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Abstract001

Vision-language models (VLMs) demonstrate002
strong capabilities in visual question answering003
(VQA), yet their reasoning remains confined to004
the text modality, limiting their alignment with005
inherently visual tasks. Latent visual reason-006
ing emerges as a promising alternative, offering007
more efficient and flexible inference. However,008
existing approaches focus primarily on model-009
ing latent visual cues, overlooking the impor-010
tance of aligning latent reasoning with standard011
text decoding. In this work, we propose a su-012
pervised multi-step latent reasoning framework013
that scales implicit reasoning to VLMs. Our014
method introduces step-level supervision on la-015
tent hidden states via a freezing LLM decoder016
during training, bridging the modality gap and017
enriching semantic diversity. The LLM de-018
coder is removed at inference to maintain native019
decoding efficiency. Experiments show that020
our latent visual reasoning approach matches021
the performance of explicit CoT finetuning on022
Qwen3-VL, while significantly reducing token023
usage.024

1 Introduction025

Vision-Language Models (VLMs) have achieved026

remarkable success in multimodal understanding027

and reasoning, driven by large-scale pretraining028

and advancements in supervised fine-tuning. By029

aligning visual encoders with Large Language030

Models (LLMs), these systems can process com-031

plex visual inputs and generate coherent textual032

responses(Wang et al., 2023; Chen et al., 2023; Li033

et al., 2024). This capability has been further am-034

plified by Chain-of-Thought (CoT) finetuning and035

Reinforcement Learning (RL)(Zhai et al., 2024),036

which encourage models to decompose complex037

queries into intermediate reasoning steps. Such038

paradigms have become the standard for handling039

complex tasks with multi-hop reasoning an estab-040

lish a robust baseline for multimodal intelligence.041

Despite these advancements, the reasoning pro- 042

cess in current VLMs remains text-centric. Stan- 043

dard CoT makes the model to verbalize every in- 044

termediate thought into discrete text tokens, we 045

describe it as thinking about images. This exter- 046

nalization introduces a modality gap: rich, high- 047

dimensional visual cues are inevitably compressed 048

and lost during the textual reasoning process, 049

leading to hallucinations or insufficient visual us- 050

age(Sun et al., 2025; Qin et al., 2025). To address 051

this, recent works have explored thinking with im- 052

ages via tool-use or interleaved multimodal CoT 053

generation, where models invoke external tools to 054

sketch, crop, or zoom the visual input (Hu et al., 055

2024; Qiao et al., 2025; Zhang et al., 2025a; Zheng 056

et al., 2025; Fan et al., 2025; Su et al., 2025b; Chern 057

et al., 2025; Wang et al., 2025). However, these 058

methods often suffer from significant inefficiencies 059

due to external calls; besides, text-driven control 060

pipelines may prevent the model from performing 061

fully native multimodal reasoning. 062

Latent reasoning, originally emerging in Large 063

Language Models (LLMs), offers a promising alter- 064

native by shifting the locus of reasoning from the 065

discrete text token space to the continuous embed- 066

ding space (Hao et al., 2024a; Shen et al., 2025b). 067

A line of work internalizes or compresses explicit 068

CoT into latent trajectories to reduce generation 069

overhead (Deng et al., 2024; Cheng and Durme, 070

2024; Su et al., 2025a). Other efforts study la- 071

tent compression and soft thinking to trade off 072

reasoning depth and efficiency (Tan et al., 2025b; 073

Zhang et al., 2025b). Separately, recurrent-depth 074

and looped-transformer approaches scale test-time 075

compute through latent iteration (Geiping et al., 076

2025; Saunshi et al., 2025; Shen et al., 2025a). In- 077

stead of decoding logits into text, models generate 078

a sequence of continuous hidden states which we 079

named latent thoughts. They feed back autoregres- 080

sively into the model as inputs for subsequent rea- 081

soning steps. Because these states remain in the 082
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high-dimensional continuous space, they retain a083

