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Abstract: In this work, we re-formulate the model compression problem into the customized compensation
problem: Given a compressed model, we aim to introduce residual low-rank paths to compensate for compression
errors under customized requirements from users (e.g., tasks, compression ratios), resulting in greater flexibility
in adjusting overall capacity without being constrained by specific compression formats. However, naively
applying SVD to derive residual paths causes suboptimal utilization of the low-rank representation capacity.
Instead, we propose Training-free Eigenspace Low-Rank Approximation (EoRA), a method that directly
minimizes compression-induced errors without requiring gradient-based training, achieving fast optimization
in minutes using a small amount of calibration data. EoRA projects compression errors into the eigenspace of
input activations, leveraging eigenvalues to effectively prioritize the reconstruction of high-importance error
components. Moreover, EoRA can be seamlessly integrated with fine-tuning and quantization to further
improve effectiveness and efficiency. EoRA consistently outperforms previous methods in compensating errors
for compressed LLaMA2/3 models on various tasks, such as language generation, commonsense reasoning, and
math reasoning tasks (e.g., 31.31%/12.88% and 9.69% improvements on ARC-Easy/ARC-Challenge and
MathQA when compensating LLaMA3-8B that is quantized to 4-bit and pruned to 2:4 sparsity). EoRA offers
a scalable, training-free solution to compensate for compression errors, making it a powerful tool to deploy
LLMs in various capacity and efficiency requirements.

1. Introduction

Although Large Language Models (LLMs) exhibit superior performance across diverse applications, their
empirical deployment remains challenging due to their associated considerable model size and high inference
costs. To mitigate these emerging challenges, model compression research such as post-training compres-
sion (Ashkboos et al., 2024; Ma et al., 2023) and compression-aware training (Alvarez & Salzmann, 2017;
Lym et al., 2019; Liu et al., 2024, 2023c) has been extensively explored to reduce the computational resource
demands of serving LLMs (Zhu et al., 2023). However, most existing methods either incur significant accuracy
degradation compared to uncompressed models or have high training time. Additionally, their flexibility is
often limited by a discrete set of compression formats (e.g., 2:4 sparsity, 3/4-bit quantization), making it
challenging to meet the diverse capacity and efficiency requirements of different users.

To overcome the above flexibility limitation, we re-formulate the model compression problem into the
customized compensation problem: Given a compressed model, we aim to introduce residual low-rank paths to
compensate for compression errors under customized requirements from users, such as tasks, compression ratios,
etc. Rather than focusing solely on producing compressed models with minimal performance degradation,
by incorporating these residual paths, the compensated model gains greater flexibility in adjusting overall
capacity, without being constrained by specific compression formats. To derive the low-rank residual paths
that can represent compression errors, one straightforward method is directly decomposing compression errors
with Singular Value Decomposition (SVD) (Li et al., 2024; Yao et al., 2024). However, this fails to account
for the varying importance of individual model weights, resulting in suboptimal utilization of the low-rank
representation capacity. Moreover, naive SVD does not guarantee the minimization of layer-wise output
error (Sahu et al., 2021). Furthermore, current approaches either offer limited compensation performance
by neglecting calibration data or lose flexibility due to the high computational cost of compression-aware
fine-tuning, making it difficult to swiftly adjust to various tasks. This raises an important question: “How can
we efficiently and effectively compensate for errors in compressed large-scale language models?”

To address this research question, we propose Training-free Eigenspace Low-Rank Approximation (EoRA),
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Figure 1 | The proposed EoRA method tackles LLM model compensation by first projecting the compression
error into the eigenspace of output activations. Leveraging PCA, we compute the eigenvalues, which serve
as weights to prioritize columns in the weight matrix for error approximation. By adopting EoRA, users
can achieve significantly better compensated compressed LLMs in just a few minutes, requiring only a small
amount of calibration data. For instance, the LLaMA3-8B model pruned to 50% sparsity compensated with
EoRA of rank 128 can narrow the accuracy gap to the uncompressed model to as low as only 6.82% and 5.2%
accuracy loss on ARC-C and MathQA.

which retains the flexibility advantages of model compensation while enhancing both efficiency and effectiveness
compared to existing approaches. To design a new error compensation framework, we first project the
compression error into the eigenspace of the corresponding layer’s input activations, ensuring a direct
relationship between the approximation error and the model compression loss. Inspired by the classical
Principal Component Analysis (PCA) algorithm, we leverage the eigenvalues of each activation channel as
importance scores to reconstruct the corresponding weight columns, as shown in Figure 1. Our method
enables more effective use of the low-rank representation capacity by prioritizing the approximation of weight
columns associated with larger eigenvalues while imposing lower penalties on the approximation errors of
less significant columns. As a training-free optimization method, our proposed EoRA does not require
any gradient computation, achieving fast optimization in minutes using a small amount of calibration data.
EoRA can also provide better initialization for fine-tuning to further enhance accuracy and offer a trade-off
between accuracy and training time. Moreover, EoRA is robust to quantization which can further reduce the
additional cost of residual low-rank compensation paths.

