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Abstract001

The success of vision-language models is pri-002
marily attributed to effective cross-modal align-003
ment between vision and language. However,004
modality gaps persist even in well-aligned mod-005
els and may be necessary for human percep-006
tion, as evidenced by modality-specific phe-007
nomena such as visual texture and linguistic008
tone. These observations motivate us to compu-009
tationally measure and leverage modality gaps010
to explore their utility in downstream applica-011
tions. In this paper, we introduce the Modality012
Dominance Score (MDS), which attributes mul-013
timodal features to specific modalities by cat-014
egorizing them as vision-dominant, language-015
dominant, or cross-modal. We then propose016
automatic interpretability metrics to evaluate017
these modality-specific features in a scalable018
manner. Finally, we demonstrate how the iden-019
tified modality-specific features enable training-020
free probing and editing methods for under-021
standing model perception across genders, gen-022
erating adversarial examples, and controlling023
text-to-image generation. Combined with task-024
agnostic interpretability tools, our work pro-025
vides a systematic framework for analyzing and026
efficiently controlling multimodal models.027

1 Introduction028

Multimodal Models (MMs) have become foun-029

dational to the advancement of AI, enabling sys-030

tems to process and understand information from031

multiple data modalities, such as vision and lan-032

guage (Radford et al., 2021; Kim et al., 2021; Lu033

et al., 2019; Liang et al., 2024). Vision-Language034

Models (VLMs), a prominent class of MMs, oper-035

ate under the premise that different data modalities036

share common, or cross-modal, features that can037

be jointly learned (Ngiam et al., 2011; Sun et al.,038

2024; Li et al., 2025).039

Alongside these remarkable advancements, on-040

going research aims to deepen our understand-041

ing of how different modalities interact and di-042

verge within MMs (Liang et al., 2022; Rawal043

et al., 2023; Schrodi et al., 2025; Zhang et al., 044

2025). For instance, Liang et al. (2022) revealed 045

the modality gap as a geometric phenomenon in 046

which image and text embeddings reside in disjoint 047

regions of the shared embedding space. Zhang 048

et al. (2025) proposed the MC2 benchmark and 049

identified clear modality bias across 18 tested large 050

VLMs. Researchers have also developed automatic 051

measurement methods (Liang et al., 2022; Rawal 052

et al., 2023; Parcalabescu and Frank, 2023, 2025) 053

and optimization techniques to calibrate modality 054

gaps (Rawal et al., 2023; Zhang et al., 2024). 055

Despite these measurement and optimization 056

methods, existing studies treat modality gaps as 057

undesirable imperfections—primarily diagnosing 058

model collapse (Rawal et al., 2023; Zhang et al., 059

2024; Schrodi et al., 2025; Parcalabescu and Frank, 060

2025) or motivating new training algorithms for 061

improved alignment. Our work takes a differ- 062

ent perspective: we posit that modality gaps are 063

both prevalent and beneficial for downstream tasks. 064

This perspective is grounded in cognitive science, 065

where modality commonality and separation have 066

long been central themes. Paivio (1991); Spence 067

(2011); Fan et al. (2016) have examined how hu- 068

mans integrate and differentiate information across 069

sensory modalities, suggesting that modal speci- 070

ficity may be functionally advantageous rather than 071

merely an artifact of imperfect alignment. 072

To investigate this hypothesis in VLMs, we con- 073

duct a systematic study with three contributions: 074

1. We demonstrate that modality-specific informa- 075

tion can be extracted from VLMs—specifically, 076

text-dominant (TextD), image-dominant (ImgD), 077

and cross-modal (CrossD) features—and show 078

that these features exhibit distinct activation pat- 079

terns when processing images versus text. 080

2. We propose embedding-based interpretabil- 081

ity metrics to measure monosemanticity (within- 082

modality coherence) and modality fidelity (cross- 083

modality validation) in a multimodal setting. 084
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These metrics are scalable and compatible with085

