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Abstract

Supervised Fine-Tuning (SFT) accelerates task-
specific large language models (LLMs) devel-
opment, but the resulting proliferation of fine-
tuned models incurs substantial memory over-
head. Delta compression addresses this by re-
taining a single pre-trained LLM with multiple
compressed delta weights. However, existing
methods fail on models fine-tuned with large-
scale datasets. We find that larger SFT data
scale amplifies delta parameter magnitude, sin-
gular values, and entropy, exacerbating com-
pression errors. To tackle this, we propose D-
QRELO (Delta Compression via Quantization
and Residual Low-Rank), a novel training- and
data-free delta compression method. It com-
bines coarse-grained one-bit quantization to
capture the dominant structure of the delta,
followed by compensated residual low-rank
approximation to recover fine-grained details
from the smaller residual error. Experiments
on various LLMs spanning dense and MoE
architectures across multiple domains under
this challenging setting demonstrate that D-
QRELO outperforms existing methods. More-
over, we establish key design principles for
delta compression through extensive empiri-
cal analysis, demonstrating how task difficulty,
architecture, and layer positioning create pre-
dictable patterns that can guide optimal com-
pression strategies in production systems.

1 Introduction

Large Language Models (LLMs) (Touvron et al.,
2023; Achiam et al., 2023; Du et al., 2025) have
recently become a cornerstone in Al, fundamen-
tally reshaping how various downstream tasks are
approached. Leveraging fine-tuning, pre-trained
LLMs now yield diverse specialized models (Hui
et al., 2024; Lee et al., 2024; Du et al., 2026). This
paradigm significantly lowers model customization
barriers, accelerating Al deployment across indus-
tries. However, this flexibility paradigm introduces
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Figure 1: Impact of SFT data scale on delta compression
for the same base LLM. p is the compression ratio.

Data Size Avg(|A|) Avg(lo|) Avg(|H(A)])

100K 0.000492 0.0181 8.932
300K 0.001052 0.0553 9.348
M 0.001489 0.0967 9.617
14M 0.002147 0.1266 9.839

Table 1: Impact of SFT data scale on delta parameters
magnitude (A), singular values (o), entropy (H (A)).

significant engineering challenges. Real-world ap-
plications often demand simultaneously storing and
deploying numerous specialized models for com-
plex needs (Li et al., 2025a; Farr et al., 2024; Lee
et al., 2024). For example, it is essential to store
every iterative model version to facilitate rollbacks,
as well as to cooperatively deploy multiple special-
ized models in multi-stage reasoning or multi-agent
collaboration tasks (Chan et al., 2024).

Recently, delta compression (Yao et al., 2025;
Yang et al., 2025) has emerged to tackle these chal-
lenges by exploiting redundancy in delta parame-
ters—the differences between fine-tuned model and
pre-trained model weights. Its goal is to store only
a single pre-trained model alongside multiple com-
pressed delta parameter sets, thereby reducing the
memory footprint for storing and deploying numer-
ous fine-tuned models. For instance, BitDelta (Liu
et al., 2024a) compresses delta parameters to one-
bit quantization. Delta-CoMe (Ping et al., 2024)
further improves compression efficiency by lever-
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aging mixed-precision SVD of delta parameters.

However, these methods show a significant per-
formance drop when applied to powerful SFT mod-
els (e.g., Qwen3, DeepSeek-R1-Distill). To under-
stand this, we analyze these models and find their
delta parameters magnitudes are consistently larger
(mean absolute values: 0.002-0.004) compared
to the LLMs these methods originally evaluated
(mostly <0.0008). This highlights an acknowl-
edged but critically underappreciated issue (Yu
et al., 2024): the magnitude of the delta parameters
profoundly impacts compression performance.

To delve deeper into this phenomenon, we con-
duct an extensive exploration: under the same ex-
perimental setup, we fine-tune LLaMA 3.1 8B
with OpenMathlnstruct-2 (Toshniwal et al., 2025)
datasets of 100K, 300K, 5M, and 14M samples, re-
spectively. Table 1 presents the magnitude of delta
parameters, their singular values and entropy. Fig-
ure 1 shows the performance of various methods
on these models. Key observations follow:

e Under same setting, more fine-tuning data
leads to larger magnitude of delta parameters,
their singular values, and their entropy, indi-
cating that the delta parameters are becoming
increasingly complex and information-rich.