significantly higher bandwidth of information com-084

pared to discrete text tokens. This allows the model085

to maintain a rich, uncollapsed representation of its086

working memory, facilitating more complex logic087

manipulation without the computational burden of088

autoregressive text generation.089

While latent reasoning has shown promise in090

LLMs, its extension to the multimodal domain re-091

mains underexplored. Existing attempts at latent092

visual reasoning typically focus on explicitly mod-093

eling latent visual cues(Ma et al., 2025; Yang et al.,094

2025). Recent work often employing reconstruc-095

tion objectives to force latent states to represent096

visual features instead of pure thoughts. We argue097

that this approach artificially decouples visual and098

textual semantics within the reasoning process. In099

the deep layers of a well-aligned VLM, visual and100

textual representations are already fused into a uni-101

fied semantic space. Forcefully separating them102

or over-emphasizing visual reconstruction neglects103

the abstract logical nature of reasoning. The goal104

of a reasoning model should be to optimize the tra-105

jectory of thought toward a solution, not to act as106

an image compressor.107

In this work, we propose a novel framework for108

Step-level Supervised Latent Visual Reasoning that109

embraces the unified nature of high-dimensional110

semantics in latent thoughts. We claim that the111

optimal reasoning state is modality-agnostic when112

operating at the deepest layers of the LLMs, lead-113

ing to a subconscious reaction that forms before114

explicit decoding to discrete text tokens. To harness115

this, we introduce a mechanism where the model116

generates continuous thought vectors supervised by117

an step-level decoder. This Explainable Decoder118

(a freezing LLM) acts as a probe, ensuring that the119

latent thoughts encode valid, interpretable reason-120

ing steps aligned with explicit CoT. Critically, this121

decoder is used only during training to align the122

latent trajectory with ground-truth reasoning. At123

inference, decoder is removed to ensure the model124

reasoning purely in the efficient, high-bandwidth125

latent space.126

Our contributions are threefold:127

1. We introduce a supervised latent visual reason-128

ing framework that eliminates the reliance on129

external tool-uss, enabling fully internalized130

multimodal reasoning.131

2. We propose a novel step-level visual-thought132

alignment mechanism via an explainable de-133

coder, which effectively grounds continuous 134

latent states in interpretable logic without 135

enforcing visual-text-latent modality decou- 136

pling. 137

3. We demonstrate that our approach matches 138

explicit CoT methods on benchmarks such as 139

ScienceQA and VSR while significantly re- 140

ducing inference latency and token consump- 141

tion, validating the efficiency of latent visual 142

thinking. 143

2 Related Work 144

2.1 Multimodal LLM 145

Modern VLMs typically bridge the gap between 146

vision and language by connecting a frozen vi- 147

sual encoder to an LLM via a learnable interface. 148

Architectures such as Flamingo (Alayrac et al., 149

2022) and BLIP-2 (Li et al., 2023) employ cross- 150

attention mechanisms (e.g., Perceiver Resampler or 151

Q-Former) to query visual features, while LLaVA 152

(Liu et al., 2023b) utilizes a simplified linear projec- 153

tion to map image patches directly into the textual 154

embedding space. While these architectures pro- 155

vide a foundation for perception, their reasoning 156

capabilities are heavily augmented by Chain-of- 157

Thought (CoT) prompting (Wei et al., 2022; Bi 158

et al., 2025; Tian et al., 2025; Huang et al., 2025), 159

which decomposes tasks into intermediate textual 160

steps. Recent works have further refined this via 161

Instruction Tuning and Reinforcement Learning 162

from Human Feedback (RLHF) (Sun et al., 2023), 163

yet these methods fundamentally rely on discrete 164

text generation, constraining the reasoning process 165

to the limitations of the vocabulary and sequence 166

length. 167

2.2 Reasoning in Latent Space 168

Latent reasoning aims to bypass the constraints of 169

discrete token generation by operating in continu- 170

ous space. In the language domain, Coconut(Hao 171

et al., 2024a) proposed treating the final-layer hid- 172

den states of an LLM as continuous thoughts, loop- 173

ing them back as inputs to facilitate internal reason- 174

ing without decoding. CODI(Shen et al., 2025b) 175

and SIM-CoT(Wei et al., 2025) further advanced 176

this by compressing explicit CoT into latent tra- 177

jectories via self-distillation. In the multimodal 178

domain, research is nascent. CoCoVa (Ma et al., 179

2025) attempts to extend this by iteratively refin- 180

ing joint vision-language representations through 181
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a latent Q-Former loop, allowing the model to re-182