existing top-k activated interpretations.086

3. We design lightweight probing and steer-087

ing methods to analyze models’ perception and088

demonstrate how modality-specific features en-089

able control over VLM behavior in tasks such as090

bias analysis, adversarial example generation, and091

text-to-image generation.092

2 Related Work093

Modality Gap. Researchers have identified that094

modality bias and gaps are prevalent in both early095

VLMs (Liang et al., 2022) and large VLMs (Zhang096

et al., 2025). Moreover, modality gaps have been097

shown to negatively impact downstream tasks such098

as video understanding (Rawal et al., 2023) and099

object detection (Schrodi et al., 2025). Several100

metrics have been proposed to quantify modal-101

ity gaps, including geometry-based methods such102

as L2M (Liang et al., 2022) and RGM (Schrodi103

et al., 2025), as well as Shapley-value-based ap-104

proaches (Parcalabescu and Frank, 2023, 2025),105

which measure the degree to which individual106

modalities contribute to model predictions. Our107

work differs in two key aspects: (i) we measure108

modality gaps at the feature level, identifying how109

individual features respond differentially to differ-110

ent modalities; (ii) we leverage modality-specific111

features for probing and steering, treating modality112

specialization as a functional asset rather than an113

imperfection.114

Interpretability Measurements. Existing inter-115

pretability measurements are based on summariz-116

ing patterns in top-k activated samples. For exam-117

ple, logit lens (nostalgebraist, 2020) has inspired118

many studies in both unimodal and multimodal119

representation understanding (Parekh et al., 2024;120

Jiang et al., 2025). The embedding-based exten-121

sion (Phukan et al., 2025) alleviates its limitation122

in processing contextual-related concepts. More123

recently, LLMs have been used to generate explana-124

tions for activation patterns, with prediction accu-125

racy on held-out samples serving as an interpretabil-126

ity proxy (Bills et al., 2023). However, this LLM-127

as-a-judge approach is computationally expensive128

and only measures semantic coherence within the129

unimodality, neglecting cross-modality consistency.130

Our interpretability metrics address these limita-131

tions through scalable embedding-based computa-132

tion and introduce modality fidelity to fill the gap.133

3 Identify Modality-Specific Features 134

Cross-modal alignment is important for VLMs, 135

yet modality gaps remain a widely observed phe- 136

nomenon (Liang et al., 2022; Schrodi et al., 2025). 137

Liang et al. (2022); Schrodi et al. (2025) attributed 138

this to geometric characteristics of the represen- 139

tation space; notably, Schrodi et al. (2025) ob- 140

served that modality bias can be traced to a few 141

embedding dimensions. Focusing on the represen- 142

tation space as well, we go further by attributing 143

each dimension to a specific modality dominance 144

class—text-dominant, image-dominant, or cross- 145

modal—enabling fine-grained analysis and control. 146

Background: Modality Alignment in VLMs. 147

Typically, there are an image encoder and a text 148

encoder in a VLM for image and text input pro- 149

cessing, respectively. Specifically, the image-text 150

pair (ximg, xtxt) is fed to an image encoder fimg and 151

a text encoder ftxt within the model, respectively 152

and the final-layer representations zimg ∈ RD and 153

ztxt ∈ RD are then optimized jointly in the shared 154

D-dimensional representation space. An alignment 155

loss, such as the contrastive loss in CLIP (Ilharco 156

et al., 2021) across the two modalities, is applied 157

for modality alignment. 158

3.1 Modality-specific Feature Identification 159

To measure the modality gap, Liang et al. (2022) 160

used the difference between the center of image 161

embeddings and text embeddings of M input pairs, 162

i.e., 1
M (

∑M
i=1 ||zimg,i||2 −

∑M
i=1 ||ztxt,i||2). We 163

extend this model-level measurement to a fine- 164

grained metric, i.e., the predominant modality as- 165

sociated with each dimension d ∈ {1, 2, . . . , D} 166

in the shared embedding space. The proposed 167

modality dominance score (MDS), denoted as R(d) 168

shown in Eq. (1) reflects how strongly the d-th fea- 169

ture 1 is influenced by the image modality: 170

R(d) =
1

M

M∑
i=1

||z(d)img,i||

||z(d)img,i||+ ||z(d)txt,i||
. (1) 171

Specifically, we feed M image-text pairs to the 172

VLM and extract the corresponding image features 173

zimg,i and text features ztxt,i for i-th input. For each 174

d-th dimension in the D-dimension shared space, 175

we calculate the relative activation between the 176

features from the two modalities. This modality 177

fraction is averaged over more than M = 10k 178

1Each feature dimension corresponds directly to a neu-
ron in the VLM’s final layer; our study thus focuses on the
interpretability of the model’s intrinsic components.
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input pairs, providing a representative estimate of179

the modality distribution. Implementation details180

are in Appendix A.1.181

We then categorize all D features into three182

groups based on their deviation from the mean µ183

and standard deviation σ of the MDS distribution:184

TextD: R(d) < µ− σ;185

CrossD: µ− σ < R(d) < µ+ σ;186

ImgD: R(d) > µ+ σ187

We anticipate that ImgD features are predominantly188

activated by visual concepts, TextD features by189

textual concepts, and CrossD features are simul-190

taneously activated by the shared commonalities.191

This modality fidelity will be evaluated in §4.2.192

3.2 Quantitative Evaluation for MDS193

To verify that modality-specific features effectively194

capture their intended modality information, we195

employ an intervention-based evaluation. Specifi-196

cally, we remove these features from the original197

CLIP ViT-H/14 (LAION-2B) (Ilharco et al., 2021)198

representation by zeroing out their corresponding199

indices, then use the modified representations as200

input to a logistic regression classifier. We evaluate201

performance on image and text classification tasks202

using samples from COCO (Lin et al., 2014). A de-203

crease in classification accuracy indicates that the204

removed features contained substantial modality-205

specific information, thereby validating our feature206

attribution method.207

The results are shown in Table 1. It is observed208

that removing the ImgD features leads to larger clas-209

sification degradation in image classification, while210

removing TextD leads to larger drops in text classi-211

fication; while CrossD does not show any particular212

modality tendency in classification.213

3.3 Qualitative Evaluation for MDS214

We randomly select features from the three groups,215

and then display their most-activated images and216

texts in Figure 1 (ImD), Figure 2 (TextD), and Fig-217

ure A1 (CrossD). ImgD activates fundamental vi-218

sual concepts, such as repeated patterns and219

colors. Feature 647 activates images with diverse220

repetitive patterns; feature 667 focuses on scenes221

with aquatic-blue elements. Although less coherent222

than the images, some patterns do emerge for its223

activated texts: feature-647 activates two sentences224

that refer to repetitive patterns, such as “tufted225

upholstery”; feature-667 activates texts related to226

“snowy” and “winter”. These observations indicate227

Task Remove # Features Accuracy ∆ Acc

Image
CLS

None 0 0.776 /

Random 426 0.757 -2.1%
ImgD 426 0.750 -2.6%

Random 554 0.756 -2.0%
TextD 554 0.760 -1.0%

Random 44 0.773 -0.3%
CrossD 44 0.769 -0.5%

Text
CLS

None 0 0.713 /

Random 426 0.694 -1.9%
ImgD 426 0.702 -1.1%

Random 554 0.693 -2.0%
TextD 554 0.683 -3.0%

Random 44 0.710 -0.3%
CrossD 44 0.712 -0.1%

Table 1: Performance of modality-specific classification
(CLS) after removing: random vs. specialized features,
i.e., ImgD, TextD and CrossD. We also remove the same
number of random feature indices for comparison.

