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Abstract001

Post-training has emerged as a crucial paradigm002
for adapting large-scale pre-trained models003
to various tasks, whose effects are fully re-004
flected by delta parameters (i.e., the disparity005
between post-trained and pre-trained parame-006
ters). While numerous studies have explored007
delta parameter properties via operations like008
pruning, quantization, low-rank approximation,009
and extrapolation, a fundamental question re-010
mains: what properties of delta parameters011
are essential for maintaining performance? In012
this work, we investigate delta parameter prop-013
erties along two dimensions: magnitude and014
sign. Through experiments on instruct lan-015
guage models, reasoning language models, and016
vision models, we find that delta parameters ex-017
hibit considerable plasticity: individual values,018
distribution shape, relative relationships, and019
even signs can be substantially modified while020
maintaining post-trained model’s performance.021
To understand these phenomena, we develop a022
loss-based theoretical framework that analyzes023
editing effects through a second-order Taylor024
expansion. Our analysis introduces the concept025
of editing intensity, which helps explain the sta-026
bility boundaries of different editing operations,027
and identifies mean and relative relationships028
as key factors from a theoretical perspective.029

1 Introduction030

Post-training has become a critical step in devel-031

oping large-scale models (Han et al., 2024; Xin032

et al., 2024; Dodge et al., 2020; Zhao et al., 2023).033

Through supervised fine-tuning and reinforcement034

learning, post-training endows pre-trained models035

with diverse capabilities such as instruction fol-036

lowing (Rafailov et al., 2023; Ethayarajh et al.,037

2024), mathematical reasoning (Luo et al., 2023;038

Tong et al., 2024), code generation (Wang et al.,039

2025), and visual recognition (Chen et al., 2022;040

Sandler et al., 2022). The effect of post-training041

is fully reflected in the delta parameters, which042
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Figure 1: Delta parameters exhibit plasticity 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.

are defined as the difference between post-trained 043

and pre-trained parameters (Ilharco et al., 2023; Yu 044

et al., 2024). Understanding the properties of delta 045

parameters is therefore crucial for understanding 046

post-training itself. 047

Recent years have witnessed various methods 048

that edit delta parameters for different benefits. For 049

instance, DARE (Yu et al., 2024) and DELLA- 050

Merging (Deep et al., 2024) showed that models 051

can achieve comparable performance with only a 052

small fraction of delta parameters. BitDelta (Liu 053

et al., 2024) demonstrated that delta parameters 054

can be quantized to 1 bit with modest performance 055

degradation. EXPO (Zheng et al., 2024) observed 056

that extrapolating delta parameters with a suitable 057

scaling factor can even enhance alignment perfor- 058

mance. These works demonstrate that editing delta 059

parameters can yield benefits ranging from efficient 060

storage to improved alignment. However, they fo- 061

cus on different operations with different objectives, 062

leading to scattered findings. A fundamental ques- 063

tion remains unanswered: What properties of delta 064

parameters are essential for maintaining perfor- 065

mance, and what can be freely manipulated? 066

In this work, we systematically investigate delta 067

parameter properties along two dimensions: magni- 068
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tude (the absolute value) and sign (the direction of069

