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Abstract001

We propose a sparsity-aware evolutionary002
(SAE) framework for model merging that in-003
volves iterative pruning-merging cycles to act004
as a novel mutation operator. We incorporate005
the sparsity constraints into the score function,006
which steers the evolutionary process to favor007
more sparse models, in addition to other con-008
ventional performance scores. Interestingly, the009
by-product of competition for sparsity intro-010
duces an extra local attraction and interplay011
into the evolutionary process: if one competitor012
has more zero elements, the other competitor’s013
non-zero elements will occupy those positions,014
even though the less sparse competitor loses015
to the more sparse competitor in other posi-016
tions. The proposed pipeline is evaluated on017
a variety of large-scale LLM benchmarks. Ex-018
periments demonstrate that our approach can019
improve model merging reliability across mul-020
tiple benchmarks, and is easy to incorporate021
due to its simplicity and being orthogonal to022
most existing approaches. The code has been023
uploaded into the OpenReview system.024

1 Introduction025

Model merging (Yang et al., 2024; Ruan et al.,026

2025), also known as model fusion (Li et al., 2023),027

has emerged as an efficient empowerment tech-028

nique that directly combines the parameters of mul-029

tiple separately trained models with different capa-030

bilities into a single “universal model”, without re-031

quiring access to the original training data or incur-032

ring expensive computation. This approach is pos-033

sible because deep neural networks share similar034

low-dimensional parametric subspaces (Kaushik035

et al., 2025). Within these universal subspaces,036

models can be merged to not only aggregate dis-037

tinct strengths but also to synthesize genuinely new038

compositional skills, essentially allowing the result-039

ing model to solve complex problems by chaining040

the atomic skills of its parents (Yuan et al., 2025).041
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Figure 1: θA and θB are pretrained LLMs that are to be
merged into θM. Different sizes of circles represent the
mixing ratios belonging to different parents. We main-
tain a large archive of models after generation t = 0 to
promote diversity based on local and global competition
mechanisms. Note that for the generation t = 1, the
upper-right neuron does not exist, since the parents’ cor-
responding neurons have been pruned in the generation
t = 0.

Among the diverse strategies for model fu- 042

sion (Li et al., 2023), evolutionary merging ap- 043

proaches have shown particular promise by au- 044

tomating the search for optimal merging config- 045

urations in a data-driven manner. Unlike static av- 046

eraging methods (Ilharco et al., 2023) that rely on 047

fixed heuristics, evolutionary algorithms (Abrantes 048
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et al., 2025; Zhang et al., 2025), dynamically ex-049

plore the vast parameter space of neural models to050

discover non-intuitive combinations that maximize051

model performance. This flexibility allows them052

to adaptively balance the contributions of different053

parent models, making them highly effective at nav-054

igating the complex trade-offs inherent in model055

fusion without requiring extensive retraining.056
In this work, we introduce sparsity specifically057

