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Abstract

Post-training has emerged as a crucial paradigm
for adapting large-scale pre-trained models
to various tasks, whose effects are fully re-
flected by delta parameters (i.e., the disparity
between post-trained and pre-trained parame-
ters). While numerous studies have explored
delta parameter properties via operations like
pruning, quantization, low-rank approximation,
and extrapolation, a fundamental question re-
mains: what properties of delta parameters
are essential for maintaining performance? In
this work, we investigate delta parameter prop-
erties along two dimensions: magnitude and
sign. Through experiments on instruct lan-
guage models, reasoning language models, and
vision models, we find that delta parameters ex-
hibit considerable editability: individual values,
distribution shape, relative relationships, and
even signs can be substantially modified while
maintaining post-trained model’s performance.
To understand these phenomena, we propose
a loss-based local surrogate analysis that ex-
amines editing effects through a second-order
Taylor expansion. Our analysis introduces the
concept of editing intensity, which helps ex-
plain the stability boundaries of different edit-
ing operations.1

1 Introduction

Post-training has become a critical step in devel-
oping large-scale models (Han et al., 2024; Xin
et al., 2024; Dodge et al., 2020; Zhao et al., 2023).
Through supervised fine-tuning and reinforcement
learning, post-training endows pre-trained models
with diverse capabilities such as instruction fol-
lowing (Rafailov et al., 2023; Ethayarajh et al.,
2024), mathematical reasoning (Luo et al., 2023;
Tong et al., 2024), code generation (Wang et al.,
2025), and visual recognition (Chen et al., 2022;

* Corresponding authors.
1Code is available at https://github.com/icip-cas/
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Figure 1: Delta parameters exhibit editability in both
magnitude and sign. We investigate editing operations
that modify magnitude (e.g., dropping and rescaling) or
flip signs (with rescaling). Despite substantial modifica-
tions to delta parameters, the edited models can largely
preserve the post-trained model’s performance.

Sandler et al., 2022). The effect of post-training
is fully reflected in the delta parameters, which
are defined as the difference between post-trained
and pre-trained parameters (Ilharco et al., 2023; Yu
et al., 2024). Understanding the properties of delta
parameters is therefore crucial for understanding
post-training itself.

Recent years have witnessed various methods
that edit delta parameters for different benefits. For
instance, DARE (Yu et al., 2024) and DELLA-
Merging (Deep et al., 2024) showed that models
can achieve comparable performance with only a
small fraction of delta parameters. BitDelta (Liu
et al., 2024) demonstrated that delta parameters
can be quantized to 1 bit with modest performance
degradation. EXPO (Zheng et al., 2024) observed
that extrapolating delta parameters with a suitable
scaling factor can even enhance alignment perfor-
mance. These works demonstrate that editing delta
parameters can yield benefits ranging from efficient
storage to improved alignment. However, they fo-
cus on different operations with different objectives,
leading to scattered findings. A fundamental ques-
tion remains unanswered: What properties of delta
parameters are essential for maintaining perfor-
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mance, and what can be freely manipulated?
In this work, we systematically investigate delta

parameter properties along two dimensions: magni-
tude (the absolute value) and sign (the direction of
change). We conduct experiments across instruct
language models (LLaMA-3-8B-Instruct (Dubey
et al., 2024), Mistral-7B-Instruct-v0.3 (Jiang et al.,
2023), Qwen2-7B-Instruct (Yang et al., 2024)),
reasoning language models (Qwen3-1.7B (Team,
2025)), and vision models (ViT-B-32 (Radford
et al., 2021)), covering post-training techniques
including SFT, RLHF (Qwen et al., 2025), and
RLVR (DeepSeek-AI et al., 2025). As shown in
Figure 1, we find that delta parameters exhibit con-
siderable editability: individual values, distribution
shape, relative relationships, and even signs can
be substantially modified while maintaining post-
trained model’s performance. In the magnitude
dimension, we find that within a reasonable edit-
ing range, what matters more is the overall statisti-
cal properties such as the mean of the magnitude,
rather than individual parameter values. More sur-
prisingly, in the sign dimension, we discover that a
substantial proportion of signs can be flipped while
still maintaining comparable performance to the
post-trained model. This finding suggests that the
direction of parameter updates, often assumed to
be important in prior work (Yadav et al., 2023; Liu
et al., 2024), also exhibits editability.

To understand these phenomena, we propose a
loss-based local surrogate analysis. We analyze the
effect of delta parameter editing through a second-
order Taylor expansion of the loss function. This
analysis reveals that the stability of editing opera-
tions is related to an editing intensity term, which
explains why high drop rates and sign-flip opera-
tions are more prone to performance degradation.

2 Preliminaries

2.1 Notation

Let Wpre ∈ Rd×k denote the parameters of a pre-
trained model, where d and k represent the out-
put and input dimensions. A post-trained model
with parameters Wpost ∈ Rd×k can be derived
from the pre-trained backbone through supervised
fine-tuning or reinforcement learning. The delta
parameters are defined as the difference between
post-trained and pre-trained parameters: ∆W =
Wpost − Wpre ∈ Rd×k. Since delta parameters
reflect the complete effect of post-training, under-
standing their properties is crucial for understand-

ing post-training itself.
Delta parameter editing refers to applying a

transformation F to the original delta parame-
ters, yielding edited delta parameters ∆W̃edit =
F(∆W ). The final edited model is then obtained
as Wedit = Wpre +∆W̃edit. Various editing oper-
ations have been explored in prior work, including
pruning, quantization, and extrapolation.

