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Abstract001

Recent advances have shown that multimodal002
large language models (MLLMs) benefit from003
multimodal interleaved chain-of-thought (CoT)004
with vision tool interactions. However, existing005
open-source models often exhibit blind tool-006
use reasoning patterns, invoking vision tools007
even when they are unnecessary, which signif-008
icantly increases inference overhead and de-009
grades model performance. To this end, we010
propose AdaTooler-V, an MLLM that performs011
adaptive tool-use by determining whether a vi-012
sual problem truly requires tools. First, we013
introduce AT-GRPO, a reinforcement learn-014
ing algorithm that adaptively adjusts reward015
scales based on the Tool Benefit Score of each016
sample, encouraging the model to invoke tools017
only when they provide genuine improvements.018
Moreover, we construct two datasets to support019
training: AdaTooler-V-CoT-100k for SFT cold020
start and AdaTooler-V-300k for RL with verifi-021
able rewards across single-image, multi-image,022
and video data. Experiments across twelve023
benchmarks demonstrate the strong reasoning024
capability of AdaTooler-V, outperforming exist-025
ing methods in diverse visual reasoning tasks.026
Notably, AdaTooler-V-7B achieves an accuracy027
of 89.8% on the high-resolution benchmark V*,028
surpassing the commercial proprietary model029
GPT-4o and Gemini 1.5 Pro.030

1 Introduction031

Recent advancements have highlighted the poten-032

tial of rule-based Reinforcement Learning (RL)033

in enhancing the reasoning abilities of Large Lan-034

guage Models (LLMs) (Guo et al., 2025a; Yu et al.,035

2025; Zhang et al., 2025c). In particular, DeepSeek-036

R1 (Guo et al., 2025b) demonstrates the effective-037

ness of employing the GRPO (Shao et al., 2024)038

algorithm to incentivize strong reasoning with long039

Chain-of-Thought (CoT) in LLMs. Inspired by040

DeepSeek-R1’s success, many subsequent studies041

have extended this paradigm to Multimodal Large042
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Figure 1: (a) Compared with existing models that
blindly invoke vision tools, AdaTooler-V adaptively
invokes tools by determining whether the problem truly
requires tools. (b) Distribution of ∆S values in the
AdaTooler-V-300k dataset, where positive and negative
values correspond to tool-helpful and tool-unhelpful
samples. Here, ∆S is computed as the difference in
average accuracy when Qwen2.5-VL-72B-Instruct (Bai
et al., 2025b) solves the same sample with and without
tool-use.

Language Models (MLLMs) (Huang et al., 2025a; 043

Tan et al., 2025; Wang et al., 2025b; Feng et al., 044

2025a; Fan et al., 2025b). Notable examples in- 045

clude Vision-R1 (Huang et al., 2025a), Video-R1 046

(Feng et al., 2025a) and OneThinker (Feng et al., 047

2025b), which apply RL to improve visual reason- 048

ing abilities. 049

In the field of multimodal reasoning, a rising 050

trend is the multimodal interleaved CoT paradigm, 051

also known as “Thinking with Images.” In this 052

paradigm, models dynamically interact with exter- 053

nal vision tools (e.g., cropping, frame extraction) 054

throughout the reasoning process (Zheng et al., 055
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2025a; Lai et al., 2025a; Su et al., 2025a; Zhang056