We conduct experiments on both language generation, commonsense reasoning, and math reasoning
tasks to validate the effectiveness of our method for compensating the compressed LLMs. We compare
our approach to the previous line of work that simply approximates the compression error with SVD on
LLaMA2-7B/13B (Touvron et al., 2023a,b) and LLaMA3-8B (Dubey et al., 2024). The results demonstrate
that our method significantly outperforms the plain SVD method, particularly at compensating more aggressive
compressed models, achieving up to 3.33%/2.65% and 3.42% improvements on ARC-Easy/ARC-Challenge
and MathQA when compensating 2:4 pruned LLaMA3-8B. Furthermore, we show that using EoRA for LoRA
initialization consistently outperforms standard Kaiming (He et al., 2015) and SVD initialization in further
fine-tuning to recover accuracy loss, narrowing the accuracy degradation for 2:4 pruned LLaMA3-8B on
ARC-Easy/ARC-Challenge to only 4.08%/1.88%. It can even surpass the accuracy of the original model when
fine-tuning 4-bit quantized models, achieving up to 2.95%/5.04% improvement on ARC-Easy/ARC-Challenge.
Additionally, to minimize the extra inference latency and memory overhead of EoRA, we show that EoRA is
resilient to 3/4-bit quantization, resulting in only minimal accuracy degradation. This effectively demonstrates
the practicality of using the low-rank path to compensate for compression errors.

The summary of our contributions is as follows:
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• To overcome the flexibility limitation by conventional model compression scenarios, we re-formulate the
problem into customized compensation and propose a novel method, Training-free Eigenspace Low-Rank
Approximation (EoRA), which does not require any gradient computation, achieving fast optimization in
minutes using a small amount of calibration data to compensate for compression errors.

• EoRA projects the weight into the eigenspace and leverages the eigenvalues as the indicator of the
importance of weight. This enables more effective use of the low-rank representation capacity than naive
SVD and ensures a direct correlation between error approximation loss and layer-wise compression loss
through eigenspace projection.

• EoRA can provide better initialization for fine-tuning to further enhance accuracy, achieving or even
surpassing uncompressed models. Moreover, EoRA is robust to quantization which can further reduce the
additional cost of residual low-rank compensation paths.

2. Preliminaries

Post-training compression aims to compress a well-optimized model by a targeted compression ratio
utilizing only a limited set of calibration data. The compression process is often framed as a layer-wise
optimization problem, aiming to minimize the layer-wise output difference between the original weight
𝑊𝑙 ∈ R𝑑×𝑘 and the compressed weight 𝑊̂𝑙 ∈ R𝑑×𝑘 for each layer 𝑙. Then the layer-wise model compression
loss can be formed as:

arg min
𝑊̂𝑙

||𝑊𝑙𝑋𝑙 − 𝑊̂𝑙𝑋𝑙||𝐹 (1)

where 𝑋𝑙 ∈ R𝑘×𝑛 is the input activation of layer 𝑙 and 𝐹 denotes the Frobenius error between the layer-wise
output. Once the compression is complete, the 𝑊𝑙 for each layer will be substituted with 𝑊̂𝑙, resulting in
smaller model size, faster inference, or both. However, their flexibility is often limited by a discrete set
of compression formats (e.g., 2:4 sparsity, 3/4-bit quantization), making it challenging to meet the diverse
capacity and efficiency requirements of different users.

To remove the constraint by specific compression formats, we re-formulate the conventional model
compression problem into a customized compensation problem: Given a compressed model, we aim to
introduce residual low-rank paths to compensate for compression errors under customized requirements from
users, such as tasks, compression ratios, etc. With these residual paths, the compensated model gains greater
flexibility in adjusting overall capacity. To derive the low-rank residual paths that can represent compression
errors, one naive method is directly adopting Singular Value Decomposition (SVD) (Li et al., 2024; Yao
et al., 2024). More specifically, this method relies on a closed-form solution by using SVD to approximate the
compression error Δ𝑊𝑙 = 𝑊𝑙 − 𝑊̂𝑙 as Δ𝑊𝑙 = 𝑈𝑙Σ𝑙𝑉

𝑇
𝑙 , where Σ𝑙 ∈ R𝑟×𝑟 is a diagonal matrix containing the

top-𝑟 largest singular value sorted in descending order, and 𝑈𝑙 ∈ R𝑑×𝑟, 𝑉𝑙 ∈ R𝑘×𝑟 are orthonormal matrices,
with each column representing the singular vectors corresponding to the singular values in Σ𝑙. The product of
𝑈𝑙 and Σ𝑙 can then be treated as 𝐵𝑙 = 𝑈𝑙Σ𝑙 with 𝑉 𝑇

𝑙 being treated as 𝐴𝑙. Overall, the error approximation
loss can be formulated as:

arg min
𝐵𝑙,𝐴𝑙

||Δ𝑊𝑙 − 𝐵𝑙𝐴𝑙||2 (2)

and SVD is applied on Δ𝑊𝑙 to minimize the above equation. However, naively applying SVD to optimize
error approximation loss (Eq. 2) does not guarantee the minimization of layer-wise compression loss (Eq. 1),
and fails to account for the varying importance of individual model weights, resulting in suboptimal utilization
of the low-rank representation capacity. In the following sections, we omit the subscript 𝑙, which corresponds
to layer 𝑙 for simplicity.

3. Method: Training-free Eigenspace Low-Rank Approximation (EoRA)

Compared with standard model compression methods, model compensation introduces residual low-rank
paths to compensate for compression errors, resulting in greater flexibility in adjusting overall capacity
without being constrained by specific compression formats. However, existing methods (Li et al., 2024;
Yao et al., 2024) rely mainly on plain SVD for low-rank approximation, lacking sufficient representation
capacity (Barron, 1993) to fully approximate Δ𝑊 . In other words, the target rank 𝑟 remains significantly
smaller than the intrinsic rank of Δ𝑊 . Therefore, it is necessary to allocate the limited representation
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capacity of 𝑟 more effectively, focusing on reconstructing the more important weights while placing less
emphasis on less important segments. Moreover, naive SVD performs the approximation in the original space,
failing to ensure that minimizing the approximation error (Eq. 2) directly leads to minimizing the layer-wise
compression loss (Eq. 1). Furthermore, current approaches (Li et al., 2024; Yao et al., 2024) either offer limited
compensation performance by neglecting calibration data or lose flexibility due to the high computational
cost of compression-aware fine-tuning, making it difficult to swiftly adjust to various tasks. This raises an
important question: “How can we efficiently and effectively compensate for errors in compressed LLMs?”