the modality alignment, while the visual common- 228

alities are more predominant for the ImgD. TextD 229

capture abstract concepts, such as human feel- 230

ings and atmosphere. For the activated images 231

for feature-34 (the 1st row), most of the images 232

have red color, with one image depicting a cou- 233

ple talking beside the sea; for feature-242, there 234

are no clear patterns among the activated images. 235

When looking at the activated texts, sentences ac- 236

tivated by feature-34 center around a sweet and 237

happy atmosphere between couples, with themes 238

like cuddling, embracing, and hugging. Feature- 239

242 focuses on strong human emotions, such as 240

“never”, “terrifying” and exclamation marks. These 241

TextD generally correspond to abstract and con- 242

sistent human emotions, which can be conveyed 243

with a variety of visual objects. For example, in 244

the second row, the first image depicts a collec- 245

tion of stones forming a heart shape, while the 246

fourth image is a scenic view during a great trip. 247

CrossD (the majority features) capture shared 248

semantics across modalities. Differently, CrossD 249

features capture common concepts that could be 250

expressed in both visual and language modalities. 251

Details can be found in § A.2. 252

4 Automatic Interpretability Evaluation 253

Although we have identified modality-dominant 254

features, features in deep models are inherently 255

polysemantic (Olah et al., 2020)—each feature of- 256

ten encodes multiple unrelated semantic concepts, 257

potentially spanning both textual and visual modal- 258

ities, which hinders interpretability. Monoseman- 259

ticity (Elhage et al.; Bills et al., 2023; Gurnee et al., 260
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Feature-647: Pattern and others. Feature-667: Scenes in winter and other.
A bed with tufted upholstery. White trotting on snowy ground with a tree.
Seamless pattern, flowers on a background. Covering the trailhead in a winter wonderland.
Could new showroom and model signal the start? The image of drum under the white background.

Figure 1: Activated images and texts (in Table) by ImgD. Top image row (feature 647): patterns and textures.
Bottom image (feature 667): water and aquatic themes in blue. Texts in blue align with visual concepts.

Feature-34: Sweet and happy Couple. Feature-242: Strong emotion.
Attractive young couple sitting on a bench,
talking and laughing with the city.

Animal looking for a cat tree without carpet your
options have greatly expanded.

Sculpture of lovers at the temple Sinkhole, most terrifying thing I have ever seen.
Young couple in love, hugging in the old part
of town.

We’re away from the beginning of the holiday
season here!

Figure 2: Activated images and texts (in Table) by TextD. Top image row (feature 34): couples and individuals in
red attire. Bottom image row (feature 242): diverse objects. Text in blue aligns with visual concepts.

2023; Yan et al., 2024) has thus emerged as a261

paradigm for deriving interpretable features that en-262

code single, coherent concepts. However, scaling263

interpretability evaluation remains an open chal-264

lenge due to the heavy reliance on costly human265

annotations (Gao et al., 2024) or LLM explana-266

tions (Bills et al., 2023). To address this bottleneck,267

we propose a suite of automated metrics to measure268

feature interpretability.269

4.1 Overview270

Top-k activation-based interpretation. A feature271

is considered interpretable if its semantic mean-272

ing can be readily understood by humans. In273

practice, interpretability is assessed by examining274

whether the top-k most highly activated samples275

exhibit coherent and consistent patterns—a stan-276

dard approach for analyzing both language (Geva277

et al., 2021) and multimodal models (Parekh et al.,278

2024). To incorporate semantic similarity, Bills279

et al. (2023) extended this approach by computing280

the correlation between predicted activation values281

(based on explanations of the top-k samples) and282

true activations. This correlation-based method re-283

laxes the hard constraint of requiring perfect pattern284

consistency across top-k samples.285

Building upon the “soft” top-k activation frame- 286

work, we propose scalable, embedding-based eval- 287

uation metrics tailored to multimodal models. In 288

this context, interpretability encompasses two di- 289

mensions: 290

• Monosemanticity (within-modality coherence). 291

It measures whether a feature’s top-k activated 292

samples exhibit semantic coherence within a sin- 293

gle modality based on their embedding similarity. 294

• Modality fidelity (cross-modality validation). It 295

compares the monosemanticity scores across 296

modality-attributed features to assess whether fea- 297

tures remain faithful to their assigned modality. 298

For example, when processing visual inputs, ImgD 299

should exhibit higher monosemanticity scores 300

than TextD, and vice versa for textual inputs. 301

4.2 Intepretability Metrics 302

Given a feature z(d), the d-th dimension of z ∈ RD, 303

we propose to use embedding models h : ZD → 304

ZD′
to calculate the interpretability metrics. 305

Monosemanticity. For each image/text feature 306

z(d), we collect the top m most-activated image/- 307

text samples for this dimension, and feed them to 308

the embedding model h to get Z+ ∈ Rm×D′
. For 309

comparison, we embed m random samples into 310
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Z− ∈ Rm×d′ . Then, we calculate the inter-sample311

similarity between the selected samples, S+ =312

Z+Z
⊤
+ ∈ Rm×m and S− = Z−Z

⊤
− ∈ Rm×m. The313

monosemanticity of an individual feature z(d) is314

measured by calculating the relative difference be-315

tween the two similarity scores, denoted as I(z(d))316

(EmbSim). We also propose a binary metric to317

avoid the different scales in different modalities,318

denoted as W (z(d)) (WinRate):319

I(z(d)) =
1

m(m− 1)

∑
i̸=j

(S+)ij − (S−)ij
(S−)ij

,

W (z(d)) =
1

m(m− 1)

∑
i̸=j

1[(S+)ij>(S−)ij ].