et al., 2025d). Such visual interactions enable the057

model to repeatedly focus on fine-grained visual058

details that text-only reasoning would otherwise059

overlook, thereby yielding substantial performance060

gains on challenging visual tasks.061

However, existing models usually exhibit blind062

tool-use, invoking vision tools even when they063

are unnecessary. This phenomenon stems from064

a limitation in current approaches: models lack065

an explicit mechanism for determining when tools066

should be invoked, and reward functions may even067

blindly encourage tool-use. Nevertheless, as il-068

lustrated in Fig. 1, not all problems require tool-069

use. Many visual reasoning tasks can be solved070

efficiently using text-based CoT, and forcing tool-071

use can even degrade the final prediction quality.072

This is primarily because blind tool-use can induce073

overthinking (Fan et al., 2025a; Chen et al., 2024)074

during reasoning, driving the model to explore un-075

necessary trajectories, and deviate from the optimal076

reasoning path (Su et al., 2025b). Moreover, fre-077

quent and unnecessary tool invocations gradually078

weaken the model’s reliance on the original visual079

input, making it harder for the model to focus on080

critical visual cues (Tian et al., 2025). In addition,081

blind tool-use may induce a series of meaningless082

tool operations (Li et al., 2025d). For tasks that in-083

herently do not require tool-use, each extra tool-use084

introduces unnecessary computational overhead,085

thereby increasing the overall inference cost.086

To address these challenges, we propose087

AdaTooler-V, an MLLM equipped with adaptive088

tool-use ability. Unlike previous approaches,089

AdaTooler-V adaptively adopts text-based CoT rea-090

soning for problems that do not require tools, while091

progressively invoking vision tools to refine rea-092

soning for tasks that do. The core of our approach093

is a novel reinforcement learning algorithm named094

Adaptive Tool-use GRPO (AT-GRPO). Specifically,095

we define a Tool Benefit Score ∆S for each sam-096

ple, which quantifies the genuine performance gain097

provided by tool-use. AT-GRPO adaptively adjusts098

reward based on this score: it rewards tool-use only099

when it yields tangible improvements and penal-100

izes redundant invocations. This mechanism en-101

ables the model to autonomously learn a favorable102

and generalizable reasoning strategy that optimizes103

both model performance and inference costs.104

Besides, to support multimodal joint training,105

we construct two large-scale datasets: AdaTooler-106

V-CoT-100k for SFT cold start, and AdaTooler-V-107

300k for RL training. These datasets cover multiple 108

modalities, including single-image, multi-image, 109

and videos. They also span diverse visual reason- 110

ing tasks such as mathematics, visual counting, 111

logical reasoning, spatial understanding, etc. Our 112

two-phase training framework first establishes rich 113

reasoning patterns and behavioral priors during the 114

SFT stage using multi-round tool-interaction trajec- 115

tories from AdaTooler-V-CoT-100k, and then fur- 116

ther optimizes the model’s reasoning strategy in the 117

RL stage using AdaTooler-V-300k combined with 118

the AT-GRPO algorithm. This enables AdaTooler- 119

V to perform adaptive tool-use and achieve sig- 120

nificant performance improvements over the base 121

model across overall multimodal reasoning bench- 122

marks. In summary, our contributions are as fol- 123

lows: 124

• We propose AdaTooler-V, an MLLM 125

equipped with adaptive tool-use ability. 126

To support training, we construct two 127

datasets: AdaTooler-V-CoT-100k for SFT 128

and AdaTooler-V-300k for RL training, cov- 129

ering diverse multimodal reasoning tasks and 130

multiple modalities. 131

• We introduce AT-GRPO, a reinforcement 132

learning algorithm that adjusts reward scales 133

using a sample-specific Tool Benefit Score, 134

ensuring tools are invoked only when they 135

provide genuine improvements. 136

• Comprehensive experiments across 12 137

benchmarks demonstrate the effectiveness 138

of AdaTooler-V. Notably, AdaTooler-V-7B 139

achieves 89.8% accuracy on V* bench, 140

outperforming the proprietary GPT-4o model. 141

2 Related Work 142

Multimodal Reasoning. Multimodal large lan- 143

guage model reasoning aims to enable human-level 144

inference across diverse modalities. Recent work, 145

notably DeepSeek-R1 (Guo et al., 2025b), shows 146

that RL-based post-training can substantially en- 147

hance LLM reasoning capabilities. Building upon 148

the R1 paradigm, several subsequent works (Wang 149

et al., 2025f; Yuan et al., 2025; Wang et al., 2025a; 150

Li et al., 2025c) have applied similar post-training 151

paradigms to multimodal large language models 152

(MLLMs) to boost their performance across a va- 153

riety of tasks. These include: Mathematical and 154

scientific image-based visual question answering 155
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<think> The image shows a modern building by 
greenery in the foreground … Now I will zoom in to 
get a clearer view of the handbag </think>
<tool_call>
{"name": "crop_image", "arguments": {"bbox_2d": 
[0.4, 0.7, 0.5, 0.8], "target_image": 1}}
</tool_call>

<think>The cropped image … contain the target  
object (the handbag). zoom in further to locate the 
handbag.\ </think>
<tool_call>
{“name”: “crop_image”, “arguments”: {“bbox_2d”: 
[0.75, 0.75, 0.85, 0.85],“target_image”: 1}} 
</tool_call>

<think>The cropped image contains the handbag. 
From the image, we can see that the handbag is white.
</think>
<answer>D</answer>

Single-Image

<think>Let’s take a closer look at the two 
clocks and figure out how far apart the 
times are. 
The first clock is marked “PM,” indicating 
that the time it shows is sometime in the 
afternoon or evening. The hour hand is 
pointing toward the number 3, while the 
minute hand is aimed at the number 7, 
which corresponds to thirty-five minutes 
past the hour. 
Putting those details together, we can tell 
that this clock displays the time 3:35 PM.
The second clock is labeled “AM,” so the 
time it displays falls in the morning. 
The hour hand rests near the number 11, 
and the minute hand is pointing straight up 
at the number 12. 
Since a minute hand pointing exactly at 
the top of the clock represents the 
beginning of a new hour, this clock is 
showing 11:00 AM.
Next, we calculate the time difference 
between 11:00 AM and 3:35 PM. 
From 11:00 AM to 12:00 PM is 60 minutes.  
From 12:00 PM to 3:35 PM is 3 hours and 
35 minutes, which equals 215 minutes. 
Adding these together, we get 275 minutes.
The absolute difference between  the two 
times shown on the clocks is therefore 275 
minutes</think>
<answer>275</answer>

Question:
Find the absolute 
difference . . . the 
times shown by the 
two clocks

Multi-Image

Question:
What is the color of the
handbag?
(A)Brown  (B) black. 
(B) (C) red. (D) white

