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Abstract001

Training large language models (LLMs) and002
multimodal LLMs necessitates significant com-003
puting resources, and existing publicly avail-004
able LLMs are typically pre-trained on di-005
verse, privately curated datasets spanning vari-006
ous tasks. For instance, LLaMA, Vicuna, and007
LLaVA are three LLM variants trained with008
LLaMA base models using very different train-009
ing recipes, tasks, and data modalities. The010
training cost and complexity for such LLM vari-011
ants grow rapidly. In this work, we propose to012
use a soup strategy to assemble these LLM vari-013
ants into a single well-generalized multimodal014
LLM (SoupLM) in a cost-efficient manner. As-015
sembling these LLM variants efficiently brings016
knowledge and specialities trained from differ-017
ent domains and data modalities into an inte-018
grated one (e.g., chatbot speciality from user-019
shared conversations for Vicuna, and visual ca-020
pacity from vision-language data for LLaVA),021
therefore, to avoid computing costs of repetitive022
training on several different domains. We pro-023
pose series of soup strategies to systematically024
benchmark performance gains across various025
configurations, and probe the soup behavior026
across base models in the interpolation space.027

1 Introduction028

Training large language models (LLMs) (Brown029

et al., 2020; Achiam et al., 2023; Devlin et al.,030

2018) presents several significant challenges, such031

as how to deploy immense size models on infras-032

tructures and make large-scale optimization (Xie033

et al., 2024; Narayanan et al., 2021), and how to col-034

lect and prepare massive training data to match the035

model size (Swayamdipta et al., 2020; Wang et al.,036

2022). As a result, the computational cost and other037

efforts of training such networks is rapidly grow-038

ing. For example, training a model like LLaMA3-039

7B (Touvron et al., 2023) requires an extensive040

amount of computation with carefully defined data041

and training recipe, not to mention a 70B model de-042

mands even more resources and training complex- 043

ity, measured in thousands of H100 hours (Cho- 044

quette, 2023). Constraints caused by these substan- 045

tial computational costs mean that research into 046

new large language models is often restricted to a 047

limited number of teams with extensive resources, 048

which may hinder the community development. 049

Moreover, while extending the model capacities 050

for multiple domains by transitioning LLMs into 051

large multi-modal models (LMMs), additional chal- 052

lenges arise (Liu et al., 2024b; Zhu et al., 2023; Yan 053

et al., 2021). Training LMMs typically follows the 054

post-training approach, which involves finetuning 055

the base model with a multi-modal instructional 056

tuning dataset (Liu et al., 2024a; Li et al., 2024). 057

For example, LLaVA (Liu et al., 2024b) enable 058

its base Vicuna (Zheng et al., 2023) model to un- 059

derstand visual input by finetuning it on vision- 060

language instruction data. In addition, extending 061

the model with new architecture, such as branch 062

mixing and training (Sukhbaatar et al., 2024) under 063

Mixture-of-Experts (MoE) design (Shazeer et al., 064

2017), further complicates the process. Overall, 065

as models become more unified and integrate di- 066

verse modalities, they face new issues like data 067

and modality drift. Such issues require even more 068

complicated data and optimization recipes, which 069

are more complex than traditional challenges and 070

further increase the multi-modal training costs. 071

In this context, the concept of model soup 072

emerges as an effective strategy to merge the base 073

model and its finetuned variants. It initially fo- 074

cuses on image classification task (Wortsman et al., 075

2022). Instead of picking the model with highest 076

validation accuracy, model soup combines tuned 077

models of different hyperparameter configurations, 078

where all variants are trained from the same ran- 079

dom initialized model that seen as the base model. 080

The soup strategy obtains a robust model with the 081

highest performance, which can be generalized to 082

several visual backbones like CLIP (Radford et al., 083
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2021) and ViT (Dosovitskiy et al., 2020). Unlike084