to enhance these evolutionary merging frameworks,058

positioning it as a critical regulatory mechanism059

rather than just a compression tool (Zhu and Gupta,060

2017), as shown in Figure 1. By incorporating061

sparsity constraints directly into the fitness func-062

tion of the evolutionary algorithm, we induce a063

dual dynamic of competition and attraction: the064

drive for sparsity forces parameters to compete for065

limited “survival slots”, essentially pruning redun-066

dant or conflicting weights (as detailed in Section067

2.2), while simultaneously creating a natural attrac-068

tion where the zeroed-out regions of one model are069

seamlessly occupied by the active parameters of070

another (as detailed in Section 2.3). This synergy071

steers the evolutionary search toward cleaner, more072

modular solutions that are less prone to interfer-073

ence.074

Standard weight merging often suffers from de-075

structive interference, a phenomenon where con-076

flicting parameter updates across tasks cancel out077

specialized capabilities, leading to sub-optimal per-078

formance (Farajtabar et al., 2020; Yadav et al.,079

2023b). To mitigate this within an evolution-080

ary framework, we propose leveraging sparsity081

(Blalock et al., 2020) not merely as a static reg-082

ularizer against overfitting (Srivastava et al., 2014),083

but as an active selection pressure for conflict reso-084

lution. By pruning conflicting regions during evo-085

lution, we force the algorithm to resolve parameter086

clashes dynamically. Crucially, this is followed by087

a re-dense phase, where the space cleared by spar-088

sity is strategically repopulated with complemen-089

tary features from other models, allowing distinct090

functional experts to coexist without overwriting091

each other.092

This cycle of sparsification and re-densification093

transforms the model from a monolithic weight094

block into a modular landscape of special-095

ized subspaces. By isolating atomic subnet-096

works—analogous to functional circuits in mecha-097

nistic interpretability (Olah et al., 2020; Yuan et al.,098

2025), we prevent noise from irrelevant parame-099

ters from disrupting the delicate reasoning chains100
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Figure 2: Evolutionary forces in sparsity-aware model
merging. Evaluation and sparsity jointly act as a natural
selection mechanism over offspring models, while prun-
ing introduces directed exploration toward increasingly
empty parameter regions. The merged model evolves
within the space spanned by dense model, sparse model,
and null space.

required for complex tasks. This isolation is par- 101

ticularly effective for evolutionary merging, as it 102

provides the search algorithm with cleaner building 103

blocks, ensuring that the merged model can effec- 104

tively compose skills from different parent models 105

as modular units rather than entangled weights (El- 106

moznino et al.). 107

Furthermore, sparsity serves as a navigational 108

constraint within the shared low-dimensional para- 109

metric subspace where effective solutions typically 110

reside (Kaushik et al., 2025; Zhang et al., 2025). 111

While dense optimization in the full parameter 112

space is prone to drifting into redundant or harmful 113

regions, our sparsity-guided evolutionary search re- 114

stricts the process to these essential manifolds. By 115

alternating between pruning to maintain structural 116

integrity and re-densing to maximize capacity, we 117

ensure the merged model evolves within the most 118

generalizable regions of the parameter space. 119

Our framework can also be understood from a 120

dynamic perspective. In particular, the joint use 121

of evaluation and sparsity-aware objectives func- 122

tions as a form of natural selection over offspring 123

models, favoring solutions that achieve strong per- 124

formance with fewer active parameters. Pruning 125

operations complement this selection pressure by 126

enabling directed exploration toward increasingly 127

empty regions of the parameter space. As illus- 128

trated in Figure 2, the interaction of these forces 129

drives the merged model to continuously move and 130

search within the space spanned by dense model, 131

sparse model and null space, rather than collapsing 132

to any single extreme. 133

A naïve way would be to constrain the represen- 134

tation capacity of the model merging space, but 135
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this requires manually incorporating appropriate136