* As these delta properties intensify, the perfor-
mance of prior methods declines significantly.

This performance degradation stems from the in-
herent limitations of quantization and SVD, which
incur larger errors when handling delta parameters
with greater numerical scales and complexity.

Given these critical insights, we propose D-
QRELO, a delta compression method combining
quantization and compensated residual low-rank
approximation. D-QRELO begins with coarse-
grained bit quantization to capture the dominant
signs and initial magnitude information of the
delta parameters. This step serves as a fast, adap-
tive encoding mechanism that efficiently handles
large-magnitude values. Subsequently, we observe
that the residual error exhibits a substantially nar-
rower numerical range than the original delta pa-
rameters, rendering it well-suited for efficient low-
rank approximation via SVD. By applying SVD
to this residual, we can precisely reconstruct the
fine-grained details lost during the initial quantiza-
tion. Crucially, unlike prior methods, D-QRELO
achieves both training- and data-free compression,
which enhances its generality and efficiency.

Extensive experiments on powerful SFT mod-
els spanning dense and MoE architectures trained
with large-scale data show that D-QRELO con-
sistently outperforms prior methods at the same
compression ratio, advancing the Pareto frontier
of delta compression and demonstrating superior
efficiency-performance trade-offs. These models
cover tasks in reasoning, alignment, domain knowl-
edge, and multimodal understanding, highlighting
D-QRELO’s strong generalization. Evaluations
show that D-QRELO yields multi-fold savings
in GPU memory, along with significant inference
speedup. Furthermore, to explore key design prin-
ciples for delta compression, we conduct a compre-
hensive empirical study grounded in D-QRELO.

The main contributions of this paper include:

* We provide insights into the impact of SFT
data scale on delta compression efficiency.

* We propose a novel delta compression method,
D-QRELO, that combines quantization and
residual low-rank approximation.

* We conduct the first comprehensive empirical
study of delta compression.

2 Related Work

Delta-Compression. Delta compression meth-
ods are typically categorized into pruning, quan-
tization, and low-rank approximation. Pruning
methods (Du et al., 2024; Liu et al., 2024b; Li
et al., 2025b) like DARE (Yu et al., 2024) reduce
model size by eliminating redundant delta param-
eters while maintaining performance. Quantiza-
tion approaches, known for their efficiency and
hardware friendliness, compress delta parameters
into low-bit formats. GPT-Zip (Isik et al., 2023)
pioneers 2-bit quantization paired with sparsifica-
tion to compress delta weights while maintaining
performance. BitDelta (Liu et al., 2024a) pushes
compression further by quantizing delta parameters
down to one-bit, and refines scale factors through
knowledge distillation. Low-rank approximation
methods (Ryu et al., 2023) like Delta-CoMe (Ping
et al., 2024) employ mixed-precision quantization
that adapts bit-width allocation according to the sin-
gular value spectrum of delta matrices. However,
large-scale fine-tuning on massive datasets often
amplifies the magnitude of delta parameters, break-
ing prior methods’ assumptions about their value
range and error distribution—resulting in subopti-
mal compression. To address this, we propose D-
QRELO, designed to robustly handle the expanded
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numerical range of delta parameters in powerful
SFT models.

Quantization and Low Rank Approximation.
Quantization (Lin et al., 2024) and low-rank (Li
et al., 2023) approximation are complemen-
tary techniques that are often combined to en-
hance the compression of LLM. For example,
CALDERA (Saha et al., 2024) decomposes a
weight matrix as W = Q + L R, where @ is a quan-
tized full-rank matrix and LR is a low-precision
low-rank term, optimized alternately by quantizing
W — LR and factorizing W — @). LQ-LoRA (Guo
et al., 2024) adopts a low-rank plus quantized ma-
trix decomposition, where the quantized compo-
nent is kept fixed during fine-tuning while only
the low-rank component is updated. Additionally,
LQER (Zhang et al., 2024) introduces an activation-
induced scale matrix to optimize the singular value
distribution of the quantization error, effectively
restoring LLM performance. In this work, we pio-
neer the first method to combine quantization with
residual low-rank approximation, specifically tai-
lored for delta parameters compression.

