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Abstract001

Multimodal large language models (MLLMs)002
have made rapid progress, yet their reasoning003
ability often lags behind strong text-only LLMs.004
Bridging this gap typically requires large-scale005
multimodal reasoning data or reinforcement006
learning, incurring substantial cost. An ap-007
pealing alternative is parameter-space model008
merging between reasoning-enhanced LLMs009
and MLLMs, but we show that naive merg-010
ing is fragile: its effectiveness varies widely011
across model families and can significantly012
degrade performance (e.g., for Qwen-based013
MLLMs). We propose Directional Reason-014
ing Injection for Fine-Tuning (DRIFT), a015
lightweight method that transfers reasoning016
knowledge in the gradient space while pre-017
serving multimodal alignment. DRIFT pre-018
computes a reasoning prior from the param-019
eter differences between text-only reasoning020
experts and multimodal models, and uses it to021
bias gradients during supervised fine-tuning.022
This design retains the simplicity of standard023
SFT pipelines while enabling efficient and sta-024
ble reasoning transfer. Experiments on multi-025
modal reasoning benchmarks, including Math-026
Vista and MathVerse, show that DRIFT con-027
sistently outperforms naive merging and stan-028
dard SFT, and matches or surpasses training-029
intensive methods with substantially lower data030
and compute.031

1 Introduction032

Multimodal large language models (MLLMs) (Bai033

et al., 2025; Team et al., 2023; Li et al., 2024b)034

have recently achieved impressive progress in per-035

ception and alignment, enabling them to answer036

questions about images, analyze charts, and en-037

gage in grounded dialogue. However, despite these038

advances, their reasoning ability remains substan-039

tially weaker than that of text-only large language040

models (LLMs). Across benchmarks in mathemat-041

ical reasoning (Pan Lu et al., 2024), logical infer-042

ence (Xiao et al., 2024), and multi-hop question 043

answering (Xiang Yue et al., 2025), a persistent gap 044

emerges: MLLMs can perceive correctly but strug- 045

gle to chain information into coherent reasoning 046

steps. Bridging this gap is essential for applications 047

that demand not only multimodal understanding 048

but also structured, reliable reasoning. 049

A mainstream approach to improving reasoning 050

in MLLMs is multimodal supervised fine-tuning 051

(SFT) or reinforcement learning (RL) on reasoning- 052

intensive datasets. Yet both are resource-heavy: 053

collecting multimodal CoT-style data is costly, and 054

reinforcement learning adds instability and compu- 055

tational overhead. In contrast, text-only reasoning 056

models (DeepSeek-AI, 2025) are far easier to ob- 057

tain due to the growing availability of large-scale 058

text-only CoT data. This naturally raises a research 059

question: Can we transfer reasoning capability 060

from text-only experts into MLLMs efficiently? 061

A promising direction is parameter-space model 062

merging, where the weights of a reasoning model 063

are interpolated with those of an MLLM (Chen 064

et al., 2025a). While exciting in its simplicity, our 065

experiments reveal that naive merging is fragile (as 066

shown in Sec. 3.2). It often disrupts perception 067

and alignment, and in many cases even reduces rea- 068

soning performance. Learning merge coefficients 069

during fine-tuning partly alleviates this issue, but at 070

the cost of huge training overhead and instability. 071

To address these limitations, we propose DRIFT, 072

Directional Reasoning Injection for Fine-Tuning, 073

a lightweight gradient-based method that transfers 074

reasoning knowledge without destabilizing multi- 075

modal training. Rather than interpolating weights 076

in parameter space, DRIFT operates in gradient 077

space: it computes a reasoning vector, defined 078

as the parameter difference between a reasoning- 079

rich text model and its multimodal counterpart, and 080

uses this as a directional prior to guide updates 081

during multimodal SFT. By injecting this guidance 082

selectively into transformer modules (e.g., atten- 083
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DRIFT
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Figure 1: DRIFT enables efficient reasoning transfer for MLLMs. Left: Compared with reasoning-oriented
training methods, DRIFT achieves comparable performance while requiring dramatically less multimodal SFT data
(4K vs. >59K examples). Right: Simple parameter merging performs poorly on MathVista (Pan Lu et al., 2024).
Training-based methods improve performance but rely on costly data curation and multi-day training. In contrast,
DRIFT reaches competitive results within ∼2 hours of training, making it both data- and compute-efficient.