To address this question, we propose Training-free Eigenspace Low-Rank Approximation (EoRA), which
retains the flexibility advantages of model compensation while enhancing both efficiency and effectiveness
compared to existing approaches. First, we propose projecting the compression error into the eigenspace (Stew-
art, 2001) of the corresponding layer’s input activations, ensuring a direct relationship between the error
approximation loss and the overall layer-wise model compression loss. Inspired by the classical Principal
Component Analysis (PCA) algorithm, we leverage the eigenvalues of each activation channel as importance
scores to indicate the importance of each column after the eigenprojection. This allows us to allocate more
low-rank representation capacity to approximate the more critical error elements. Following PCA, we perform
the eigendecomposition on 𝑋̃𝑋̃𝑇 where 𝑋̃ ∈ R𝑘×𝑛 is the average of the input activations over the calibration
set. The decomposition 𝑋̃𝑋̃𝑇 = 𝑄Λ𝑄𝑇 is then used to derive the eigenspace projection matrix 𝑄 ∈ R𝑘×𝑘

whose columns are the eigenvectors and Λ ∈ R𝑘×𝑘 which is a diagonal matrix with each diagonal element being
the corresponding eigenvalues of the eigenvectors in 𝑄. We then propose to project the compression error Δ𝑊
into eigenspace with the projection matrix 𝑄′ = 𝑄

√
Λ to obtain the projected error Δ𝑊 ′ ∈ R𝑑×𝑘 = Δ𝑊𝑄′.

The proposed new error approximation loss, EoRA loss, can be formulated as:

arg min
𝐵′,𝐴′

||Δ𝑊 ′ − 𝐵′𝐴′||2 (3)

and SVD is applied on Δ𝑊 ′ to minimize the above equation. This loss function ensures that error columns
associated with larger eigenvalues are approximated more accurately than those with smaller eigenvalues,
thereby facilitating a more effective allocation of the insufficient low-rank expressive power. Since 𝑄 is an
orthogonal matrix, we can multiply the low-rank approximated Δ𝑊 ′ with 𝑄′−1 =

√
Λ−1

𝑄𝑇 to project back
to the original space after the layer-wise reconstruction, obtaining the reconstructed error Δ𝑊 = Δ𝑊 ′𝑄′−1

approximated by 𝐵′𝐴′𝑄′−1. The product of 𝐴′ and 𝑄′−1 can be consolidated into a single matrix with the
same dimensions as the original 𝐴′, ensuring no additional inference latency as 𝐴 = 𝐴′𝑄′−1. Then, the forward
pass of the compressed model with EoRA error compensation for the input activation 𝑋 can be formulated as:

𝑊̂𝑋 + 𝐵′𝐴𝑋 (4)

The overall training-free optimization of Eq. 3 in EoRA can be done in minutes using only a small
amount of calibration data without any gradient computation. EoRA can also provide better initialization for
fine-tuning to further enhance accuracy and offer a trade-off between accuracy and training time. Moreover,
EoRA is robust to quantization which can further reduce the additional cost of residual low-rank compensation
paths. Please refer to Sec. 4.4 and 4.5 for more details. The overall eigenspace projection method is depicted
in Figure 1 with the detailed algorithm in Alg. 1.

Algorithm 1 Training-free Eigenspace Low-Rank Approximation (EoRA)

Input: 𝑋̃: Average of the input activations of current layer over the calibration set, 𝑊 : Full-precision
Weight, 𝑊̂ : Compressed Weight, 𝑟: Compensation rank
Output: 𝐵′, 𝐴: Two low-rank matrices for compensation.
1. Δ𝑊 = 𝑊 − 𝑊̂
2. Run Eigendecompostion on 𝑋̃𝑋̃𝑇 = 𝑄Λ𝑄𝑇

3. Reformulate 𝑄Λ𝑄𝑇 = (𝑄
√

Λ)(
√

Λ𝑄𝑇 ) = 𝑄′𝑄′𝑇

4. Project the compression error to eigenspace Δ𝑊 ′ = Δ𝑊𝑄′

5. Run 𝑟-rank SVD approximation on Δ𝑊 ′, 𝐵′𝐴′ = 𝑈 ′Σ′𝑉 ′ = SVD(Δ𝑊 ′)
6. Project the approximation back to the original space 𝐴 = 𝐴′𝑄′−1

7. The final forward pass of current layer becomes 𝑊̂𝑋 + 𝐵′𝐴𝑋
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Mapping EoRA loss (Eq. 3) to compression loss (Eq. 1): The goal of low-rank compensation is to
approximate Δ𝑊 . To achieve this, we reformulate the compression objective for each layer as:

arg min
𝐵,𝐴

||𝑊𝑋 − (𝑊̂ + 𝐵𝐴)𝑋||𝐹 = arg min
𝐵,𝐴

||Δ𝑊𝑋 − 𝐵𝐴𝑋||𝐹 (5)

Since the Frobenius norm of a matrix is equal to the square root of its gram matrix (Sun, 1991; Wang et al.,
2024), the minimization problem can be rewritten as:

arg min
𝐵,𝐴

||Δ𝑊𝑋 − 𝐵𝐴𝑋||𝐹 = arg min
𝐵,𝐴

[trace((Δ𝑊 − 𝐵𝐴)𝑋𝑋𝑇 (Δ𝑊 − 𝐵𝐴)𝑇 )] 1
2 (6)

Directly applying SVD on Δ𝑊 initially does not guarantee the minimization of the above equation Eq.6, as
dropping the smallest singular values does not necessarily lead to the smallest layer-wise compression error
(Eq.6) compared to discarding other singular values. To address this issue, EoRA projects Δ𝑊 into the
eigenspace before performing SVD.

