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Abstract001

Model merging integrates distinct task-specific002
capabilities into a unified model without the003
cost of retraining. We observe that prevailing004
methods largely focus on resolving parameter-005
level conflicts while overlooking a macroscopic006
geometric constraint: they typically assign uni-007
form weights that lock the merging direction,008
allowing variation only in magnitude. We posit009
that this rigid constraint prevents the discovery010
of optimal solutions in the parameter space. In011
this work, we introduce Mixup Model Merge012
(M3), a framework designed to navigate this013
unexplored geometry by decoupling the explo-014
ration of merging direction (via interpolation015
coefficients) and magnitude (via a scaling fac-016
tor). By utilizing randomized linear interpo-017
lation, M3 systematically probes the continu-018
ous task-vector space to identify low-loss merg-019
ing configurations. Empirical results on three020
task-specific LLMs reveal that this simple ge-021
ometric exploration significantly outperforms022
complex conflict-resolution baselines. More-023
over, M3 demonstrates superior generalization,024
substantially enhancing out-of-distribution and025
adversarial robustness on benchmarks such026
as LiveBench and PromptBench. Notably,027
M3 is orthogonal to sparsification techniques028
like DARE, unlocking further performance im-029
provements when combined.030

1 Introduction031

In the rapidly evolving field of Natural Lan-032

guage Processing (NLP), Large Language Models033

(LLMs) (Brown et al., 2020; Touvron et al., 2023;034

OpenAI, 2023; Chowdhery et al., 2023) have es-035

tablished themselves as a revolutionary foundation.036

These models have demonstrated exceptional ca-037

pabilities across a wide spectrum of tasks (Jiao038

et al., 2023; Chang et al., 2024b; Nam et al., 2024;039

Xing, 2024; Guo et al., 2024), fundamentally re-040

shaping the landscape of AI. To adapt these general-041

purpose models to specific domains, Supervised042

Fine-Tuning (SFT) and Parameter-Efficient Fine- 043

Tuning (PEFT) have become standard practices 044

(Hu et al., 2021; Ding et al., 2023; Xia et al., 2024). 045

However, the prohibitive computational costs and 046

latency associated with training or maintaining 047

multiple fine-tuned instances (Brown et al., 2020; 048

Chang et al., 2024a) present a significant bottle- 049

neck. Consequently, Model Merging has emerged 050

as a resource-efficient paradigm to integrate distinct 051

capabilities from multiple homologous models into 052

a single unified parameter set without the need for 053

additional training (Yang et al., 2024; Akiba et al., 054

2024). 055

Despite the growing popularity of model merg- 056

ing, existing methodologies predominantly adopt 057

a microscopic perspective, focusing heavily on re- 058

solving parameter-level interference. Techniques 059

such as Task Arithmetic (Ilharco et al., 2022), 060

Fisher Merging (Matena and Raffel, 2022), Reg- 061

Mean (Jin et al., 2022), TIES-Merging (Yadav et al., 062

2023), and DARE (Yu et al., 2024) employ sophis- 063

ticated heuristics—ranging from Fisher informa- 064

tion weighting to delta-parameter pruning—to mit- 065

igate conflicts. However, we identify that these 066

approaches typically share a rigid macroscopic ge- 067

ometric constraint: they often assign uniform or 068

scalar merging coefficients to task vectors (Worts- 069

man et al., 2022; Lin et al., 2023; Yadav et al., 070

2023; Yu et al., 2024). As illustrated in Figure 1(a), 071

this practice effectively locks the merging direc- 072

tion, restricting the search space to a fixed linear 073

trajectory where only the magnitude varies. Even 074

linear interpolation methods (Figure 1(b)) are gen- 075

erally confined to the fixed line segment connecting 076

model parameters, limiting the potential to explore 077

the broader parameter space. 078

We argue that the task vectors of different mod- 079

els represent distinct semantic directions in the 080

high-dimensional parameter space, and their op- 081

timal combination is rarely aligned with a simple 082

arithmetic mean. To unlock the full potential of 083
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Figure 1: Geometric view of task vector merging (θpre: pre-trained model; δ1,2: task vectors). (a) Standard
Merging restricts solutions to a linear trajectory (varying s). (b) Linear Interpolation constrains solutions to the
line segment (varying λ). (c) M3 (Ours) decouples λ and s, expanding the search to the conical hull spanned by
task vectors.