3 Methodology

3.1 Preliminaries

Given a scenario in which a pre-trained LLM ¢ p,..
is independently fine-tuned for a set of downstream
tasks {7;} X ,. This yields a collection of fine-tuned
models {¢(V}X |, each customized for a specific
task. Directly storing all K full-precision models
incurs a storage cost of K x M, where M denotes
the number of parameters in the full model. To
reduce this overhead, we first represent each fine-
tuned LLM as the combination of the pre-trained
LLM ¢p,. and its corresponding delta parameters
A, which are defined as:

AR — ™) _gn k=12, K, ()

where delta parameters A(*) captures the task-
specific deviation from the pre-trained LLM.

We then apply a delta compression function

C(;p) to transform each A into compressed
delta parameters A(%):
AW =c(aW;p), @)
where p denotes the compression ratio. The decom-
pression procedure reconstructs an approximate
fine-tuned LLM as:

o™ = ¢pre + AW, (3)

By storing a single pre-trained LLM ¢p,e
with a set of compressed delta parameters
{AW . AU} this framework reduces total
storage to (1 + pK) x M.

3.2 Motivation

As shown in Figure 1 and Table 1, the performance
of prior methods degrades as the magnitude of delta
parameters and their singular values increases, due
to their struggle in maintaining sufficient accuracy
on larger numerical scales.

For a delta parameters (A1) approximated by its
top-k singular values ((A1)x), the Frobenius norm
of the reconstruction error is defined as:

rank(A1)

1A = (Al = D of; )

i=k+1

If a delta parameters Ay possesses singular val-
ues o ; consistently larger than A¢’s (e.g., 02; =
c¢- o1, for ¢ > 1), then, even with the same & sin-
gular values retained, its absolute reconstruction
error will be significantly larger:

rank(A2)  rank(Ag)
1A= (Ao)il[3 =03, = (c-014)
i=k+1 i=k+1
rank(A1) (5)
= ol = A= (A7
i=k+1

Thus, SVD-based methods incur a greater ab-
solute error on larger-magnitude delta parameters
for a given compression ratio. Similarly, for the
one-bit quantization method BitDelta, the absolute
quantization error scales proportionally with the
magnitude of the original values. For an element x
quantized to x4, the absolute error is |z — z,|. Con-
sequently, mapping a larger magnitude x to fixed
discrete points (e.g., -1 or 1) results in a proportion-
ally larger absolute deviation.

In summary, neither method mitigates magnitude
related error accumulation effectively. To resolve
this limitation, we introduce D-QRELO, a novel
two-stage residual-calibrated framework targeting
the core cause of performance degradation.

33 D-QRELO

Our method D-QRELO is illustrated in Figure 2.
Given the delta parameters A € R"*™, D-
QRELO’s goal is to efficiently compress A with a
target compression ratio p.
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Figure 2: Overview of D-QRELO. D-QRELO involves an initial one-bit quantization of the delta parameters,
followed by SVD truncation applied to the resulting residuals to derive a low-rank matrix.

D-QRELO first applies a coarse-grained one-bit
quantization to A to capture essential directional
properties and initial magnitude scale:

Aquam = a ® Sign(A), 6)

where the element-wise sign function is defined as:

+1,
—1,

Aij >0,

7

and the scaling factor « is determined as the mean
absolute value of A:

QZ%ZZMML ®)

i=1 j=1

This choice of v minimizes the Frobenius-norm
quantization error between A and its one-bit quan-
tized approximation A gyan:

o =argmin |A — - Sign(A)||%. (9)

The remaining fine-grained information and the
error introduced by coarse quantization are pre-
served in the residual matrix R:

R=A— Agan. (10)

Thanks to the effective initial quantization, R’s
numerical range is significantly smaller than that
of the original A, making it suitable for efficient
low-rank approximation.

D-QRELO then computes the SVD of residual
matrix R:
R=UXVT, (1D)

where U € R™*", ¥ € R™ "™ is diagonal with sin-
gular values op 1 > opo > ---,and V € R™*™,

To reduce dimensionality, D-QRELO truncates
the SVD of R to rank

r= ,

n+m
choosing r so that the low-rank parameters r(n +
m) + r meet the target compression ratio p; of the
original nm parameters, the additional r parame-

ters are negligible for large n, m.
D-QRELO then extracts the truncated matrices:

(12)

U-=Uly:r], S =X[r:r], V.=V, :r.