visit visual features. However, unlike our approach183

which emphasizes semantic alignment of the rea-184

soning trajectory, these methods often focus on185

mechanism design for feature fusion rather than ex-186

plicitly supervising the interpretability and logical187

progression of the latent states.188

2.3 Thinking with Images: From Static189

Perception to Active Interaction190

To overcome the passive nature of standard vi-191

sual encoding, several frameworks have introduced192

mechanisms to actively interact with visual inputs,193

termed thinking with images. Visual Sketchpad(Hu194

et al., 2024) introduced Visual Sketchpad, allowing195

VLMs to generate auxiliary visual markers (lines,196

boxes) to aid geometric reasoning. V-Thinker(Qiao197

et al., 2025) and Thyme(Zhang et al., 2025a) inte-198

grated code-based tools, enabling models to per-199

form operations like cropping and zooming to at-200

tend to fine-grained details. Deepeyes(Zheng et al.,201

2025) further optimized this using Reinforcement202

Learning to learn policies for selecting pixel-level203

operations. While these methods enhance visual204

grounding, they rely on external, non-differentiable205

tools and discrete control tokens. Our work di-206

verges from this paradigm by internalizing the “ac-207

tive” reasoning process into the differentiable latent208

space, avoiding the overhead of external tool invo-209

cation.210

3 Methodology211

We propose a Supervised Latent Visual Reasoning212

framework that scales implicit reasoning to Vision-213

Language Models (VLMs). Our method enables214

reasoning in a continuous high-dimensional space215

while strictly enforcing semantic interpretability216

through a frozen auxiliary supervisor.217

3.1 Preliminaries218

Let V denote the vocabulary and E ∈ R|V|×d219

be the token embedding matrix. We define the220

multimodal reasoning task on a dataset of triplets221

(Xv,Xq,A), where Xv represents the input image,222

Xq is the textual query, and A is the ground-truth223

answer. To facilitate complex reasoning, we lever-224

age ground-truth Chain-of-Thought (CoT) ratio-225

nales C = {s1, s2, . . . , sK}, where each step sk226

consists of a sequence of discrete tokens.227

We adopt Qwen3-VL (Bai et al., 2025) as our228

reasoning backbone Mθ. A critical feature of this229

architecture is the DeepStack mechanism (Meng 230

et al., 2024), which injects multi-scale visual to- 231

kens directly into the deep layers of the LLM via 232

interleaved cross-attention. Unlike shallow-fusion 233

VLMs where visual information fades over long 234

contexts, DeepStack ensures that the hidden states 235

remain visually grounded throughout the reasoning 236

process. This property is vital for our framework, 237

as it prevents the latent reasoning trajectory from 238

decoupling from the visual input. 239

3.2 Latent Visual Reasoning Process 240

As illustrated in Figure 1, our framework replaces 241

the discrete tokens of C with a sequence of con- 242

tinuous latent thoughts Z = {z1, . . . , zK}, where 243

each zk ∈ Rd acts as a compressed semantic rep- 244

resentation of the reasoning step sk. The inference 245

process proceeds in two phases: an implicit rea- 246

soning phase followed by an explicit generation 247

phase. 248

Implicit Reasoning Phase. The model iterates 249

for K steps in a recurrent manner without decoding 250

discrete tokens. Let H(0) be the initial embedding 251

sequence of the input (Xv,Xq). At each reason- 252

ing step k ∈ {1, . . . ,K}, the model computes the 253

hidden states: 254

H(k) = Mθ(H
(k−1) ⊕ zk−1) (1) 255

where ⊕ denotes concatenation along the sequence 256

dimension. The latent thought token zk is defined 257

as the last-layer hidden state at the final position of 258

the current sequence: 259

zk = Last(H(k)) ∈ Rd (2) 260

Crucially, zk is not projected to the vocabulary V . 261

Instead, it is directly appended to the input context 262

for the subsequent step. This establishes a con- 263

tinuous gradient flow, preserving high-bandwidth 264

semantic information that is typically lost during 265

discrete sampling. 266

Explicit Generation Phase. Upon completion of 267

K latent steps, the accumulated context H(K) = 268

[Embed(Xv,Xq); z1; . . . ; zK ] is used to generate 269

the final answer A. The model switches to standard 270

autoregressive decoding: 271

pθ(A | Xv,Xq,Z) =
M∏
t=1

pθ(at | Xv,Xq,Z, a<t)

(3) 272
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Figure 1: Overview of the Supervised Latent Visual Reasoning framework. The main backbone Hθ (left)
performs implicit reasoning by generating continuous latent thoughts (blue tokens), which are recurrently fed into
the next step. During training, a frozen LLM decoder Dϕ (right) aligns these latent thoughts with explicit reasoning
steps via Lalign. At inference, Dϕ is removed.