change). We conduct experiments across instruct070

language models (LLaMA-3-8B-Instruct (Dubey071

et al., 2024), Mistral-7B-Instruct-v0.3 (Jiang et al.,072

2023), Qwen2-7B-Instruct (Yang et al., 2024)),073

reasoning language models ( Qwen3-1.7B (Team,074

2025)), and vision models (ViT-B-32 (Radford075

et al., 2021)), covering post-training techniques076

including SFT, RLHF (Qwen et al., 2025), and077

RLVR (DeepSeek-AI et al., 2025). As shown in078

Figure 1, we find that delta parameters exhibit con-079

siderable plasticity: individual values, distribution080

shape, relative relationships, and even signs can081

be substantially modified while maintaining post-082

trained model’s performance. In the magnitude083

dimension, we find that within a reasonable edit-084

ing range, what matters more is the overall statisti-085

cal properties such as the mean of the magnitude,086

rather than individual parameter values. More sur-087

prisingly, in the sign dimension, we discover that a088

substantial proportion of signs can be flipped while089

still maintaining comparable performance to the090

post-trained model. This finding suggests that the091

direction of parameter updates, often assumed to092

be important in prior work (Yadav et al., 2023; Liu093

et al., 2024), also exhibits plasticity.094

To understand these phenomena, we develop a095

loss-based theoretical framework. We analyze the096

effect of delta parameter editing through a second-097

order Taylor expansion of the loss function. This098

analysis reveals that the stability of editing opera-099

tions is related to an editing intensity term, which100

explains why high drop rates and sign-flip oper-101

ations are more prone to performance degrada-102

tion. Furthermore, our theoretical analysis iden-103

tifies mean and relative relationships as key factors104

affecting performance, providing a principled ex-105

planation for our empirical findings.106

2 Preliminaries107

2.1 Notation108

Let Wpre ∈ Rd×k denote the parameters of a pre-109

trained model, where d and k represent the out-110

put and input dimensions. A post-trained model111

with parameters Wpost ∈ Rd×k can be derived112

from the pre-trained backbone through supervised113

fine-tuning or reinforcement learning. The delta114

parameters are defined as the difference between115

post-trained and pre-trained parameters: ∆W =116

Wpost − Wpre ∈ Rd×k. Since delta parameters117

reflect the complete effect of post-training, under-118

standing their properties is crucial for understand- 119

ing post-training itself. 120

Delta parameter editing refers to applying a 121

transformation F to the original delta parame- 122

ters, yielding edited delta parameters ∆W̃edit = 123

F(∆W ). The final edited model is then obtained 124

as Wedit = Wpre +∆W̃edit. Various editing oper- 125

ations have been explored in prior work, including 126

pruning, quantization, and extrapolation. 127

2.2 Representative Methods 128

DARE (Yu et al., 2024) is a representative delta 129

parameter editing method designed to reduce pa- 130

rameter redundancy and further mitigate conflicts 131

in model merging. Specifically, DARE first drops 132

delta parameters with probability p, then rescales 133

the remaining parameters by 1/(1− p): 134

∆W̃DARE =
1−M

1− p
⊙∆W (1) 135

where M ∼ Bernoulli(p) is a random binary mask 136

and ⊙ denotes element-wise multiplication. With 137

this operation, DARE can drop up to 90% of delta 138

parameters while maintaining model performance. 139

BitDelta (Liu et al., 2024) proposes a quantiza- 140

tion method for delta parameters. It preserves only 141

the sign sign(∆W ) and replaces all magnitudes 142

with the average magnitude AVG(|∆W |): 143

∆W̃BitDelta = AVG(|∆W |) · sign(∆W ) (2) 144

In this way, BitDelta quantizes delta parameters to 145

1-bit while maintaining most of the model perfor- 146

mance with slight degradation. 147

These two methods demonstrate that aggressive 148

modifications to delta parameters do not necessarily 149

cause severe performance degradation. This raises 150

a natural question: what properties of delta pa- 151

rameters are essential for maintaining post-trained 152

model performance? In the following sections, we 153

systematically investigate this question along two 154

dimensions: magnitude and sign. 155

3 Plasticity of Delta Parameters 156

In this section, we systematically investigate the 157

properties of delta parameters through experi- 158

ments. We conduct experiments on instruct lan- 159

guage models (LLaMA-3-8B-Instruct (Dubey et al., 160

2024), Mistral-7B-Instruct-v0.3 (Jiang et al., 2023), 161

Qwen2-7B-Instruct (Yang et al., 2024)), reasoning 162

language models ( Qwen3-1.7B (Team, 2025)), and 163

vision models (ViT-B-32 (Radford et al., 2021)). 164

2



� = 0.5� = 0.0 Pre-train Post-train

(b) ViT-B-32 on DTD.

A
cc

ur
ac

y 
(%

)

46
44

42

82

78
76

80

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Drop Rate �

(a) Llama3-8b on GSM8K.

A
cc

ur
ac

y 
(%

)

50
45
40

60
55

70

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

65

75

(c) Qwen3-1.7B on Math500.

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

0

15

30

45

60

75

90

A
cc

ur
ac

y 
(%

)

� = 0.8

Figure 2: Performance under magnitude editing with varying drop rate p and scaling coefficient k.

