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Abstract

Singular Value Decomposition (SVD) is a
promising post-training compression technique
for large language models (LLMs), as it is
training-free, hardware-friendly, and preserves
regular dense computation. However, exist-
ing SVD-based methods suffer from severe
accuracy degradation under aggressive com-
pression. This is mainly because hard rank
truncation discards useful singular directions,
while the two resulting SVD factors are usu-
ally compressed symmetrically despite their
different roles, shapes, and quantization sen-
sitivities. In this paper, we propose DELTA,
an asymmetric low-rank compression method
that decouples the latent heterogeneity between
the two SVD factors. Under a fixed mem-
ory budget, the proposed method jointly de-
termines the retained rank, factor-wise quanti-
zation bit-widths, and quantization directions,
allowing more effective singular directions to
be preserved with low-bit representations. To
efficiently select compression configurations,
we use an activation-aware reconstruction er-
ror as a layer-wise proxy objective. Experi-
ments on multiple LLMs and datasets show
that DELTA consistently outperforms existing
post-training SVD-based compression meth-
ods, especially under high compression ratios.
Compared with the strongest SVD-based base-
line at the same compression ratio, DELTA
reduces perplexity on WikiText-2 and C4 by
up to 68.2% and 53.2%, respectively, and im-
proves average zero-shot accuracy by up to 11
percentage points. These results demonstrate
that asymmetric factor-aware compression can
effectively mitigate the accuracy degradation
of SVD-based LLM compression at high com-
pression ratios. Code is available at https:
//github.com/BlacksheepJane/DELTA.

1 Introduction

The rapid growth of large language models (LLMs)
has substantially increased deployment and in-
ference costs (Zhao et al., 2026; Touvron et al.,
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2023a,b). Due to massive parameter sizes and
expensive matrix operations, deploying LLMs on
resource-constrained or latency-sensitive platforms
remains challenging (Liu et al., 2021). As a result,
hardware-friendly post-training compression has
become increasingly important.

Among existing compression techniques (Cheng
et al., 2018; Choudhary et al., 2020; Zhu et al.,
2024; Liu et al., 2025), quantization (Frantar et al.,
2022; Xiao et al., 2023; Lin et al., 2024; Dettmers
et al., 2023; Miiller et al., 2025; Liu et al., 2024),
pruning (Frantar and Alistarh, 2023; Ma et al.,
2023; Ashkboos et al., 2024), and knowledge dis-
tillation (Gu et al., 2024; Ko et al., 2024) have
been widely studied, but they often rely on spe-
cialized hardware support or additional training.
In contrast, low-rank decomposition preserves
dense computation while reducing storage require-
ments and computational costs. Singular Value De-
composition (SVD), as a representative low-rank
method, is training-free, hardware-friendly, and
flexible (Golub et al., 1987). However, directly
applying SVD to LLMs usually causes significant
accuracy degradation under aggressive compres-
sion.

Recent SVD-based LLM compression methods,
including FWSVD (Hsu et al., 2022), ASVD (Yuan
et al., 2023), SVD-LLM (Wang et al., 2025c¢),
Dobi-SVD (Wang et al., 2025a), and SVD-LLM
V2 (Wang et al., 2025b), mainly focus on improv-
ing rank truncation criteria or allocating compres-
sion ratios across layers. Although these methods
reduce SVD-induced errors to some extent, they
still suffer from severe performance loss at high
compression ratios. We argue that this limitation
stems from two overlooked issues. First, aggres-
sive truncation weakens the low-rank assumption
of SVD by discarding important singular directions.
Second, the two SVD factors exhibit latent hetero-
geneity in functional roles, matrix structures, and
directional properties, yet existing methods usually
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process them in a symmetric manner.

In this paper, we propose DELTA, an SVD-
based post-training compression method for LLMs.
DELTA integrates low-rank decomposition with
low-bit quantization, allowing more effective sin-
gular directions to be retained under the same mem-
ory budget. It further applies asymmetric mixed-
precision quantization to the two SVD factors to ac-
count for differences in their quantization sensitivi-
ties, and assigns factor-specific quantization direc-
tions to capture their directional heterogeneity. By
explicitly decoupling the latent heterogeneity be-
tween the two SVD factors, DELTA enables asym-
metric low-rank compression and significantly miti-
gates the accuracy degradation of SVD-based meth-
ods under high compression ratios.