3.3 Step-Level Alignment via Frozen273

Decoding274

A fundamental challenge in latent reasoning is the275

risk of representation collapse, where continuous276

vectors Z degenerate into uninterpretable noise277

lacking logical structure. To mitigate this, we pro-278

pose step-level visual-thought alignment, which279

supervises the latent space using an explainable280

decoder, denoted as Dϕ.281

Frozen LLM Backbone as Semantic Anchor.282

We instantiate Dϕ as a frozen replica of the reason-283

ing LLM backbone Mθ. Specifically, Dϕ is initial-284

ized with the pre-trained weights of the base model,285

and its parameters are kept fixed (ϕ = const)286

throughout training. This design choice is pivotal:287

by using a frozen copy of the backbone, we estab-288

lish a static semantic anchor. Unlike a trainable289

decoder which might co-adapt with the encoder to290

interpret degenerate signals, the frozen decoder en-291

forces strict compatibility. It requires the reasoning292

model Mθ to generate latent thoughts zk that align293

naturally with the pre-existing linguistic manifold294

of the LLM.295

Step-level Reconstruction. During training, Dϕ296

takes the latent thought zk as a soft prompt and297

reconstructs the corresponding explicit reasoning298

step sk. We minimize the negative log-likelihood299

of the text step conditioned on the latent vector:300

L(k)
align = − log pϕ(sk | zk)301

= −
Lk∑
j=1

log pϕ(yk,j | zk, yk,<j) (4)302

This objective forces the latent vector zk to com-303

press the complete semantic content of sk. Note304

that Dϕ is utilized exclusively during training to 305

provide supervision signals; it is discarded during 306

inference to ensure efficiency. 307

3.4 Training Objective 308

The framework is trained end-to-end using a com- 309

posite objective function. We strictly enforce align- 310

ment at every latent step while optimizing for the 311

final answer accuracy. The total loss is defined as: 312

Ltotal = Ltask + λ
K∑
k=1

L(k)
align (5) 313

Here, Ltask = −
∑M

t=1 log pθ(at | Xv,Xq,Z, a<t) 314

represents the cross-entropy loss for the final an- 315

swer generation. The hyperparameter λ balances 316

the strength of the semantic constraint. By op- 317

timizing this objective, Mθ learns to synthesize 318

latent thoughts that are simultaneously effective for 319

problem-solving via Ltask and linguistically valid 320

via Lalign. 321

4 Experiments 322

In this section, we empirically evaluate the efficacy 323

of our proposed Supervised Latent Visual Reason- 324

ing framework. Our experimental design aims to 325

validate three core hypotheses. We present a com- 326

prehensive comparison against baselines across di- 327

verse benchmarks. 328

4.1 Experimental Setup 329

Models and Training Our framework is instanti- 330

ated using the Qwen3-VL-4B-Instruct backbone. 331

We implement parameter-efficient fine-tuning us- 332

ing Low-Rank Adaptation (LoRA) on the reasoning 333

backbone, with a rank of 16 and alpha of 32. Opti- 334

mization is performed using AdamW with a fixed 335
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Table 1: Main Results. Comparison of accuracy (%) on In-Domain and Out-of-Domain (OOD) tasks. The left block
includes standard benchmarks and the in-domain splits of Reason-RFT. The right block demonstrates generalization
capabilities on the OOD splits of Reason-RFT.

Method
In-Domain Performance Out-of-Domain Performance

SciQA M3CoT VSR Structure Spatial Structure Spatial-L Spatial-R

No-CoT 78.68 59.70 62.88 20.61 22.72 30.63 7.69 7.54
Coconut 92.46 55.09 67.59 - - - - -
SFT-CoT 84.18 55.31 74.14 23.90 49.47 57.63 30.79 29.64

Ours 88.10 60.83 82.80 38.66 55.81 35.88 41.75 42.53

Table 2: Efficiency comparison. We report average generated tokens and inference time (s) across In-Domain (ID)
and Out-of-Domain (OOD) splits. The speedup metric compares our method against the SFT-CoT baseline.

Method Metric SciQA M3CoT VSR
Structure Spatial

ID OOD ID OOD-L OOD-R

No-CoT
Avg. Tokens 281.5 748.1 146.2 27.6 137.7 353.0 730.7 755.1
Time (s) 7.77 20.38 8.05 3.01 5.23 8.56 15.36 16.12

Coconut
Avg. Tokens 7.18 71.9 4.1 - - - - -
Time (s) 3.72 10.99 5.49 - - - - -

SFT-CoT
Avg. Tokens 768.0 3370.1 123.8 157.2 180.7 327.1 381.8 396.3
Time (s) 16.31 34.51 7.32 7.60 8.83 13.67 15.66 16.42

Ours
Avg. Tokens 6.7 98.3 1.0 3.0 3.19 29.86 35.13 33.55
Time (s) 3.45 10.50 3.13 2.80 3.23 4.15 3.91 3.88