2.2 Representative Methods

DARE (Yu et al., 2024) is a representative delta
parameter editing method designed to reduce pa-
rameter redundancy and further mitigate conflicts
in model merging. Specifically, DARE first drops
delta parameters with probability p, then rescales
the remaining parameters by 1/(1− p):

∆W̃DARE =
1−M

1− p
⊙∆W, (1)

where M ∼ Bernoulli(p) is a random binary mask
and ⊙ denotes element-wise multiplication. With
this operation, DARE can drop up to 90% of delta
parameters while maintaining model performance.

BitDelta (Liu et al., 2024) proposes a quantiza-
tion method for delta parameters. It preserves only
the sign sign(∆W ) and replaces all magnitudes
with the average magnitude AVG(|∆W |):

∆W̃BitDelta = AVG(|∆W |) · sign(∆W ). (2)

In this way, BitDelta quantizes delta parameters to
1-bit while maintaining most of the model perfor-
mance with slight degradation.

These two methods demonstrate that aggressive
modifications to delta parameters do not necessarily
cause severe performance degradation. This raises
a natural question: what properties of delta pa-
rameters are essential for maintaining post-trained
model performance? In the following sections,
we investigate this question along two dimensions:
magnitude and sign.

3 Editability of Delta Parameters

In this section, we examine the properties of delta
parameters through experiments. We conduct ex-
periments on instruct language models (LLaMA-
3-8B-Instruct (Dubey et al., 2024), Mistral-7B-
Instruct-v0.3 (Jiang et al., 2023), Qwen2-7B-
Instruct (Yang et al., 2024)), reasoning language
models (Qwen3-1.7B (Team, 2025)), and vision
models (ViT-B-32 (Radford et al., 2021)). These
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(a) Llama3-8b on GSM8K.
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Figure 2: Performance under magnitude editing with varying drop rate p and scaling coefficient k.

models cover most post-training techniques, in-
cluding SFT, RFT, RLHF, and RLVR. We select
appropriate evaluation tasks for each category of
models. For instruct language models, we evaluate
on 8 tasks: ARC Challenge (Clark et al., 2018),
GSM8K (Cobbe et al., 2021), HellaSwag (Zellers
et al., 2019), HumanEval (Chen et al., 2021),
IFEval (Zhou et al., 2023), MMLU (Hendrycks
et al., 2020), TruthfulQA (Lin et al., 2021), and
Winogrande (Sakaguchi et al., 2021). For rea-
soning language models, we evaluate on MATH-
500 (Lightman et al., 2023), AIME 2025 (Amer-
ican Invitational Mathematics Examination prob-
lems), GPQA Diamond (Rein et al., 2024), and
LiveCodeBench (Jain et al., 2024). For vision
models, we evaluate on 8 image classification
tasks: Cars (Krause et al., 2013), DTD (Cimpoi
et al., 2014), EuroSAT (Helber et al., 2019), GT-
SRB (Stallkamp et al., 2011), MNIST (LeCun
et al., 2010), RESISC45 (Cheng et al., 2017),
SUN397 (Xiao et al., 2016), and SVHN (Netzer
et al., 2011).

3.1 Editability in Magnitude

To investigate the editability of delta parameters in
magnitude, we begin with DARE, a representative
delta parameter editing method. DARE randomly
selects a proportion p of delta parameters and sets
them to zero, then rescales the remaining parame-
ters by 1/(1− p). With this operation, DARE can
drop up to 90% of delta parameters while main-
taining model performance. The original paper
explains this phenomenon through the lens of ex-
pected embeddings. Consider a linear transforma-
tion h = Wx+ b, which is the basic operation in
neural networks. Let ∆W and ∆b denote the delta
parameters. After applying DARE with rescale

factor γ, the expectation of the output becomes:

E[ĥ] = Wprex+ bpre+(1−p) ·γ · (∆Wx+∆b).

By setting γ = 1/(1− p), we have E[ĥ] = h, i.e.,
the expected output is preserved. This preserva-
tion of expected output is argued to be the key to
maintaining model performance.

DARE sets the selected parameters to zero (i.e.,
multiplies them by 0). A natural question arises:
can we multiply by coefficients other than zero,
scaling up or down some parameters while rescal-
ing the rest, and still recover model performance?
In other words, if we randomly select delta param-
eters with probability p and multiply them by a
coefficient k, what should the rescale factor γ be
for the remaining parameters? Based on DARE’s
theoretical framework, the rescale factor for the
remaining parameters should be (1− kp)/(1− p)
to preserve the expected output (detailed derivation
in Appendix A). This yields a generalized formula-
tion:

∆W̃ = k·M⊙∆W+
1− kp

1− p
·(1−M)⊙∆W, (3)

where M ∼ Bernoulli(p) is a random binary mask.
When k = 0, this reduces to the original DARE.
When k = 1, no editing is performed.

