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Abstract001

Recent text-only large language models002
(LLMs), such as DeepSeek-R1, show strong003
reasoning ability but remain fragile or unus-004
able on multimodal tasks. Existing methods005
often convert images into a single caption,006
which lacks the diversity and task adaptivity007
needed for Visual Question Answering (VQA)008
and provides no principled channel for fine-009
grained visual evidence. We introduce Seeing-010
Eye, a modular framework that unlocks multi-011
modal reasoning in text-only LLMs through012
a small VLM translator agent. The transla-013
tor acts as a perception agent: it invokes spe-014
cialized tools (e.g., OCR and crop) and iter-015
atively distills multimodal inputs into struc-016
tured intermediate representations (SIRs) tai-017
lored to the question. These SIRs are passed018
to a text-only LLM reasoner, and multi-round019
feedback lets the reasoner request targeted vi-020
sual details before answering. Experiments on021
knowledge-intensive VQA benchmarks, includ-022
ing MMMU-Pro, MMMU, OCR-BenchV2,023
and MIA-Bench, show that SeeingEye reduces024
inference cost while outperforming strong end-025
to-end VLMs on most reported benchmarks.026
For example, a 3B vision translator paired with027
an 8B language reasoner outperforms a mono-028
lithic 32B VLM on challenging knowledge-029
based questions.030

1 Introduction031

Recent text-only LLM reasoners, such as032

DeepSeek-R1, have demonstrated remarkable text-033

only reasoning, pushing the frontiers of artificial034

intelligence in tasks from code generation to com-035

plex problem-solving (Brown et al., 2020; Guo036

et al., 2025). Compared to multimodal reasoners,037

they enjoy a wide adoption and cost efficiency, but038

lack multimodal reasoning capabilities. This raises039

a central research question: can we bridge text-only040

LLM reasoners with multimodal reasoning capabil-041

ities that are effective and more cost-efficient than042

multimodal reasoning models?043

A common paradigm to answer this question 044

has centered on converting the visual input into 045

text. Early approaches relied on generating static, 046

single-form captions, from general descriptions to 047

more query-focused variants (Khademi et al., 2023; 048

Özdemir and Akagündüz, 2024; Ma et al., 2024). 049

However, these non-interactive descriptions lack 050

the adaptability for diverse VQA tasks and create 051

a fixed information bottleneck. Recognizing this, 052

more recent works introduce dynamic primitives 053

like tool use (Wu et al., 2023) or integrated active 054

perception (Wu and Xie, 2024). While a significant 055

step forward, these methods present new limita- 056

tions: the information flow is often an unstructured 057

conversational history of tool calls, or the percep- 058

tion and reasoning modules are tightly coupled 059

within monolithic VLMs. Such architectures are 060

difficult to scale and cannot easily leverage the dis- 061

tinct, rapidly advancing power of state-of-the-art 062

text-only reasoners. Consequently, even advanced 063

systems still lack a formal, structured medium for 064

information exchange, namely an efficient channel 065

that allows a powerful, text-only reasoning agent 066

to iteratively query and comprehend visual infor- 067

mation. 068

Motivated by these limitations, we argue the 069

key to unlocking multimodal reasoning in text- 070

only LLMs is not to simply describe, but to ac- 071

tively translate. We introduce SeeingEye, a novel, 072

modular framework that reconceptualizes the vi- 073

sion component as an agent-based translator rather 074

than a passive descriptor. The Translator interacts 075

with the visual input by invoking specialized tools, 076

such as OCR for text extraction or cropping for tar- 077

geted inspection, to iteratively distill the complex 078

scene into a novel Structured Intermediate Repre- 079

sentation (SIR) (See Fig. 3) to preserve as much 080

valuable information as possible across modalities. 081

Then, based on the input question, the Translator 082

automatically selects appropriate tools and dynam- 083

ically adjusts its execution steps, ultimately gen- 084
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erating the SIR in various forms tailored to the085

