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Abstract001

Vision Large Language Models (VLLMs) have002
achieved remarkable progress in multimodal003
reasoning. However, they often generate text-004
only reasoning steps based on internal priors,005
making it difficult to dynamically focus on crit-006
ical visual regions. Multimodal interleaved007
Chain-of-Thought (CoT) paradigm, built on008
visual modules can incorporate visual inputs,009
but they typically require additional tools and010
multi-step interactions. To address these is-011
sues, we propose a coupled framework, ICoM,012
that integrates interleaved CoT driven adap-013
tive visual focusing with layer-specific merg-014
ing. ICoM employs a Q-Former to adaptively015
retrieve the most relevant regions from the orig-016
inal image via interleaved tokens, and are in-017
serted before each textual reasoning step to en-018
able visual focus. We train Qwen2-VL-2B with019
a three-stage SFT+RL pipeline on the open-020
source MINT-CoT dataset. To enhance reason-021
ing in a cost effective way, we linearly merge022
only layers 19–27 of the post trained Qwen2-023
VL-2B language component with the corre-024
sponding parameters of Qwen2-Math-1.5B-025
Instruct. Experiments show that ICoM-2B is026
competitive with state-of-the-art VLLMs (e.g.,027
LLaVA-Reasoner-8B and Mulberry-7B) across028
six benchmarks. Notably, ICoM-2B outper-029
forms GPT-4o-0513 by 2.13% on MathVista030
and 0.22% on MMStar. Code will be released031
once the paper is accepted.032

1 Introduction033

With the evolution of vision large language mod-034

els (VLLMs) (Bai et al., 2025a; Hurst et al.,035

2024; Anthropic, 2024) and reinforcement learning036

(RL) with verifiable rewards (DeepSeek-AI, 2025;037

Shao et al., 2024a), VLLMs have made signifi-038

cant progress in jointly processing images and text039

inputs to perform complex tasks. However, prevail-040

ing reasoning paradigms rely solely on the VLLM’s041

internal priors and express intermediate reasoning042

steps through textual tokens. This leads to inherent043

limitations in visually dense scenarios, where the 044

model struggles to autonomously identify key vi- 045

sual regions (Su et al., 2025a) (e.g., tiny objects and 046

subtle spatial relationships), impeding effective in- 047

teraction with information-rich images. Therefore, 048

bridging the gap between perception and reasoning, 049

together with strengthening region-focused atten- 050

tion, has emerged as a critical problem. 051

Some studies (Peng et al., 2023; You et al., 2024) 052

use region bounding boxes or masks during train- 053

ing to enable local region understanding. These 054

methods, howerver, depend on additional annota- 055

tions and predefined regions, limiting their abil- 056

ity to dynamically select relevant visual informa- 057

tion during inference. In contrast, multimodal 058

chain-of-thought (MCoT) (Zhang et al., 2024b) 059

conducts intermediate reasoning by combining text- 060

only chains with structured visual evidence (e.g., 061

knowledge graphs (Mondal et al., 2024)). More 062

recently, interleaved paradigms (Gao et al., 2025) 063

incorporate additional visual content during reason- 064

ing through cropping tools or specialized sketching 065

models. While effective in general settings (Li 066

et al., 2025b; Zheng et al., 2025), they typically 067

require external tools and multi-step interactions, 068

which can result in insufficient modeling of math- 069

ematical visual cues such as symbols, axis scales, 070

and geometric relations. MINT-CoT (Chen et al., 071

2025e) further improves mathematical reasoning 072

by interleaving visual tokens before each reasoning 073

step, yet its pointwise filtering makes it difficult 074

to capture step-specific context and multi-view in- 075

formation. Cross-modal parameter merging (Chen 076

et al., 2025d) has emerged as an efficient training- 077

free solution that transfers the strong reasoning 078

capability of LLMs into VLLMs, offering a princi- 079

pled way to strengthen the coupling between per- 080

ception and reasoning. Its potential for fine-grained 081

mathematical reasoning remains underexplored. 082

To address these challenges, we propose ICoM, 083

a coupled framework that combines adaptive vi- 084
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sual focusing driven by interleaved visual chain-085

