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Large language models (LLMs) have demonstrated impressive capabilities in a
wide range of downstream natural language processing tasks. Nevertheless, their
considerable sizes and memory demands hinder practical deployment, underscor-
ing the importance of developing efficient compression strategies. Singular value
decomposition (SVD) decomposes a matrix into orthogonal components, enabling
efficient low-rank approximation. This is particularly suitable for LLM compression,
where weight matrices often exhibit significant redundancy. However, current SVD-
based methods neglect the residual matrix from truncation, resulting in significant
truncation loss. Additionally, compressing all layers of the model results in severe
error propagation. To overcome these limitations, we propose ERC-SVD, a new post-
training SVD-based LLM compression method from an error-controlled perspective.
Specifically, we leverage the residual matrix generated during the truncation pro-
cess to reduce truncation loss. Moreover, under a fixed overall compression ratio,
we selectively compress the last few layers of the model, which mitigates error
propagation and improves compressed model performance. Comprehensive eval-
uations on diverse LLM families and multiple benchmark datasets indicate that
ERC-SVD consistently achieves superior performance over existing counterpart
methods, demonstrating its practical effectiveness.
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Figure 1: Left: The Kendall correlation between the final-layer error and the average zero-shot
accuracy. Middle: Layer-wise error comparison between ERC-SVD and SVD-LLM of LLaMA-2-7B
under 20% compression ratio. Right: The accuracy comparison of LLaMA-2-7B compressed by
different methods under 20% compression ratio on seven reasoning and understanding tasks.

1. Introduction

Large language models (LLMs) have emerged as powerful tools, delivering state-of-the-art per-
formance across a wide range of tasks such as text generation, translation, and reasoning. The
scaling law [1] has driven a trend toward increasingly large models, exemplified by models such as
GPT [2], PaLM [3], LLaMA [4], Deepseek [5], and Qwen [6], which often contain tens to hundreds
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of billions of parameters. Despite their powerful capabilities, the enormous scale of LLMs poses
serious challenges for efficient deployment due to high computational demands [7-9]. This resource
burden not only limits deployment on edge devices and consumer-level hardware but also increases
the cost and carbon footprint of serving LLMs in production [10, 11].

As the scale of LLMs continues to grow, compression techniques, including weight quantization [ 12—
15], network pruning [16-19], knowledge distillation [20-23], and low-rank decomposition [24-28],
have become increasingly important for the practical deployment of LLMs in resource-constrained
environments. The syntactic and semantic correlations acquired during training often induce redun-
dancy in LLM weight matrices, giving rise to a low-rank structure [29]. As a result, singular value
decomposition (SVD) provides a principled and effective approach for compressing these matrices
with minimal loss. In particular, post-training approaches are gaining traction, as they can signifi-
cantly reduce memory and compute requirements without the need for expensive retraining, making
them especially suitable for scaling up foundation models. Recent studies on post-training SVD-based
LLM compression, including ASVD [26], SVD-LLM [27], Basis Sharing [30], and AdaSVD [28], have
made significant progress in reducing model size while preserving performance, demonstrating
the effectiveness of low-rank approximation techniques in compressing LLMs. However, existing
methods suffer from two major limitations. First, existing methods ignore the importance of the
residual matrix generated during SVD truncation, leading to significant truncation loss. Second,
compressing all model layers often results in high layer-wise error and severe error propagation.

In this work, we propose ERC-SVD, a new post-training SVD-based compression method for LLMs.
Building upon the key observations outlined above, ERC-SVD introduces two core technical innova-
tions. ® Residual compensation for SVD truncation: The residual matrix produced during SVD
truncation can be effectively utilised to reduce the truncation loss. Specifically, we perform SVD
truncation in two stages: we first truncate the original weight matrix W’ to obtain its intermediate
low-rank approximation W,,. After that, we compute the residual matrix R between W and W .,.
Second, we apply SVD truncation to R, yielding R, . Finally, we construct the compressed weight
matrix W, = W, + R, , where the rank satisfies r; + r, = r. Detailed description and a math-
ematical proof are provided in Section 3.1. @ Partial-layer compression for SVD: LLMs consist
of a sequence of consecutive layers, where the output of each layer serves as the input to the next.
Therefore, any error introduced in earlier layers can propagate and accumulate through subsequent
layers, leading to severe performance degradation. To mitigate this, we propose compressing only
the last few layers under a fixed overall compression ratio while keeping the earlier layers intact. This
strategy ensures that the earlier layers remain error-free, reducing the impact of error propagation.

Our key contributions can be summarised as follows:

e We introduce residual compensation for SVD truncation, a theoretically grounded com-
pensation strategy. By leveraging the residual matrix generated during the SVD truncation,
our strategy significantly reduces the overall truncation loss.

e We propose partial-layer compression for SVD, which compresses only the last few layers
of the model under a fixed overall compression ratio. This strategy effectively reduces
layer-wise error and mitigates error propagation.

o Extensive experiments on multiple LLMs (LLaMA, OPT, Mistral, Vicuna, and Qwen) and
benchmark datasets (both language modelling and zero-shot reasoning) demonstrate that
ERC-SVD outperforms existing methods across a wide range of compression ratios.

2. Related Work

2.1. Techniques for Large Language Model Compression

The growing size of large language models (LLMs) has raised increasing concerns over their com-
putational and memory demands. To address these challenges, a variety of model compression
techniques have been proposed. Conventional approaches often require computationally expensive



retraining, which is generally impractical due to the substantial computational cost associated with
the massive size of LLMs. Consequently, recent efforts have shifted toward more resource-friendly
post-training compression techniques [12, 17, 31]. Typically employed approaches include network
pruning and weight quantization. And pruning techniques can be classified into unstructured
and structured methods. Unstructured pruning removes individual weights based on importance
scores. For example, SparseGPT [17] performs one-shot pruning using second-order approximations
without retraining. However, since unstructured pruning retains the original matrix shape, it offers
limited inference acceleration and requires specialized hardware. In contrast, structured pruning
eliminates entire blocks or channels, enabling compatibility with conventional hardware platforms.
LLM-Pruner [16] groups dependent linear projections into coupled structures, assigns each group a
loss-aware importance score, prunes the least important groups, and applies LoRA fine-tuning to
restore performance. Additionally, ZipLM [32] prioritizes pruning components that yield the worst
trade-off between latency and loss, but this often causes notable performance degradation. Quantiza-
tion provides another mainstream solution. GPTQ [12] gradually quantizes and updates each weight
using the Hessian matrix to minimize the quantization error. AWQ [13] preserves important weight
channels by selecting reparameterization coefficients via grid search. Furthermore, BiLLM [14] and
ARB-LLM [15] push quantization to the 1-bit level, while still delivering impressive downstream
task accuracy. However, these techniques still cause significant performance degradation, especially
at low bit-widths, due to the lack of weight and activation adaptation.

