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Abstract001

Vision-Language Models (VLMs) often suffer002
from hallucination, partly due to challenges in003
aligning multimodal information. We propose004
Prompt-in-Image, a simple method that embeds005
textual instructions directly into images. This006
removes the need for separate text inputs and007
forces the model to process all content through008
the visual channel. We evaluate this method009
on three popular open-source VLMs: Qwen2.5-010
VL, LLaVA-1.5, and InstructBLIP. The results011
reveal sharp differences. Prompt-in-Image im-012
proves Qwen2.5-VL’s performance, increas-013
ing POPE accuracy by 4.1% (from 80.2% to014
84.3%) and also reducing hallucination rates015
on MS-COCO. In contrast, LLaVA-1.5 and In-016
structBLIP experience a severe performance017
drop, with accuracy falling from around 84% to018
near-random levels. Through detailed analysis,019
we found that CLIP-based encoders in LLaVA020
and InstructBLIP exhibit excessive attention021
bias toward embedded text regions, disrupting022
visual understanding. In contrast, Qwen’s vi-023
sion encoder handles text-embedded images024
robustly. Crucially, Prompt-in-Image reduces025
Qwen’s modality gap, enhancing cross-modal026
alignment by unifying information processing027
through a single modality.028

1 Introduction029

Most modern Vision-Language Models (VLMs)030

follow a standard architecture: a visual encoder031

(typically ViT), a projector, and a language model032

(LLM decoder). Since visual and textual compo-033

nents are pre-trained separately (Rabinovich et al.,034

2023), this approach introduces inherent cross-035

modal alignment challenges, significantly hamper-036

ing the model’s overall performance. One promi-037

nent manifestation of these alignment issues is the038

language bias phenomenon, where VLMs dispro-039

portionately rely on textual information while ig-040

noring visual information (Niu et al., 2021; Wang041

et al., 2024a, 2025). To address these cross-modal042

backpack

No, there is no backpack visible 
in the image.

Yes, there is a backpack in the 
image. It is being carried by one 
of the individuals walking in the 
background.

Prompt-in-ImageOriginal Image

Accuracy: 84.3%Accuracy: 80.2%

Figure 1: An example of Prompt-in-Image: the text
instruction is directly embedded into the image. Using
Prompt-in-Image, Qwen2.5-vl performance improves.

alignment challenges, previous approaches have 043

focused on improving cross-modal fusion. How- 044

ever, instead of enhancing cross-modal integration, 045

we ask whether we can avoid cross-modal align- 046

ment challenges entirely by relying solely on single- 047

modality information. 048

We propose Prompt-in-Image (Figure 1), which 049

embeds textual instructions directly into images. 050

By forcing models to process all information 051

through the visual channel, this approach may en- 052

hance fusion and reduce alignment issues. 053

We use hallucination as our primary evaluation 054

task for two key reasons: (1) hallucination rep- 055

resents a major challenge in VLM development, 056

where models describe non-existent objects or miss 057

key visual details, seriously affecting VLM per- 058

formance and reliability; and (2) hallucination 059

is highly correlated with modality alignment is- 060

sues (Liu et al., 2024), making it an ideal testbed 061

for evaluating our approach. 062

We use POPE, a representative hallucination 063

benchmark, to extensively test three popular VLMs: 064

Qwen2.5-VL, InstructBLIP and LLaVA-1.5. Sur- 065

prisingly, we observe opposite effects. On POPE, 066

Qwen2.5-VL’s accuracy improves by 4–5%, while 067

LLaVA-1.5’s performance drops dramatically from 068
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84% to 55% (a near-complete collapse). Simi-069

