strictly necessary.

4.4 Hyperparameter sensitivity

We systematically investigate the sensitivity of our
method to three critical hyperparameters: the cal-
ibration size, the learning rate, and the training

epochs. Additionally, we analyze the convergence
behavior to identify the optimal configuration that
balances performance and efficiency.
Calibration Size. We assess the impact of calibra-
tion dataset size (ranging from 128 to 8,192) on
restoration quality. As illustrated in Fig. 4 (Left),
performance improves consistently with sample
size before saturating. A critical comparison re-
veals that while LoRA typically requires ∼50,000
training samples for effective fine-tuning, LaCo
achieves comparable performance with fewer than
1,400 samples across varied settings. To balance
computational overhead with stability, we adopt
2,048 samples as the default setting. This implies
that our method achieves a ∼25× data efficiency
gain compared to standard LoRA fine-tuning.
Learning Rates. We further investigate the sensi-
tivity of our method to different learning rates. As
illustrated in Fig. 4, we evaluate the model perfor-
mance across a range of learning rates. The results
indicate that the performance peaks at 5 × 10−5,
while deviating from this value leads to suboptimal
convergence. Therefore, we set the learning rate to
5× 10−5 for all subsequent experiments.
Training Cost. We analyze the training conver-
gence by monitoring model performance from 0 to
15 epochs. As shown in Fig. 4, the model exhibits
a rapid performance recovery during the initial 5
epochs. Subsequently, the convergence rate slows
down, and the performance plateaus after the 10th
epoch, remaining stable up to epoch 15. To achieve
the best trade-off between training efficiency and
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Figure 4: Sensitivity Analysis. (Left) Impact of Calibration Size: Performance comparison against LoRA
across varying sample sizes, showing an efficiency balance at 2048 samples. (Middle) Learning Rate Sensitivity:
Identification of the optimal learning rate (5e-5) for stable convergence. (Right) Epoch Sensitivity: Training
convergence trajectory demonstrating stability around epoch 10.

Table 3: Condensed performance comparison. We re-
port the Mean Perplexity (↓) and Mean Accuracy (↑)
across all datasets/tasks. The detailed breakdown is
available in the Appendix C

Qwen-2.5-7B Llama-2-13B

Method Mean PPL ↓ Mean Acc ↑ Mean PPL ↓ Mean Acc ↑
Dense Model 23.18 64.25 34.24 68.43

Unstructured Pruning (Wanda)
20% Sparsity

Base 23.33 64.10 34.37 69.08
+ LoRA 21.94 63.81 34.64 69.02
+ LaCo 23.27 64.08 34.90 70.24

50% Sparsity
Base 28.59 62.16 41.21 65.94
+ LoRA 27.32 62.39 41.13 65.00
+ LaCo 26.38 63.02 38.24 66.28

70% Sparsity
Base 158.42 43.87 235.15 43.88
+ LoRA 48.67 53.47 71.86 54.27
+ LaCo 43.09 55.10 51.94 57.77

Semi-structured Pruning (SparseGPT)
2:4 Pattern

Base 37.24 58.19 63.79 55.60
+ LoRA 35.56 58.54 59.96 56.90
+ LaCo 33.29 59.19 58.10 58.16

4:8 Pattern
Base 31.31 60.50 49.13 60.30
+ LoRA 30.95 59.98 50.13 60.98
+ LaCo 29.94 60.98 49.09 60.88

model performance, we select 10 epochs as the
optimal setting.

4.5 Efficiency Analysis

We conduct a comprehensive efficiency profiling
on LLaMA-2-7B pruned by Wanda at 70% sparsity.
As detailed in Table 5, LaCo is compared against
LoRA across three critical dimensions: data, mem-
ory, and time.

Extreme Data Efficiency (∼25× Less Data).
LaCo exhibits exceptional sample efficiency. While
LoRA typically requires ∼50k supervised samples

Recovered Module WikiText2 ↓ PTB ↓ C4 ↓
MLP Only 43.19 421.75 58.04
Attention Only 38.36 280.12 35.97

Both (LaCo) 27.25 144.69 28.50

Table 4: Ablation study on intra-layer module recov-
ery. We report the perplexity when LaCo is applied
exclusively to MLP, Attention, or both modules. Joint
recovery yields the best performance, indicating error
compounding across modules.

for convergence to fully recover capabilities, LaCo
outperforms its performance with only 2,048 un-
labeled samples—a ∼25× reduction in data de-
pendency (Table 5, #Samples). This makes LaCo
uniquely viable for practical deployment in special-
ized domains (e.g., medical or legal models) where
high-quality calibration data is strictly scarce, ex-
pensive, or restricted by privacy concerns.