priors about the task at hand. Inspired by the ef-137

fectiveness and simplicity of sparsity mechanisms138

(e.g., dropout and pruning) to reduce overfitting, we139

design a sparsity-inducing evolutionary approach140

to regulate model merging space in a data-driven141

manner.142

Our contributions are as follows:143

• We propose a sparsity-aware evolutionary144

(SAE) framework that seamlessly integrates145

sparsity as a direct regulatory signal in the146

fitness function, enabling sparsity to actively147

compete with performance objectives. It cre-148

ates a dual competition-attraction mechanism149

that leverages sparsity-induced signals to cre-150

ate natural parameter competition and repul-151

sion patterns, where pruned regions in one152

parent model attract complementary parame-153

ters from other parents, reducing destructive154

interference.155

• We demonstrate its effectiveness using com-156

prehensive empirical evaluation on large-157

scale LLM benchmarks with multiple archi-158

tectural scales, demonstrating consistent im-159

provements over strong baselines like particle160

swarm optimization while maintaining orthog-161

onality with existing merging approaches.162

2 Method163

2.1 Evolutionary Model Merging164

We adopt the main framework from (Abrantes et al.,165

2025), and define the set of all possible merged166

models, ΘM, as:167

ΘM = {θM | θM = Mλr(θ1, . . . , θK)} (1)168

where {θk}Kk=1 denotes a set of candidate models169

to be merged, and Mλr is a model merging opera-170

tor parameterized by a mixing ratio λr that controls171

the relative contribution of each parent model. Re-172

cent works have explored increasingly expressive173

merging operators Mλr to enlarge the capacity of174

ΘM (Li et al., 2023; Yang et al., 2024; Abrantes175

et al., 2025). Among these, Abrantes et al. (2025)176

introduces an evolutionary model merging frame-177

work that enables a highly flexible parameterization178

of M.179

Rather than directly optimizing the mixing ratio180

λr in a continuous manner, the search over ΘM is181

realized through a population-based evolutionary182

process. Starting from an initial population of K 183

candidate models, each dense model is expanded by 184

generating multiple sparse variants through pruning 185

operations, resulting in a mixed population contain- 186

ing both dense and sparse individuals. At each 187

evolutionary step, models in the population are ran- 188

domly paired to form K
2 pairs, and each pair pro- 189

duces one merged offspring. The offspring models 190

are evaluated and compared against the current pop- 191

ulation; an offspring replaces an existing individual 192

if it achieves a higher evaluation score. Through 193

this iterative pairing, evaluation, and replacement 194

process, the population progressively explores the 195

model space induced by Mλr . 196

Formally, this evolutionary process aims to iden- 197

tify the best-performing merged model 198

θ∗M = Mλr
∗(θ1, . . . , θK), (2) 199

where the optimal parameters λr
∗ are implicitly 200

determined by maximizing the evaluation score 201

λr
∗ = argmax

λr

N∑
j=1

S
(
xj | Mλr(θ1, . . . , θK)

)
.

(3)

202

Here, S denotes the evaluation score function (e.g., 203

benchmark performance), xj is a task example, and 204

N is the number of evaluation instances. 205

Following (Abrantes et al., 2025), the merged 206

model θM is constructed in a layer-wise manner. 207

Specifically, given two parent models θA and θB , 208

the parameters of the merged model are defined as 209

θ
(l)
M = λ(l)

r θ
(l)
A +

(
1− λ(l)

r

)
θ
(l)
B , (4) 210

where λ
(l)
r ∈ [0, 1] denotes a layer-wise instanti- 211

ation of the mixing ratio, controlling the relative 212

contribution of θ(l)A and θ
(l)
B . In contrast to split- 213

point–based formulations, the split parameter λs 214

is implicitly absorbed by treating each parameter 215

tensor as an independent merging unit. 216

While (Abrantes et al., 2025) also perform layer- 217

wise merging, our method further makes the mix- 218

ing ratios sparsity-aware by blending evaluation 219

scores with layer-wise sparsity-induced signals. In 220

our implementation, the layer-wise mixing ratio is 221

computed as 222

λ(l)
r =

sA + ω
(l)
A

(sA + ω
(l)
A ) + (sB + ω

(l)
B )

, (5) 223

where sA and sB denote the evaluation scores of 224

models θA and θB , respectively, and ω
(l)
A , ω(l)

B are 225
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layer-wise sparsity-induced weights defined in Sec-226

tion 2.2.227

The optimization problem is then reformulated228

as a search for the best-performing model θ∗M ex-229

clusively within this subspace ΘM. While the per-230

spective in (Abrantes et al., 2025) underscores the231

role of the merging function in defining the bound-232

aries of the search and constraining the solution233

space, we exploit the role of the score function234

S. As shown in Figure 1, the evolutionary algo-235

rithm jointly considers the sparsity-inducing and236

the task-related objectives for model merging.237

2.2 Competing for Sparsity238

Inspired by the effectiveness of sparsity mecha-239

nisms to reduce overfitting, we design a sparsity-240

inducing process to search for a sparse θ∗M, which241

modifies the score function to include sparsity con-242

ditions. Concretely, S(·, ·) takes in two inputs:243

a measure of sparsity1 of model parameters θ,244

and the performance measure of models following245

(Abrantes et al., 2025). As shown in Figure 1, this246

is different from sparsifying the merged model iter-247

atively in a subtle but profound way: if the dense248

network is pruned seprately after merging, the re-249

sulting sparsity does not compete with other score250

factors directly – that is, changing the sparsity ratio251

would not change the fitness directly; in contrast,252

if we incorporate the sparsity into the score func-253

tion, the sparsity competes with other score factors254

(e.g., fitness), which introduces more interplays255

among factors over the whole evolutionary process.256

Our approach also operates in a more fine-grained257

manner in the sense that the score functions take258

into account local neural patches, so the sparsity259

is considered not just on a global level across all260

parameters.261

Furthermore, consider this scenario: many pa-262

rameters of θA have been pruned, such that even263

though θA might have a high score on its utility,264

θB might occupy slightly more positions because265

it is not too sparse. Also imagine that a subset of266

weight matrix in θA are more sparse than a sub-267

set of weight matrix in θB . In order for weight268

matrix from θB to take up more resources in the269

merged model θM, the other utility of θB needs to270

be significantly higher than that of θA, which adds271

extra pressure for the competition between θA and272

θB . These examples illustrate how our sparsity-273

1We use the magnitudes of parameters as an indicator,
which is most effective and commonly used in the litera-
ture (Han et al., 2016).