larly, InstructBLIP shows consistent behavior with070

LLaVA-1.5, declining from 74.4% to 54%. Our071

analysis reveals two key findings. First, LLaVA072

and InstructBLIP’s collapse comes from its CLIP-073

based encoder’s strong text bias, which gives too074

much attention to embedded text regions. This cre-075

ates severe hallucinations. In contrast, Qwen’s vi-076

sion encoder handles text-embedded images much077

better. Second, Prompt-in-Image effectively re-078

duces Qwen’s modality gap, improving cross-079

modal alignment and boosting performance.080

In summary, our contributions are threefold:081

1. We propose Prompt-in-Image, a novel input082

strategy that embeds text into images to im-083

prove modality integration.084

2. We conduct systematic evaluations on Qwen-085

VL, InstructBLIP and LLaVA-1.5, revealing086

divergent effects of Prompt-in-Image on hal-087

lucination performance.088

3. We conduct an in-depth analysis of the perfor-089

mance gap and explain how Prompt-in-Image090

improves performance by reducing modality091

gaps and enhancing alignment092

The rest of this paper is organized as follows.093

Section 2 reviews related work on VLM architec-094

tures, hallucination problems, and existing mitiga-095

tion methods. Section 3 presents our Prompt-in-096

Image method, including the design details, evalu-097

ation benchmarks (POPE and MS-COCO), tested098

models, and experimental configurations. Section 4099

reports our experimental results, showing Prompt-100

in-Image’s contrasting effects on different models.101

Section 5 provides an in-depth analysis to explain102

these divergent outcomes. Finally, Section 6 con-103

cludes the paper and discusses future directions.104

2 Related Works105

2.1 Vision-Language Models and106

Hallucination107

Vision-Language Models (VLMs) have rapidly108

evolved in recent years, with many powerful mod-109

els like GPT-4o (OpenAI, 2024), LLaVA (Liu et al.,110

2023b), and Qwen-VL (Bai et al., 2025) achieving111

impressive performance. These models typically112

share similar architectures: a vision encoder to pro-113

cess images, a projection layer, and a language114

model to generate text. Despite their success in115

various tasks, hallucination remains a critical chal- 116

lenge for VLMs. Hallucinations can be categorized 117

into two types. Judgement hallucination occurs 118

when the model’s response to a user’s query is in 119

disagreement with the actual visual data. Descrip- 120

tion hallucination is a failure to faithfully depict 121

the visual information (Liu et al., 2024). To com- 122

prehensively evaluate and quantify this problem, 123

researchers have proposed various VLM hallucina- 124

tion evaluation methods and benchmarks, includ- 125

ing POPE (Li et al., 2023), NOPE (Lovenia et al., 126

2023), CHAIR (Rohrbach et al., 2018), MMHal- 127

Bench (Sun et al., 2023), and AMBER (Wang et al., 128

2023). 129

2.2 Hallucination Causes and Mitigation 130

Methods 131

The causes of hallucination in VLMs are complex 132

and multifaceted. Several important factors con- 133

tribute to this problem, such as data bias (Liu et al., 134

2023a), limitations in vision encoders (Li et al., 135

2024; Cho et al., 2022; Gong et al., 2024), poor 136

modality alignment (Sun et al., 2023), and the inher- 137

ent hallucination of LLMs. To address these issues, 138

various methods have been proposed. Among them, 139

training-free contrastive decoding (CD) strategies 140

have shown effectiveness in reducing hallucina- 141

tion. Contrastive decoding reduces hallucination 142

by comparing model outputs from original and per- 143

turbed inputs—such as visually noised images or 144

modified instructions—to suppress over-reliance 145

on language priors. Representative examples in- 146

clude Visual Contrastive Decoding (VCD) (Leng 147

et al., 2024) and Instruction Contrastive Decoding 148

(ICD) (Wang et al., 2024b). However, these meth- 149

ods also come with limitations, including slower 150

inference speed and limited performance gains. 151

Moreover, some recent studies (Yin et al., 2025) 152

have argued that such decoding strategies may be 153

entirely unrelated to the original objective of hallu- 154

cination mitigation. 155

3 Method 156

3.1 Prompt-in-Image Design 157

In traditional VQA tasks, users provide both an im- 158

age and textual instructions (prompt), and VLMs 159

process both visual and textual inputs to complete 160

the task. To enable models to rely on single- 161

modality information, we adopt a straightforward 162

approach: directly embedding instructions into the 163

image, similar to movie subtitles. We then provide 164
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Figure 2: Comparison of interaction paradigms. (a) Traditional VLM interaction requires both an image and a
separate text prompt as input. (b) Prompt-in-Image embeds the instruction directly into the image, allowing users to
provide only the image without any extra textual input.