(13)
This yields a rank-r approximation of the residual
R as:

Rlowrank = UTET(VT)T'

The final compressed delta parameters A com-
bines the quantization and residual low-rank ap-
proximation:

(14)

A = Aquemt + Rlowrank- (15)

The overall compression ratio p combines the
low-rank component p; and the one-bit quantiza-
tion contribution:

1

b (16)

p=p1+
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| OpenMath2 | Qwen2-VL |DS-R1-Qwen3-8B| Qwen3-4B-Instruct |Qwen3-30B-A3B-Instruc Drop

Method
| GSMSK MATH]| TextVQA MME| AIME24 GPQA | MMLU LCB IFEval| MMLU LCB  IFEval |

Backbone | 545 26 ; | 778 2761 | 1825 10.00 3457 | 58.74 16.79 39.37 -
SFT 88.93 612 | 8451 1676| 4556 6128 | 63.25 30.40 82.23 | 74.13 4046 83.18 | 0%
Random 970 56 | 912 s510| 317 3197 | 38.12 9.65 4833 | 60.09 18.81 50.66 |86.12%
Magnitude | 4556 252 | 17.37 871 | 18.67 4149 | 5275 13.62 71.89 | 67.16 22.67 7421 |53.25%
Wanda 5034 27.6 | 1579 784 | 20.13 4034 | 5091 15.24 73.15 | 6631 24.83 76.08 |51.79%
SVD 69.82  33.8 | 7222 1451| 21.50 47.31 | 54.05 16.08 75.42 | 69.45 23.04 7630 |35.62%
BitDelta 39.19 212 | 73.87 1525| 8.13 3928 | 47.98 10.69 67.76 | 64.44 14.37 7192 [56.13%
Delta-CoMe | 80.50 50.4 | 75.69 1569| 37.83 57.06 | 61.47 23.13 80.51 | 72.24 3272 82.51 |14.00%
D-QRELO | 84.84 57.4 | 8194 1664| 4233 59.65 | 62.71 24.91 78.76 | 75.88 35.09 8373 [6.17%

Table 2: The performance of different delta-compression methods on five LLMs. LCB denotes LiveCodeBench.
Optimal results are bolded, sub-optimal ones are underlined. Drop means the percentage of performance degradation.

where b denotes the number of bits per full-
precision weight (e.g., b = 16 for FP16/BF16 preci-
sion). For vector parameters, we select parameters
for compression by magnitude at a target ratio of p.

4 Experimental Setup

Baselines. We evaluate several baselines: prun-
ing methods (random, magnitude, Wanda (Sun
et al., 2024)), SVD, BitDelta (Liu et al., 2024a),
and Delta-CoMe (Ping et al., 2024). All meth-
ods are evaluated at a 1/8 compression ratio, as
D-QRELO’s design requires a ratio greater than
1/16. BitDelta is the only exception, evaluated at
1/16 due to its 1-bit quantization under FP16/BF16.

Tasks. We evaluate a set of tasks and datasets
spanning various domains and levels of complexity:

* Math: GSMS8K (Cobbe et al, 2021),
MATH (Hendrycks et al., 2021) and
AIME?2024 span tasks from basic arithmetic
to advanced competition-level problems.

¢ Code: LiveCodeBench v6 (Jain et al., 2024),
HumanEval (Chen et al., 2021) evaluate natu-
ral language to executable code generation.

* Knowledge: GPQA-Diamond (Rein et al.,
2024), MMLU-Pro (Wang et al., 2024) assess
multi-disciplinary knowledge.

* Alignment: IFEval (Zhou et al., 2023) evalu-
ates instruction-following capability.

e Multi-Modal Chat: MME (Fu et al., 2024)
and TextVQA (Singh et al., 2019), evaluating
joint visual-text understanding and reasoning.

Models. We evaluate eight models across three
tuning paradigms (standard/multimodal SFT, rea-
soning distillation) and two architecture types
(dense, MoE). All fine-tuned on large-scale datasets
and exhibit large delta parameters (average abso-
lute value: 0.0024), details are in Table 7.