merging, we propose Mixup Model Merge (M3),084

a framework designed to explore the unexplored085

geometric region between task vectors. As shown086

in Figure 1(c), M3 decouples the geometric explo-087

ration into two orthogonal components: the inter-088

polation coefficient (which determines the merg-089

ing direction) and the scaling factor (which con-090

trols the magnitude). Inspired by the randomized091

interpolation strategy of Mixup in data augmenta-092

tion (Zhang, 2017), M3 samples interpolation coef-093

ficients from a Beta distribution to sweep through094

the continuous planar region formed by task vec-095

tors, discovering low-loss configurations that rigid096

merging strategies fail to reach.097

We conducted comprehensive experiments on098

three homologous task-specific LLMs: WizardLM-099

13B (Xu et al., 2024), WizardMath-13B (Luo et al.,100

2023), and llama-2-13b-code-alpaca (Chaudhary,101

2023), covering instruction following, mathemat-102

ical reasoning, and code generation. The results103

demonstrate that the simple geometric exploration104

enabled by M3 consistently outperforms complex105

conflict-resolution baselines. Furthermore, moti-106

vated by the connection between Mixup and ro-107

bustness (Zhang, 2017), we extend our evaluation108

to out-of-distribution (OOD) and adversarial sce-109

narios using LiveBench (White et al., 2024) and110

PromptBench (Zhu et al., 2024). Our findings in-111

dicate that M3 significantly enhances the merged112

models’ robustness against distribution shifts and113

adversarial attacks (Wang et al., 2023; Zhu et al.,114

2023), proving that macroscopic geometric explo-115

ration is a critical factor in effective model merging.116

2 Related Works117

Model merging is a technique that integrates the118

parameters of multiple models to create a unified119

model with enhanced or diverse capabilities (Worts- 120

man et al., 2022; Ilharco et al., 2022; Matena and 121

Raffel, 2022; Jin et al., 2022; Yadav et al., 2023; Yu 122

et al., 2024; Lin et al., 2024). Task arithmetic (Il- 123

harco et al., 2022) leverages task vectors for model 124

merging through arithmetic operations, incorporat- 125

ing a predefined scaling term to weight the contribu- 126

tion of different models. Fisher Merging (Matena 127

and Raffel, 2022) performs parameter merging by 128

applying weights derived from the Fisher informa- 129

tion matrix (Fisher, 1922), resulting in more pre- 130

cise parameter integration. TIES-Merging (Yadav 131

et al., 2023) addresses task conflicts by removing 132

low-magnitude parameters, resolving sign disagree- 133

ments, and merging only the parameters that align 134

with the final agreed-upon sign. In (Yu et al., 2024), 135

it is found that LLMs can enhance their capabilities 136

through model merging. Additionally, it introduces 137

DARE, a method for sparsifying the delta parame- 138

ters of the model (Ilharco et al., 2022), significantly 139

improving the performance of various model merg- 140

ing techniques. DELLA (Deep et al., 2024) is a 141

novel model merging technique that integrates a 142

new pruning strategy called MAGPRUNE, which 143

samples delta parameters based on their magni- 144

tudes. MAGPRUNE demonstrates improvements 145

over existing methods such as DARE and TIES. 146

3 Methodology 147

3.1 Geometric Formulation: Decoupling 148

Direction and Magnitude 149

Standard model merging paradigms typically com- 150

bine task vectors using uniform or fixed coeffi- 151

cients, implicitly locking the search to a specific 152

linear trajectory, as illustrated in Figure 1(a). We 153

challenge this restriction by formalizing the merg- 154

ing problem through a geometric lens, explicitly 155
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decoupling the merging direction from the magni-156

tude.157

Let θpre ∈ Rd denote the pre-trained model pa-158

rameters. For N downstream tasks, we obtain task-159

specific fine-tuned parameters {θtkSFT}Nk=1. The160

task vector for task k is defined as the displace-161

ment induced by fine-tuning:162

δtk = θtkSFT − θpre. (1)163

We posit that the geometry of the optimal merged164

update δM is governed by two orthogonal compo-165

nents:166

1. Direction (Interpolation Coefficients): The167

orientation of the update in the subspace168

spanned by task vectors is determined by169

a set of interpolation coefficients λ =170

{λ1, . . . , λN}, where
∑

λk = 1. This defines171

the normalized direction of the joint adapta-172

tion (see Figure 1(b)).173

2. Magnitude (Scaling Factor): The intensity174

of the adaptation along the chosen direction is175

controlled by a global scaling factor s ∈ R+.176

The final merged model is obtained by traversing177

this decoupled space:178

θM = θpre + s ·
N∑
k=1

λkδtk . (2)179

As depicted in Figure 1(c), by varying λ, we180

sweep through the “cone” of possible directions;181

by adjusting s, we control the scaling factor to find182

the optimal intensity of the merged capabilities.183

3.2 Geometric Probing: Randomized184

Exploration via Beta Sampling185

To systematically explore this parameter space and186

validate the importance of geometric diversity, we187

introduce Mixup Model Merge (M3). M3 serves188

not merely as a merging algorithm, but as a random-189

ized probe to identify optimal geometric configura-190

tions that lie beyond the reach of rigid baselines.191

Two-Model Exploration via Beta Sampling.192

For merging two models (N = 2), the direction193

is determined by a single interpolation coefficient194

λ ∈ (0, 1). To explore diverse directions efficiently,195

we sample λ from a Beta distribution:196

δM = λδt1 + (1− λ)δt2 , λ ∼ Beta(α, α). (3)197

The hyperparameter α shapes the probability198

distribution for our directional exploration.199

• α < 1 (Bimodal): Biases exploration towards 200

the axes of individual task vectors, emphasiz- 201

ing task-specific dominance. 202

• α > 1 (Unimodal): Biases exploration to- 203

wards the arithmetic mean direction, favoring 204

balanced contributions. 205

• α = 1 (Uniform): Provides unbiased explo- 206

ration of the entire directional sector. 207

While our framework supports a joint search for 208

the scaling factor s, this study primarily focuses 209

on investigating the contribution of the merging 210

direction by exploring λ to reveal the inherent 211

geometric properties of the task-vector space. 212

3.3 Structured Navigation: Exploiting 213

Asymmetry via P-Series 214

Empirical Insight: The Asymmetry of Optimal 215

Directions. Extensive exploration reveals a con- 216

sistent geometric property: optimal merging di- 217

rections are highly asymmetric. High-performing 218

models rarely reside on the bisector (where λk are 219

equal); instead, they are often skewed towards a 220

dominant task. This suggests that effective merg- 221

ing requires a non-uniform allocation of directional 222

influence rather than a simple proportional scaling. 223

Challenge: Inefficiency of Randomized Sam- 224

pling in High Dimensions. While Beta sampling 225

is effective for bivariate exploration (N = 2), ex- 226

tending randomized probing (e.g., via Dirichlet dis- 227

tribution) to multi-task settings (n > 2) becomes 228

computationally prohibitive due to the curse of di- 229

mensionality. The probability of randomly hitting 230

the specific “asymmetric pockets” where optimal 231

performance lies diminishes exponentially as the 232

number of tasks increases. Consequently, a more 233

deterministic distribution is required to target these 234

skewed regions efficiently. 235

Algorithmic Strategy: P-Series Initialization. 236

To address this, we replace randomized sampling 237

with a structured directional search using a decreas- 238

ing p-series. We define the interpolation coeffi- 239

cients λk as: 240

λk =
k−p∑n
j=1 j

−p
, sorted by task dominance.