only the image to the VLM, eliminating separate165

textual input. We call this approach "Prompt-in-166

Image."167

To create Prompt-in-Image, we render the ques-168

tion text at the bottom of each image. To avoid169

occluding image content, we add a separate white170

rectangular area below each image. The question171

is rendered in black Arial font (26pt), ensuring172

machine readability. This text region covers only173

about 5% of the total image height, minimizing174

interference with the original visual content. To175

control for visual changes unrelated to text, we in-176

clude a white blank box condition: a control group177

where the same white rectangular area is added178

without any text. The image size in this group is179

kept identical to that in the Prompt-in-Image con-180

dition.181

3.2 Benchmarks and Evaluation Metrics182

We evaluate Prompt-in-Image on two complemen-183

tary benchmarks:184

POPE (Polling-based Object Probing Eval-185

uation) (Li et al., 2023): This dataset evaluates186

object existence detection using binary questions187

such as “Is there a <object> in the image?”, where188

<object> is selected from three splits: random (ran-189

domly selected objects), popular (frequently oc-190

curring objects), and adversarial (objects closely191

related to those in the image). We focus on the192

adversarial subset, which is the most challenging193

and closely reflects real-world hallucination sce-194

narios. The complete adversarial dataset consists195

of 3,000 questions (500 images × 6 questions per196

image). To balance comprehensive evaluation with 197

computational efficiency, we randomly selected 198

1,000 questions for testing. Model performance is 199

measured using accuracy and F1 score. 200

MS-COCO Caption: We randomly select 500 201

images from the MS-COCO 2017 (Lin et al., 2014) 202

validation set and prompt the VLMs with “Describe 203

this image in detail.” Hallucination is evaluated 204

using the CHAIR metric (Rohrbach et al., 2018), 205

which compares generated captions against ground- 206

truth object labels. We report two scores: CHAIRi, 207

the proportion of hallucinated objects among all 208

mentioned objects; and CHAIRs, the proportion of 209

captions containing at least one hallucinated object. 210

These two datasets are well-established bench- 211

marks and provide a comprehensive evaluation 212

framework, covering both binary question answer- 213

ing and open-ended generation tasks. 214

4 Experimental Results 215

4.1 Models 216

We evaluate our method on two widely used open- 217

source VLMs: Qwen2.5-VL-7B (Bai et al., 2025), 218

InstructBLIP-vicuna-7B (Dai et al., 2023) and 219

LLaVA-v1.5-7B (Liu et al., 2023b). All three mod- 220

els follow similar transformer-based architectures 221

and demonstrate strong performance across mul- 222

timodal tasks. Importantly, all three are capable 223

of accurately recognizing questions embedded in 224

images, making them suitable for evaluating the 225

effectiveness of Prompt-in-Image. 226
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Setting Qwen2.5-VL-7B InstructBLIP-7B LLaVA-v1.5-7B

Acc. F1 Yes Ratio Acc. F1 Yes Ratio Acc. F1 Yes Ratio

Baseline 80.2 0.76 0.32 74.4 0.72 0.53 84.0 0.86 0.62
Control 80.5(+0.3) 0.77 0.33 75.0(+0.6) 0.77 0.53 84.0(±0) 0.86 0.62
Hybrid 83.0(+2.8) 0.81 0.38 63.2(-11.2) 0.69 0.68 64.0(-20.0) 0.74 0.82

Prompt-in-Image 84.3(+4.1) 0.82 0.38 – – – – – –
Prompt-in-Image† 82.1(+1.9) 0.81 0.43 54.0(-20.4) 0.70 0.99 55.0(-29.0) 0.70 0.99

Table 1: Performance of different input settings on three VLMs. Prompt-in-Image (without instruction) is only
applicable to Qwen2.5-VL. †With explicit instruction "Answer the questions in the image".

Setting CHAIRs CHAIRi
(%) (%)

Baseline 32.3 8.8
Hybrid 34.2(+1.9) 9.9(+1.1)

Prompt-in-Image 24.7(-7.6) 6.7(-2.1)

Table 2: Hallucination rates on MS-COCO us-
ing CHAIR metrics. Prompt-in-Image reduces both
CHAIRs and CHAIRi compared to other input modes.