S Experimental Results

5.1 Main Results

Our results in Table 2 showcase the delta compres-
sion performance of all methods on five powerful
SFT LLMs. Three additional models’ results are
included in Appendix C. D-QRELO almost consis-
tently shows superior performance retention across
all evaluated tasks and models, achieving a 7.83%
gain over the current SOTA method Delta-CoMe.
Firstly, we observe that for delta parameters with
large magnitudes, pruning (Random, Magnitude,
Wanda) and low-rank (SVD) methods yield sub-
stantial performance drops (35.62%—86.12%).
Secondly, while BitDelta and Delta-CoMe
achieve near-lossless performance in their original
experiments, their efficacy significantly degrades
when applied to these extensively trained SFT mod-
els. In contrast, D-QRELO markedly improves
upon both, retaining about 94% of the original
performance. This highlights how its two-stage
approach effectively mitigates the absolute error
accumulation problem inherent in other methods.
Finally, D-QRELO ’s outstanding performance
across diverse tasks and LLM architectures under-
scores its superior generalization ability. This con-
firms the robustness of its magnitude and residual
processing approach for various fine-tuned models.
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Method ‘ OpenMath2 ‘ Qwen2-VL ‘DS—RI—Qwen3—8B‘ Qwen3-4B-Instruct ‘Qwen3—30B—A3B—Instruct‘ Drop
| GSM8K MATH| TextVQA MME| AIME24 GPQA | MMLU LCB IFEval| MMLU LCB  IFEval |

SVD 4397 268 | 57.19 1280| 13.55 37.27 | 4371 11.06 58.11 | 64.80 19.34 6508 |[58.71%

+One-bit| 80.64 508 | 8076 1652| 4271  58.53 | 6249 24.37 78.85 | 74.52 3526 8292 |9.01%

+SVD | 69.82 338 | 7222 1451| 21.50 47.31 | 5405 16.08 7542 | 6945 23.04 7630 |[35.62%

One-bit | 39.19 212 | 73.87 1525| 8.13 3928 | 47.98 10.69 67.76 | 64.44 1437 7192 [56.13%

+SVD | 8484 574 | 8194 1664| 4233  59.65 | 6271 2491 7876 | 75.88 3509 8373 |6.17%

Table 3: Ablation study of D-QRELO’s two-stage strategy. Each method first applies SVD or one-bit quantization
to the delta parameters (p = 1/16). The + represent compression of the residuals by SVD or one-bit quantization.
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X
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Compression Ratio

Figure 3: Performance retention of D-QRELO across
models with varying residual SVD compression ratios.

5.2 Ablation Study

Table 3 validates the effectiveness and strategic
ordering of D-QRELQ’s two-stage compression
strategy. While standalone SVD or one-bit quanti-
zation individually lead to significant performance
degradation on large-magnitude delta parameters,
their combination dramatically mitigates this de-
cline. Moreover, SVD proves more effective than
quantization for compressing the residual. This
is because initial one-bit quantization effectively
reduces the original delta parameters’ numerical
scale, yielding a smaller-magnitude residual op-
timally suited for SVD to capture its remaining
structured information. Conversely, SVD’s resid-
ual retains high-frequency components that one-bit
quantization struggles to compress accurately.
Figure 3 shows D-QRELOQ’s performance reten-
tion as the compression ratio varies, with one-bit
quantization held constant. We observe that perfor-
mance retention generally improves with the higher
compression ratio, often plateauing at higher ratios.
However, this trend is not strictly monotonic. For
example, on Qwen3-30B-A3B-Instruct, increasing
the ratio from 4/32 to 6/32 causes a performance
drop. This is because a higher compression ratio
introduces more residual information, which may

# Models Memory (GB) Latency (ms)
(x / v)D-QRELO (x / v') D-QRELO
2 31.78/20.91 63 /45
4 63.12/26.88 129/52
8 OOM /38.94 -167
16 OOM / 62.87 -/91

Table 4: GPU memory cost and inference latency.

capture instability and temporarily impact perfor-
mance. This suggests that information recovery is
nonlinear and influenced by residual complexity.