These models cover most post-training techniques,165

including SFT, RFT, RLHF, and RLVR. We select166

appropriate evaluation tasks for each category of167

models. For instruct language models, we evaluate168

on 8 tasks: ARC Challenge (Clark et al., 2018),169

GSM8K (Cobbe et al., 2021), HellaSwag (Zellers170

et al., 2019), HumanEval (Chen et al., 2021),171

IFEval (Zhou et al., 2023), MMLU (Hendrycks172

et al., 2020), TruthfulQA (Lin et al., 2021), and173

Winogrande (Sakaguchi et al., 2021). For rea-174

soning language models, we evaluate on MATH-175

500 (Lightman et al., 2023), AIME 2025 (Amer-176

ican Invitational Mathematics Examination prob-177

lems), GPQA Diamond (Rein et al., 2024), and178

LiveCodeBench (Jain et al., 2024). For vision179

models, we evaluate on 8 image classification180

tasks: Cars (Krause et al., 2013), DTD (Cimpoi181

et al., 2014), EuroSAT (Helber et al., 2019), GT-182

SRB (Stallkamp et al., 2011), MNIST (LeCun183

et al., 2010), RESISC45 (Cheng et al., 2017),184

SUN397 (Xiao et al., 2016), and SVHN (Netzer185

et al., 2011).186

3.1 Plasticity in Magnitude187

To investigate the plasticity of delta parameters in188

magnitude, we begin with DARE, a representative189

delta parameter editing method. DARE randomly190

selects a proportion p of delta parameters and sets191

them to zero, then rescales the remaining parame-192

ters by 1/(1− p). With this operation, DARE can193

drop up to 90% of delta parameters while main-194

taining model performance. The original paper195

explains this phenomenon through the lens of ex-196

pected embeddings. Consider a linear transforma-197

tion h = Wx+ b, which is the basic operation in198

neural networks. Let ∆W and ∆b denote the delta199

parameters. After applying DARE with rescale200

factor γ, the expectation of the output becomes:201

E[ĥ] = Wprex+ bpre +(1− p) · γ · (∆Wx+∆b)202

By setting γ = 1/(1− p), we have E[ĥ] = h, i.e., 203

the expected output is preserved. This preserva- 204

tion of expected output is argued to be the key to 205

maintaining model performance. 206

DARE sets the selected parameters to zero (i.e., 207

multiplies them by 0). A natural question arises: 208

can we multiply by coefficients other than zero, 209

scaling up or down some parameters while rescal- 210

ing the rest, and still recover model performance? 211

In other words, if we randomly select delta param- 212

eters with probability p and multiply them by a 213

coefficient k, what should the rescale factor γ be 214

for the remaining parameters? Based on DARE’s 215

theoretical framework, the rescale factor for the 216

remaining parameters should be (1− kp)/(1− p) 217

to preserve the expected output (detailed derivation 218

in Appendix A). This yields a generalized formula- 219

tion: 220

∆W̃ = k·M⊙∆W+
1− kp

1− p
·(1−M)⊙∆W (3) 221

where M ∼ Bernoulli(p) is a random binary mask. 222

When k = 0, this reduces to the original DARE. 223

When k = 1, no editing is performed. 224

To verify this hypothesis, we conduct experi- 225

ments with different values of k and drop rates p. 226

Figure 2 shows the results on representative mod- 227

els and datasets. When the drop rate p is relatively 228

small, model performance remains nearly identical 229

to the original post-trained model across a wide 230

range of k values. When p is larger, performance 231

slightly decreases but remains comparable to the 232

original DARE setting (k = 0). Similar patterns 233

are observed on other settings (see Appendix B). 234

These results indicate that scaling a subset of delta 235

parameters by various coefficients, while appro- 236

priately rescaling the remaining parameters, can 237

maintain nearly the same model performance. 238

The above findings demonstrate that delta param- 239

eters exhibit considerable plasticity in magnitude: 240
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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.

we can scale a subset of parameters by different co-241

efficients while rescaling the rest to preserve perfor-242

mance. This raises a further question: what proper-243

ties of magnitude are truly essential for maintaining244

model performance? We consider three levels of245

properties, from fine-grained to coarse-grained: (1)246

the specific value of each individual parameter, (2)247

the relative relationships among parameters (e.g.,248

ordering by magnitude), and (3) the global statisti-249

cal properties (e.g., mean of the magnitude, distri-250

bution shape). We design a series of experiments251

to keep the sign and investigate the importance of252

each properties.253

Specific Values. To investigate whether specific254

values are essential, we design an experiment that255

changes specific values while preserving relative256

relationships and global statistics. Specifically, we257

apply a power transformation to all magnitude val-258

ues: raising each magnitude to the power of α (we259

test α = 0.5 and α = 1.5), which alters each260

individual value but maintains the relative order-261

ing among parameters. We then rescale the trans-262

formed magnitudes to restore the original mean.263

Table 1 shows the results. We find that under both264

transformations, performance remains nearly un-265

changed across all datasets. This suggests that266

specific magnitude values have limited impact on267

the capabilities learned through post-training.268

Relative Relationships. DARE’s zero-out oper-269

ation already suggests that relative relationships270

can be partially disrupted without severe perfor-271

mance degradation. To systematically investigate272

this factor, we design a shuffle experiment: we273

randomly shuffle a proportion r of delta parame-274

ter magnitudes across positions, varying r from275

10% to 100%. This operation progressively de-276

stroys relative relationships while preserving the277

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.

global distribution and the specific values. Fig- 278

ure 4 shows the results. When the shuffle rate is 279

low, we observe limited performance degradation. 280

As the shuffle rate increases, performance gradu- 281

ally decreases on some datasets such as GSM8K, 282

but remains reasonable even at 100% shuffle rate. 283

On other datasets such as ARC-Challenge, perfor- 284

mance is almost unaffected even at high shuffle 285

rates. This suggests that relative relationships con- 286

tribute to performance to some extent, particularly 287

when severely disrupted.
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Figure 4: Performance of LLaMA-3-8B-Instruct on
GSM8K and ARC Challenge with different shuffle rates.