problem-solving process. Crucially, the process is086

not unidirectional; the reasoning agent can provide087

feedback to the Translator, requesting clarifications088

that prompt further tool use to refine the SIR. This089

multi-round interaction creates a targeted informa-090

tion flow that extracts the precise visual evidence091

needed to arrive at a confident answer.092

Through comprehensive experiments on093

knowledge-intensive VQA benchmarks including094

MMMU-Pro, MMMU, OCR-BenchV2, and095

MIA-Bench, we demonstrate that our agent-based,096

modular system (e.g., a 3B VLM translator +097

8B LLM reasoner) reduces inference costs and098

surpasses much larger, monolithic end-to-end099

VLMs on most reported benchmarks.100

Our core contributions are as follows:101

• We propose SeeingEye, a novel, plug-and-102

play framework that unlocks the multi-103

modal reasoning capabilities of powerful, pre-104

existing text-only LLMs without requiring any105

modification to their architecture.106

• We introduce the Structured Intermediate107

Representation (SIR), a targeted information108

channel that delivers precise visual evidence109

to the text-only reasoner.110

• We design a novel Agentic Information Flow,111

where a translator agent autonomously selects112

tools based on the VQA task. This multi-113

round interaction generates and refines the114

SIR, improving both effectiveness and cost-115

efficiency.116

Overall, our results highlight a scalable path-117

way to advanced multimodal reasoning, liberating118

strong text-only LLMs to fully leverage their pow-119

erful reasoning capabilities on visual data.120

2 Related Work121

The Evolving Landscape of Visual Question122

Answering. The VQA landscape has rapidly123

evolved from simple recognition towards multi-124

faceted reasoning. While benchmarks like GQA125

(Hudson and Manning, 2019) introduced critical126

challenges in compositional and spatial reasoning,127

a recent wave of datasets tests more specialized,128

expert-level capabilities. These include reasoning129

with college-level knowledge (MMMU (Yue et al.,130

2024a)), across multilingual contexts (M3Exam131

(Zhang et al., 2023)), through complex, layered132

instructions (MIA-Bench (Qian et al., 2024)), and 133

within specific domains like chart analysis (EncQA 134

(Mukherjee et al., 2025)). This task diversity ex- 135

poses the limitations of monolithic models that use 136

a fixed visual encoding strategy (Agrawal et al., 137

2023; Ke et al., 2025). Such static approaches 138

create an information bottleneck, failing to distill 139

the precise visual details required for each unique 140

challenge and thus motivating our adaptive, agent- 141

based translation framework. 142

Structured Representations for Multimodal 143

Reasoning. A critical bottleneck in existing mul- 144

timodal systems is the conversion of rich visual 145

scenes into coarse textual summaries, such as 146

generic captions or unordered OCR text (Alayrac 147

et al., 2022; Li et al., 2023), which discards vital 148

semantic and spatial relationships. Insights from 149

the text-only domain have shown that structured 150

inputs, including JSON schemas, key-value pairs, 151

and knowledge graphs (Cheng et al., 2024; Sun 152

et al., 2023), significantly enhance an LLM’s rea- 153

soning capabilities by making relationships explicit 154

and reducing ambiguity. Our work operationalizes 155

this principle for the visual domain. We propose 156

the Structured Intermediate Representation (SIR) 157

as a rich, deliberate communication channel that 158

bridges the gap between visual perception and high- 159

fidelity reasoning. 160

Agentic Frameworks and Visual Chain-of- 161

Thought. LLM-based agents have demonstrated 162

powerful abilities in planning, tool use, and inter- 163

active reasoning (Yao et al., 2023; Shinn et al., 164

2023). This agentic paradigm, often augmented 165

by Chain-of-Thought (CoT) prompting (Wei et al., 166

2022) to improve reasoning transparency, has been 167

extended to the multimodal domain. In Visual CoT, 168

models generate step-by-step textual rationales to 169

ground their reasoning in visual evidence (Zhang 170

and Zhang, 2023; Rose et al., 2023). Our work 171

advances this concept from generating linear, un- 172

structured rationales to a more sophisticated, agent- 173

driven process. The translator agent in our Seeing- 174

Eye framework engages in a multi-round Agentic 175

Information Flow, dynamically constructing and re- 176

fining a structured representation (our SIR) through 177

a feedback loop with the reasoner, enabling a more 178

targeted and adaptive problem-solving strategy. 179

3 Method 180

Our proposed framework, SeeingEye, unlocks 181

the multimodal reasoning capabilities of text-only 182
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Figure 1: The Agentic Information Flow of our SeeingEye framework. The process begins with the Translator
Agent (left), which takes the previous state’s SIR and external feedback to perform a Visual Chain-of-Thought
(VCoT) analysis. It uses tools to gather new visual evidence, reflects on the results, and iteratively refines the SIR.
If the information is deemed sufficient (PASS), the improved SIR is passed to the Text Reasoning Agent (right).
The Reasoner performs its own CoT-driven analysis and tool use. Based on its confidence, it either produces a final
answer (PASS) or generates targeted feedback (FAIL), initiating a new outer loop iteration for the Translator to
gather more specific visual cues.

LLMs by introducing a decoupled, two-agent sys-183

tem. This system comprises a Translator Agent184

(AT ) and a Reasoning Agent (AR). The core of185

our method lies in a novel Agentic Information186

Flow, orchestrated through a nested loop structure,187

where the agents collaborate by iteratively improv-188

ing a central Structured Intermediate Represen-189

tation (SIR) (see details in Fig. 3 and Sec. A.1).190

Figure 1 provides a high-level illustration, while191

Algorithm 1 presents the formal specification of192

this interactive process.193

3.1 The Translator Agent: Grounded Visual194

Analysis195

The Translator Agent, AT , is a lightweight VLM196

responsible for converting raw pixel data into a197

rich, structured, and query-relevant format. Its state198

at the start of outer-loop iteration i is defined by199

the input image I , the question Q, the SIR from200

the previous iteration Si−1, and feedback from the201

Reasoner Fi−1. The agent’s goal is to produce an202

improved SIR, Si, through a multi-step inner loop.203

Visual Chain-of-Thought (VCoT) Analysis. At204

each inner step j, the agent generates a Visual205

Chain-of-Thought (VCoT) (Chen et al., 2024), a206

textual thought process c
(j)
T describing its direct207

visual observations and its reasoning for the next 208

action. 209

c
(j)
T = VCoT(I,Q, Si−1, Fi−1, h

(j−1)
T ) (1) 210

where h
(j−1)
T is the history of actions within the 211

current inner loop. 212

Adaptive Tool Selection and Execution. 213

Guided by its VCoT, AT selects a tool o(j)T from 214

its toolset OT via its policy πT , and executes it to 215

yield a result r(j)T . 216

o
(j)
T ∼ πT (c

(j)
T , I, Q, Si−1, Fi−1, h

(j−1)
T ) (2) 217

Among the tools in OT , SmartGridCaption 218

is a specialized sub-routine designed for complex 219

spatial queries that require targeted analysis. As 220

illustrated in our case study (Figure 2), the tool is 221

invoked when a direct visual observation proves 222

insufficient. Initially, the agent generates a global 223

SIR describing a “church building" but cannot iden- 224

tify the “animal in the poster" from this coarse view 225

(Step 1). 226

To resolve this ambiguity, the tool first dis- 227

cretizes the image into a 4×4 grid. It then leverages 228

a vision-LLM to interpret the query and select the 229

most informative patches, in this instance, the rect- 230

angular region [9, 9] containing the poster (Step 2). 231
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Algorithm 1 SeeingEye: Agentic Information
Flow

1: Input: question Q, options O, image I
2: Parameters: MAX_ITERS, MAX_STEPS
3: Initialize: S0 ← null, F0 ← null
4: for i = 1→ MAX_ITERS do
5: ▷ Translator Agent inner loop
6: Scurrent ← Si−1