(4) 241

Here, the parameter p explicitly controls the 242

“directional skewness” (or concentration) towards 243

dominant tasks. Unlike the Beta distribution which 244
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randomly probes the space, the p-series acts as a245

navigable compass, allowing us to systematically246

traverse the gradient of task dominance from uni-247

form (p = 0) to highly specific (p → ∞).248

3.4 Theoretical Analysis: From Fixed Linear249

Trajectories to High-Dimensional Cones250

We justify the effectiveness of M3 through the lens251

of manifold dimensionality and search capacity.252

Foundation: The Manifold Hypothesis. Fine-253

tuned models derived from the same backbone typ-254

ically reside in a shared, low-loss basin connected255

by linear paths. This implies that the solution for256

an optimal merge exists on a continuous manifold257

containing these task vectors.258

Comparison: Search Space Dimensionality.259

Standard merging methods restrict the search to260

a fixed linear trajectory defined by the average vec-261

tor δ̄ = 1
N

∑
δk:262

SStandard = {θpre + s · δ̄ | s ∈ R+}. (5)263

This assumes the optimal direction is strictly264

fixed. However, M3 decouples the interpolation265

coefficients λ from the scaling factor s, expanding266

the search space to a higher-dimensional cone:267

SM3 = {θpre+s·
∑

λkδk | s ∈ R+,
∑

λk = 1}.
(6)268

Since SStandard ⊂ SM3 , M3 theoretically guaran-269

tees a solution space that encompasses the standard270

ray while unlocking access to off-axis regions. This271

expanded geometry allows M3 to locate asymmet-272

ric optimal points—where task contributions are273

imbalanced but performance is maximized—that274

are inaccessible to fixed-direction methods.275

4 Experiments276

4.1 Experimental Setup277

Task-Specific Fine-Tuned LLMs and Datasets.278

Following the setup in Yu et al. (2024), we279

utilize three homologous task-specific models280

fine-tuned from Llama-2-13b (Touvron et al.,281

2023): WizardLM-13B (Instruction) (Xu et al.,282

2024), WizardMath-13B (Math) (Luo et al., 2023),283

and llama-2-13b-code-alpaca (Code) (Chaudhary,284

2023). We evaluate their performance on standard285

benchmarks: AlpacaEval (Li et al., 2023) for in-286

struction following; GSM8K (Cobbe et al., 2021)287

and MATH (Hendrycks et al., 2021) for mathemat-288

ical reasoning; and HumanEval (Chen et al., 2021)289

and MBPP (Austin et al., 2021) for code generation. 290

See Appendix A for details. 291

Implementation of Geometric Exploration. To 292

probe the geometric properties of model merging: 293

• For Two-Model Merging, we sweep the 294

merging direction by sampling the interpo- 295

lation coefficient λ from a Beta distribution 296

Beta(α, α) with α ∈ {0.2, 0.4, 0.5, 1, 2, 3, 5}. 297

This allows us to traverse the planar region 298

between task vectors. 299

• For Three-Model Merging, we structure the 300

merging direction using the p-series method 301

(p ∈ {0, 1, 2, 3}) to control the skewness to- 302

wards dominant tasks, coupled with a sweep 303

of the scaling factor s ∈ [0.5, 2.0]. 304

Unless otherwise specified, we report the perfor- 305

mance of the best configuration found on the vali- 306

dation set, comparing it against baselines like Aver- 307

age Merging, Task Arithmetic (Ilharco et al., 2022), 308

TIES-Merging (Yadav et al., 2023), and DARE (Yu 309

et al., 2024). 310

4.2 Impact of Merging Direction 311

We first investigate whether expanding the search 312

space from a one-dimensional subspace (fixed di- 313

rection) to a 2D plane (variable direction + mag- 314

nitude) yields superior models in the context of 315

pairwise model merging. We integrate M3 into rep- 316

resentative merging methods and report the results 317

for two-model merging in Table 1. 318

Discovery 1: Optimal Directions are Rarely Bi- 319

sectors. Standard merging (e.g., Task Arithmetic) 320

implicitly assumes the optimal direction is the arith- 321

metic mean (λ = 0.5). However, our results con- 322

tradict this. As shown in Table 1, allowing M3 323

to explore off-axis directions consistently unlocks 324

performance gains. For instance, merging Math & 325

Code with Task Arithmetic + M3 improves MBPP 326

performance by 10.4% over the baseline. Notably, 327

the optimal interpolation coefficients found were 328

often highly asymmetric, effectively "steering" the 329

merged vector closer to the stronger model (Math) 330

while retaining essential features from the weaker 331

one. 332

Discovery 2: Geometric Correction for Subopti- 333

mal Models. Yu et al. (2024) observed that merg- 334

ing WizardMath with the weaker Code-Alpaca 335

model degrades performance. Through our geo- 336

metric lens, we interpret this as the Code model’s 337
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Merging
Methods