tion projections or MLP layers), DRIFT biases084

optimization toward reasoning while preserving085

perception. Essentially, DRIFT introduces no ad-086

ditional parameters, requires only a small amount087

of multimodal reasoning data (as shown in Fig. 1),088

and integrates seamlessly into existing fine-tuning089

pipelines. Our contributions are summarized as090

follows: (1) We show that parameter-space model091

merging for reasoning injection is brittle and often092

degrades performance when models are misaligned.093

(2) We introduce DRIFT, a lightweight gradient-094

based method that injects reasoning by using text-095

only expert–to–multimodal parameter differences096

as a directional prior during SFT. (3) Experiments097

on multimodal reasoning benchmarks show that098

DRIFT consistently outperforms SFT and merging099

baselines, matching training-heavy methods with100

far less data and compute.101

2 Related Work102

2.1 Multimodal Reasoning in Large Language103

Models104

Recent work has investigated whether the strong105

reasoning abilities of text-only LLMs can be106

transferred to multimodal large language models107

(MLLMs). Mathematical and logical reasoning108

have become standard evaluation settings. Bench-109

marks such as MathVista (Lu et al., 2023), Log-110

icVista (Xiao et al., 2024), MathVision (Wang et al.,111

2024a), MathVerse (Renrui Zhang et al., 2024), and112

WeMath (Qiao et al., 2024) assess MLLMs on visu-113

ally grounded reasoning tasks of varying complex-114

ity. To improve multimodal reasoning, prior work115

has explored instruction tuning and supervised fine-116

tuning (SFT) (Ratzlaff et al., 2025; Li et al., 2024d; 117

Ranaldi and Freitas, 2024; Subramaniam et al., 118

2025; Huang et al., 2024b; Dong et al., 2025), as 119

well as reinforcement learning (RL) (Wan et al., 120

2025; Liu et al., 2025b; Chen et al., 2025b). While 121

SFT is relatively lightweight, its effectiveness de- 122

pends on large-scale, high-quality multimodal data. 123

RL methods can yield stronger and more robust 124

improvements, but at substantially higher computa- 125

tional cost. 126

2.2 Efficient Fine-Tuning of LLMs 127

To mitigate the cost of full fine-tuning, prior work 128

has proposed parameter-efficient and data-efficient 129

approaches. 130

Parameter-Efficient Fine-Tuning. Methods 131

such as LoRA (Hu et al., 2022) and its vari- 132

ants (Dettmers et al., 2023; Hayou et al., 2024; 133

Pan et al., 2024) reduce trainable parameters via 134

low-rank updates. Adapter-based approaches insert 135

lightweight trainable modules while freezing back- 136

bone weights, including LLaMA-Adapter (Gao 137

et al., 2023; Zhang et al., 2024b), AdaptM- 138

LLM (Lankford et al., 2023), and Bt-Adapter (Liu 139

et al., 2024). 140

Data-Efficient Fine-Tuning. Another line of work 141

improves efficiency by reducing training data or 142

computation, through data selection (Lin et al., 143

2024; He et al., 2024) or visual token compres- 144

sion (Shang et al., 2024; Cai et al., 2024). 145

Model Merging. Model merging combines inde- 146

pendently trained models via parameter arithmetic 147

without additional training (Ilharco et al.; Yadav 148

et al., 2023; Yu et al., 2024). While effective in 149
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vision models (Huang et al., 2024a; Gargiulo et al.,150

2025), its application to MLLMs remains limited.151

Recent work such as BR2V (Chen et al., 2025a)152

explores transferring reasoning via merging, but153

faces challenges due to parameter misalignment154

and cross-modal interference. Our work addresses155

these limitations by injecting reasoning priors from156

LLMs into MLLMs in the gradient space.157

The complete list of related work is provided in158

the appendix.159

3 Method160

3.1 Task Formulation161

Starting from a text-only base LLM ϕ, one can162

derive multiple variants such as instruction-tuned163

models or task-specific experts for domains like164

mathematics, programming, or chemistry. Reason-165

ing can be injected into this base model through166

two primary approaches: (i) supervised fine-tuning167

(SFT) on chain-of-thought (CoT) datasets, or (ii)168

reinforcement learning (RL), incentivizing step-by-169

step reasoning behavior without explicit CoT labels.170

To equip the model with visual understanding, a171

standard strategy is to integrate a visual encoder172

that maps images into token representations pro-173

cessed jointly with text, then train the encoder and174

LLM backbone end-to-end.175

Despite sharing the same base, reasoning and176

vision capabilities are often developed in isolation:177

multimodal large language models rarely inherit178

the reasoning ability of their text-only counterparts.179

Building an MLLM capable of reasoning typically180

requires SFT over costly multimodal CoT data.181

RL can further refine reasoning, but usually182

assumes a seed of reasoning ability or sufficient183

long-context capacity. In contrast, the growing184

availability of text-only CoT resources makes185

it often easier to first obtain a strong text-only186

reasoning model from ϕ. This imbalance naturally187

motivates our research question (Q): can we188

leverage a text-only reasoning model to guide the189

transformation of a non-reasoning multimodal190

LLM into a reasoning-capable one?191

Formally, let the base model be ϕ and its variant192

fine-tuned on a task Ti be denoted ϕTi . Our objec-193

tive is to efficiently learn a model ϕT ′ by leveraging194

M domain experts {ϕT1 , ϕT2 , . . . , ϕTM
}, where195

T ′ = {T1, T2, . . . , TM}. In this work, we focus196

on the case where T1 = text-only reasoning and197

T2 = visual understanding, and aim to combine198

them in a data- and compute-efficient manner to199

obtain a reasoning-capable multimodal model. 200

3.2 Is Model Merging Always a “Free 201

Lunch”? 202

Model merging, which combines the weights of 203

domain experts so that the resulting model inher- 204

its desirable properties from each, appears to of- 205

fer a promising path toward addressing our re- 206

search question. In particular, one can merge a text- 207

only reasoning LLM with the backbone of a multi- 208

modal LLM (MLLM) to unify their complementary 209

strengths. Recent work, such as BR2V (Chen et al., 210

2025a), has explored this direction by attempting 211

to integrate reasoning into multimodal LLM. 212

To explore the potential of model merging, 213

we apply BR2V to the LLM backbones of a 214

text-only reasoning model and a multimodal 215

LLM, both derived from the same base model. 216

We explore a series of models. Concretely, we 217

experiment with Mistral-7B (Jiang et al., 2023), 218

LLaMA3-8B, Qwen-2-7B (Yang et al., 2024), and 219

Qwen-2.5-7B (Bai et al., 2025) as base models; 220

Dart-Uniform (Tong et al., 2024), Meta-Math (Yu 221

et al., 2023), Qwen2-Math-7B (Yang et al., 2024), 222

and DeepSeek-R1-Distill-Qwen-7B (DeepSeek- 223

AI, 2025) as text-only reasoning experts; 224

and LLaVA-Next-LLaMA3-8B (Li et al., 225

2024a), Idefics-8B (Laurençon et al., 2024), 226

Qwen2-VL-7B-Instruct (Wang et al., 2024b), 227

and Qwen-2.5-VL-7B-Instruct (Bai et al., 2025) 228

as multimodal variants. 229

We evaluate the merged models on multi- 230

modal reasoning benchmarks, including Math- 231

Vista (Pan Lu et al., 2024), MathVision (Ke Wang 232

et al., 2024), and MathVerse (Renrui Zhang 233

et al., 2024) Vision-Only subset (see Tab. 1). 234

While BR2V enhances the reasoning ability of 235

LLaVA-Next and Idefics, yielding up to a 236

2% improvement when merged with reasoning- 237

augmented variants, it often causes performance 238

degradation in the Qwen series. 239

To further investigate these mismatched behav- 240

iors across different models, we compute layer- 241

wise L2 norm and cosine similarity between model 242

backbones, quantifying both magnitude and di- 243

rectional shifts in parameter space. This analy- 244

sis enables us to examine how reasoning and vi- 245

sual understanding are distributed in parameter 246

space, thereby characterizing the relationships be- 247

tween post-trained variants derived from the same 248

base LLM. As shown in Fig. 2, variants of LLaMA 249

and Mistral remain relatively close in parameter 250
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Table 1: Effect of model merging on multimodal reasoning benchmarks. Performance is reported on Math-
Vista (Pan Lu et al., 2024), MathVision (Ke Wang et al., 2024), and MathVerse (Renrui Zhang et al., 2024) for four
multimodal LLMs (LLaVA-Next-8B (Li et al., 2024a), Idefics-8B (Laurençon et al., 2024), Qwen2-VL-7B (Wang
et al., 2024b), and Qwen2.5-VL-7B (Bai et al., 2025)) before and after merging with their corresponding text-only
reasoning experts. Scores are shown with relative improvements (rel.) over the base model.