inducing mechanism influences the merging pro- 274

cess. Our design can be seen as a special form of 275

dense-sparse-dense (Han et al., 2016), where our 276

re-dense operation is not based on random initial- 277

ization, but relies on parents. Our iterative dense- 278

sparse mechanism is tailored to model merging 279

tasks, where we should avoid introducing cold- 280

start initialization as we aim not to involve pre- 281

or post-training on large-scale data. This sparsity- 282

inducing mechanism to mitigate overfitting issues, 283

which promotes the survival of larger magnitudes 284

of parameters. 285

2.3 Sparsity-Induced Attraction 286

Interestingly, our sparsity-inducing mechanism cre- 287

ates a natural attraction. If θA is more sparse than 288

θB , some non-zero elements of θB would occupy 289

the corresponding zero elements of θA. We can 290

view this as the zero elements of θA, attracting the 291

non-zero elements of θB . 292

2.4 Annealing Sparsification 293

We propose a simple way to escape from a local 294

suboptimal solution based on joint sparsification. 295

Specifically, we anneal the sparsification ratio of 296

the merged model during training, which can be 297

seen as the mutation operator and is inspired by 298

(Loshchilov and Hutter, 2016). 299

Note that we apply this sparsification anneal- 300

ing schedule to both the individual models and the 301

merged model. This encourages our pipeline to 302

explore the merged model space, especially in the 303

early stage more effectively. 304

3 Experiments 305

We conduct our experiments based on fine-tuned 306

variants of LLaMA-3 models2, each with 3 bil- 307

lion parameters, which are pretrained from the 308

same base architecture but specialized for different 309

competencies: mathematical reasoning and mul- 310

tilingual understanding, respectively. These mod- 311

els are sourced from the MergeBench benchmark 312

suite (Tang et al., 2025). 313

Specifically, we use the following models as 314

merging candidates: 315

2We exclude Qwen2.5 models as Qwen2.5-Coder is con-
tinually trained with substantially more tokens than its base
counterpart (Hui et al., 2024), leading to reduced compati-
bility for parameter-space merging. Although recent work
reports merging Qwen2.5-Coder and Qwen2.5-Instruct at the
7B scale (Sigrist and Waldis, 2025), it focuses on task-vector
or interpolation-based methods and does not consider iterative
evolution-based merging, which is the focus of our study.
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Method Math + Multilingual

GSM8K MMLU-ProX Avg.

Task Arithmetic 0.741 0.187 0.464
Weight Average 0.742 0.185 0.464
Rankmean 0.137 0.176 0.157
PSO 0.7801 0.164 0.472
SAE (Global) 0.798 0.170 0.484
SAE (Local) 0.7748 0.182 0.478

Table 1: Comparing SAE with strong baselines under
the Math + Multilingual fusion setting. Task arithmetic
is from (Ilharco et al., 2023), and other baselines can be
refereed to (Zhang et al., 2025).