4.2 Experimental Configuration227

We evaluate four input configurations to test the228

effect of Prompt-in-Image:229

• Baseline: Original image + text prompt.230

• Prompt-in-Image: Image with embedded231

question + no text prompt (system messages232

like “You are a helpful assistant.” may still be233

present).234

• Hybrid: Image with embedded question +235

text prompt.236

• Control: Image with a blank white box (no237

text) + text prompt. This controls for the vi-238

sual change introduced by the prompt region.239

All experiments are conducted with identical240

inference parameters and fixed random seeds to241

ensure reproducibility. The decoding temperature242

is set to 0.7 (default). These configurations allow243

us to isolate the effects of visual input, textual input,244

and their interaction.245

VLMs behave very differently when processing246

our Prompt-in-Image samples. Qwen2.5-VL works247

quite naturally with embedded questions—it can248

directly read and answer questions that are placed249

in the image without needing any extra instructions250

from us. LLaVA-1.5 and InstructBLIP, however,251

act differently. When we don’t give them specific252

text instructions, they tend to treat embedded text as253

just another part of the image to describe. Instead 254

of answering the embedded question, they often 255

give general descriptions of what they see. 256

To ensure fair comparison, we give InstructBLIP 257

and LLaVA-1.5 a clear instruction for all Prompt-in- 258

Image tests: "Answer the questions in the image." 259

This prevents LLaVA from just describing the im- 260

age and ensures both models are actually trying to 261

answer the embedded questions. Additionally, for 262

experimental rigor, we conducted the same experi- 263

ments with the Qwen model (see Table 1). We will 264

analyze these results in detail in the next section. 265

4.3 POPE Evaluation 266

Table 1 summarizes the performance comparison 267

between three VLMs on POPE. The results reveal 268

striking differences between models: 269

Qwen2.5-VL demonstrates consistent improve- 270

ments with Prompt-in-Image. Accuracy increases 271

by 4.1% (80.2% → 84.3%). The Hybrid configu- 272

ration also shows gains (+2.8%), though slightly 273

lower than Prompt-in-Image. We examine spe- 274

cific examples to better understand how Prompt-in- 275

Image changes Qwen’s behavior (Figure 3, Top). 276

The results show clear differences between baseline 277

and Prompt-in-Image responses. Surprisingly, we 278

find that Prompt-in-Image helps the model detect 279

small, unusual, or partially hidden objects that it 280

missed before. More importantly, Qwen doesn’t 281

just identify these challenging objects—it can also 282

tell us exactly where they are located in the im- 283

age (e.g., "on the right side of the image"). This 284

suggests that Prompt-in-Image actually improves 285

Qwen’s visual understanding and ability to ground 286

objects in the scene, rather than simply making it 287

say "yes" more often to questions. 288

LLaVA-v1.5 and InstructBLIP exhibit catas- 289

trophic performance degradation. LLaVA-v1.5 290

drops dramatically from 84.0% baseline accuracy 291

to 55.0%, while InstructBLIP shows very similar 292

behavior, declining from 74.4% to 54.0%. More 293
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POPE Example 1: POPE Example 2:

coach Prompt-in-Image: Yes, there appears 
to be a couch in the background of 
the image. It is partially visible 
and out of focus, but the shape and 
cushioning suggest it is a couch.

Baseline: No, there is no couch in 
the image. The background appears to 
be a dark, blurred setting, possibly 
a room, but there is no visible couch.

laptop

Baseline: No, there is no laptop in 
the image in the image.

Prompt-in-Image: Yes, there is a 
laptop in the image. It is partially 
visible on the right side of the 
image, with the screen and part of 
the keyboard showing.

backpack

Baseline: No, there is no backpack 
visible in the image.

Prompt-in-Image: Yes, there is a 
backpack in the image. It is being 
carried by one of the individuals 
walking in the background.

Baseline: No, there is no chair in 
the image in the image.