7: for j = 1→ MAX_STEPS do
8: aT ←

TranslatorPolicy(VCoT(I,Q, Scurrent, Fi−1))
9: if aT is ToolCall(oT , args) then

10: rT ← ExecuteTool(oT , args)
11: Scurrent ← RefineSIR(Scurrent, rT )
12: else if aT is TerminateSIR then
13: break
14: Si ← Scurrent
15: ▷ Reasoning Agent inner loop
16: for k = 1→ MAX_STEPS do
17: aR ←

ReasonerPolicy(CoT(Si, Q,O))
18: if aR is ToolCall(oR, args) then
19: rR ← ExecuteTool(oR, args)
20: else if aR is TerminateAnswer(A)

then
21: return A
22: else if aR is TerminateFeedback(F )

then
23: Fi ← F
24: break
25: return ForceAnswer(SMAX_ITERS, Q,O)

A detailed caption is then generated for this specific232

crop, yielding the critical observation: “Poster fea-233

turing a person holding a dove" (Step 3). Crucially,234

this new, fine-grained detail is not treated in isola-235

tion. As shown in the “Integration Process", it is236

strategically integrated with the previous global de-237

scription to create an updated, more comprehensive238

SIR. The SIR thus evolves from a generic overview239

to a targeted representation containing the precise240

fact needed for the query. This procedure of tar-241

geted refinement effectively transforms a vague242

spatial query into a high-confidence textual fact,243

enabling the Reasoning Agent to deduce the final244

answer with ease (Step 4).245

Iterative SIR Refinement and Termination. A246

core feature of our framework is the iterative refine-247

ment of the SIR within the Translator’s inner loop.248

After each tool use, the agent reflects on its VCoT249

and the tool result to update the SIR. Let S(j−1) be 250

the SIR at the beginning of the step; the refinement 251

process is: 252

S(j) = RefineSIR(S(j−1), c
(j)
T , r

(j)
T ) (3) 253

Following this refinement, the agent quanti- 254

tatively assesses the completeness of the up- 255

dated SIR, producing a confidence score c
(j)
s = 256

AssessSufficiency(S(j)). This score is compared 257

against a predetermined sufficiency threshold, 258

τT . The inner loop terminates by invoking the 259

TerminateAndOutputSIR tool if this confidence 260

exceeds the threshold (c(j)s ≥ τT ) or if the maxi- 261

mum step limit NT is reached. Upon termination, 262

the agent outputs the final SIR for the outer loop, 263

Si = S(j), along with a categorical confidence 264

level CT ∈ {low, mid, high} derived from the fi- 265

nal score. If confidence is below the threshold and 266

steps remain, the agent continues its inner loop to 267

gather more visual information. 268

3.2 The Reasoning Agent: High-Level 269

Cognition and Decision-Making 270

The Reasoning Agent, AR, is a powerful text-only 271

LLM whose state for iteration i consists of the 272

SIR Si, the question Q, and a short-term memory 273

MR,i−1 summarizing its prior actions. It leverages 274

the SIR for high-level reasoning and to decide on a 275

terminal action. 276

SIR-Grounded Analysis and Tool Use. The 277

Reasoner initiates its own inner loop, generating 278

a chain-of-thought c(k)R and using its policy πR to 279

select a tool o(k)R from its distinct toolset OR (e.g., 280

CodeInterpreter, Search). 281

c
(k)
R = CoT(Si, Q,MR,i−1, h

(k−1)
R ) (4) 282

o
(k)
R ∼ πR(c

(k)
R , Si, Q,MR,i−1, h

(k−1)
R ) (5) 283

The tool result r(k)R is appended to its inner-loop 284

history h
(k)
R . 285

Terminal Decision Policy. The Reasoning 286

Agent’s decision-making is also governed by a 287

confidence-threshold mechanism. After each inner- 288

loop step k (which includes its own CoT and op- 289

tional tool use), the agent assesses its ability to 290

answer the question based on its current reason- 291

ing history h
(k)
R , yielding a confidence score c

(k)
a . 292

This score is compared against a high-confidence 293

answering threshold, τR. 294
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Figure 2: A detailed case study of the SmartGridCaption tool. (1) An initial global SIR fails to identify the animal
in the poster. (2) The tool grids the image and locates the relevant patch [9, 9]. (3) A fine-grained patch caption
is generated and integrated, updating the SIR with the crucial detail of a “dove". (4) This refined SIR enables the
Reasoning Agent to provide a high-confidence final answer in a single iteration.