5.3 Inference Speed and Memory Cost

Table 4 compares the GPU memory and decod-
ing latency for multiple LLaMA 3.1-8B alignment
models (BF16). On a single 80G GPU, the baseline
deployment lacks the capacity for even 8 models.
In contrast, D-QRELO (1/8 compression ratio)
drastically reduces memory overhead and signif-
icantly lowers decoding latency. Moreover, the
more models deployed, the more significant the
effectiveness of D-QRELO.

6 Delta-Compression Analysis

6.1 Impacts of Task Difficulty

Our results, detailed in Figure 4 and Figure 5,
confirm that task difficulty directly impacts delta
compression performance, with more challenging
tasks consistently leading to greater performance
drops across distinct mathematical benchmarks.
For instance, OpenMath2 sees a slight decline from
GSMEK to MATH, while DS-R1-LLaMA-8B’s
performance significantly decreases from MATH
to AIME24. This trend is further supported by
a fine-grained analysis within MATH: increasing
difficulty levels (1 to 5) generally correlate with re-
duced performance retention, most notably for DS-
R1-LLaMA-8B. Although DS-R1-Qwen remain
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Figure 4: Performance retention of D-QRELO on math-
ematical reasoning tasks of varying difficulty.
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Figure 5: Performance retention of D-QRELO on dif-
ferent difficulty levels on MATH.

remarkably robust, the overall pattern highlights
that the subtle and complex information required
for harder tasks is more susceptible to delta com-
pression’s approximation errors.

6.2 Impacts of the Base Pre-trained LL.Ms

Figure 6 shows how the pre-trained model’s origin
and scale impact delta compression performance.
A stark contrast emerges between LLM families, as
Qwen consistently outperforms LLLaMA in perfor-
mance retention across all tasks. This suggests that
the Qwen base architecture, fine-tuning settings, or
its pre-training characteristics, yield delta param-
eters inherently more structured and robust to D-
QRELO’s compression. Moreover, within a family,
model scale generally benefits from compressibil-
ity. Comparing DS-R1-Qwen variants (7B-32B),
larger models generally maintain slightly better per-
formance retention, especially on GPQA. Hence,
larger base models, with their increased capac-
ity, more robust internal representations, and po-
tentially greater parameter redundancy, may learn
delta parameters more amenable to compression.

CZ1 DS-R1-LLaMA-8B
[ DS-R1-Qwen-7B

K1 DS-R1-Qwen-14B
KXl DS-R1-Qwen-32B

90F T N

X

7
(1

XS

7,

A
e

Performance Retention (%)

KRS

Math AIME24

Task

Figure 6: Performance retention of D-QRELO across
diverse base LLM architectures and sizes.

OpenMath2-LLaMA3.1-8B

Method Avg.
GSMSK MATH

Backbone 5.45 2.6 4.03

SFT 88.93 61.2 75.07

LoRA 74.37 49.8 62.09

SVD 69.82 33.8 51.81

D-QRELO 84.84 57.4 71.12

Table 5: LoRA vs. delta-compression.

6.3 Delta-Compression vs. Delta-Tuning

Delta compression is closely related to delta tuning,
like LoRA (Hu et al., 2022). While delta tuning
aims to reduce LLLM fine-tuning costs, delta com-
pression focuses on lowering storage and inference
costs for multi-model serving. We compare their
performance by fine-tuning a LoRA model on the
same dataset as OpenMath2, detailed configuration
of LoRA refer to appendix A. Table 5 shows that
SVD delta compression, despite mirroring LoRA’s
architecture and parameter size, performs signif-
icantly worse than the LoRA model. In contrast,
D-QRELO notably outperforms the LoRA model,
closely matching the SFT model’s performance.
This suggests that for building high-performance,
compact models, fully fine-tuning and then apply-
ing a well-designed delta compression method is
superior to solely relying on delta tuning.

6.4 Layer-wise Analysis

To understand the sensitivity and robustness of dif-
ferent layers to delta compression, we perform an
ablation study by applying D-QRELO to specific
quarters of the model’s layers (0%-25%, 25%-50%,
50%-75%, 75%-100%), leaving the rest uncom-
pressed. Figure 7 highlights clear patterns in layer
importance and compressibility.