Benchmark LLaVA-Next-LLaMA3-8B Idefics-8B Qwen2-VL-7B Qwen2.5-VL-7B

Base +Dart-Uniform rel. Base +MetaMath rel. Base +Qwen2-Math rel. Base +DeepSeek-R1 rel.

MathVista 37.4 38.2 +0.8 51.8 53.2 +1.4 61.2 60.2 -1.0 67.9 65.8 -2.1
MathVision 13.8 15.8 +2.0 17.1 11.8 -5.3 21.1 21.7 +0.6 25.0 22.7 -2.3
MathVerse 16.0 17.4 +1.4 11.0 12.4 +1.4 26.9 26.7 -0.2 41.4 33.2 -8.2

Figure 2: Layer/Module-wise analysis of model merging pairs. We compare LLaVA-Next-8B vs. Dart-Uniform,
Idefics-8B vs. MetaMath, Qwen2-VL-7B vs. Qwen2-Math-7B, and Qwen2.5-VL-7B vs. DeepSeek-R1-Qwen-7B.
Top Left: per-layer L2 norm differences (magnitude). Bottom Left: per-layer cosine similarity (direction). Top
Right: average L2 norm differences for FFN layers and normalization layers. Bottom Right: average L2 norm
differences for attention projections (Q/K/V/O).

space, while Qwen variants are substantially more251

dispersed. Moreover, the parameter magnitudes252

of multimodal Qwen models diverge sharply from253

their reasoning counterparts, which likely explains254

the failure of naive merging in this family. These255

results suggest that model merging is not univer-256

sally a “free lunch”, its success depends strongly257

on how post-training reshapes the underlying pa-258

rameter space.259

3.3 Directional Reasoning Injection for260

Fine-Tuning MLLMs261

We reformulate the task as mapping a reasoning262

expert ϕreason and a multimodal LLM ϕVL into a263

reasoning-capable multimodal model:264

(ϕVL, ϕreason) 7→ ϕVL⊕reason.265

As demonstrated in Sec. 3.2, typical merging266

methods like BR2V (Chen et al., 2025a) merge267

parameters (task vectors) relative to the base model: 268

ϕVL⊕reason = ϕbase + β
(
ϕVL − ϕbase

)
+ (1− β)

(
ϕreason − ϕbase

)
.

(1) 269

However, this approach often fails in practice. 270

Large discrepancies between ϕVL and ϕreason make 271

performance highly sensitive to β: even small 272

distributional mismatches can yield large shifts 273

in weights. Learning an optimal β is expensive 274

because it requires storing all candidate models 275

in GPU memory. Moreover, when the two mod- 276

els diverge heavily in magnitude, naive interpola- 277

tion can cause unstable updates or gradient explo- 278

sions. These drawbacks suggest that parameter- 279

space merging is neither stable nor efficient for 280

large-scale MLLMs. 281

From parameter merging to directional injec- 282

tion. Instead of interpolating parameters, we pro- 283

pose to inject reasoning knowledge into the opti- 284
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Figure 3: Overview of Directional Reasoning Injection (DRIFT). (a) Standard fine-tuning of a multimodal LLM
ϕV L, where gradients g are applied directly to update trainable modules. (b) DRIFT modifies gradients by injecting
a reasoning prior: g̃ = g + α · scale(g,∆), where ∆ encodes the reasoning direction and scale(·) adjusts how ∆
interacts with g. (c) The reasoning prior ∆ is constructed as the parameter difference between a text-only reasoning
model ϕreason and the multimodal variant ϕV L. Our method enables reasoning knowledge to be transferred without
destabilizing parameter-space merging.

mization trajectory. Our key insight is that the gap285

between variants encodes domain-specific knowl-286

edge (e.g., reasoning). Rather than directly apply-287

ing this gap in weight space, which may distort288

multimodal alignment, we leverage it as a direc-289

tional prior that guides gradient updates.290

We define the difference between a reasoning291

model and a multimodal variant:292

∆ = ϕreason − ϕVL, (2)293

restricted to reasoning-relevant modules (MLP pro-294

jections, attention projection layers, and normal-295

ization layers). This ∆ serves as the reasoning di-296

rection. During multimodal supervised fine-tuning297

(SFT) with limited multimodal CoT data, we leave298

model weights intact and instead bias gradients to-299

wards the reasoning direction. For a parameter w300

with gradient g, we compute the guided gradient:301

g̃ = g + α · scale(g,∆), (3)302

where α controls prior strength and scale(·) adjusts303

how ∆ interacts with g. We explore three variants:304

• Absolute: g̃ = g + α∆, directly pulling305

weights toward the reasoning prior.306

• Grad-Norm: g̃ = g+α∥g∥ ∆
∥∆∥ , aligning up-307

dates with the direction of ∆ while preserving308

the gradient magnitude of g.309

• Grad-Norm w/ Adaptive α: g̃ = g +310

α′∥g∥ ∆
∥∆∥ , where α′ = α · 1+cos(g,∆)

