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Abstract001

Despite extensive research on visual style un-002
derstanding, accurately capturing and compar-003
ing artistic style remains challenging. Tra-004
ditional retrieval methods rely on global em-005
beddings that conflate multiple stylistic di-006
mensions—such as brushstrokes, color palette,007
lighting, and composition—into single vectors,008
limiting both interpretability and fine-grained009
retrieval. We present a training-free framework010
that leverages Multimodal Large Language011
Models (MLLMs) to decompose images into012
multiple attribute-specific embeddings, provid-013
ing disentangled style representation. Indepen-014
dent representations for each stylistic attribute015
are obtained by extracting embeddings from016
intermediate transformer layers, conditioned017
on carefully designed user and system prompts018
that are generated dynamically. We demon-019
strate that intermediate MLLM layers possess020
richer visual information than the final-layer,021
which tends to suppress visual features to gen-022
erate textual outputs. To enhance represen-023
tational quality, we introduce dynamic prefix-024
ing, an automated approach that generates task-025
adaptive system and user prompts that outper-026
form manual prompt design. For retrieval, we027
propose a layer-wise hard-voting fusion mech-028
anism that aggregates evidence across multi-029
ple transformer layers without learnable pa-030
rameters. Extensive experiments on WikiArt031
and DomainNet demonstrate that our training-032
free approach achieves competitive or supe-033
rior performance compared to both generic vi-034
sion encoders and style-specific models like035
CSD (Somepalli et al., 2024), while providing036
attribute-level interpretability. Human prefer-037
ence studies further validate that our attribute-038
based retrieval aligns more closely with human039
perception than global representations, being040
preferred 54.95% of the time over images re-041
trieved by contemporary methods.042

Figure 1: Previous methods primarily retrieve images
using global representations. In contrast, our attribute-
based retrieval, when compared with CSD (Somepalli
et al., 2024) and CLIP (Radford et al., 2021), exhibits
two key advantages. (Top) It enables accurate content-
based retrieval by correctly identifying and retrieving
images that contain the primary subjects present in the
query image. (Bottom) It effectively disentangles style
from content. While existing methods are often biased
toward dominant objects in the image (highlighted by
red boxes), our approach retrieves images according to
the desired stylistic attributes.

1 Introduction 043

Understanding and comparing visual style in im- 044

ages remains a challenging problem despite exten- 045

sive prior research (Tenenbaum and Freeman, 1996; 046

Graham et al., 2012; Hughes et al., 2010; Lawrence- 047

Lightfoot and Davis, 2002; Li et al., 2011; Sab- 048

latnig et al., 1998; Saleh and Elgammal, 2015; 049

Gairola et al., 2020; Matsuo and Yanai, 2016; Ruta 050

et al., 2021; Wynen et al., 2018). Many existing re- 051

trieval methods (Radford et al., 2021; Caron et al., 052
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2021; Pizzi et al., 2022) rely on global embeddings053