288

Global Statistical Properties. We investigate 289

two aspects of global statistics: the distribution 290

shape and the mean of the magnitude (|∆W |). We 291

design an experiment that jointly varies both fac- 292
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tors. For the distribution shape, we consider three293

options: (1) a uniform distribution, (2) a normal294

distribution, and (3) a degenerate distribution (i.e.,295

all magnitudes set to the same value). For the mean296

of the magnitude, we scale all magnitudes by a297

constant factor α ranging from 0.1 to 3.0. Figure 3298

shows the results on three representative tasks. We299

observe two clear patterns. First, at the same mean300

value, the three distributions achieve nearly identi-301

cal performance across all tasks. This indicates that302

the specific distribution shape has limited impact303

on performance. Second, when the mean deviates304

from the original mean of magnitude, performance305

degrades noticeably. These results indicate that the306

mean of magnitude is a relatively important low-307

dimensional indicator, while the distribution shape308

has minimal impact.309

The above experiments suggest a hierarchy of310

importance among magnitude properties within our311

experimental setting. The mean of the magnitude312

appears to be the most sensitive factor. The rel-313

ative relationships among parameters have some314

impact on performance, particularly when severely315

disrupted. Within a reasonable editing range, the316

specific value of each individual parameter and the317

distribution shape show less sensitivity.318

This understanding is consistent with the phe-319

nomena observed in existing delta parameter edit-320

ing methods. For DARE, although individual val-321

ues are perturbed through random dropping and322

rescaling, the mean of magnitude is preserved by323

the rescale operation, and relative relationships are324

partially maintained among the non-dropped pa-325

rameters. This may explain why DARE can main-326

tain performance. For BitDelta, all magnitudes are327

replaced with the mean value, which preserves the328

mean but completely destroys relative relationships.329

According to our analysis, this would be expected330

to cause some performance degradation, which is331

consistent with the empirical observations in the332

original paper.333

Based on this understanding, we hypothesize334

that partially restoring relative relationships could335

improve BitDelta’s performance. To verify this, we336

propose a simple modification: instead of replac-337

ing all magnitudes with a single value, we parti-338

tion parameters into K bins based on their original339

magnitude ranking. Parameters within each bin340

are then assigned the mean magnitude of that bin.341

When K = 1, this reduces to the original BitDelta.342

As K increases, more relative relationship infor-343

mation is preserved. Figure 5 shows the results.344

Performance improves consistently as K increases. 345

When K = 16, performance approaches that of the 346

original post-trained model. This supports our anal- 347

ysis: while the mean of the magnitude is important, 348

partially preserving relative relationships provides 349

additional benefits.
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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. 350

3.2 Plasticity in Sign 351

The previous subsection demonstrates that delta 352

parameters exhibit considerable plasticity in mag- 353

nitude. In this section, we investigate whether delta 354

parameters also exhibit plasticity in the sign dimen- 355

sion. Intuitively, the sign represents the direction 356

of parameter adjustment during post-training, in- 357

dicating whether a parameter should increase or 358

decrease relative to the pre-trained value. This 359

directional information is often assumed to be im- 360

portant (Yadav et al., 2023; Liu et al., 2024). 361

To investigate whether signs can be modified, we 362

extend the generalized formulation in Equation 3 363

to negative k values. When k < 0, the selected 364

parameters are multiplied by a negative coefficient, 365

which flips their signs and scales their magnitudes. 366

Then we rescale the remaining parameters by (1− 367

kp)/(1 − p), which is expected to preserve the 368

expected output. 369

To verify this, we conduct sign-flip experiments 370

across multiple models. Specifically, we con- 371

sider two representative settings: k = −0.5 (flip- 372

ping signs while reducing magnitude by half) and 373

k = −1.0 (fully flipping signs without magnitude 374

change). For each setting, we vary the flip propor- 375

tion p and observe the resulting performance. Fig- 376

ure 6 shows representative the results(Full results 377

are shown in Appendix B). We observe interesting 378

patterns across different ranges of p. When the 379
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Figure 6: Performance under sign editing with varying flip rate p and scaling coefficient k < 0.