320

The overall interpretability score is the average321

across all d dimensions for z(d) where d ∈ [1, D].322

A higher monosemanticity score (both EmbSim and323

WinRate are Mono, with a superscript representing324

the input modality) indicates that the extracted fea-325

tures exhibit stronger semantic consistency towards326

the given modality. 2327

Modality Fidelity. Based on the single-modality328

monosemanticity (semantic coherence), we pro-329

ceed to cross-modality interpretability. Specifically,330

we ask: is ImgD indeed more effective at capturing331

coherent visual inputs than TextD? Similarly, is332

TextD better at encoding textual semantics com-333

pared to ImgD? Therefore, we define the modality334

fidelity as:335

Visual Fidelity = Monovis(ImgD)− Monovis(TextD)

Textual Fidelity = Monotxt(TextD)− Monotxt(ImgD)
336

4.3 Interpretability Evaluation337

Sparse Autoencoders (SAEs) (Cunningham et al.,338

2023) have been shown to effectively produce339

monosemantic features by enforcing sparsity con-340

straints. To validate our evaluation framework, we341

apply our metrics to compare CLIP with and with-342

out SAE, expecting results consistent with existing343

literature on SAE’s interpretability benefits. Be-344

yond this validation, we also investigate whether345

other representation learning methods can enhance346

feature interpretability.347

4.3.1 Comparison Models348

We incorporate several representation learning algo-349

rithms that aim to learn modality-specific features.350

Implementation details are provided in § A.3.351

2We calculate the average of EmbSim and WinRate as
Mono in the main content; the separate results for the two
metrics can be found in § A.4.2.

Multimodal SAEs. SAEs have emerged as a scal- 352

able tool for transforming polysemantic features 353

into interpretable, monosemantic ones across dif- 354

ferent LLMs (Templeton, 2024; Gao et al., 2024; 355

Lieberum et al., 2024). We extend it for VLMs by 356

training a single SAE model g : Z → Z to recon- 357

struct z, i.e., the final-layer outputs from the image 358

and text encoder within CLIP, respectively. Specifi- 359

cally, we adopt that applies a linear encoder Wenc 360

followed by a TopK operation that only keeps 361

the K most activated units while zeroing out the 362

rest. The sparse latent representation zsae is then 363

reconstructed using a linear decoder Wdec: 364

zsae = TopK
(
Wenc

(
z − bpre

))
,

ẑ = Wdecz
sae + bpre.

(2) 365

z ∈ RD is the inputs of SAE, i.e., zimg or ztxt. 366

zsae ∈ Rn is the learned sparse representation. We 367

train the multimodal SAE to reconstruct zi, zt. 368

DeCLIP. Beyond multimodal supervision (image- 369

text pairs), DeCLIP (Li et al., 2022) also incorpo- 370

rates single-modal self-supervision (image-image 371

pairs and text-text) for more efficient joint learning. 372

Multimodal NCL. As shown in Wang et al. (2024), 373

the non-negative constraints allow Non-negative 374

Contrastive Learning (NCL) to extract highly 375

sparse features and significantly improve feature 376

monosemanticity. Therefore, we introduce a vari- 377

ant of NCL to enhance modality specification with 378

the following loss, 379

−Ezimg,ztxt log
exp(g(zimg)

⊤g(ztxt))

Ez−txt
exp(g(zimg)⊤g(z

−
txt))

, (3) 380

where here we use a ReLU-activated MLP network 381

g to map input features to non-negative outputs. 382

4.3.2 Evaluation Results 383

Results of Monosemanticity. We compute the 384

Mono score by identifying the top-20 most acti- 385

vated images and texts for each feature, respec- 386

tively. From the average interpretability results 387

in Figure 4, we observe the following: (i) The 388

features extracted using SAE and NCL (both en- 389

force the feature sparsity) exhibit the highest over- 390

all monosemanticity for both activated input im- 391

ages and texts. (ii) DeCLIP does not enhance in- 392

terpretability through self-supervision alone; the 393

monosemanticity on the textual side becomes even 394

worse. This suggests that polysemantic features 395

remain prevalent in DeCLIP. 396

Moreover, we observe that monosemanticity en- 397

hancement encourages more modality-specific 398
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Figure 3: Modality Dominance Score (MDS) distributions of three feature categories for different VLMs.

neurons in Figure 3. The figure shows the MDS399

distributions across CLIP and other variants. CLIP400

contains a spectrum of features with different401

modality dominance, with its distribution skewed402

towards the image modality, and this trend is con-403

sistent across all models. DeCLIP, on the other404

hand, shows a more balanced and less centered405

distribution. This suggests that DeCLIP, through406

self-supervision, extracts more modality-specific407

features, which might be overlooked by pure vision-408

language contrastive models like CLIP. The ex-409

tracted features on top of NCL and SAE also ex-410

hibit less skewness, with SAE showing the most411

balanced distribution, indicating its strong capa-412

bility to extract diverse monosemantic features.413

Results of Modality Fidelity. We have the follow-414

ing observations from Figure 5: (i) For CLIP, all415

the modality monosemanticity is negative, demon-416

strating the high entanglement of the two modal-417

ity information. (ii) All the methods prompt the418

modality monosemanticity compared with CLIP.419

Particularly, the improvements of DeCLIP can be420

attributed to its single-modal alignment training421

loss, which could weaken some cross-modal asso-422

ciations in CLIP. (iii) NCL stands out as the best423

model for capturing both visual and textual monose-424

mantic features, followed by SAE.425
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Figure 4: Monosemanticity.
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Figure 5: Modality Fidelity.

5 Leveraging the Modality Gap 426

Beyond interpretability, we design lightweight 427

probing and steering methods based on modality- 428

specific features to analyze VLMs’ perceptual 429

prreferences and enable precise behavioral control. 430

Implementation details are in § A.5. 431

5.1 Understanding Gender Patterns 432

Gender is represented using both visual and textual 433

features, and these data are used to train VLMs. To 434

examine whether gender exhibits modality-specific 435

representations, we investigate whether feminine 436

concepts are more frequently conveyed through 437

visual cues (e.g, via more colorful clothing) than 438

through textual descriptions. 439

To answer this question, we collect both male 440

and female images with their corresponding tex- 441

tual descriptions from the cc3m-wds (Sharma et al., 442

2018). These images are then encoded using the 443

Clip+SAE model, extracting 1024-dimensional fea- 444

tures for both female and male subjects. Next, we 445

apply a zero-mask intervene strategy to remove the 446

ImgD and TextD from these representations. 447

Gender w/o ImgD w/o TextD
Female 17.65 7.27

Male 5.64 28.67

Table 2: Gender classification changes (%) after re-
moving ImgD(textD) from input image(text) for both
female and male concepts identification. It is to verify
the dominant modality for different genders.