Models
Use M3

(Ours)
λ

Instruction
Following

Mathematical
Reasoning

Code Generating

AlpacaEval GSM8K MATH HumanEval MBPP

-
LM - - 45.14 2.20 0.04 36.59 34.00

Math - - - 64.22 14.02 - -
Code - - - - - 23.78 27.60

Task
Arithmetic

LM
& Math

No - 45.78 66.34 13.40 - -
Yes 0.34 41.65 66.34 13.74 - -

LM
& Code

No - 44.64 - - 32.93 33.60
Yes 0.99 46.64 - - 35.37 33.80

Math
& Code

No - - 64.67 13.98 8.54 8.60
Yes 0.98 - 63.53 13.94 7.93 19.00

TIES-
Merging

LM
& Math

No - 38.63 14.56 2.12 - -
Yes 0.62 38.73 18.57 2.48 - -

LM
& Code

No - 41.85 - - 0.0 0.0
Yes 0.84 44.96 - - 25.61 30.80

Math
& Code

No - - 64.67 13.68 9.15 22.60
Yes 0.63 - 64.75 14.16 9.76 21.4

DARE

LM
& Math

No - 49.00 66.64 13.2 - -
Yes 0.38 44.90 67.32 13.74 - -

LM
& Code

No - 41.47 - - 35.98 33.00
Yes 0.99 45.20 - - 35.98 35.20

Math
& Code

No - - 65.05 10.37 9.15 9.80
Yes 0.98 - 65.13 14.32 8.54 18.00

Table 1: Exploration of the task-vector geometric space: Comparison of merged model performance before and after
applying M3. Bold indicates the higher value within each No/Yes pair (under the same merging method and model
combination). The discovered optimal interpolation coefficients (λ) consistently deviate from the standard arithmetic
mean (λ = 0.5), revealing a prevalent asymmetry in the optimal merging direction across various paradigms.

task vector pointing in a "noisy" direction. M3338

effectively performs a geometric correction: by ad-339

justing the interpolation coefficient, it rotates the340

merged vector away from the noisy component of341

the Code model while increasing the scaling factor342

to amplify the effective Math features. This results343

in a merged model that outperforms both individual344

experts on 4 out of 5 datasets.345

4.3 Navigating the High-Dimensional Cone:346

Three-Model Merging347

Moving beyond pairwise merging, we validate our348

approach in the more complex 3-task vector space349

(Instruction, Math, Code). Here, the search space350

expands from a planar sector to a high-dimensional351

conical hull. We use the p-series strategy to de-352

fine the merging direction and a global scalar s for353

magnitude.354

Superiority of Geometric Search. As shown in355

Figure 2, standard Task Arithmetic (which fixes356

the direction to the centroid) struggles to balance357

the three tasks, particularly degrading in Instruc-358

tion Following (AlpacaEval 6.27%). In contrast,359

by optimizing the direction (via p) and magnitude360

(via s), M3 achieves a significantly better trade- 361

off, boosting AlpacaEval to 7.20% and GSM8K 362

from 58.52% to 67.55%. This confirms that the 363

"centroid" of the task vectors is rarely the optimal 364

solution in multi-task scenarios. 365

Figure 2: Performance comparison between the fixed-
direction baseline (Task Arithmetic) and our proposed
M3 framework on a three-model merge (Instruct, Math,
and Code). M3 identifies an asymmetric merging direc-
tion that significantly enhances reasoning capabilities
(GSM8K and MATH) while maintaining a robust bal-
ance across all tasks.
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Impact of Directional Ordering. In high-366

dimensional space, the order in which we prioritize367

tasks determines the semantic octant of our search.368

We hypothesize that the merging direction should369

align closer to the task with the strongest gradients370

and highest dominance.371

Figure 3 validates this hypothesis. When the372

dominant direction is set towards Math, the model373

retains strong mathematical reasoning capabili-374

ties. Specifically, prioritizing Math over other375

tasks Math > Instruct > Code achieves 63.08% on376

GSM8K, while Math > Code > Instruct achieves377

62.90%. In stark contrast, directing the search pri-378

marily towards Instruct Instruct > Math > Code379

leads to catastrophic collapse in mathematical rea-380

soning, with GSM8K dropping to 2.65%.381

This result strongly suggests that mathematical382

reasoning serves as the dominant task manifold383

in our setup. The merging direction is a primary384

determinant of success and must preserve access to385

this critical capability.386

AlpacaEval

GSM8K

MATH

HumanEval

MBPP

0

20

40

60

Math > Instruct > Code (Avg: 26.8)
Instruct > Math > Code (Avg: 16.7)
Math > Code > Instruct (Avg: 22.7)

Figure 3: Radar chart comparing three merging direc-
tions. Each direction represents a different priority or-
der: mathematical reasoning (Math), instruction follow-
ing (Instruct), and code generation (Code). The filled
areas show performance balance across five evaluation
benchmarks.

Decoupling Direction and Magnitude. Finally,387

we demonstrate the necessity of jointly optimizing388

both geometric components. Figure 4 shows how389

performance varies with direction (p) and magni-390

tude (s).391

• Varying Direction (p): Figure 4a illustrates 392

the weight distribution for different p values. 393

At p = 0, weights are uniform (0.333 each). 394

As p increases, Math weight grows rapidly 395

(0.861 at p = 3), creating a highly skewed 396

direction. 397

• Varying Magnitude (s): Figure 4b compares 398

the baseline (p = 0, s = 1) with our optimal 399

configuration (p = 1, s = 1.7). The opti- 400

mal point achieves substantial improvements 401

on mathematical tasks (GSM8K: +9.02%, 402

MATH: +4.70%) with minimal degradation 403

elsewhere. 404

This empirical evidence supports our "Direction + 405

Magnitude" hypothesis: both components must be 406

tuned jointly. The performance peak lies at (p = 407

1, s = 1.7), not at naive averaging (p = 0, s = 1) 408

nor at extreme skewing (p = 3). 409

4.4 Synergy with Parameter Sparsification 410

(DARE) 411

We evaluate the compatibility of M3 with DARE 412

(Yu et al., 2024), a representative sparsification 413

method designed to resolve parameter interference. 414

As detailed in Appendix Table 7, our experiments 415

reveal two key insights: 416

M3 is Effective in Isolation. M3 generally out- 417

performs DARE when applied separately. For in- 418

stance, in the Math & Code merging task (MBPP 419

dataset), M3 achieves a Pass@1 score of 19.0%, sig- 420

nificantly surpassing DARE’s 9.8% (with a fixed 421

drop rate of 0.2). This indicates that optimizing 422

the interpolation coefficient (λ) to find the correct 423

merging direction is often more critical than param- 424

eter pruning alone. 425

Complementary Mechanisms. Furthermore, 426

combining M3 with DARE yields additive 427

performance gains. We interpret this synergy 428

through a geometric lens: DARE operates at the 429

microscopic level, reducing the internal noise 430

within task vectors via sparsification; in contrast, 431

M3 operates at the macroscopic level, optimizing 432

the external alignment (direction and magnitude) 433

of the merged model. Since they address different 434

aspects of model conflict—redundancy versus 435

orientation—M3 serves as an orthogonal plug-in 436

that can be seamlessly integrated to enhance 437

existing interference-resolution techniques. 438
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Baseline (p = 0, s = 1)
Optimal (p = 1, s = 1.7)