2.2. SVD-based Techniques for Compressing LLMs

Singular value decomposition (SVD) is a commonly employed technique for reducing matrix dimen-
sionality by representing the original matrix as the product of two low-rank factor matrices. Recent
research has demonstrated the potential of SVD-based LLM compression methods, yet comprehen-
sive exploration remains limited. Hsu et al. [24] propose FWSVD, incorporating Fisher information
to weight the importance of parameters. However, it relies on computationally intensive training and
was originally applied only to small language models (e.g., BERT [33], ALBERT [34]). LoRD [25]
first applies SVD to LLMs by grouping layers to improve efficiency. However, LoRD overlooks the
importance of input activations. To address this limitation, Yuan et al. [26] introduce ASVD, which
mitigates the impact of activation outliers by reshaping the weight matrix based on activation distri-
bution, thereby enhancing the precision of the low-rank decomposition. CALDERA [29] exploits
the inherent low-rank structure of weight matrices by approximating them through a low-rank, low-
precision decomposition. Additionally, SVD-LLM [27] establishes a direct mapping between singular
values and truncation loss, which means that truncating the smallest singular values leads to mini-
mal truncation loss. Basis Sharing [30] achieves more effective LLM compression through sharing
parameters across different layers. More recently, AdaSVD [28] proposes an adaptive compensation
method, iteratively updating matrices during truncation.

Despite these advances, all existing methods ignore the residual matrix produced during SVD
truncation, which can significantly compensate for the SVD truncation loss. Moreover, compressing
only the last few layers of the model under a fixed target compression ratio can provide better
performance for compressed models. However, existing methods compress all layers, either apply a
uniform compression ratio across all layers or assign variable ratios based on layer-wise importance,
which often results in sub-optimal performance.

3. ERC-SVD

The framework of ERC-SVD is illustrated in Figure 2. We first perform SVD to compress the last few
layers of the model, while ensuring that the overall compression ratio is satisfied, and compute the
corresponding residual matrix. A second SVD is then applied to the residual matrix to obtain its
low-rank approximation. The two truncated matrices are subsequently combined to construct the
final compressed weight matrices. Compared with other methods [26-28, 30], we utilize the residual
matrix during the truncation process to compensate for the truncation loss. In Section 3.1, we first
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Figure 2: The overall framework of ERC-SVD, and comparison with other methods. The last k layers
are selected through partial-layer compression and compressed using residual compensation with

calibration data. " denotes these layers remain intact, while  denotes these layers are replaced by

low-rank approximations. The overall compression ratio is R, for ERC-SVD, the first (N — k) layers
stay unchanged, and the layer compression ratio R; for last k layers is (V - R,)/k.

provide a detailed description of how residual compensation effectively works. Subsequently, in
Section 3.2, we explain the benefits of partial-layer compression in mitigating error propagation. The
pseudocode of ERC-SVD is shown in Algorithm 1, with the pseudocode for residual compensation
and partial-layer compression provided in Algorithm 2 and Algorithm 3, respectively.

3.1. Residual Compensation for SVD Truncation

Preliminaries for SVD. SVD-based compression methods apply SVD to the original weight matrix
W e R™*", discarding the smallest singular values to obtain its low-rank approximation W,.:

wW=UxV' 2 U2, VI =W, r <min(m,n), (1)

where U, € R™*" and V| € R"™*" are composed of the top-r left and right singular vectors,
respectively, and X, € R"*" is a diagonal matrix containing the corresponding singular values.
Following prior post-training SVD-based works [26, 27], the optimization objective for SVD truncation
in LLMs can be formulated as:

W, = argmin [WX -~ W, X|., (2)
L= WX -W.X|, = ||(W-W)X]|. (3)

where X denotes the activation of W given an input, and £ is the truncation loss measured by the
Frobenius norm. Although previous works [24, 26, 27] have made significant progress in minimizing
L, they consistently overlook the residual matrix generated. Based on Equation 3, minimizing the
truncation loss reduces to minimizing the discrepancy between the original weight matrix W and
its low-rank approximation W,.. Accordingly, we reformulate the optimization objective as:

WT:arg%i?HW—WTH. (4)

Explanation for Residual Compensation. Given the original weight matrix W € R™*" and the
layer compression ratio R;, the compression ratio in this work denotes the fraction of parameters
removed. We define the scale of the matrix as: & = (m - n)/(m + n), where m and n represent the



Algorithm 1 Pseudocode of ERC-SVD

Input: Original LLM: M, weight matrix: W € R™*", number of model layers: N, residual compen-
sation rank r,, step: s
Output: Compressed LLM M’ by ERC-SVD

1: CD < Randomly collect calibration samples from the dataset
2: Setyw < M, Setyyr < 0 > Initialize the sets of weight matrices
3: k, R; < PartiaL-LAYER CompPRrEsSION(M, N, R, s)
4: for Layer ¢ in original LLM M do
5 ifi € [1,N — k) then
6: Setyy (7) < Setw (7) > Current weight matrices stay the same
7. else
8: W < Setw (i) > Initialize weight matrices to compress
9: Setyy (7)) + ResipuaL CompensatioN(M, W, Ry, 1)
10:  end if
11:  Setyy+ < Setyy (i) U Setyy > Append weight matrices after operation
12: end for

13: M’ + Uppate(M, CD, Setyy+)
14: return M’

input and output dimensions of the matrix, hence, the target rank for each layeris r = (1 — R;) - o
We introduce a residual compensation factor /3, a hyperparameter fixed at 0.05 in all experiments.
The target rank r is decomposed into two components: a residual compensation rank 7., defined as
r. = « - 3, and an intermediate rank r;, defined as r; = r — r,..

The entire compression process comprises two SVD truncations. First, we apply SVD to W S, where S
is the scaling weight matrix obtained from the input activation, and retain the top-r; singular values:
WS~ W;, =U,%,, V;LT' and multiply S~ to obtain an intermediate low-rank approximation
of the original weight matrix: W,, = W,. S~ =U,, %, Vf The residual matrix R is computed
as the difference between W and W,,, where R = W — W ,... We then perform a second SVD on
R and retain its top-r, singular values: R, = U, X, V,T.T. Finally, we construct the compressed
weight matrix by combining the two approximations:

W,=W, +R. =U,%,V =U,V,. (5)
In this way, the residual-compensated compressed matrix W, provides a closer approximation to
the original weight matrix W than the directly truncated matrix W, as proven in the following.

Lemma 1. Eckart-Young-Mirsky Theorem [35]. Let A € R™*™ be a matrix and r < min(m,n) be a given
rank. If A, denotes the optimal rank-r approximation of A by SVD, then for any matrix B of rank r, the
following inequality holds, demonstrating that A, is the optimal rank-r approximation of A:

|A- A <|A-B]|,. (6)

Lemma 2. Let W' be the rank-r approximation defined by the weighted low-rank reconstruction W' =
SV D, (W S)S~. A direct consequence of Lemma 1 is the following inequality:

W —svD,w)|; < W - w5, (7)

Theorem 3. If W, is the rank-r direct truncation of the original matrix W, and W ,. is the residual-
compensated compressed matrix, where r = r; + r.. Then, under the weight reconstruction error, ERC-SVD
is superior to the direct truncation method.