of-thought (CoT) with layer-specific merging, as086

illustrated in Figure 1. Specifically, we introduce087

the Q-Former (Li et al., 2023) that uses the inter-088

leaved token as a query to retrieve the most relevant089

visual regions from the input image and incorpo-090

rates them before each textual reasoning step to091

enable visual focusing. We build on two baseline092

models, Qwen2-VL-2B-Instruct and Qwen2.5-VL-093

3B-Instruct, and train ICoM in three stages using a094

combination of supervised fine-tuning (SFT) and095

RL: text-only CoT SFT, interleaved CoT SFT, and096

interleaved CoT RL. This training pipeline consis-097

tently improves mathematical reasoning, but the098

model’s abstract mathematical priors remain con-099

strained by the scale and distribution of the training100

data. To address this, after the three-stage training101

of Qwen2-VL-2B, we linearly merge its LM pa-102

rameters with the corresponding layers of Qwen2-103

Math-1.5B-Instruct in the late layers (19–27). No-104

tably, our ICoM-2B is competitive with state-of-105

the-art VLLMs (e.g., LLaVA-Reasoner-8B and106

Mulberry-7B) across six benchmarks. For exam-107

ple, ICoM-2B outperforms GPT-4o-0513 and R1-108

VL-7B by 2.13% and 2.43% on the mathematical109

benchmark MathVista, and by 0.22% and 4.92%110

on the comprehensive benchmark MMStar.111

2 Related Work112

Reinforcement Learning for VLLMs. RL is113

critical for adapting VLLMs to complex tasks be-114

yond their pretraining distribution, and an increas-115

ing number of studies are applying it to multi-116

modal reasoning settings. These methods typi-117

cally follow a multi-stage pipeline, first performing118

SFT on costly distilled data and then applying RL119

to further enhance reasoning. For example, VL-120

Rethink (Wang et al., 2025) explores a more direct121

RL strategy to promote slow thinking in VLLMs122

and introduces selective sample replay (SSR) to123

mitigate the vanishing advantage problem in Group124

Relative Policy Optimization (GRPO) (Shao et al.,125

2024b). Perception-R1 (Yu et al., 2025) directly126

encodes image patches, effectively integrating test-127

time augmentation with RL fine-tuning. STAR-128

R1 (Li et al., 2025c) further demonstrates RL’s129

effectiveness for spatial and concrete reasoning.130

CoT with Images. The CoT with Images (Inter-131

leaved CoT) paradigm has emerged as a promising132

direction for enhancing multimodal reasoning ca-133

pabilities. Textual CoT (Wei et al., 2022), however,134

often falters when tasks require information be- 135

yond textual descriptions (Hao et al., 2025; Jiang 136

et al., 2025). In contrast, this paradigm allows mod- 137

els to invoke visual operations (e.g., local zoom- 138

in) or leverage external visual modules (e.g., crop- 139

ping tools and specialized sketching models (Hu 140

et al., 2024; Zhou et al., 2024)), enabling progres- 141

sive region exploration and narrowing the solution 142

space . MVoT (Li et al., 2025a) introduces an in- 143

terleaved action representation for maze solving. 144

OpenThinkIMG (Su et al., 2025b) proposes an end- 145

to-end framework for learning to use visual tools. 146

Despite their advances in multimodal reasoning, 147

these approaches often depend on external tools 148

and multi-step interactions, rendering the reason- 149

ing process indirect and brittle. 150

3 Methodology 151

To address the limitations of multimodal inter- 152

leaved CoT paradigms and strengthen models’ in- 153

ternal reasoning capability, we propose ICoM in 154

Section 3. We then introduce Q-Former interleaved 155

selection of relevant visual tokens (Section 3.2) 156

and the three stage training scheme (Section 3.3). 157

Finally, we perform layer-specific merging across 158

modalities in the late layers (19–27) in Section 3.4. 159

3.1 Multimodal Chain-of-Thought (MCoT) 160

A typical VLLM consist of a vision tower, a lan- 161

guage model, and a projector that bridges these 162

two parts. The vision tower processes images, en- 163

abling the model to perceive visual content, while 164

the language model serves as the reasoning engine, 165

processing knowledge and generating responses. 166

Then, the VLLM takes the image I and the text 167

T = (Instruction,Question) as inputs and pro- 168

duces a final answer: 169

answer = VLLM(I, T ). (1) 170

Compared with the direct prediction in Equation 171

1, multimodal MCoT further elicits the VLLMs to 172

generate a sequence of intermediate textual reason- 173

ing steps {r1, r2, · · · , rm} before the final answer: 174

{rj}mj=1, answer = VLLM(I, T ). (2) 175

These intermediate reasoning steps are generated 176

from global image features, so the model struggles 177

to focus on key local regions during reasoning. 178

2



Image 

Encoder

Interleave Projector

Large Language Model 

…

Q-Former

…[    ][    ]

×N

Interleave Selection

.O

E F
G

D

RL LLM Math LLM Merged LLM

Interleave Token

Question and 

Instructions

Rationales

Selected Visual Tokens

Merge Across Modalities

Feed Forward

Cross Attention

Self Attention

Feed Forward

Self Attention

C

…Question: … of 

⊙O crosses the 

midpoint G of 

chord EF, ∠DCF = 

20.0, then ∠EOD is 

equal to () 

\nChoices:  …

Figure 1: Architecture of ICoM, including Q-Former based selection of relevant visual tokens before each reasoning
step and layer-specific (e.g., early, middle, and late layers) merging across modalities .