Firstly, early layers are more sensitive to com-
pression. For most models, compressing early lay-
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Figure 7: Layer sensitivity of delta compression. xx%-
yy% denotes that only the delta parameters in the first
xx% to yy% of the model’s layers are compressed.

ers causes a noticeable performance drop compared
to compressing later segments. For instance, DS-
R1-LLaMA-8B suffers a significant performance
drop when only its initial layers are compressed.
This suggests that delta parameters in the initial
layers encode more critical, less redundant informa-
tion, making them essential for preserving overall
model performance and revealing a potential infor-
mation bottleneck concentrated in early layers.
Secondly, later layers exhibit greater robustness
and redundancy. Compressing only these layers
often achieves remarkably high performance re-
tention, at times even surpassing that of full com-
pression. This suggests that delta parameters in
deeper layers may exhibit greater redundancy or
adapt more compressibly, with minimal perfor-
mance loss—highlighting their inherent robustness.

6.5 Module-wise Analysis

To identify which modules of delta parameters are
most sensitive to compression, we conduct an ab-
lation study, applying D-QRELO selectively to
different functional components: Mapping layers
(token embedding and LM head), Normalization
layers, Attention modules, and MLP modules. Fig-
ure 8 shows the performance retention for each
module type, while Figure 9 summarizes the aver-
age performance drop relative to parameter ratio.

Firstly, module sensitivity to compression varies
significantly across models. DS-R1-LLaMA-8B
stands out dramatically, exhibiting consistently
lower performance retention, even when only a
small fraction of its delta parameters (i.e., Normal-
ization layers) are compressed. This is substantially
lower than the near-perfect retention observed for
Normalization layers in other models.

Secondly, MLP modules are the elephant in the
room. They make up the vast majority of delta
parameters and thus cause the largest absolute av-
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Figure 8: Module sensitivity of delta compression.
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Figure 9: Module importance in delta compression: Per-
formance drop as a function of parameter ratio, where
bubble size reflects normalized impact.

erage performance drop. However, their moderate
normalized drop indicates that while they are unde-
niably crucial, the performance decline is largely
proportional to their size.

Thirdly, Normalization layers are the hidden vul-
nerability. Though they account for a negligible
parameter ratio, they cause an exceptionally high
normalized drop. This highlights that, despite their
small size, Normalization layers are disproportion-
ately sensitive to compression.

Finally, Mapping and Attention modules also
exhibit a significant impact per parameter, with
normalized drops second only to Normalization
layers. This confirms their substantial sensitivity:
despite being smaller than MLP modules, their
impact per parameter compressed is pronounced.

7 Conclusion

In this paper, we investigate why previous delta
compression methods suffer significant perfor-
mance drops on powerful SFT models, especially
those fine-tuned with large-scale datasets. We find
that larger SFT data scale leads to increased magni-
tudes of delta parameters and their singular values,
amplifying compression errors. To tackle this, we
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propose D-QRELO, a training- and data-free delta
compression method combining one-bit quantiza-
tion with residual low-rank approximation. Ex-
periments on several LLMs under this challenging
setting show that D-QRELO outperforms key base-
lines. We also present a comprehensive empirical
study of delta compression based on D-QRELO.
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Limitations

Firstly, D-QRELO is constrained by a physical
lower bound on its compression ratio because of
its two-stage design. The total compression ratio p
is determined by the sum of the residual low-rank
component p; and the one-bit quantization contri-
bution 1/b. For models using standard 16-bit preci-
sion (e.g., FP16 or BF16), the total ratio cannot be
lower than 1/16, which is approximately 6.25%,
even if the residual component is negligible.
Secondly, the relative advantages of D-QRELO
tend to diminish when the SFT data scale is rel-
atively small. Under these conditions, the result-
ing delta parameters are often sparse and exhibit
smaller magnitudes. Hence, traditional and simpler
compression methods, such as basic SVD or quan-
tization, may already achieve high performance re-
tention. Therefore, the added structural complexity
of D-QRELO might not offer significant perfor-
mance gains over more straightforward baselines.