• LLaMA-3.2-3B-Instruct-Math3, specialized316

for mathematical reasoning tasks317

• LLaMA-3.2-3B-Instruct-Multilingual, spe-318

cialized for multilingual understanding and319

reasoning320

To perform model merging optimization, we321

randomly sample each time 1,319 instances from322

GSM8K training set and 200 instances from323

MMLU-ProX training set as dynamic optimiza-324

tion set. We evaluate the merged models on the full325

GSM8K test set and on a subset of 1,000 instances326

from the MMLU-ProX test set.327

For MMLU-ProX, the 1,000 evaluation samples328

are stratified by language, ensuring that the sub-329

set preserves the original language distribution of330

the full test set, and we use the full test sets of331

GSM8K to assess the generalization performance332

of the merged models.333

As our primary baseline, we compare against334

particle swarm optimization (PSO), a strong335

and recently proposed evolutionary approach for336

parameter-space model fusion. All experimental337

results are reported with the identical evaluation338

protocols to ensure fair comparison.339

3.1 Main Results340

We first compare SAE against strong baselines on341

multiple benchmarks. Table 1 reports the main re-342

sults. SAE slightly but consistently outperforms343

PSO on both GSM8K and MMLU-ProX, indicat-344

ing that sparsity-aware archive-based optimization345

provides a more effective exploration of the param-346

eter merging space.347

In addition to the quantitative results, we also348

analyze the geometric properties of the merged so-349

lutions by visualizing their loss landscapes along350

3https://www.llama.com/models/llama-3/

shared random directions, following the method- 351

ology of Li et al. (2018). Figure 3 further vi- 352

sualizes the local geometry on MMLU-ProX us- 353

ing a Hessian-based convexity proxy: the two 354

base experts exhibit mostly isolated high-convexity 355

(bright) cells, suggesting highly localized curvature 356

imbalance, whereas PSO produces more scattered 357

bright patches without clear continuity. In contrast, 358

the SAE-merged model shows more contiguous 359

and structurally coherent regions in the convexity 360

map, suggesting a smoother and more consistent 361

second-order landscape after sparsity-aware opti- 362

mization. 363

We report convexity visualizations on GSM8K 364

in Figure 4, following the same protocol as the 365

main-text analysis on MMLU-ProX. 366

Both the math expert and the multilingual ex- 367

pert exhibit mostly isolated high-convexity (bright) 368

cells, indicating localized curvature imbalance 369

along the sampled directions. Compared to the 370

expert models, PSO introduces additional high- 371

convexity regions, but these regions remain spa- 372

tially scattered and lack clear structural continuity. 373

In contrast, the SAE-merged model shows rela- 374

tively more contiguous and locally coherent con- 375

vexity patterns, with fewer isolated extrema. 376

Although the overall loss geometry on GSM8K 377

appears smoother than on MMLU-ProX, these 378

observations are qualitatively consistent with the 379

main-text results. Together with the loss landscape 380

visualizations in Figure 5, these results suggest that 381

sparsity-aware optimization consistently regular- 382

izes the local second-order geometry across tasks, 383

rather than merely inheriting expert-specific curva- 384

ture structures. 385

3.2 Ablation Study 386

We analyze how different design choices affect 387

performance. Results are summarized in Table 2. 388

The ablation study reveals that increasing the 389

sparsity-rate search range consistently improves 390

performance on both tasks. Layer-wise sparsity 391

benefits multilingual reasoning but degrades math- 392

ematical accuracy, suggesting task-dependent sen- 393

sitivity to sparsity granularity. Slower sparsity an- 394

nealing fails to provide further gains. 395

3.3 Effect of Archive Size 396

Table 3 reports the impact of archive population 397

size on SAE and PSO. Increasing the archive size 398

yields limited benefit for PSO, while SAE shows 399

clear improvement on MMLU-ProX as the popu- 400
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(a) Math expert (b) Multilingual expert (c) PSO-merged (d) SAE-merged

Figure 3: Convexity landscapes on MMLU-ProX. Each cell corresponds to a parameter point θ(α, β) = θ0 +
αd1 + βd2 along two random directions (layer-wise normalized), colored by a local convexity score computed
from Hessian spectra: convexity = abs(lambda_min) / (abs(lambda_max) + eps) (clipped to [0, 0.5]).
Brighter regions indicate more balanced positive/negative curvature (i.e., relatively stronger non-convexity), while
darker regions indicate one-sided curvature dominance.

(a) Math expert (b) Multilingual expert (c) PSO-merged (d) SAE-merged

Figure 4: Convexity landscapes on GSM8K. Each cell corresponds to a parameter point θ(α, β) = θ0+αd1+βd2
along two shared random directions (layer-wise normalized). Cells are colored by a Hessian-based convexity
proxy computed from the extreme eigenvalues: convexity = abs(lambda_min) / (abs(lambda_max) + eps),
clipped to [0, 0.5]. Brighter regions indicate more balanced positive/negative curvature, while darker regions indicate
one-sided curvature dominance.

lation grows. This suggests that archive diversity401

plays a critical role in sparsity-aware merging, par-402

ticularly for multilingual reasoning.403

Method GSM8K MMLU-ProX

SAE (pop = 8, default) 0.7824 0.1680
SAE (pop = 16) 0.7688 0.1700
SAE (pop = 32) 0.7847 0.1790
PSO (pop = 8) 0.7801 0.1640
PSO (pop = 16) 0.7847 0.1670
PSO (pop = 32) 0.7817 0.1610

Table 3: Impact of archive population size on SAE and
PSO.