We evaluate DELTA on five LLMs, two in-
domain language modeling datasets, and six zero-
shot task datasets. The experimental results show
that:

* DELTA consistently outperforms state-of-the-
art SVD-based compression methods, with
larger gains under higher compression ratios.

* DELTA surpasses structured pruning and stan-
dalone quantization baselines, showing the ad-
vantage of asymmetric low-rank compression
under aggressive compression.

* DELTA is hardware-friendly: it requires no
post-training, preserves regular dense com-
putation, and achieves efficient compression
without specialized hardware support.

2 Background

2.1 SVD-based Low-Rank Decomposition

Singular Value Decomposition (SVD) is a classical
low-rank decomposition technique (Golub et al.,
1987). Given a weight matrix W € R™*™ SVD
decomposes it as

w=uxvT, (1)

where U and V denote the left and right singular
vector matrices, respectively, and X is a diagonal
matrix containing the singular values.

When applying SVD to compress linear layers
in LLMs, the singular value matrix X is usually
distributed to both sides of the decomposition for
efficient forward inference. In this way, the original

three-matrix factorization can be rewritten as the
product of two low-rank matrices:

W~ U%, VT
= (u=i?) (s )
= W, W,.

Here, W, projects the input representation into
a low-dimensional latent space, while W,, recon-
structs the low-dimensional representation back
to the output space. Some existing SVD-based
methods further modify W,, or W,, using activa-
tion information or error compensation, but their
basic computational structure and functional roles
remain unchanged.

This formulation preserves dense matrix multi-
plication and usually requires no additional train-
ing, making SVD a promising hardware-friendly
post-training compression method for LL.Ms.

2.2 SVD-based LLM Compression Methods

Although SVD is hardware-friendly and training-
free, directly applying conventional SVD to LLM
weight matrices often causes severe degradation
because layer outputs depend on both the singu-
lar spectrum and input activations. Existing SVD-
based methods therefore aim to reduce output re-
construction error after low-rank approximation.

Prior methods mostly improve SVD from two
perspectives. The first line focuses on better trun-
cation criteria: FWSVD (Hsu et al., 2022) uses
Fisher information to estimate weight importance,
ASVD (Yuan et al., 2023) rescales weights with ac-
tivation statistics, SVD-LLM (Wang et al., 2025c¢)
introduces activation whitening, and SVD-LLM
V2 and Dobi-SVD further refine the truncation
objective using more stable or activation-centric
formulations. Despite different derivations, these
methods essentially search for better rank trunca-
tion under a given compression constraint. The sec-
ond line studies adaptive rank or compression-ratio
allocation, as exemplified by SVD-LLM V2 and
Dobi-SVD, but such layer-wise allocation mainly
provides local refinement and remains insufficient
under high compression ratios.

Some methods further introduce post-processing
strategies, such as LoRA-based recovery in SVD-
LLM (Hu et al., 2022) or quantization-aware
remapping in Dobi-SVD. However, these tech-
niques are usually applied after SVD truncation,
rather than being deeply integrated with the struc-
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ture of the decomposed factors. In particular, exist-
ing methods largely overlook the latent heterogene-
ity between the two SVD factors, which differ in
functional role, matrix shape, numerical distribu-
tion, and quantization sensitivity.

3 Motivation

Observation 1: The Low-Rank Assumption
Breaks Down under High Compression Ratios

SVD compression relies on the low-rank assump-
tion that most information in a weight matrix is
concentrated in a few dominant singular directions.
While this assumption is reasonable under mild
compression, high compression ratios require trun-
cating many more directions, some of which may
still be important to model outputs, leading to se-
vere degradation.

From a storage perspective, conventional SVD
truncation can be viewed as an extreme “0-bit +
16-bit” strategy: retained directions are stored in
high precision, while discarded directions receive
0 bits. Under aggressive compression, this hard
truncation removes useful components and weak-
ens the low-rank approximation, resulting in severe
model degradation.

Therefore, simply increasing the truncation rate
is suboptimal. DELTA introduces quantization bit-
width as an additional compression degree of free-
dom, providing low-bit representations between
0 and 16 bits. By combining moderate truncation
with low-bit representation, DELTA preserves more
singular directions under the same memory budget
and achieves a better trade-off between compres-
sion and information preservation.