Figure 4: Joint optimization of direction and magnitude is essential. (a) Weight distribution across tasks as p varies.
Higher p increases weight disparity toward Math. (b) Optimal configuration (p = 1, s = 1.7) versus naive averaging
(p = 0, s = 1). The optimal point boosts mathematical reasoning substantially (GSM8K: 58.53% → 67.55%)
while maintaining performance on other tasks, validating our "Direction + Magnitude" hypothesis.

4.5 Model Robustness439

Out-of-Distribution (OOD) Robustness. To en-440

sure the evaluation datasets reflect true OOD sce-441

narios, we select recently released datasets from442

domains not seen during fine-tuning: Math &443

Code is evaluated on LiveBench-Instruction, LM444

& Math on LiveBench-Coding, and LM & Code445

on LiveBench-TypoFixing. Notably, the test sam-446

ples in these three datasets are not present in the447

pre-training corpora of our base models, as they448

were released significantly after the data cutoff of449

the underlying backbone.450

As shown in Figure 5, M3 consistently improves451

OOD performance across all model pairs and merg-452

ing methods. Specifically, under Task Arithmetic,453

M3 yields gains of 1.9%, 1.6%, and 6.0% on the454

three respective tasks. Similar improvements are455

observed with TIES-Merging (1.1%, 0.6%, 14.0%).456

These results highlight M3’s effectiveness in en-457

hancing OOD generalization by exploring the con-458

tinuous directional space via the interpolation coef-459

ficient.460

Adversarial Robustness. We evaluate the ad-461

versarial robustness of merged models using the462

StressTest attack from PromptBench (Zhu et al.,463

2024). Robustness is measured by the Performance464

Drop Rate (PDR), with a lower PDR indicating465

stronger robustness.466

As demonstrated in Table 2, M3 notably im-467

proves robustness under StressTest attacks. For468

instance, it reduces PDR from 98.53% to 6.42%469

for Math & Code on the CoLA dataset, and from470

38.04% to 7.68% for LM & Code on SST2. A471

possible explanation is that standard merging di- 472

rections (e.g., λ = 0.5) may align with directions 473

where task vectors conflict, making the model sen- 474

sitive to perturbations. By adjusting the merging di- 475

rection and decoupling the interpolation coefficient 476

and scaling factor, M3 can identify configurations 477

that balance task contributions while maintaining 478

stability. 479

5 Conclusion 480

Existing model merging methods often assign the 481

same coefficient to all task vectors, limiting the 482

merged model to a fixed direction and underuti- 483

lizing complementary capabilities. We propose 484

Mixup Model Merge (M3), which jointly explores 485

merging direction and step size via randomized lin- 486

ear interpolation in parameter space. Interpolation 487

coefficients sampled from a distribution (e.g., Beta) 488

allow flexible exploration of contribution ratios, 489

and the best merged model is selected on a valida- 490

tion set. Experiments on three task-specific LLMs 491

show that M3 consistently improves task perfor- 492

mance and enhances out-of-distribution and adver- 493

sarial robustness. M3 also complements sparsifica- 494

tion methods such as DARE. This simple, effective 495

approach provides a general framework for opti- 496

mizing model merging and can potentially extend 497

to merging with RLHF-aligned models to reduce 498

alignment costs. 499

Limitations 500

The current exploration relies on distribution- 501

specific sampling. While this approach is effective 502
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Model Dataset
Use

Mixup
Use

Attack
Metric (%) PDR (%)

Math
&

Code

SST2
No

No 57.68
38.97

Yes 35.21

Yes
No 86.24 35.77
Yes 55.39

CoLA
No

No 45.54
98.53

Yes 0.67

Yes
No 71.72 6.42
Yes 67.11

LM
&

Math

SST2
No

No 92.78 29.05
Yes 65.83

Yes
No 91.28

34.55
Yes 59.75

CoLA
No

No 79.19
8.84

Yes 72.20

Yes
No 80.54 4.52
Yes 76.89

LM
&

Code

SST2
No

No 10.55
38.04

Yes 6.54

Yes
No 73.17 7.68
Yes 67.55

CoLA
No

No 74.21
47.42

Yes 39.02

Yes
No 74.78 31.67
Yes 51.10

Table 2: Adversarial robustness of merged models on
SST2 and CoLA with StressTest prompt attacks. Best
and second-best results are marked in bold and under-
lined, respectively.

for discovering high-performance configurations,503

investigating more automated search techniques504

could further enhance efficiency in complex multi-505

task settings.506

Ethical Considerations507

Our work contributes to energy-efficient AI de-508

velopment by enhancing model capabilities with-509

out the significant computational cost. However,510

since model merging directly integrates parame-511

ters from parent models (e.g., Llama-2 derivatives),512

the merged models may inherit or potentially am-513

plify existing biases and safety risks present in the514

source checkpoints.515
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A Task-Specific Fine-Tuned LLMs and 748