3.4 Cyclic Sparsity Hyperparameter Analysis404

smin smax GSM8K MMLU-ProX Remark

0.10 0.60 0.7824 0.1680 Default
0.10 0.70 0.7703 0.1670 Comparable
0.05 0.90 0.7983 0.1700 Best

Table 4: Effect of sparsity-rate range on SAE perfor-
mance.

Table 4 summarizes the effect of different sparsity-405

rate ranges on SAE performance. Expanding the406

sparsity-rate range significantly enhances perfor- 407

mance, indicating that broader exploration of spar- 408

sity configurations is crucial for effective model 409

merging. 410

3.5 Sparse Measurement Variant 411

Method GSM8K MMLU-ProX

SAE (magnitude, default) 0.7824 0.1680
SAE (zero-count) 0.7832 0.1750
PSO (baseline) 0.7801 0.1640

Table 5: Comparison of different sparsity measurement
strategies.

As shown in Table 5, using zero-count as the spar- 412

sity measure further improves performance, sug- 413

gesting that explicit structural sparsity better corre- 414

lates with downstream task accuracy. 415

3.6 Cyclic Sparsity Scheduling 416

We adopt a cyclic scheduling strategy for sparsity 417

control inspired by the restart mechanism of SGDR. 418

Unlike classical SGDR, which operates on gradient- 419

based learning rates, our method does not involve 420
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Setting Configuration GSM8K MMLU-ProX Avg.

SAE (Default) Sglobal, s∈ [0.1, 0.6], T0=3, Tmult=2 0.7824 0.1680 0.4752
Redense with original dense Sglobal, θ ← θ

(0)
dense 0.7915 0.1610 0.4763

Local layer-wise sparsity Slocal, s∈ [0.1, 0.6] 0.7748 0.1810 0.4779
Larger sparse-rate range Sglobal, s∈ [0.05, 0.9] 0.7983 0.1700 0.4842
Slower schedule Sglobal, T0=4 0.7862 0.1520 0.4691

Table 2: Ablation results of SAE under different design choices. Unless otherwise specified, all settings use global
sparsity scoring and the default cyclic sparsity schedule. Sglobal and Slocal denote global and layer-wise sparsity
scoring strategies, respectively. Redense with original dense denotes a variant where the re-densification phase
initializes parameters from the original dense model θ(0)dense, rather than inheriting weights from the current parent
models.

gradients or optimizer dynamics. Instead, we treat421

the sparsity rate as an explicit control variable and422

apply cyclic modulation directly to the sparse ratio423

during training.424

Specifically, the sparsity rate is scheduled to in-425

crease from smin to smax within each cycle, fol-426

lowed by a restart that resets the sparsity to a lower427

value. The cycle length is initialized as T0 and ex-428

panded multiplicatively by a factor of Tmult after429

each restart. This design induces alternating phases430

of strong structural constraint (high sparsity) and431

relaxed exploration (low sparsity), enabling the432

model to balance structural consolidation and re-433

exploration over time.434

We interpret sparsity as a form of architectural435

regularization rather than an optimization hyperpa-436

rameter. High sparsity enforces compact and stable437

subnetworks, while lower sparsity allows broader438

parameter exploration. Cyclic modulation of spar-439

sity therefore plays a role analogous to annealing440

or curriculum strategies, but operates at the level441

of network structure instead of gradient dynamics.442

3.7 Cyclic Sparsity Schedule Ablation443

T0 Tmult GSM8K MMLU-ProX Avg. Remark

3 2 0.7824 0.1680 0.4752 Default
2 2 0.7612 0.1830 0.4721 T0 ↓
2 1 0.7809 0.1630 0.4720 T0 ↓, no grow
3 1 0.7665 0.1710 0.4688 no grow

Table 6: Cyclic sparsity schedule ablation (smin = 0.05,
smax = 0.9). “no grow” denotes Tmult=1, i.e., no cycle
length expansion.