Speedup (vs. SFT-CoT) 4.73× 3.29× 2.34× 2.71× 2.73× 3.29× 4.01× 4.23×

learning rate of 5× 10−5. To ensure training stabil-336

ity, we employ a curriculum learning strategy: the337

model is initially supervised with explicit Chain-338

of-Thought data to establish logical grounding, be-339

fore gradually transitioning to the latent reasoning340

objective. We adopt a dynamic latent budget strat-341

egy, assigning K = 10 for logic-heavy tasks like342

M3CoT and K = 5 for concise tasks such as Sci-343

enceQA and VSR. We conducted all experiments344

on 8 NVIDIA A100 (40G) GPUs.345

Datasets and Benchmarks We evaluate our346

framework across a comprehensive suite of multi-347

modal reasoning benchmarks to assess both scien-348

tific synthesis and fine-grained visual logic. Our349

evaluation includes ScienceQA (Lu et al., 2022)350

for multimodal scientific knowledge and the com-351

plex split of M3CoT (Chen et al., 2024) for multi-352

step deductive reasoning. To scrutinize the model’s353

ability to maintain spatial and visual details often 354

lost in text, we explicitly incorporate the relation- 355

reasoning subset of VSR (Shao et al., 2024; Liu 356

et al., 2023a). Furthermore, we report perfor- 357

mance on the in-domain and out-of-domain splits 358

of Reason-RFT (Tan et al., 2025a) to verify gener- 359

alization capabilities across distribution shifts. 360

Baselines We compare our method against three 361

representative paradigms. Direct Generation (No- 362

CoT) serves as a lower-bound baseline where the 363

model directly predicts answers without intermedi- 364

ate reasoning. Explicit CoT represents the standard 365

approach utilizing discrete text tokens, offering 366

high accuracy but suffering from high latency. We 367

also include Coconut (Hao et al., 2024b) as a latent 368

reasoning baseline that lacks our proposed seman- 369

tic thought alignment, serving as an ablation study 370

for our supervised objective. 371
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Figure 2: Main Results on Reasoning Benchmarks. Comparison of accuracy across standard benchmarks (SciQA,
M3CoT, VSR) and Reason-RFT splits (Structure, Spatial). Our method (Orange) consistently outperforms baselines,
particularly in OOD scenarios where Coconut often struggles. Visualizing Table 1.

4.2 Experimental Results372

Performance Analysis. Table 1 summarizes the373

performance across all benchmarks. Our proposed374

framework consistently outperforms the Direct375

Generation baseline, confirming that internalizing376

reasoning steps is crucial for complex multimodal377

tasks. On ScienceQA, we achieve a substantial378

improvement of 9.42% over the no-reasoning base-379

line. Most notably, on the VSR benchmark, our380

method demonstrates a remarkable gain, surpass-381

ing the Direct Generation baseline by nearly 20%382

(from 62.88% to 82.80%) and significantly outper-383

forming standard Explicit CoT (74.14%). This re-384

sult supports our hypothesis that continuous latent385

tokens preserve high-bandwidth visual information386

such as spatial coordinates and fine-grained fea-387

tures, are often compressed or lost during the trans-388

lation to discrete text. Furthermore, in the M3CoT389

deductive reasoning task, our method achieves the390

highest accuracy of 60.83%, indicating that the se-391

mantic thoughts alignment mechanism effectively392

regularizes the latent space for complex logical393

operations.394

Computational Efficiency. Table 2 highlights395

the computational advantages of shifting reason-396

ing to the latent space. By bypassing the autore-397

gressive generation of intermediate text tokens, we398

drastically reduce the sequence length required for399

inference. On ScienceQA, the average token count400

drops from 281.5 in the No-CoT baseline to just 6.7401

in our method, translating to a 2.25× wall-clock402

speedup. Similarly, on the computationally inten-403

Table 3: Effect of Latent Thought Budget (K). We
scale the latent reasoning steps on M3CoT. Performance
peaks at K = 10, balancing accuracy and token con-
sumption.

Budget Accuracy (%) Avg. Tokens

2 54.44 67.20
4 56.08 73.00
6 56.61 72.60
8 56.17 78.40
10 60.83 98.30
12 60.05 87.03
14 58.24 83.90

sive M3CoT dataset, we observe a 1.94× speedup 404

compared to Explicit CoT. These results verify that 405

our framework breaks the dependency between rea- 406

soning depth and generation latency, offering a sus- 407

tainable path for scaling inference-time compute. 408

4.3 Ablation Study 409

We investigate the scaling laws of latent reason- 410

ing by varying the latent token budget K on the 411

M3CoT dataset. As shown in Table 3 and visual- 412

ized in Figure 4, there is a clear positive correlation 413

between the capacity of the latent thought process 414

and task performance. Accuracy improves from 415

54.44% with minimal reasoning (K = 2) to a peak 416

of 60.83% at K = 10. This trajectory suggests that 417

allocating more thinking time and reasoning step in 418

the latent space allows the model to perform deeper 419

verification and integration of multimodal evidence. 420

While setting K = 10 marginally increases the in- 421
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Proportional Consumption (Tokens)

SciQA

M3CoT

VSR

Struct(ID)

Struct(OOD)

Spat(ID)

Spat-L(OOD)

Spat-R(OOD)

6.7 768.0

98.3 3370.1

1.0 123.8

3.0 157.2

3.2 180.7

29.9 327.1

35.1 381.8

33.5 396.3

Ours SFT-CoT

Proportional Consumption (Time (s))

SciQA

M3CoT

VSR
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Struct(OOD)
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Spat-L(OOD)