3.2 Interleaved Visual Chain-of-Thought179

3.2.1 Interleave Token180

We employ an interleave token, which is used to181

select visual tokens that are relevant to the mathe-182

matical concepts involved in that step (e.g., “radius183

OC” and “segment OD”). Following established184

practice (Chen et al., 2025e), we utilize this special185

token to adaptively focus on key visual regions and186

reduce interference from irrelevant visual content187

(e.g., “auxiliary lines” and “annotation text”) so as188

to facilitate the reasoning process.189

When an interleave token is output at step j, its190

hidden state hjinter is passed through a projector P :191

qjinter = P (hjinter). (3)192

3.2.2 Visual Focusing with Q-Former193

Considering that multi-head attention naturally sup-194

ports parallel retrieval across multiple views of in-195

formation such as scales, text, and geometric re-196

lations, it can cover heterogeneous evidence and197

local–global relations more effectively than a single198

cosine similarity measure. As shown in Figure 1,199

we leverage the Q-Former, using its multi-head200

attention and stacked layers to achieve iterative fo-201

cusing from coarse to fine and to couple “where to202

look” with “how to solve” in an end-to-end manner.203

Specifically, the vision encoder E extracts visual 204

features from the input image I as V = E(I) = 205

{vk}Kk=1, where vk ∈ Rd represents the k-th visual 206

token. At the j-th reasoning step, Q-Former uses 207

qjinter as the query to reweight the visual tokens: 208

wj = QFormer(qjinter, V ) ∈ RK , (4) 209

where wj = (wj
1, w

j
2, · · · , w

j
K) is a selection 210

distribution over the K visual tokens, satisfying 211

wj
k ≥ 0 and

K∑
k=1

wj
k = 1. 212

The score of each token wj
k is compared against 213

a predefined threshold δ, and visual tokens with 214

scores above this threshold are dynamically se- 215

lected: 216

vj = {vjk|w
j
k > δ}, (5) 217

where k ∈ {1, 2, · · · ,K}. The selected tokens 218

are interleaved into the reasoning process at step 219

j. Formally, we interleave visual content with text- 220

based reasoning steps during inference to produce 221

the final answer: 222

{(vj , rj)}mj=1, answer = VLLM(I, T ). (6) 223

Through this selection mechanism, important 224

visual regions are interleaved into the model before 225

each textual step, improving visual grounding. 226
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3.3 Training Strategy227

Inspired by the MINT-CoT training set, we adopt a228

three-stage training scheme for ICoM.229

Stage 1: Text-only CoT SFT. To enable the230

VLLM to learn a general reasoning pattern, we231

train the base model on the text-only CoT reason-232

ing data from MINT-CoT.233

Stage 2: Interleaved CoT SFT. Building on234

Stage 1, we train ICoM to dynamically select vi-235

sual tokens using the interleaved token and to adapt236

to reasoning with interleaved visual content. To237

optimize textual reasoning and visual alignment,238

the model is fine-tuned using a language modeling239

loss:240

LCE = −
∑
t∈T

logPθ(yt | y<t, I, T ) , (7)241

where T ∈ {1, 2, · · · , T} ranges over the positions242

of the text tokens, and the output sequence is Y =243

{y1, y2, · · · , yT }.244

We do not supervise the cross-entropy loss for245

predicting the interleave token. Instead, we man-246

ually concatenate it at each step, and during infer-247

ence, we concatenate the interleave token whenever248

the “### Step” marker is generated. To explicitly249

supervise the selection behavior in Equation 5, we250

impose a binary cross-entropy (BCE) loss on the251

selection decisions over all visual tokens at each252

reasoning step, together with a validity mask, step-253

wise adaptive positive-class reweighting, and loss254

clipping to mitigate class imbalance and stabilize255

optimization. Additional theoretical details of step-256

wise visual token selection loss are provided in257

Appendix A. The BCE loss is:258

LBCE =

∑
j

∑
k

mj,k ℓ̃j,k∑
j

∑
k

mj,k + ε
, (8)259

Finally, based on Equation 7 and Equation 8, we260

have the training objective:261

L = LCE + LBCE. (9)262

This combined loss guides ICoM to jointly op-263

timize text generation and visual token selection,264

while performing interleaved reasoning.265

Stage 3: Interleaved CoT RL. To improve the266

consistency of long-chain reasoning and, under267

the guidance of the task objective, adaptively ex-268

plore more effective visual tokens, we incorporate269

GRPO into training. For each group of G reason- 270

ing trajectories {Yj}Gj=1, we assign a binary reward 271

rj ∈ {0, 1} based on answer correctness. Within 272

each group, the advantage of the j-th trajectory 273

is Âj ≜ rj−mean(r)
std(r) , where r denotes the set of 274

rewards in the group. The policy loss over the 275

generated tokens is formulated as: 276

LGRPO = −E{Yj}Gj=1

[
1

G

G∑
j=1

(
Pθ(Yj)

Pθold(Yj)
Âj

− β DKL

(
Pθ ∥Pref

))]
.

(10) 277

3.4 Layer-specific Merging Across Modalities 278

Previous studies (Yin et al., 2025; Shi et al., 2025; 279

Chen et al., 2025a) have shown that the early layers 280

of VLLMs primarily capture visual perception abil- 281

ities and world knowledge, whereas mathematical 282

CoT reasoning mainly emerges in the middle and 283

later layers. Although cross-modal language model 284

(LM) parameter merging (Chen et al., 2025d) can 285

improve mathematical reasoning, it also introduces 286

text-only optimized parameter shifts into early lay- 287

ers, potentially undermining multimodal alignment 288

and visual perception. To balance high-level rea- 289

soning enhancement with the stability of early- 290

layer multimodal representations, we propose a 291

layer-specific task vector merging strategy that in- 292

jects external reasoning capability into the reason- 293

ing subspace of the language head. 294

Let Θ denote the language parameters of models 295

that share the same backbone architecture (e.g., 296

identical hidden size, number of layers, and number 297

of heads), based on which we define task vectors 298

in a unified LM parameter space. 299

Taking the Qwen2 family as an example, Θbase 300

is the set of language parameters of the LLM 301

Qwen2-Instruct, and Θvl is that of the VLLM 302

Qwen2-VL-Instruct. We set τLMperc ≜ ΘVL −Θbase, 303

which represents the perception task vector induced 304

by transitioning from the base LLM to the visu- 305

ally aligned VLLM. We apply the three-stage train- 306

ing scheme described in Section 3.3 to Qwen2- 307

VL-Instruct, yielding three sets of LM parameters: 308

Θtext, Θinter and Θrl. Its training trajectory can be 309

represented as: 310

Θbase

τLM
perc−−−→ ΘVL

∆text−−−→ Θtext
∆inter−−−−→ Θinter

∆rl−−→ Θrl 311

where ∆text, ∆inter, and ∆rl are the parameter in- 312

crements at each stage relative to the preceding 313
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stage. The task vectors with respect to the base314