2 , adapt-311

ing strength based on gradient-delta align-312

ment.313

Discussion. The proposed Directional Reason- 314

ing Injection (DRIFT) offers two main benefits. 315

First, it preserves the standard multimodal SFT 316

pipeline: training remains on multimodal data, but 317

optimization is nudged toward reasoning directions, 318

enabling gradual knowledge transfer without desta- 319

bilizing pre-merge operations or requiring large- 320

scale multimodal CoT supervision. Second, it is 321

lightweight: the reasoning prior ∆ is computed 322

once, stored on the CPU, and only transferred to 323

the GPU when needed for gradient updates. DRIFT 324

introduces no additional parameters and modifies 325

only the backward pass, making it both memory- 326

efficient and easily scalable to large MLLMs. 327

4 Experiments 328

4.1 Dataset Collection 329

Reasoning transfer in DRIFT requires only a small 330

amount of high-quality multimodal reasoning data. 331

Prior work (ThinkLite (Wang et al., 2025)) shows 332

that challenging questions are more effective than 333

large volumes of easy ones. Building on this in- 334

sight, we start from the ThinkLiteVL-11K dataset, 335

which contains 11K high-quality image–question 336

pairs. However, this dataset provides only an- 337

swers without accompanying reasoning chains. To 338

address this, we use ThinkLite models to distill 339

chain-of-thought (CoT) annotations and filter out 340

examples with incorrect answers or invalid outputs. 341

The retained reasoning traces are enclosed within 342

<think></think> tags to clearly separate the CoT 343

from the final answer. After filtering, we obtain a 344

curated set of 4K high-quality multimodal reason- 345

ing examples, which serve as the foundation for 346

our proposed DRIFT. 347
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Table 2: Evaluation results on multimodal reasoning benchmarks. We compare our gradient-based merging
approach with standard parameter-space merging baselines. Results are reported on MathVista, MathVision,
MathVerse, WeMath (strict/loose), and LogicVista. Best results are in bold. Note: Improvements are reported
relative to Baseline.

Model MathVista MathVision MathVerse WeMath LogicVista Avg.
strict loose

Qwen2.5-VL-7B-Instruct (Bai et al., 2025) 67.9 25.0 41.4 34.3 52.8 46.7 44.7

Parameter merging with DeepSeekR1-Qwen-Distill-7B
Task Arithmetic (Ilharco et al.) 65.8-2.1 22.7-2.3 33.2-8.2 30.1-4.2 51.2-1.6 42.0-4.7 40.8-3.9
Layer Swap (Bandarkar et al.) 63.6-4.3 22.9-2.1 37.9-3.5 32.1-2.2 50.1-2.7 35.1-11.6 40.3-4.4
TIES (Yadav et al., 2023) 63.6-4.3 23.1-1.9 39.5-1.9 33.4-0.9 51.7-1.1 42.1-4.6 42.2-2.5
DARE-TIES (Yu et al., 2024) 66.3-1.6 23.6-1.4 38.3-3.1 33.7-0.6 52.6-0.2 42.0-4.7 42.8-1.9
DARE-Linear (Yu et al., 2024) 66.0-1.9 22.3-2.7 35.5-5.9 30.8-3.5 51.2-1.6 42.5-4.2 41.4-3.3

Reasoning Injection from DeepSeekR1-Qwen-Distill-7B
DRIFT (Ours) 69.9+2.0 26.6+1.6 43.9+2.5 38.5+4.2 60.2+7.4 47.2+0.5 47.7+3.0

4.2 Experimental Setting348

In particular, to construct a strong mul-349

timodal reasoning model, we select350

DeepSeek-R1-Qwen-Distill-7B (DeepSeek-351

AI, 2025) as the text-only reasoning expert and352

Qwen2.5-VL-7B-Instruct (Bai et al., 2025) as353

the multimodal backbone. The DeepSeek-R1354

family is designed to elicit explicit reasoning355

traces, while Qwen2.5-VL provides strong visual356

grounding and perception. Investigating whether357

combining these complementary capabilities yields358

a more powerful multimodal reasoning model is359

our central question.360

We implement our method on top of the361

LLaMAFactory codebase (Zheng et al., 2024), en-362

suring reproducibility and compatibility with ex-363

isting fine-tuning workflows. Training follows364

the standard supervised fine-tuning pipeline, with365

DRIFT integrated as a lightweight plugin. The366

reasoning direction ∆ is precomputed once and367

cached on the CPU, then transferred to the GPU368

only when needed for gradient updates. During369

backpropagation, we register additional gradient370

hooks that inject ∆ into online gradients, enabling371

reasoning-aware optimization with negligible over-372

head. We train the model for three epochs with a373

learning rate of 1× 10−6.374

For evaluation, we focus on multimodal reason-375

ing benchmarks, particularly those involving math-376

ematical reasoning: MathVista (Pan Lu et al., 2024)377

testmini subset, MathVision (Ke Wang et al., 2024),378

MathVerse (Renrui Zhang et al., 2024) vision-only379

subset, WeMath (Runqi Qiao et al., 2024), and Log-380

icVista (Xiao et al., 2024). These datasets contain381

not only general visual question answering tasks382

but also problems that explicitly require reasoning,383

making them suitable testbeds for our approach. 384

We adopt VLMEvalKit (Duan et al., 2024) for stan- 385

dardized evaluation and to minimize randomness, 386

following the official protocols of each benchmark. 387

4.3 Comparison with Parameter 388

Merging-based Methods 389

As discussed in Sec. 3.2, parameter-space merging 390

has emerged as a popular approach for injecting 391

reasoning into multimodal models. However, its 392

effectiveness is far from guaranteed: naive merging 393

often yields no gain, particularly when the underly- 394

ing models diverge significantly in parameter space. 395

We compare against several representative merg- 396

ing approaches, including Task Arithmetic (Ilharco 397

et al.), Layer Swap (Bandarkar et al.), TIES (Yadav 398

et al., 2023), and DARE (Yu et al., 2024). These 399

methods operate by directly manipulating model 400

weights via vector addition or interpolation, layer 401

replacement, or sparsity/importance masking, to 402

combine complementary skills without full retrain- 403

ing. We follow the hyperparameter selection prac- 404

tice of Chen et al. (2025a) for fair comparison. 405

As shown in Tab. 2, we merge the strong 406

reasoning model DeepSeek-R1-Qwen-Distill- 407

7B (DeepSeek-AI, 2025) into Qwen2.5-VL-7B- 408

Instruct (Bai et al., 2025). Surprisingly, none of 409

the merging methods improve performance; in fact, 410

several degrade it. We hypothesize that this failure 411

stems from the large distributional discrepancy 412

between the reasoning model and the multimodal 413

variant, consistent with our earlier analysis in 414

Sec. 3.2. This finding underscores the fragility of 415

parameter-level merging and motivates the need 416

for a more robust alternative. 417

Our Gradient-based Alternative. In contrast, 418
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Table 3: Evaluation results on visual reasoning benchmarks. We report performance on MathVista, MathVision,
MathVerse, WeMath (strict), and LogicVista across open-source models, and reasoning fine-tuning methods. †

indicates results reproduced by ourselves, while others are reported by Open Vision Reasoner (Wei et al., 2025).
Our DRIFT results are bold, and improvements relative to our SFT baseline are reported.