To verify this hypothesis, we conduct experi-
ments with different values of k and drop rates p.
Figure 2 shows the results on representative mod-
els and datasets. When the drop rate p is relatively
small, model performance remains nearly identical
to the original post-trained model across a wide
range of k values. When p is larger, performance
slightly decreases but remains comparable to the
original DARE setting (k = 0). Similar patterns
are observed on other settings (see Appendix B).
These results indicate that scaling a subset of delta

36811



(d) Performance on ARC Challenge.

25
-s

ho
t A

cc
ur

ac
y

(%
)

Scale Factor of Magnitude Mean
0.5 1.0 1.5 2.0 2.5 3.0

(a) Performance on GSM8K.

5-
sh

ot
 A

cc
ur

ac
y

(%
)

20
10
0

60

40
30

50

0.5 1.0 1.5 2.0 2.5 3.0
Scale Factor of Magnitude Mean

(c) Performance on HumanEval.

Pa
ss

@
1

(%
) 40

30

20

60
50

Scale Factor of Magnitude Mean
0.5 1.0 1.5 2.0 2.5 3.0

70

10
0

30
25

50

40
35

45

55
60

Degenerate Normal Uniform Pre-train Post-train

Figure 3: Performance under varying magnitude mean and distribution shape. The x-axis represents the scaling
factor of the mean (1.0 is the original mean). Different curves correspond to different distribution shapes: uniform,
normal, and degenerate.

parameters by various coefficients, while appro-
priately rescaling the remaining parameters, can
maintain nearly the same model performance.

The above findings demonstrate that delta param-
eters exhibit considerable editability in magnitude:
we can scale a subset of parameters by different co-
efficients while rescaling the rest to preserve perfor-
mance. This raises a further question: what proper-
ties of magnitude are truly essential for maintaining
model performance? We consider three levels of
properties, from fine-grained to coarse-grained: (1)
the specific value of each individual parameter, (2)
the relative relationships among parameters (e.g.,
ordering by magnitude), and (3) the global statisti-
cal properties (e.g., mean of the magnitude, distri-
bution shape). We design a series of experiments
to keep the sign and investigate the importance of
each property.

Specific Values. To investigate whether specific
values are essential, we design an experiment that
changes specific values while preserving relative
relationships and global statistics. Specifically, we
apply a power transformation to all magnitude val-
ues: raising each magnitude to the power of α (we
test α = 0.5 and α = 1.5), which alters each
individual value but maintains the relative order-
ing among parameters. We then rescale the trans-
formed magnitudes to restore the original mean.
Table 1 shows the results. We find that under both
transformations, performance remains nearly un-
changed across all datasets. This suggests that
specific magnitude values have limited impact on
the capabilities learned through post-training.

Relative Relationships. DARE’s zero-out oper-
ation already suggests that relative relationships
can be partially disrupted without severe perfor-

Task Original Power 0.5 Power 1.5

ARC Challenge 62.20 62.46 61.95
GSM8K 75.51 74.67 75.36
HellaSwag 78.84 79.14 78.22
IFEval 47.12 47.28 47.07
MMLU 65.82 65.53 64.89
TruthfulQA 51.65 51.41 52.21
Winogrande 75.77 76.09 75.45

Table 1: Performance comparison between post-trained
model and power & rescale model on LLaMA-3-8B-
Instruct.

mance degradation. To thoroughly investigate this
factor, we design a shuffle experiment: we ran-
domly shuffle a proportion r of delta parameter
magnitudes across positions, varying r from 10%
to 100%. This operation progressively destroys
relative relationships while preserving the global
distribution and the specific values. Figure 4 shows
the results. When the shuffle rate is low, we observe
limited performance degradation. As the shuffle
rate increases, performance gradually decreases on
some datasets such as GSM8K, but remains reason-
able even at 100% shuffle rate. On other datasets
such as ARC-Challenge, performance is almost
unaffected even at high shuffle rates. Full results
across six tasks are provided in Appendix E.2. We
find that reasoning-intensive tasks like GSM8K
are more sensitive to shuffling, while knowledge-
oriented tasks largely rely on aggregate statistics
and are less affected. This suggests that relative
relationships contribute to performance to some
extent, particularly when severely disrupted.

Global Statistical Properties. We investigate
two aspects of global statistics: the distribution
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Figure 4: Performance of LLaMA-3-8B-Instruct on
GSM8K and ARC Challenge with different shuffle rates.

shape and the mean of the magnitude (|∆W |). We
design an experiment that jointly varies both fac-
tors. For the distribution shape, we consider three
options: (1) a uniform distribution, (2) a normal
distribution, and (3) a degenerate distribution (i.e.,
all magnitudes set to the same value). For the mean
of the magnitude, we scale all magnitudes by a
constant factor α ranging from 0.1 to 3.0. Figure 3
shows the results on three representative tasks. We
observe two clear patterns. First, at the same mean
value, the three distributions achieve nearly identi-
cal performance across all tasks. This indicates that
the specific distribution shape has limited impact
on performance. Second, when the mean deviates
from the original mean of magnitude, performance
degrades noticeably. These results indicate that the
mean of magnitude is a relatively important low-
dimensional indicator, while the distribution shape
has minimal impact.

The above experiments suggest a hierarchy of
importance among magnitude properties within our
experimental setting. The mean of the magnitude
appears to be the most sensitive factor. The rel-
ative relationships among parameters have some
impact on performance, particularly when severely
disrupted. Within a reasonable editing range, the
specific value of each individual parameter and the
distribution shape show less sensitivity.