Considering the case when dropping the 𝑖𝑡ℎ singular value 𝜎′
𝑖 and its corresponding singular vectors 𝑢′

𝑖 and
𝑣′

𝑖 after projecting Δ𝑊 to the eigenspace, the corresponding layer-wise compression loss can be formulated as:

||Δ𝑊𝑋 − 𝐵′𝐴′𝑄′−1𝑋||𝐹 = ||𝑢′
𝑖𝜎

′
𝑖𝑣

′𝑇
𝑖 𝑄′−1𝑋||𝐹 (7)

and from Eq.6, we can then rewrite the above equation as:

||𝑢′
𝑖𝜎

′
𝑖𝑣

′𝑇
𝑖 𝑄′−1𝑋||𝐹 = 𝜎′

𝑖 · trace(𝑢′
𝑖𝑣

′𝑇
𝑖 𝑄′−1𝑋𝑋𝑇 𝑄′−1𝑇

𝑣′
𝑖𝑢

′𝑇
𝑖 ) 1

2 (8)

Since 𝑋𝑋𝑇 = 𝑄′𝑄′𝑇 and 𝑈 ′, and 𝑉 ′ are orthogonal matrices, we have:

𝑄′−1𝑋𝑋𝑇 𝑄′−1𝑇 = 𝐼; 𝑣′𝑇
𝑖 𝑣′

𝑖 = 1; trace(𝑢′
𝑖𝑢

′𝑇
𝑖 ) = 1 (9)

Then,
||𝑢′

𝑖𝜎
′
𝑖𝑣

′𝑇
𝑖 𝑄′−1𝑋||𝐹 = 𝜎′

𝑖 (10)
This result demonstrates that truncating the 𝑖𝑡ℎ singular value in the eigenspace leads to the smallest layer-
wise compression error compared to discarding any other singular value. Since SVD minimizes the error
approximation loss, the analysis above also reveals that eigenspace projection creates a direct connection
between the error approximation loss and layer-wise model compression loss.

4. EXPERIMENTS

4.1. Experiments Details

We implement EoRA in PyTorch (Paszke et al., 2017), utilizing the Hugging Face Transformers and Datasets
framework (Wolf et al., 2019). All experiments are conducted on a single NVIDIA H100 GPU. We evaluate
EoRA for compensating LLaMA2-7B/13B and LLaMA3-8B models, compressed using SparseGPT (Frantar
& Alistarh, 2023), a widely adopted pruning method, and GPTQ (Frantar et al., 2023) for quantization.
Channel-wise asymmetric quantization is applied across all experiments, and we follow the settings from
(Huang et al., 2024a) to construct the calibration dataset for both SparseGPT and GPTQ.

We compare EoRA with the plain SVD low-rank compensation method and evaluate the compressed models
on language generation, commonsense reasoning, and math reasoning tasks using the LM-Evaluation-Harness
framework (Gao et al., 2024). For the following context, we refer to the standard SVD low-rank compensation
method as SVD. We pick WikiText2 for the language generation task and perplexity as the evaluation metric.
For commonsense reasoning, we select ARC-Easy and ARC-Challenge (ARC-E and ARC-C) (Clark et al.,
2018), and for math reasoning ability, we choose MathQA (Amini et al., 2019). We sampled 256 concatenated
sentences of length 2048 from the WikiText2 training set as the calibration set for EoRA for the language
generation task. For commonsense reasoning tasks, we sampled 32 concatenated sentences of length 2048
from the ARC training set and combined them with 32 concatenated sentences of the same length from
C4 (Raffel et al., 2020) to construct the calibration set for EoRA. Similarly, for the math reasoning task, we
sampled 32 concatenated sentences of length 2048 from the MathQA training set and combined them with 32
concatenated sentences from C4 to form the calibration set for EoRA. The low-rank compensation process
of EoRA is entirely training-free, requiring no backpropagation. It is conducted layer-by-layer and can be
completed within just a few minutes.
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4.2. MAIN RESULTS

4.2.1. Sparse Error Compensation

Table 1 | Perplexity and Commonsense/Math reasoning results of LLaMA2/3 pruned by SparseGPT with
different sparsity, with compensation via SVD/EoRA of rank 128.

Model Sparsity Compensation Method Wikitext2 ARC-E ARC-C MathQA

LLaMA3-8B

Uncompressed - 6.13 80.09 50.42 40.10

50%
- 8.25 72.13 39.84 32.69

SVD 7.99 73.90 41.38 32.96
EoRA 7.98 (-0.01) 75.88 (+1.98) 43.60 (+2.22) 34.90 (+1.94)

60%
- 12.00 63.38 30.54 27.00

SVD 10.93 64.64 30.97 28.40
EoRA 10.71 (-0.22) 68.77 (+4.13) 34.98 (+4.01) 31.62 (+3.22)

2:4
- 12.32 62.75 30.11 26.43

SVD 11.31 64.89 31.99 26.49
EoRA 11.07 (-0.24) 68.22 (+3.33) 34.64 (+2.65) 29.91 (+3.42)

LLaMA2-7B

Uncompressed - 5.47 69.31 39.84 27.67

50%
- 6.48 64.14 35.92 26.90

SVD 6.34 63.51 36.26 26.39
EoRA 6.31 (-0.03) 66.45 (+2.94) 38.22 (+1.96) 27.10 (+0.71)