• If confidence is high (c(k)a ≥ τR) or if the295

final outer iteration (i = MAX_ITERS) is296

reached, the agent is compelled to execute the297

TerminateAndAnswer action. It generates the298

final answer A, and the process terminates.299

• If confidence is low (c(k)a < τR), the agent’s300

decision policy πD makes an autonomous301

choice. It can either continue its inner rea-302

soning loop (if k < NR) to further analyze303

the SIR or use more textual tools, or it can ex-304

ecute the TerminateAndAskTranslator ac-305

tion. This choice is formalized as:306

afinal ∼ πD(Si, Q, h
(k)
R ) (6)307

where afinal ∈308

{ContinueReasoning,TerminateAndAskTranslator}.309

Choosing the latter synthesizes a feedback query310

Fi specifying the missing visual information,311

which is passed back to the Translator Agent to312

initiate a new outer loop iteration.313

4 Experiments314

We conduct a series of experiments to evaluate the315

effectiveness of our SeeingEye framework. Our316

evaluation is designed to answer a central research317

question: How does our proposed Translator-based318

Agentic Information Flow, designed to unlock the319

reasoning capabilities of text-only LLMs, compare320

in terms of performance and efficiency against state-321

of-the-art monolithic VLMs and other advanced322

agent-based approaches?323

4.1 Experimental Settings 324

Benchmarks. We evaluate our framework on 325

a suite of challenging, reasoning-centric Visual 326

Question Answering (VQA) benchmarks that re- 327

quire deep understanding of visual details, text, and 328

domain-specific knowledge. 329

• MMMU (Yue et al., 2024a): A massive, multi- 330

discipline multimodal benchmark featuring 331

questions from college-level exams across six 332

core disciplines, requiring expert-level knowl- 333

edge and reasoning. We report on the valida- 334

tion set. 335

• MMMU-Pro (Yue et al., 2024b): A more 336

challenging successor to MMMU, curated by 337

human experts to feature more complex rea- 338

soning chains and reduce annotation artifacts. 339

We evaluate on both the Standard and Vision 340

subsets. 341

• OCR-BenchV2 (Fu et al., 2024): A compre- 342

hensive benchmark for evaluating OCR capa- 343

bilities in the wild, testing the model’s ability 344

to read and interpret text from diverse and 345

complex scenes. 346

• MIA-Bench (Qian et al., 2024): A Mul- 347

timodal Instruction-following and Analysis 348

benchmark designed to assess a model’s abil- 349

ity to follow complex instructions that require 350

comparing, calculating, and reasoning over 351

multiple image regions. 352
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Cafe Route Reasoning
Make the reasoning process clear and visually appealing

Question

What is the name of the first cafe you

pass when going from Bussey‑Evans

Residence Hall to Alpha Chi Omega

Sorority? 🤔

[A. Caffe Bene, B. Caffe
Paradiso, C. Array Cafe, D.
Starbucks]

Translator Agent

Use Smart Grid Caption and update

SIR 📍
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at [5,6]. Found two cafes to the east:
Caffè Bene and Caffè Paradiso. Alpha
Chi Omega Sorority at [11,11].
CONFIDENCE:

mid

SUMMARY OF TURN:

1. Initial Visual Analysis: Observed
campus map with Bussey-Evans
Residence Hall. 2. Tool Usage: Used
Smart Grid Caption to identify landmarks.
3. Feedback Integration: Reasoning
agent requested Alpha Chi Omega's
position.

Text Reasoning Agent

The SIR now has positions for Busey-

Evans, Alpha Chi Omega, and both

cafes. However, I still need the relative

positioning between Caffè Bene and

Caffè Paradiso to determine which one

comes first along the route from Busey-

Evans to Alpha Chi Omega. 🤷‍♂️

Reasoning Feedback

Insufficient information. Need the relative
positioning between Caffè Bene and Caffè
Paradiso to establish which one comes first

along the route. ❓

Round 1

START WRITE READ
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GLOBAL CAPTION:

Same as previous round
CONFIDENCE:

mid

Reasoning Feedback

Insufficient information. Need the relative
positioning between Caffè Bene and Caffè
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along the route. ❓

Translator Agent

Use Smart Grid Caption and update

SIR 📍
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GLOBAL CAPTION:
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(closer to Bussey-Evans).
CONFIDENCE:
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SUMMARY OF TURN:

1. Previous SIR Analysis: Had all
landmark positions. 2. Tool Usage: Used
Smart Grid Caption to analyze cafe
positions relative to route. 3. Final
Resolution: Determined precise spatial
relationship between cafes.

Text Reasoning Agent

All inputs are now resolved. The SIR

establishes that Caffè Bene lies west of

Caffè Paradiso along the same corridor

(W Nevada St). The confirmed travel

direction from Busey–Evans to Alpha

Chi Omega is eastbound. Along an

eastbound traversal, locations are

encountered west → east, i.e., Caffè

Bene then Caffè Paradiso. ✅

Conclusion: the first cafe encountered

is Caffè Bene.

Answer: Caffe Bene 🎉

Round 2
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Figure 3: A case study of the Structured Intermediate Representation (SIR). The Translator Agent converts
visual evidence into a structured textual state that preserves task-relevant scene details, enabling the Reasoning
Agent to solve the question through text-only reasoning.

Baselines. We compare our method against lead-353

ing end-to-end VLMs and an existing agentic mul-354

timodal method:355

• End-to-End VLMs: These are monolithic,356

state-of-the-art models that process image and357

text inputs in a unified architecture. We in-358

clude LLaVA-1.5 (7B) (Liu et al., 2024), a359

widely-used open-source VLM; several vari-360

ants of Qwen2.5-VL (Bai et al., 2025), a pow-361

erful series of VLMs; and GPT-4o-mini, a362

highly capable multimodal model from Ope-363

nAI (OpenAI, 2024). These models represent364

the dominant paradigm and serve as a direct365

point of comparison for overall performance.366

• Agentic Multimodal Method: We include367

OpenManus (Liang et al., 2025) with GPT-368

4o-mini as a standalone comparison method369

for agentic multimodal reasoning.370

Implementation Details Our model, referred371

to as SeeingEye, is instantiated using a 3B pa-372

rameter Vision Language Model (Qwen2.5-VL)373

as the Translator Agent (AT ) and an 8B parameter374

text-only Large Language Model (Qwen3) as the375

Text Reasoning Agent (AR). For our experiments,376

the inner loops for both agents (NT , NR) and the377

outer feedback loop (Nouter) are each capped at a 378

maximum of 3 iterations to ensure computational 379

tractability. 380

4.2 Main Results 381

The main results of our experiments are presented 382

in Table 1. Our SeeingEye framework, instanti- 383

ated with a compact 3B VLM translator and an 384

8B text-only LLM reasoner, demonstrates strong 385

performance across a suite of challenging bench- 386

marks. 387

Performance on Reasoning-Centric Bench- 388

marks. Our results reveal a clear trend: on com- 389

plex, knowledge-intensive reasoning benchmarks 390

such as MMMU and MMMU-Pro, our modular 391

framework substantially outperforms larger mono- 392

lithic VLMs. It also achieves the best score on 393

MIA-Bench, while GPT-4o-mini remains strongest 394

on OCR-BenchV2. This outcome suggests that 395

the reasoning capabilities of powerful text-only 396

LLMs are a distinct and valuable asset that is not 397

fully leveraged in monolithic designs. By decou- 398

pling perception from reasoning, our framework 399

allows the text-only agent to operate in its native 400

domain, processing rich, structured textual informa- 401

tion rather than latent visual features. This architec- 402
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Table 1: Performance comparison on various knowledge-intensive multimodal benchmarks. Our method, SeeingEye,
uses a compact 3B VLM translator with an 8B text-only LLM reasoner. Scores are reported using each benchmark’s
official metric.