This understanding is consistent with the phe-
nomena observed in existing delta parameter edit-
ing methods. For DARE, although individual val-
ues are perturbed through random dropping and
rescaling, the mean of magnitude is preserved by
the rescale operation, and relative relationships are
partially maintained among the non-dropped pa-
rameters. This may explain why DARE can main-
tain performance. For BitDelta, all magnitudes are
replaced with the mean value, which preserves the
mean but completely destroys relative relationships.
According to our analysis, this would be expected

to cause some performance degradation, which is
consistent with the empirical observations in the
original paper.

Based on this understanding, we hypothesize
that partially restoring relative relationships could
improve BitDelta’s performance. To verify this, we
propose a simple modification: instead of replac-
ing all magnitudes with a single value, we parti-
tion parameters into K bins based on their original
magnitude ranking. Parameters within each bin
are then assigned the mean magnitude of that bin.
When K = 1, this reduces to the original BitDelta.
As K increases, more relative relationship infor-
mation is preserved. Figure 5 shows the results.
Performance improves consistently as K increases.
When K = 16, performance approaches that of the
original post-trained model. This supports our anal-
ysis: while the mean of the magnitude is important,
partially preserving relative relationships provides
additional benefits.

(a) Performance on GSM8K.
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Figure 5: Effectiveness of increasing the number of bins
in BitDelta. The left subplot shows the performance
of LLaMA3-8B-Instruct and Mistral-7B-Instruct-v0.3
on the GSM8K dataset. The right subplot shows the
performance on the TruthfulQA dataset. In each subplot,
we use the dashed line to represent the performance of
the original post-trained model.

3.2 Editability in Sign
The previous subsection demonstrates that delta
parameters exhibit considerable editability in mag-
nitude. In this section, we investigate whether delta
parameters also exhibit editability in the sign di-
mension. Intuitively, the sign represents the direc-
tion of parameter adjustment during post-training,
indicating whether a parameter should increase or
decrease relative to the pre-trained value. This
directional information is often assumed to be im-
portant (Yadav et al., 2023; Liu et al., 2024).

To investigate whether signs can be modified, we
extend the generalized formulation in Equation 3
to negative k values. When k < 0, the selected
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Figure 6: Performance under sign editing with varying flip rate p and scaling coefficient k < 0.

parameters are multiplied by a negative coefficient,
which flips their signs and scales their magnitudes.
Then we rescale the remaining parameters by (1−
kp)/(1 − p), which is expected to preserve the
expected output.

To verify this, we conduct sign-flip experiments
across multiple models. Specifically, we con-
sider two representative settings: k = −0.5 (flip-
ping signs while reducing magnitude by half) and
k = −1.0 (fully flipping signs without magnitude
change). For each setting, we vary the flip propor-
tion p and observe the resulting performance. Fig-
ure 6 shows the representative results (full results
are shown in Appendix B). We observe interesting
patterns across different ranges of p. When the
flip proportion is small, almost all models across
all tasks can tolerate sign flipping with only minor
performance degradation. This is a notable finding
given the common assumption that signs encode
essential directional information. When p becomes
larger, different models and tasks exhibit varying
degrees of robustness. For instance, LLaMA-3-8B-
Instruct on GSM8K can tolerate up to 60% sign
flipping while maintaining reasonable performance.
More strikingly, ViT-B-32 on several vision tasks
can tolerate up to 90% complete sign flipping with
almost no performance degradation after rescaling.
These results suggest that the editability of signs
varies across models and tasks, but a substantial
degree of sign modification is generally tolerable.

Combined with our findings on magnitude, delta
parameters show editability in both magnitude and
sign: within a reasonable editing range, individual
values, distribution shape, relative relationships,
and even signs can be substantially modified while
maintaining model performance. We further verify
that these findings generalize to larger-scale mod-
els (LLaMA-3-70B (Dubey et al., 2024)) and MoE

architectures (Mixtral-8x7B (Jiang et al., 2024)) in
Appendix E.1, and provide a detailed failure analy-
sis examining how performance degrades beyond
stability boundaries in Appendix E.3.

4 Understanding the Editability of Delta
Parameters

In the previous section, we observed that delta pa-
rameters exhibit considerable editability in both
magnitude and sign. At the same time, we also
observed some stability boundaries: performance
degrades sharply when the drop rate is too high, and
sign-flip becomes unstable earlier than magnitude-
only editing at comparable modification rates.
DARE’s theoretical framework provides a useful
intuition by approximately preserving expected out-
puts, but it does not readily explain these phenom-
ena. In this section, we enrich this understanding by
analyzing the loss change induced by editing per-
turbations using a second-order surrogate, which
allows us to better understand the editability of
delta parameters.