Model MathVista MathVision MathVerse WeMath LogicVista

Open-source Models
LLaVA-OneVision-7B (Li et al., 2024c) 62.6 17.6 17.6 17.7 32.0
InternLM-XComposer2.5 (Zhang et al., 2024a) 64.0 17.8 16.2 14.1 34.7
InternVL3-8B (Zhu et al., 2025) 70.5 28.6 33.9 37.5 43.6
InternVL2.5-8B (Chen et al., 2024a) 64.5 17.0 22.8 23.5 36.0
InternVL2-8B (Chen et al., 2024b) 58.3 20.0 20.4 20.2 33.6
QvQ-72B-Preview (Team, 2024) 70.3 34.9 48.2 39.0 58.2
Kimi-VL-16B (Team et al., 2025) 66.0 21.8 34.1 32.3 42.7
Qwen2-VL-7B (Wang et al., 2024b) 61.6 19.2 25.4 22.3 33.3
Qwen2.5-VL-7B (Bai et al., 2025) 67.9† 25.0† 41.4† 34.3† 46.7†

Reasoning Fine-tuning Methods
R1-Onevision-7B (Yang et al., 2025) 64.1 29.9 40.0 – 61.8
OpenVLThinker-7B (Deng et al., 2025) 65.3 23.0 38.1 35.2 44.5
R1-VL-7B (Zhang et al., 2025) 63.5 24.7 40.0 – –
X-REASONER (Liu et al., 2025a) 69.0 29.6 – – –

Ours (SFT) 68.7 25.1 42.0 33.3 45.6
DRIFT (Ours) 69.9+1.2 26.6+1.6 43.9+1.9 38.5+5.2 47.2+1.6

DRIFT sidesteps the instability of direct param-419

eter interpolation by explicitly encoding reasoning420

directions during supervised fine-tuning. The mul-421

timodal model begins with full vision–language422

capability inherited from the base, and fine-tuning423

data naturally couples perception and reasoning.424

DRIFT leverages this setting by nudging gradi-425

ents slightly toward the reasoning direction, rein-426

forcing reasoning signals without disrupting mul-427

timodal alignment. This design yields consistent428

improvements across benchmarks, surpassing both429

the baseline and parameter-merging methods (e.g.,430

+4.5 points on MathVista compared to Task Arith-431

metic). These results highlight that DRIFT pro-432

vides an effective mechanism for transferring rea-433

soning ability, offering robustness where parameter-434

level merging is brittle.435

4.4 Comparison with Training-based Methods436

A prominent line of work aims to endow multi-437

modal LLMs with reasoning ability through ad-438

ditional training, typically requiring either large-439

scale multimodal CoT supervision or special-440

ized fine-tuning strategies such as reinforce-441

ment learning. Representative examples include442

R1-OneVision (Yang et al., 2025), OpenVL-443

Thinker (Deng et al., 2025), and X-Reasoner (Liu444

et al., 2025a), all of which demand curated multi-445

modal reasoning datasets and substantial training446

budgets. As shown in Tab. 3, these approaches447

achieve competitive performance, but only at the448

cost of generating or collecting large-scale CoT449

traces (see Fig. 1 for performance and dataset size 450

comparison). 451

In contrast, our method avoids such heavy su- 452

pervision. By introducing Directional Reasoning 453

Injection, we leverage a lightweight reasoning prior 454

distilled from a text-only expert and inject it into 455

multimodal training via gradient guidance. This 456

design preserves the simplicity of standard SFT 457

pipelines while enabling efficient reasoning trans- 458

fer. Empirically, DRIFT achieves consistent gains 459

over the SFT baseline on all the benchmarks. Al- 460

though training-heavy methods such as X-Reasoner 461

or R1-OneVision sometimes achieve higher ab- 462

solute scores, DRIFT reaches competitive perfor- 463

mance with orders of magnitude less reasoning- 464

specific data and training time. The efficiency 465

benefits of DRIFT are: existing reasoning-focused 466

methods require days of training with SFT or RL, 467

while DRIFT requires only SFT-style training and 468

completes in roughly two hours. 469

Overall, these results, together with the effi- 470

ciency analysis, validate our central claim: rea- 471

soning transfer can be achieved not only through 472

resource-intensive multimodal fine-tuning, but also 473

via lightweight gradient-space priors that exploit 474

the gap between text-only reasoning experts and 475

multimodal models. 476

4.5 Analysis of DRIFT 477

Is Reasoning Prior Useful? Tab. 3 shows that 478

while supervised fine-tuning (SFT) is a strong base- 479

line, incorporating the reasoning prior via DRIFT 480

7



Table 4: Comparison of scaling strategies in DRIFT. We report performance on MathVista, MathVerse, and
LogicVista. Scores are shown with relative improvements (rel.) over the SFT baseline. Merging candidates include
attention projection layers (ATTN), Feedforward layers (MLP), input normalization and output normalization layers
(Norm), and the output language model projection head (LM Head).

Scaling Strategy Merge Candidates MathVista MathVerse LogicVista

Score rel. Score rel. Score rel.