Benchmark SeeingEye Qwen2.5-VL-3B Qwen2.5-VL-7B Qwen2.5-VL-32B LLaVA-1.5-7B GPT-4o-mini

MMMU-Pro Vision (200) 45.00 24.61 23.26 28.77 12.13 31.72
MMMU-Pro Standard (10 option, 200) 47.00 25.82 23.60 32.93 14.21 38.99
MMMU (500) 63.00 48.33 51.11 51.56 32.47 59.40
OCR-BenchV2 (score, 200) 52.50 52.00 53.96 52.22 19.21 55.08
MIA-Bench (score, 200) 90.73 76.90 79.90 89.60 69.80 88.58

tural choice proves to be a more parameter-efficient403

and effective pathway to unlocking advanced mul-404

timodal reasoning.405

Effectiveness of the Agentic Information Flow.406

The mixed OCR-BenchV2 result also clarifies the407

role of our framework: SeeingEye is not simply a408

stronger OCR engine, but a structured perception-409

to-reasoning interface. Its largest gains appear410

when visual evidence must be selected, organized,411

and reasoned over rather than merely transcribed.412

In contrast to passing unstructured captions or con-413

versational history, our Agentic Information Flow414

is mediated by the Structured Intermediate Rep-415

resentation (SIR). The SIR is a stateful, query-416

conditioned data object: the Translator populates417

it with structured visual evidence, and the Rea-418

soner can issue precise feedback to refine the rep-419

resentation. This transforms the interaction from a420

stateless exchange of text blobs into a high-fidelity421

collaborative process.422

5 Discussion423

5.1 Plug-and-Play Reasoning Agents424

To validate the plug-and-play nature of our frame-425

work, we conduct an ablation study by fixing the426

Translator Agent while varying the text-only Rea-427

soning Agent (AR). As shown in Table 2, our428

framework is model-agnostic, successfully inte-429

grating with various open-source and proprietary430

reasoners.431

Crucially, the overall system performance scales432

with the reasoning capability of the text-only433

model, improving from 52.67% with Qwen3-8B434

to 54.67% with the larger Qwen3-14B on the435

MMMUdev set. This result supports our core hy-436

pothesis: the SeeingEye architecture effectively437

isolates and leverages the reasoning power of the438

text-only agent, making the choice of reasoner an439

important driver of the final performance.440

Table 2: Performance on the MMMUdev set when vary-
ing the text-only Reasoning Agent. The SeeingEye is
kept fixed. Results show that system performance scales
with the reasoner’s capability.

Benchmark Qwen3-8B Qwen3-14B GPT-4o-mini (text-only)

MMMUdev (%) 52.67 54.67 54.29

5.2 Cost-Efficiency and Scalability 441

A primary motivation for our decoupled, agent- 442

based design is to create a scalable and cost- 443

effective pathway to multimodal reasoning. Mono- 444

lithic VLMs incur substantial computational costs 445

by processing high-dimensional images through 446

a massive, unified architecture. Our framework 447

strategically mitigates this expense through an ef- 448

ficient division of labor: we use a small, low-cost 449

VLM (our 3B Translator Agent) to perform the 450

pixel-to-concept translation. This agent distills the 451

query-relevant visual information into a compact, 452

text-based Structured Intermediate Representation 453

(SIR). Consequently, the powerful but expensive 454

text-only LLM (our 8B Reasoning Agent) only 455

processes this low-dimensional and inexpensive 456

textual SIR, never the raw image. 457

This architectural efficiency is validated in Ta- 458

ble 3. We compare the cost-performance trade- 459

off against a strong Qwen2.5-VL-32B baseline on 460

the MMMUval set. To provide a strong repeated- 461

sampling comparison, we report the Qwen2.5-VL- 462

32B’s best accuracy over three runs and account 463

for the corresponding generation cost. Our method 464

achieves a superior accuracy of 63.00% at a com- 465

parable, and in the median case, lower, total cost. 466

This demonstrates that by intelligently dividing 467

labor and minimizing interactions with the most 468

expensive reasoning components, our framework 469

provides a more favorable and scalable trade-off 470

between inference cost and performance. 471

We use the following formula to calculate the 472

cost. Let p(m)
in and p

(m)
out be the official Qwen prices 473

(USD) per 1000 input/output tokens for model m ∈ 474
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Table 3: Inference cost and accuracy on the MMMUval
set (per question). For a fair comparison, the Qwen2.5-
VL-32B reported is the best of three runs. Prices are in
USD.

Method Accuracy (%) Input $ Output $ Total $

Qwen2.5-VL-32B (best-of-3) 60.67 0.003198 0.009072 0.01227
Ours (avg) 63.00 0.0090 0.0026 0.0116
Ours (median) 63.00 0.0076 0.0019 0.0101