4.1 A Loss-Based Local Surrogate Analysis

In this section, we view the delta parameter edit-
ing operation as a perturbation to the post-trained
model. We denote the edited model as Wedit =
Wpre +∆W̃edit, where ∆W̃edit is the edited delta
parameters. We define the editing perturbation as
e ≜ ∆W̃edit−∆W , which describes the deviation
of the edited delta parameters from the original
ones. We focus on the loss change caused by edit-
ing:

∆L ≜ L(Wedit)− L(Wpost). (4)

The goal of editing is to control |∆L| and avoid
significant performance degradation.
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To analyze how editing affects ∆L, we apply a
second-order Taylor expansion:

∆L ≈ g⊤e+
1

2
e⊤Ce, (5)

where g = ∇L(Wpost) is the gradient and C ⪰
0 is a positive semi-definite curvature proxy (e.g.,
Gauss-Newton or Fisher information). We use a
PSD proxy instead of the exact Hessian, which may
be indefinite in deep networks, so that the quadratic
term 1

2e
⊤Ce behaves as a non-negative curvature

cost. Our subsequent derivations do not require C
to exactly equal the true Hessian—they only rely
on C being a reasonable PSD curvature surrogate.
This expansion decomposes ∆L into a first-order
term g⊤e and a second-order term 1

2e
⊤Ce, which

we analyze in the following subsections.

4.2 Editing Intensity

In this part, we focus on the generalized editing
formulation defined in Equation 3. We analyze
how the choice of (p, k) affects the loss change
∆L. The editing perturbation e can be written as:

ei =

{
(k − 1)∆wi with probability p
p(1−k)
1−p ∆wi with probability 1− p

.

For the first-order term g⊤e =
∑

i giei, we
can compute its expectation and variance (detailed
derivation in Appendix C):

E[g⊤e] = 0

Var(g⊤e) =
p

1− p
(1− k)2 ·

∑

i

(gi∆wi)
2.

The expectation being zero indicates that the
rescale operation centers the first-order contribu-
tion in expectation. This is the foundation for why
this type of editing can largely preserve perfor-
mance. The variance is non-zero and scales with
(p, k), which means that as the editing becomes
more aggressive, the model after a single editing
realization may have larger loss deviation.

For the second-order term 1
2e

⊤Ce, we note that
under our randomized editing (Equation 3), the
i.i.d. Bernoulli mask yields E[ei] = 0 and, by
independence, E[eiej ] = 0 for i ̸= j. There-
fore, off-diagonal interactions in C average out
in expectation, and for any symmetric C, the ex-
pected quadratic cost depends only on its diago-
nal elements: E[e⊤Ce] =

∑
iCii E[e2i ]. Denoting

si = Cii ≥ 0, the expectation is:

E

[
1

2

∑

i

sie
2
i

]
=

1

2
· p

1− p
(1−k)2·

∑

i

si(∆wi)
2.

Since si ≥ 0, this term is always non-negative,
representing a curvature cost that accumulates with
the perturbation magnitude. The expectation scales
with (p, k) through the factor p

1−p(1 − k)2, and
with the model/task through

∑
i si(∆wi)

2.
Both the variance of the first-order term and the

expectation of the second-order term share a com-
mon factor that depends on (p, k). This factor di-
rectly controls the magnitude of loss change: larger
values lead to larger variance in the first-order term
and larger expected cost in the second-order term.
We define the editing intensity:

I(p, k) ≜ p

1− p
(1− k)2. (6)

For a fixed model and task, Var(g⊤e) ∝ I and
E[e⊤Ce] ∝ I. Thus, larger I leads to larger
loss fluctuations and larger expected curvature cost,
making ∆L more likely to increase, and conse-
quently causing the edited model to deviate further
from the post-trained model.

The editing intensity explains the boundary phe-
nomena observed in Section 3. First, when p → 1,
I → ∞ due to the p

1−p factor, which explains
why high drop rates lead to instability regardless
of the value of k. Second, when k < 0 (sign-
flip), (1 − k)2 > 1. For example, when k = −1,
(1 − k)2 = 4, which is four times larger than
when k = 0 (original DARE). This means that
at the same drop rate p, sign-flip has significantly
larger editing intensity than magnitude-only edit-
ing, which explains why sign-flip enters the un-
stable region earlier and can only tolerate smaller
values of p.

To validate the proposed editing intensity, we
evaluate it on LLaMA-3-8B-Instruct using the
GSM8K benchmark. Specifically, we sweep over a
wide range of (p, k) to generate a large collection
of edited models and measure their downstream
performance as a function of the corresponding
editing intensity. As shown in Figure 7, editing
intensity exhibits a clear negative correlation with
performance: as I increases, performance consis-
tently decreases. Moreover, when I remains small,
the edited models stay close to the post-trained
model in terms of performance. We further show
the relationship on a log-scale in Figure 14, where
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we observe that under this setting, when I ≤ 2,
performance shows nearly no degradation. This
suggests I can serve as a practical diagnostic for
anticipating whether a given editing configuration
remains within the safe regime.
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Figure 7: The relationship between editing intensity and
performance on LLaMA-3-8B-Instruct using GSM8K
benchmark.

5 Related Work

Post-training of Large-Scale Models Post-
training is widely adopted to achieve a pre-trained
backbone toward downstream capability and align-
ment objectives (Dodge et al., 2020; Zhao et al.,
2023; Team, 2025). Concretely, the training signal
may come from supervised demonstrations (Zhao
et al., 2024; Lambert et al., 2025; Moshkov et al.,
2025), preference-based optimization, e.g., PPO
or DPO, (Ouyang et al., 2022; DeepSeek-AI et al.,
2024; Xu et al., 2024; Wang et al., 2024), or veri-
fiable feedback produced by rule-based or model-
based verifiers, (Shao et al., 2024; Yu et al., 2025).
The effectiveness of post-training can be denoted
by the delta parameters, which represent the differ-
ence between post-trained and pre-trained parame-
ters (Ilharco et al., 2023; Yu et al., 2024). Given the
close correlations between delta parameters and the
post-training process, investigating the properties
of delta parameters becomes particularly impor-
tant. In this paper, we discovered the editability
of delta parameters, suggesting that the effects of
post-training can be approximately preserved under
diverse parameter configurations.