Democratizing LLM Recovery (∼7× Less Mem-
ory). The most transformative advantage is hard-
ware democratization. By decoupling optimiza-
tion into layer-wise problems, LaCo slashes peak
memory usage to 6.2 GB, a ∼7× reduction from
LoRA’s 43.7 GB (Table 5, Peak Memory). Conse-
quently, while LoRA demands data-center GPUs
(e.g., A100), LaCo enables restoring 7B models on
consumer-grade hardware (e.g., RTX 4090), drasti-
cally lowering the entry barrier for model compres-
sion.

Highly Favorable Time-for-Space Trade-off.
LaCo’s sequential design increases total training
time (6h 50m vs. 4h 20m). We argue this is an ex-
cellent trade-off: the modest time cost unlocks the
ability to recover large models under extreme mem-
ory constraints where global fine-tuning would be
impossible, making LaCo uniquely practical for
resource-limited settings.
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Table 5: Comparison of training efficiency between
LaCo and LoRA. We report the calibration data size,
peak GPU memory usage, and total training time. Mem-
ory usage is measured on a single NVIDIA A100 GPU.

Method #Samples Peak Memory ↓ Training Time Memory Saving ↑
LoRA 49,760 43.7 GB 4h 20m 1.0×
LaCo (Ours) 2,048 6.2 GB 6h 50m 7.0×

5 Conclusion

This work pinpoints the layer-wise accumulation
and amplification of local errors as the fundamen-
tal cause of performance collapse in pruned LLMs.
To address this, we introduce LaCo, a recovery
framework that shifts the paradigm from global
fine-tuning to hierarchical representation alignment.
Our key finding is that the functional integrity of
pruned LLMs can be effectively restored through
layer-wise compensation. This challenges the pre-
vailing assumption that meaningful recovery ne-
cessitates expensive end-to-end retraining. By se-
quentially aligning each layer’s hidden states with
the original dense model, LaCo directly intercepts
the error propagation chain, preserving the model’s
internal structural fidelity. Extensive experiments
demonstrate that LaCo consistently outperforms
state-of-the-art baselines across diverse pruning
paradigms, especially under high sparsity. Cru-
cially, it achieves this with dramatically lower re-
source demands: reducing peak memory usage
by ∼7× and data requirements by ∼25× com-
pared to standard fine-tuning, thereby making high-
quality recovery feasible on consumer-grade hard-
ware. LaCo thus provides a practical and efficient
pathway toward democratizing compressed LLM
deployment. Future work will focus on extending
the layer-wise alignment principle to other com-
pression techniques, such as quantization.

6 Limitations

Our work has several limitations. First, while LaCo
significantly recovers performance under high spar-
sity (e.g., 70%), a gap to the dense model remains
(Tables 1–3), suggesting a recovery ceiling inher-
ent to severe weight removal. Precisely quantifying
this performance ceiling is crucial for developing
more efficient model compression methods. Sec-
ond, our focus is on pruning recovery; its interac-
tion with other prevalent compression techniques
like quantization remains unexplored. Third, vali-
dation is conducted on Transformer-based LLMs;
its efficacy on emerging architectures (e.g., SSMs)

or at extreme depth requires further study.
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A Theoretical Analysis of Lipschitz
Continuity

In this section, we provide a comprehensive theoret-
ical justification for the error propagation analysis
presented in Sec. 3.1. We first prove that the Trans-
former layer transformation ϕl(·) satisfies the Lips-
chitz continuity condition (existence), and then dis-
cuss why its Lipschitz constant Kl is bounded and
typically close to 1 in well-trained models (magni-
tude).

A.1 Proof of Existence
We begin by formally defining the property and
verifying it for Transformer components.

Definition and Properties. A function f : Rn →
Rm is K-Lipschitz continuous if there exists a con-
stant K ≥ 0 such that for all x1, x2 ∈ Rn:

∥f(x1)− f(x2)∥ ≤ K∥x1 − x2∥, (11)

where ∥ · ∥ denotes the Euclidean norm. The infi-
mum of such K is denoted as Lip(f). Key alge-
braic properties for neural networks include:

1. Composition: Lip(g ◦ f) ≤ Lip(g) · Lip(f).

2. Addition: Lip(f + g) ≤ Lip(f) + Lip(g).

Component-wise Analysis. A Transformer layer
ϕl comprises Multi-Head Attention (MHA), Feed-
Forward Networks (FFN), LayerNorm (LN), and
residual connections.