Zoom in

Zoom in

Video

<think>Alright, let‘s break this down. The task is to 
determine the chronological order of a news report using a 
video’s frames. Given my expertise, I can quickly analyze 
this.First, I see a female anchor in a New York studio 
2013 “NEW YORK LIVE” and “CCTV America” are dead 
giveaways. That sets reporter is on location? Okay, let's 
re-examine., then to B-roll of the city, then to the Manila 
reporter on location, and finally the, then street-level 
reporting by the reporter in Manila, which is then followed 
by the interview from within the exchange. 
Excellent.</think>
<tool_call>
{"name": "get_video_clip_frame", "arguments": 
{"start_time": 0.0, "end_time": 77.1}}
</tool_call>

<think>Alright, let's get to work. I'm tasked with figuring 
out the order of this news broadcast based on the video 
frames. Okay, first things first: I need to analyze the 
opening frames. The initial shot (0.00s-19.03s) shows a 
female anchor in a studio environment, specifically the 
"NEW YORK LIVE" studio for CCTV America. This 
instantly tells me the broadcast begins in New York the 
correct and most logical sequence of scene transitions is 
option B.</think>
<answer>B</answer>

Question:
What is the most 
logical … on the 
provided video 
frames? 

. . .

0.0s 19.0s 38.0s 77.1s

Clipped Video

Full Video

0.0s 30.0s 143.0s

Figure 2: Case reasoning trajectory of AdaTooler-V. For single-image and video questions, the model alternates
between internal reasoning, vision tool invocations and final answers, enabling zoom-in on fine-grained regions and
inspection of informative clips. In contrast, for the multi-image clock example, AdaTooler-V solves the problem
purely via text-based CoT, illustrating its ability to adaptively decide when vision tools are truly necessary.

(VQA) (Peng et al., 2025; Huang et al., 2025b); Im-156

age segmentation and grounding (Liu et al., 2025a;157

Bai et al., 2025c; Shen et al., 2025; Liu et al.,158

2025b; Wang et al., 2025e,c; Yang et al., 2024);159

Video-based VQA (Feng et al., 2025a; Wang et al.,160

2025f; Li et al., 2025b; Cheng et al., 2025a). Un-161

like prior approaches that predominantly rely on162

text-based CoT, we adopt multimodal interleaved163

CoT, allowing the model to ground intermediate164

reasoning steps in visual observations and thereby165

enhance its visual understanding capabilities.166

Thinking with Images. The “thinking with im-167

ages” paradigm improves multimodal reasoning by168

allowing models to dynamically perform visual op-169

erations beyond text-based CoT, enabling iterative170

exploration and hypothesis verification (Su et al.,171

2025a,c,d; OpenAI, 2025; Zheng et al., 2025b;172

Zhang et al., 2025a). For example, OpenThinkIMG173

(Su et al., 2025c) introduces an end-to-end visual-174

tool reinforcement learning framework. MVoT (Li175

et al., 2025a) conceptualizes visualization as an176

intermediate representation within the reasoning177

process. PixelReasoner (Su et al., 2025a) leverages178

curiosity-driven reinforcement learning to incen-179

tivize pixel-level reasoning capabilities. Whereas,180

VITAL (Zhang et al., 2025a) explores incorporating 181

multimodal interleaved CoT into video reasoning, 182

thereby enhancing the model’s video comprehen- 183

sion capabilities. Despite the remarkable progress 184

of these approaches in multimodal reasoning, exist- 185

ing models often exhibit blind tool-use invocation 186

during the reasoning process. 187

3 Method 188

3.1 Overview 189

Overall Agentic Pipeline. Given a user query 190

and an input image/video, the policy model adap- 191

tively decides whether to invoke tools. For prob- 192

lems that don’t require tool-use, the model can 193

directly produce a single thought T to derive the 194

final answer. 195

In contrast, when facing problems that re- 196

quire tool-use, the model follows an iterative 197

thought–action–observation loop, sequentially gen- 198

erating thoughts Ti and actions Ci. Each action 199

invokes image-related tools to obtain an observa- 200

tion Ei, which is appended to the history and fed 201

back into the policy. This process continues until 202

a final answer is produced or a predefined interac- 203

tion limit is reached. The core components of the 204
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Figure 3: The data distribution of our AdaTooler-V-300k dataset.