LLM Θbase are given by:315

τLMtext ≜ Θtext −Θbase = τLMperc +∆text,

τLMinter ≜ Θinter −Θbase = τLMperc +∆text +∆inter,

τLMrl ≜ Θrl −Θbase = τLMperc +∆text +∆inter +∆rl.
(11)316

Furthermore, Θmath is the set of language param-317

eters of the math-specialized LLM Qwen2-Math-318

Instruct, built on the same backbone. The mathe-319

matical task vector is:320

τLMmath ≜ Θmath −Θbase. (12)321

τLMmath is from large scale text-only mathematical322

corpora and primarily encode linguistic mathemati-323

cal knowledge (e.g., symbolic reasoning patterns).324

It can be interpreted as a parameter offset that in-325

jects mathematical reasoning priors into the base326

LLM, thereby compensating for the limitations327

of multimodal training on purely symbolic diffi-328

cult problems and long tail mathematical concepts.329

τLMrl denotes the composite task vector accumu-330

lated over the perception alignment, interleaved331

CoT, and RL reasoning stages.332

To inject external mathematical reasoning priors333

into the high layer reasoning subspace of LM, we334

linearly combine τLMmath and τLMrl in a unified task335

vector space. A hyperparameter λ ∈ [0, 1] con-336

trols the strength of the injected mathematical task337

vector, resulting in the fused LM parameters:338

Θ
LM

merge = (λτLMrl + (1− λ)τLMmath +Θbase)[layer1 : layer2],

(13)339

In particular, by reusing the visual components340

from Stage 3 (e.g., the vision encoder, connec-341

tor, and Q-Former), we preserve the learned visual342

alignment and interleaving strategy. Equation 13 is343

equivalent to linearly interpolating the LM parame-344

ters over the same layer range:345

Θ
LM

merge = (λΘrl + (1− λ)Θmath)[layer1 : layer2],

(14)346

Here, [layer1 : layer2] indicates that parameters347

are merged for layers layer1 to layer2, while all348

other language parameters remain identical to Θrl.349

4 Experiments350

4.1 Setup351

Implementationb Details. In this paper, we352

leverage the open-source LLaMA-Factory (Zheng353

et al., 2024) and R1-V (Chen et al., 2025c) training354

frameworks, build on two baseline models, Qwen2- 355

VL-2B-Instruct and Qwen2.5-VL-3B-Instruct, and 356

train our ICoM model in three stages using a com- 357

bination of SFT and RL. The threshold δ is set 358

to 0.7 to filter attention scores, and the Q-Former 359

depth is set to N = 2. During training, all model 360

parameters except the vision encoder are updated, 361

including the MLP connector, the LLM, the in- 362

terleave projector, and the Q-Former. To enable 363

isomorphic parameter merging within the ICoM 364

framework, we adopt Qwen2-1.5B-Instruct as the 365

base LLM and Qwen2-Math-1.5B-Instruct as the 366

mathematical reasoning model. Once Qwen2-VL- 367

2B-Instruct completes the three-stage training, we 368

assign a weight of 0.9 to its textual component and 369

0.1 to the reasoning task vector, i.e., λ = 0.9. All 370

experiments are conducted on eight NVIDIA L40 371

GPUs. For Qwen2.5-VL-3B-Instruct, however, the 372

merging operation cannot be performed due to the 373

absence of a corresponding base LLM and math- 374

specialized model with the same configuration. 375

Training Datasets. To enhance the mathematical 376

reasoning capability of ICoM, we employ a 54K 377

dataset constructed from MINT-CoT, where the rea- 378

soning steps are annotated with corresponding grid 379

indices. Each sample consists of a math problem 380

and an image as input, together with both a text- 381

only CoT and an interleaved visual CoT as output. 382

This dataset supports fine-grained visual reasoning, 383

overcomes the limitations of bounding box based 384

region selection, and provides the data foundation 385

for our three-stage training scheme. 386

Evaluation protocols. To evaluate the effective- 387

ness of ICoM, we conduct experiments on six mul- 388

timodal benchmarks, grouped into two categories. 389

The mathematical reasoning benchmarks include 390

MathVista (Lu et al., 2024), MathVerse (Zhang 391

et al., 2024a), MathVision (Wang et al., 2024a), 392

and MMMath (Sun et al., 2024), while the com- 393

prehensive benchmarks consist of MMMU (Yue 394

et al., 2024) and MMStar (Chen et al., 2024). Addi- 395

tionally, we compare ICoM against three types of 396

baselines: closed-source, open-source general and 397

open-source reasoning VLLMs. All evaluations are 398

conducted using the vlmevalkit framework (Duan 399

et al., 2024) for consistency and reproducibility. 400

For most benchmarks, we follow the framework’s 401

original evaluation pipeline. For tasks where an- 402

swer extraction and correctness could not be deter- 403

mined by exact matching, we adopt GPT-4o-mini 404

or GPT-4-0125 as an LLM-as-a-Judge. 405
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Model Mathematical Benchmarks Comprehensive Benchmarks Overall