typical ensemble, the model soup directly merges085

weights of model variants, resulting in no addi-086

tional inference and memory costs.087

Motivated by the challenges above with model088

soup inspiration, in this paper, we systematically089

study how to merge the model variants of different090

domains in the context of the large language model.091

More specifically, we focus on language (LLMs)092

and vision-language (LMMs) domains upon the093

autoregressive architecture (Radford et al., 2019).094

We take Vicuna, and its variant LLaVA as two base095

models for a study case to explore the model in-096

tegration in LLMs and LMMs, namely, SoupLM.097

We propose series of soup strategies from naive098

weight average into finegrained learnable soup, and099

find SoupLM improves both language and multi-100

modal task performances as an integrated well-101

generalized model. Such process has no additional102

inference cost and requires almost ignorable extra103

training cost, where naive soup has no training cost104

and learnable soup has tiny effort to adjust the soup105

weight. We systematically benchmark extensive106

evaluations across different soup configurations to107

fully explore its improvement potential, statistically108

providing intuitions to find a better soup setting.109

We are also curious about the finegrained soup110

behavior across base models. For example, if the111

base models are given, what is the learned α dis-112

tributions under different tuning conditions? Cor-113

respondingly, we make detailed analysis upon dif-114

ferent settings and further use a simple regularized115

soup strategy, to initially probe the soup dynamics.116

To summarize our effort of this paper:117

• We propose SoupLM to first investigate the118

model soup strategy in the context of the au-119

toregressive architecture. SoupLM integrates120

base models of different domains as a well-121

generalized multi-modal model, introducing122

ignorable training and no inference cost.123

• We systematically benchmark the learnable124

soup strategy across various configurations125

to test the potential performance gain. It ob-126

serves statistical patterns under the hyperpa-127

rameter space, and inspires a principle design128

to derive better soup settings.129

• Finegrained soup behaviors are initially130

probed by learnable and regularized soup, and131

we find the interpolation distributions are sta-132

ble under training constraints and certain fine-133

tuning supervisions. It is expected to inspire 134

more soup mechanism studies to probe its be- 135

haviors in an interpretable way. 136

2 Method 137

This section introduces vanilla, learnable, and 138

regularized soup strategies for our SoupLM explo- 139

ration, where vanilla initially explores the effec- 140

tiveness of soup, learnable serves as our central 141

method and regularized mainly for soup behav- 142

ior analysis to validate our hypothesis. Given a 143

set of base models with isomorphic model struc- 144

tures M = {f(θ1), f(θ2), ..., f(θn)}, where n is 145

the number of base models. Here, the model f(·) 146

generally represents network module at different 147

granularities (e.g., each weight, each MLP block, 148

and the whole model), which varies according to 149

different soup strategies. We keep the model struc- 150

ture f(·) fixed and merge θ∗ to obtain a souped 151

model f(θs). The merging also keeps the weight 152

θ∗ fixed and only assign a bunch of α to bridge 153

base models. Then, the integrated one is given by 154

f(θs) =
n∑

i=1

αiθi, (1) 155

where α is the critical factor of our study and ex- 156

plored by following soup strategies. In this study, 157

we specifically consider two autoregressive Trans- 158

former (Vaswani et al., 2017) base models, Vicuna 159

and LLaVA, for the following soup strategies and 160

the number of base models can be easily enlarged. 161

And we ensure
∑n

i=1 α
i = 1 to interpolate weight 162

in linear model space. 163

2.1 Vanilla Soup 164

We use vanilla soup as a simple baseline to ini- 165

tially explore if directly combining weights of two 166

base models improves the performance. Herein, 167

f(·) represents the whole model, which is the 168

largest granularity. We manually set different ra- 169

tios α1 (e.g., 0.5) for the first base model and use 170

α2 = 1 − α1 for the second. The vanilla souped 171

model is given by 172

f(θs) = α1θ1 + (1− α1)θ2, (2) 173

where we use α1 = {0.1, 0.2, ..., 0.9} in our exper- 174

iments (see Sec. 3.2) 175

2.2 Learnable Soup 176

Instead of merging base models using model- 177

level granularity as vanilla soup, we propose to re- 178

fine the process by decreasing the soup granularity 179
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Table 1: Summary of five meta sets from language and vision-language domains.

Meta Set MMMU LLaVA665K MMLU GSM8k Hellaswag

Number of validation 150 665K 99.8K 7.47K 39.9K
Number of test 900 60 (LLaVA-Bench) 14K 1.32K 10K

to bridge base models in a fine-grained way, which180

is the central method in this paper. Concretely,181

we choose each module in Transformer block as a182

smaller soup unit f(·), such as the Q, K, V, O map-183

pings in attention block and up, down mappings in184

MLP block. In addition, we also include all nor-185

malization layers, the very first embedding layer,186

and the last LM head mapping as units for soup.187

Basically, this process can be seen as a finegrained188

soup at per-mapping granularity.189

Rather than manually assignment, we propose190

to optimize the finegrained α using a tiny develop-191

ment set D. The optimization follows the typical192

finetuning protocol of autoregressive model to min-193

imize the next token prediction loss, but only tun-194

ing the α[∗,∗] while fixing both base models (θ1[∗,∗],195

θ2[∗,∗]). It integrates the weights in the model space196

spanned by two base models, which is formally197

given by:198

α[s,l] = argmin
α

L(α[s,l]; θ
1
[s,l], θ

2
[s,l],D), (3)199

where s represents different soup units (e.g., Q/up200

project in attention/MLP) and l means different201

Transformer layer indices. L(·; ·) is the autore-202

gressive loss. It elaborates the merging process by203

delicately tuning the soup weights following the204

data supervision to better take advantages of both205

base models. Such refinement with smaller soup206

granularity firstly leads to a more flexible model207

interpolation space to benefit further performance208

gain. Furthermore, it provides an access to investi-209

gate the functional mechanism of each soup unit by210

analyzing their merging behaviors. Please note that211

the learnable soup can be further elaborated by re-212

ducing the soup granularity such as neuron or other213

self-defined units and we keep the per-mapping214

soup units for this study.215

2.3 Regularized Soup216

Learnable soup picks smaller granularity and217

merges base models by fixing the original ones.218

It also provides an intuitive way to investigate the219

model merging behaviors in the model space. To do220

so, we involve a regularization term to elaborate the221

soup process and point out the merging behavior 222

for analysis. We use L1 normalization on the soup 223

α and augment Eq. 3 as 224

Lreg(α) = L(α; θ1, θ2, D) + λ∥α∥1, (4) 225

where we omit the subscript of [s, l] for α. λ is the 226

regularization strength parameter and Lreg is the 227

final regularized training objective. Other regular- 228

ization formats (e.g., L2) can be easily extended 229

and we simply consider L1 here. Through adding 230

regularization on the α, its optimized values are 231

constrainted close to its initializations. In this way, 232

we set increasing regularization magnitudes to ob- 233

serve the changes of soup distribution, and validate 234

the hypothesis that model soup performs stable 235

behavior according to the given base models. Dif- 236

ferent from learnable soup above aiming to exhaust 237

the soup potential, regularized soup is mainly to 238

provide further intuitions of model soup behavior 239

among base models during finetuning. 240

3 Experiments 241

3.1 Principle Design 242

Since we study series finegrained soup strate- 243

gies based on multi-modal models with massive 244

parameters, it is critical to propose a feasible path 245

to manage the hyperparameter spaces for a reason- 246

able exploration pipeline. Therefore, we briefly 247

introduce base models, meta sets, and soup strate- 248

gies, then elaborate them in the following sections. 249

Base Models 250

We specifically consider vision-language do- 251

mains and choose representative Vicuna (Zheng 252

et al., 2024) and its visual variants LLaVA (Liu 253

et al., 2024b) as two base models. Vicuna is fine- 254

tuned from LLaMA (Touvron et al., 2023) using 255

human conversation instruction, which enable it 256

with chatbot function. LLaVA is further finetuned 257

from Vicuna using vision-language instructions, 258

therefore, the model can understand visual input 259

and interact with users by language. Basically, they 260

are both variants from original LLaMA, sharing the 261

isomorphical structures on language decoder, and 262
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Figure 1: Vanilla soup evaluations on five meta sets, including MMMU, LLaVA-Bench for multi-modality, and
MMLU, GSM8K, Hellaswag for language. The x-axis shows increasing soup ratio from 0.1 to 0.9 of (α1) of LLaVA.
The y-axis means the evaluation performance. Green dots serve as soup performances. Two base models are shown
in blue and red lines. We find vanilla soup generally outperforms baselines, and direct average with α1 = 0.5 often
obtains better results except for the MMMU dataset.