Observation 2: The Two Low-Rank Factors Ex-
hibit Functional and Shape Heterogeneity.

In the SVD-based low-rank representation, W,
and W, are not fully symmetric factors. During
the forward pass of a compressed linear layer, the
input representation is first projected into a low-
dimensional latent space by W,,, and then mapped
back to the output space by W,,. Therefore, the
two factors play different roles and are located at
different positions in the computation chain, which
may cause the two factors to affect the final output
error differently.

Meanwhile, W,, and W,, can also differ in matrix
shape. When the input and output dimensions are
not equal, the two factors naturally have different
parameter scales and storage costs. In general, the
average dimensionality of W, in LLMs is larger

than that of W,, which means that applying the
same rank truncation to both factors can result in a
larger truncation loss on W,.

Existing methods usually apply symmetric com-
pression strategies to the two SVD factors, implic-
itly ignoring their functional and shape heterogene-
ity. To address this issue, we introduce dynamic bit-
width allocation for W,, and W, enabling asym-
metric mixed-precision quantization. Under the
same overall compression ratio, this design allows
the compression loss to be allocated more appropri-
ately between the two factors, thereby improving
the performance of the compressed model.

Observation 3: The Two Low-Rank Factors Ex-
hibit Directional Heterogeneity.

Beyond bit-width allocation, quantization direc-
tion also affects the accuracy of SVD-compressed
models. From the SVD perspective, the columns
of W, and the rows of W, correspond to left and
right singular directions, respectively, suggesting
that W,, and W,, may prefer different quantization
directions. However, in LLM linear layers, W,, and
W, also inherit input-output channel semantics: the
rows of W,, correspond to output channels, while
the columns of W, correspond to input channels.
This channel perspective may imply a preference
for a quantization direction different from that sug-
gested by the singular-vector perspective.

Moreover, activation-calibrated SVD methods
often modify W, and W, using activation statistics,
making their numerical scales, outlier patterns, and
directional distributions layer-dependent. There-
fore, the optimal quantization direction cannot be
reliably determined by a fixed rule. Applying the
same direction to both factors ignores their direc-
tional heterogeneity and is likely suboptimal. We
thus search over the candidate quantization direc-
tions for each factor independently, allowing the
selected direction to adapt to its numerical and
structural characteristics.

4 Method

4.1 Overview

As illustrated in Figure 1, the overall workflow of
DELTA is as follows. First, we apply activation-
calibrated SVD to the original weight matrix W
and obtain the full-rank left and right factors W,,
and W,. Then, instead of compressing the two
factors with a uniform rank or a uniform bit-width,
DELTA searches for an asymmetric compression
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Figure 1: Overview of the DELTA workflow.

configuration for each weight matrix:

c= (bU7b’lI7duvd’l))7 (3)

where b,, and b, denote the quantization bit-widths
of W,, and W,,, respectively, and d,, and d,, denote
their quantization directions.

For each candidate configuration, DELTA com-
putes the corresponding retained rank according to
the target memory ratio, and then applies direction-
aware quantization to the truncated W,, and W,,.
Finally, DELTA selects the optimal configuration
using the layer-wise output reconstruction error,
and obtains the final compressed low-rank factors
and weight approximation:

We =W, W,. “4)

In the following, we describe the two major com-
pression strategies of DELTA.

4.2 Compression Strategy

The compression strategy of DELTA consists of
two parts: asymmetric mixed-precision low-rank
quantization and direction-aware quantization.

4.2.1 Asymmetric Mixed-Precision Low-Rank
Quantization

For a weight matrix W € R™*" let by denote the
original storage bit-width and p denote the target
memory ratio. If the two SVD factors W, and W,,
are quantized using the same bit-width b, and the
average per-element storage overhead introduced
by auxiliary quantization parameters is denoted as
a, then the compressed storage cost can be approx-
imated as

Suni (b, 7“)

=r(m+n)(b+ a). (5)

To satisfy the target compression constraint, we
have

Suni(b, ) < pbgmn. 6)

Therefore, the retained rank corresponding to
this bit-width is

(N

rani(B) = { pbomn J

(m+n)(b+ )

This formula shows that, under the same target
memory ratio, reducing the quantization bit-width
can increase the retained rank, thereby preserving
more singular directions.