flip proportion is small, almost all models across380

all tasks can tolerate sign flipping with only minor381

performance degradation. This is a notable finding382

given the common assumption that signs encode383

essential directional information. When p becomes384

larger, different models and tasks exhibit varying385

degrees of robustness. For instance, LLaMA-3-8B-386

Instruct on GSM8K can tolerate up to 60% sign387

flipping while maintaining reasonable performance.388

More strikingly, ViT-B-32 on several vision tasks389

can tolerate up to 90% complete sign flipping with390

almost no performance degradation after rescaling.391

These results suggest that the plasticity of signs392

varies across models and tasks, but a substantial393

degree of sign modification is generally tolerable.394

Combined with our findings on magnitude, delta395

parameters show plasticity in both magnitude and396

sign: within a reasonable editing range, individual397

values, distribution shape, relative relationships,398

and even signs can be substantially modified while399

maintaining model performance.400

4 Understanding the Plasticity of Delta401

Parameters402

In the previous section, we observed that delta403

parameters exhibit considerable plasticity in both404

magnitude and sign. At the same time, we also405

observed some stability boundaries: performance406

degrades sharply when the drop rate is too high, and407

sign-flip becomes unstable earlier than magnitude-408

only editing at comparable modification rates.409

DARE’s theoretical framework provides a useful410

intuition by approximately preserving expected out-411

puts, but it does not readily explain these phenom-412

ena. In this section, we enrich this understanding by413

analyzing the loss change induced by editing per-414

turbations using a second-order surrogate, which415

allows us to better understand the plasticity of delta416

parameters.417

4.1 A Loss-Based Theoretical Framework 418

In this section, we view the delta parameter edit- 419

ing operation as a perturbation to the post-trained 420

model. We define the editing perturbation as 421

e ≜ ∆W̃edit − ∆W , which describes the devia- 422

tion of the edited delta parameters from the origi- 423

nal ones. We focus on the loss change caused by 424

editing: 425

∆L ≜ L(Wedit)− L(Wpost) (4) 426

The goal of editing is to control |∆L| and avoid 427

significant performance degradation. 428

To analyze how editing affects ∆L, we apply a 429

second-order Taylor expansion: 430

∆L ≈ g⊤e+
1

2
e⊤Ce (5) 431

where g = ∇L(Wpost) is the gradient and 432

C ⪰ 0 is a positive semi-definite curvature proxy 433

(e.g., Gauss-Newton or Fisher information; we use 434

this instead of the exact Hessian which may be 435

indefinite in deep networks). This expansion de- 436

composes ∆L into a first-order term g⊤e and a 437

second-order term 1
2e

⊤Ce, which we analyze in 438

the following subsections. 439

4.2 Editing Intensity 440

In this part, we focus on the generalized editing 441

formulation defined in Equation 3. We analyze 442

how the choice of (p, k) affects the loss change 443

∆L. The editing perturbation e can be written as: 444

ei =

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

445

For the first-order term g⊤e =
∑

i giei, we 446

can compute its expectation and variance (detailed 447

6



derivation in Appendix C):448

E[g⊤e] = 0449

Var(g⊤e) =
p

1− p
(1− k)2 ·

∑
i

(gi∆wi)
2450

The expectation being zero indicates that the451

rescale operation centers the first-order contribu-452

tion in expectation. This is the foundation for why453

this type of editing can largely preserve perfor-454

mance. The variance is non-zero and scales with455

(p, k), which means that as the editing becomes456

more aggressive, the model after a single editing457

realization may have larger loss deviation.458

For the second-order term 1
2e

⊤Ce, adopting a459

diagonal approximation e⊤Ce ≈
∑

i sie
2
i where460

si ≥ 0, the expectation is:461

E

[
1

2

∑
i

sie
2
i

]
=

1

2
· p

1− p
(1−k)2 ·

∑
i

si(∆wi)
2462

Since si ≥ 0, this term is always non-negative,463

representing a curvature cost that accumulates with464

the perturbation magnitude. The expectation scales465

with (p, k) through the factor p
1−p(1 − k)2, and466

with the model/task through
∑

i si(∆wi)
2.467

Both the variance of the first-order term and the468

expectation of the second-order term share a com-469

mon factor that depends on (p, k). This factor di-470

rectly controls the magnitude of loss change: larger471

values lead to larger variance in the first-order term472

and larger expected cost in the second-order term.473

We define the editing intensity:474

I(p, k) ≜ p

1− p
(1− k)2 (6)475

For a fixed model and task, Var(g⊤e) ∝ I and476

E[e⊤Ce] ∝ I. Thus, larger I leads to larger477

loss fluctuations and larger expected curvature cost,478

making ∆L more likely to increase, and conse-479

quently causing the edited model to deviate further480

from the post-trained model.481

The editing intensity explains the boundary phe-482

nomena observed in Section 3. First, when p → 1,483

I → ∞ due to the p
1−p factor, which explains484

why high drop rates lead to instability regardless485

of the value of k. Second, when k < 0 (sign-486

flip), (1 − k)2 > 1. For example, when k = −1,487

(1 − k)2 = 4, which is four times larger than488

when k = 0 (original DARE). This means that489

at the same drop rate p, sign-flip has significantly490

larger editing intensity than magnitude-only edit- 491

ing, which explains why sign-flip enters the un- 492

stable region earlier and can only tolerate smaller 493

values of p. 494

To validate the proposed editing intensity, we 495

evaluate it on LLaMA-3-8B-Instruct using the 496

GSM8K benchmark. Specifically, we sweep over a 497

wide range of (p, k) to generate a large collection 498

of edited models and measure their downstream 499

performance as a function of the corresponding 500

editing intensity. As shown in Figure 7, editing 501

intensity exhibits a clear negative correlation with 502

performance: as I increases, performance consis- 503

tently decreases. Moreover, when I remains small, 504

the edited models stay close to the post-trained 505

model in terms of performance.We further show 506

the relationship on a log-scale in Figure 14, where 507

we observe that under this setting, when I ≤ 2, 508

performance shows nearly no degradation. 509
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Figure 7: The relatationship between editing inten-
sity and performance on LLaMA-3-8B-Instruct using
GSM8K benchmark.

4.3 Analysis on Magnitude Properties 510

In this subsection, we analyze how the magni- 511

tude properties identified in Section 3 relate to 512

the loss change ∆L. For the first-order term 513

g⊤e =
∑

i giei, we decompose it using absolute 514

values and signs: g⊤e =
∑

i |gi||ei|ai, where 515

ai = sign(gi) · sign(ei) ∈ {−1,+1}. Defining 516

the normalized weights wi =
|gi|∑
j |gj |

, we have 517

g⊤e =

(∑
i

|gi|

)
(Ew[|e|]Ew[a] + Covw(|e|, a)) 518

Here Ew[|e|] measures a gradient-weighted mean 519

magnitude of the perturbation, and Ew[a] measures 520

the average sign alignment; the covariance term 521

captures residual heterogeneity. This connects the 522

importance of mean magnitude to the first-order 523

contribution. 524
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For the second-order term, we adopt a diagonal525