SFT – – 68.7 – 42.0 – 45.6 –

DRIFT

Absolute
{ATTN, MLP}

65.7 -3.0 39.5 -2.5 25.9 -19.7
Grad-Norm 68.8 +0.1 43.9 +1.9 46.1 +0.5
Grad-Norm w/ Adaptive α 69.9 +1.2 43.9 +1.9 47.2 +1.6

Grad-Norm

{ATTN} 68.8 +0.1 44.4 +2.4 49.4 +3.8
{MLP} 68.5 -0.5 42.6 +0.6 46.3 +0.7
{ATTN, MLP, Norm} 68.6 -0.1 43.0 +1.0 46.8 +1.2
{ATTN, MLP, Norm, LM Head} 68.6 -0.1 42.7 +0.7 48.5 +2.9

Grad-Norm w/ Adaptive α

{ATTN} 68.8 +0.1 43.2 +1.2 48.3 +2.7
{MLP} 69.0 +0.3 43.3 +1.3 46.3 +0.7
{ATTN, MLP, Norm} 69.1 +0.4 42.8 +0.8 48.3 +2.7
{ATTN, MLP, Norm, LM Head} 68.8 +0.1 43.3 +1.3 48.3 +2.7

consistently yields further gains. For instance,481

DRIFT achieves +1.9 points on MathVerse and482

+5.2 on WeMath, compared to the SFT baseline.483

These gains suggest that the reasoning prior ex-484

tracted from text-only experts is indeed useful in485

guiding multimodal training, providing comple-486

mentary reasoning signals beyond what the mul-487

timodal instruction data alone can supply. Impor-488

tantly, the improvements are achieved without rely-489

ing on costly multimodal CoT annotations.490

On the Role of Merging Candidates. To under-491

stand which components benefit most from rea-492

soning injection, we vary the set of modules to493

which DRIFT is applied (see Tab. 4). We start from494

the attention layers, and find that applying DRIFT495

only to attention layers achieves the strongest per-496

formance on LogicVista, with additional improve-497

ments on MathVerse. In contrast, restricting to feed-498

forward layers yield modest or inconsistent gains,499

and including normalization layers often leads to di-500

minished performance. Extending to the LM head501

provides mixed results – limited impact on Math-502

Verse but noticeable gains on LogicVista. These503

findings suggest that attention modules are the most504

sensitive to reasoning priors, while over-extending505

to normalization layers can inject noise rather than506

useful signals.507

On the Role of Merging Strategies. Different508

strategies for incorporating the reasoning prior lead509

to distinct behaviors. The Absolute update rule de-510

grades performance across all benchmarks, likely511

because it pulls parameters too aggressively toward512

the reasoning model, disrupting multimodal align- 513

ment. In contrast, gradient-based scaling strate- 514

gies (Grad-Norm and Grad-Norm w/ Adaptive α) 515

yield stable improvements. Notably, Grad-Norm w/ 516

Adaptive α achieves the highest MathVista score 517

(69.9, +1.2), showing that adapting the prior based 518

on the gradient–delta relation provides a balanced 519

integration. This highlights that subtle guidance, 520

rather than direct overwriting, is the key to success- 521

fully transferring reasoning capabilities. 522

Overall, these analyses reinforce our central 523

claim: reasoning priors are beneficial, but their 524

utility depends strongly on where they are applied 525

(attention layers vs. others) and how they are in- 526

tegrated (gradient guidance vs. absolute interpola- 527

tion). DRIFT’s design provides a stable mechanism 528

for exploiting these priors. 529

5 Conclusion 530

We study how to transfer reasoning from text- 531

only LLMs to multimodal LLMs without large- 532

scale multimodal CoT supervision. We show that 533

parameter-space merging is brittle when models 534

are misaligned, and propose Directional Reasoning 535

Injection for Fine-Tuning, a gradient-based method 536

that injects reasoning priors from expert models 537

during fine-tuning. DRIFT consistently outper- 538

forms standard SFT and remains competitive with 539

training-intensive approaches, demonstrating that 540

lightweight gradient-space priors offer an efficient 541

and scalable solution for reasoning transfer. 542
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6 Limitations543

While DRIFT demonstrates that lightweight544

gradient-space priors can effectively transfer rea-545

soning from text-only experts to multimodal mod-546

els, several limitations remain. First, our method547

relies on the availability of strong text-only rea-548

soning experts, which constrains applicability in549

domains where such experts are weak or unavail-550

able. Second, although DRIFT avoids destabilizing551

multimodal alignment in our experiments, its re-552

liance on precomputed reasoning directions may553

introduce biases or diminish performance when554

tasks require perception-heavy reasoning. Third,555

we primarily evaluate on mathematical and log-556

ical reasoning benchmarks; further validation on557

diverse multimodal tasks such as commonsense rea-558

soning, scientific understanding, or open-domain559

visual question answering is needed to assess gen-560

erality. Finally, while DRIFT reduces training costs561

compared to reinforcement learning or large-scale562

multimodal CoT supervision, it still adds overhead563

relative to standard SFT and does not yet guarantee564

interpretability of the injected reasoning signals.565
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A Complete Related Works896