Delta Parameter Editing Delta parameter edit-
ing has been explored for various purposes in recent
years. One line of work focuses on model merging,
which aims to combine multiple post-trained mod-
els into a single model. DARE (Yu et al., 2024)
reduces parameter conflicts by randomly dropping

delta parameters and rescaling the rest. DELLA-
Merging (Deep et al., 2024) extends DARE with
magnitude-aware dropping. TIES-Merging (Yadav
et al., 2023) resolves sign conflicts and retains only
large-magnitude parameters. Twin-Merging (Lu
et al., 2024) applies singular value decomposition
to extract task-specific knowledge. Another line of
work focuses on model compression. BitDelta (Liu
et al., 2024) quantizes delta parameters to 1-bit
by preserving only signs and a shared magnitude
scalar. A third line of work focuses on model en-
hancement. EXPO (Zheng et al., 2024) extrapo-
lates delta parameters with a scaling factor to im-
prove alignment performance. While these meth-
ods achieve their respective goals through different
operations, there remains limited understanding of
what properties of delta parameters are essential for
maintaining model performance. Our work aims
to investigate this question through systematic ex-
periments and provide insights that complement
existing methods.

6 Conclusion

In this work, we investigated the properties of delta
parameters in post-trained models along magni-
tude and sign. Through experiments across instruct
language models, reasoning language models, and
vision models, we find that delta parameters exhibit
considerable editability. In the magnitude dimen-
sion, we observe that within a reasonable editing
range, the mean of magnitude is the most sensi-
tive factor, while individual values and distribution
shape show less impact. In the sign dimension, we
find that a substantial proportion of signs can be
flipped while maintaining reasonable performance.
To understand these phenomena, we proposed a
loss-based local surrogate analysis using second-
order Taylor expansion. This analysis introduces
the concept of editing intensity, which helps ex-
plain the stability boundaries of different editing
operations. Our findings provide insights for un-
derstanding and designing delta parameter editing
methods. These findings suggest practical direc-
tions for future editing method design: practition-
ers may prioritize preserving the mean of magni-
tude and signs first, followed by relative relation-
ships, as these are the most performance-sensitive
factors. Moreover, post-training procedures could
be explored to produce edit-friendly delta parame-
ters whose performance relies more on aggregate
statistics than on individual values.
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Limitations

In this work, we investigated the editability of delta
parameters across many models. While our anal-
ysis in Section 4 provides a loss-based local sur-
rogate through a second-order Taylor expansion
around Wpost, it should be interpreted as a qualita-
tive explanatory lens rather than a tight predictor
of ∆L, particularly in the high editing intensity
regime where higher-order terms and off-diagonal
curvature interactions may become non-negligible.
A more rigorous theoretical characterization would
further strengthen our findings.
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A Deriving the Rescale Factor in
Equation 3

We derive the rescale factor used in Equation 3
from the same expected-output preservation intu-
ition as in DARE. Consider a linear transformation
h = Wx + b with delta parameters (∆W,∆b).
We apply a coordinate-wise random scaling to the
delta parameters: with probability p we multiply
by k, and with probability 1 − p we multiply by
an unknown factor γ. Let M ∼ Bernoulli(p) be
the binary mask (element-wise) indicating which
coordinates take the factor k.

After editing, the output becomes

ĥ =
(
Wpre +∆W̃

)
x+

(
bpre +∆b̃

)
,

where,

∆W̃ = k ·M ⊙∆W + γ · (1−M)⊙∆W,

∆b̃ = k ·M ⊙∆b + γ · (1−M)⊙∆b.
Taking expectation over the editing randomness

(i.e., over M ), we have E[M ] = p and E[1−M ] =
1− p. Thus

E[∆W̃ ] =
(
pk + (1− p)γ

)
∆W,

E[∆b̃] =
(
pk + (1− p)γ

)
∆b.

DARE-style expected-output preservation re-
quires the expected delta contribution to match the
original delta contribution, i.e., E[∆W̃ ] = ∆W
and E[∆b̃] = ∆b. This yields a single scalar condi-
tion:

pk + (1− p)γ = 1.
Solving for γ gives the rescale factor used in

Equation 3:

γ =
1− kp

1− p
.

B Full Experimental Results

We conduct a thorough experimental validation
on the editability of delta parameters. The results
of LLaMA3-8B-Instruct, Mistral-7B-Instruct-v0.3,
ViT-B-32 and Qwen3-1.7B across eight bench-
marks are presented in Figure 8, Figure 9, Fig-
ure 10, and Figure 11, Figure 12, respectively.

The full results of LLaMA-3-8B-Instruct on all
datasets for experiments with varying magnitude
mean and distribution shape are shown in Fig-
ure 13.

C Derivations for Editing Intensity

This appendix provides derivations for the results in
Section 4. We start from the two-point distribution
of the editing perturbation already given in the main
text:

ei =

{
(k − 1)∆wi with probability p,
p(1−k)
1−p ∆wi with probability 1− p.