Prompt-in-Image: Yes, there is a 
chair in the image. It can be seen on 
the left side of the image, partially 
obscured by the person standing on 
the skateboard.

chair

POPE Example 3: POPE Example 4:

Prompt-in-Image: This image is an advertisement for Adidas, a well-known sportswear brand. The ad features two 
individuals engaged in a tennis match, set against a backdrop that resembles a tennis court. The woman in the foreground 
is dressed in a white tennis outfit with a red skirt and a white headband, holding a tennis racket mid-swing, with a 
tennis ball visible in the air. The man in the background is also dressed in a tennis outfit, wearing a blue and white 
striped shirt and shorts, and is holding a tennis racket as well. Both individuals appear to be in motion, suggesting an 
active and dynamic scene. The advertisement is framed within a large, dark blue box that resembles a product box, with 
the Adidas logo prominently displayed at the bottom. The text "adidas The science of sport" is written in white, 
emphasizing the brand's focus on sports performance. Above the image, the tagline "get into top gear with adidas" is 
written in white, encouraging viewers to associate the brand with high performance and readiness. At the bottom of the 
image, there is additional text that reads, "Official Supplier To Canada's Olympic Teams" which highlights Adidas's 
association with elite sports and its support for national teams. The overall design of the advertisement is clean and 
professional, with a focus on the brand's connection to sports and athleticism.

Baseline: The image is a vintage advertisement featuring athletes on a tennis court showcasing tennis gear. The 
advertisement highlights "adidas" alongside the slogan, "get into top gear with adidas." Two tennis players are featured; 
one in the foreground appears poised to serve, carrying a tennis racket with the ball visible, and the other plays peek-
a-boo scrape on the bench of the bag Court. 

Caption Example:

Figure 3: Case studies on Qwen2.5-VL. Top: POPE examples comparing baseline and Prompt-in-Image responses
for object presence detection. Bottom: An MS-COCO captioning example. Prompt-in-Image helps the model
generate more detailed answers and with lower hallucination.

concerning, both models show Yes Ratios jumping294

to 0.99, indicating they default to "yes" for nearly295

all queries. This represents a complete loss of dis-296

criminative capability for both models.297

In all models, the control groups perform nearly298

identically to the baseline, confirming that the per-299

formance changes are caused by the presence of300

text in the image, rather than layout or formatting301

changes.302

4.4 MS-COCO Validation303

Given Qwen2.5-VL’s promising results on POPE,304

we conducted further evaluation using MS-COCO305

Caption to assess performance on open-ended gen-306

eration tasks. We tested 500 images, and evaluated307

model outputs using the CHAIR metric. Prompt-308

in-Image yields consistent improvements across309

both hallucination metrics. In Table 2, CHAIRs de-310

creases by 7.6% (32.3% → 24.7%) and CHAIRi by311

2.1% (8.8% → 6.7%), indicating reduced hallucina-312

tion at both sentence and instance levels. Figure 3313

(Bottom) shows a good example of this improve-314

ment. With Prompt-in-Image, the model generates315

much more detailed captions, including specific316

details like clothing colors and small text visible in317

the image. This is interesting because the model ac- 318

tually says more and gives more details, but makes 319

fewer mistakes. Prompt-in-Image helps the model 320

see and describe what’s really there, rather than 321

just making up information. 322

5 Divergent Effects of Prompt-in-Image 323

Our experiments reveal contradictory effects of 324

Prompt-in-Image across different models. This 325

section addresses two critical questions: 326

• Why does InstructBLIP and LLaVA’s perfor- 327

mance degrade with Prompt-in-Image? 328

• How does Prompt-in-Image enhance Qwen’s 329

performance? 330

We examine both questions in detail in this section. 331

5.1 Why Prompt-in-Image Hurts LLaVA 332

We analyze CLIP ViT-L/14 (Radford et al., 2021), 333

which serves as the visual encoder in LLaVA-v1.5 334

and is also closely related to the visual encoder in 335

InstructBLIP. We visualize the patch-level attention 336

weights across different layers (Figure 4), using the 337

average attention across all heads. Specifically, 338
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Figure 4: CLIP attention visualization across layers 4, 12, and 24 on the example image. Each row shows patch-level
attention weights for Prompt-in-Image (with embedded text) versus Control Group (text-free images). Deep layers
(layer 24) exhibit strong attention bias toward text regions.
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Figure 5: Self-attention analysis of CLIP’s final layer across 35 Prompt-in-Image images. The red line shows
average attention weights across all images, while gray lines represent individual samples. The yellow region
corresponds to text-related patches, which consistently receive much higher self-attention scores.