60%
- 8.35 59.72 30.11 25.15

SVD 7.81 61.61 32.42 25.09
EoRA 7.69 (-0.12) 62.66 (+1.05) 34.12 (+1.70) 25.99 (+0.9)

2:4
- 8.77 60.47 30.11 24.65

SVD 8.15 60.98 30.54 24.89
EoRA 7.97 (-0.18) 63.42 (+2.44) 32.67 (+2.13) 25.59 (+0.70)

LLaMA2-13B

Uncompressed - 4.88 73.23 45.56 29.91

50%
- 5.65 68.81 39.24 27.30

SVD 5.54 69.69 39.59 27.63
EoRA 5.54 71.63 (+1.94) 41.97 (+2.38) 28.27 (+0.64)

60%
- 6.93 63.21 33.70 26.86

SVD 6.59 65.44 34.12 26.06
EoRA 6.52 (-0.07) 67.25 (+1.81) 37.71 (+3.59) 27.16 (+1.10)

2:4
- 7.10 66.32 34.30 25.92

SVD 6.82 66.28 33.61 25.12
EoRA 6.75 (-0.07) 68.47 (+2.19) 37.54 (+3.93) 27.53 (+2.41)

To assess the effectiveness of EoRA in compensating for sparsity error, we compare EoRA with SVD on
LLaMA2-7B/13B and LLaMA3-8B models pruned with SparseGPT to { 50%, 60%, 2:4 } sparsity levels. Both
the ranks of EoRA and SVD are set to 128, and the results are summarized in Table 1. We observe that
structural pruning results in more significant accuracy degradation compared to unstructured pruning. However,
EoRA consistently outperforms SVD in compensating for both types of pruning, showing improvements of
1.98%/2.22%/1.94% and 3.33%/2.65%/3.42% on the ARC and MathQA tasks for LLaMA3-8B models with
50% and 2:4 sparsity, respectively. Notably, the performance gain of EoRA over SVD is more pronounced in
more challenging sparsity settings. For instance, EoRA surpasses SVD by 0.22/4.13%/4.01%/3.22% across
the four tasks when compensating for LLaMA3-8B at 60% sparsity, which is a larger improvement compared
to the 50% sparsity scenario. Furthermore, EoRA proves robustness across different model sizes, continuing
to outperform SVD in compensating for various sparsity configurations of LLaMA2-13B.

4.2.2. Quantization Error Compensation

We compare EoRA with SVD on LLaMA2-7B/13B and LLaMA3-8B models quantized with GPTQ to 4-bit
and 3-bit to assess the effectiveness of EoRA in compensating for quantization error. The ranks for EoRA and
SVD are set to 128. From Table 2, 3-bit quantization causes significant accuracy degradation, particularly for
LLaMA3-8B, with losses of up to 43.31%/29.52%/17.73% on ARC-E, ARC-C, and MathQA, respectively. By
applying EoRA, we demonstrate that the accuracy loss can be reduced to 19.95%/18.68%/10.99% on ARC-E,
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Table 2 | Perplexity and Commonsense/Math reasoning results of LLaMA2/3 quantized by GPTQ with
different bit-width, with compensation via SVD/EoRA of rank 128.

Model W-bit Compensation Method Wikitext2 ARC-E ARC-C MathQA

LLaMA3-8B

Uncompressed - 6.13 80.09 50.42 40.10

W4
- 7.00 78.11 45.90 34.07

SVD 6.80 77.48 45.24 36.51
EoRA 6.80 78.07 (+0.59) 47.44 (+2.20) 37.21 (+0.7)

W3
- 15.64 36.78 20.90 22.37

SVD 10.24 57.19 30.02 26.43
EoRA 10.06 (-0.18) 60.14 (+2.95) 31.74 (+1.72) 29.11 (+2.68)

LLaMA2-7B

Uncompressed - 5.47 69.31 39.84 27.67

W4
- 5.75 67.67 38.13 26.73

SVD 5.68 66.96 37.62 27.06
EoRA 5.68 68.18 (+1.22) 38.05 (+0.43) 27.13 (+0.07)

W3
- 7.76 58.41 31.65 23.50

SVD 6.84 63.97 34.47 23.90
EoRA 6.84 65.69 (+1.72) 35.83 (+1.36) 25.79 (+1.89)

LLaMA2-13B

Uncompressed - 4.88 73.23 45.56 29.91

W4
- 5.06 71.33 44.28 29.10

SVD 5.03 71.88 44.19 28.97
EoRA 5.03 71.80 44.53 (+0.34) 28.90

W3
- 5.99 63.04 37.28 26.26

SVD 5.76 64.64 37.54 26.83
EoRA 5.75 (-0.01) 65.86 (+1.22) 39.50 (+1.96) 27.20 (+0.37)

ARC-C, and MathQA, respectively—providing an improvement of 2.95%/1.72%/2.68% compared to using
SVD for compensating the quantization error. On the other hand, although 4-bit quantization does not result
in as much accuracy loss as 3-bit quantization, applying EoRA can still generally enhance the performance of
the 4-bit model, offering up to a 2.2% and 3.14% accuracy boost on ARC-C and MathQA, respectively, for
the 4-bit LLaMA3-8B model.

4.2.3. Sparse & Quantization Error Compensation

Table 3 | Perplexity and Commonsense/Math reasoning results of LLaMA2/3 models pruned using SparseGPT
and quantized with GPTQ, with compensation via SVD/EoRA of rank 128.