their weights are consistently optimized step-by-263

step. Such consistencies benefits to further explore264

model interpolation upon these two models. Specif-265

ically, we use their 7B and V1.5 version to repre-266

sent language and multi-modal domains. Among267

our experiments, we fix two base models and only268

investigate the interpolation weight α based on269

different soup strategies. We also fix the visual270

encoder and alignment MLP of LLaVA for both271

training and test. Please note the base model candi-272

dates can be easily generalized into other domains273

(e.g., audio and video) and multiple (>2) base mod-274

els, but we only take language and vision-language275

ones in our study.276

Meta Sets277

Various evaluation benchmarks are designed278

for both language and vision-language models279

from different purposes, we choose a few rep-280

resentative ones as our meta (development) sets281

for benchmarking. Such meta sets fulfil: 1) they282

are well-prepared and robust evaluation datasets283

for certain general purposes, 2) they cover both284

language and vision-language multi-modal do-285

mains, 3) they contain training and corresponding286

test set. In this study, we choose MMMU (Yue287

et al., 2023), LLaVA665K (Liu et al., 2023a) for288

vision-language domain; MMLU (Hendrycks et al.,289

2021), GSM8K (Cobbe et al., 2021), and Hel-290

laswag (Zellers et al., 2019) for language domain.291

We use their given training set for finetuning and292

test set for evaluation1. The meta sets information293

is summarized in Tab. 1294

Soup Strategies295

We study a series of soup strategies that inter-296

polate two base models while fixing their original297

weights based on five meta sets. At first, we simply298

1LLaVA665K is the instruction finetuning data for LLaVA
without corresponding test set, we regard the LLaVA-
Bench (Liu et al., 2024b) as its in-domain test set.

use vanilla soup as a initial baseline (Sec. 2.1) to 299

test if such a naive method improves performance 300

on 5 meta sets without complicated experimen- 301

tal designs. Then, we expound learnable soup 302

(Sec. 2.2) as the central role in our experiments 303

to 1) fully explore the soup potential for perfor- 304

mance gain, 2) statistically depict the soup per- 305

formance patterns under multiple hyperparameter 306

dimensions. Finally, other than pursuing better per- 307

formance, we deploy regularized soup (Sec. 2.3) 308

to intuitively probe the stability of soup behavior 309

under various regularized training scenarios. 310

3.2 Vanilla Soup 311

Our exploration begins with the simplest vanilla 312

soup. Given Vicuna and LLaVA as base models, we 313

set α1 = {0.1, 0.2, ..., 0.9} (α2 correspondingly 314

obtained by Eq. 2) to merge them and test on meta 315

sets. Fig. 1 shows the soup performance (green 316

dots) and two base models as baselines (blue and 317

red lines). We conclude 1) LLaVA naturally im- 318

proves vision-language tasks (MMMU and LLaVA- 319

Bench), as it is visually finetuned. Further, since 320

the visual finetuning also contain language parti- 321

tion, it also enhances two general language-only 322

tasks (MMLU and Hellaswag), but not for GSM8K 323

which is more specific in math. 2) Vanilla soup 324

performs generally better than two baselines prov- 325

ing the soup strategy effectiveness. 3) For 4 out 326

of 5 meta sets (except MMMU), the trending of 327

vanilla soup performance shows half-half average 328

of base models obtains better results compared with 329

other ratios, especially certain extreme cases (e.g., 330

α1 = 0.1, 0.9). However, this is not for MMMU 331

which highly relies on the visual finetuning for im- 332

provement. We track the performance comparison 333

in Tab. 2 334
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Table 2: Performance summary of different soup strategies on five meta sets. It includes two base model baselines
and records the best performance of three soup strategies among various configurations.

Model MMMU LLaVA-Bench MMLU GSM8k Hellaswag

Vicuna-7B-v1.5 31.00 53.90 48.75 19.33 73.80
LLaVA-7B-v1.5 34.22 65.20 49.54 17.89 74.37
Vanilla Soup* 34.89 71.20 50.22 20.32 74.85

Single Meta-Set* 35.78 72.10 51.24 21.15 74.86
Pair Meta-Set* 35.11 - 51.65 21.38 74.82