A.1 Multimodal Reasoning in Large897

Language Models898

Following the success of chain-of-thought prompt-899

ing in enabling large language models (LLMs) to900

solve complex problems step by step, researchers901

have increasingly explored whether similar reason-902

ing capabilities exist in multimodal large language903

models (MLLMs). Among the many domains for904

evaluation, mathematical reasoning has emerged905

as one of the most prominent. Lu et al. (2023)906

introduced MathVista, a visual mathematics bench-907

mark designed to assess the problem-solving abil-908

ities of MLLMs on math tasks that require visual909

understanding. Similarly, Xiao et al. (2024) pro-910

posed LogicVista, which evaluates integrated log-911

ical reasoning skills over visual concepts. Addi-912

tional benchmarks, including MathVision (Wang913

et al., 2024a), MathVerse (Renrui Zhang et al.,914

2024), and WeMath (Qiao et al., 2024), extend this915

line of research by covering diverse mathematical916

problem types and difficulty levels, with a strong917

emphasis on the vision modality.918

Many methods have been proposed to enhance919

the reasoning ability of MLLMs. Ratzlaff et al.920

(2025); Li et al. (2024d); Ranaldi and Freitas (2024) 921

explore instruction tuning to teach MLLMs to rea- 922

son over visual concepts. Similarly, Subrama- 923

niam et al. (2025); Huang et al. (2024b); Dong 924

et al. (2025) adopt supervised fine-tuning (SFT) 925

to further improve MLLM performance. More re- 926

cent works (Wan et al., 2025; Liu et al., 2025b; 927

Chen et al., 2025b) demonstrate that reinforce- 928

ment learning (RL) approaches can effectively en- 929

hance the reasoning capabilities of MLLMs while 930

maintaining strong generalization across diverse 931

tasks. Among these methods, both SFT and RL 932

have shown remarkable potential. SFT is generally 933

lightweight and efficient, but its effectiveness de- 934

pends heavily on the availability of high-quality, 935

diverse multimodal datasets. RL methods, on the 936

other hand, are less constrained by dataset diversity 937

and can yield robust improvements, though they 938

are more computationally expensive and require 939

substantial resources for training. 940

A.2 Efficient Fine-Tuning of LLMs 941

Given the high memory and computational cost of 942

full-parameter fine-tuning, numerous studies have 943

proposed methods to reduce these costs and im- 944

prove training efficiency. These approaches can 945

generally be divided into parameter-efficient and 946

data-efficient fine-tuning methods. 947

Parameter-Efficient Fine-Tuning. Hu et al. 948

(2022) introduced LoRA, which reduces trainable 949

parameters by injecting and training a low-rank de- 950

composition within the model’s weight matrices. 951

Subsequent works have refined LoRA with various 952

enhancements, including QLoRA (Dettmers et al., 953

2023), LoRA+ (Hayou et al., 2024), and LiSA (Pan 954

et al., 2024). Another line of work focuses on 955

adapter-based methods, where small trainable mod- 956

ules are inserted into the model while keeping 957

the base parameters frozen. Examples include 958

AdaptMLLM (Lankford et al., 2023), LLaMA- 959

Adapter (Zhang et al., 2024b; Gao et al., 2023), 960

and Bt-Adapter (Liu et al., 2024). 961

Data-Efficient Fine-Tuning. Another research 962

direction seeks to improve fine-tuning efficiency by 963

carefully curating or compressing the training data. 964

For instance, Lin et al. (2024) propose pruning and 965

selecting representative samples to maximize data 966

utility. He et al. (2024) leverage external MLLMs 967

to select high-quality multimodal data for training. 968

Additionally, methods such as those proposed by 969

Shang et al. (2024) and Cai et al. (2024) reduce the 970

number of visual tokens used for training, thereby 971
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Method SFT RL Est. time

OpenVLThinker-7B (Deng et al., 2025) ✓ ✗ > 1 day
R1-OneVision-7B (Yang et al., 2025) ✓ ✗ > 1 day
X-REASONER (Liu et al., 2025a) ✓ ✓ > 2 days
Ours (DRIFT) ✓ ✗ ≈2 hrs

Table 5: Training schemes and estimated wall-clock cost. Existing methods require at least one day of training,
while DRIFT completes in about two hours under comparable hardware.

accelerating both fine-tuning and inference.972

Model Merging. An even more efficient alterna-973

tive, model merging repurposes fine-tuned models974

by directly combining parameters through simple975

arithmetic (Ilharco et al.; Yadav et al., 2023; Yu976

et al., 2024), requiring no additional training or977

inference cost. Although well studied in vision978

models (Huang et al., 2024a; Gargiulo et al., 2025),979

its use in MLLMs remains limited. Recent work,980

such as BR2V (Chen et al., 2025a), demonstrates981

the potential of merging for transferring reason-982

ing into multimodal models. Nonetheless, large983

parameter discrepancies and cross-modal transfer984

of reasoning remain open challenges. Our work985

addresses these by injecting reasoning priors from986

LLMs into MLLMs via gradient space merging.987

B Parameter-Space Merging Method988

Setup989

We experiment with several parameter-space merg-990

ing strategies, where models are combined without991

additional training by directly manipulating their992

parameters. The hyper-parameters in Tab. 6 corre-993

spond to: (i) λ coefficients that control the interpo-994

lation ratio between two models (Ilharco et al.); (ii)995

α scaling factors used in data-aware reweighting996

(e.g., in DARE (Yu et al., 2024)); and (iii) for layer997

swapping (Bandarkar et al.), the number of layers998

replaced. All hyperparameter choices are sourced999

from BR2V (Chen et al.).1000

C Training Time Comparison1001

Training efficiency is a critical factor when scal-1002

ing reasoning-capable MLLMs. Most existing ap-1003

proaches rely on either large-scale supervised fine-1004

tuning (SFT) with multimodal CoT data or rein-1005

forcement learning (RL) on specialized reasoning1006

benchmarks. Both settings typically require mul-1007

tiple days of training on high-end GPU clusters,1008

limiting their practicality for rapid iteration or de-1009

ployment.1010

Method Hyper-parameters

Baseline -
Task Arithmetic (λ = 0.9, 0.1)
TIES (λ = 1.6, α = 0.2)
Dare-TIES (λ = 1.6, α = 0.2)
Dare-Linear (λ = 1.6, α = 0.2)
Layer Swap (λ = 0.9, 0.1, k = 5)

Table 6: Hyper-parameter setup for different parameter-
space merging methods. (λ, α, k) denote interpolation
ratios, scaling factors, and number of swapped layers,
respectively.

As summarized in Tab. 5, representative methods 1011

such as OpenVLThinker, R1-OneVision, and X- 1012

REASONER all involve either full SFT or RL and 1013

require more than one day of training. In contrast, 1014

our method, DRIFT, requires only SFT-style train- 1015

ing with gradient guidance and completes within 1016

roughly two hours under comparable hardware. 1017

This dramatic reduction in cost is achieved because 1018

DRIFT (i) avoids a huge amount of multimodal 1019

CoT data collection, (ii) adds only lightweight 1020

gradient-time operations with a precomputed prior, 1021

and (iii) leaves the forward pass unchanged. 1022

In practice, this efficiency means DRIFT can be in- 1023

tegrated into existing SFT pipelines with negligible 1024

additional overhead, making it far more scalable 1025

for both research and production settings. 1026

C.1 Dataset Collection Details 1027

We leverage the ThinkLite (Wang et al., 2025) 1028

model to distill multimodal reasoning data on the 1029

ThinkLite-VL-Hard-11K dataset. The prompt used 1030

to elicit reasoning traces is illustrated in Figure 4. 1031

After generating candidate responses, we apply 1032

a multi-step filtering process to ensure data quality. 1033

First, we verify whether the final answer is enclosed 1034

in \boxed{} and matches the ground-truth solution. 1035

Second, we check the correctness of the reasoning 1036

format enclosed by <think> and </think>. Fi- 1037
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System Prompt: You FIRST think about the reasoning process as an 
internal monologue and then provide the final answer. The reasoning 
process MUST BE enclosed within <think> </think> tags. The final answer 
MUST BE put in \boxed{}.