MathVista MathVerse MathVision MMMath MMStar MMMU AvgAll

Closed-Source Models

GPT-4o-0513 (Hurst et al., 2024) 63.8 50.2 30.4 31.8 64.7 69.1 51.67
Claude 3.5 Sonnet-620 (Anthropic, 2024) 67.7 – – – 65.1 68.3 –
GPT-5-Mini (OpenAI, 2025) 59.6 36.5 46.6 – 61.3 67.9 –

Open-Source General Models (2B–8B)

Qwen2-VL-7B (Wang et al., 2024b) 58.2 – 16.3 – 60.7 54.1 –
Qwen2.5-VL-7B (Bai et al., 2025b) 68.2 49.2 25.1 – 63.9 58.6 –
InternVL3-2B (Zhu et al., 2025) 57.0 25.3 21.7 – 60.7 48.6 –
InternVL3-8B (Zhu et al., 2025) 71.6 39.8 29.3 – 68.2 62.7 –

Open-Source Reasoning Models (7B–8B)

R1-VL-7B (Zhang et al., 2025a) 63.5 40.0 24.7 – 60.0 – –
Vision-R1-7B (Huang et al., 2025) 73.5 52.4 – 40.2 – – –
OpenVLThinker-7B (Deng et al., 2025) 72.3 50.3 25.9 – – 42.9 –
VLAA-Thinker-7B (Chen et al., 2025b) 59.6 – 19.8 – – – –
LLaVA-Reasoner-8B (Zhang et al., 2025b) 50.6 – – – 54.0 40.0 –
Mulberry-2B (Yao et al., 2024) 51.7 – – 13.9 51.3 42 –
Mulberry-7B (Yao et al., 2024) 63.1 – – 23.7 61.3 55 –
MINT-CoT-2B (Chen et al., 2025e) 61.9† 30.91† 24.18† 13.83† 62.4† 54.29† 41.25†

Qwen2.5-VL-3B (Baseline) 62.3 47.6 21.2 13.73† 55.9 53.1 42.31
+ Three-stage training 74.11 49.53 33.06 25.34 66.2 61.6 51.64
∆ over the Baseline Model +11.81 +1.93 +11.86 +11.61 +10.3 +8.5 +9.33

Qwen2-VL-2B (Baseline) 43.0 15.95† 12.4 2.8† 48.0 41.1 27.21
+ Three-stage training 65.1 33.78 25.49 15.35 63.83 55.7 43.21
∆ over the Baseline Model +22.1 +17.83 +13.09 +12.55 +15.83 +14.6 +16

+ Merge (ICoM-2B) 65.93 38.19 30.5 22.34 64.92 59.56 46.91
∆ over the Baseline Model +22.93 +22.24 +18.1 +19.54 +16.92 +18.46 +19.7

Table 1: Comparison of our three-stage trained models and the merged model (ICoM-2B) against closed-source,
open-source general, and open-source reasoning VLLMs across mathematical and comprehensive benchmark suites
(higher is better). † scores are obtained from our own evaluations using a unified evaluation protocol.

4.2 Main Results406

Three-Stage ICoM Training Boosts CoT Rea-407

soning. We first conduct experiments on the base-408

line models Qwen2-VL-2B and Qwen2.5-VL-3B409

in three stages, combining SFT and RL. Figure 3410

shows the training loss curves of Qwen2-VL-2B411

during text-only CoT SFT and interleaved CoT412

SFT. A detailed analysis of these training losses413

is provided in the Appendix B. As shown in Ta-414

ble 1, we observe that three-stage training brings415

clear performance improvements over the two base-416

lines, i.e., +16% and +9.33% on averaged over six417

benchmarks, confirming the effectiveness of this418

training strategy in enhancing ICoM’s multimodal419

reasoning capability. Under the same data and train-420

ing settings, our Q-Former based interleaved selec-421

tion outperforms the cosine based static selection422

in MINT-CoT across all benchmarks, yielding an423

overall average improvement of 1.96% and indi-424

cating that adaptive multi-view visual focusing is425

better suited for multi-step CoT reasoning.426

Furthermore, Qwen2-VL-2B trained in three 427

stages improves over its baseline on the mathemat- 428

ical benchmarks MathVista, MathVerse, and MM- 429

Math by 22.1%, 17.83% and 12.55%, respectively. 430

Although the training data are predominantly math- 431

ematical, the model achieves gains of 15.83% and 432

14.6% on the general benchmarks MMStar and 433

MMMU, validating that this strategy not only sub- 434

stantially strengthens mathematical CoT reason- 435

ing but also enhances general visual understanding 436

and cross task generalization, without sacrificing 437

visual perception or alignment. Compared with 438

state-of-the-art models, including both open- and 439

closed-source models, Qwen2.5-VL-3B trained in 440

three stages surpasses most open-source models on 441

multiple mathematical benchmarks, demonstrating 442

its superior CoT reasoning capability. 443

ICoM-2B is Competitive with State-of-the-Art 444

VLLMs. After completing three-stage training 445

on Qwen2-VL-2B, we further apply linear merg- 446

ing between its language component and the math- 447
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### Rationales:\nThe problem involves using the properties of a parallelogram (parallel

opposite sides and equal opposite sides) together with the angle bisector condition at C. By

transferring angles using parallel lines, we can form an isosceles relationship in triangle

CDE and relate DE to AB\n\n.### Let‘s think step by step\n\n.