DELTA applies asymmetric mixed-precision
quantization to the two factors. Under the same
overall compression ratio, this design provides a
more flexible trade-off among rank preservation,
quantization error, and storage cost.

Specifically, when the quantization bit-widths
of W, and W,, are b, and b,, respectively, and
the corresponding per-element auxiliary storage
overheads are «,, and «,, the retained rank can be
written as

)= {m(bu

4.2.2 Direction-Aware Quantization

pbomn
+ ay) +n(by, + av)J - ®)

Quantization directions differ in how scales and
zero points are shared, leading to different sensitiv-
ities to outliers and channel-wise scale variations.
DELTA therefore assigns a quantization direction
to each factor independently.

For a low-rank factor A, we define direction-
aware quantization as

A= Qpa(A), )
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where b denotes the quantization bit-width and d
denotes the quantization direction.

In this paper, we consider three candidate quan-
tization directions:

d € D = {row, column, dual}. (10)

For row-wise quantization, elements within each
row or row-wise group share the same scale and
zero point. For column-wise quantization, elements
in the same column or column-wise group share
the same quantization parameters. Dual-direction
quantization jointly considers both row-wise and
column-wise quantization.

Accordingly, DELTA searches the quantization
directions of W,, and W,, independently:

dy,dy € D. (11)

In this way, DELTA allows the two low-rank fac-
tors to use different quantization directions, so that
the quantization process can better adapt to their
numerical distributions and directional characteris-
tics.

4.3 Activation-aware Configuration Search

DELTA searches both the quantization bit-widths
and quantization directions for the two SVD factors.
For each weight matrix, a candidate compression
configuration is defined as

Cc= (bU7b’U7duvd’U)7 (12)

where b,, b, € B denote the bit-widths of W,, and
Wy, and d,, d,, € D denote their quantization di-
rections. The candidate space for a single matrix
is

C| = |BI*ID|*. (13)

Since the search space for a full-model joint search
grows exponentially with the number of com-
pressed matrices, DELTA performs a layer-wise
local search using activation-aware output recon-
struction error.

For a linear layer with weight matrix W and
calibration input activations X, a candidate config-
uration ¢ produces a compressed weight

W, = W, W,. (14)
DELTA evaluates the candidate by measuring the
output discrepancy between the original and com-
pressed linear layers:

£(c) = HXWT ~XWT (15)

2
F

Compared with weight reconstruction error, this
objective better reflects the actual forward error
induced by compression.

Directly computing this error for every candidate
can be expensive because the calibration activation
X contains many tokens. To reduce the evaluation
cost, we compress the activation statistics using
Cholesky decomposition. Let

AW, =W — W,, H=XTX. (6)
We compute the Cholesky factorization
H=LL". (17)

Then the output reconstruction error can be rewrit-
ten as

E(c) = | xawT|2,
=Tr (AW XTXAWT)
=Tr (AW.LLTAW[)
= |AW.L][3.

(18)

Thus, DELTA only needs the Cholesky factor L to
efficiently evaluate different candidate configura-
tions:

£(c) = H(W— WC)LH; (19)

Finally, for each weight matrix, DELTA selects
the configuration with the minimum activation-
aware reconstruction error:

¢ = argmin&(c).
gcelC ()

(20)

The selected configuration determines the retained
rank, U/V bit-widths, and quantization directions,
which are then used to generate the final com-
pressed low-rank factors.

S Experiments

We evaluate DELTA along five dimensions: com-
pression performance, cross-model generalization,
comparison with other compression paradigms, de-
ployment efficiency, and ablation analysis.

5.1 Experimental Setup

Baselines. We mainly compare DELTA with ex-
isting SVD-based LLM compression methods, in-
cluding ASVD, SVD-LLM, and Dobi-SVD.