Proof. The direct truncation method extracts the first  components from the W S at once. We can
decompose it into two parts: the first 7; components and the last r,, components:

W, = SVD, (WS)S™' +(SVD.(WS) - SVD, (WS))S~! (8)

W, A

i




For ERC-SVD, the truncation loss is given by:

[W W% = W — (W, + R = R R ©)

Given that R, is obtained by direct SVD, which is the optimal rank-r,. approximation of R. According
to Lemma 1, for any matrix X with rank r,, we have:

IR~ R |2 < R~ X2 (10)

For the direct truncation method, the truncation loss is given by:
(W =Wl = [W = (W, + ) = | B = AllL (11)

R, is the optimal rank-r, approximation, whereas A is an approximation derived from the weighted
space W S. Hence, by combining Lemma 1 and Inequality 10, the following relationship holds:

IR~ R. | < | R~ Al (12)

2
Al

By substituting these results into the original form, we obtain the final inequality:

W W< w - w, (13)

Therefore, the residual compensation strategy provides a closer approximation to the original weight
matrix W than direct truncation methods. O

3.2. Partial-layer Compression for SVD

Previous works [26-28, 30] compress all model layers even if they assign layer-specific ratios based
on their relative importance, which often leads to a high layer-wise error, resulting in noticeable
performance degradation. We compare the layer-wise error of LLMs across four families with
different layer selection strategies; the results of LLaMA-7B and OPT-6.7B are shown in Figure 3,
the results of other models are presented in Figure 4. There is a significant error propagation
across multiple LLM families, where the error progressively accumulates layer by layer during the
forward pass. This phenomenon is particularly pronounced when compressing only the first few
layers. A higher layer compression ratio must be applied to these layers, with the constraint of the
overall compression ratio. Compressing the model at such an early stage introduces substantial
approximation errors, which are then propagated through the remaining layers. Although the later
layers are left uncompressed, the forward pass carries the accumulated error through the network.
Consequently, in all evaluated LLM families, these early compressed layers exhibit the highest layer-
wise error across model layers. In contrast, when only compressing the last few layers, the earlier
layers introduce zero error. Although the relatively high compression ratio leads to slightly faster
error accumulation, the overall error remains significantly lower than that of compressing all layers.

Interestingly, although the final-layer error converges to a narrow range regardless of how many the
last layers are compressed, differences within this range still affect model performance. As illustrated
in the left figure of Figure 1, there is a strong correlation between the final-layer error and the average
zero-shot accuracy. Motivated by this observation, we select the number of last layers to compress
by minimizing the final-layer error, and the layer compression ratio R; must satisfy the following
mathematical relation to ensure a fair comparison:

RlZ(N-RO)/k,k‘E{1,2,...,N—1|Rl<1}, (14)

where N is the number of model layers, R, represents the overall compression ratio. As shown in the
middle figure of Figure 1, compared to SVD-LLM [27], our strategy significantly reduces layer-wise
error across all model layers and mitigates error propagation.
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Figure 3: Layer-wise error comparison between the original model, LLaMA-7B, and OPT-6.7B com-
pressed by ERC-SVD with different layer selection strategies on WikiText-2. The overall compression
ratio is 20%, and all layer selection strategies strictly adhere to the compression constraint.

4. Experiments

4.1. Setups

Evaluation Details. We compare our method against five baselines without re-training: conventional
SVD, ASVD [26], SVD-LLM [27], Basis Sharing [30], and AdaSVD [28]. We evaluate ERC-SVD
on ten models spanning five LLM families: LLaMA-2-7B [36], LLaMA-13B [4], LLaMA-2-13B [36],
LLaMA-30B [4], OPT-6.7B [37], OPT-13B [37], OPT-30B [37], Mistral-7B [38], Vicuna-7B [39], Qwen-
3-8B [6]. For language modeling, we use three benchmark datasets: WikiText-2 [40], PTB [41], and
C4 [42]. For zero-shot reasoning and understanding, we evaluate on seven tasks within the LM-
Evaluation-Harness framework: OpenbookQA [43], WinoGrande [44], HellaSwag [45], PIQA [46],
MathQA [47], ARC_e and ARC_c [48]. Moreover, to demonstrate the generality and effectiveness of
ERC-SVD, we further extend our evaluation to vision-language models (VLMs), LLaVA [49].

Implementation Details. We follow the protocols of ASVD, SVD-LLM, and Basis Sharing, randomly
selecting 256 calibration samples with a sequence length of 2048 from WikiText-2. We then apply
matrix scaling prior to performing SVD truncation. All methods are implemented with PyTorch and
Transformers on NVIDIA A100 GPUs.

4.2. Results

We evaluate the overall performance of ERC-SVD across four dimensions: @ Effectiveness under
different compression ratios (ranging from 20% to 60%), @ Scalability to larger-scale models, ®
Generalizability across diverse LLM families, and @ Performance on VLMSs, including quantitative
and qualitative results, are provided in Table 14 and Appendix A.8, respectively.

Performance under different compression ratios. We evaluate the performance of LLaMA-2-7B [36]
compressed by ERC-SVD, conventional SVD, and existing post-training baselines under compression
ratios ranging from 20% to 60% across ten benchmark datasets. The results for LLaMA-2-7B are
presented in Table 1. Across three language modeling datasets, WikiText-2 [40], PTB [41], and C4 [42],
ERC-SVD consistently outperforms all baselines across most evaluated compression ratios, with only
slight suboptimalities observed in specific cases. In particular, on PTB and C4, the improvements are
more pronounced, suggesting that ERC-SVD exhibits stronger generalization capability. In addition,
across seven common sense reasoning datasets, ERC-SVD outperforms the strongest existing baseline
on most datasets, achieving the highest average accuracy across all evaluated compression ratios
and further demonstrating its robustness and overall effectiveness.

Performance on larger-scale LLMs. To examine the scalability of ERC-SVD, we evaluate its per-
formance on larger-scale LLMs from two representative families: LLaMA and OPT (13B and 30B).



Table 1: Overall performance of LLaMA-2-7B [36] compressed by ERC-SVD and baselines under 20%
to 60% compression ratios (“Ratio”), including performance on three language modeling datasets
(measured by perplexity (1)) and zero-shot performance on seven common sense reasoning datasets
(measured by individual and average accuracy (1)). The best results are marked in bold. NaN
denotes evaluation failure due to numerical instability. * refers to results derived from the original
paper. - means that results are not available.

Ratio MEeTtHOD \ WikiText-2) PTBJ C4] \ Openb.t  ARC_et WinoG.t HellaS+ ARC_ct PIQAT MathQAT  Average!

Original ‘ 5.47 26.84 7.28 ‘ 0.31 0.69 0.67 0.56 0.40 0.78 0.27 0.53

SVD 18208.79 59320.78  27131.56 0.14 0.26 0.49 0.25 0.22 0.52 0.20 0.30

ASVD 9.56 120.74 12.85 0.25 0.59 0.61 0.46 0.32 0.72 0.24 0.45

20% SVD-LLM 8.37 139.68 20.18 0.23 0.50 0.59 0.39 0.26 0.65 0.23 0.41

Basis Sharing 7.77 60.00 16.22 0.24 0.60 0.61 0.43 0.31 0.69 0.24 0.45

ERC-SVD ‘ 7.63 45.37 14.73 ‘ 0.28 0.61 0.65 0.50 0.35 0.73 0.26 0.48

SVD 30373.39 4893094  36905.54 0.12 0.25 0.49 0.25 0.22 0.51 0.21 0.29

ASVD 984.03 NaN NaN 0.15 0.27 0.51 0.26 0.22 0.53 0.20 0.31

30% SVD-LLM 10.66 292.90 34.96 0.21 0.42 0.55 0.34 0.22 0.60 0.23 0.37

Basis Sharing 9.69 101.22 25.45 0.23 0.54 0.59 0.38 0.27 0.64 0.23 0.41

ERC-SVD ‘ 10.32 73.04 23.28 ‘ 0.23 0.51 0.62 0.42 0.29 0.68 0.24 043

SVD 39524.00 68829.98  56518.95 0.13 0.26 0.50 0.25 0.21 0.52 0.18 0.29

ASVD NaN NaN NaN 0.15 0.25 0.50 0.26 0.22 0.52 0.18 0.30

40% SVD-LLM 16.11 717.34 61.96 0.16 0.35 0.55 0.30 0.20 0.57 0.23 0.34

° Basis Sharing 14.66 207.49 47.41 0.18 043 0.57 0.33 0.22 0.61 0.23 0.37
AdaSVD* 14.76 304.62 56.98 0.19 0.41 0.58 0.32 0.23 0.58 - -