• Linear Layers: For f(x) = Wx + b,
Lip(f) = ∥W∥2 (spectral norm). Since
weights in pre-trained LLMs are bounded,
∥W∥2 is finite.

• Activation Functions: Standard activations
(ReLU, GeLU, SiLU) have bounded deriva-
tives (e.g., Lip(ReLU) = 1, GeLU bounded
by ≈ 1.1). Thus, they are Lipschitz continu-
ous.

• Self-Attention & Normalization: Layer-
Norm is Lipschitz on bounded inputs. The
MHA mechanism, composed of linear pro-
jections and Softmax, is Lipschitz continuous
provided inputs are bounded, as rigorously
derived in (Kim et al., 2021; Qi et al., 2023).

• Residual Connections: For a residual block
y = x+F (x), we have Lip(y) ≤ 1+Lip(F )
by the addition property.

Since ϕl is a composition of these atomic op-
erations, it satisfies the Lipschitz property with a
constant Kl = Lip(ϕl). This justifies the inequal-
ity:

∥ϕl(hl−1)−ϕl(h
′
l−1)∥ ≤ Kl∥hl−1−h′l−1∥. (12)

A.2 Discussion on the Magnitude of Kl

Having established the existence of Kl, a critical
question remains: Is Kl sufficiently small to prevent
the error bound from diverging exponentially with
depth? We argue that in well-trained LLMs, Kl

remains well-bounded, typically close to 1, due to
the following structural constraints.

Constraint from Layer Normalization. Theo-
retical studies (Ba et al., 2016; Xu et al., 2019) sug-
gest that Layer Normalization acts as a constraint
mechanism. By re-centering and re-scaling activa-
tions, LN effectively restricts the spectral norm of
the layer’s Jacobian, ensuring that the local expan-
sion factor Kl does not grow arbitrarily.

Impact of Residual Connections. Deep net-
works rely on residual connections hl = hl−1 +
Fl(hl−1) for trainability. It is well-observed that
the residual branch Fl tends to learn small fluc-
tuations around the identity mapping to facilitate
gradient flow (Hayou et al., 2021). Consequently,
Lip(ϕl) ≈ 1 + ϵ, where ϵ is small. This design
encourages signal isometry, implying stable rather
than explosive error propagation.

Empirical Evidence. The successful conver-
gence of original LLMs (e.g., LLaMA) serves as
strong empirical evidence that their weight matri-
ces are well-conditioned. If Kl were significantly
larger than 1, gradients would explode during pre-
training. Since we inherit these stable weights, the
assumption of a manageable Kl holds valid.

Summary. In conclusion, the Lipschitz continu-
ity of Transformer layers is structurally guaranteed,
and the magnitude of the Lipschitz constant is ef-
fectively bounded by normalization and residual
designs. This confirms that the error accumula-
tion described in Eq. 5 remains linear or sub-linear,
validating the feasibility of our layer-wise compen-
sation strategy.
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B Detailed Analysis of Representational
Fidelity

To investigate the internal recovery mechanisms of
LaCo compared to baselines, we conduct a layer-
wise analysis using two complementary metrics:
Mean Squared Error (MSE) and Centered Kernel
Alignment (CKA).

Rationale for Metric Selection.

• MSE (Numerical Precision): We utilize
MSE to quantify the element-wise reconstruc-
tion loss of hidden states. This metric is essen-
tial for tracing the magnitude of error propaga-
tion, revealing how local numerical deviations
accumulate and amplify as they pass through
the network layers.

• CKA (Structural Integrity): Relying solely
on MSE can be misleading, as low numeri-
cal error does not guarantee semantic preser-
vation. Therefore, we employ CKA to mea-
sure the similarity between representational
geometries, independent of isotropic scaling
or rotation. High CKA scores indicate that the
model preserves the original feature manifold
and co-activation patterns ("thinking logic"),
which is critical for complex reasoning tasks.