approximation e⊤Ce ≈
∑

i sie
2
i , where si ≥ 0.526

This can be decomposed as(detailed derivation in527

Appendix D):528 ∑
i

sie
2
i = Ns̄e2 +N · Cov(s, e2),529

where N is the number of coordinates, s̄ =530
1
N

∑
i si, and e2 = 1

N

∑
i e

2
i . The first term Ns̄e2531

captures the global intensity of the perturbation532

(which increases as the mean magnitude of |e| in-533

creases), and the second term N ·Cov(s, e2) reflects534

the placement of energy across coordinates, which535

is related to relative relationships.536

This analysis explains our experimental find-537

ings in Section 3. The mean magnitude affects538

Ew[|e|] in the first-order term and e2 in the second-539

order term. Relative relationships, when disrupted540

through operations like shuffling, mainly affect the541

covariance term Cov(s, e2), explaining their mod-542

erate impact. Specific values and distribution shape,543

within a reasonable editing range, do not system-544

atically change the mean magnitude or placement545

structure, thus showing limited impact on ∆L.546

5 Related Work547

Post-training of Large-Scale Models Post-548

training is widely adopted to achieve a pre-trained549

backbone toward downstream capability and align-550

ment objectives (Dodge et al., 2020; Zhao et al.,551

2025; Team, 2025). Concretely, the training signal552

may come from supervised demonstrations (Zhao553

et al., 2024; Lambert et al., 2025; Moshkov et al.,554

2025), preference-based optimization, e.g., PPO555

or DPO, (Ouyang et al., 2022; DeepSeek-AI et al.,556

2024; Xu et al., 2024; Wang et al., 2024), or veri-557

fiable feedback produced by rule-based or model-558

based verifiers, (Shao et al., 2024; Yu et al., 2025).559

The effectiveness of post-training can be denoted560

by the delta parameters, which represent the differ-561

ence between post-trained and pre-trained parame-562

ters (Ilharco et al., 2023; Yu et al., 2024). Given the563

close correlations between delta parameters and the564

post-training process, investigating the properties565

of delta parameters becomes particularly impor-566

tant. In this paper, we discovered the plasticity567

of delta parameters, suggesting that the effects of568

post-training can be approximately preserved under569

diverse parameter configurations.570

Delta Parameter Editing Delta parameter edit-571

ing has been explored for various purposes in recent572

years. One line of work focuses on model merging, 573

which aims to combine multiple post-trained mod- 574

els into a single model. DARE (Yu et al., 2024) 575

reduces parameter conflicts by randomly dropping 576

delta parameters and rescaling the rest. DELLA- 577

Merging (Deep et al., 2024) extends DARE with 578

magnitude-aware dropping. TIES-Merging (Yadav 579

et al., 2023) resolves sign conflicts and retains only 580

large-magnitude parameters. Twin-Merging (Lu 581

et al., 2024) applies singular value decomposition 582

to extract task-specific knowledge. Another line of 583

work focuses on model compression. BitDelta (Liu 584

et al., 2024) quantizes delta parameters to 1-bit 585

by preserving only signs and a shared magnitude 586

scalar. A third line of work focuses on model en- 587

hancement. EXPO (Zheng et al., 2024) extrapo- 588

lates delta parameters with a scaling factor to im- 589

prove alignment performance. While these meth- 590

ods achieve their respective goals through different 591

operations, there remains limited understanding of 592

what properties of delta parameters are essential for 593

maintaining model performance. Our work aims 594

to investigate this question through systematic ex- 595

periments and provide insights that complement 596

existing methods. 597

6 Conclusion 598

In this work, we investigated the properties of delta 599

parameters in post-trained models along magni- 600

tude and sign. Through experiments across instruct 601

language models, reasoning language models, and 602

vision models, we find that delta parameters exhibit 603