Models and Datasets. To demonstrate the gener-
ality of our method, we evaluate DELTA on five
models with different backbones and scales, in-
cluding LLaMA-7B, LLaMA-13B, LLaMA-30B,

52050



. PPL (}) Accuracy (1)

Ratio | Method Wikiz Ca Openb. ARC-c WinoG. HellaS. PIQA MathQa | Y& (D Drop (1)

0.0 | Original 568 734 034 075 070 057 079 027 057 0.0%
ASVD .14 15.93 029 033 064 041 068 017 045 205%

o, | SYDLLMi 7.73 12.23 033 067 069 055 079 026 0.55 3.8%

2| Dobi-SVD 6.08 7.83 032 072 071 054 077 027 0.55 2.6%
DELTA 5.69(164%)  736(160%) | 034 075 069 056 078 027 | 056+001) 0.8% (11.6%)
ASVD 1407 1109 008 011 009 008 013 008 0.10 833%

ou | SYDLLMI 9.27 15.63 029 059 068 052 069 020 0.50 13.2%

“4 | Dobi-SVD 8.12 12.63 032 072 064 045 072 025 0.52 8.7%
DELTA 5.82(1283%) 7.55(1402%) | 033 074 070 056 078 026 | 0.56(+0.04) 0.5% (18.2%)
ASVD 57057 33036 005 004 006 009 008 005 0.06 89.2%

06 | SYDLLMI 15.00 2626 018 042 044 031 035 012 0.30 46.8%

% | Dobi-SVD 9.95 17.94 027 058 058 038 065 023 0.44 213%
DELTA 6.14(1383%) 840(1532%) | 030 073 068 054 078 025 | 0.54(+0.10) 2.6% (L18.7%)
ASVD 80425 67927 004 003 0035 002 00l 001 0.03 9%47%

0 | SYDLLMI 3179 4371 011 023 021 014 017 008 0.16 71.9%

8| Dobi-SVD 9374 484.79 014 028 050 027 053 020 0.32 43.8%
DELTA | 1010 (|632%) 2694 (1384%)| 023 056  0.60 036 065 022 | 043(0.11) 20.1% (}23.7%)

Table 1: Performance comparison of compressed LLaMA-7B models on language modeling and zero-shot down-
stream tasks. The best result in each column is shown in bold. Ratio denotes the parameter reduction ratio, and
Drop denotes the relative decrease in average accuracy compared with the original model. Most baseline results are
taken from the SVD-LLM and Dobi-SVD papers, whereas the Dobi-SVD result at a compression ratio of 0.8 is
obtained using its official implementation. T indicates the use of LoRA fine-tuning.

LLaMA-2-7B (Touvron et al., 2023a,b), and
OPT-6.7B (Zhang et al., 2022). We use eight
datasets in total, including two language mod-
eling datasets, WikiText-2 (Merity et al., 2017)
and C4 (Raffel et al., 2020), and six classifica-
tion datasets: OpenBookQA (Mihaylov et al.,
2018), WinoGrande (Sakaguchi et al., 2020),
HellaSwag (Zellers et al., 2019), ARC-e (Clark
et al.,, 2018), PIQA (Bisk et al.,, 2020), and
MathQA (Amini et al., 2019).

All artifacts are publicly available and used only
for research evaluation under their respective li-
censes and terms.

Implementation Details. We adopt the activa-
tion calibration method proposed by SVD-LLM
to correct W, so that the low-rank decomposition
can better adapt to the input activation distribu-
tion. To show that the advantage of DELTA does
not rely on sophisticated quantization algorithms,
we use the basic RTN method for row-wise and
column-wise quantization. For dual-direction quan-
tization, we adopt the iterative algorithm proposed
in SINQ (Miiller et al., 2025). For a fair compar-
ison, we follow the experimental setup of ASVD
and randomly select 256 samples from WikiText-2
as the calibration data. All experiments are con-
ducted on NVIDIA H20 GPUs.

Reported baseline results are normalized accord-
ing to their relative changes from the corresponding
original models to reduce discrepancies across eval-
uation settings.

5.2 Main Result

We first evaluate DELTA on LLaMA-7B under
compression ratios ranging from 20% to 80%, and
compare it with existing SVD-based LLM com-
pression methods. As shown in Table 1, DELTA
consistently outperforms current state-of-the-art
SVD-based methods across all evaluations, demon-
strating its effectiveness under high compression
ratios.

Under a relatively low compression ratio,
DELTA achieves performance comparable to that
of the original model. At a 20% compression ra-
tio, DELTA increases perplexity by less than 1%
on both WikiText-2 and C4, whereas the previous
best SVD-based method incurs an increase of about
7%. Notably, the degradation of the previous best
method at a 20% compression ratio is compara-
ble to that of DELTA at a 60% compression ra-
tio, indicating that DELTA maintains strong model
performance at substantially higher compression
levels.