Datasets Details 749

We conduct model merging experiments using 750

three task-specific LLMs fine-tuned from Llama-2- 751

13b: 752

• WizardLM-13B is an instruction-following 753

model based on Llama-2-13b, designed to 754

improve open-domain instruction-following. 755

Using the Evol-Instruct method (Xu et al., 756

2024), it generates high-complexity instruc- 757

tion data to reduce human annotation and en- 758

hance generalization. The model undergoes 759

supervised fine-tuning with AI-generated data, 760

followed by refinement via RLHF. Evalua- 761

tion results show that Evol-Instruct-generated 762

instructions outperform human-written ones, 763
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and WizardLM-13B surpasses ChatGPT in764

high-complexity tasks. In GPT-4 automated765

evaluation, it achieves over 90% of ChatGPT’s766

performance in 17 out of 29 tasks, demonstrat-767

ing the effectiveness of AI-evolved instruction768

fine-tuning (Xu et al., 2024).769

• WizardMath-13B, optimized from Llama-2-770

13b, is designed for mathematical reasoning771

and enhances Chain-of-Thought (CoT) (Wei772

et al., 2022) capabilities. It uses Reinforce-773

ment Learning from Evol-Instruct Feedback774

to evolve math tasks and improve reasoning.775

Trained on GSM8K and MATH datasets, it776

excels in both basic and advanced math prob-777

lems. In evaluations, WizardMath-Mistral778

7B outperforms all open-source models with779

fewer training data, while WizardMath 70B780

surpasses GPT-3.5-Turbo, Claude 2, and even781

early GPT-4 versions in mathematical reason-782

ing tasks.783

• llama-2-13b-code-alpaca is a code genera-784

tion model fine-tuned from Llama-2-13b, de-785

signed to enhance code understanding and786

generation. It follows the same training ap-787

proach as Stanford Alpaca (Taori et al., 2023)788

but focuses on code-related tasks. The model789

is fine-tuned with 20K instruction-following790

code samples generated using the Self-Instruct791

method (Wang et al., 2022). However, as it792

has not undergone safety fine-tuning, caution793

is required when using it in production envi-794

ronments.795

We use one dataset to evaluate the instruction-796

following task:797

• AlpacaEval (Li et al., 2023) is an LLM-798

based automated evaluation metric that as-799

sesses model performance by testing on a800

fixed set of 805 instructions and computing801

the win rate of the evaluated model against802

a baseline. The evaluation process involves803

an LLM-based evaluator that compares the804

responses and determines the probability of805

preferring the evaluated model. In this paper,806

we use AlpacaEval 2.0 (Dubois et al., 2024).807

To reduce costs, we use chatgpt_fn for evalua-808

tion.809

We use two dataset to evaluate the mathematical810

reasoning task:811

• GSM8K is a dataset of 8.5K high-quality, lin- 812

guistically diverse grade school math word 813

problems, designed to evaluate the multi-step 814

mathematical reasoning abilities of large lan- 815

guage models. It consists of 7.5K training 816

problems and 1K test problems. In this paper, 817

we use the 1K test set for evaluation (Cobbe 818

et al., 2021). 819

• MATH is a dataset containing 12,500 820

competition-level math problems, designed 821

to evaluate and enhance the problem-solving 822

abilities of machine learning models. It con- 823

sists of 7,500 training problems and 5,000 test 824

problems. We use the 5,000 test set for evalu- 825

ation (Hendrycks et al., 2021). 826

We used two dataset to evaluate the code genera- 827

tion task: 828

• HumanEval is a dataset consisting of 164 829

hand-written programming problems, de- 830

signed to evaluate the functional correctness 831

of code generation models. Each problem 832

includes a function signature, docstring, func- 833

tion body, and unit tests. The dataset tests 834

models’ language comprehension, reasoning, 835

and algorithmic abilities (Chen et al., 2021). 836

• MBPP is a dataset containing 974 program- 837

ming problems designed to evaluate a model’s 838

ability to synthesize Python programs from 839

natural language descriptions. The problems 840

range from basic numerical operations to 841

more complex tasks involving list and string 842

processing. The test set consists of 500 prob- 843

lems, which are used for evaluation in this 844

paper (Austin et al., 2021). 845

B Out-of-Distribution Dataset Selection 846

Details 847

LiveBench (White et al., 2024) is a dynamic bench- 848

mark for large language models, featuring fre- 849

quently updated questions and diverse tasks. To 850

assess OOD robustness, we evaluate math & code, 851

LM & math, and LM & code models using instruc- 852

tion following (LiveBench-Instruction), coding 853

(LiveBench-Coding), and language comprehension 854

(LiveBench-TypoFixing) category in LiveBench, 855

respectively, deliberately avoiding the fine-tuning 856

domains of the merged fine-tuned models. These 857

tasks were released after November 2023, whereas 858
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WizardLM-13B, WizardMath-13B, and llama-2-859