Model Sparsity W-bit Compensation Method Wikitext2 ARC-E ARC-C MathQA

LLaMA3-8B
Uncompressed - 6.13 80.09 50.42 40.10

2:4 W4
- 86.15 34.59 18.34 19.89

SVD 12.84 62.12 29.35 26.86
EoRA 12.60 (-0.24) 65.9 (+3.78) 31.22 (+1.87) 29.58 (+2.72)

LLaMA2-7B
Uncompressed - 5.47 69.31 39.84 27.67

2:4 W4
- 9.37 58.41 29.43 23.88

SVD 8.42 59.09 29.94 24.42
EoRA 8.24 (-0.18) 62.33 (+3.24) 31.14 (+1.20) 25.39 (+0.97)

LLaMA2-13B
Uncompressed - 4.88 73.23 45.56 29.91

2:4 W4
- 7.27 64.09 33.10 24.75

SVD 6.98 66.41 33.27 25.29
EoRA 6.89 (-0.09) 66.58 (+0.17) 35.06 (+1.79) 27.06 (+1.77)

Next, we examine the feasibility of applying EoRA to compensate for ultra-compressed models that undergo
both pruning and quantization. Specifically, we prune LLaMA2-7B/13B and LLaMA3-8B to 2:4 sparsity and
quantize them to 4-bit. We set the ranks of both EoRA and SVD to 128 to compensate for the pruning and
quantization errors, with the results presented in Table 3. Similarly to our previous findings, LLaMA3-8B is
the least resilient to compression, experiencing a significant drop in both perplexity for language generation
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and accuracy on commonsense and math reasoning tasks. Notably, the accuracy on ARC-C plummets to
18.33% and MathQA to 19.89%, which is worse than random guessing. However, compensating for the sparsity
and quantization errors with EoRA significantly improves the accuracy of these compressed models, reducing
perplexity by up to 73.55 and boosting accuracy by 31.31%/12.88%/9.60% on ARC and MathQA tasks.
Additionally, EoRA consistently outperforms SVD across LLaMA2 and LLaMA3. For instance, EoRA exceeds
SVD in compensating the compressed LLaMA2-13B on ARC-C by 1.79% and on MathQA by 1.77%, narrowing
the accuracy gap with the uncompressed model to just 2.85% on MathQA. Overall, we find that EoRA tends to
offer greater accuracy recovery when addressing more aggressive compression settings, ensuring the plausibility
of adopting EoRA for mitigating severe compression error.

4.3. Compensation With Different Rank

Table 4 | Comparision between SVD and EoRA of different rank on compensating LLaMA2/3 models pruned
to 2:4 sparsity by SparseGPT on Perplexity and Commonsense/Math reasoning tasks.

Model Sparsity r Compensation Method Wikitext2 ARC-E ARC-C MathQA

LLaMA3-8B

Uncompressed - - 6.13 80.09 50.42 40.10

2:4

- - 12.32 62.75 30.11 26.43

64 SVD 11.76 62.83 30.97 26.39
EoRA 11.67 (-0.10) 65.86 (+3.03) 33.1 (+2.13) 28.57 (+2.18)

128 SVD 11.31 64.89 31.99 26.49
EoRA 11.07 (-0.24) 68.22 (+3.33) 34.64 (+2.65) 29.91 (+3.42)

256 SVD 10.54 68.01 34.55 28.74
EoRA 10.25 (-0.30) 71.00 (+2.99) 37.96 (+3.41) 31.59 (+2.85)

512 SVD 9.38 71.46 38.73 30.38
EoRA 9.04 (-0.34) 74.49 (+3.03) 41.89 (+3.16) 34.17 (+3.79)

LLaMA2-7B

Uncompressed - - 5.47 69.31 39.84 27.67

2:4

- - 8.77 60.47 30.11 24.65

64 SVD 8.37 60.18 30.2 24.48
EoRA 8.29 (-0.08) 62.58 (+2.40) 32.16 (+1.96) 25.62 (+1.14)

128 SVD 8.15 60.98 30.54 24.89
EoRA 7.97 (-0.18) 63.42 (+2.44) 32.67 (+2.13) 25.59 (+0.70)

256 SVD 7.74 62.71 31.99 25.19
EoRA 7.45 (-0.29) 65.44 (+2.73) 34.47 (+2.48) 26.06 (+0.87)

512 SVD 7.09 65.44 34.72 24.38
EoRA 6.80 (-0.29) 66.91 (+1.47) 36.77 (+2.05) 25.96 (+1.58)

LLaMA2-13B

Uncompressed - - 4.88 73.23 45.56 29.91

2:4

- - 7.10 66.32 34.30 25.92

64 SVD 6.95 66.24 33.95 25.56
EoRA 6.92 (-0.03) 67.50 (+1.26) 36.00 (+2.05) 26.80 (+1.24)

128 SVD 6.82 66.28 33.61 25.12
EoRA 6.75 (-0.07) 68.47 (+2.19) 37.54 (+3.93) 27.53 (+2.41)

256 SVD 6.57 66.32 35.06 26.06
EoRA 6.46 (-0.11) 70.07 (+3.75) 38.73 (+3.67) 27.77 (+1.71)

512 SVD 6.20 68.72 36.51 26.39
EoRA 6.07 (-0.13) 71.54 (+2.82) 40.61 (+4.10) 29.17 (+2.78)

Since one of the advantages of using low-rank compensation for compression error is the greater flexibility in
adjusting overall model capacity without being constrained by specific compression formats, in this section,
we investigate the influence of different ranks on adopting EoRA. We vary the rank in {64,128,256,512} and
compare it with SVD on compensating LLaMA2-7B/13B and LLaMA3-8B pruned to 2:4 sparsity. As shown in
Table 4, EoRA consistently outperforms SVD across different ranks, with the improvement becoming slightly
more pronounced at higher ranks, particularly on Wikitext2. For example, the perplexity improvement is
0.34 at rank 512, compared to 0.09 at rank 64. The improvement across different ranks on commonsense and
math reasoning tasks remains relatively steady, around 2%. The experiments prove that EoRA is robust
across different rank settings, offering users a more flexible option upon existing compression configurations to
effectively balance the trade-off between inference overhead and model accuracy.
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4.4. Fine-tuning Compressed Models with EoRA

Table 5 | Fine-tune the compressed LLaMA3-8B models of various compression settings using different
initialization of the low-rank matrices for Commonsense/Math reasoning tasks.