Ethical Considerations

Our research is conducted using publicly available
and safe datasets and models. However, we ex-
plicitly acknowledge that the applicability of our
D-QRELO and findings may be limited to datasets
or domains similar to those studied. The perfor-
mance of our approach on other specific datasets or
domains remains uncertain, and there may be po-
tential risks when applying it to privacy-sensitive or
high-risk scenarios. Furthermore, the generalizabil-
ity of our findings to real-world applications may
require further exploration and testing. Therefore,

caution is advised, and thorough verification is nec-
essary to ensure the method generates accurate and
reliable results in such contexts.
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| DSRILLaMA-8B |

DS-R1-Qwen-14B \ DS-R1-Qwen-32B

Method

| MATH AIME24 GPQA| MATH AIME24 GPQA HumanEval| MATH AIME24 GPQA
Backbone 260 0 2013|6415 667 3232 726 | 6240 833 3636
SFT 89.55 44.17 4520|9225 61.67 5694 774 | 9265 67.50 63.51
Random 765 0 2222|5845 667 3039  69.5 |57.30 817 34.93
Magnitude 1840 133 3119|7635 1733 3782 752 | 78.65 2083 4274
Wanda 2470 217 3072|7820 17.67 39.04 758 | 7840 20.83 44.52
SVD 3920 467 3032|5390 1550 4434 695 | 6030 17.67 5043
BitDelta 11.80 083 3056|2095 0 3535 738 |2275 0 3943
Delta-CoMe 4540 5.83 3018 | 8770 47.00 5192 665 | 88.10 53.33 58.46
D-QRELO (ours)| 79.05 23.83 3598 | 91.40 57.50 5327 774 | 9245 6250 6147

Table 6: The performance of different delta-compression methods on three powerful SFT LLMs. Optimal results

are in bold, while sub-optimal results are underlined.

A Experiments Configuration

Model Backbone
OpenMath2-LLaMA3.1-8B LLaMA3.1-8B
Qwen2-VL-7B-Instruct Qwen2-7B
DeepSeek-R1-Distill-LLaMA3-8B LLaMA3.1-8B
DeepSeek-R1-Distill-Qwen-14B Qwen2.5-14B
DeepSeek-R1-Distill-Qwen-32B Qwen2.5-32B

DeepSeek-R1-0528-Qwen3-8B
Qwen3-4B-Instruct-2507
Qwen3-30B-A3B-Instruct-2507

Qwen3-8B-Base
Qwen3-4B-Base
Qwen3-30B-A3B-Base

Table 7: Backbone of each evaluated model.

In our setup, LoRA parameters are matched
with those of D-QRELO (1,040,187,392 vs.
1,003,782,656) to ensure fair comparison. Specifi-
cally, LoRA adopts a rank of 512 and an « of 512,
applied to the Q, K, V, O projections as well as the
input/output projections of FFN, without dropout
or projection sharing/parallel strategies. For the
optimization hyperparameters, LoRA fine-tuning
uses a warmup ratio of 0.04 and a peak learning
rate of le-4. When evaluating OpenMath2 and
Qwen2-VL-7B-Instruct, the temperature was set to
0, top, to 1.0, and maxtokens to 4096, with only
one test performed. However, for models in the
DeepSeek-R1-distillate series, the temperature was
set to 0.6, top, to 0.95, maxtokens to 20000, and
four tests were conducted, and the results were av-
eraged. For Qwen3 models, the temperature was
set to 0.7, top, to 0.8, topy, to 20, and maxtokens
to 20000, with one test conducted.

All experiments were conducted on a machine
running Ubuntu 20.04, equipped with an NVIDIA

A800-SXM4 80GB GPU and an Intel(R) Xeon(R)
Platinum 8358P CPU @ 2.60 GHz. The system
adopts CUDA 12.4, and the experiments were im-
plemented using PyTorch 2.5.1.

B Evaluation Metrics

All datasets are evaluated using accuracy as the
primary metric, except for MME, which uses
Score as the evaluation metric, two metrics are
introduced for delta compression: Drop and
Performance Retention.

The Performance Retention metric, representing
the retained performance after compression, is de-
fined as:

Compressed — Base
PR =
R SFT — Base

(17)

where PR stands for Performance Retention, while
Compressed, Base, and SFT represent the perfor-
mance of the respective models.

The Drop metric, representing the performance
loss rate, is defined as:

Drop =1— PR (18)

C Additional Results

Table 6 reports the performance of DS-R1-LLaMA-
8B, DS-R1-Qwen-14B, and DS-R1-Qwen-32B on
MATH, AIME, GPQA, and HumanEval tasks. Con-
sistent with our main findings, D-QRELO remains
the top-performing method across all evaluated set-
tings.

21518