13b-code-alpaca were all introduced earlier. Fur-860

thermore, their shared Llama-2-13b backbone was861

trained on data only up to July 2023. Consequently,862

these factors collectively ensure that the evaluation863

remains OOD in the temporal dimension.864

When assessing the OOD robustness of LM &865

Code using the Language Comprehension category866

in LiveBench, only the typo-fixing task is con-867

sidered. This decision is based on the fact that868

LiveBench is highly challenging, and the merged869

model performs poorly on other tasks in this cat-870

egory, with accuracy close to zero, rendering the871

evaluation results inconclusive and uninformative.872

Finally, we acknowledge the limitations of these873

datasets. For large models like Llama-2-13b, iden-874

tifying truly OOD datasets is difficult, as their train-875

ing data likely covers similar distributions. These876

datasets are better described as "out-of-example",877

representing instances not explicitly seen during878

training. As discussed in (Wang et al., 2023),879

distribution shifts can occur across domains and880

time. While Llama-2-13b may have been trained881

on datasets for tasks like instruction-following, cod-882

ing, and language comprehension, the datasets we883

selected remain valuable for OOD evaluation by884

capturing temporal shifts, providing insights into885

robustness over time.886

C Adversarial Robustness Evaluation887

Experiments Setting Details888

PromptBench (Zhu et al., 2024) is a unified library889

designed for evaluating LLMs, providing a stan-890

dardized and extensible framework. It includes891

several key components such as prompt construc-892

tion, prompt engineering, dataset and model load-893

ing, adversarial prompt attacks, dynamic evaluation894

protocols, and analysis tools.895

We use the Adversarial Prompt Attacks mod-896

ule in PromptBench aims to evaluate the robust-897

ness of LLMs against adversarial prompts. We898

employ three methods to perform adversarial at-899

tacks on prompts to evaluate the adversarial ro-900

bustness of the merged models: DeepWordBug901

(Gao et al., 2018), BERTAttack (Li et al., 2020),902

and StressTest (Naik et al., 2018), representing903

Character-level, Word-level, and Sentence-level at-904

tacks, respectively.905

• DeepWordBug introduces subtle character-906

level perturbations (e.g., adding, deleting, or907

replacing characters) to words in text to de-908
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(a) The operational steps of TIES-Merging.
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(b) After introducing M3, the Disjoint Merge step in
the TIES-Merging procedure.

Figure 6: The difference between M3 and the origi-
nal TIES-Merging is that, in the Disjoint Merge step,
when two task vectors are retained for a given parameter,
the mean of the task vectors is replaced by a random
linear interpolation, while the other operations remain
unchanged.

ceive language models. It aims to evaluate a 909

model’s robustness against small typograph- 910

ical errors that may alter the model’s perfor- 911

mance without being easily detected. 912

• BERTAttack manipulates text at the word 913

level by replacing words with contextually 914

similar synonyms to mislead large language 915

models. This method tests the model’s abil- 916

ity to maintain accuracy despite small lexical 917

changes that might alter the meaning of the 918

input. 919

• StressTest appends irrelevant or redundant 920

sentences to the end of a prompt to distract 921

and confuse language models. It assesses the 922

model’s ability to handle extraneous informa- 923

tion and maintain accuracy when faced with 924

unnecessary distractions. 925

The evaluation is conducted on the Sentiment 926

Analysis dataset (SST2 (Socher et al., 2013)) and 927

the Grammar Correctness dataset (CoLA (Warstadt, 928

2019)): 929

• SST2 (Socher et al., 2013): A sentiment anal- 930

ysis dataset designed to assess whether a given 931

sentence conveys a positive or negative senti- 932

ment. 933

• CoLA (Warstadt, 2019): A dataset for gram- 934

mar correctness, where the model must de- 935
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Merging Methods Search Ranges of Hyperparameters

Task Arithmetic Scaling term for merging model parameters:
[0.5, 0.6, 0.7, 0.8, 0.9, 1.0]

TIES-Merging

Scaling term for merging model parameters:
[0.5, 0.6, 0.7, 0.8, 0.9, 1.0]

Ratio for retaining parameters with the
largest-magnitude values: [0.5, 0.7, 0.9]

Table 3: Hyperparameter search ranges for model merg-
ing methods.

Merging Method Model Hyperparameter Values

TIES-Merging
LM & Math scaling_term=0.5, retain_ratio=0.5
LM & Code scaling_term=1.0, retain_ratio=0.7

Math & Code scaling_term=1.0, retain_ratio=0.5

Table 4: Hyperparameter settings in TIES-Merging.