Model Compression Method Compression Setting LoRA initialization ARC-E ARC-C MathQA

LLaMA3-8B

Uncompressed - w/o finetuning 80.09 50.42 40.10

Standard 84.55 56.39 53.56

SparseGPT 2:4
w/o finetuning 62.75 30.11 26.43

Standard 73.82 41.30 45.42

SVD 74.45 43.68 48.77

EoRA 76.01 (+1.56) 48.54 (+4.86) 54.67 (+5.90)

GPTQ W4
w/o finetuning 78.11 45.90 34.07

Standard 81.69 54.09 51.42

SVD 82.49 54.52 53.96

EoRA 83.04 (+0.55) 55.46 (+0.94) 56.04 (+2.08)

GPTQ W3
w/o finetuning 36.78 20.90 22.37

Standard 57.87 30.29 34.10

SVD 75.54 44.70 48.17

EoRA 76.93 (+1.39) 47.44 (+2.74) 53.90 (+5.73)

In this section, we show that users can fine-tune EoRA to further recover the accuracy loss of the compressed
models. We follow the conventional LoRA fine-tuning framework, which keeps the compressed model frozen
and only tunes the low-rank residual components during fine-tuning. We conduct experiments on compressed
LLaMA3-8B models with {2:4 sparsity, 4-bit, 3-bit} compression. The rank of LoRA is set to 128 and is
applied to every linear layer, initialized using EoRA, SVD, and standard Kaiming initialization. Fine-tuning
is performed on the ARC training set for evaluating ARC-C and ARC-E, and on the MathQA training set
for math reasoning tasks. We fine-tune the models for 3 epochs with a batch size of 64, a learning rate of
1e-5, and a cosine learning rate scheduler. As shown in Table 5, using EoRA for initialization significantly
improves the accuracy of compressed models, reducing the accuracy gap between the full-precision model
and the 2:4 sparsity model from 17.34%/20.31% before fine-tuning to just 4.08%/1.88% after fine-tuning on
ARC-E and ARC-C. Additionally, EoRA consistently surpasses both standard and SVD initialization by a
significant margin across various compression settings, with accuracy improvements of 1.56%/4.86%/5.9%
and 1.39%/2.74%/5.73% over SVD when fine-tuning 2:4 sparsity and 3-bit LLaMA3-8B models, respectively.
Furthermore, fine-tuning a 4-bit model with EoRA as LoRA initialization can even surpass the accuracy of
the original full-precision model, with improvements of 2.95%/5.04% on ARC-E, ARC-C, and the accuracy of
the full-precision fine-tuned model on MathQA with 2.48% improvement.

4.4.1. Ablation: Fine-tuning with different numbers of training data

Table 6 | Ablation study on the effect of using different proportions of the dataset for fine-tuning 2:4 pruned
LLaMA3-8B models with varying low-rank matrix initializations on Commonsense/Math reasoning tasks.

Model Dataset Ratio LoRA initialization ARC-E ARC-C MathQA

LLaMA3-8B

- - 80.09 50.42 40.10

100%
Standard 73.82 41.30 45.42

SVD 74.45 43.68 48.77
EoRA 76.01 (+1.56) 48.54 (+4.86) 54.67 (+5.90)

50%
Standard 71.67 38.56 40.23

SVD 72.18 41.46 42.51
EoRA 75.42 (+3.24) 46.41 (+4.95) 48.91 (+6.40)

30%
Standard 69.82 36.77 36.71

SVD 72.01 39.76 40.60
EoRA 73.86 (+1.85) 43.85 (+4.09) 44.79 (+4.19)

In this section, we show that fine-tuning with the EoRA-compensated model is robust to various ratios
of training data. We follow the setting in Sec. 4.4 on compressed LLaMA3-8B models with 2:4 sparsity
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compression. As shown in Table 6, using EoRA for initialization consistently outperforms both standard and
SVD initialization across various dataset ratios, with accuracy improvements (ARC-E/ARC-C/MathQA) of
3.24%/4.95%/6.4% and 1.85%/4.09%/4.19% over SVD when fine-tuning using 50% and 30% training data,
respectively.

4.5. Quantizing EoRA with Efficiency Evaluation

Table 7 | Accuracy and the Model Size of quantizing EoRA of rank {128,512} to 4/3-bit on compensating
LLaMA3-8B of {2:4 sparisity, 4/3-bit}.