Default Configuration. Unless otherwise speci-444

fied, we use a fixed default cyclic sparsity config-445

uration throughout all experiments. Specifically,446

the sparsity rate is bounded by smin = 0.1 and447

smax = 0.6, with a total of 12 training steps. The448

initial cycle length is set to T0 = 3, and the cycle449

length is expanded after each restart by a multi- 450

plicative factor of Tmult = 2. This configuration 451

is treated as the default setting in all subsequent 452

ablation studies. 453

Table 6 presents an ablation study of the cyclic 454

sparsity scheduling parameters. Compared to the 455

default configuration, reducing the initial cycle 456

length results in more frequent sparsity resets, 457

which biases the model toward improved multi- 458

lingual generalization at the cost of mathematical 459

reasoning performance. In contrast, disabling cycle 460

expansion (Tmult=1) removes long-term sparsity 461

annealing and generally degrades overall stability. 462

These results indicate that cyclic sparsity schedul- 463

ing plays a critical role in balancing task-specific 464

structural exploration and consolidation, indepen- 465

dently of gradient-based learning dynamics. 466

4 Related Work 467

Our work is broadly related to competitive 468

computation mechanisms, such as compute-to- 469

compute (Srivastava et al., 2013), where multiple 470

candidates compete and only the winner dominates 471

the output. Such competition naturally induces 472

sparsity and specialization, but is typically defined 473

at the activation or routing level rather than directly 474

in parameter space. Recent work also exploits spar- 475

sity to encourage diversity, for example by gener- 476

ating multiple sparse variants of a model (Zhang 477

et al., 2025), though the sparsity level in these ap- 478

proaches is usually heuristic and not explicitly op- 479

timized. 480

In contrast, our method treats sparsity as an ex- 481

plicit optimization signal and integrates it directly 482

into the evolutionary objective, allowing sparsity to 483

actively regulate competition and interaction dur- 484

ing model merging. 485

Model Merging Early studies showed that pre- 486

trained networks could be combined in weight 487
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space to share complementary abilities without488