We take expectation/variance over the editing ran-
domness, treating (g,∆W ) as fixed for the local
surrogate.

C.1 First-order term: E[g⊤e] = 0

We compute E[ei] directly:

E[ei] = p(k − 1)∆wi + (1− p)
p(1− k)

1− p
∆wi

= p(k − 1)∆wi + p(1− k)∆wi

= 0.
Therefore,

E[g⊤e] = E

[∑

i

giei

]
=
∑

i

gi E[ei] = 0.

C.2 Variance of the first-order term
We assume the coordinate-wise editing random-
ness is independent across i (e.g., induced by an
i.i.d. Bernoulli mask). Since E[ei] = 0, we have
Var(ei) = E[e2i ]. First compute E[e2i ]:

E[e2i ] = p(k − 1)2(∆wi)
2 + (1− p)

(
p(1− k)

1− p

)2
(∆wi)

2

= (1− k)2(∆wi)
2

(
p+

p2

1− p

)

= (1− k)2(∆wi)
2 · p

1− p
.

Now let Xi ≜ giei. Under independence across
i, Var(

∑
iXi) =

∑
iVar(Xi). Thus:

Var(g⊤e) = Var

(∑

i

giei

)
=
∑

i

Var(giei)

=
∑

i

g2i Var(ei) =
∑

i

g2i E[e2i ]

=
p

1− p
(1− k)2

∑

i

(gi∆wi)
2.

C.3 Expected second-order term under
randomized masking

As shown in Section 4.2, under i.i.d. Bernoulli
masking, E[ei] = 0 and E[eiej ] = 0 for i ̸=
j. Therefore, for any symmetric curvature proxy
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(d) Performance on ARC Challenge.
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(e) Performance on Winogrande.
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(f) Performance on IFEval.
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(h) Performance on HellaSwag.
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(i) Performance on MMLU.
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(b) Performance on TruthfulQA.
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(c) Performance on HumanEval.
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Figure 8: The performance of LLaMA3-8B-Instruct on the all benchmarks under varying p and k.
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(d) Performance on ARC Challenge.
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(e) Performance on Winogrande.
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(f) Performance on IFEval.
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(h) Performance on HellaSwag.
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(i) Performance on MMLU.
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(b) Performance on TruthfulQA.
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(c) Performance on HumanEval.
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Figure 9: The performance of Mistral-7B-Instruct-v0.3 on the all benchmarks under varying p and k.

𝑘 = −1.0 𝑘 = −0.5 𝑘 = 0.0 𝑘 = 0.5 𝑘 = 0.8 Pre-train Post-train
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(d) Performance on ARC Challenge.
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(e) Performance on Winogrande.
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(f) Performance on IFEval.
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(h) Performance on HellaSwag.
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(i) Performance on MMLU.
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(b) Performance on TruthfulQA.
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(c) Performance on HumanEval.
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Figure 10: The performance of Qwen2-7B-Instruct on the all benchmarks under varying p and k.
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A
cc

ur
ac

y
(%

)

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Drop Rate 𝑝

(i) Performance on SVHN.

A
cc

ur
ac

y
(%

)

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Drop Rate 𝑝

34
32

30

98

94
92

96

100

66
64

62

76

72
70

74

78

62
60

58

77

73
71

75

79

62
60

58

98

94
92

96

100

(a) Performance on DTD.
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(b) Performance on EuroSAT.
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(c) Performance on GTSRB.
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Figure 11: The performance of ViT-B-32 on the all benchmarks under varying p and k.
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Figure 12: The performance of Qwen3-1.7B on the all benchmarks under varying p and k.
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0-
sh

ot
 A

cc
ur

ac
y

(%
)

44

54

52

48

46

50

Multiple of Original Average Magnitude
(c) Performance on HumanEval.

Pa
ss

@
1

(%
) 40

30

20

60
50

Multiple of Original Average Magnitude
0.5 1.0 1.5 2.0 2.5 3.00.5 1.0 1.5 2.0 2.5 3.0

70

10
0

30
25

50

40
35

45

55
60

40

30

60

50
60

50

40

Degenerate Normal Uniform Pre-train Post-train

Figure 13: The full results on all datasets for experiments with varying magnitude mean and distribution shape.
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Figure 14: The relationship between editing intensity
and performance in log-scale on LLaMA-3-8B-Instruct
using GSM8K benchmark.

C ⪰ 0, E[e⊤Ce] =
∑

iCii E[e2i ]. Denoting
si = Cii ≥ 0, we have:

E

[
1

2

∑

i

sie
2
i

]
=

1

2

∑

i

si E[e2i ]

=
1

2
· p

1− p
(1− k)2

∑

i

si(∆wi)
2.

This shows that both Var(g⊤e) and E
[∑

i sie
2
i

]

share the same (p, k)-dependent factor. We there-
fore define the editing intensity:

I(p, k) ≜ p

1− p
(1− k)2.

D The Use of Large Language Models

We utilized LLMs to aid and polish writing.

E Additional Experimental Results

E.1 Experiments on Larger-Scale and MoE
Models

To verify whether our findings generalize to larger-
scale and mixture-of-experts (MoE) architectures,
we conduct additional experiments on LLaMA-
3-70B-Instruct (Dubey et al., 2024) and Mixtral-
8x7B-Instruct (Jiang et al., 2024) using the GSM8K
benchmark. We test representative settings with
p ∈ {0.3, 0.5, 0.7, 0.9} under magnitude editing
(k = 0.5) and sign editing (k = −0.5). Results are
shown in Table 2.