ERC-SVD ‘ 14.17 136.32 43.19 ‘ 0.20 0.43 0.57 0.35 0.24 0.63 0.23 0.38

SVD 53405.48 39023.05  58547.82 0.15 0.25 0.48 0.25 0.22 0.53 0.18 0.29

ASVD NaN NaN NaN 0.13 0.26 0.50 0.25 0.23 0.50 0.20 0.30

50% SVD-LLM 27.19 1775.52 129.71 0.14 0.30 0.50 0.28 0.20 0.54 0.23 0.31

° Basis Sharing 23.78 689.03 115.84 0.15 0.34 0.54 0.29 0.20 0.56 0.23 0.33
AdaSVD* 25.58 593.14 113.84 0.15 0.34 0.54 0.29 0.20 0.56 - -

ERC-SVD | 24.26 286.24 10034 | 014 0.35 0.55 0.31 022 0.59 022 0.34

SVD 65240.23 7900221  70659.74 0.14 0.25 0.50 0.25 0.23 0.52 0.19 0.30

ASVD NaN 19581.17 NaN 0.15 0.25 0.50 0.25 0.23 0.52 0.12 0.29

60% SVD-LLM 54.19 3442.74 263.02 0.14 0.26 0.50 0.27 0.20 0.53 0.21 0.30

°  Basis Sharing 50.59 2055.63 299.36 0.14 0.29 0.51 027 0.20 0.52 021 0.30
AdaSVD* 60.08 2137.28 294.26 0.12 0.27 0.50 0.27 0.20 0.53 - -

ERC-SVD | 6859 99148 25570 | 0.3 0.29 0.52 0.28 021 0.55 0.22 031

Performance on Multiple LLM families. Toeval- Table 2: Perplexity ({) of different LLM struc-

uate the generalization ability of ERC-SVD, we tures under 30% compression ratio.

apply it to three LLMs from different families, Moper | Merrop | WikiText-2| PTB| cal
including OPT-6.7B [37], Mistral-7B [38], and YD meoeras 8676050 168165.89
Vicuna-7B [39]. As shown in Table 2, under 30% OFF678 svpiim | 2803 3746 4035
compression ratio, ERC-SVD consistently outper- ERC-SVD | 17.10 (136%)  27.24 (127%) _ 38.40 (15%)
forms all baselines on three language modeling Mistral 7B RS e e TR0
benchmarks across these architectures. Notably, ST svbLiM | asos 19322 5655
the largest overall improvements are observed o P 70 o TP )
on Mistral-7B, with perplexity reductions of 71% Vicuna 7B AV | e N NN
on WikiText-2, 45% on PTB, and 46% on C4. We SVDLIM | 1242 10427 25

ERC-SVD | 1157 (J7%)  69.28 (134%)  27.24 (131%)

reproduce ASVD and SVD-LLM using their pub-
lic codebases. While ASVD fails in certain cases Table 3: Perplexity (|) of larger-scale LLMs

due to numerical instability (denoted as NaN in under 20% compression ratio on PTB [41].
the table)/ ERC-SVD COHSiStently maintains stable Memop | LLaMA-13B LLaMA-30B | LLaMA-2-13B | OPT-13B OPT-30B
and reliable performance. Additional zero-shot SVD | 187804 555 51645 | 15255 25049
. ASVD 12.42 31.36 81.00 36.47 30.95
accuracy results comparison about these LLMs SVDLIM | 1247 9.10 88.13 1486 1294
are provided in Table 9. ERC-SVD | 9.70 8.41 66.47 | 1322 12.89

As presented in Table 3, ERC-SVD consistently achieves superior performance over existing base-
lines under 20% compression ratio, demonstrating robust effectiveness across varying model scales.
Additional zero-shot accuracy results about these larger-scale LLMs are provided in Table 6.

4.3. Ablation Study

We present several ablation studies to assess the robustness of ERC-SVD. © Effectiveness of residual
compensation (REC) and partial-layer compression (PLC): We assess the individual contributions
of REC and PLC. @ Impact of residual compensation factor: We conduct experiments to examine



Table 4: Ablation results of REC and PLC on LLaMA-2-7B under 30% and 40% compression ratios.
Raro | Merwop | REC PLC | C4] | Openb.t ARC_et WinoG.t HellaS5f ARC_ct PIQAT MathQAT Averagef

ASVD ; C [ NaN | 015 0.27 051 0.26 0.22 053 0.20 031
SVD-LIM | - - | 349 | 021 0.42 0.55 0.34 0.22 0.60 0.23 0.37

30% /X | 3068 | 022 042 0.58 035 023 0.61 024 038
ERC-SVD | X v | 2477 | 022 0.48 0.60 0.38 0.25 0.65 0.22 0.40

v v | 28| 023 0.51 0.62 0.42 0.29 0.68 024 0.43

Table 5: Perplexity ({) and zero-shot individual and average accuracy (1) of LLaMA-2-7B 30%
compressed by ERC-SVD with different residual compensation factors ().

B | WikiText-2| | Openb.t ARC_et WinoG.t HellaS+ ARC_ct PIQAT MathQAt Average

0.025 10.38 0.23 0.51 0.62 0.41 0.28 0.67 0.23 0.42
0.050 10.32 0.23 0.51 0.62 0.42 0.29 0.68 0.24 0.43
0.075 10.11 0.22 0.49 0.61 0.39 0.28 0.66 0.23 0.41
0.010 10.46 0.23 0.47 0.60 0.38 0.26 0.66 0.23 0.40

how the choice of 3 influences the performance. ® Impact of calibration data: We analyze the effects
of calibration dataset selection on compressed model performance in Appendix A.3.4.

Effectiveness of residual compensation and partial-layer compression. We present results on
C4 [42] and seven zero-shot reasoning and understanding tasks, as shown in Table 4. It can be
observed that either applying REC or PLC alone has already improved performance. Combining
them leads to further improvements, making the performance gap even more significant. Results of
other compression ratios are presented in Table 8.

Impact of residual compensation factor. The residual compensation factor 3 is a hyperparameter
in this work, we set 5 = 0.05 across all experiments. To examine its impact on model performance,
we compress LLaMA-2-7B under 30% compression ratio while varying the value of 5. The results in
Table 5 show that the compressed models achieve comparable performance across different 3 values,
demonstrating the robustness of our method with respect to this hyperparameter.