joint training. Model Soup (Wortsman et al., 2022)489

demonstrated that aggregating fine-tuned check-490

points improves robustness, while Task Vectors (Il-491

harco et al., 2023) further revealed that fine-tuning492

updates behave like linear directions in parameter493

space. Yet naïve averaging often causes destructive494

interference and offers little control over conflicting495

updates.496

Building on this foundation, later methods497

sought more principled ways to stabilize merging.498

TIES (Yadav et al., 2023a) interpolates weights499

according to task-wise interference scores, and500

DARE (Yu et al., 2024) down-weights incompati-501

ble updates through stochastic sparsification. Be-502

yond fixed-rule, non-iterative merging, a growing503

line of work formulates model merging as an evolu-504

tionary or population-based search problem. Early505

efforts adapt black-box optimizers such as CMA-506

ES to search over merging coefficients or structures.507

More recent approaches emphasize population di-508

versity and interaction: M2N2 (Abrantes et al.,509

2025) maintains multiple niches through compe-510

tition and attraction, while PSO-Merging (Zhang511

et al., 2025) formulates merging as a particle swarm512

optimization process. Other work explores explicit513

mutation and crossover on model weights (Du et al.,514

2024), and reusable frameworks such as Merge-515

netic (Minut et al., 2025) and MergeKit (Goddard516

et al., 2024) further reflect the rapid development517

of model merging methods.518

Unlike dense-space merging methods such as519

M2N2, which operationalize competition and at-520

traction using only dense weights and global perfor-521

mance signals, SAE directly incorporates sparsity522

into the merging objective. Sparsity thus acts as523

both a regulatory signal and a structural mecha-524

nism—pruning clears parameter slots that other525

parents can fill—strengthening fine-grained com-526

plementarity, improving exploration, and reducing527

overfitting relative to dense-only designs.528

In the pursuit of efficient merging, sparsity529

has also been explored for scaling multi-task fu-530

sion (Davari and Belilovsky, 2024). However, prior531

work does not explicitly model the balance between532

sparsity and competition during merging, which is533

the focus of our approach.534

Model Pruning Model pruning has long been535

studied as an effective regularization technique536

to improve efficiency and generalization. Clas-537

sic methods identify important parameters based538

on magnitude, sensitivity, or training dynamics, 539

including the Lottery Ticket Hypothesis (Frankle 540

and Carbin, 2019), as well as single-shot or data- 541

agnostic approaches such as SNIP (Lee et al., 2019) 542

and SynFlow (Tanaka et al., 2020). More recent 543

work extends pruning to large pretrained models 544

and LLMs, with methods such as SparseGPT (Fran- 545

tar and Alistarh, 2023) and WANDA (Sun et al., 546

2024) that leverage structured or N:M sparsity pat- 547

terns for scalable compression. 548

Beyond single-model efficiency, sparsification 549

has also been explored in model merging. Sparse 550

Model Soups (Zimmer et al., 2024) combines prun- 551

ing with model averaging, while pruning-aware 552

merging methods (He et al., 2021; Zhu et al., 2024) 553

mitigate parameter conflicts in multitask or cross- 554

domain settings. In evolutionary merging, PSO- 555

Merging (Zhang et al., 2025) applies random spar- 556

sification to increase population diversity during 557

initialization. 558

However, in most existing approaches, sparsity 559

is treated as a preprocessing step or auxiliary heuris- 560

tic rather than an explicit optimization objective. 561

In contrast, our approach interleaves sparsification 562

and re-densification with merging throughout the 563

evolutionary process, treating sparsity as a first- 564

class evolutionary signal that competes with task 565

performance and actively shapes the merging dy- 566

namics. 567

5 Conclusion 568

In this work, we have presented a Sparsity-Aware 569

Evolution (SAE) framework that fundamentally 570

rethinks the role of sparsity in model merging. 571

By shifting the paradigm from static parame- 572

ter averaging to a dynamic, evolutionary search 573

driven by sparsity constraints, we successfully mit- 574

igated the destructive interference that typically 575

plagues multi-task fusion. Our results demonstrate 576

that treating sparsity as an active selection pres- 577

sure—rather than a mere regularizer—forces the 578

emergence of modular, conflict-free subnetworks, 579

thereby allowing the merged model to effectively 580

synthesize the distinct capabilities of its parents 581

through iterative pruning and re-densification. Ul- 582

timately, this work establishes that the strategic 583

subtraction of parameters is as vital as their aggre- 584

gation, offering a scalable and efficient pathway 585

for developing versatile LLMs without the need for 586

extensive retraining. 587
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Limitations588

While our sparsity-aware evolution framework589

demonstrates clear gains in merging reliability and590

modularity, it introduces certain trade-offs com-591

pared to simple linear merging techniques. First,592

the evolutionary search process, though more effi-593

cient than full retraining, incurs a higher computa-594

tional cost than one-shot methods like task arith-595

metic due to the need to evaluate multiple gener-596

ations of candidate models. Second, our current597

experiments primarily validate the approach on ho-598

mologous models sharing the same base architec-599

ture (LLaMA-3); its efficacy in merging heteroge-600

neous architectures or models with vastly different601

pre-training distributions remains an open question.602

Third, while the re-dense mechanism effectively603

repopulates pruned subspaces, the optimal sched-604

ule for annealing sparsity is currently heuristic-605

based, suggesting that future work could benefit606

from adaptive, meta-learned schedules to further607

automate the balancing of competition and attrac-608

tion. Finally, our proposed pipeline is a general-609

purpose for LLMs and not specifically designed for610

MoE models. We have not tested its effectiveness611

for MoE models yet, which could be a promising612

next step.613
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A Loss Surface Analytics 775

Figure 5 visualizes the loss landscapes of the ex- 776

pert models, the SAE-merged model, and the PSO- 777

merged model along shared random directions. 778

On GSM8K (top row), all three models exhibit 779

a low-loss basin centered around the origin, indi- 780

cating local stability of the solutions. Compared to 781

PSO, the SAE-merged model forms a more sym- 782

metric and smoothly varying basin, while the PSO 783

landscape closely resembles that of the math ex- 784

pert. 785

A similar pattern is observed on MMLU-ProX 786

(bottom row). The multilingual expert shows a 787

more anisotropic loss surface, which is largely re- 788

tained by PSO after merging. In contrast, SAE pro- 789

duces a more regular and isotropic basin, suggest- 790

ing that sparsity-aware optimization reshapes the 791

local loss geometry rather than inheriting expert- 792

specific structures. 793

These geometric differences complement the 794

convexity analysis in the main text and provide 795

an intuitive explanation for SAE’s more consistent 796

performance improvements over PSO. 797
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Math expert (GSM8K) PSO (GSM8K) SAE (GSM8K)

Multilingual expert (MMLU-ProX) PSO (MMLU-ProX) SAE (MMLU-ProX)

Figure 5: Loss landscapes along shared random directions. Each row corresponds to a single task, and each
column compares the expert model, the SAE-merged model, and the PSO-merged model under the same random
directions (α, β) in parameter space.
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