Spat-R(OOD)
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Figure 3: Efficiency Comparison. Side-by-side comparison from Table 2 of proportional resource consumption.
Left: Average Generated Tokens. Right: Inference Time (s). The segments show the raw values; a smaller segment
for Ours (Orange) indicates higher efficiency compared to SFT-CoT (Yellow). Our method significantly reduces
overhead across most tasks in both metrics.
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Figure 4: Effect of Latent Thought Budget. We
scale the latent reasoning steps on M3CoT. Performance
peaks at K = 10, effectively balancing reasoning accu-
racy with token consumption. Visualizing Table 3.

ference cost to 98.3 tokens, this investment yields422

a significant +6.39% accuracy gain, justifying the423

trade-off for complex reasoning tasks.424

5 Analysis425

Existing latent reasoning approaches often suffer426

from latent instability, where unsupervised contin-427

uous thoughts drift away from the language mani-428

fold, leading to semantic collapse. In this section,429

we scrutinize our framework to verify whether the430

proposed Semantic Thought Alignment effectively431

mitigates these risks. We conduct our analysis from432

two perspectives: the geometric topology of the la-433

tent space and the semantic interpretability of the434

decoded thoughts.435

5.1 Geometric Structure and Modality Bridge436

To validate that our latent thoughts maintain se-437

mantic validity under the supervision of the frozen438

decoder, we visualize the geometric relationship439

between modality-specific representations. We ran- 440

domly sample 2,000 vectors from three distinct 441

sources across the test sets of VSR, M3CoT, and 442

Reason-RFT: Visual Tokens extracted by the vision 443

encoder, Text Tokens from the pre-trained LLM 444

embeddings, and our generated Latent Tokens (Z). 445

We project these high-dimensional representations 446

into a two-dimensional space using t-SNE. 447

As illustrated in Figure 5, the visualization re- 448

veals a consistent topological pattern across all 449

three datasets. Unlike unsupervised approaches 450

where latent vectors often collapse into a singular- 451

ity or drift into undefined regions, our latent tokens 452

form a structured and dispersed manifold. Cru- 453

cially, the Latent Token cluster is situated proximal 454

to the Text Token manifold, partially overlapping 455

with it. This geometric proximity serves as strong 456

empirical evidence for our alignment hypothesis: 457

the frozen LLM decoder acts as a semantic anchor, 458

constraining the latent thoughts to reside within the 459

valid linguistic activation space of the LLM. 460

Furthermore, the Latent cluster acts as a topo- 461

logical bridge, extending from the Text manifold 462

towards the Visual manifold. This suggests that 463

the continuous reasoning process successfully per- 464

forms modality fusion. The latent vectors absorb 465

high-bandwidth visual information, represented 466

by the drift towards the visual cluster while re- 467

taining the discrete logical structure required by 468

the language model. This bridging effect explains 469

the model’s superior performance on visual-heavy 470

tasks like VSR, as the latent space captures fine- 471

grained visual gradients that are typically lost when 472

forcing a collapse to purely discrete text tokens. 473
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Figure 5: Visualization of Token Distributions. We visualize the latents and explicit tokens on VSR, M3CoT and
Reason-RFT, respectively. In all three datasets, the latent tokens form a compact cluster structurally positioned
between the visual and textual manifolds. This topological bridging and connecting effect confirms that the latent
thoughts remain grounded in the linguistic space.