As the compression ratio further increases, the
advantage of DELTA becomes more pronounced.
When the compression ratio reaches 40%, ASVD
suffers from severe performance collapse. At an
80% compression ratio, both SVD-LLM and Dobi-
SVD exhibit significant performance degradation,
while DELTA still retains useful model capabili-
ties. These results suggest that DELTA can effec-
tively preserve both language modeling ability and
zero-shot task performance even under aggressive
compression.
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Ratio Method PIQA HellaSwag WinoGrande ARC-e ARC-¢ Avg. (1) Drop (])
0.0  Original 0.78 0.57 0.69 0.76 0.43 0.65 0.0%
LLM-Pruner 0.70 0.41 0.53 0.53 0.27 0.48 26.2%
SliceGPT 0.65 0.57 0.60 0.43 0.32 0.51 21.5%
0.4  Bonsai 0.72 0.45 0.58 0.59 0.30 0.53 18.5%
Wanda-sp 0.70 0.42 0.53 0.57 0.29 0.50 23.1%
DELTA 0.77 0.56 0.67 0.75 0.43 0.63 2.1%
LLM-Pruner 0.67 0.35 0.52 0.48 0.22 0.45 30.8%
0.5 SliceGPT 0.58 0.46 0.55 0.37 0.28 0.45 30.8%
’ Bonsai 0.66 0.40 0.54 0.49 0.26 0.47 27.7%
Wanda-sp 0.63 0.32 0.53 0.43 0.20 0.42 35.4%
0.6 DELTA 0.76 0.55 0.66 0.72 0.39 0.61 5.2%

Table 2: Comparison with structured pruning methods on LLaMA-2-7B. Accuracy is reported on five zero-shot
downstream tasks. The best result in each column is shown in bold. Results for the pruning methods are taken from

their original papers.

A vs. CE Gap

Group Method U/V Bits Direction PPL | Orig. | Recovered 1

Original FP16 - 5.68 0.00 100.0%
Baseline Activation-calibrated SVD FP16 Row 13.73  +8.05 -

+ INT8 Quantization INTS8 Row 6.26  +0.58 -

+ INT4 Quantization INT4 Row 6.16  +0.48 0.0%

INT4 + Direction Search INT4 Search 6.01 +0.33 30.4%
DELTA Ablation Mixed Bit-width + Row Quant.  Mixed Row 5.89 +0.21 55.2%

DELTA Mixed Search 5.82 +0.14 70.0%

Table 3: Ablation study on LLaMA-7B under the target memory ratio of 0.6. A vs. Orig. denotes the PPL increase
over the original FP16 model. CE Gap Recovered measures the fraction of the INT4-to-FP16 cross-entropy gap
eliminated by each configuration: (log PPLinT4 — log PPLys)/(log PPLinT4 — log PPLEp16).

5.3 Generalization Across Models

To evaluate the generalizability of DELTA across
model architectures and scales, we conduct experi-
ments on LLaMA-13B, LLaMA-30B, LLaMA-2-
7B, and OPT-6.7B. As shown in Table 4, exper-
iments on LLaMA-13B and LLaMA-30B exam-
ine scalability within the LLaMA family, whereas
those on LLaMA-2-7B and OPT-6.7B assess the
applicability of DELTA across model generations
and architectures.

We compare DELTA at target memory ratios of
80% and 60% against existing SVD-based methods.
DELTA consistently achieves PPL values close to
those of the original models and outperforms the
existing SVD-based baselines. For example, un-
der the 80% target memory ratio, DELTA achieves
PPL values of 5.09 on LLaMA-13B and 10.98 on
OPT-6.7B. These results demonstrate that DELTA
generalizes well across model scales and architec-
tures.

5.4 Robustness to Calibration Sampling

Since DELTA uses calibration activations for con-
figuration search, we further evaluate its sensitivity
to calibration sampling. We repeat the LLaMA-7B
experiments using five independent random seeds
(1-5), while keeping the calibration size fixed at
256 samples. At compression ratios of 0.6 and 0.8,
DELTA achieves WikiText-2 PPLs of 6.1784+0.031
and 10.070 4= 0.028, respectively. The low variabil-
ity indicates that DELTA is robust to the choice of
calibration samples, even under aggressive com-
pression.