termine whether a sentence is grammatically936

acceptable.937

D Hyperparameter Setting Details in938

Model Merging Methods939

Table 3 presents the hyperparameter search ranges940

for the model merging methods. For Task Arith-941

metic and TIES-Merging, the scaling terms are942

selected from [0.5, 1.0], while in TIES-Merging,943

the retain ratio for the largest-magnitude parame-944

ters is chosen from [0.5, 0.7, 0.9]. In contrast, the945

Average Merging method does not require any hy-946

perparameters.947

Table 4 presents the optimal hyperparameter set-948

tings for the TIES-Merging model merging method949

obtained through searching. These settings are fur-950

ther applied to model merging experiments involv-951

ing M3 and DARE.952

E Performance Drop Rate (PDR) for953

Adversarial Robustness954

The adversarial robustness is evaluated using the955

Performance Drop Rate (PDR) (Zhu et al., 2023),956

which is defined as follows:957

PDR =
Metricno attack − Metricattack

Metricno attack
, (7)958

where Metricno attack denotes the performance met-959

ric without any prompt attack, and Metricattack rep-960

resents the performance metric under the prompt961

attack. A smaller PDR indicates stronger adversar-962

ial defense against prompt attacks, implying better963

adversarial robustness.964

F Additional Experimental Results on 965

Adversarial Robustness 966

All the merged models are obtained using the Task 967

Arithmetic method. Table 5 presents the detailed 968

experimental results of the adversarial robustness 969

of merged models on the SST2 and CoLA datasets 970

applying the DeepWordBug prompt attack method. 971

Table 6 presents the detailed experimental results of 972

the adversarial robustness of merged models on the 973

SST2 and CoLA datasets applying the BERTAttack 974

prompt attack method. 975

G Detailed Introduction to DARE 976

DARE (Drop And REscale) (Yu et al., 2024) is 977

a model sparsification method designed to reduce 978

the redundancy of delta parameters in fine-tuned 979

models while preserving their task-specific capabil- 980

ities. In SFT, model parameters are optimized to 981

unlock abilities for specific tasks, with the differ- 982

ence between fine-tuned and pre-trained parameters 983

referred to as delta parameters. 984

However, studies have shown that delta parame- 985

ters are often highly redundant. DARE addresses 986

this redundancy by randomly dropping a propor- 987

tion p of delta parameters (referred to as the drop 988

rate) and rescaling the remaining ones by a factor 989

of 1/(1 − p). This simple yet effective approach 990

enables DARE to eliminate up to 99% of delta 991

parameters with minimal impact on model perfor- 992

mance, particularly in large-scale models, and it 993

can be applied using only CPUs. 994

Beyond sparsification, DARE serves as a ver- 995

satile plug-in for merging multiple homologous 996

fine-tuned models (fine-tuned from the same base 997

model) by reducing parameter interference. When 998

combined with existing model merging techniques 999

such as Average Merging, Task Arithmetic, and 1000

TIES-Merging, DARE facilitates the merging of 1001

models while retaining or even enhancing task per- 1002

formance across multiple benchmarks. This effect 1003

is especially pronounced in decoder-based LMs, 1004

where DARE boosts task generalization. 1005

Experiments on AlpacaEval, GSM8K, and 1006

MBPP reveal that the merged LM has the potential 1007

to outperform any individual source LM, present- 1008

ing a significant new discovery. Notably, the 7B 1009

model obtained through DARE merging, Super- 1010

Mario v2, ranks first among models of the same 1011

scale on the Open LLM Leaderboard (Beeching 1012

et al., 2023). These improvements were achieved 1013

without the need for retraining, positioning DARE 1014
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Model Dataset Use Mixup Use Attack Metric (%) PDR (%)

Math
& Code

SST2
No No 57.68 11.73Yes 50.92

Yes No 78.21 37.10Yes 49.20

CoLA
No No 72.87 56.97Yes 31.35

Yes No 74.02 58.94Yes 30.39

LM
& Math

SST2
No No 92.78 2.60Yes 90.37

Yes No 91.28 3.77Yes 87.84

CoLA
No No 79.19 4.96Yes 75.26

Yes No 80.54 1.07Yes 79.67

LM
& Code

SST2
No No 10.55 98.91Yes 0.11

Yes No 73.17 97.65Yes 1.72

CoLA
No No 74.21 8.79Yes 67.69

Yes No 73.922 11.15Yes 65.68

Table 5: Adversarial robustness of merged models on the SST2 and CoLA datasets when executing the DeepWord-
Bug prompt attack method.

as an efficient and resource-friendly solution for1015

model merging.1016

H Integrating M3 into the TIES-Merging1017

Framework1018

The integration of M3 into TIES-Merging follows a1019

hierarchical logic: resolving microscopic conflicts1020

first, followed by macroscopic directional explo-1021

ration. As illustrated in Figure 6, after the standard1022

TIES steps of trimming low-magnitude parameters1023

and resolving sign disagreements, we obtain the1024

refined task vectors for the models to be merged.1025

Instead of using a fixed scaling or averaging ap-1026

proach, M3 is applied to these resolved vectors to1027

identify the optimal interpolation coefficient (λ).1028

Specifically, for parameters preserved in both task1029

vectors, we perform a weighted interpolation to1030

determine the merged values. For parameters re-1031

tained in only one of the models, we preserve their1032

original values to maintain task-specific knowledge.1033

This integration demonstrates that M3 acts as a flex-1034

ible geometric probe that can be seamlessly com-1035

bined with conflict-resolution methods, ensuring1036

that the merged model not only avoids parameter in-1037

terference but also aligns with the most performant1038

direction in the task-vector space.1039
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Model Dataset Use Mixup Use Attack Metric (%) PDR (%)

Math
& Code

SST2
No No 57.68 13.92Yes 49.66

Yes No 78.21 4.11Yes 75.00

CoLA
No No 45.54 13.47Yes 39.41

Yes No 71.72 17.25Yes 59.35

LM
& Math

SST2
No No 92.78 2.22Yes 90.71

Yes No 91.28 0.0Yes 91.28

CoLA
No No 79.19 12.00Yes 69.70

Yes No 80.54 5.83Yes 75.84

LM
& Code

SST2
No No 10.55 95.65Yes 0.46

Yes No 73.17 55.02Yes 32.91

CoLA
No No 74.21 7.24Yes 68.84

Yes No 73.92 7.52Yes 68.36

Table 6: Adversarial robustness of merged models on the SST2 and CoLA datasets when executing the Bertattack
prompt attack method.
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Merging
Methods

Models
Use M3

(Ours)
Use

DARE

Instruction
Following

Mathematical
Reasoning

Code Generating

AlpacaEval GSM8K MATH HumanEval MBPP

Average
Merging

LM
& Math

Yes No 44.40 66.26 13.80 - -
No Yes 44.22 66.57 12.96 - -
Yes Yes 43.53 66.57 14.12 - -

LM
& Code

Yes No 43.91 - - 37.20 34.40
No Yes 38.81 - - 31.71 32.40
Yes Yes 40.31 - - 36.59 37.00

Math
& Code

Yes No - 63.61 14.02 8.54 19.20
No Yes - 56.18 10.28 6.10 7.80
Yes Yes - 64.97 13.54 9.76 21.20

Task
Arithmetic

LM
& Math

Yes No 41.65 66.34 13.74 - -
No Yes 49.00 66.64 13.02 - -
Yes Yes 44.90 67.32 13.74 - -

LM
& Code

Yes No 46.64 - - 35.37 33.80
No Yes 41.47 - - 35.98 33.00
Yes Yes 45.20 - - 35.98 35.20

Math
& Code

Yes No - 63.53 13.94 7.93 19.00
No Yes - 65.05 13.96 10.37 9.80
Yes Yes - 65.13 14.32 8.54 18.00

TIES-
Merging

LM
& Math

Yes No 38.73 18.57 2.48 - -
No Yes 37.92 18.04 2.34 - -
Yes Yes 39.93 19.26 2.82 - -

LM
& Code

Yes No 44.96 - - 25.61 30.80
No Yes 43.13 - - 0.0 0.0
Yes Yes 45.65 - - 26.83 33.20

Math
& Code

Yes No - 64.75 14.16 9.76 21.4
No Yes - 64.82 13.88 10.37 23.60
Yes Yes - 64.75 14.78 9.15 19.60

Table 7: Comparison of our method M3 and DARE. The best and second-best results are marked in bold and
underlined fonts.
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