pipeline are detailed below.205

• Thought (Ti): Represents the model’s internal206

reasoning for action selection based on the207

interaction history and current observation,208

while encouraging diverse reasoning trajec-209

tories to support exploratory trial-and-error210

behavior.211

• Action (Ci): The action space includes four212

primary vision tools: (1) CropImg: Zooms213

in or crops the image based on the specified214

bounding box. (2) FrameAt: Retrieves a sin-215

gle frame from the video at a specific time216

(in seconds). (3) VideoClip: Extracts a video217

clip between a start and end time; and (4)218

PathTracer: Draws a trajectory or connection219

between two points on the specified image.220

This formulation enables the model to act flex-221

ibly on any intermediate observation within222

the reasoning trajectory.223

• Observation (Ei): The visual feedback result-224

ing from executing Ci in the environment.225

Specifically, Ei corresponds to an image patch226

cropped from either the original input or a his-227

torical observation.228

Two-Phase Training. Our training framework229

consists of two stages. (1) Supervised Fine-Tuning230

(SFT): the model is cold-started on multi-turn tool-231

interaction trajectories to learn coherent and diverse232

reasoning patterns. (2) Reinforcement Learning233

with Verifiable Rewards (RLVR): building on SFT,234

we apply AT-GRPO to move beyond rigid pattern235

matching and encourage the exploration of more236

effective reasoning strategies.237

3.2 Training Data Collection 238

High-quality training data is essential for enhanc- 239

ing visual reasoning capabilities in MLLMs. In this 240

section, we describe the construction of AdaTooler- 241

V-300k for RL training and AdaTooler-V-CoT-100k 242

for SFT cold-start. 243

Data Collection and Curation. The dataset cov- 244

ers single-image, multi-image, and video modali- 245

ties. Image-based samples are designed to teach 246

diverse reasoning skills across domains such as 247

mathematics, spatial logic, and expert knowledge, 248

enabling generalized reasoning in static settings. 249

Video-based data focus on temporal reasoning, 250

helping the model capture event dynamics and 251

causal relationships over time. The dataset is 252

constructed from multiple public sources with 253

balanced sampling, and the final composition of 254

AdaTooler-V-300k is summarized in Fig. 3, with 255

details in Appendix A. 256

CoT Annotation. To facilitate effective initializa- 257

tion during the SFT stage, we leverage Qwen2.5- 258

VL-72B-Instruct (Bai et al., 2025b) to automati- 259

cally produce Chain-of-Thought (CoT) rationales 260

for all samples in AdaTooler-V-300k dataset. The 261

complete prompt specification employed for CoT 262

generation is included in Appendix C. Following 263

generation, we apply a sequence of rule-based 264

filtering procedures to eliminate low-quality or 265

semantically inconsistent outputs. This process 266

yields a high-fidelity corpus, AdaTooler-V-CoT- 267

100k, which forms the foundation for the cold-start 268

stage of SFT. 269

Data Type and Rule-based Reward Design. 270

Our RL framework adopts the rule-based reward 271
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Figure 4: An illustration of our proposed AT-GRPO.

paradigm of DeepSeek-R1 (Guo et al., 2025b), re-272

quiring reliable and precise reward signals. Accord-273

ingly, most training samples use easily verifiable274

formats, such as multiple-choice and numerical275

QA, enabling stable RL training via simple rule-276

based rewards. To improve generalization, we also277

include a smaller portion of more complex data278

types, including free-form generation, OCR, and279

regression tasks.280

The data types and their corresponding reward281

functions are summarized as follows: (1) Multi-282

ple Choice: Rewards are assigned based on an283

exact match between the model prediction and284

the ground-truth option. (2) Numerical QA: Re-285

wards are given according to whether the predicted286

numerical value precisely matches the reference287

answer. (3) OCR: Rewards are computed using288

the Word Error Rate (WER), which measures the289

edit distance between the predicted text and the290

ground-truth transcription. (4) Free-form QA: Re-291

wards are determined by the average of ROUGE-1,292

ROUGE-2, and ROUGE-L scores, assessing the293

similarity between the generated output and the294

reference answer.295

3.3 Adaptive Tool-use GRPO Training296

To enable adaptive tool-use during the reasoning297

process, we propose Adaptive Tool-use GRPO (AT-298

GRPO), which guides the model to invoke tools299

only when they offer a genuine performance gain,300

thereby improving model performance and reduc-301

ing inference overhead, as illustrated in Fig. 4. 302

For each input query qi, we define a Tool Bene- 303

fit Score ∆Si during the data annotation stage to 304

quantify the performance improvement brought by 305

tool-use: 306

∆Si = S+(qi)− S−(qi) (1) 307

Here, S+ and S− denote the average accuracy of 308

the model when reasoning with and without tool- 309

use, respectively. Each query is evaluated eight 310

times using Qwen2.5-VL-72B-Instruct (Bai et al., 311

2025b) (i.e., eight runs with tool-use and eight runs 312

without tool-use) and the averaged accuracy gap is 313

used as ∆Si. 314

The adaptive-tool reward Rt
i is then formulated 315

as: 316

Rt
i = ∆Si · exp

(
−γ

(
ntool − nmax

nmax

)2
)

(2) 317

where ∆Si represents the improvement in accu- 318

racy attributed to tool-use, ntool is the number of 319

tool-use during the reasoning trajectory, nmax de- 320

notes the maximum allowable number of tool-use, 321

and γ controls the sensitivity of the Gaussian de- 322

cay to tool frequency, making the reward variation 323

smoother. Here we set γ = 2. 324

This design enables adaptive tool invocation by 325

assessing whether a task truly requires visual tools. 326

When tool use is unnecessary (∆Si < 0), invoking 327

tools is penalized with increasing cost, whereas 328
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Table 1: Comparison of models on single-image and multi-image benchmarks. The first six evaluation benchmarks
belong to single-image comprehension tasks, and the last two evaluation benchmarks belong to multi-image
understanding tasks.