We compare changes in gender classification 448

accuracy when removing ImgD features from image 449

inputs, which capture dominant feminine visual 450

cues, versus removing TextD features from text 451

inputs. As shown in Table 2, we find that feminine 452

concepts are primarily preserved in ImgD (as the 453

removal of ImgD from the image leads to larger 454

classification degradation), whereas male concepts 455

are more affected by the removal of TextD. 456
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We sample female images that differ in the pro-457

portion of their most activated features categorized458

as ImgD features. The results are shown in Fig-459

ure 6. From left to right, the fraction of activated460

ImgD features increases, and the images exhibit pro-461

gressively more (stereotypically) feminine visual462

details, such as a backless skirt and hair accessories.463

The middle images show professional women, such464

as a doctor; while the leftmost image shows only a465

pair of legs in sports shoes, with minimal feminine466

cues aside from the pink color.

 

Figure 6: Female figures ordered by increasing per-
centages of ImgD (0.14, 0.16, 0.18, 0.20, 0.22, 0.24),
corresponding to more feminine visual concepts.

467

5.2 Defense against Adversarial Attacks468

We investigate the impact of different types of469

features on multimodal adversarial attacks (Cui470

et al., 2024; Yin et al., 2024), following the setup471

in Shayegani et al. (2024).472

An adversarial sample is a benign-appearing im-473

age (e.g., a landscape) injected with harmful se-474

mantic content, such as the phrase “I want to make475

a bomb”. One defense-oriented optimization strat-476

egy involves minimizing the distance between the477

embeddings of an adversarial sample, Fadv, and a478

paired benign sample, Fben, by updating the fea-479

tures in the adversarial sample (in Figure 7). The480

paired benign image is injected with a friendly481

phrase, such as “peace and love”.482

To isolate the effects of our identified modality-483

specific features, we restrict alignment training to484

a selected set of feature indices I , corresponding485

toImgD, TextD, and CrossD. The alignment loss486

is defined as L = ∥Fadv[:, I] − Fben[:, I]∥2. The487

optimized adversarial sample is then used to at-488

tack a VLM, LLaVA-1.5-7b (Liu et al., 2023). We489

evaluate the VLM’s responses using an LLM-as-a-490

Judge framework, where DeepSeek-V3 (DeepSeek-491

AI et al., 2024) produces a binary label indicating492

attack success. We hypothesize that feature sub-493

sets encoding richer malicious semantics contribute494

most strongly to effective adversarial defense.495

Results. The attack success rates are shown in Ta-496

ble 3. For alignment training, we select an equal497

number of features from ImgD, TextD, and CrossD,498

and additionally include a baseline that randomly499

Adversarial
image

Paired benige
image

Multimodality
Feature Extractor

Alignment
Loss

function

select target feature dimension 

Embeddings

update

Figure 7: Alignment training to de-toxicity of the adver-
sarial sample, with only selected target feature dimen-
sions (in gray), i.e., ImgD, TextD and CrossD involved.

samples the same number of features from the 500

union of all feature sets. Each adversarial sample is 501

used to attack the VLM 100 times, and we generate 502

a total of 50 adversarial samples. We observe that 503

(i) compared with the original adversarial samples, 504

alignment training using any subset of selected fea- 505

tures reduces the attack success rate, indicating 506

that feature-level alignment provides a degree of 507

defense; (ii) using TextD yields the best defense 508

performance, followed by CrossD and ImgD. This 509

ordering is consistent with the nature of the at- 510

tack, as the injected adversarial content primarily 511

arises from harmful textual semantics. These re- 512

sults demonstrate that TextD features effectively 513

capture most of the semantic content relevant 514

to the attack. In contrast, CrossD captures only 515

partial semantic information, while ImgD is least 516

correlated with semantic information, resulting in 517

minimal benefits for such modality-specific jail- 518

break defense.

Target feature ImgD TextD CrossD

Success Rate (↓) 62.71% 24.89% 35.44%

Table 3: Success rate for adversarial attacks with differ-
ent target features involved in the de-toxicity training.
The success rate for original adversarial samples with-
out alignment training is 73.26%, while for randomly
selected features is 54.28%.

519

5.3 Controllable Text-to-Image Generation 520

Despite the impressive capabilities of text-to-image 521

generation models (Koh et al., 2024; Swamy et al., 522

2024), their internal mechanisms for translating lin- 523

guistic semantics into visual details remain poorly 524

understood. A key challenge lies in disentangling 525

the roles of modality-specific features in shaping 526

generation fidelity and controllability. To address 527

this, we conduct a feature intervention experiment 528

during the image generation process of Stable Dif- 529

fusion v2 (Rombach et al., 2022). 530

Intervention. As shown in Figure 9, we investigate 531

the generation process by intervening in modality- 532
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larger intervention level

0.1  0.2  0.3  0.4  0.5  0.6  0.7 

larger interpolation weights

Inject with 
CrossD

Inject with  
ImgD

Inject with 
TextD

Figure 8: Generated new images from the VLM with the text prompt “Please draw an animal" and varying levels
of intervention from a reference image (horse). From left to right, the interpolation weights α range from 0.0 to 0.7.
Images generated with TextD typically depict clear main subjects (horse) without transferring the visual background
details from the reference image. In contrast, injection of ImgD introduces low-level visual details as well as image
distortions when α is large.

specific features in Stable-Diffusion-v2, which can533

be viewed as a VLM with an encoder and decoder534

(generator). The input text prompt is “Please draw535

an animal”. The encoder generates an embedding536

T, representing the original multimodal embed-537

ding ready for generation. Additionally, we pro-538

vide a reference image (here, a horse), processed539

by the same encoder, producing a reference em-540

bedding R. To control the generation through541

modality-specific feature intervention, we interpo-542

late T with R only at feature indices specified543

by the Modality Dominance Score (MDS). The544

resulting multimodal embedding is computed as:545

T′[I] = αT[I]+(1−α)R[I], where the interpola-546

tion is only applied to the index set I , correspond-547

ing to TextD, CrossD, and ImgD features.