3.3 Learnable Soup335

After vanilla soup as a simple proof-of-concept336

validation, we then go into details of learnable337

soup method, where we elaborate extensive ab-338

lation study. This ablation aims to firstly find if339

such fine-grained soup can 1) further obtain perfor-340

mance gain compared with vanilla soup, and 2) find341

statistical soup patterns across several hyperparam-342

eter dimensions, helping to understand the soup343

sensitivity under different settings. Specifically,344

given five meta sets for finetuning and evaluation,345

we cover 1) datasets, 2) epoch, 3) learning rate, 4)346

sample number, 5) sample ratio, and 6) activation347

aspects for ablations. It is hard to systematically348

discover the global oracle setting, as all dimensions349

are entangled together. Therefore, we heuristically350

design a path to search for the best combination351

from several rounds of ablation study. Along with352

them, we summarize the soup performance patterns353

in a statistical way.354

First Round355

We begin with searching for the best meta sets356

combination by: 1) using each individual meta set357

to finetune, 2) fixing the total sample number as358

1000, 3) ablating the epoch from 1 to 9, 4) ablating359

the learning rate from 0.001 to 0.3, 5) evaluating360

on 5 meta sets. We representatively show a bunch361

of visualization in Fig. 2, which uses MMMU as362

finetuning set. The rest visualizations are sup-363

plemented in Fig. 7 in appendix due to the lim-364

ited space. Corresponding performances are also365

tracked in Tab. 2. To summarize all visualizations,366

we calculate the mean and maximum performance367

of 5 meta sets across epochs and learning rates368

in Tab. 3. We conclude 1) finegrained learnable369

soup outperforms vanilla soup for each evaluation370

task, obtaining further performance gain compared371

with two baselines. However, the best results of372

each meta set are based on different hyperparam-373

eter settings. Due to the different properties of374

training and evaluation sets, the soup performance 375

varies significantly among them. 2) There are clear 376

trends of performance changes with ablated learn- 377

ing rates and epochs (color changes in heatmap 378

plots), indicating a clear hyperparameter patterns 379

at least within one meta set, but may change across 380

meta sets. 3) The soup patterns dramatically differs 381

across different training-evaluation sets combina- 382

tion. For example, MM-MM observes the best 383

combination in the middle with the worst at bottom 384

right corner, but MM-ML shows completely differ- 385

ent clues. 4) Based on the results in Tab. 3, we find 386

LLaVA665K is better than MMMU to be chosen 387

in multi-modal domain. MMLU and Hellaswag 388

show their advantages in language-only domain. 389

Considering, MMLU follows the multiple-choice 390

task instead of typical natural language, thus we 391

choose MMLU instead of Hellaswag. 392

As a summary, the first round ablation results 393

in 1) learnable soup further improves the evalua- 394

tion performance, 2) soup performance patterns 395

change dramatically across different finetuning and 396

test set combinations, but show clear pattern given 397

a fixed training and test pair, and 3) overall, we 398

use LLaVA665K and MMLU as training sets for 399

following ablation rounds. 400

Second Round 401

Using LLaVA665K and MMLU as meta sets, we 402

conduct the second round ablation study. It aims 403

to find the best hyperparameter setting including 404

1) learning rate, 2) epoch, 3) sample number, and 405

4) activation. Concretely, we 1) fixing the training 406

data as LLaVA665K and MMLU, 2) ablating sam- 407

ple numbers from 10 to 1000, 2) ablating learning 408

rate from 0.001 to 0.3, 3) ablating epoch from 1 409

to 9, 4) ablating activation using sigmoid, linear, 410

clamp, and softmax options2. Please note, from 411

2The implementation details of activation: We initialize
the α as 0, 0.5, 0.5, and (0.5, 0.5) for sigmoid, linear, clamp,
and softmax, respectively, where we finetune α1 and α2 for
softmax and only learn α1 and α2 = 1− α1 for the rest.
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Figure 2: Representative MMMU single set evaluation. MM, L, ML, G, and H represent MMMU, LLaVA-Bench,
MMLU, GSK8K, and Hellaswag, respectively. For each heatmap, x/y axis means ablated learning rates and epochs.
Different colors show the performance variances on evaluation sets.

Table 3: Statistical summary of first round ablation: mean/max accuracy across epochs and learning rates

Meta\Eval MMMU LLaVA-Bench MMLU GSM8k Hellaswag Sum

MMMU 33.68/34.56 69.77/72.10 50.17/50.37 20.29/21.00 74.77/74.86 248.68/252.89
LLaVA665k 34.63/35.78 69.55/72.10 49.99/50.20 20.13/21.08 74.72/74.84 249.02/254.00

MMLU 32.48/34.89 64.56/71.30 50.53/51.13 19.46/21.15 74.58/74.81 241.61/253.28
GSM8K 31.65/34.33 60.97/71.80 50.37/51.24 19.24/21.00 74.51/74.86 236.74/253.23

Hellaswag 31.64/35.11 60.02/71.80 50.21/51.03 18.98/21.00 74.35/74.84 235.20/253.78

this round, we only evaluate four meta sets except412

for LLaVA-Bench here due to its massive request413

of OpenAI API. We show the representative visu-414

alization in Fig. 3 and the rest visualizations are415

supplemented in the appendix (Fig. 8) due to the416

limited space. We conclude 1) using LLaVA665K417

and MMLU as paired meta sets further improve418

the performance but not significantly. Similarly,419

the best setting for each evaluation task varies, in-420

dicating the soup process is sensitive to specific421

test set. 2) The performance changes are still clear422

given a fixed finetuning and test combination across423

learning rate, epoch, and activation, however, not424

consistent while varying the number of samples.425

Especially for MMLU task, the trend changes re-426

versely as the number of sample increases. 3) The427

activation choice affects performances by a large428

margin such as the linear activation dramatically af-429

fect the performance, and overall the other options430

perform better than linear. We track the pair meta431

sets results in Tab. 2 and we search the best setting432

based on overall performance on meta sets. The433

statistical summary is given by Fig. 9 in appendix434

and we choose the best setting with 3 epoch, 50435

sample, 0.1 learning rate, and softmax activation.436

As a summary, given LLaVA665K and MMLU437

as meta sets, the second round ablation search the438

For sigmoid, linear, and clamp, we apply sigmoid, keep
it the same, or clamp (from 0 to 1) operation on α1, then,
obtain α2 = 1− α1. For softmax, we directly apply softmax
operation on α1 and α2.

epoch, sample number, learning rate, and activa- 439

tions. We find the little performance gain compared 440

with the first round and the soup performances vary 441

across differen settings. The best overall setting is 442

picked for the next round ablation. 443

Third Round 444

We finally make ablation on the ratio of given 445

meta sets as the last round. Given the setting from 446

first and second round, we adjust the sample ratio 447

from LLaVA665K and MMLU from 5-95 to 95-5 448

to test if the ratio is a sensitive factor for evaluation. 449

Performance variances are shown in Fig. 4. We 450

conclude there are no clear trend according to the 451

sample ratio based on the given setting, except for 452

the MMLU task. Overall, the 50-50 ratio achieves 453

the averagely better results than others. Through 454

the three rounds heuristic ablations, we benchmark 455

the soup performance on 5 meta sets, covering sev- 456

eral hyperparameter configurations and fully ex- 457

ploring the model soup potential. Statistically, we 458

find the better configurations and provide intuitions 459

of the hyperparameter properties for SoupLM. 460

More Evaluations 461

Using the best soup setting from three rounds 462

ablation, we evaluate its soup performance on more 463

diverse evaluation tasks other than given five meta 464

sets. We choose Winoground (Thrush et al., 2022), 465

PiQA (Bisk et al., 2020), MathQA (Amini et al., 466

2019), BoolQA (Clark et al., 2019), and BBH (Suz- 467

gun et al., 2022) for language and POPE (Li et al., 468

6
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Figure 3: Second round ablation for epoch, sample number, learning rate, and activation. MM, ML, G, H are for
MMMU, MMLU, GSM8K, Hellaswag. Colors show performance changes. X-axis is learning rate. Y-axis is number
of epoch and activation function. Here, we use 50 samples for LLaVA665K and 50 samples for MMLU.
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Figure 4: Ratio ablation on MMMU, MMLU, GSM8K, and Hellaswag on LLaVA665K and MMLU meta sets.