Based on these metrics, we analyze the repre-
sentational quality of LaCo, LoRA, and the Pruned
baseline from three distinct perspectives, as visual-
ized in Figure 5:

1. Sparsity-Agnostic Structural Stability. As
pruning rates increase, the structural integrity of
the uncompensated model collapses (CKA < 0.3
at 70% sparsity). While LoRA also suffers from
degradation at high sparsity levels (CKA ≈ 0.89),
LaCo demonstrates remarkable stability, maintain-
ing a CKA score near 1.0 consistently across 20%,
50%, and 70% sparsity. This suggests our method
effectively decouples structural preservation from
pruning intensity.

2. Mechanism of Error Interruption. In terms
of MSE, LaCo consistently outperforms LoRA
at lower sparsity levels. Under the extreme 70%
regime, although LoRA exhibits lower MSE in in-
termediate layers due to global relaxation, LaCo
achieves superior convergence in the final layers.
This indicates that LaCo prioritizes structural align-
ment over intermediate numerical fitting, ultimately
minimizing the cumulative error at the network’s
output.

3. Robustness in Deep Layers. A critical obser-
vation is the "tail collapse" in the baseline models.
Both the pruned model and LoRA show a distinct
drop in representational fidelity in the final trans-
former blocks (Layers 28–31). LaCo, conversely,
maintains robustness throughout the deep network.
By ensuring high-quality feature representations at
the final layer, LaCo provides a superior input to
the Language Model Head, directly contributing
to the improved perplexity scores reported in the
main results.
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(a) 20% Sparsity: At low compression, both methods maintain high fidelity, though LaCo leads in MSE convergence.
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(b) 50% Sparsity: Divergence begins. LaCo maintains structural integrity (CKA ≈ 1.0), while LoRA shows fluctuations.
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(c) 70% Sparsity: Critical regime. Pruned baseline collapses; LoRA degrades in deep layers; LaCo remains robust.

Figure 5: Layer-wise Representational Fidelity Across Sparsity Regimes. Comparison of Structural Integrity
(CKA, Left) and Reconstruction Error (MSE, Right) at 20%, 50%, and 70% sparsity. (a) At low sparsity, performance
is comparable. (b) As sparsity increases, LoRA (blue dashed) begins to exhibit structural drift. (c) At extreme
sparsity, the uncompensated model (grey) collapses. LaCo (red solid) acts as an effective error interrupter, preserving
deep-layer robustness where global fine-tuning fails.
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C More results of Qwen-2.5-7B and LLaMA-2-13B

Table 6: Performance comparison of Qwen-2.5-7B on Unstructured (Wanda) and Semi-structured (SparseGPT)
pruning paradigms. We evaluate Wanda at 20%, 50%, and 70% sparsity, and SparseGPT at 2:4 and 4:8 patterns.
Bold indicates the best result in each group. Gray rows indicate the backbone paradigm.

Perplexity (PPL) ↓ Commonsense Reasoning Accuracy ↑
Paradigm Method Wiki2 PTB C4 Mean RTE BoolQ Hella Wino OBQA PIQA ARC-e ARC-c Mean

Dense Qwen-2.5-7B 17.23 34.08 18.21 23.18 88.09 85.87 78.52 57.06 46.20 79.24 43.64 35.41 64.25

Pruning Backbone: Wanda (Unstructured)
20% Sparsity Wanda (Base) 17.44 34.24 18.31 23.33 88.09 85.20 78.06 56.51 46.40 79.11 43.69 35.75 64.10

LoRA 16.04 35.86 17.92 23.27 87.36 87.83 77.44 56.99 46.00 79.13 43.98 31.73 63.81
LaCo (Ours) 17.29 34.08 18.44 23.27 88.81 85.26 78.13 56.67 47.20 78.99 42.26 35.32 64.08

50% Sparsity Wanda (Base) 20.85 42.55 22.36 28.59 83.75 84.04 70.16 56.35 46.20 75.96 43.81 37.03 62.16
LoRA 19.32 40.22 22.42 27.32 84.48 85.69 74.03 57.30 44.40 77.30 41.96 33.96 62.39
LaCo (Ours) 18.87 39.37 20.90 26.38 86.28 84.40 73.53 56.12 46.80 76.97 43.64 36.43 63.02

70% Sparsity Wanda (Base) 124.11 227.07 124.09 158.42 52.71 62.60 33.20 50.91 26.40 59.98 36.03 29.10 43.87
LoRA 35.40 71.92 38.70 48.67 73.98 71.97 52.28 56.91 38.00 69.01 37.60 28.03 53.47
LaCo (Ours) 28.18 66.19 34.89 43.09 81.23 77.25 50.70 54.54 38.60 67.93 40.45 30.12 55.10