Model V* MME InfoVQA MMBench MathVista MMSI-Bench SPAR-Bench

Proprietary Models

GPT-4o (OpenAI, 2024) 65.2 2328 80.7 82.1 63.8 30.3 33.6
Gemini 1.5 Pro (Gemini Team, 2024) 71.7 – 81.0 – 63.9 36.9 –

Open-Source Models

InternVL3-8B (Zhu et al., 2025) – 2415.4 76.8 83.4 71.6 25.7 –
LLaVA-1.5-7B (Liu et al., 2024a) – 1510.7 – 64.3 – – 23.65
LLaVA-OneVision-7B (Li et al., 2024a) – 1580.0 68.8 80.8 63.2 – –
SophiaVL-R1-7B (Fan et al., 2025b) – 2403.8 – 85.4 71.3 – –
Qwen2.5-VL-7B-Instruct (Bai et al., 2025a) 78.5 2347.0 82.6 83.4 68.2 25.9 33.07

Open-Source o3-like Image Models

Pixel Reasoner (Su et al., 2025a) 84.3 – 84.0 – – – –
DeepEyes (Zheng et al., 2025a) 85.6 – – – 70.1 – –
Mini-o3 (Lai et al., 2025b) 88.2 – – – – – –
Thymes (Zhang et al., 2025d) 82.2 – – – 70.0 – –
VILASR (Wu et al., 2025) – – – – – 30.2 37.6

AdaTooler-V-7B 89.8 2460.8 86.0 87.8 74.5 36.8 40.3

when tool use is beneficial (∆Si > 0), the model329

receives progressively higher rewards. We adopt330

this exponential form for its simplicity, differentia-331

bility, and stable gradient behavior during training.332

The total reward for response i is defined as:333

Ri = Ro
i + α ·Rt

i (3)334

where α balances the relative weight of tool-use335

reward in the total objective and Ro
i denotes the336

base reward of response i, including correctness337

and formatting components, following the formula-338

tion in (Guo et al., 2025b). The combined reward339

Ri is then used to compute the advantage for policy340

optimization during GRPO training.341

The advantage Ai is calculated within each342

group as:343

Ai =
Ri − mean({R1, R2, . . . , RG})

std({R1, R2, . . . , RG})
(4)344

Following DeepSeek-R1 (Guo et al., 2025b), the345

final policy objective for AT-GRPO is given by:346

JAT−GRPO(θ) = Eq∼P (Q), {oi}Gi=1∼πθold (o|q)
347 [

1

G

G∑
i=1

πθ(oi|q)
πθold(oi|q)

Ai − β DKL(πθ∥πref)
]

(5)

348

4 Experiments 349

4.1 Setup 350

Benchmarks. Following prior works (Feng et al., 351

2025a; Xiao et al., 2025; Wang et al., 2025d), we 352

employ greedy decoding to systematically evaluate 353

our proposed model and other baselines across a 354

series of multimodal benchmarks. Specifically, for 355

the image modality, we select seven benchmarks: 356

V* (Wang et al., 2023), MME (Fu et al., 2025a), 357

InfoVQA (Mathew et al., 2022), MMBench (Liu 358

et al., 2024b), MathVista (Lu et al., 2024), MMSI- 359

Bench (Yang et al., 2025b), and SPAR-Bench 360

(Zhang et al., 2025b). For the video modality, we 361

adopt five benchmarks: VSI-Bench (Yang et al., 362

2025a), VideoMMMU (Hu et al., 2025), MVBench 363

(Li et al., 2024b), Video-MME (Fu et al., 2025b), 364

and Video-Holmes (Cheng et al., 2025b). 365

Implementation Details. We use 8 NVIDIA 366

H100 (80GB) GPUs to train our model. The train- 367

ing framework is based on verl-tool (Jiang et al., 368

2025), which extends the functionalities of verl 369

(Sheng et al., 2024) and vLLM (Kwon et al., 2023), 370

providing additional support for multimodal tool- 371

augmented multi-turn training and evaluation. Our 372

model is initialized based on Qwen2.5-VL-7B- 373

Instruct (Bai et al., 2025a). First, we perform super- 374

vised fine-tuning (SFT) on the AdaTooler-V-CoT- 375

100k dataset to obtain the Qwen2.5-VL-7B-SFT 376
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Table 2: Comparison of models on video benchmarks.