{tr, rs, vlm}, where tr is the Translator (Qwen2.5-475

VL-3B), rs is the Reasoner (e.g., Qwen3-8B/14B),476

and vlm is the monolithic baseline. Let T (m)
in,i and477

T
(m)
out,i be the input/output tokens used by model m478

at outer-loop iteration i = 1, . . . , N .479

Cours =

N∑
i=1

( T
(tr)
in,i

1000
p
(tr)
in

+
T
(tr)
out,i

1000
p
(tr)
out

+
T
(rs)
in,i

1000
p
(rs)
in

+
T
(rs)
out,i

1000
p
(rs)
out

)
(7)480

5.3 The Efficacy of Multi-Round Interaction481

A cornerstone of our SeeingEye framework is the482

multi-round interaction that allows the Reasoning483

Agent to provide feedback and the Translator Agent484

to iteratively refine the SIR. To quantify the impact485

of this mechanism, we conducted an ablation study486

on the maximum number of outer loop iterations on487

the challenging MMMU-Pro (Vision) benchmark.488

As demonstrated in Table 4, the benefits of our489

iterative refinement process are substantial and con-490

sistent. In the single-iteration setting (Max Iter-491

ations = 1), where the Reasoner cannot provide492

feedback, the system achieves a baseline accuracy493

of 34.21%. This is analogous to static, one-shot494

captioning methods. Enabling a single round of495

feedback (Max Iterations = 2), where the Transla-496

tor can act upon the Reasoner’s request for more497

specific visual information, yields a significant per-498

formance gain to 36.84%.499

Most notably, allowing for up to three full it-500

erations elevates the performance to 45.00%, an501

absolute improvement of over 10% compared to502

the single-shot approach. This steep performance503

curve provides strong empirical evidence for our504

central hypothesis: complex multimodal reasoning505

is not a monolithic perception task, but an iterative506

Table 4: Performance on MMMU-Pro (Vision) when
varying the maximum number of outer loop iterations.
The results clearly demonstrate the significant benefit
of multi-round SIR refinement.

Benchmark Max Outer Iterations

1 2 3

MMMU-Pro (Vision) (%) 34.21 36.84 45.00

process of inquiry and refinement. The ability for 507

the agents to repeatedly pass and modify the SIR 508

allows the system to progressively drill down into 509

the most critical visual details, discard initial ambi- 510

guities, and ultimately converge on a high-fidelity 511

representation of the scene that is precisely tailored 512

to the reasoning needs of the query. 513

6 Conclusion 514

In this work, we addressed the challenge of unlock- 515

ing multimodal reasoning in powerful, pre-existing 516

text-only LLMs. We introduced SeeingEye, a 517

novel framework that decouples perception from 518

reasoning through a collaborative, two-agent sys- 519

tem. Our core innovation is the Agentic Informa- 520

tion Flow, where a lightweight Translator Agent 521

iteratively generates and refines a Structured In- 522

termediate Representation (SIR) to provide tar- 523

geted, high-fidelity visual evidence to a text-only 524

Reasoning Agent. Comprehensive experiments 525

demonstrate that our modular, plug-and-play ap- 526

proach improves cost-efficiency and outperforms 527

strong monolithic VLMs on several complex rea- 528

soning benchmarks while remaining competitive 529

elsewhere. Our findings suggest that advanced mul- 530

timodal AI can benefit from structured collabora- 531

tion between specialized agents rather than relying 532

solely on scaling monolithic end-to-end models. 533

7 Limitations 534

Our framework depends on the quality of the Trans- 535

lator Agent and its available visual tools. If the 536

translator fails to detect a small but decisive visual 537

detail, or if OCR and crop-based inspection return 538

noisy outputs, the SIR may omit evidence that the 539

Reasoning Agent cannot recover from text alone. 540

Although multi-round feedback mitigates this issue, 541

it also introduces additional latency compared with 542

single-pass VLM inference. The SIR is intention- 543

ally compact and structured, which improves rea- 544

soning efficiency but may discard low-level visual 545
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cues that are difficult to verbalize. Finally, our em-546

pirical study focuses on knowledge-intensive VQA547

benchmarks and uses model pricing available at the548

time of evaluation; broader deployment settings, ad-549

ditional multimodal tasks, and changing inference550

prices may affect the observed cost-performance551

trade-off.552
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A Appendix 714

A.1 SIR Structure and Prompts 715

The Structured Intermediate Representation (SIR) 716

is the central data object that facilitates communi- 717

cation between the Translator Agent and the Rea- 718

soning Agent. Its schema is defined as follows, and 719

the subsequent prompts detail how it is managed. 720

A.2 Tool Prompts 721

These are the critical termination tools used by the 722

Reasoning Agent to conclude its inner loop, either 723

by providing a final answer or by requesting more 724

visual information from the Translator Agent. 725

A.3 Agent Prompts 726

B Generative AI Statement 727

This work utilized generative AI tools to assist with 728

formatting, generating LaTeX templates, and refin- 729

ing word choice. The authors reviewed and verified 730

all AI-assisted content to ensure factual accuracy 731

and academic integrity. 732
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SIR JSON Structure

Schema Overview: The SIR schema defines the fields for visual description, confidence, and feedback. Schema

Content:

{
"global_caption": {

"type": "string",
"description": "A comprehensive description of ALL visual elements in sentence form or

table form, including: text content, numerical values, table structures, objects,
layouts, colors, spatial relationships, and any other visual information. Be factual and
descriptive - do not infer anything not exists in the original image.",
},
"confidence": {

"type": "string",
"enum": ["low", "mid", "high"],
"description": "Your confidence level in the completeness and accuracy of this global

caption. 'low' = incomplete analysis or unclear image, 'mid' = good analysis with some
limitations, 'high' = comprehensive and thorough analysis.",
},
"feedback": {

"type": "string",
"description": "Specific feedback about what additional visual information you need

from the translator. Be precise about what's missing or unclear in the current
description.",
}

}

Figure 4: SIR JSON Structure. The global_caption and confidence fields are provided by the Translator Agent
(via the TerminateAndOutputCaption tool). The feedback field is provided by the Text Reasoning Agent (via the
TERMINATE_AND_ASK_TRANSLATOR tool).