4.4. Compatibility with Quantization

SVD-based LLM compression methods and quantization are two orthogonal techniques. To demon-
strate that our method can be integrated with quantization, we adopt GPTQ [12] to quantize LLaMA-
2-7B compressed by our method and SVD-LLM. As shown in Table 12, our method integrates
seamlessly with quantization, achieving superior performance compared to SVD-LLM.

4.5. Efficiency Results

ERC-SVD not only preserves competitive model performance but also achieves substantial inference
speedup on hardware. We evaluate the throughput of compressed models on an NVIDIA A100
GPU, shown in Figure 5. Models compressed by ERC-SVD consistently deliver faster inference than
the original model. The speedup grows more pronounced as the batch size grows, indicating that
ERC-SVD scales more efficiently under larger workloads.

5. Conclusion

In this work, we propose ERC-SVD, a novel post-training SVD-based compression method for LLMs,
formulated from an error-controlled perspective. ERC-SVD effectively leverages the residual matrix
resulting from SVD truncation to reduce the truncation loss and enhance layer-wise reconstruction
accuracy. Furthermore, it selectively compresses only the last few layers of the model, thereby
significantly mitigating error propagation. Extensive experiments across various LLM families
and benchmark datasets demonstrate that ERC-SVD consistently outperforms existing SVD-based
baselines under various settings.
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A. Appendix

Here, we provide further details that are not discussed in the main paper and include extra experi-
mental results. The appendix is structured as follows:

Al Pseudocode . . . . . . . 15
A2 Layer-wise Error Comparison . . .. ... ... ... ... . .. ... . .. 16
A3 Additional Results . . . . . . . . e 16
A3.1. Resultson Larger-scaleLLMs . .. ... .. ... ................. 17
A.3.2. Results on Multiple LLM Families. . . . . ... .................. 17
A.3.3. Additional Ablation Results . . . . ... ... ... . .. L .. 17
A.3.4. Impactof calibrationdata . . .. ... ... ... .. . oo o o 17
A4 Comparison with Smaller-Scale LLM . . . . ... .. ... ... ... ... ... .... 18
A5 Comparison with Pruning . . .. ... ... ... ... . .. . o o 18
A.6 Computation Complexity . . . . . ... .. ... ... . 18
A.7. Demonstration of Generated Contents . . . .. .. ... ... ...... ... ..... 19
A.8 ERC-SVDon Vision-LanguageModel . . . . ... ... ... .. .. ... ....... 19
A.8.1. Quantitative Results. . . . . . . . . . ... 19
A.8.2. Qualitative Results . . . . . . . . .. ... e 20
A9 Future Work . . . . . . e 21

A.1. Pseudocode

Algorithm 2 and Algorithm 3 present the pseudocode for residual compensation and partial-layer
compression, respectively. Algorithm 3 identifies the optimal number of last layers k to compress,
along with their corresponding layer compression ratio R;. Specifically, for a model with IV layers,
we iterate over candidate values of k" using a step size s and compute the associated R for each. For
each candidate configuration, we invoke Algorithm 2 to perform the compression, after which we
compute the final-layer error relative to the original model. The configuration yielding the lowest
final-layer error is selected as the optimal compression setting.

Algorithm 2 Pseudocode of Residual Compensation

Input: Original LLM: M, weight matrix: W,; € R™*", layer compression ratio: R;, residual compen-
sation rank: r,
Output: Compressed weight matrix set Setyy+(¢) of layer ¢

1: CD <« Randomly collect calibration samples from the dataset
2: Setg < WHITENING(M, CD), Setyy+ (i) < 0 > Initialize sets of weight matrices
Zr=0—-R)(m-n)/(m+n),ri=r—"1p > Calculate the intermediate rank
4: S; < Setg(i) > Extract scaling matrices of current weight matrices
5 Uy, Bir, Vzn, — W,,, 87" < SVD_Trunc(W;S;)S; ' > SVD truncation on weight matrices
6: R; < CaL_Res(W;, W, ,..) > Calculate residual matrices
7: Uwr/ i, VT «— R, ,, < SVD_Trunc(R;) > SVD truncation on residual matrices
8 U, e MUL(UZ s A 2ir ), vV, o MuL(/3 ., Z TT > Absorb singular values
9: Uz,n<_MUL<Uzn/\/ zn) Vz'; <_MUL(\/ BT z,L
10: UZ , COMB(UZ res Ui.r.), Vw — COMB(V”T, Vir) > Combine weight matrices
11: Setyy (i) < (Ui, Viy) U Setyy (i) > Append decomposed weight matrices
12: return Setyy- ()
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Algorithm 3 Pseudocode of Partial-layer Compression

Input: Original LLM: M, number of model layers: N, overall compression ratio: R,, step: s
Output: Number of layers to compress: k, layer compression ratio: R;

1: CD < Randomly collect calibration samples from the dataset
2: Setw +— M > Extract the set of weight matrices in M/
3: Sety < {K' | K =s,25,...,N — s} > Obtain candidate compressed layer numbers
4: Lowest_Err <+ 400
5. for each k' in Set;’ do
6: Ry« (N-R,)/K > Calculate corresponding layer compression ratio
7. if R} > 0 then
8: My prp < Deep_Cory(M)
9: forie [N -k +1,N]do
10: W, < Setw (4) > Initialize weight matrices to compress
11: Setyy (i) < Resipuar Compensation(M, W, R), r,)
12: Replace weights of layer i in Mrasp with Sety, (4)
13: end for
14: Err < CaL_ErrorR(M, Mypp,CD, Layer(N)) > Calculate the last layer output error
15: if Err < Lowest_Err then
16: Lowest_Err < Err > Search for the lowest layer-wise error
17: k <+ kK
18: Ry R;
19: end if
20:  end if
21: end for

22: return k, R;

A.2. Layer-wise Error Comparison

As discussed in Section 3.2, the same observation also holds here. We conduct experiments on
Mistral-7B [38] and Vicuna-7B [39], and the results are presented in Figure 4.

Mistral-7B Vicuna-7B
1.4 1.4
—&— Compress First 8 Layers Compress Last 20 layers —8— Compress First 8 Layers Compress Last 20 layers
12 Compress First 16 Layers Compress Last 18 layers 1.2 Compress First 16 Layers Compress Last 18 layers
. Compress All layers Compress Last 16 layers . Compress All layers Compress Last 16 layers
—¥— Compress Last 30 layers —e— Compress Last 14 layers —¥— Compress Last 30 layers —8— Compress Last 14 layers
5 1.0+ Compress Last 28 layers Compress Last 12 layers ‘5 1.04 Compress Last 28 layers Compress Last 12 layers
u‘s—: Compress Last 26 layers —4— Compress Last 10 layers LItJ Compress Last 26 layers —4— Compress Last 10 layers
w 0.8 Compress Last 24 layers —e— Compress Last 8 layers o 0.8 Compress Last 24 layers —e— Compress Last 8 layers
Koy Compress Last 22 layers v Compress Last 22 layers
2 2
L 0.6 L 0.6
] [
> >
© @©
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Figure 4: Layer-wise error comparison between the original model, Mistral-7B, and Vicuna-7B com-
pressed by ERC-SVD with different layer selection strategies on WikiText-2. The overall compression
ratio is 20%, and all layer selection strategies strictly adhere to the compression constraint.