R

R

Reference
Image

Figure 9: Controllable text-2-image generation via edit-
ing the modality-specific information from the reference
image.

548

Results. We feed T ′ to the generator of the VLM 549

with different α ranging from 0 to 0.7 with an inter- 550

val of 0.1. The generated images with the selected 551

indices correspond to TextD, CrossD, and ImgD are 552

shown in Figure 8. The results clearly demonstrate 553

that larger interventions on TextD lead to stronger 554

control over high-level semantic concepts—for ex- 555

ample, the generated image more distinctly resem- 556

bles a horse (head). All these generated images 557

injected by TextD typically depict clear main sub- 558

jects without transferring visual background details 559

from the reference image. In contrast, interventions 560

on ImgD result in more visual details from the ref- 561

erence image being preserved, such as non-white 562

and fur-like patterned background, which are visi- 563

ble in ImgD when α ≥ 0.3. To better contrast the 564

effects of ImgD and TextD, we also use a reference 565

image with a horse as the main subject, but in dif- 566

ferent styles/backgrounds. More results are shown 567

in Figure A6. 568

6 Conclusion 569

In this study, we explored the monosemanticity of 570

features within VLMs to elucidate the commonal- 571

ities and distinctions across visual and linguistic 572

modalities. Specifically, we successfully catego- 573

rized multimodal features according to their dom- 574

inant modality. Our proposed embedding-based 575

interpretability metrics fill the gap in multimodal 576

monosemanticity assessment. Moreover, we de- 577

signed lightweight probing and editing methods 578

based on modality-specific features and demon- 579

strated great potential in mitigating gender bias, 580

defending against adversarial attacks, and enabling 581

controllable multimodal generation. 582
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Limitation583

While our work provides valuable insights584

into modality-specific feature analysis in vision-585

language models, several limitations warrant dis-586

cussion. First, we did not conduct human studies to587

validate our interpretability metrics. Although our588

embedding-based metrics align with existing in-589

terpretability tools, direct human evaluation could590

provide stronger evidence that our categorizations591

match human cognitive interpretations of modality592

dominance. Second, our experiments focus exclu-593

sively on CLIP-family models. The generalizability594

of our findings to other vision-language architec-595

tures (e.g., BLIP or autoregressive VLMs) remains596

an open question. Different architectural designs597

may exhibit distinct modality gap characteristics598

that require adapted analysis methods.599
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A Appendix823

A.1 Implementation of MDS824

Based on the trained CLIP, CLIP+SAE,825

CLIP+NCL, and DeCLIP, we feed the test826

split of cc3m-wds dataset to these pretrained827

models, around 15k image-text pairs to calculate828

MDS, according to Eq.(1). The features are the829

last-layer output from the text and image encoder.830

We tried to calculate the normalization of zi and831

zt, but found that it makes little difference to832

the final results. It could be attributed to the833

existing normalization technique in image and text834

encoders in CLIP.835

A.2 CrossD Qualitative Results836

CrossD (the majority features) capture shared837

semantics across modalities. Different from838

modality-specific features, TextD and ImgD,839

CrossD features capture common concepts that840

could be expressed in both visual and language841

modalities. We randomly select two CrossD fea-842

tures and show their top-activated images and texts.843

As shown in Figure A1, Feature-6 mostly activates844

scenes involving individuals performing activities,845

especially outdoor activities, and feature-47 cap-846

tures general outdoor environments. The coherence847

across both modalities reflects successful align-848

ment, which is consistent with multimodal training849

objectives.850

A.3 Implementation for Comparison Models851

The three comparision models, DeCLIP, Mul-852

timodal SAE, and Multimodal NCL are all853

on top of the canonical ViT-B-32 CLIP 3854

model from OpenAI (Radford et al., 2021),855

with ResNet50. The four methods (including856

CLIP) share the same model structures but are857

trained with different training objectives. We858

load them by feeding the checkpoints using859

the open_clip.create_model_and_transforms860

function in the published https://github.com/861

mlfoundations/open_clip.862

The feature dimensions of the output features863

from the image encoder and text encoder are both864

1024, the same for CLIP, DeCLIP, and Multimodal865

NCL. To retain the multimodal representation ef-866

ficiency in downstream tasks, we have trained the867

SAE and NCL to reach a very small reconstruc-868

tion loss for the original features z from CLIP. The869

dataset for NCL and SAE training is the train split870

3https://github.com/openai/CLIP

(around 2900k image-text pairs) from cc3m-wds4. 871

We train the two variants, i.e., SAE and NCL, on 872

top of the pretrained CLIP using a single 3090 873

GPU. 874

DeCLIP. We use the checkpoint released in 875

https://github.com/Sense-GVT/DeCLIP to ex- 876

tract the last layer features, zi and zt. 877

Multimodal SAE. We insert an SAE model to 878

map the original feature into a sparse latent space, 879

i.e., zd → zn, with top-k latent as nonzero val- 880

ues. Empirically, we found that when n = d and 881

k = 32, we can get the best results to balance the 882

sparsity and downstream task performance. Such 883

an SAE model (shared parameter) is inserted at the 884

end of the image and text encoder in CLIP. 885

def get_sae_embedding(self , z): 886
z = self.encoder(z) 887
z_sae = F.relu(z) 888
vals , ids = z_sae.topk(self.k, dim=1) 889
z_sae = torch.zeros_like(z_sae) 890
z_sae.scatter_(1, ids , vals) 891
return z_sae 892