5.5 Comparison with Pruning and
Quantization Methods

In addition to SVD-based methods, we compare
DELTA with structured pruning (Ma et al., 2023;
Ashkboos et al., 2024; Kolawole et al., 2024; Sun
et al., 2024) and weight-only quantization. As
shown in Table 2, DELTA achieves an average
accuracy of 0.63 at a compression ratio of 0.4,
with only a 2.1% drop from the original model,
substantially outperforming all structured pruning
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Method LLaMA-13B LLaMA-30B LLaMA-2-7B OPT-6.7B
Original 5.09 4.10 5.47 10.87
ASVD 6.74 - 10.10 82.00
SVD-LLM 6.61 5.14 7.73 16.04
SVD-LLM V2 5.46 - — 13.46
DELTA (0.2) 5.09 4.10 5.48 10.98
DELTA (0.4) 5.12 4.14 6.15 11.85

Table 4: Perplexity comparison across different model families and scales. Baseline methods are evaluated at a
compression ratio of 0.2, while DELTA is evaluated at 0.2 and 0.4. The best performance is marked in bold. Most
baseline results are reported in the SVD-LLM V2 paper; unavailable results are indicated by dashes.

Method LLaMA-7B | LLaMA-13B
PPL | Size (GB) | PPL | Size (GB)
Original 5.68 125 | 5.09 24.2
RTN-4bit 6.29 3.6 5.53 6.7
DELTA(0.7) 6.84 4.1 5.46 7.6
RTN-3bit 25.54 3.0 11.40 54
DELTA(0.8) 10.10 29 6.70 5.4
Table 5: Comparison with RTN quantization on

WikiText-2. PPL and checkpoint size are reported. The
RTN results are reported in the GPTQ paper.

baselines evaluated at the same ratio. Even at the
more aggressive compression ratio of 0.6, DELTA
still outperforms all pruning baselines evaluated at
compression ratios of 0.4 or 0.5.

We further compare DELTA with RTN quan-
tization (Frantar et al., 2022) under comparable
checkpoint sizes. As shown in Table 5, RTN-4bit
is competitive under a moderate budget, but PPL 3-
bit RTN has a PPL of 25.54 on LLaMA-7B, while
DELTA achieves 10.10 PPL with a slightly smaller
checkpoint. This suggests that DELTA better pre-
serves effective information under aggressive com-
pression.

5.6 Compression and Inference Efficiency

We further evaluate the practical efficiency of
DELTA in terms of compression time and infer-
ence throughput.

First, we compare the compression time of
ASVD, SVD-LLM, Dobi-SVD, and DELTA when
compressing LLaMA-7B at an 80% compression
ratio on a single NVIDIA H20 GPU. As shown in
Figure 2, DELTA reduces the compression cost by
an order of magnitude. While existing SVD-based

ASVD 660

SVD-LLM 348

Dobi-SVD 769

DELTA 41

[ 100 200 300 400 500 600 700 800
Compression Time (minutes)

Figure 2: Compression time comparison on LLaMA-
7B.

30

25

Throughput (tokens/s)

0% 20%

40% 60% 80%
Compression Ratio

Figure 3: Generation throughput of DELTA-compressed
LLaMA-7B under different compression ratios.

methods usually require from several to dozens of
GPU-hours, DELTA completes the full compres-
sion pipeline within tens of minutes. This effi-
ciency comes from its training-free design: DELTA
only performs a local configuration search for each
weight matrix and uses layer-wise output recon-
struction error as a proxy objective, avoiding re-
peated end-to-end perplexity evaluations or addi-
tional post-training.

Second, we evaluate the generation throughput
of DELTA-compressed LLaMA-7B under compres-
sion ratios from 0% to 80%. As shown in Figure 3,
all models are evaluated on a single NVIDIA H20
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GPU with a batch size of 4, a prefill length of
1,024, and a decoding length of 256. Following the
evaluation protocol of Dobi-SVD, the quantized
low-rank factors are dequantized before through-
put measurement, and inference is performed using
standard floating-point low-rank matrix multipli-
cations. This setting isolates the computational
benefit provided by the low-rank structure and
avoids confounding effects from different quantiza-
tion kernel implementations. DELTA consistently
improves throughput as the compression ratio in-
creases, achieving a 1.56x speedup at the 80%
compression ratio.