User Prompt: <question>

Figure 4: Example prompt used to distill reasoning
traces from the ThinkLite model.

nally, we retain the highest-quality subset, result-1038

ing in 4K verified samples from the original 11K1039

examples.1040

C.2 Training Loss of Gradient Merging1041

Strategies1042

We compare training loss curves of different gra-1043

dient merging strategies against the SFT baseline1044

on the same dataset. As shown in Fig. 5, the Abso-1045

lute strategy introduces instability, leading to large1046

spikes in the early stages. Grad-Norm reduces this1047

effect but still shows noticeable fluctuations. In con-1048

trast, Grad-Norm with Adaptive α closely follows1049

the stable SFT baseline while yielding improved1050

convergence.1051

• Absolute: g̃ = g + α∆, directly pulling1052

weights toward the reasoning prior.1053

• Grad-Norm: g̃ = g+α∥g∥ ∆
∥∆∥ , aligning up-1054

dates with the direction of ∆ while preserving1055

the gradient magnitude of g.1056

• Grad-Norm w/ Adaptive α: g̃ = g +1057

α′∥g∥ ∆
∥∆∥ , where α′ = α · 1+cos(g,∆)

2 adapts1058

the strength based on gradient–delta align-1059

ment.1060

Figure 5: Training loss curves for different gradient
merging strategies compared with the SFT baseline.
Adaptive Grad-Norm achieves stable optimization while
improving performance over standard SFT.

Figure 6: Training loss curves for gradient merging can-
didates compared with the SFT baseline. The {ATTN}
strategy avoids training spikes, while other candidates
show instability before convergence.

D Training Loss of Gradient Merging 1061

Candidates 1062

We compare the training loss curves of different 1063

gradient merging candidates against the SFT base- 1064

line on the same dataset. As shown in Fig. 6, merg- 1065

ing on {ATTN} yields the most stable curve with- 1066

out spikes, while all other variants exhibit notice- 1067

able fluctuations in the early training stage. For 1068

clarity, we also plot the loss in log scale and zoom 1069

in around the spike region to highlight differences 1070

across methods: 1071

• {ATTN} 1072

• {MLP} 1073

• {ATTN + MLP} 1074

• {ATTN + MLP + Norm} 1075

• {ATTN + MLP + Norm + LM Head} 1076

D.1 Ablation on the Types of Priors 1077

In the main paper, we define the directional prior 1078

as the parameter difference between a text-only 1079

reasoning model and its multimodal variant: 1080

∆ = ϕreason − ϕVL. (4) 1081

This ∆ captures the reasoning direction and serves 1082

as the guidance signal for gradient modulation dur- 1083

ing fine-tuning. 1084

To further understand the impact of prior choice, 1085

we examine alternative constructions of ∆. Specif- 1086

ically, for DeepSeekR1-Qwen-Distill-7B, we 1087

test two variants: (i) a direct prior computed 1088

as the difference between the reasoning model 1089
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Table 7: Ablation on types of reasoning priors. We compare different constructions of the reasoning prior ∆
under the DRIFT framework on multimodal reasoning benchmarks. Results are reported on MathVista, MathVision,
MathVerse, WeMath (strict/loose), and LogicVista. Best results are in bold, and improvements relative to the SFT
baseline are shown as subscripts in green (+) or red (–).

Reasoning Prior ∆ MathVista MathVision MathVerse WeMath LogicVista Avg.
strict loose

ϕDeepSeekR1 − ϕQwen-VL 69.9+2.3 26.6+1.5 43.9+0.8 38.5+2.5 60.2+1.8 47.2+3.4 47.7+2.1
ϕDeepSeekR1 − ϕQwen-Math 67.6 25.1 43.1 36.0 58.4 43.8 45.6

and its multimodal variant, and (ii) a hierarchi-1090

cal prior derived between the reasoning expert1091

(DeepSeekR1-Qwen-Distill-7B) and the base1092

model used during its fine-tuning (Qwen-Math-7B).1093

The results in Tab. 7 show that the direct prior1094

generally achieves higher and more consistent1095

improvements across benchmarks, suggesting1096

that the reasoning direction from a distilled ex-1097

pert (DeepSeekR1-Qwen-Distill-7B) more effec-1098

tively aligns with multimodal training gradients.1099

In contrast, the hierarchical prior (DeepSeekR1 vs.1100

Qwen-Math) provides smaller gains, possibly be-1101

cause it encodes earlier-stage reasoning behaviors1102

less compatible with multimodal features. These1103

findings highlight that the choice of reasoning prior1104

directly affects transfer quality, and the most effec-1105

tive priors could be those closely matched to the1106

target model’s reasoning granularity.1107

E Future Work1108

Building on our findings, several directions remain1109

open for exploration. First, extending DRIFT be-1110

yond mathematical and logical reasoning to do-1111

mains such as scientific understanding, embodied1112

perception, and real-world decision-making would1113

test its generality. Second, developing adaptive1114

strategies that dynamically select or combine rea-1115

soning priors, rather than relying on a fixed direc-1116

tion, could improve robustness when transferring1117

across diverse tasks. Third, integrating DRIFT with1118

reinforcement learning or preference optimization1119

may further enhance reasoning without sacrificing1120

multimodal grounding. Finally, improving inter-1121

pretability of injected reasoning signals, through1122

visualization or attribution, would provide stronger1123

insights into how reasoning knowledge is trans-1124

ferred, fostering trust and transparency in multi-1125

modal systems.1126

F Broader Impact 1127

This work highlights a lightweight path for trans- 1128

ferring reasoning abilities from text-only experts to 1129

multimodal models, offering efficiency benefits and 1130

reduced reliance on costly multimodal supervision. 1131

By lowering the resource barrier, DRIFT may help 1132

democratize access to multimodal reasoning sys- 1133

tems in academic and industrial settings. However, 1134

transferring reasoning across domains also raises 1135

important considerations. First, biases embedded 1136

in text-only experts may propagate into multimodal 1137

models, amplifying inaccuracies or cultural biases 1138

in downstream tasks. Second, more capable multi- 1139

modal reasoning systems may be misused in sensi- 1140

tive domains such as surveillance, misinformation 1141

generation, or automated decision-making, where 1142

reliability and transparency are critical. Third, al- 1143

though DRIFT reduces compute costs, it still bene- 1144

fits institutions with access to pretrained reasoning 1145

experts, potentially reinforcing existing inequities 1146

in model development. 1147
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