Inspired by (Gao et al., 2024), we train the SAE 893

until the sparsity (the inactive dimension) of im- 894

age features and text features doesn’t increase (the 895

same stop criteria for NCL). Noting that there are 896

many zero values in zsae, we remove those zero 897

activity features (called dead latents in (Gao et al., 898

2024)) for further studies. We show the changes 899

of active dimensions of image features and text 900

features in Figure A2. 901

Non-negative Contrastive Learning (NCL). 902

We add the NCL block, i.e., the projector, after 903

obtaining zi and zt from the image encoder and 904

text encoder. The training loss is shown in Eq. 3. 905

self.projector = nn.Sequential( 906
nn.Linear(embed_dim , embed_dim), 907
nn.LayerNorm(embed_dim), 908
nn.ReLU(), 909
nn.Linear(embed_dim , embed_dim), 910

) 911
z_ncl = self.projector(z) 912

Similarly, the activated dimensions for image fea- 913

tures and text features decrease and are then flat- 914

tened (shown in Figure A3.) By comparing with 915

Figure A2, we noticed that the features in SAE is 916

much more sparse than those in NCL. 917

4https://huggingface.co/datasets/pixparse/
cc3m-wds
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Feature-6: Actions performed by individuals Feature-47: Outdoors Scenery
Young man working on invention in a ware-
house.

A stile on a public footpath overlooking the
village on a frosty autumn morning.

cricketers exercise during a practice session. A private chapel, and the wrought iron gates
in the grounds.

Cricket player checks his bat during a train-
ing session.

Train track: a man blending in with the
scenery as he stands on a railway track near
a river

Basketball coach watches an offensive pos-
session from the sideline during the second
half.

surveying the scene: people look out over
loch today on a warm day in the village

Figure A1: Activated images and texts by CrossD features. Top image row (feature 6): activities performed by individuals.
Bottom image row (feature 47): scenery outside the doors. Text in blue aligns with visual concepts.

Figure A2: The changes of active dimensions over SAE
training.

Figure A3: The changes of active dimensions over NCL
training.

A.4 Interpretability Evaluation918

A.4.1 Implementation919

Embedding models h for activated image/text920

samples. Our interpretability metrics, i.e., Emb-921

Sim and WinRate are based on the embeddings of922

active image/text samples by each feature. We need923

the embedding models to obtain these embeddings,924

i.e., Z+ and Z−. We use the Vision Transformer925

(ViT-B-16-224-in21k) for image embeddings and926

the Sentence Transformer (all-MiniLM-L6-v2) for927

text embeddings. The goal here is to derive the gen-928

eral and effective image and text embeddings, so929

we can also use the image encoder and text encoder 930

from CLIP. 931

A.4.2 Results 932

MDS for different methods MDS with 933

monosemanticity enhancements. With the 934

monosemanticity-improving models (SAE and 935

NCL), we hypothesize that modality purity will 936

become more pronounced, making dominant 937

modality assignments more meaningful. To 938

validate this, we calculate the MDS and visualize 939

the distributions of the three feature groups across 940

models in Figure A4. Interestingly, we find that 941

CLIP, which is only trained on an image-text 942

contrastive learning objective, contains a spectrum 943

of features with different modality dominance. 944

Specifically, its distribution skews towards the 945

image modality, and this trend is consistent across 946

all models. DeCLIP, on the other hand, shows a 947

more balanced and less centered distribution. This 948

suggests that DeCLIP, through self-supervision, 949

extracts more modality-specific features, which 950

might be overlooked by pure vision-language 951

contrastive models like CLIP. The extracted 952

features on top of NCL and SAE also exhibit less 953

skewness, with SAE showing the most balanced 954

distribution, indicating its strong capability to 955

extract diverse monosemantic features. 956

EmbSimi and WinRate for Monosemanticity 957

measurement. Firstly, we show the complete re- 958

sults for EmbSmi and WinRate in the Table A1. 959

960

The results of monosemanticity changes as train- 961

ing goes on. We show the results of monoseman- 962

ticity score changes as training goes on for both 963
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MDS MDS MDS
#TextD #CrossD #ImgD
0.173 0.645 0.183
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0.121 0.739 0.140

#TextD #CrossD #ImgD
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Figure A4: Modality Dominance Score (MDS) distributions of three feature categories for different VLMs.

Models EmbSim WinRate
Activated→ Image Text Image Text
CLIP 0.11 0.45 0.65 0.59
DeCLIP 0.06 -0.07 0.61 0.46
CLIP+NCL 0.14 0.45 0.71 0.60
CLIP+SAE 0.17 0.74 0.60 0.61

Table A1: Average interpretability scores (by examin-
ing the top activated images/texts) for features extracted
from VLMs.

Figure A5: Monosemanticity (EmbSimi and WinRate)
changes as training goes on. Upper is for CLIP+NCL,
bottom is for CLIP+SAE.

NCL and SAE in Figure A5.964

A.5 Implementations and More Results for965

Case Studies966

We provide the implementation details and more967

experimental results for the three case studies in968

the following.969

A.5.1 Understanding Gender Patterns970

Datasets. We select male and female images us-971

ing a gender classifier touchtech/fashion-images-972

gender-age-vit-large-patch16-224-in21k-v3 from973

Models CLIP DeCLIP CLIP+NCL CLIP+SAE
Mono is EmbSim

Visual Mono -0.007 0.009 0.043 0.005
Textual Mono -0.017 -0.001 0.210 0.146

Mono is WinRate
Visual Mono -0.007 0.005 0.002 0.030

Textual Mono -0.069 -0.059 0.018 0.016

Table A2: The visual and textual monosemanticity. A
higher value indicates that ImgD captures more visual
than linguistic features, and vice versa for TextD.