5.7 Ablation Study

To better understand the sources of improvement in
DELTA, we conduct an ablation study on LLaMA-
7B under the target memory ratio of 0.6, as shown
in Table 3.

The results reveal two complementary sources of
improvement. First, introducing low-bit represen-
tations substantially alleviates the information loss
caused by aggressive rank truncation. Activation-
calibrated SVD alone increases the PPL from 5.68
to 13.73, whereas applying uniform INT8 and
INT4 quantization reduces the PPL to 6.26 and
6.16, respectively. This confirms that quantiza-
tion enables more singular directions to be retained
under the same memory budget and therefore es-
tablishes a strong quantized low-rank baseline.

Second, once this strong uniform INT4 baseline
is established, explicitly modeling the heterogene-
ity between the two SVD factors further closes
most of the remaining performance gap between
the compressed model and the original FP16 model.
Direction search reduces the PPL from 6.16 to 6.01,
recovering 30.4% of the remaining cross-entropy
gap. Mixed bit-width allocation with fixed row-
wise quantization further reduces the PPL to 5.89,
recovering 55.2% of the gap. Combining both de-
signs, the full DELTA achieves the best PPL of
5.82 and recovers 70.0% of the remaining INT4-
to-FP16 cross-entropy gap, leaving only a 0.14
PPL difference from the original model. These re-
sults show that factor-wise bit-width allocation and
direction search provide complementary benefits
beyond uniform low-bit SVD compression.

Proxy Objective. We further evaluate the effec-
tiveness of the activation-aware reconstruction er-
ror used for configuration selection. Although the
local reconstruction objective cannot theoretically

Proxy Objective Ratio 0.6 Ratio 0.8
Weight Frobenius Error 6.47 21.42
Activation-aware Error 6.14 10.12

Table 6: WikiText-2 PPL of LLaMA-7B when using
different objectives for configuration selection.

guarantee that its ranking of candidate configura-
tions matches the ranking induced by model-level
perplexity, minimizing output perturbations on rep-
resentative calibration inputs is aligned with the
goal of preserving downstream model behavior.
To empirically verify this design choice, we re-
place the activation-aware objective with the plain
weight-space Frobenius reconstruction error while
keeping the candidate space, compression budget,
and all other settings unchanged. As shown in
Table 6, at a compression ratio of 0.6, the Frobe-
nius objective yields a PPL of 6.47, whereas the
activation-aware objective yields 6.14. At the
more aggressive compression ratio of 0.8, the
gap becomes substantially larger: the Frobenius
baseline deteriorates to a PPL of 21.42, whereas
the activation-aware objective maintains a PPL of
10.10. These results demonstrate that incorporating
the actual activation distribution provides a substan-
tially more reliable criterion for selecting configura-
tions that preserve end-to-end model performance,
especially under aggressive compression.

6 Conclusion

Experiments show that DELTA significantly outper-
forms existing post-training SVD-based LLM com-
pression methods in perplexity and downstream
task performance. Additional experiments on
LLaMA-30B and across multiple calibration seeds
further demonstrate its scalability and robustness,
while proxy-objective ablations validate the impor-
tance of activation-aware configuration selection.

Limitations

Although DELTA achieves strong performance at
high compression ratios, it still has several limita-
tions. First, DELTA uses Cholesky decomposition
to compress the second-order statistics of calibra-
tion activations during the search process. This
design significantly reduces the cost of error eval-
uation, but may be affected by numerical stability
issues in practice, especially when the activation
covariance matrix is poorly conditioned. Future
work may explore more stable matrix decomposi-
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tion methods or damping strategies to improve the
robustness of the search process. Second, DELTA
has not yet been fully integrated with more ad-
vanced quantization techniques. To highlight the
effectiveness of the asymmetric low-rank compres-
sion design itself, this paper only adopts the ba-
sic RTN method for row-wise and column-wise
quantization, and uses the iterative algorithm in
SINQ to implement dual-direction quantization. In
the future, DELTA can be further combined with
high-performance quantization methods such as
GPTQ and AWQ to achieve better performance
under lower storage budgets.
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