A.3. Additional Results

In this section, we present additional results from four perspectives: Section A.3.1 reports zero-shot
accuracy on larger-scale LLMs, Section A.3.2 reports zero-shot accuracy across multiple LLM families,
Section A.3.3 presents ablation results under compression ratios 40%, 50%, and 60%, and Section A.3.4
demonstrates the impact of calibration data.
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Table 6: Zero-shot accuracy results across larger-scale LLMs under 20% compression ratio.

MobEL | MetHop | Openb.t ARC_et WinoG.t HellaSt ARC_ct PIQAT MathQAT Average?
LLaMA-13B ‘ SVD-LLM ‘ 0.27 0.62 0.66 0.46 0.33 0.72 0.26 0.47
‘ ERC-SVD ‘ 0.28 0.69 0.69 0.54 0.39 0.75 0.26 0.52
LLaMA-30B ‘ SVD-LLM ‘ 0.29 0.72 0.73 0.51 0.38 0.74 0.27 0.51
‘ ERC-SVD ‘ 0.30 0.73 0.73 0.59 0.43 0.78 0.29 0.55
LLaMA-2-13B ‘ SVD-LLM ‘ 0.27 0.63 0.66 0.44 0.31 0.71 0.26 0.47
‘ ERC-SVD ‘ 0.31 0.67 0.68 0.47 0.38 0.74 0.27 0.50
OPT-13B ‘ SVD-LLM ‘ 0.24 0.62 0.64 0.47 0.30 0.72 0.24 0.46
‘ ERC-SVD ‘ 0.24 0.63 0.65 0.45 0.30 0.73 0.24 0.46
opraop | SVDLIM | 029 0.67 0.65 0.51 033 075 0.25 0.49
‘ ERC-SVD ‘ 0.28 0.68 0.67 0.50 0.34 0.76 0.25 0.49

Table 7: Performance of Qwen-3-8B under 20% to 60% compression ratios (“Rario”).

Ramo | Memaop | WikiText-2|  PTB| C4) | Openb.t ARC_et WinoG.t HellaS54 ARC_ct PIQAT MathQAt Averagef
‘ Original ‘ 9.71 15.43 15.52 ‘ 0.31 0.83 0.68 0.57 0.56 0.77 0.49 0.60
20% SVD-LLM 37.52 40.73 47.25 0.20 0.50 0.55 0.35 0.24 0.64 0.22 0.39
° ERC-SVD 35.11 42.77 43.10 0.19 0.54 0.58 0.35 0.25 0.66 0.24 0.40
30% SVD-LLM 72.33 67.68 86.56 0.15 0.42 0.53 0.30 0.19 0.60 0.21 0.34
° ERC-SVD 66.89 71.48 82.28 0.16 0.41 0.53 0.30 0.20 0.61 0.22 0.35
40% SVD-LLM 143.28 122.55  162.99 0.12 0.34 0.51 0.28 0.16 0.58 0.22 0.32
° ERC-SVD 135.66 113.34  154.32 0.12 0.35 0.52 0.29 0.17 0.57 0.22 0.32
50% SVD-LLM 274.04 22630  308.11 0.12 0.30 0.50 0.27 0.18 0.55 0.20 0.30
° ERC-SVD 247.57 170.82  294.00 0.12 0.30 0.50 0.28 0.18 0.56 0.22 0.31
60% SVD-LLM 462.53 33839  528.22 0.11 0.27 0.48 0.26 0.18 0.54 0.20 0.29
° ERC-SVD 460.73 287.19  522.29 0.11 0.27 0.46 0.27 0.19 0.53 0.20 0.29

A.3.1. Results on Larger-scale LLMs

In Table 6, we present zero-shot accuracy results for LLaMA-13B [4], LLaMA-30B [4], LLaMA-2-
13B [36], OPT-13B [37], and OPT-30B [37]. Across these evaluation datasets, ERC-SVD consistently
outperforms SVD-LLM, with only one minor exception.

A.3.2. Results on Multiple LLM Families

We also evaluate the zero-shot accuracy of OPT-6.7B [37], Mistral-7B [38], and Vicuna-7B [39].
Results are shown in Table 9, and our method consistently outperforms SVD-LLM across these
diverse LLM architectures. In addition, we conduct experiments on Qwen-3-8B [6], with perplexity
and zero-shot accuracy results reported in Table 7.

A.3.3. Additional Ablation Results

The ablation results for LLaMA-2-7B [36] under 40%, 50%, and 60% compression ratios are presented
in Table 8. A similar trend can also be observed here: incorporating both REC and PLC leads to a
substantial reduction in perplexity across all settings.

A.3.4. Impact of calibration data

We study the impact of calibration data from two aspects: the number of calibration samples and the
choice of calibration datasets. Figure 6 shows the evaluation results under 30% compression ratio.
Performance improves slightly with more calibration samples, though the gains remain modest,
indicating that ERC-SVD is robust even with limited calibration data. Moreover, Table 11 reports
results for different calibration datasets. We also evaluate a mixed dataset, constructed by equally
combining the three datasets, to assess its effect on model performance.
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Table 8: Ablation results of residual compensation and partial-layer compression on LLaMA-2-7B [36]
under 40%, 50%, and 60% compression ratios.
Ratio | Mersop | REC PLC | C4] | Openb.t ARC_et WinoG.t HellaS54 ARC_ct PIQAT MathQAt Averaget

ASVD - - | NaN | 015 0.25 0.50 0.26 022 052 0.18 0.30
SVD-LIM | - - | 619 | 016 0.35 0.55 0.30 020 057 0.23 0.34
40% voooX | 5419 | 017 0.37 0.54 0.32 021 057 0.23 0.34
ERC-SVD | X v | 4513 | 018 0.40 0.55 0.33 024 06l 0.21 0.36
/v | 319 | 020 0.43 057 0.35 024 063 0.23 0.38
ASVD - - | NaN | 013 0.26 0.50 025 023 050 0.20 0.30
SVD-LIM | - - | 12971 014 0.30 0.50 0.28 020 054 0.23 031
50% /X | 12661 | 014 030 053 029 021 05 024 032
ERCSVD | X v | 11779 | 013 0.33 0.54 0.29 022 058 0.22 0.33
/v | 10034 | 014 0.35 0.55 031 022 059 0.22 0.34
ASVD - - | NaN | 015 0.25 0.50 025 023 052 0.12 0.29
SVD-LLM | - - | 26302 | 014 0.26 0.50 0.27 020 053 0.21 0.30
60% /X | 25638 | 013 0.26 0.49 0.27 020 053 0.23 0.30
ERC-SVD | X v/ | 26001 | 0.14 0.29 0.50 0.26 018 053 0.21 0.30
v v | 270 | 013 0.29 0.52 0.28 021 055 0.22 0.31
Table 9: Zero-shot accuracy (1) for seven common sense rea-  Table 10: Results on Wikitext-2 un-
soning datasets on OPT-6.7B, Mistral-7B, and Vicuna-7Bun-  der different compression ratios
der 30% compression ratio. (“Rati0”) of LLaMA-2-7B.
Ratio LLM-Pruner ERC-SVD
Mobgt. | Meriop | Openb.t  ARC_et WinoG.t HellaS.t ARC_ct PIQAT MathQAt Averaget
OPT.678 _ SVD-LIM | 027 040 0.49 033 0.22 0.50 0.20 0.34 20% 8.09 7.63
ERC-SVD |  0.22 0.56 0.61 0.40 0.25 0.69 0.24 0.42 30(7%) 1259 1032
Mistral-7B SVD-LLM | 013 044 0.53 0.30 0.20 0.62 0.20 0.34 400/0 20 36 14 17
ERC-SVD | 0.14 0.46 0.58 0.33 0.22 0.63 0.24 0.37 o, : :
Vicunasp _SVDLIM | 0.22 0.50 0.56 0.35 0.26 0.63 0.21 0.39 50 0/ ° 40.97 24.26
ERC-SVD | 0.23 0.51 0.60 0.39 0.30 0.67 0.22 0.42 60 /O 11423 5888