In triangle DCE, if ∠DCE = ∠DEC, then the opposite sides are equal,

which gives DE = DC\n\n.

Given DE = 3.0 units, we get DC = 3.0. Since AB = CD in a

parallelogram, AB = 3.0\n\n.

The final answer is:  3.  ✓
ICoM-2B

B C

DA E

B C

DA
B C

DA

B C

DA

…  

Identify the properties of the parallelogram. In a

parallelogram, opposite sides are parallel and

equal in length. Therefore, AD ∥ BC, AB ∥ CD,

and AB = CD\n\n.

Since CE bisects ∠BCD, it means the two angles

at C are equal: ∠BCE = ∠DCE\n\n.

Because E lies on AD and AD ∥ BC, the segment

DE is along AD and is parallel to BC. Therefore,

the angle between DE and EC equals the angle

between BC and EC, so ∠DEC = ∠BCE\n\n.

From Step 2 and Step 3, we have ∠DCE = ∠BCE

and ∠DEC = ∠BCE, so ∠DCE = ∠DEC\n\n.

…  

A

B C

DE
Question: As shown in the figure, in the parallelogram ABCD, CE bisects ∠BCD and it intersects the AD edge at point E, and 

DE = 3.0, then the length of AB is ().Choices: [ "1", "2", "3", "6" ]

### Step2:

### Step3:

### Step4:

### Step1:

E

E

E

### Rationales:\nThe question involves a parallelogram with a bisected angle and requires 

finding the length of side AB. The given options are numerical values that can be associated 

with specific lengths related to the parallelogram's sides or angles.\n\n### Let's think step by 

step.\n\n

                       Since DE and CE are part of triangle △ABE, and given the properties of 

parallelogram parallel sides, AB = CE because opposite sides in a parallelogram are equal\n\n.

                        Assess the options to determine the length of AB, considering the properties 

deduced\n\n.

    The final answer is: 6.  

B C

DA
Identify the properties of the parallelogram. In a 

parallelogram, opposite sides are equal, and 

opposite angles are equal\n\n.

B C

DA Understand that CE bisects ∠BCD, meaning 

∠BCE = ∠ECB. The point E divides the 

parallelogram into two triangles: △ABE and 

△CDE\n\n.   

B C

DA Use the property of angle bisectors in triangles. 

Since CE bisects ∠BCD, the triangles △ABE and 

△CDE are similar because CE is a line that 

divides corresponding angles proportionally\n\n.

B C

DA Apply the given measurements. Given DE = 3.0, 

use the properties of similar triangles to relate DE 

to the other segments or to other known lengths in 

the parallelogram\n\n.

…  

…  

E

E

E

E

MINT-CoT-2B

### Image Description:\nThe image shows a parallelogram ABCD with vertices A, B, C, and D. CE is a diagonal bisector of ∠BCD, intersecting AD at point E. DE is given as 3.0.\n\n### 

Rationales:\n1. **Identifying the Shape and Properties**: The given figure is a parallelogram ABCD, which means opposite sides are equal and parallel.\n2. **Diagonal Bisector**: CE is a 

diagonal bisector of ∠BCD, meaning it divides ∠BCD into two equal parts.\n3. **Intersection Point**: E is the point where DE intersects AD, making CE a line segment.\n\n### Let's think 

step by step:\n1. **Understanding the Given Information**: We know that CE bisects ∠BCD, so ∠BCE = ∠DCE.\n2. **Applying the Properties of a Parallelogram**: Since ABCD is a 

parallelogram, opposite sides are equal. Therefore, AB = CD.\n3. **Using the Given Length of DE**: Since DE = 3.0, and CE bisects ∠BCD, we can infer that DE is half the length of BC. 

However, we need to find AB, which is the same as CD.\n4. **Calculating AB**: Since CE bisects ∠BCD, DE is half the length of BC. Therefore, AB = CD = 2 * DE = 2 * 3.0 = 6.0.\n\n### 

The final answer is: 6.0.   Qwen2-VL--2B-Instruct

### Step2:

### Step1:

### Step3:

### Step4:

### Step5:

### Step6:

###

### Step5:

### Step6:

###

Figure 2: Qualitative results of Qwen2-VL-2B-Instruct, MINT-CoT-2B and ICoM-2B. ICoM-2B exhibits stronger
CoT reasoning with more accurate visual-region focusing.