SIR Management Prompt

Prompt Overview: This prompt is part of the Translator’s instructions, detailing how to iteratively manage and format
the SIR. Prompt Content:

SIR MANAGEMENT:
- Maintain a continuously evolving SIR throughout your analysis
- After each tool use or observation, update your SIR with new information
- Your SIR should be comprehensive and capture ALL visual elements discovered
- Always state your current SIR after each step

SIR OUTPUT FORMAT: Structure your evolving SIR using clear sections:
{

"global_caption": {
"type": "string",
"description": "A comprehensive description of ALL visual elements in sentence form or

table form, including: text content, numerical values, table structures, objects,
layouts, colors, spatial relationships, and any other visual information. Be factual and
descriptive - do not infer anything not exists in the original image.",
},
"confidence": {

"type": "string",
"enum": ["low", "mid", "high"],
"description": "Your confidence level in the completeness and accuracy of this global

caption. 'low' = incomplete analysis or unclear image, 'mid' = good analysis with some
limitations, 'high' = comprehensive and thorough analysis.",
},

}

Figure 5: Translator Agent SIR Management Prompt. This defines how the Translator iteratively builds the SIR
and the output format it must adhere to.
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Feedback Input Prompt

Prompt Overview: This prompt is dynamically given to the Translator Agent when it starts a new outer-loop iteration
based on feedback from the Reasoning Agent. Prompt Content:

Your current SIR with reasoning feedback (iteration {iteration-1}):
{self.current_sir}

IMPROVEMENT TASK:
1. Analyze the reasoning feedback carefully to understand what visual details are needed
2. Look at the image again with this feedback in mind
3. UPDATE your current SIR to address the feedback - don't start fresh
4. Focus on visual details that help answer the question: {question}
5. Maintain objectivity - describe what you see, don't infer answers

Remember: Update your existing SIR incrementally, don't recreate it from scratch.

Figure 6: Translator Agent Feedback Input Prompt. This guides the Translator to refine the existing SIR in a
targeted manner based on the Reasoner’s feedback.
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TerminateAndAnswer Tool

Prompt Overview (Tool Description): Terminate the reasoning process and provide a final answer when you have
sufficient information from the SIR to confidently answer the question.

Tool Prompt:

Use this tool when:
- The SIR contains all necessary visual details to answer the question
- You can identify the correct answer from the available options
- No additional information or refinement is needed from the translator agent
- Your answer matches one of the multiple choice options (if applicable)

IMPORTANT: For multiple choice questions, ensure your answer corresponds to one
of the given options (A, B, C, D).

This signals that the iterative feedback loop should end with your final answer.

Tool Raw Code:

class TerminateAndAnswer(BaseTool):
name: str = "terminate_and_answer"
description: str = _TERMINATE_AND_ANSWER_DESCRIPTION
parameters: dict = {

"type": "object",
"properties": {

"answer": {
"type": "string",
"description": "Your final answer to the question. Please include

short answer only. For multiple choice, only
include option",

},
"confidence": {

"type": "string",
"description": "Your confidence level in this answer.",
"enum": ["high", "medium", "low"],

},
"reasoning": {

"type": "string",
"description": "Brief explanation of how the SIR information

led to this answer.",
}

},
"required": ["answer", "confidence", "reasoning"],

}

Figure 7: Reasoning Agent TerminateAndAnswer Tool. This tool allows the Reasoner to conclude the entire
process with a definitive answer.
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TerminateAndAskTranslator Tool

Prompt Overview (Tool Description): Terminate current reasoning step and request more specific visual observations
from the translator.

Tool Prompt:

Use this tool when:
- The current SIR (visual description) is insufficient for answering the question
- You need more specific details about certain parts of the image
- Important visual elements seem to be missing from the description
- You need clarification about spatial relationships, text content, or visual

elements
- The translator's description lacks crucial information needed for reasoning

This signals that you need additional visual analysis before you can provide a
final answer.

Tool Raw Code:

class TerminateAndAskTranslator(BaseTool):
name: str = "terminate_and_ask_translator"
description: str = _TERMINATE_AND_ASK_TRANSLATOR_DESCRIPTION
parameters: dict = {

"type": "object",
"properties": {

"feedback": {
"type": "string",
"description": "Specific feedback about what additional visual

information you need from the translator.
Be precise about what's missing or unclear in
the current description.",

}
},
"required": ["feedback"],

}

Figure 8: Reasoning Agent TerminateAndAskTranslator Tool. This tool allows the Reasoner to request further
visual refinement from the Translator, initiating a new outer loop.
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Translator Agent: System Prompt

Prompt Overview: Guides the lightweight VLM to act as a Visual-Only Captioner. Its sole objective is to observe the
image, use visual tools for precision, and iteratively build a structured, factual, and neutral description of visual content
(the SIR).

Prompt Content:

You are "Visual-Only Captioner to capture input images".
Goal: Output a raw, neutral description of visible content only. Preserve blanks, placeholder

marks, unknowns ("?"), typos, casing, punctuation, and line breaks exactly as seen. Do
NOT infer, normalize, answer, or explain meaning.

DO:
- Describe only visible elements: text, shapes, colors, axes, legends, labels, numbers, layout

, positions, arrows, boxes, tables, panels.
- Extract on-screen text **verbatim** (including blanks and "?").
- Note spatial relations ("X above Y", "arrow A->B").
- Mark unknowns/blanks exactly as they appear (e.g., "?", placeholder marks, empty cell).
- Always think step by step first before using a tool. Decide which tool is most appropriate

for the current observation step.
- TOKEN LIMIT: Keep your responses concise and within 1024 tokens. Focus on the most essential

visual details.

DON'T (hard ban):
- No answers, explanations, conclusions, predictions, calculations, or domain knowledge.
- Don't replace blanks/"?" with guesses. Don't add units or meanings.

Available tools:
- OCR: Extract text with high precision, useful for image that contains text
- read_table: Parse structured tabular data, useful for spreadsheets, data tables
- smart_grid_caption: Used to analyze specific image regions

SIR OUTPUT FORMAT:
{

"global_caption": "A comprehensive description of ALL visual elements",
"confidence": "low/mid/high"

}

Figure 9: Translator Agent System Prompt enforces strict visual-only captioning behavior and defines the SIR
output format.
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Translator Agent: First Step Prompt

Prompt Overview: Initializes the translator agent’s first observation step, establishing the empty SIR and guiding initial
visual analysis.