2023) and MM-Bench (Liu et al., 2023b) for vision-469

language domains. Tab. 4 in appendix shows model470

soup generally outperforms baselines, but may also471

drop the performance for certain tasks, which may472

due to severe domain drift such as MathQA.473

4 Soup Behavior474

Beside of discussing performance gain, we ini-475

tially study the soup behavior based on empirical476

results (Sec. 3) and regularized soup (Sec. 2.3). We477

are curious if the soup dynamics follow certain478

patterns under different training constraints and su-479

pervisions. We first probe such behavior through480

visualizing the learned α from different meta sets.481

Since we are only curious about its distribution, we482

tune the α with 0.3 learning rate, 9 epochs, and483

1000 samples to ensure it is fully optimized. We vi-484

sualize an exemplar case of key mapping across the485

language decoder layers (Fig. 5). We visualize the486

rest of visualizations in the appendix (Sec. A.5) in-487

cluding other mappings, normalization layers, etc.488

Furthermore, we set series of regularization magni-489

tudes to observe if the soup behavior varies under490

training constraints. We visualize the regularized491

soup of key mapping with 0.0001 magnitude in492

Fig. 6 and leave the rest magnitudes in appendix493

(Sec. A.6). Figures show how the two base models494

are integrated into the souped model. Through the495

x-axis, they show different meta sets across dif-496

ferent layers. Y-axis indicates the learned ratios 497

between Vicuna and LLaVA. If the ratio is more 498

than 0.5, meaning the corresponging base model 499

dominates the soup process for this mapping, we 500

color it as green, otherwise, as red. According to 501

these figures, we observe 1) for some layers, the 502

color distributions are very neat across different 503

meta set, while for some others, these consistencies 504

are not stable. 2) For the α under regularized soup, 505

we find the soup trends are not vulnerable, only gen- 506

erally close to the initial value 0.5 as constrained 507

by the regularization. 3) Please note different map- 508

pings may show varied distributions and see more 509

cases in the appendix. Overall, we draw the conclu- 510

sions that the soup behaviors are not vulnerable un- 511

der regularized constraints, and show consistency 512

across certain layers but may vary different lay- 513

ers and mappings. In this study, we initially probe 514

the soup behavior to provide intuitions by visualiza- 515

tions, and hope it inspires more model interpolation 516

mechanism explorations. 517

5 Related Work 518

5.1 Large Language and Multi-Modal Models 519

Large-scale language models (LLMs) show that 520

large-scale pretraining enables model with strong 521

language capacity with massive knowledge (Rad- 522

ford et al., 2018, 2019; Brown et al., 2020; De- 523

vlin et al., 2018; Liu et al., 2019; Touvron et al., 524

7



m
m

m
u-

0
lla

va
66

5k
-0

m
m

lu
-0

gs
m

8k
-0

he
lla

sw
ag

-0
lla

va
66

5k
-m

m
lu

-0
m

m
m

u-
1

lla
va

66
5k

-1
m

m
lu

-1
gs

m
8k

-1
he

lla
sw

ag
-1

lla
va

66
5k

-m
m

lu
-1

m
m

m
u-

2
lla

va
66

5k
-2

m
m

lu
-2

gs
m

8k
-2

he
lla

sw
ag

-2
lla

va
66

5k
-m

m
lu

-2
m

m
m

u-
3

lla
va

66
5k

-3
m

m
lu

-3
gs

m
8k

-3
he

lla
sw

ag
-3

lla
va

66
5k

-m
m

lu
-3

m
m

m
u-

4
lla

va
66

5k
-4

m
m

lu
-4

gs
m

8k
-4

he
lla

sw
ag

-4
lla

va
66

5k
-m

m
lu

-4
m

m
m

u-
5

lla
va

66
5k

-5
m

m
lu

-5
gs

m
8k

-5
he

lla
sw

ag
-5

lla
va

66
5k

-m
m

lu
-5

m
m

m
u-

6
lla

va
66

5k
-6

m
m

lu
-6

gs
m

8k
-6

he
lla

sw
ag

-6
lla

va
66

5k
-m

m
lu

-6
m

m
m

u-
7

lla
va

66
5k

-7
m

m
lu

-7
gs

m
8k

-7
he

lla
sw

ag
-7

lla
va

66
5k

-m
m

lu
-7

m
m

m
u-

8
lla

va
66

5k
-8

m
m

lu
-8

gs
m

8k
-8

he
lla

sw
ag

-8
lla

va
66

5k
-m

m
lu

-8
m

m
m

u-
9

lla
va

66
5k

-9
m

m
lu

-9
gs

m
8k

-9
he

lla
sw

ag
-9

lla
va

66
5k

-m
m

lu
-9

m
m

m
u-

10
lla

va
66

5k
-1

0
m

m
lu

-1
0

gs
m

8k
-1

0
he

lla
sw

ag
-1

0
lla

va
66

5k
-m

m
lu

-1
0

m
m

m
u-

11
lla

va
66

5k
-1

1
m

m
lu

-1
1

gs
m

8k
-1

1
he

lla
sw

ag
-1

1
lla

va
66

5k
-m

m
lu

-1
1

m
m

m
u-

12
lla

va
66

5k
-1

2
m

m
lu

-1
2

gs
m

8k
-1

2
he

lla
sw

ag
-1

2
lla

va
66

5k
-m

m
lu

-1
2

m
m

m
u-

13
lla

va
66

5k
-1

3
m

m
lu

-1
3

gs
m

8k
-1

3
he

lla
sw

ag
-1

3
lla

va
66

5k
-m

m
lu

-1
3

m
m

m
u-

14
lla

va
66

5k
-1

4
m

m
lu

-1
4

gs
m

8k
-1

4
he

lla
sw

ag
-1

4
lla

va
66

5k
-m

m
lu

-1
4

m
m

m
u-

15
lla

va
66

5k
-1

5
m

m
lu

-1
5

gs
m

8k
-1

5
he

lla
sw

ag
-1

5
lla

va
66

5k
-m

m
lu

-1
5

m
m

m
u-

16
lla

va
66

5k
-1

6
m

m
lu

-1
6

gs
m

8k
-1

6
he

lla
sw

ag
-1

6
lla

va
66

5k
-m

m
lu

-1
6

m
m

m
u-

17
lla

va
66

5k
-1

7
m

m
lu

-1
7

gs
m

8k
-1

7
he

lla
sw

ag
-1

7
lla

va
66

5k
-m

m
lu

-1
7

m
m

m
u-

18
lla

va
66

5k
-1

8
m

m
lu

-1
8

gs
m

8k
-1

8
he

lla
sw

ag
-1

8
lla

va
66

5k
-m

m
lu

-1
8

m
m

m
u-

19
lla

va
66

5k
-1

9
m

m
lu

-1
9

gs
m

8k
-1

9
he

lla
sw

ag
-1

9
lla

va
66

5k
-m

m
lu

-1
9

m
m

m
u-

20
lla

va
66

5k
-2

0
m

m
lu

-2
0

gs
m

8k
-2

0
he

lla
sw

ag
-2

0
lla

va
66

5k
-m

m
lu

-2
0

m
m

m
u-

21
lla

va
66

5k
-2

1
m

m
lu

-2
1

gs
m

8k
-2

1
he

lla
sw

ag
-2

1
lla

va
66

5k
-m

m
lu

-2
1

m
m

m
u-

22
lla

va
66

5k
-2

2
m

m
lu

-2
2

gs
m

8k
-2

2
he

lla
sw

ag
-2

2
lla

va
66

5k
-m

m
lu

-2