Model Frames VSI-Bench VideoMMMU MVBench Video-MME(w/o sub) Video-Holmes

Proprietary Models

GPT-4o (OpenAI, 2024) – 34.0 61.2 64.6 71.9 42.0
Gemini 1.5 Pro (Gemini Team, 2024) – 45.4 53.9 60.5 75.0 41.2

Open-Source Models

InternVL3-8B (Zhu et al., 2025) – 42.1 – 75.4 66.3 –
VideoChat-R1 (Li et al., 2025e) – – – 67.9 72.2 33.0
Video-CCAM (Li et al., 2024b) – – – 62.8 50.1 –
Video-XL (Shu et al., 2025) – – 52.3 55.3 55.5 –
Qwen2.5-VL-7B-Instruct (Bai et al., 2025a) 32 29.8 47.4 58.2 56.1 27.8
Qwen2.5-VL-7B-Instruct (Bai et al., 2025a) 64 30.9 49.1 59.8 58.6 29.9
Qwen2.5-VL-7B-Instruct (Bai et al., 2025a) 128 34.8 51.3 62.3 60.4 33.5
Video-R1 (Feng et al., 2025a) – 37.1 52.4 64.8 61.4 36.5

Open-Source o3-like Video Models

FrameMind (Ge et al., 2025) – – – 64.2 60.9 –
Open-o3 Video (Meng et al., 2025) – – 52.3 – 63.6 –
Video-Thinker (Wang et al., 2025g) – – – – – 43.2
VILASR (Wu et al., 2025) – 45.4 – – – –

AdaTooler-V-7B 32 46.7 54.6 68.4 62.5 55.6
AdaTooler-V-7B 64 47.9 55.1 70.2 63.4 56.4
AdaTooler-V-7B 128 49.5 56.8 71.5 66.7 58.3

model, where the number of epochs is set to 1, the377

batch size is set to 16, and the learning rate is set to378

1×10−5. Subsequently, we conduct reinforcement379

learning (RL) training on the AdaTooler-V-300k380

dataset to generate the final AdaTooler-V model,381

where the batch size is set to 32, the KL diver-382

gence coefficient to 0.04, and the learning rate to383

5 × 10−7. The maximum response length is lim-384

ited to 4096 tokens. The model is optimized with385

AdamW (Loshchilov and Hutter, 2017) throughout386

the training process. The hyperparameter α in Eqn.387

3 is set to 0.6.388

4.2 Main Results389

Image Benchmarks. As shown in Tab. 1,390

AdaTooler-V-7B achieves state-of-the-art perfor-391

mance on multiple single-image benchmarks. On392

the high-resolution V* benchmark, it reaches393

89.8% accuracy, outperforming recent tool-based394

models and improving upon Qwen2.5-VL-7B-395

Instruct by +11.3%. The model also shows con-396

sistent gains on MME, MathVista, InfoVQA, and397

MMBench, with a notable 74.5% accuracy on398

MathVista, over 6 points higher than the base399

model, demonstrating strong cross-domain gen-400

eralization. On multi-image reasoning tasks,401

AdaTooler-V-7B further achieves leading results402

on MMSI-Bench (36.8) and SPAR-Bench (40.3),403

highlighting its effectiveness in selectively invok- 404

ing tools for complex spatial and relational reason- 405

ing across images. 406

Video Benchmarks. As is illustrated in Tab. 407

2, AdaTooler-V displays substantial performance 408

gains over strong video-reasoning baselines. For 409

example, our model achieves 46.7% on VSI- 410

Bench, 54.6% on VideoMMMU, and 68.4% on 411

MVBench using only 32 frames, surpassing both 412

Qwen2.5-VL-7B-Instruct and Video-R1 based 413

models. The Video-Holmes benchmark further 414

highlights AdaTooler-V’s strengths in complex, 415

long-range video reasoning. Our method obtains 416

55.6%, compared to 27.8% for Qwen2.5-VL-7B- 417

Instruct and 36.5% for Video-R1, showing more 418

than a 2× improvement over the base model in 419

causal, sequential inference settings. Moreover, we 420

observe consistent performance gains across nearly 421

all benchmarks as the number of input frames in- 422

creases. This suggests that richer contextual cues 423

and temporal information can further enhance the 424

model’s reasoning capability. 425

4.3 Ablation Study 426

4.3.1 Effectiveness of AT-GRPO 427

To validate the effectiveness of the AT-GRPO algo- 428

rithm, we compare it with vanilla GRPO (without 429
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Table 3: Ablation study on training stages.

Train Stage V* MathVista VSI-Bench MVBench Avg.
GRPO 85.1 71.8 40.7 65.9 65.9
SFT+GRPO 87.0 73.2 42.3 67.7 67.6
SFT+AT-GRPO 89.8 74.5 46.7 68.4 69.9

Table 4: Ablation study on the α in Eqn. 3.

α V* MathVista VSI-Bench MVBench Avg.

0.2 88.1 73.6 44.2 67.9 68.5
0.4 88.9 74.1 43.9 68.2 68.7
0.6 89.8 74.5 46.7 68.4 69.9
0.8 89.2 73.9 45.1 68.1 69.1

Table 5: Ablation study on tool-use.

Model V* MathVista VSI-Bench MVBench Avg.