A.4. Comparison with Smaller-Scale LLM

To further assess the effectiveness of ERC-SVD under relatively high compression ratios, we conduct a
comparative evaluation of 50% and 60% compressed LLaMA-2-7B against Gemma-2-2B [50]. Table 13
presents the performance comparison between the compressed LLaMA-2-7B models and Gemma-
2-2B. Under 50% compression ratio (approximately 3.5B parameters), LLaMA-2-7B consistently
outperforms Gemma-2-2B across most benchmarks. Even under a more aggressive 60% compres-
sion ratio (around 2.8B parameters), the compressed model maintains competitive performance,
remaining comparable to Gemma-2-2B.

A.5. Comparison with Pruning

Table 10 shows the performance of LLaMA-2-7B compressed by LLM-Pruner [16] and ERC-SVD
under different compression ratios on the WikiText-2 dataset. It can be observed that ERC-SVD
consistently outperforms the pruning method, achieving a perplexity of 58.88 under 60% compression
ratio, compared to 114.23 for LLM-Pruner.

A.6. Computation Complexity

ERC-SVD decomposes the original weight matrix W € R™*™ into two low-rank matrices: U, € R"*"
and V, € R"*". The layer compression ratio R; is computed as R; = 1 — (mEtm)r  Under a fixed

mn
overall compression ratio R,, the relationship between R; and R, is given by R; = N 5" , Where N is

the total number of layers and k denotes the number of last layers to be compressed.

Given an input activation X € R™*™, the original output is computed as Y = WX. In the

compressed model layer, an intermediate state is first computed as I = V. X, followed by Y = U, I.
The computational complexity of the original model is N - O(m?n). For the compressed model, the
first (N — k) layers remain uncompressed and retain a complexity of (N — k) - O(m?n), while the
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Table 11: Perplexity () and zero-shot av- Table 12: Perplexity (J) of LLaMA-2-7B compressed
erage accuracy (1) of LLaMA-2-7B 20% by ERC-SVD and SVD-LLM, followed by quantization
compressed by ERC-SVD with different with GPTQ-8bit [12]. Blue arrows within parentheses

calibration datasets. highlight the relative improvement.
Carr. Data | WikiText-2| PTB| C4] | Avg.t
R M ikiText-2 PTB 4
WikiText-2 7.63 4537 1473 | 048 Ao Memoo  Quantization | WikiText-2 v cH
PTB 9.71 2943 13.29 0.46 - Original GPTQ-8bit ‘ 547 26.79 7.28
C4 9.44 37.67 11.49 0.47 30% SVD-LLM GPTQ-8bit 10.67 336.30 34.93
Mix 10.13 36.53 13.13 0.45 ° ERC-SVD GPTQ-8bit 10.34 (13%)  79.05 (176%)  25.02 (128%)
10.7
4000 ERC-SVD Original Model LLaMA-2-78 3 0430 ~o— LLaMA-2-7B
& 3000 § 106 g 0.428
3 D ros 2
é 2000 é E 0.426
fé oo g 10.4 é 0.424
103 N 0.422
° 64 128 256 512 64 128 256 512 64 128 256 512
Batch Size Number of calibration samples Number of calibration samples

Figure 5: Throughput of LLaMA-7B Figure 6: Impact of the number of calibration data samples on
and its 40% compressed versions. The LLaMA-2-7B under 30% compression ratio. (Left) Perplexity
sequence length is 32. (J). (Right) Average accuracy (7).

compressed k layers incur a cost of k - O(m?r + rnm). Thus, the total complexity becomes:

(N — k) - O(m*n) + k- O(m*r + rnm). (15)
And the rank r is given by:
~mn(1-R;)  mn(k—-NR,)
T Tmn k(m+n) (16)

Substituting the expression for r into Equation 15, we obtain the simplified total complexity:

|N(1L-R,)-O(m*n)| (17)

Compared to the original computation complexity N - O(m?n). This indicates that the total compu-
tation cost is reduced proportionally to the overall compression ratio. For example, if R, = 40%, the
compressed model requires only 60% of the original computational cost.

A.7. Demonstration of Generated Contents

Table 15 shows the generation contents of models compressed by ERC-SVD compared to the original
model under zero-shot conditions. The results indicate that across various input questions, com-
pressed models consistently produce fluent, coherent, and highly relevant responses. Even at 40%
compression ratio, the compressed model can also deliver accurate and relevant answers to common
sense questions. These results highlight the effectiveness of ERC-SVD.

A.8. ERC-SVD on Vision-Language Model

In this section, we apply ERC-SVD to the language part of vision-language models (VLMs) such as
LLaVA [49], and evaluate both quantitative and qualitative performance.

A.8.1. Quantitative Results

We compare the performance of LLaVA-1.5-7B [49] compressed using SVD-LLM [27] and ERC-SVD
under 20% compression ratio. We report results on several benchmarks: POPE [51], TextVQA [52],
and ScienceQA [53]. The results, shown in Table 14, indicate that ERC-SVD consistently outperforms
SVD-LLM across all benchmarks. Notably, it achieves substantial relative improvements, 66% on
TextVQA and 40% on ScienceQA. Moreover, on the POPE-random and POPE-popular subsets, the
model compressed by ERC-SVD even surpasses the original LLaVA-1.5-7B.
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Table 13: Performance comparison of Gemma-2-2B and LLaMA-2-7B compressed by ERC-SVD under
50% and 60% compression ratios (“Ratio”).
MobeL \ Rario  #Params \ WikiText-2|  PTBJ Cc4l \ Openb.t ARC_et WinoG.t HellaSt ARC_ct PIQAT MathQAtT Averagel

Gemma-2-2B | - 3B | 67.78 37460 7078 | 0.13 0.39 0.51 0.31 0.19 0.60 0.23 0.33
LLaMA-2-7B | 50% 35B | 24.26 28624 10034 | 0.14 0.35 0.55 0.31 0.22 0.59 0.22 0.34
| 60% 28B | 68.59 99148 25570 |  0.13 0.29 0.52 0.28 0.21 0.55 0.22 0.31

Table 14: Performance (measured by accuracy (1)) of original LLaVA-1.5-7B, and its 20% compressed
versions by SVD-LLM and ERC-SVD on VLM benchmarks. The best results are marked in bold.
COMPRESSION RaTIO Mersop | POPE-random{ POPE-popular?  POPE-adversialt TextVQAT ScienceQAT

- Original | 88.2 87.3 85.1 58.17 70.15
200 SVD-LLM 82.5 832 77.8 30.68 49,54
° ERC-SVD |  90.2 (19%) 87.7 (15%) 83.1 (17%) 50.86 (166%)  69.54 (140%)

A.8.2. Qualitative Results

As shown in Figure 7, LLaVA-1.5-7B compressed with ERC-SVD under 20% compression ratio is still
able to produce image captions that are faithful to the visual content. This indicates that the model
retains its ability to interpret and describe images accurately, despite parameter reduction.