2

m
m

m
u-

23
lla

va
66

5k
-2

3
m

m
lu

-2
3

gs
m

8k
-2

3
he

lla
sw

ag
-2

3
lla

va
66

5k
-m

m
lu

-2
3

m
m

m
u-

24
lla

va
66

5k
-2

4
m

m
lu

-2
4

gs
m

8k
-2

4
he

lla
sw

ag
-2

4
lla

va
66

5k
-m

m
lu

-2
4

m
m

m
u-

25
lla

va
66

5k
-2

5
m

m
lu

-2
5

gs
m

8k
-2

5
he

lla
sw

ag
-2

5
lla

va
66

5k
-m

m
lu

-2
5

m
m

m
u-

26
lla

va
66

5k
-2

6
m

m
lu

-2
6

gs
m

8k
-2

6
he

lla
sw

ag
-2

6
lla

va
66

5k
-m

m
lu

-2
6

m
m

m
u-

27
lla

va
66

5k
-2

7
m

m
lu

-2
7

gs
m

8k
-2

7
he

lla
sw

ag
-2

7
lla

va
66

5k
-m

m
lu

-2
7

m
m

m
u-

28
lla

va
66

5k
-2

8
m

m
lu

-2
8

gs
m

8k
-2

8
he

lla
sw

ag
-2

8
lla

va
66

5k
-m

m
lu

-2
8

m
m

m
u-

29
lla

va
66

5k
-2

9
m

m
lu

-2
9

gs
m

8k
-2

9
he

lla
sw

ag
-2

9
lla

va
66

5k
-m

m
lu

-2
9

m
m

m
u-

30
lla

va
66

5k
-3

0
m

m
lu

-3
0

gs
m

8k
-3

0
he

lla
sw

ag
-3

0
lla

va
66

5k
-m

m
lu

-3
0

m
m

m
u-

31
lla

va
66

5k
-3

1
m

m
lu

-3
1

gs
m

8k
-3

1
he

lla
sw

ag
-3

1
lla

va
66

5k
-m

m
lu

-3
1

Attention K projection module across different meta sets and layers

1.0

0.75

0.5

0.25

0.0

0.25

0.5

0.75

1.0

Ba
se

 m
od

el
s i

nt
er

po
la

tio
n 

di
st

rib
ut

io
n

llava

vicuna

Figure 5: Learned alpha distribution on LLaVA-Vicuna model space of key mapping across different meta sets and
Transformer layers. This set of α is tuned on 9 epochs, 0.3 learning rate, and 1000 samples. Certain layers show
stable consistency across different meta sets.

Figure 6: Learned alpha distribution with 0.0001 regularization. It follows the same finetuning settings as figure
above. The regularization limits the α values close to the initial 0.5 but shows the same α distribution with the
unregularized one.

2023). Downstream finetuning improves task per-525

formances and aligns the model behavior with526

human preference (Ouyang et al., 2022; Zheng527

et al., 2024; Zhang et al., 2023; Taori et al., 2023;528

Wang et al., 2022; Ziegler et al., 2019; Stien-529

non et al., 2020). Centered around pretrained530

LLMs, their model variants are widely extended531

to other domains by finetuning with instruction532

datasets (Achiam et al., 2023; Reid et al., 2024;533

Huang et al., 2024; Xu et al., 2023; Liu et al.,534

2024b; Lin et al., 2023). Instead of finetuning a pre-535

trained LM, multi-modal capacity can be also ob-536

tained simultaneously by training a unified model537

from scratch (Lu et al., 2022, 2023; Luo et al.,538

2020; Tang et al., 2024; Pan et al., 2023; Jin et al.,539

2023; Koh et al., 2024). SoupLM proposes to effi-540

ciently assemble model variants to deliver a well-541

generalized one without extra training cost.542

5.2 Model Soup543

Model soup (weight averaging) is widely used544

to study optimization process (Ahmadianfar et al.,545

2022; Bansal et al., 2011). Many works study how546

it works on improving neural network capacity or547

analyze the model behavior (Nowlan and Hinton,548

2018; Blundell et al., 2015). For large-scale net-549

works, model soup is firstly studied by (Wortsman550

et al., 2022). It benchmarks the soup method on551

image classification task on different backbones,552

and obtain free performance gain with no infer- 553

ence cost, which is critical for large-scale models. 554

Soup strategy also benefits to enhance adapter struc- 555

ture (Chronopoulou et al., 2023), personalized fine- 556

tuning (Jang et al., 2023), continue training (Akiba 557

et al., 2024), etc, for language models. Different 558

from existing works, our work explores model soup 559

for large language and vision-language models in a 560

cross-domain fashion with more general purposes. 561

6 Conclusion 562

We propose SoupLM to first explore the model 563

soup strategy in autoregressive large language mod- 564

els (LLMs) and large multi-modal models (LMMs). 565

This study takes Vicuna and LLaVA as a study 566

case to 1) propose series soup strategies to fully 567

explore the model soup potential pursuing perfor- 568

mance gain, 2) statistically benchmark learnable 569

soup capacity across systematically designed con- 570

figuration space and observe comprehensive hy- 571

perparameter patterns, 3) initially probe the soup 572

behavior to observe its consistent property across 573

configurations and regularizations. SoupLM effi- 574

ciently assembles isomorphical model variants into 575

a well-generalized one that handles multiple do- 576

mains, with no inference and ignorable training 577

costs. It inspires to fast integrate and iterate large- 578

scale models with multiple domain capacities while 579

avoiding costly additional training efforts. 580
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7 Limitations581

We propose SoupLM to merge LLM and LMM582

into a well-generalized model that handles both583

language and vision-language domains. However,584

due to the massive computational requirements to585

benchmark the model soup for large-scale mod-586

els, 1) we only take two base models with 7B587

model size as a study case, which can be easily588

extended into more general cases, 2) we only pro-589

vide a heuristic design to benchmark the soup per-590

formance on base models, since it is almost not591

feasible to find the oracle setting among several592

configuration dimensions. We leave more general593

studies in our future work.594
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A Supplementary Material926