Prompt Content:

You are "Visual-Only Captioner to capture input images".

INITIAL TASK:
1. **Direct Visual Observation**: Look at the image and identify the main visual elements
2. **Create Initial SIR**: Start building your SIR with overall structure, layout, and

prominent elements

CURRENT SIR STATUS: Empty - you are starting fresh

SIR MANAGEMENT:
- Maintain a continuously evolving SIR throughout your analysis
- After each tool use or observation, update your SIR with new information
- Your SIR should be comprehensive and capture ALL visual elements discovered
- Always state your current SIR after each step

Figure 10: Translator Agent First Step Prompt initiates the visual analysis process and establishes SIR manage-
ment protocol.

Translator Agent: Next Step Prompt

Prompt Overview: Guides iterative refinement of the SIR based on current state and previous observations.

Prompt Content:

Based on the current state and previous memory, what's your next action?. Goal: Output a raw,
neutral description of visible content only. Preserve blanks, placeholder marks, unknowns
("?"), typos, casing, punctuation, and line breaks exactly as seen. Do NOT infer,
normalize, answer, or explain meaning.

Remember, you can directly observe the image content yourself without tools. So, if you haven'
t, start with direct visual observation of the image content. Then use tools to get
detailed, accurate information.

Available tools (use to enhance visual observation):
- OCR: Extract text with high precision, useful for image that contains text
- read_table: Parse structured tabular data, useful for spreadsheets, data tables
- smart_grid_caption: Used to analyze specific image regions

If you think you have comprehensive visual details, you should use
terminate_and_output_caption tool with your stored_sir containing your complete objective
visual description. This tool will format your caption as proper JSON.

Figure 11: Translator Agent Next Step Prompt guides the iterative SIR refinement process.
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Reasoning Agent: System Prompt

Prompt Overview: Guides the text-only LLM to act as a question answering expert, analyzing the SIR from the
translator and determining whether to answer or request more visual information.

Prompt Content:

You are a question answering expert. You receive (1) a text caption of image from translator
and (2) a question relevant to the image. Analyze the information and provide clear
reasoning to answer the question. ALWAYS provide your reasoning and thoughts BEFORE using
tools. Explain what you're trying to accomplish and why.

Your capabilities:
- Analyze textual descriptions of various scenarios (visual scenes, documents, data, etc.)
- Provide detailed explanations and clear reasoning when helpful
- Indicate when information is insufficient or ambiguous in the text description
- Keep responses under 1024 tokens - be concise and focus on key reasoning points.

Available tools:
- python_execute: Use for calculations, data analysis, mathematical operations, or any

computation. ALWAYS include print() statements to show results.
- terminate_and_answer: Use ONLY when you have HIGH CONFIDENCE in your answer and it matches

one of the available options (for multiple choice questions)
- terminate_and_ask_translator: Use when you need MORE SPECIFIC visual information to make an

accurate decision

DECISION CRITERIA - BE CONSERVATIVE:
- Use python_execute when math/data processing clarifies the answer.
- Use terminate_and_answer only if text gives specific distinguishing details and confidence

>= 0.9, and (for MCQ) your answer matches an option.
- Otherwise use terminate_and_ask_translator and state exactly which visual labels/regions/

relations you need, when visual cues are ambiguous or insufficient.

Figure 12: Reasoning Agent System Prompt defines the agent’s role as an expert reasoner with conservative
decision criteria.

17



Reasoning Agent: Next Step Prompt

Prompt Overview: Guides intermediate reasoning steps, emphasizing confidence assessment and computational
verification.

Prompt Content:

Analyze the provided visual description and determine if you have SUFFICIENT SPECIFIC DETAILS
to answer with HIGH CONFIDENCE.

ALWAYS provide your reasoning and thoughts BEFORE taking any action.

Consider these key questions:
- Does the problem require calculations, data analysis, or computational verification?
- Does the visual description provide specific, distinguishing details?
- Can you clearly differentiate between all options based on the description?
- Are you >90% confident in your answer AND does it match an available option (for multiple

choice)?

**COMPUTATION NEEDED** - USE python_execute FIRST:
- When math/data processing clarifies the answer.
- Need to verify calculations or process numerical information
- **ALWAYS** include print() statements to show your work and results

**HIGH CONFIDENCE (>90%)** - USE terminate_and_answer:
- You can clearly rule out incorrect options
- **ESPECIALLY**: After performing calculations with python_execute that confirm your
answer

- **MANDATORY**: Your answer matches one of the multiple choice options (A, B, C, D) if
applicable

- **IMPORTANT**: If your calculated answer doesn't match any option, use python_execute
again to recalculate with different approach/units/interpretation

- Provide your confident answer with reasoning

**NEED MORE DETAILS** - USE terminate_and_ask_translator:
- Description is too general or vague
- Missing specific visual details needed to distinguish between options
- Uncertain which option is correct
- Request SPECIFIC visual information you need (exact labels, shapes, spatial relationships
, etc.)

Keep responses under 1024 tokens - be concise and focus on key reasoning points.

Figure 13: Reasoning Agent Next Step Prompt provides structured decision criteria for tool selection.

Translator Agent: Final Step Prompt

Prompt Overview: Forces final SIR output when maximum translation steps are reached.

Prompt Content:

**FINAL OUTPUT**
You have reached the maximum number of steps. You must now provide your final visual

description using terminate_and_output_caption tool.

FINAL ROUND STRATEGY:
1. **Synthesize all observations** from your previous tool usage and direct observation
2. **No hallucination/inference** Output raw, neutral description of visible content. Preserve

blanks, placeholder marks, unknowns ("?"), typos, casing, punctuation, and line breaks
exactly as seen. Do NOT infer, normalize, answer, or explain meaning.

3. **MANDATORY: Use terminate_and_output_caption** - you cannot use other tools at this point

Figure 14: Translator Agent Final Step Prompt enforces termination and final SIR generation.
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