considerable plasticity. In the magnitude dimen- 604

sion, we observe that within a reasonable editing 605

range, the mean is the most sensitive factor, while 606

individual values and distribution shape show less 607

impact. In the sign dimension, we find that a sub- 608

stantial proportion of signs can be flipped while 609

maintaining reasonable performance. To under- 610

stand these phenomena, we developed a loss-based 611

theoretical framework using second-order Taylor 612

expansion. This framework introduces the concept 613

of editing intensity, which helps explain the stabil- 614

ity boundaries of different editing operations, and 615

identifies mean and relative relationships as key 616

factors from a theoretical perspective. Our findings 617

provide insights for understanding and designing 618

delta parameter editing methods. 619
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Limitations620

In this work, we systematically investigated the621

plasticity of delta parameters across many models.622

However, our experiments did not include mixture-623

of-experts (MoE) architectures or larger-scale mod-624

els (e.g., 70B or above), where the properties of625

delta parameters may exhibit different patterns.626
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A Deriving the Rescale Factor in922

Equation 3923

We derive the rescale factor used in Equation 3924

from the same expected-output preservation intu-925

ition as in DARE. Consider a linear transformation926

h = Wx + b with delta parameters (∆W,∆b).927

We apply a coordinate-wise random scaling to the928

delta parameters: with probability p we multiply929

by k, and with probability 1 − p we multiply by930

an unknown factor γ. Let M ∼ Bernoulli(p) be931

the binary mask (element-wise) indicating which932

coordinates take the factor k.933

After editing, the output becomes934

ĥ =
(
Wpre +∆W̃

)
x+

(
bpre +∆b̃

)
,

935

where,936

∆W̃ = k ·M ⊙∆W + γ · (1−M)⊙∆W,

∆b̃ = k ·M ⊙∆b + γ · (1−M)⊙∆b.

937

Taking expectation over the editing randomness938

(i.e., over M ), we have E[M ] = p and E[1−M ] =939

1− p. Thus940

E[∆W̃ ] =
(
pk + (1− p)γ

)
∆W,

E[∆b̃] =
(
pk + (1− p)γ

)
∆b.

941

DARE-style expected-output preservation re-942

quires the expected delta contribution to match the943

original delta contribution, i.e., E[∆W̃ ] = ∆W944

and E[∆b̃] = ∆b. This yields a single scalar condi-945

tion:946

pk + (1− p)γ = 1.
947

Solving for γ gives the rescale factor used in948

Equation 3:949

γ =
1− kp

1− p
.

950

951

B Full Experimental Results952

We conduct a thorough experimental validation953

on the plasticity of delta parameters. The results954

of LLaMA3-8B-Instruct, Mistral-7B-Instruct-v0.3,955

ViT-B-32 and Qwen3-1.7B across eight bench-956

marks are presented in Figure 8, Figure 9, Fig-957

ure 10, and Figure 11, Figure 12, respectively.958

The full results of LLaMA-3-8B-Instruct on all959

datasets for experiments with varying magnitude960

mean and distribution shape are shown in Fig-961

ure 13.962

C Derivations for Editing Intensity 963

This appendix provides derivations for the results in 964

Section 4. We start from the two-point distribution 965

of the editing perturbation already given in the main 966

text: 967

ei =

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

968

We take expectation/variance over the editing ran- 969

domness, treating (g,∆W ) as fixed for the local 970

surrogate. 971

C.1 First-order term: E[g⊤e] = 0 972

We compute E[ei] directly: 973

E[ei] = p(k − 1)∆wi + (1− p)
p(1− k)

1− p
∆wi

= p(k − 1)∆wi + p(1− k)∆wi

= 0.

974

Therefore, 975

E[g⊤e] = E

[∑
i

giei

]
=
∑
i

gi E[ei] = 0.
976

C.2 Variance of the first-order term 977

We assume the coordinate-wise editing random- 978

ness is independent across i (e.g., induced by an 979

i.i.d. Bernoulli mask). Since E[ei] = 0, we have 980

Var(ei) = E[e2i ]. First compute E[e2i ]: 981

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
.