A.1 More Implementation Details927

Our experiments are conducted on A6000 GPUs.928

We borrow the code of LLaVA and use its provided929

model checkpoints for Vicuna and LLaVA base930

models, and the LLaVA665K instruction dataset.931

We directly use the training split of meta sets from932

Huggingface (Wolf et al., 2020). For language eval-933

uation, we leverage on the organized lm-evaluation-934

harness (Gao et al., 2023) codebase, and for vision-935

language tasks, we follow the evaluation instruction936

from LLaVA or use their official evaluation proto-937

cols. Our exploration is mainly based on 7B model938

with their V1.5 version, but it can easily extended939

to larger model size and other versions of models.940

A.2 More Evaluation Performances941

Due to the limited space in the main draft, we942

provide more evaluation performances on language943

and vision-language domains (More Evaluations944

section in Sec. 3) in Tab. 4945

A.3 Complete First Round Ablation946

Visualizations947

We provide complete first round ablation visual-948

izations in Fig. 7. It contains the complete finetun-949

ing and test set combinations, which is discussed950

in the First Round section in Sec. 3.951

A.4 Complete Second Round Ablation952

Visualizations953

We provide complete second round ablation visu-954

alization in Fig. 8. It contains the complete number955

of samples settings from 10 to 1000, which is dis-956

cussed in the Second Round section in Sec. 3.957

The statistical summary of the second round ab-958

lation is shown in Fig. 9, used to choose the best959

hyperparameter combanitions of the second round960

ablation.961

A.5 Complete α Distribution Visualizations962

We provide complete α distribution visualiza-963

tions for different mappings in Fig. 10, Fig. 11,964

and Fig. 12. They include the mappings of atten-965

tion, MLP, and normalization blocks, which are966

discussed in Sec 4. We also include visualizations967

of other mappings in Fig. 13.968

A.6 Complete Regularized α Distribution 969

Visualizations 970

We provide complete regularized α distribution 971

visualizations in Fig. 14, Fig. 15, Fig. 16, Fig. 17. 972

They include 0.0001 and 0.001 regularization mag- 973

nitudes for attention and MLP blocks, which are 974

discussed in Sec. 4. 975
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Table 4: More evaluations on language and vision-language evaluation benchmarks.

Model Winogrande PiQA MathQA BoolQA BBH POPE MM-Bench

Vicuna-7B-v1.5 69.46 77.26 27.14 80.95 42.79 80.03 1.98
LLaVA-7B-v1.5 70.64 77.53 28.11 81.71 42.14 85.86 64.69

Vanilla-Soup (α1 = 0.5) 70.71 77.80 27.37 82.57 43.51 86.76 62.29
Meta-Soup 70.72 77.48 27.27 82.45 43.96 86.90 61.86
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Figure 7: Complete visualization results of the first round ablation for each individual meta set.
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Figure 8: Complete visualization results of the second round ablation for number of samples, epochs, learning rates,
and soup activation under LLaVA665K-MMLU meta sets.

15



10
-0

.0
01

10
-0

.0
03

10
-0

.0
1

10
-0

.0
3

10
-0

.1

10
-0

.3

50
-0

.0
01

50
-0

.0
03

50
-0

.0
1

50
-0

.0
3

50
-0

.1

50
-0

.3

10
0-

0.
00

1

10
0-

0.
00

3

10
0-

0.
01

10
0-

0.
03

10
0-

0.
1

10
0-

0.
3

50
0-

0.
00

1

50
0-

0.
00

3

50
0-

0.
01

50
0-

0.
03

50
0-

0.
1

50
0-

0.
3

10
00

-0
.0

01

10
00

-0
.0

03

10
00

-0
.0

1

10
00

-0
.0

3

10
00

-0
.1

10
00

-0
.3

Sample Number-Learning Rate

1-sigmoid

1-linear

1-clamp

1-softmax

3-sigmoid

3-linear

3-clamp

3-softmax

5-sigmoid

5-linear

5-clamp

5-softmax

7-sigmoid

7-linear

7-clamp

7-softmax

9-sigmoid

9-linear

9-clamp

9-softmax

Ep
oc

h-
So

up
 M

od
e

45.20

Heatmap of Meta Sets Accuracy according to Epoch, Soup Mode, Sample Number, and Learning Rate

37

38

39

40

41

42

43

44

45

Figure 9: Heatmap visualization of the statistical summary of the second round ablation. The best setting with the
highest performance is shown in the white box.
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(c) Attnention V mapping.
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(d) Attention O mapping.

Figure 10: α distribution visualizations for attention.