The results are consistent with our findings on
smaller models. For magnitude editing (k = 0.5),
both models maintain performance close to the
post-trained model even at p = 0.9. For sign edit-
ing (k = −0.5), performance remains stable at
moderate p values but degrades at p = 0.9, consis-
tent with the higher editing intensity of sign-flip

Model Post-train k p=0.3 p=0.5 p=0.7 p=0.9

LLaMA-3-70B 91.28 0.5 91.05 91.05 91.43 91.21
LLaMA-3-70B 91.28 −0.5 91.05 90.75 90.83 86.73

Mixtral-8x7B 64.29 0.5 65.35 64.06 64.06 63.53
Mixtral-8x7B 64.29 −0.5 64.59 64.82 63.84 59.29

Table 2: Performance (GSM8K accuracy) of larger-
scale and MoE models under magnitude editing (k =
0.5) and sign editing (k = −0.5) with varying drop
rates p.

operations. These results suggest that the editabil-
ity of delta parameters extends to both larger-scale
and MoE architectures.

E.2 Full Results on Relative Relationships

We present the complete shuffle experiment results
across six tasks on LLaMA-3-8B-Instruct in Ta-
ble 3. The shuffle rate r varies from 0.0 (no shuffle)
to 1.0 (full shuffle).

r ARC GSM8K HellaSwag MMLU TruthfulQA Winogrande

0.0 62.20 75.51 78.84 65.82 51.65 75.77
0.1 62.63 75.36 79.01 65.85 51.67 75.93
0.3 62.71 75.13 79.13 65.93 50.92 76.40
0.5 62.80 73.01 79.42 66.09 50.70 75.69
0.7 62.80 73.24 79.40 66.09 50.99 76.32
1.0 63.05 70.13 79.41 65.98 50.65 75.85

Table 3: Performance of LLaMA-3-8B-Instruct across
six tasks under varying shuffle rates.

GSM8K is the most sensitive task to shuffling,
dropping approximately 5 points from r = 0.0 to
r = 1.0, while tasks such as ARC-Challenge, Hel-
laSwag, MMLU, and Winogrande remain largely
unaffected even at 100% shuffle rate. This dif-
ference is likely related to task characteristics:
reasoning-intensive tasks like GSM8K may de-
pend more on fine-grained positional relationships
among delta parameters, while knowledge-oriented
tasks may rely more on aggregate statistics such as
the mean magnitude.

E.3 Failure Analysis Beyond Stability
Boundaries

We conduct two complementary analyses on
LLaMA-3-8B-Instruct using GSM8K to examine
how performance degrades as editing boundaries
are exceeded.

Difficulty-Stratified Analysis. We partition
GSM8K problems into three difficulty bins
(Easy/Medium/Hard) following Ding et al. (2024),
and measure accuracy under low (p=0.5, k=0.0),
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medium (p=0.9, k=0.0), and high (p=0.9, k=−0.5)
editing intensity. Results are shown in Table 4.

Difficulty Post-train Low Edit Mid Edit High Edit

Easy 88.84% 90.21% (↑1.5%) 85.42% (↓3.9%) 33.26% (↓62.6%)
Medium 78.41% 78.64% (↑0.3%) 66.14% (↓15.6%) 13.18% (↓83.2%)
Hard 58.64% 58.18% (↓0.8%) 46.59% (↓20.6%) 4.32% (↓92.6%)

Table 4: Difficulty-stratified accuracy under different
editing intensities on GSM8K. Percentages in paren-
theses denote the relative change w.r.t. the post-trained
model (↑ for improvement, ↓ for degradation).

Under low editing, all difficulty levels remain
virtually unchanged. As editing intensity increases,
harder problems degrade disproportionately faster—
under high editing, hard problems lose 92.6% of
their accuracy while easy problems retain about
one-third. This suggests that complex reasoning
capabilities are more fragile to delta parameter edit-
ing.

Error Type Analysis. We further sample 100
incorrect responses per editing level and classify
errors into four categories to understand the quali-
tative shift in failure modes. Results are shown in
Table 5.

Error Type Low Edit Mid Edit High Edit

Arithmetic/Calculation Errors 25% 23% 14%
Localized Reasoning Errors 45% 26% 17%
Fundamental Understanding Errors 24% 41% 52%
Degenerate Generation 6% 10% 17%

Table 5: Distribution of error types across editing in-
tensity levels on GSM8K. Localized Reasoning Errors
refer to cases where the overall approach is correct but
a specific step fails. Fundamental Understanding Er-
rors refer to cases where the problem modeling itself is
wrong.

As editing intensity increases, the dominant fail-
ure mode shifts from localized step-level mistakes
(45%→17%) to fundamental misunderstanding of
the problem (24%→52%), accompanied by the
emergence of degenerate generation (6%→17%)
where the model enters repetitive loops. This re-
veals a progressive degradation pattern—from care-
less errors to conceptual failures to generation col-
lapse—suggesting that more complex capabilities
are less robust to delta parameter editing and de-
grade earlier than simpler ones.
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