5.2 Semantic Decodability and Step-wise474

Logic475

A prevalent failure mode in latent reasoning is se-476

mantic homogenization, where continuous latent477

thoughts degenerate into repetitive numerical pat-478

terns devoid of meaningful logic. To prove the479

internal reasoning process of our model, we uti-480

lize the frozen LLM decoder Dϕ to conduct de-481

coding process. Although Dϕ is discarded during482

inference, it allows us to project the subconscious483

latent stream Z = {z1, . . . , zK} back into the in-484

terpretable discrete text token space for qualitative485

analysis. Detailed cases are shown in Appendix A.486

Temporal Evolution of Reasoning. Upon decod-487

ing the latent sequences generated by our model,488

we observe a coherent temporal evolution that mir-489

rors the cognitive process of explicit Chain-of-490

Thought. As visualized in the qualitative examples491

in Appendix A, the reasoning trajectory exhibits a492

clear shift from perception to deduction. The early493

latent states typically decode into explicit visual494

grounding statements, capturing fine-grained at-495

tributes and spatial relationships extracted from the496

image. As the reasoning progresses to deeper steps,497

the decoded content transitions towards hypothesis498

verification and logical synthesis, aggregating the499

previously attended visual evidence to derive the fi-500

nal conclusion. This structured transition confirms501

that our frozen supervision effectively prevents the502

latent space from collapsing into noise, forcing503

the vectors to encode a semantic trajectory that is504

isomorphic to explicit human reasoning.505

Richness of Latent Semantics. Furthermore, the506

decoding results reveal that the latent thoughts re-507

tain high-bandwidth visual information that is often508

compressed in standard text generation. We find509

that the decoded sequences frequently describe sub- 510

tle visual cues, such as texture, fine-grained object 511

states, or complex spatial configurations. These are 512

pivotal for correct answering but might be omitted 513

in a concise text-only CoT. This supports that the 514

latent space operates as a unified modality space, 515

allowing the model to think and reasoning using a 516

dense representation that fuses visual features with 517

linguistic logic. The ability of the frozen decoder 518

to reconstruct these details verifies that zk serves 519

as a valid semantic interface between the visual 520

encoder and the language backbone. 521

6 Conclusion 522

In this work, we presented a novel framework for 523

Supervised Latent Visual Reasoning, bridging the 524

gap between implicit continuous thought and ex- 525

plicit multimodal logic. By introducing a frozen 526

explainable decoder as a semantic supervisor, we 527

successfully stabilized the latent reasoning trajec- 528

tory, ensuring that high-dimensional thought vec- 529

tors remain interpretable and grounded in visual ev- 530

idence. Our experiments on multiple benchmarks 531

demonstrate that this approach not only achieves 532

competitive accuracy compared to explicit Chain- 533

of-Thought methods but also drastically reduces 534

inference latency. These findings suggest that the 535

future of efficient multimodal intelligence lies in 536

shifting reasoning from the surface level of discrete 537

token generation to the deep semantic space of la- 538

tent representations, offering a robust path toward 539

scalable reasoning in VLMs. 540

Limitations 541

While our framework improves efficiency and 542

reasoning stability, several limitations remain. 543

First, our method relies on high-quality Chain-of- 544

8



Thought annotations for step-level alignment dur-545

ing training; extracting such supervision for open-546

world visual tasks remains a challenge. Second,547

although the frozen decoder allows for post-hoc in-548

terpretation, the reasoning process during inference549

operates fundamentally as a black-box, making550

real-time user intervention or error correction less551

straightforward compared to explicit text genera-552

tion. Finally, the current implementation employs a553

fixed budget for latent reasoning steps; developing554

adaptive mechanisms to dynamically determine the555

necessary reasoning depth based on instance com-556

plexity is a promising direction for future research.557
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A Qualitative Analysis of Decoded Latent762

Thoughts763

In this section, we present the full decoding results764

from our frozen auxiliary decoder Dϕ across five di-765

verse reasoning scenarios from the M3CoT dataset.766

These cases cover fine-grained visual perception,767

abstract geometric reasoning, deductive logic, and768

complex spatial/mathematical estimation. The ta-769

bles below show the exact text reconstructed from770

the continuous latent tokens Z = {z1, . . . , z10}771

generated by our model during the implicit reason-772

ing phase.773

Question: What can be inferred about the child in the picture?
GT Answer: C (The child enjoyed her birthday cake and is 1 year old)

Step Decoded Thought Dϕ(zk)

z2 option B is the correct answer. B

z3 that she enjoyed eating the cake. Step2 : Therefore, the correct
answer is C. Step3 : Therefore, option C is the correct answer. C

z4 her mouth, indicating that she has finished eating her cake. Step3 :
Therefore, it can be inferred that the child enjoyed her birthday cake
and is 1 year old. Step4 : Therefore, the correct answer is option C.
C

z6 on her face indicates that she enjoyed eating the cake. Step3 : There-
fore, the correct answer is C, which states that the child enjoyed her
birthday cake and is 1 year old. Step4 : Therefore, the answer is C.
C

z7 ’s face smeared with frosting suggests that she enjoyed her cake and
smeared the frosting on her face. Step3 : Therefore, option C is the
correct answer. |answer| C

z8 on her face suggests that she enjoyed her cake enough to smear it on
her face. Step2 : The evidence suggests that the child is 1 year old
and has a light brown tattoo on her right arm. Step3 : The evidence
does not provide any information about the child’s taste in candy
or whether she had a birthday cake. Step4 : Therefore, the correct
answer is C, that the child enjoyed her birthday cake and is 1 year
old. C

z9 , option C is the correct answer. C

Figure 6: Case 1: Fine-grained Visual Perception.
The model identifies details like "smeared with frosting"
(z7) and "1 year old" (z4, z6) to infer the child’s status.