982

Now let Xi ≜ giei. Under independence across 983

i, Var(
∑

iXi) =
∑

iVar(Xi). Thus: 984

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.

985

C.3 Expected diagonal second-order term and 986

the common factor 987

Under the diagonal curvature surrogate used in the 988

main text, e⊤Ce ≈
∑

i sie
2
i with si ≥ 0. Taking 989

expectation: 990

12



𝑘 = −1.0 𝑘 = −0.5 𝑘 = 0.0 𝑘 = 0.5 𝑘 = 0.8 Pre-train Post-train

(a) Performance on GSM8K.

5-
sh

ot
 A

cc
ur

ac
y

(%
)

40

30

20

80

60

50

70

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

(d) Performance on ARC Challenge.

25
-s

ho
t A

cc
ur

ac
y

(%
)

54
52
50

62

58
56

60

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

(e) Performance on Winogrande.

5-
sh

ot
 A

cc
ur

ac
y

(%
)

72

70

68

78

74

76

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

(f) Performance on IFEval.

0-
sh

ot
 A

cc
ur

ac
y

(%
)

30
25
20

50

40
35

45

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

(h) Performance on HellaSwag.

10
-s

ho
t A

cc
ur

ac
y

(%
)

74

72
70

82

78

76

80

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

(a) Performance on GSM8K.

5-
sh

ot
 A

cc
ur

ac
y

(%
)

20
10

0

70

40
30

50

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

(d) Performance on ARC Challenge.

25
-s

ho
t A

cc
ur

ac
y

(%
)

50

45

40

55

60

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

(e) Performance on Winogrande.

5-
sh

ot
 A

cc
ur

ac
y

(%
)

70

65

60

75

80

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

(f) Performance on IFEval.

0-
sh

ot
 A

cc
ur

ac
y

(%
)

30
25

20

50

40
35

45

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

(h) Performance on HellaSwag.

10
-s

ho
t A

cc
ur

ac
y

(%
)

65

60

55

75

70

80

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

(i) Performance on MMLU.
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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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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.

(d) Performance on ARC Challenge.

25
-s

ho
t A

cc
ur

ac
y

(%
)

Multiple of Original Average Magnitude

(e) Performance on Winogrande.

5-
sh

ot
 A

cc
ur

ac
y

(%
)

65

60

55

70

75

Multiple of Original Average Magnitude
(f) Performance on IFEval.

0-
sh

ot
 A

cc
ur

ac
y

(%
)

30

25

20

40

35

45

Multiple of Original Average Magnitude
(h) Performance on HellaSwag.

10
-s

ho
t A

cc
ur

ac
y

(%
)

70

80

Multiple of Original Average Magnitude
(i) Performance on MMLU.

5-
sh

ot
 A

cc
ur

ac
y

(%
)

Multiple of Original Average Magnitude

15
0.5 1.0 1.5 2.0 2.5 3.0 0.5 1.0 1.5 2.0 2.5 3.0 0.5 1.0 1.5 2.0 2.5 3.0 0.5 1.0 1.5 2.0 2.5 3.0

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
Multiple of Original Average Magnitude

(b) Performance on TruthfulQA.

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 relatationship between editing intensity
and performance in log-scale on LLaMA-3-8B-Instruct
using GSM8K benchmark.

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.

991

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

i sie
2
i

]
992

share the same (p, k)-dependent factor. We there-993

fore define the editing intensity:994

I(p, k) ≜ p

1− p
(1− k)2.995

D Decomposition Identities996

D.1 Weighted covariance form for the997

first-order term998

Define ai = sign(gi)sign(ei) ∈ {−1,+1} so that999

giei = |gi||ei|ai. Let wi =
|gi|∑
j |gj |

with
∑

iwi =1000

1. Then:1001

g⊤e =
∑
i

|gi||ei|ai

=

(∑
i

|gi|

)∑
i

wi|ei|ai

=

(∑
i

|gi|

)
Ew[|e|a].

1002

Using the weighted covariance identity1003

Ew[XY ] = Ew[X]Ew[Y ] + Covw(X,Y ) with1004

X = |e| and Y = a gives the expression in the1005

main text.1006

D.2 Unweighted covariance form for the1007

diagonal second-order term1008

We use the unweighted (coordinate-wise) averages1009

s̄ = 1
N

∑
i si and e2 = 1

N

∑
i e

2
i . Define the un-1010

weighted covariance as1011

Cov(s, e2) ≜
1

N

∑
i

(si − s̄)(e2i − e2). 1012

Then: 1013

1

N

∑
i

sie
2
i = s̄ e2 +Cov(s, e2),∑

i

sie
2
i = Ns̄ e2 +N Cov(s, e2),

1014

which is the decomposition used in Section 4. 1015

E The Use of Large Language Models 1016

We utilized LLMs to aid and polish writing. 1017
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