that conflate multiple stylistic dimensions—such as054

brushstrokes, color palette, lighting, and composi-055

tion—into a single vector. This entanglement limits056

both interpretability and downstream performance,057

often prioritizing content over style (Somepalli058

et al., 2024). For instance, two paintings may share059

similar composition but differ significantly in color060

palette and brushwork (Figure 2). A single em-061

bedding averages over these dimensions, produc-062

ing potentially misleading similarity scores with063

no mechanism to isolate specific stylistic factors.064

Modern diffusion-based image generators (Rom-065

bach et al., 2022; Ramesh et al., 2021; Betker066

et al., 2023; Pernias et al., 2023; Adobe, 2023; Mid-067

journey, n.d.), such as Stable Diffusion (Rombach068

et al., 2022), learn artistic styles from large web-069

scale datasets (Schuhmann et al., 2022). Evaluat-070

ing whether generated outputs align with training071

distributions or reproduce style-specific signatures072

requires attribute-level feedback, which traditional073

global embeddings cannot provide. A natural solu-074

tion is to decompose artworks into multiple compo-075

nents and compare images using attribute-specific076

embeddings. However, training separate models077

for each attribute is costly and does not easily adapt078

to new tasks or attributes.079

Based on prior work (Li et al., 2011; Karayev080

et al., 2014; Srinivasa Desikan et al., 2022;081

Somepalli et al., 2024), we first identify six at-082

tributes (Table 1) that jointly describe the style and083

content of an image. To extract attribute-specific084

embeddings, we leverage the intrinsic visual-085

language understanding of Multimodal Large Lan-086

guage Models (MLLMs). MLLMs offers several087

advantages: flexible attribute management with-088

out retraining, generalization across domains, and089

interpretable embeddings through text outputs. Un-090

like an image encoder such as ViT, an MLLM can091

be “steered” via text prompts to focus on specific092

features (e.g., “Describe the brushstrokes”). These093

attribute-level descriptions are encoded as separate094

embeddings, forming a structured, disentangled095

representation of visual style.096

To enhance representational capabilities, we ex-097

plore multiple strategies. First, we propose to use098

intermediate MLLM layers which yield superior099

retrieval performance compared to final-layer out-100

puts, as hidden states preserve fine-grained visual101

information often compared to final textual predic-102

tions (See Figure 6). Second, we propose a dy-103

namic prefixing routine to automatically generate104

system prompts and enrich MLLM hidden states, 105

outperforming manual prompt design. Third, a 106

layer-wise hard-voting fusion mechanism aggre- 107

gates retrieval evidence across multiple transformer 108

layers without learnable parameters, producing sta- 109

ble rankings that utilizes features from shallow and 110

deeper layers. Figure 1 illustrates the advantages of 111

our approach. Unlike traditional retrieval systems 112

like CSD (Somepalli et al., 2024) and CLIP (Rad- 113

ford et al., 2021), which conflate style and con- 114

tent, our method separates these factors. Content- 115

focused queries retrieve semantically related im- 116

ages with stylistic variation, while style-focused re- 117

trieval identifies images with similar brushstrokes, 118

palettes, or composition regardless of subject mat- 119

ter. Our contributions are: 120

• A training-free framework that disentangles 121

attribute-level style information (color, brush- 122

strokes, composition, lighting, abstraction, 123

subject matter), to represent each image with 124

multiple attribute-specific embeddings for 125

fine-grained and interpretable image retrieval. 126

• Analysis showing that the intermediate layers 127

of MLLMs embed richer visual representa- 128

tions than final-layer outputs, with systematic 129

evaluation of embeddings extracted across in- 130

termediate MLLM transformer layers. 131

• Investigation of prompting strategies and 132

proposing a dynamic prefixing method, 133

which significantly outperforms fixed manual 134

prompts for each attribute. 135

2 Motivation 136

Figure 2 illustrates two paintings with distinct vi- 137

sual style but shared semantic content. This raises 138

a fundamental question in style analysis: Are these 139

two artworks similar or different? 140

Representing style in images. Style is gener- 141

ally described as a distinctive manner that permits 142

grouping of works into related categories (Fernie, 143

1995; Menis-Mastromichalakis et al., 2020), en- 144

compassing color, brushstrokes, composition, and 145

perspective. Existing approaches (Somepalli et al., 146

2024; Lecoutre et al., 2017; Kumar et al., 2025) rep- 147

resent artworks using a single embedding vector. 148

While effective for coarse similarity, such embed- 149

dings lack interpretability and fail to isolate indi- 150

vidual stylistic factors. Consequently, they cannot 151

indicate which attributes are aligned or divergent, 152

2



Figure 2: (Left) The Rising of the Sun by François
Boucher (1753) and (Right) Lucifer and Abdiel by Gus-
tave Doré (1858). While visually distinct at first glance,
both paintings depict human figures in surreal, floating
environments. Our method correctly identifies these
images as most similar in subject matter while recogniz-
ing them as dissimilar in color palette across the style
attributes. (Top) The MLLM responses for the images
corresponding to the attributes, effectively capture these
stylistic similarities (in green) and differences (in red).