The image features a man pushing a cart filled with
§ children, with four children sitting in the cart. He is
&4 walking down a street, with cars nearby. One car
y can be seen on the right side, and another car is
further away on the right. Another car is located
further behind the man, near the left edge of the
image. The man appears to be taking care of his
i children by pushing the cart through the street.

The image features a sailboat sailing through a
body of water, possibly a lake. A person is sitting in
the boat, steering it with the sail. The boat's sails
are white, indicating it's a sailboat. The boat's
presence in the water suggests that it's enjoying a
calm day, with no storms or rough waters. In
addition to the boat, there are several small boats
floating in the water.

The image features a beautiful beach with sand
and trees surrounding it. A tree stands near the
beach and appears to be growing near the water.
The tree's branches extend out over the beach,
adding to the scene's scenic charm. A pathway
leads to the beach, providing access to the sandy
shore. There are also some frees along the beach,
adding more visual interest to the scene.

In this image, there is a wine bottle sitting on a
table next to a number of wine glasses. The wine
bottle appears to be red, while the glasses are
white in color. The glasses are arranged around
the bottle, with some positioned closer to the bottle
and others further away. These glasses seem to be
ready for wine to be poured into them, creating a
scene for wine consumption.

Figure 7: Image captioning results of LLaVA-1.5-7B compressed by ERC-SVD under 20% compression
ratio. Captions that accurately describe the image content are highlighted in orange.

Figure 8 presents the visual question answering results of LLaVA-1.5-7B compressed by ERC-SVD.
The model retains strong performance across these question types, indicating that its multi-modal
reasoning capability remains intact despite the compression.

Q: What should I do if | meet the shark in the ocean?

A: When encountering a shark in the ocean, swimming away
from it and avoiding close contact is crucial. Sharks are known
to be aggressive predators, and their presence can pose a
threat to humans. Swimming away from the shark while
maintaining distance and swimming at a faster speed can help
avoid being targeted. Additionally, ... wearing a safety cage or
wearing a protective suit can be helpful. Finally ...

Q: What are the things should be cautious while visiting?

A: When visiting the lighthouse located on a rocky beach, one
should be cautious about the rocky terrain and the rough sea
conditions. The rocky beach might be unstable and difficult to
navigate, while the rough sea may pose risks to swimming or
boating. Additionally, the lighthouse's location atop the rocks
i may pose potential hazards if the lighthouse's structure is
fragile or weak. To avoid potential accidents ...

Q: What is interesting about this image?

A: The image is interesting because it features two teddy
bears dressed in old clothes and painted to look like men
each wearing paint brushes. The teddy bears are placed next
to a paint can, which suggests that they might be part of a
- |~ painting project. This unusual scene creates a unique
Ff‘ combination of objects that deviates from the typical depiction

,ﬁ of teddy bears and paint brushes, adding a sense of creativity.

Q: What do you think I can do in this area?

§ A: In this area, you can watch TV, listen to music, and
possibly listen to the radio. The TV is located on a wooden
| shelf, which also houses other items such as books, and there
is a potted plant next to it. A small wooden table nearby offers
a place to place other items. Additionally, there is a light in the
area that illuminates the room, making it suitable for sitting
and watching TV or listening to music. The presence ...

Figure 8: Visual question answering outputs generated by LLaVA-1.5-7B compressed using ERC-SVD
under 20% compression ratio. Questions (Q) and model answers (A) are provided, correct answers
are highlighted in orange to emphasize answer quality retention.
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A.9. Future Work

While this work focuses on general LLM compression, the low-rank structures identified via SVD
hold significant potential for reasoning LLMs [6, 54, 55]. Beyond autoregressive language tasks, the
principles of SVD-based compression are readily transferable to diffusion frameworks [56-58]. In
related tasks, the Transformer-based denoisers often exhibit extreme parameter redundancy. By
leveraging ERC-SVD to decompose attention layers, maybe we can accelerate the iterative sampling
process, making real-time deployment of generative models on edge devices more feasible without
sacrificing structural fidelity. Furthermore, the intersection of model compression and hallucination
mitigation [59, 60] presents an intriguing research frontier. We hypothesize that low-rank approxi-
mations could potentially filter out the noise that contributes to factually incorrect generations, a
direction we intend to explore in future work.
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Table 15: Generated contents of LLaMA-7B [4] compressed by ERC-SVD.

QUESTION

Comr.
Ratio

ANSWER

What is the responsibility of the Al
assistant?

The Al assistant is responsible for understanding the con-
text and taking appropriate action. The Al assistant is
responsible for understanding the intent, context, environ-
ment and taking appropriate actions. The Al assistant is
responsible for interpreting.

20%

The Al assistant should be responsible for providing an
answer to questions. This means that when asked a ques-
tion, you should do your best to answer it and not give any
information other than what is requested. You should also
consider the tone and intent.

30%

The AI Assistant’s job is to provide assistance to those who
wish for assistance in their lives. It has no duty or obligation
to assist those who do not desire assistance, nor does it have
any duty to prevent.

40%

The Al assistant does not have a specific role. The Al as-
sistant will provide instructions to follow a path, and will
give directions as an instruction to follow the path.

What is the universe? Explain this
concept.

The Universe is everything that exists. It includes all space,
time, matter and energy. It also includes everything which
has happened or will happen. The universe began about
13.7 billion years ago (the Big Bang) and will.

20%

The universe is the whole of space and time. It consists
of all things in space and all things that happen, or have
happened. There are many theories on how it began; there
were theories that it had no beginning at all.

30%

The universe consists of everything in it, including matter
and objects, space, the cosmos or outer space, and the
galaxy system, as well as other galaxies that make up the
Universe. The universe has its own life cycle.

40%

In the universe, life is very diverse and complex. The uni-
verse is made up of many different objects. These objects
are divided into groups. Each group consists of different
objects that have specific properties. This group contains
the universe, which is large.

Why do cars need fuel to run?

Fuel is the lifeblood of a car. Without it, there’s nothing
to power the pistons and no way to drive. A car needs a
constant supply of fuel.

20%

The fuel in the tank is burned to produce heat, which pro-
duces steam that drives a turbine, which turns a crankshaft.
The crankshaft turns the wheels of the car, propelling it
forward.

30%

The fuel is the fuel in a car and it burns and goes up and up.
It’s important because it burns the gasoline, which makes
it go faster. It’s important because you can get energy out.

40%

The fuel gives energy for the cars. The gasoline is used by a
motor, which produces heat and air, heating up the engine.
This allows the engines to travel faster, allowing them to
reach higher speed.

Why do people feel hungry after

exercise?

The answer is because the body burns more calories when
you are exercising. You may not realize that the body uses
up energy to digest food and absorb nutrients from it.

20%

Because the body is more efficient at converting food into
energy when inactive, so when active it needs to convert
food into energy faster. This is why people often get hungry
after exercise.

30%

The reason people feel hungry after an activity is because
they burn energy and energy is metabolised in the body.

40%

The reason the body is hungry after a long athletic activity
was discovered by scientists in 1976.
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