Compression method Config r W-bit of EoRA Model Size (GB) Wikitext2 ARC-E ARC-C MathQA

- - - - 15.08 6.13 80.09 50.42 40.10

SparseGPT 2:4

- - 9.12 12.32 62.75 30.11 26.43

128
16 9.77 11.07 68.22 34.64 29.91

4 9.28 11.15 67.55 34.47 29.91

3 9.24 11.31 68.01 34.72 29.71

512
16 11.70 9.04 74.49 41.89 34.17

4 9.77 9.12 74.62 41.46 33.63

3 9.64 9.32 72.30 40.35 32.66

GPTQ

W4

- - 5.35 7.00 78.11 45.90 34.07

128
16 6.01 6.80 78.07 47.44 37.21

4 5.50 6.83 78.78 47.35 36.78

3 5.46 6.90 78.24 47.18 36.52

512
16 7.85 6.50 79.75 48.29 38.72

4 6.01 6.61 78.87 48.80 38.92

3 5.90 6.75 78.49 46.92 36.88

W3

- - 4.63 15.64 36.78 20.90 22.37

128
16 5.28 10.06 60.14 31.74 29.11

4 4.78 10.26 61.53 31.48 28.64

3 4.74 11.68 56.52 29.18 26.70

512
16 7.16 8.53 71.00 38.82 31.89

4 5.28 8.67 68.35 40.01 31.69

3 5.18 10.19 66.70 35.40 30.45

Finally, EoRA can also be quantized to further reduce the additional cost of residual low-rank compensation
paths. In this section, we quantize EoRA of rank {128, 512} to 4/3-bit on compensating three types of
compressed LLaMA3-8B models (2:4 pruned, 4-bit quantized, and 3-bit quantized). As shown in Table 7,
EoRA is robust to quantization, which means that when EoRA is quantized, the accuracy drop from
full-precision EoRA is insignificant while the model size is significantly reduced. For example, when a
512-rank EoRA is quantized from 16-bits to 3-bit on the 2:4 pruned model, the accuracy drops are only
2.19%/1.54%/1.51% on ARC-E/ARC-C/MathQA while the total model size reduces by 17.6%. Moreover,
compared with the original uncompensated 2:4 pruned model, this quantized model improves the accuracy
by 9.55%/10.24%/6.23% on ARC-E/ARC-C/MathQA while the total model size increases by only 5.7%.
A similar trend is also shown for 4/3-bit quantized LLaMA3-8B. Generally, we recommend users quantize
EoRA to 4-bit, as this significantly reduces inference latency and model size with kernel support, without
causing any noticeable drop in accuracy.

5. RELATED WORK

LLMs Compression: With the rapid expansion of LLMs in various applications, it is crucial to compress
the model size to lower the computational costs for deployment. However, traditional compression-aware
training methods (Liu et al., 2023b,a) are no longer practical for LLMs, as these techniques demand access to
the original training datasets and significant computational resources for model retraining. To overcome these
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challenges, many post-training compression methods (Frantar et al., 2023; Frantar & Alistarh, 2023; Tseng
et al., 2024; Sun et al., 2024; Wang et al., 2024) have been developed that do not require model retraining and
only need a small subset of the dataset for calibration. Among these methods, Post-training Quantization
(PTQ) (Frantar et al., 2023; Tseng et al., 2024) is one of the most commonly applied techniques. It reduces
the model size by replacing higher bitwidth representations with lower bitwidth ones. Another popular
approach is Post-training Pruning (PTP), which minimizes computation by setting the least important weight
elements to zero, as demonstrated in (Frantar & Alistarh, 2023; Sun et al., 2024). Recently, a different
approach to compression has been explored in studies like (Yuan et al., 2023; Wang et al., 2024), where the
model’s weights are replaced with low-rank matrices. Similarly, ESPACE (Sakr & Khailany, 2024) employs
activation projections to achieve dimensionality reduction in GEMM layers. These methods can reduce both
inference latency and model size without the need for specialized kernel support. Since our proposed EoRA is
compression-agnostic, it remains compatible with all of these compression techniques.

Compression-aware Low-rank Adaptation: (Dettmers et al., 2023) proposes combining a low-rank
adaptation (LoRA) parameter-efficient fine-tuning method with quantized models to further reduce training
costs. Building upon this idea, LoftQ (Li et al., 2024) suggests accounting for compression error by initializing
LoRA with the SVD approximation of it, thereby enhancing fine-tuning accuracy. Another line of research,
such as (Huang et al., 2024b), explores reducing quantization difficulty during fine-tuning by incorporating
rotations with LoRA, while (Xu et al., 2024) introduces a new group-wise adaptation technique to increase
the degrees of freedom in quantization. However, all these methods primarily focus on improving fine-tuning
accuracy and are mostly compatible only with quantization. In contrast, EoRA aims to enhance the
compressed model without fine-tuning and is agnostic to the used compression method. We also demonstrate
that EoRA can serve as the initialization for LoRA—similar to LoftQ—in downstream fine-tuning tasks,
consistently outperforming the naive SVD initialization method.

6. CONCLUSION

In this work, we proposed EoRA (Training-free Eigenspace Low-Rank Approximation), a novel method
to efficiently and effectively compensate for compression errors in large language models. By projecting
compression-induced errors into the eigenspace of model activations, EoRA leverages eigenvalues as importance
indicators, enabling optimal utilization of low-rank capacity without requiring gradient-based training.
Our approach demonstrates significant improvements in language generation, commonsense reasoning, and
mathematical reasoning tasks, outperforming traditional low-rank approximation techniques such as SVD.
The key strength of EoRA lies in its training-free nature, allowing for rapid optimization using only a small
calibration dataset, and its robustness to quantization, making it an effective tool for deploying large models
with varying capacity requirements. Moreover, EoRA provides a solid initialization for fine-tuning, further
reducing accuracy degradation and, in some cases, surpassing the performance of uncompressed models.
Overall, EoRA presents a scalable, versatile solution for model compensation, with potential applications
across various domains where efficient deployment of large models is crucial. Future work may explore
extending EoRA to more complex model architectures and compression scenarios, further enhancing its
adaptability and effectiveness.
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