Qwen2.5-VL-7B 78.5 68.2 31.8 63.8 60.6

RL-wo-tool 84.4 72.6 39.9 65.0 65.5

AdaTooler-V-7B 89.8 74.5 46.7 68.4 69.9

SFT cold start) and SFT+GRPO. As shown in Tab.430

3, AT-GRPO yields clear performance gains, con-431

firming that dynamically adjusting tool-use rewards432

via the Tool Benefit Score encourages necessary433

tool invocation while avoiding redundant interac-434

tions, resulting in more accurate reasoning.435

4.3.2 Necessity of the SFT436

We further investigate the necessity of the super-437

vised fine-tuning (SFT) stage prior to reinforce-438

ment learning. As shown in the first row of Tab. 3,439

removing the SFT cold start results in clear perfor-440

mance degradation, as the model lacks structured441

priors for tool-based reasoning and struggles to gen-442

erate coherent trajectories in early RL. In contrast,443

SFT provides essential tool-use and multimodal444

reasoning priors, leading to more stable training445

and allowing RL to more effectively refine adaptive446

reasoning behaviors.447

4.3.3 Analysis of α448

We further perform a analysis on the magnitude of449

the adaptive-tool reward, governed by the hyperpa-450

rameter α, as illustrated in Tab. 4. We observe a451

moderate decrease in performance when α is set to452

0.2 or 0.4, whereas α values of 0.6 and 0.8 yield453

overall comparable and consistently strong results.454

These findings suggest that the model exhibits a455

low sensitivity to the selection of α within a rea-456

sonable range.457

(a) Accuracy Reward (b) Response Length

Figure 5: RL training curves.

4.3.4 Effectiveness of Tool-use 458

To assess the effectiveness of tool-use, we train 459

a variant of Qwen2.5-VL-7B-Instruct using end- 460

to-end RL with text-based CoT reasoning on the 461

same training dataset (RL-wo-tool). As shown in 462

Tab. 5, disabling tool interactions leads to consis- 463

tent drops across four benchmarks. For example, 464

from 89.8% to 84.4% on V* and from 46.7% to 465

39.9% on VSI-Bench. These results verify that 466

tool-use provides complementary evidence beyond 467

text-based reasoning and is essential for accurate 468

multimodal understanding. 469

4.4 Training Curves 470

Fig. 5 presents the evolution of key metrics dur- 471

ing RL training. As shown in Fig. 5(a), model 472

accuracy steadily increases from approximately 473

0.60 to 0.70, indicating that reinforcement learn- 474

ing effectively enhances answer correctness. Fig. 475

5(b) shows that the average response length drops 476

rapidly at early stages and then stabilizes. This is 477

mainly because, although the model initially learns 478

tool invocation during SFT, reinforcement learn- 479

ing encourages more efficient behaviors, leading 480

the model to favor direct textual responses over 481

unnecessary tool use for simpler samples. 482

5 Conclusion 483

We introduced AdaTooler-V, a multimodal large 484

language model equipped with adaptive tool-use 485

capability. To achieve this, we introduced AT- 486

GRPO, a reinforcement learning algorithm that 487

leverages a sample-specific Tool Benefit Score to 488

dynamically modulate rewards, encouraging tools 489

to be used only when they provide genuine perfor- 490

mance gains. To support training, we curate two 491

datasets, AdaTooler-V-CoT-100k for SFT cold start 492

and AdaTooler-V-300k for RL. Experiments across 493

twelve benchmarks validate the effectiveness of our 494

approach. We believe it provides a foundation for 495

future research on tool-augmented MLLMs. 496

8



Limitations497

We discuss two main limitations of our work.498

First, our current study primarily focuses on vi-499

sual modalities, including single-image and video-500

based reasoning tasks. While the proposed adaptive501

tool-use framework demonstrates strong effective-502

ness in these settings, it has not yet been validated503

on other modalities such as audio or audio-visual504

inputs. Extending the framework to support addi-505

tional modalities would be a promising direction506

for future work, enabling more comprehensive mul-507

timodal reasoning capabilities. Second, the scope508

of tools considered in this work is mainly limited509

to vision-centric operations (e.g., image cropping510

and video frame extraction). Although these tools511

are sufficient for many visual reasoning tasks, they512

do not provide access to external world knowledge.513

In future work, our framework could be extended514

to incorporate more agentic multimodal tools, such515

as image search or web-based retrieval, allowing516

the model to actively acquire external knowledge517

and reason beyond the given perceptual inputs.518
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A Dataset Distribution Details894