cc3m-wds validation set. We have both input im- 974

ages and text; the original gender classification 975

accuracy is 83.4% and 73.4%, respectively. 976

Classification. As the intervened features are not 977

compatible with existing pretrained text or text clas- 978

sifiers, we compare these features with the golden 979

feature from male and female data. Specifically, 980

we randomly select a female/male image with clas- 981

sification logits larger than 0.9 (ensuring the gender 982

patterns are obvious) as the reference features. We 983

use the same embedding models in §A.4, i.e., Vi- 984

sion Transformer and Sentence Transformer as the 985

encoder and encode both intervened feature and 986

golden feature. The intervened feature is labeled 987

with the same label as the reference image, for 988

which its distance in encoder space is smaller. 989

Intervention. There are different number of 990

ImgD and TextD for a given representation of input 991

sample. To avoid the effects of different numbers of 992

removal features, we remove (set the corresponding 993

dimension as zero) the minimal number between 994

ImgD and TextD, and remove the same number of 995

randomly selected features as a baseline. 996

TextD in male concepts. We also cluster differ- 997

ent male descriptions according to the percentage 998

of TextD features among all their top-20 activated 999

features, and we calculate the frequency of the top7 1000

tokens in each cluster shown in Table A3. We 1001

remove the gendered personal pronouns, e.g., he, 1002
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she, woman, man, boy, girl, and only focus on1003

how gender-neutral concepts represent the gender.1004

With more TextD injection, the textual descriptions1005

become more sports-related, such as coach, basket-1006

ball, soccer; while the sentences with less activated1007

TextD have top words, such as party, hip, game,1008

smile, home. This trend is consistent with the so-1009

cial stereotype that males are more active in sports1010

activities.1011

A.5.2 Defense against Adversarial Attacks1012

Models We employed the same ViT-B-32 CLIP1013

as in §A.3 as the multimodality feature extractor1014

shown in the Figure 7 to extract 1024-dimension1015

features, so we use the categorized TextD, ImgD1016

and CrossD calculated before. We use LLaVA-1.5-1017

7b as the attacked VLM (Liu et al., 2023). The1018

whole process of defensing adversarial attacks is1019

two steps:1020

• Generating adversarial images by inject-1021

ing harmful requests. We have a benign1022

scenery image and a list of 50 harmful re-1023

quests. Firstly, we create an image with a1024

white background with the text saying the one1025

piece of harmful request, as the contrast im-1026

age. Then, we apply the alignment training by1027

minimizing the distance between the benign1028

image and the contrast image in the embed-1029

ding space of the image encoder. The benign1030

image is thus being injected with harmful se-1031

mantics, denoted as Fadv.1032

• Defending the adversarial attacks. To re-1033

move the toxicity of the adversarial samples,1034

we employ the alignment training shown in1035

Figure 7 by updating the embeddings of the1036

adversarial samples. Specifically, we only se-1037

lect the target features, i.e., the ImgD, TextD,1038

and CrossD to be involved in the training.1039

When attacking the VLM, we feed the adver-1040

sarial images/samples along with the text prompt,1041

i.e., the corresponding harmful request injected into1042

the adversarial sample. For each adversarial sam-1043

ple, we repeat the attack process 100 times. For1044

comparison, we apply the original generated 50 ad-1045

versarial samples to attack VLM, and the average1046

success rate is 73.26%; and the success rate of the1047

(benign image - harmful request) is 10.00%. We1048

conducted five independent runs for each experi-1049

ment to ensure statistical reliability. Results in the1050

tables show mean values across runs, with relative1051

standard deviations below 3% for accuracy metrics.1052

Computing resources cost The experiments 1053

were conducted with a GPU with 48GB of mem- 1054

ory. Adversarial sample generation requires ap- 1055

proximately 4 GPU hours, while adversarial sample 1056

detoxification takes approximately 6 GPU hours. 1057

A.5.3 Controllable Text-to-Image Generation 1058

Models. We select Stable-Diffusion-v2 1059

(https://huggingface.co/stabilityai/ 1060

stable-diffusion-2) as our text-2-image 1061

generation model. As its image encoder (CLIP- 1062

ViT-H-14-laion2B-s32B-b79K) is not the same 1063

CLIP we used before, we recalculate the MDS 1064

distribution to derive the three categories of 1065

features. 1066

More results. We present additional images gen- 1067

erated by modifying the original multimodal rep- 1068

resentation through feature injection from a refer- 1069

ence image. To emphasize the distinction between 1070

ImgD and TextD, we use two reference images of 1071

horses in different backgrounds and artistic styles. 1072

Specifically, we compare two sets of images where 1073

features from sketch and oil painting styles are 1074

injected using ImgD. We observe that images influ- 1075

enced by sketches tend to be predominantly black 1076

and white, while those influenced by oil paintings 1077

appear more colorful. In contrast, the images gen- 1078

erated using TextD remain visually similar across 1079

both the sketch and oil painting settings. 1080
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Percentage of TextD Top8 words in male-related textual description
0.1 attends, party, hip, game, comedian, city, black, artist

0.12 smile, made, blue, outside, looks, home, got, book
0.18 artist, player, film, pop, performs, festival, young, suit
0.24 player, football, basketball, team, game, portrait, holding, gym

Table A3: Representative words in male-related descriptions with different percentages of TextD.

Inject with ImgD

Inject with TextD

0.1               0.2                  0.3               0.4                0.5                0.6                0.7    

       Sketch 
Reference Image

           Oil 
Reference Image

(1) Using the sketch reference image for a text-to-image experiment

(2) Using the oil reference image for a text-to-image experiment
0.1               0.2                  0.3               0.4                0.5                0.6                0.7    

Inject with ImgD

Inject with TextD

Figure A6: Generated new images from the VLM with the text prompt "Please draw an animal" and varying levels
of intervention from different reference images. We found that TextD captures significant semantic information, such
as shape, etc. Notably, when a sketch is selected as the reference image, both imgD and TextD display sketch-like
stylistic features. When oil-painting is chosen as the reference image, both imgD and TextD exhibit styles that
resemble oil paintings. Comparatively, the stylistic differences between imgD in conditions (1) and (2) are distinct:
imgD in (1) lacks color, whereas imgD in (2) presents diverse coloration. Similar to Figure 8, TextD does not affect
low-level visual features, while ImgD shows significant distortion at higher α values.
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