we examine three representative layers: a shallow339

layer (layer 4), a middle layer (layer 12), and a340

deep layer (layer 24). The goal is to compare how341

CLIP processes two types of input: images with342

embedded text (Prompt-in-Image) and their text-343

free counterparts (Control Group).344

We observe that the attention distributions in345

shallow (layer 4) and middle layers (layer 12) are346

similar across both image types, suggesting lim-347

ited sensitivity to embedded text at early stages.348

However, in the deep layer (layer 24), the differ-349

ence becomes more pronounced: CLIP shows a350

clear tendency to focus attention heavily on the text351

region.352

To further confirm CLIP’s text bias, we quan-353

tify this effect by analyzing 35 randomly selected354

Prompt-in-Image images from the POPE dataset.355

We examine the self-attention patterns in the final356

layer (layer 24) of the CLIP encoder, focusing on357

the diagonal of the attention matrix, which shows358
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Figure 6: Layer-wise similarity comparison between
Qwen2.5-ViT and CLIP on an example image pair.

how much attention each patch gives to itself. Fig- 359

ure 5 shows that the last 32 patches, correspond- 360

ing to the text region, consistently have very high 361

self-attention scores. This confirms that CLIP is 362

overly sensitive to embedded text, giving too much 363

attention to text regions in deeper layers.Many pre- 364

vious works (Darcet et al., 2023; Gong et al., 2024; 365

Zhang et al., 2024) suggest that excessive attention 366
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Prompt-in-Image

Figure 7: Modality gap analysis for Qwen2.5-VL. Top: Comparison of average cosine distances between image
and caption embeddings across 35 samples. Most Prompt-in-Image samples (yellow) show lower modality gaps
compared to baseline (blue). Bottom: PCA visualization of image (blue) and text (purple) embeddings for one
example. Prompt-in-Image (right) brings the two modalities closer together compared to the baseline condition
(left).

to certain visual tokens can lead to hallucinations367

in VLM outputs. When attention weights concen-368

trate disproportionately on specific visual tokens369

(like those containing embedded text) the model370

loses its ability to balance local and global visual371

information. These dominant tokens can override372

both visual context and linguistic priors, causing373

the model to ignore actual image content and de-374

fault to affirmative responses regardless of other375

visual evidence.376

Additionally, we extract features from all trans-377

former layers when processing Prompt-in-Image378

and Control image pairs, computing cosine simi-379

larity across patches at each layer. Figure 6 shows380

the similarity profiles for the final 12 layers, where381

high-level semantic representations emerge.382

The results reveal a striking difference: Qwen-383

ViT maintains consistently high similarity (>0.95)384

between Prompt-in-Image and Control images385

throughout its deep layers, while CLIP-ViT shows386

declining similarity in the same layers. This indi-387

cates that Qwen’s vision encoder preserves image388

semantics despite embedded text, whereas CLIP389

becomes increasingly sensitive to textual elements390

in deeper layers.391

This robustness likely stems from Qwen’s di-392

verse pretraining regime, which includes not only 393

standard image-caption pairs but also interleaved 394

image-text documents and OCR data (Bai et al., 395

2025). By learning to process images with naturally 396

embedded text during pretraining, Qwen-ViT devel- 397

ops representations that treat text as a normal visual 398

element rather than a disruptive signal—explaining 399

why it can successfully interpret visual prompts 400

without catastrophic attention shifts. 401

5.2 Why Prompt-in-Image Helps Qwen 402

In contrast to InstructBLIP and LLaVA-1.5, 403

Qwen2.5-VL shows consistent performance gains 404

under Prompt-in-Image. On the POPE dataset, ac- 405

curacy improves by 4–5%, and on the open-ended 406

caption generation task for MS-COCO images, hal- 407

lucination rates also decrease. 408

We propose a possible explanation: Prompt-in- 409

Image unifies the input modality through the visual 410

channel, thereby enhancing modality fusion and 411

mitigating alignment issues. This hypothesis is 412

supported by two observations. 413

Text input disrupts Prompt-in-Image perfor- 414

mance: As shown in Section 4, the Hybrid setting 415

(image with embedded question and separate text 416

prompt) performs worse than the Prompt-in-Image 417
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setting (image with embedded question only). This418