Input Image
Question: Point out the spot on the picture where the altitude is at its lowest.
GT Answer: B (Point B)

Step Decoded Thought Dϕ(zk)

z1 the point B. - Examine the corresponding color and compare it to
the legend. - We can make a rough estimation that the altitude is
roughly 0.2 kilometers. Step2 : Determine the altitude of point A.
- Search for the contour lines that intersect or come close to this
specific point. - Examine the corresponding color and compare it
to the legend. - We can make a rough estimation that the altitude
is roughly 5.2 kilometers. Step3 : With a clear conscience, we can
state that 0.2 < 5.2. Consequently, Point B’s altitude is the lowest.
Step4 : So choice "(B) Point B" is the correct answer. B

z2 proximity to the point B. - Analyze the associated color and match
it with the legend. - We can roughly gauge that the altitude stands at
approximately 0.4 kilometers. Step2 : Since 0.4 < 5.6, it is clear that
Point B holds the record for the lowest altitude. Step3 : Therefore,
choice "B.Point B" should be selected. B

z3 to the point B. - Examine the corresponding color and compare it
to the legend. - We can make a rough estimation that the altitude
is roughly 0.1 kilometers. Step3 : Now, let’s compare the altitudes
of the two points: - The altitude of point A is approximately 4.4
kilometers. - The altitude of point B is approximately 0.1 kilometers.
Step4 : Thus, Point B has the lowest altitude. Step5 : Hence, the
solution is choice "(B) Point B". B

z4 through or closely approach this location. - Read the corresponding
color, and compare it with the color in the legend. - We can make
an approximate estimate that the elevation is around 5.1 kilometers.
Step2 : Determine the altitude of point B. - Now, seek out the
contour lines that intersect with it or pass nearby. - Analyze the
associated color and match it with the legend. - We can roughly
gauge that the altitude stands at approximately -0.1 kilometers.
Step3 : - Due to the hierarchy of numbers, -0.1 < 5.1. - Thus, point
B’s position at the lowest altitude. Step4 : Therefore, the answer is
choice "(B) Point B" B

z5 go through or closely approach this location. - Read the correspond-
ing color, and compare it with the color in the legend. - We can
make an approximate estimate that the elevation is around 0.4 kilo-
meters. Step2 : Determine the altitude of point B. - Examine the
contour lines that either go through or closely approach this location.
- Examine the corresponding color and compare it to the legend.
- We can make a rough estimation that the altitude is roughly 1.7
kilometers. Step3 : - Due to the hierarchy of numbers, 0.4 < 1.7. -
Hence, it is clear that Point B’s position at the lowest altitude. Step4
: Therefore, the solution is choice "(B) Point B". |answer| B

z9 contour lines that either go through or closely approach this location.
- Observe the corresponding color and cross-reference it with the
legend. - We can make a rough estimation that the altitude is roughly
0.6 kilometers. Step2 : Ascertain the elevation of point B. - Now,
seek out the contour lines that intersect with it or pass nearby. -
Read the corresponding color, and compare it with the color in the
legend. - We can make a rough estimation that the altitude is roughly
0.8 kilometers. Step3 : Because 0.6 < 0.8. Hence, Point B has the
lowest altitude. Step4 : For these reasons, choice "(B) Point B" is
the correct answer. |answer| B

Figure 7: Case 2: Quantitative Spatial Analysis. The
model reads the legend and estimates numerical altitude
values to perform comparisons (0.2 < 5.2).
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Input Image
Question: What can be inferred from the image?
GT Answer: D (The store caters to customers of all ages)

Step Decoded Thought Dϕ(zk)

z2 Step2 : Option B is incorrect because the store also sells toys and
other items that may not be suitable for children. Step3 : Option
C is incorrect because there is no evidence that the step stool is
used by employees, only that it is used by customers to reach higher
shelves. Step4 : Option D is correct because the store sells books,
toys, and other items that may be suitable for customers of all ages.
Conclusion: Therefore, option D is the correct answer. |answer| D

z3 and caters to customers of all ages. Therefore, option D is the
correct answer. Step2 : The step stool could be used by employees
to reach higher shelves, but this is not directly related to the age
range of customers. Therefore, option C is incorrect. Step3 : There
is no direct evidence to suggest that the store is exclusively for
children, so option B is incorrect. Step4 : The store sells more than
just books, as evidenced by the stuffed animals in a basket, so option
A is incorrect. Therefore, option D is the correct answer. |answer| D

z4 correct answer. |answer| D

z6 in a basket on the floor may not be for sale, but could be used for
decoration or as a way to engage with younger customers. Step2 :
Therefore, option D is the correct answer. D

z8 caters to customers of all ages. Step2 : Therefore, the correct
answer is D. Step3 : The other options are incorrect as there is no
evidence to suggest that the store only sells books or is exclusively
for children. Therefore, option D is the correct answer. D

Figure 8: Case 3: Deductive Logic and Exclusion.
The latent thoughts demonstrate a rigorous elimination
process, explicitly ruling out Options A, B, and C based
on visual evidence.
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