16



m
m

m
u-

0
lla

va
66

5k
-0

m
m

lu
-0

gs
m

8k
-0

he
lla

sw
ag

-0
lla

va
66

5k
-m

m
lu

-0
m

m
m

u-
1

lla
va

66
5k

-1
m

m
lu

-1
gs

m
8k

-1
he

lla
sw

ag
-1

lla
va

66
5k

-m
m

lu
-1

m
m

m
u-

2
lla

va
66

5k
-2

m
m

lu
-2

gs
m

8k
-2

he
lla

sw
ag

-2
lla

va
66

5k
-m

m
lu

-2
m

m
m

u-
3

lla
va

66
5k

-3
m

m
lu

-3
gs

m
8k

-3
he

lla
sw

ag
-3

lla
va

66
5k

-m
m

lu
-3

m
m

m
u-

4
lla

va
66

5k
-4

m
m

lu
-4

gs
m

8k
-4

he
lla

sw
ag

-4
lla

va
66

5k
-m

m
lu

-4
m

m
m

u-
5

lla
va

66
5k

-5
m

m
lu

-5
gs

m
8k

-5
he

lla
sw

ag
-5

lla
va

66
5k

-m
m

lu
-5

m
m

m
u-

6
lla

va
66

5k
-6

m
m

lu
-6

gs
m

8k
-6

he
lla

sw
ag

-6
lla

va
66

5k
-m

m
lu

-6
m

m
m

u-
7

lla
va

66
5k

-7
m

m
lu

-7
gs

m
8k

-7
he

lla
sw

ag
-7

lla
va

66
5k

-m
m

lu
-7

m
m

m
u-

8
lla

va
66

5k
-8

m
m

lu
-8

gs
m

8k
-8

he
lla

sw
ag

-8
lla

va
66

5k
-m

m
lu

-8
m

m
m

u-
9

lla
va

66
5k

-9
m

m
lu

-9
gs

m
8k

-9
he

lla
sw

ag
-9

lla
va

66
5k

-m
m

lu
-9

m
m

m
u-

10
lla

va
66

5k
-1

0
m

m
lu

-1
0

gs
m

8k
-1

0
he

lla
sw

ag
-1

0
lla

va
66

5k
-m

m
lu

-1
0

m
m

m
u-

11
lla

va
66

5k
-1

1
m

m
lu

-1
1

gs
m

8k
-1

1
he

lla
sw

ag
-1

1
lla

va
66

5k
-m

m
lu

-1
1

m
m

m
u-

12
lla

va
66

5k
-1

2
m

m
lu

-1
2

gs
m

8k
-1

2
he

lla
sw

ag
-1

2
lla

va
66

5k
-m

m
lu

-1
2

m
m

m
u-

13
lla

va
66

5k
-1

3
m

m
lu

-1
3

gs
m

8k
-1

3
he

lla
sw

ag
-1

3
lla

va
66

5k
-m

m
lu

-1
3

m
m

m
u-

14
lla

va
66

5k
-1

4
m

m
lu

-1
4

gs
m

8k
-1

4
he

lla
sw

ag
-1

4
lla

va
66

5k
-m

m
lu

-1
4

m
m

m
u-

15
lla

va
66

5k
-1

5
m

m
lu

-1
5

gs
m

8k
-1

5
he

lla
sw

ag
-1

5
lla

va
66

5k
-m

m
lu

-1
5

m
m

m
u-

16
lla

va
66

5k
-1

6
m

m
lu

-1
6

gs
m

8k
-1

6
he

lla
sw

ag
-1

6
lla

va
66

5k
-m

m
lu

-1
6

m
m

m
u-

17
lla

va
66

5k
-1

7
m

m
lu

-1
7

gs
m

8k
-1

7
he

lla
sw

ag
-1

7
lla

va
66

5k
-m

m
lu

-1
7

m
m

m
u-

18
lla

va
66

5k
-1

8
m

m
lu

-1
8

gs
m

8k
-1

8
he

lla
sw

ag
-1

8
lla

va
66

5k
-m

m
lu

-1
8

m
m

m
u-

19
lla

va
66

5k
-1

9
m

m
lu

-1
9

gs
m

8k
-1

9
he

lla
sw

ag
-1

9
lla

va
66

5k
-m

m
lu

-1
9

m
m

m
u-

20
lla

va
66

5k
-2

0
m

m
lu

-2
0

gs
m

8k
-2

0
he

lla
sw

ag
-2

0
lla

va
66

5k
-m

m
lu

-2
0

m
m

m
u-

21
lla

va
66

5k
-2

1
m

m
lu

-2
1

gs
m

8k
-2

1
he

lla
sw

ag
-2

1
lla

va
66

5k
-m

m
lu

-2
1

m
m

m
u-

22
lla

va
66

5k
-2

2
m

m
lu

-2
2

gs
m

8k
-2

2
he

lla
sw

ag
-2

2
lla

va
66

5k
-m

m
lu

-2
2

m
m

m
u-

23
lla

va
66

5k
-2

3
m

m
lu

-2
3

gs
m

8k
-2

3
he

lla
sw

ag
-2

3
lla

va
66

5k
-m

m
lu

-2
3

m
m

m
u-

24
lla

va
66

5k
-2

4
m

m
lu

-2
4

gs
m

8k
-2

4
he

lla
sw

ag
-2

4
lla

va
66

5k
-m

m
lu

-2
4

m
m

m
u-

25
lla

va
66

5k
-2

5
m

m
lu

-2
5

gs
m

8k
-2

5
he

lla
sw

ag
-2

5
lla

va
66

5k
-m

m
lu

-2
5

m
m

m
u-

26
lla

va
66

5k
-2

6
m

m
lu

-2
6

gs
m

8k
-2

6
he

lla
sw

ag
-2

6
lla

va
66

5k
-m

m
lu

-2
6

m
m

m
u-

27
lla

va
66

5k
-2

7
m

m
lu

-2
7

gs
m

8k
-2

7
he

lla
sw

ag
-2

7
lla

va
66

5k
-m

m
lu

-2
7

m
m

m
u-

28
lla

va
66

5k
-2

8
m

m
lu

-2
8

gs
m

8k
-2

8
he

lla
sw

ag
-2

8
lla

va
66

5k
-m

m
lu

-2
8

m
m

m
u-

29
lla

va
66

5k
-2

9
m

m
lu

-2
9

gs
m

8k
-2

9
he

lla
sw

ag
-2

9
lla

va
66

5k
-m

m
lu

-2
9

m
m

m
u-

30
lla

va
66

5k
-3

0
m

m
lu

-3
0

gs
m

8k
-3

0
he

lla
sw

ag
-3

0
lla

va
66

5k
-m

m
lu

-3
0

m
m

m
u-

31
lla

va
66

5k
-3

1
m

m
lu

-3
1

gs
m

8k
-3

1
he

lla
sw

ag
-3

1
lla

va
66

5k
-m

m
lu

-3
1

MLP gate projection module across different meta sets and layers
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(a) MLP gate mapping.
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MLP up projection module across different meta sets and layers
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(b) MLP up mapping.
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MLP down projection module across different meta sets and layers
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(c) MLP down mapping.

Figure 11: α distribution visualizations for MLP.
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Input layer normalization module across different meta sets and layers
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(a) Input layernorm.
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Post attention layer normalization module across different meta sets and layers
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(b) Post attention layernorm.

Figure 12: α distribution visualizations for layernorm.
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Embedding, model norm, and LM head modules across different meta sets
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Figure 13: α distribution visualizations of other mappings.

(a) Attention Q mapping.

(b) Attention K mapping.

(c) Attnention V mapping.

(d) Attention O mapping.

Figure 14: Regularized (0.0001) α distribution visualizations for attention.
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(a) MLP gate mapping.

(b) MLP up mapping.

(c) MLP down mapping.

Figure 15: Regularized (0.0001) α distribution visualizations for MLP.
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(a) Attention Q mapping.

(b) Attention K mapping.

(c) Attnention V mapping.

(d) Attention O mapping.

Figure 16: Regularized (0.001) α distribution visualizations for attention.
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(a) MLP gate mapping.

(b) MLP up mapping.

(c) MLP down mapping.

Figure 17: Regularized (0.001) α distribution visualizations for MLP.
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