suggests that introducing an additional modality419

(i.e., text) does not help the model and instead de-420

grades performance. In contrast, Prompt-in-Image421

consolidates all relevant information into a sin-422

gle modality, which helps the model focus and423

enhances overall performance.424

Prompt-in-Image reduces the modality gap:425

Previous studies (Liang et al., 2022) have identified426

the "modality gap" phenomenon in vision-language427

models. While these models are designed to map428

images and text into a shared representation space,429

different modalities actually end up clearly sep-430

arated in this space. This separation negatively431

affects performance across multiple downstream432

tasks, and reducing this gap has been shown to433

improve model performance (Role et al., 2025).434

Ideally, image embeddings and their correspond-435

ing caption embeddings should overlap closely in436

the representation space, indicating good cross-437

modal alignment. To test whether Prompt-in-Image438

improves this alignment in Qwen, we examine the439

modality gap between image and caption embed-440

dings.441

We randomly selected 35 samples from the MS-442

COCO test 4 set and formed two groups:443

• Image with a blank white box (no text) and its444

caption generated with explicit textual instruc-445

tion "Describe this image in detail".446

• Image with an embedded question (Prompt-447

in-Image) and its caption generated without448

any textual instruction.449

We fed both the image and its corresponding cap-450

tion into the Qwen2.5-VL model and extracted451

final-layer embeddings. We then computed the av-452

erage cosine distance between the image tokens and453

text tokens in the shared semantic space. Results454

show that the Prompt-in-Image group consistently455

exhibits smaller cosine distances, with an average456

reduction of 12%. In Figure 7, we also present PCA457

visualizations of two sets of test samples. The right458

plot (Prompt-in-Image) shows a smaller modality459

gap, where visual and text tokens are more closely460

aligned. This suggests that Prompt-in-Image acts461

as a bridge between the two modalities, effectively462

reducing the gap and enhancing multimodal align-463

ment.464

6 Conclusion 465

In this work, we propose Prompt-in-Image, a sim- 466

ple yet effective strategy that embeds textual in- 467

structions directly into images to unify the in- 468

put modality. Through systematic evaluations 469

on three representative VLMs, Qwen2.5-VL, In- 470

structBLIP and LLaVA-1.5, we observe divergent 471

effects: while Prompt-in-Image consistently im- 472

proves Qwen’s performance and reduces halluci- 473

nation, it significantly degrades InstructBLIP and 474

LLaVA’s output quality. 475

We further analyze this phenomenon and iden- 476

tify key differences between the two models.On 477

the one hand, InstructBLIP and LLaVA (based on 478

CLIP) exhibit excessive attention to embedded text 479

regions, leading to over-reliance on local patterns 480

and results in hallucination. In contrast, Qwen 481

demonstrates stronger robustness. On the other 482

hand, Prompt-in-Image helps Qwen by enhancing 483

modality fusion and mitigating alignment issues. 484

Empirical results confirm that Prompt-in-Image 485

leads to a smaller modality gap and improved cross- 486

modal coherence. 487

This work shows that how models are trained on 488

multimodal data really matters. It also suggests that 489

simpler, unified approaches to VLM architecture 490

might be worth exploring further. 491

Limitations 492

Our study has several limitations. First and fore- 493

most, due to computational resource constraints, 494

we restricted our evaluation to three representative 495

open-source models (Qwen2.5-VL, InstructBLIP, 496

and LLaVA-1.5), all at the 7B parameter scale. 497

While these models cover distinct vision encod- 498

ing strategies (e.g., CLIP-based vs. non-CLIP), we 499

have not verified whether our findings generalize 500

to significantly larger models (e.g., 34B, 70B+) or 501

proprietary commercial models (e.g., GPT-4o). It 502

remains an open question whether larger models, 503

with their stronger emergent capabilities, would 504

exhibit the same sensitivity to embedded text or 505

possess different mechanisms for handling visual 506

prompts. 507
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