Pruning Backbone: SparseGPT (Semi-structured)
2:4 Sparsity SparseGPT (Base) 25.00 55.47 31.26 37.24 83.03 83.12 58.37 55.09 40.60 70.81 41.54 32.94 58.19

LoRA 26.74 52.09 27.85 35.56 83.20 81.65 62.08 57.56 39.80 71.85 41.99 30.15 58.54
LaCo (Ours) 22.01 51.11 26.76 33.29 81.23 82.60 63.04 57.46 44.20 72.53 41.75 30.72 59.19

4:8 Sparsity SparseGPT (Base) 22.14 45.87 25.92 31.31 84.48 82.78 63.65 56.04 44.40 73.34 43.60 35.67 60.50
LoRA 23.39 44.92 24.53 30.95 82.31 83.92 66.07 56.75 42.60 75.78 40.57 31.83 59.98
LaCo (Ours) 20.35 45.33 24.13 29.94 83.75 84.83 66.81 57.30 43.60 74.45 42.85 34.22 60.98

Table 7: Performance comparison of Llama-2-13B on Unstructured (Wanda) and Semi-structured (SparseGPT)
pruning paradigms. We evaluate Wanda at 20%, 50%, and 70% sparsity, and SparseGPT at 2:4 and 4:8 patterns.
Bold indicates the best result in each group. Gray rows indicate the backbone paradigm.

Perplexity (PPL) ↓ Commonsense Reasoning Accuracy ↑
Paradigm Method Wiki2 PTB C4 Mean RTE BoolQ Hella Wino OBQA PIQA ARC-e ARC-c Mean

Dense Llama-2-13B 10.98 82.58 9.17 34.24 76.17 80.09 77.30 70.48 44.20 79.33 74.58 45.31 68.43

Pruning Backbone: Wanda (Unstructured)
20% Sparsity Wanda (Base) 11.17 82.68 9.27 34.37 80.51 80.64 74.56 71.27 45.00 79.50 75.04 46.08 69.08

LoRA 11.19 83.39 9.35 34.64 82.67 78.42 72.38 72.30 43.60 79.94 76.56 46.32 69.02
LaCo (Ours) 10.99 84.34 9.37 34.90 83.26 82.15 75.33 72.09 43.60 77.98 77.85 49.69 70.24

50% Sparsity Wanda (Base) 13.16 99.26 11.20 41.21 76.53 78.46 71.86 66.32 41.00 77.46 73.06 42.83 65.94
LoRA 13.06 99.42 10.90 41.13 80.87 74.87 67.95 65.03 42.80 76.50 70.45 41.50 65.00
LaCo (Ours) 12.08 91.54 11.09 38.24 78.43 77.03 70.47 69.43 41.80 75.74 74.88 42.42 66.28

70% Sparsity Wanda (Base) 60.12 580.28 65.06 235.15 52.71 62.02 32.73 53.20 28.80 60.29 41.25 20.05 43.88
LoRA 20.91 177.61 17.06 71.86 60.98 61.03 53.16 59.27 36.80 66.12 62.54 34.22 54.27
LaCo (Ours) 16.60 121.09 18.13 51.94 62.71 63.06 62.82 63.35 39.40 72.56 62.27 35.98 57.77

Pruning Backbone: SparseGPT (Semi-structured)
2:4 Sparsity SparseGPT (Base) 16.99 157.20 17.18 63.79 53.43 67.19 57.20 63.93 39.80 70.22 62.25 30.80 55.60

LoRA 18.07 145.10 16.70 59.96 65.81 66.36 58.48 61.85 38.60 71.16 62.13 30.84 56.90
LaCo (Ours) 17.09 143.06 14.15 58.10 64.98 69.69 61.32 61.80 38.60 70.07 62.29 36.55 58.16

4:8 Sparsity SparseGPT (Base) 14.46 119.21 13.71 49.13 60.29 75.57 65.76 65.98 37.80 73.52 67.59 35.92 60.30
LoRA 14.99 121.10 14.30 50.13 68.70 71.92 62.57 67.96 41.80 73.81 72.31 36.83 60.98
LaCo (Ours) 14.57 118.94 13.75 49.09 61.40 76.16 65.49 65.51 40.60 73.59 68.81 35.49 60.88
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