specialized LLM Qwen2-Math-1.5B-Instruct at lay-448

ers 19–27, yielding ICoM-2B. Detailed ablations449

on merging using the interleaved CoT RL stage450

trained model are provided in the Appendix C. We451

benchmark ICoM-2B against representative state-452

of-the-art models (e.g., closed-source, open-source453

general and open-source reasoning models). As454

shown in Table 1, ICoM-2B outperforms GPT-4o-455

0513, Qwen2-VL-7B, and R1-VL-7B by 2.13%,456

7.73% and 2.43% on the mathematical benchmark457

MathVista, and by 0.22%, 4.22% and 4.92% on458

the comprehensive benchmark MMStar. Moreover,459

ICoM-2B overall surpasses LLaVA-Reasoner-8B,460

Mulberry-7B. These results indicate that, despite461

its smaller parameter size, ICoM-2B remains com-462

petitive with larger state-of-the-art models. For463

example, Figure 2 shows that ICoM-2B consis-464

tently focuses on key regions at each reasoning465

step (e.g., point C and segment CE). In contrast,466

MINT-CoT-2B exhibits more diffuse attention and467

fails to capture key geometric cues, resulting in an468

incorrect answer.469

4.3 Ablation Study470

Effect of different training stages. We conduct471

an ablation study using Qwen2-VL-2B as the base-472

line to further investigate the contribution of each 473

stage within the ICoM framework. As shown in Ta- 474

ble 2, model performance increases monotonically 475

across the three stages. The text-only CoT SFT 476

stage substantially improves average performance 477

by 11.94%. From Table 4, we observe consistent 478

improvements across all five MathVerse categories. 479

Gains are most pronounced in the text-dominant 480

categories (TL and TD), indicating that text-only 481

CoT supervision helps the model internalize gen- 482

eral reasoning structures and improves its core rea- 483

soning ability. After introducing interleaved CoT 484

SFT, the average performance across benchmarks 485

improves by 2.33%, with larger gains in VO, VD, 486

and VI, confirming the effectiveness of interleaved 487

visual tokens for fine-grained visual reasoning. Fi- 488

nally, interleaved CoT RL further increases the 489

overall average to 43.21% and yields an additional 490

0.2%–2% gain across all MathVerse categories, re- 491

sulting in more robust mathematical reasoning. 492

Effect of merging at different layer ranges. As 493

a core component of our proposed ICoM, we in- 494

vestigate layer-specific merging of the LM. Af- 495

ter completing the three-stage training on Qwen2- 496

VL-2B, we linearly merge its LM with a math- 497
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Method Mathematical Benchmarks Comprehensive Benchmarks Overall

MathVista MathVerse MathVision MMMath MMStar MMMU AvgAll

Qwen2-VL-2B (Baseline) 43.0 15.95† 12.4 2.8† 48.0 41.1 27.21
+Text-only CoT SFT 60.10 30.83 21.54 11.62 60 50.80 39.15
+Interleaved CoT SFT 63.6 32.88 23.03 13.74 62.29 53.33 41.48
+Interleaved CoT RL 65.1 33.78 25.49 15.35 63.83 55.7 43.21

Table 2: Ablation study of the three progressive training stages on different benchmarks.

Method Mathematical Benchmarks Comprehensive Benchmarks Overall

MathVista MathVerse MathVision MMMath MMStar MMMU AvgAll

+Three-stage training 65.1 33.78 25.49 15.35 63.83 55.7 43.21
Layer0-Layer8 64.65 35.73 26.88 20.2 63.8 56.02 44.55
Layer9-Layer18 66.55 36.59 28.2 19.25 64.13 58.16 45.48
Layer19-Layer27 65.93 38.19 30.5 22.34 64.92 59.56 46.91
Layer0-Layer27 66 35.7 26.06 16.3 64.04 56.56 44.11

Table 3: Ablation of layer wise merging (i.e., early 0–8, middle 9–18, and late 19–27) applied to the LM component
of a three stage trained Qwen2-VL-2B (Θrl) with a math specialized LLM.

Method VO VD TL TD VI ALL

Qwen2-VL-2B 13.58† 13.30† 16.14† 20.6† 16.11† 15.95†

+Text-only SFT 25.71 30.41 33.67 32.64 31.74 30.83
+Interleaved SFT 28.72 31.74 35.09 35.37 33.50 32.88
+Interleaved RL 28.75 33.38 34.62 36.38 35.75 33.78

Table 4: Quantitative results on MathVerse (Overall,
Text-Dominant (TD), Text-Lite (TL), Vision-Integrated
(vI), Vision-Dominant (VD), and Vision-Only (VO) cat-
egories) for the three progressive training stages.

λ MathVista MMStar MathVision MMMU

0.8 50.9 46.87 20.39 49.78
0.85 58.7 63.27 24.38 54.8
0.9 65.93 64.92 30.5 59.56

Table 5: Ablation of the layer-wise task vector merging
hyperparameter λ.