The distribution of AdaTooler-V-300k dataset can895

be roughly categorized as follows:896

• General (Video, 81k): A diverse collection of897

open-domain videos depicting everyday sce-898

narios, designed to cultivate temporal compre-899

hension and reasoning.900

• General (Multi-Image, 33k): Multi-image901

reasoning tasks that test cross-view compari-902

son and contextual integration.903

• General (Image, 18k): General-purpose im-904

age question-answering data for foundational905

visual understanding.906

• Chart (Image, 24k): Visual reasoning over907

charts, line graphs, and scientific figures, em-908

phasizing data interpretation and quantitative909

logic.910

• OCR (Image, 15k): Tasks requiring recog-911

nition and interpretation of embedded textual912

content, such as signs, forms, or documents.913

• Math (Image, 42k): Image-based math rea-914

soning problems, including formulas, geomet-915

ric diagrams, and multi-step symbolic reason-916

ing.917

• Knowledge (Image, 30k): Visual common-918

sense and cross-disciplinary reasoning tasks919

to evaluate the integration of world knowledge920

with visual cues.921

• Spatial (Image, 12k): Static spatial reasoning922

such as occlusion and positional inference.923

• Spatial (Video, 24k): Focused on spatial rea-924

soning in motion, including navigation, object925

tracking, and path planning, enhancing spa-926

tiotemporal understanding.927

• Logical (Image, 12k): Visual logic tasks in-928

volving pattern recognition and rule-based rea-929

soning.930

• Visual Counting (Image, 6k): Object count-931

ing and density estimation for quantitative per-932

ception.933

• High-Resolution (Image, 6k): Fine-grained934

visual understanding with small-object and935

texture recognition.936

B Reasoning Examples 937

This section presents representative reasoning ex- 938

amples generated by AdaTooler-V-7B, as shown in 939

Fig. 6 and Fig. 7. 940

C Prompt Template for Training and 941

Inference 942

Fig. 8 illustrates the prompt template for train- 943

ing and inference of all models. We also use this 944

prompt for the COT annotation. 945
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Question: What kind of animal is in the poster?

(A) Dove  (B) horse  (C) dog  (D) cat

AdaTooler-V-7B: <think>The image shows a modern church with a tall structure and stained glass windows. The poster 

on the church features an image of a bird flying, which is depicted as a dove.\n\nNow I will zoom in to get a clearer 

view of the poster.</think> <tool_call>{\"name\": \"crop_image\", \"arguments\": {\"bbox_2d\": [0.4, 0.5, 0.5, 0.6], 

\"target_image\": 1}}</tool_call>>

Zoom in

<think>The cropped image focuses on the upper part of the poster, confirming that the animal in the poster 

is indeed a dove.</think><answer>A</answer>

Figure 6: An example of AdaTooler-V-7B’s reasoning output on V* Benchmark.

Question: What is the primary goal of 

the person in the video, as inferred from 

the interaction dynamics, textual cues, 

and video composition? 

AdaTooler-V-7B: <think>The video’s primary purpose is to promote a YouTube channel rather than simply 

showcase reptiles. On-screen questions and visual answers are used to maintain viewer interest, and the appearance 

of a clickable “Subscribe” button, notification prompts, and a full end screen with. </think><tool_call>{\"name\": 

\"get_video_clip_frame\", \"arguments\": {\"start_time\": 350.00, \"end_time\": 396.00}}</tool_call>

<think>Based on the selected frame, the only logical conclusion is to promote a YouTube channel focused 

on reptile care through direct calls to action.</think>

<answer> to promote a YouTube channel focused on reptile care through direct calls to action </answer>

. . .

0.0s 300.0s

350.0s

Full Video

600.0s

375.0s360.0s

Clipped Video

396.0s

Figure 7: An example of AdaTooler-V-7B’s reasoning output on MVBench.
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You are a helpful assistant.
# Tools
You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools></tools> XML tags:
<tools>
{"type": "function", "function": {"name": "crop_image", "description": "Zoom in on the image based on the bounding box 
coordinates.", "parameters": {"type": "object", "properties": {"bbox_2d": {"type": "array", "description": "coordinates 
for bounding box of the area you want to zoom in. minimum value is 0 and maximum value is the width/height of the 
image.", "items": {"type": "number"}}, "target_image": {"type": "number", "description": "The index of the image to crop. 
Index from 1 to the number of images. Choose 1 to operate on original image."}}, "required": ["bbox_2d", 
"target_image"]}}}

{"type": "function", "function": {"name": "FrameAt", "description": "Get a single frame at a specific time from the 
video.", "parameters": {"type": "object", "properties": {"time": {"type": "number", "description": "Time (in seconds) of 
the frame to extract."}}, "required": ["time"]}}}

{"type": "function", "function": {"name": "VideoClip", "description": "Extract a video clip between start and end times.", 
"parameters": {"type": "object", "properties": {"t_start": {"type": "number", "description": "Start time (in seconds) of 
the clip."}, "t_end": {"type": "number", "description": "End time (in seconds) of the clip."}}, "required": ["t_start", 
"t_end"]}}}

{"type": "function", "function": {"name": "PathTracer", "description": "Plot movement or connections between two points 
on the specified image.", "parameters": {"type": "object", "properties": {"target_image": {"type": "number", 
"description": "The index of the image to crop. Index from 1 to the number of images. Choose 1 to operate on original 
image."}, "start_point_2d": {"type": "array", "description": "Starting point coordinates [x1, y1] of the path. minimum 
value is 0 and maximum value is the width/height of the image.", "items": {"type": "number"}}, "end_point_2d": {"type": 
"array", "description": "Ending point coordinates [x2, y2] of the path. minimum value is 0 and maximum value is the 
width/height of the image.", "items": {"type": "number"}}}, "required": ["start_point_2d", "end_point_2d", 
"target_image"]}}}
</tools>

For each function call, return a json object with function name and arguments within <tool_call></tool_call> XML tags:
<tool_call>
{"name": <function-name>, "arguments": <args-json-object>}
</tool_call>

Figure 8: Prompt template for training and inference.
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