specialized LLM at different layer ranges, includ-498

ing early layers (0–8), middle layers (9–18), and499

late layers (19–27). Table 3 shows that, from500

a layer-wise perspective, merging the middle-to-501

late layers overall outperforms early-layer merging.502

Specifically, while early-layer merging increases503

the overall average from 43.21% to 44.55%, it leads504

to slight drops on MathVista and MMStar. Merg-505

ing the middle layers further improves the average506

to 45.48%. The best performance is achieved by507

merging the late layers (19–27), with an overall508

average of 46.91%, delivering the strongest results509

across benchmarks. For example, MathVerse im-510

proves from 35.73% to 38.19%, indicating that511

injecting mathematical priors primarily into later512

layers is beneficial for strengthening symbolic rea- 513

soning and multi-step CoT capability. In contrast, 514

merging all layers (0–27) underperforms late layer 515

merging. These results suggest that injecting ex- 516

ternal mathematical knowledge primarily into late 517

reasoning layers, while keeping early layer multi- 518

modal representations stable, is a more effective 519

layer wise merging strategy. 520

Effect of the merging hyperparameter. To an- 521

alyze the effect of the hyperparameter λ in layer- 522

specific merging, we conduct an ablation study 523

across multiple benchmarks. We vary the parame- 524

ter in 0.05 increments over {0.80, 0.85, 0.90}. As 525

shown in Table 5, performance improves consis- 526

tently with increasing λ, and peaks at λ = 0.9 for 527

ICoM-2B. In contrast, λ = 0.8 leads to a signifi- 528

cant degradation across all benchmarks, suggest- 529

ing that overly strong injection of the math task 530

shift can overwrite the multimodal representations 531

learned during three stage training. 532

5 Conclusion 533

This paper presents ICoM, a coupled framework 534

that integrates interleaved visual CoT driven adap- 535

tive visual focusing with layer-specific merging to 536

enhance mathematical reasoning. It addresses two 537

key challenges of grounding critical visual regions 538

and mitigating limited internal reasoning capability. 539

ICoM achieves competitive performance and gen- 540

eralization compared with state-of-the-art VLLMs. 541

Future work will explore the reasoning mechanisms 542

of VLLMs. 543
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Limitations544

Although ICoM improves visual focusing and545

mathematical reasoning, it has several limita-546

tions. The gains from our three-stage SFT+RL547

pipeline may depend on the scale and distri-548

bution of the training data and the reward de-549

sign, potentially reducing robustness under domain550

shifts. Layer-specific merging also typically re-551

quires architecture-compatible counterparts (e.g.,552

matched layer configurations and parameteriza-553

tion), which can limit applicability when aligned554

math-specialized variants are unavailable and may555

introduce additional hyperparameter tuning and in-556

ference overhead. In future work, we will further557

explore more data efficient and architecture agnos-558

tic alternatives.559
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sual token at step j as pj,k = σ(zj,k). The element- 866

wise loss is defined as: 867

ℓj,k = −
[
αj yj,k log pj,k+

(
1−yj,k

)
log

(
1−pj,k

)]
, 868

here, yj,k ∈ {0, 1} is the supervision label, where 869

yj,k = 1 indicates that the k-th visual token is 870

selected at step j. To mitigate the severe class im- 871

balance, where positive instances (selected tokens) 872

are far fewer than negative ones, we introduce a 873

positive-class weighting factor: 874

αj =
Nj

Pj + ε
, 875
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Method Mathematical Benchmarks Comprehensive Benchmarks Overall

MathVista MathVerse MathVision MMMath MMStar MMMU AvgAll

Merge (Θtext,Θbase) 61.3 32.63 22.22 12 61.27 52 40.24
Merge (Θinter,Θbase) 64.24 33.21 23.57 14.1 62.73 54.33 42.03
Merge (Θrl,Θbase) 66 35.7 26.06 16.3 64.04 56.56 44.11

Table 6: Ablation across benchmarks of merging Qwen2-Math-1.5B-Instruct into models obtained after each
progressive training stage.

(a) (b)

Figure 3: Training loss curves for (a) Text-only CoT
SFT and (b) Interleaved CoT SFT.

where mj,k ∈ {0, 1} is a validity mask that restricts876

the loss computation to positions corresponding to877

actual visual tokens, Here, Pj =
∑
k

mj,kyj,k and878

Nj =
∑
k

mj,k(1 − yj,k) denote the numbers of879

positive and negative instances at valid positions,880

respectively, and zj,k = log(wj,kPj + ϵ). To en-881

hance training stability, we clip the element-wise882

loss ℓ̃j,k = clip(ℓj,k, 0, 10), which suppresses gra-883

dient outliers caused by extreme mispredictions or884

large values of αj .885

B Analysis of Training Loss886

As illustrated in Figure 3(a), during text-only CoT887

SFT, the training loss of Qwen2-VL-2B decreases888

steadily with training steps and converges to near889

zero after approximately 2.6×104 steps, indicating890

that the model can learn the language patterns of891

text-only CoT. In Figure 3(b), during interleaved892

CoT SFT, the loss drops rapidly at early steps and893

then plateaus, converging at ∼ 0.62. Compared894

with Stage 1, this stage uses the Q-Former with in-895

terleaved tokens to dynamically attend to key visual896

regions, better supporting vision–text interleaved897

reasoning and improving both textual reasoning898

and visual alignment.899

C Ablation of Merging at Different900

Training Stages901

To evaluate the effectiveness of merging the lan-902

guage component of Qwen2-VL-2B with the math-903

specialized model Qwen2-Math-1.5B-Instruct at 904

different training stages, we apply the same merg- 905

ing strategy to the models obtained after Stages 906

1–3 (i.e., Θtext, Θinter and Θrl) and compare them 907

across multiple benchmarks. As shown in Table 6, 908

the gains from merging consistently increase as 909

training progresses, and the Stage 3 model achieves 910

the best results, improving the average performance 911

from 40.24% to 44.11%. The trend is more pro- 912

nounced on mathematical benchmarks (e.g., Math- 913

Vista, MathVision, and MMMath), which improve 914

steadily across stages. Compared with Table 2, we 915

observe that the Stage 3 model exhibits more sub- 916

stantial gains from merging beyond those achieved 917

by training alone. This suggests that sufficient in- 918

terleaved reasoning training and RL yield more 919

robust reasoning representations and multimodal 920

alignment, enabling more effective absorption of 921

external mathematical priors with reduced negative 922

transfer. In particular, we adopt the Stage 3 model 923

for our subsequent layer-specific merging. 924
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