limiting fine-grained control. For instance, two im-153

ages may match in color tones but diverge in sub-154

ject matter or abstraction. Similarly, retrieval based155

on specific aspects, such as brushstrokes, is not pos-156

sible with a single embedding. Decomposing art-157

works into attribute-specific embeddings addresses158

these limitations. It allows precise similarity assess-159

ment along individual dimensions, supports flexi-160

ble retrieval and clustering based on stylistic fea-161

tures, and aligns with human perceptual judgments,162

which consider multiple axes of style. Table 1 de-163

scribes the six visual attributes used in this work.164

Brushstrokes encode local textural patterns and the165

artist’s mark-making style; Color Palette reflects166

the global chromatic structure that shapes mood167

and aesthetic tone; Subject Matter provides se-168

mantic grounding distinguishing thematic domains;169

Composition describes the spatial arrangement and170

structural geometry of the scene; Lighting governs171

atmosphere, contrast, and perceptual depth; and172

Abstraction characterizes the level of representa-173

tional realism. Collectively, these attributes rep-174

resent the essential elements that characterize an175

image’s stylistic identity.176

MLLMs for open-set retrieval. Attribute-based177

Figure 3: We leverage pretrained MLLMs for attribute-
based fine-grained image retrieval. Given an image I
and a target attribute α, we construct a task-specific
prefix π and prompt P , which are jointly provided to
the model. Hidden states from each of the N individual
transformer layers are extracted and treated as layer-
specific image representations. For retrieval, similarity
is computed between each layer’s representation and
those of the query images, and a voting operator F
aggregates the layer-wise similarities to produce the
final retrieval result.

representations are powerful but inflexible when 178

models must be retrained for each attribute or do- 179

main. MLLMs, trained on diverse datasets, pro- 180

vide generalizable visual understanding and en- 181

able querying for new attributes without retraining. 182

The central research question is thus: How can we 183

leverage the zero-shot understanding of MLLMs 184

for open-set retrieval?. Prior work has explored 185

MLLM representations in various ways. (Zhuang 186

et al., 2024) uses the last-layer embedding for 187

dense document representations, while (Sun et al., 188

2025) averages last-layer embeddings to reveal 189

word–image region correspondences. (Kawarada 190

et al., 2025) prompts an MLLM to describe an im- 191

age with a single condition-specific word, using 192

the last token’s hidden state as a conditional im- 193

age embedding. (Liu et al., 2025) queries visual 194

tokens in the KV-cache of transformer heads for 195

correspondence tasks. Despite these efforts, a sys- 196

tematic study in effectiveness of hidden states for 197

open-set retrieval remains largely unexplored. 198

3 Methodology 199

Our pipeline (Figure 3) consists of three main com- 200

ponents: 1) prompt selection, 2) embedding extrac- 201

tion from hidden states, and 3) embedding selection 202

or fusion for retrieval. A key advantage of our ap- 203

proach is relative comparison: unlike single-vector 204

representations that output a single score with lim- 205

ited interpretability, our attribute-wise embedding 206
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Table 1: Descriptions of visual attributes used for
fine-grained style interpretation. For each attribute,
we prompt the MLLM using the template “Describe
<attribute> in this image. Context: <description>,”
where the contextual description specifies the visual
characteristics to attend to for that attribute.

Attribute Description / Context
Brushstrokes Texture and style of paint application:

visible, expressive, smooth, dotted, or
swirling strokes.

Color Palette Dominant colors and harmony: warm,
cool, vibrant, muted, monochrome,
complementary, or analogous.

Subject Matter Main theme: portrait, landscape, still
life, abstract, religious, or narrative
scene.

Composition Arrangement of elements: symmetry, focal
points, dynamic flow, crowded or spacious
layout.

Lighting Light source and effect: soft, dramatic,
shadows, sunlight, artificial light, or
glowing highlights.

Abstraction Level of realism: photorealistic,
stylized, semi-abstract, or
non-representational.

allows meaningful comparisons between images207

along each visual dimension, supporting more nu-208

anced analysis and retrieval. Moreover, our method209

is training-free, i.e, it uses MLLM’s zero-shot capa-210

bilities to retrieve attribute-specific similar images.211

212

3.1 Prompt Selection213

Prompt design, or “priming”, has been shown to214

significantly influence the performance of frozen215

LLMs (Wei et al., 2022; Long, 2023; Zhang et al.,216

2023), particularly in tasks requiring complex rea-217

soning and understanding. By providing additional218

information during response generation, prompts219

can guide the model’s behavior. Consequently,220

careful prompt design is critical. In this work,221

we examine several strategies—including prefix-222

ing, chain-of-thought (CoT) and dynamic prompt-223

ing—to evaluate how they enhance the model’s in-224

ternal hidden representations. Specifically, for each225

attribute α (e.g., brushstrokes, color palette, com-226

position, lighting, abstraction, subject matter), we227

construct a targeted textual prompt P and a prefix228

π that emphasizes its visual definition. The VLM229

then takes the image I along with π and P to gener-230

ate a response corresponding to the chosen attribute.231

The set of prefixes employed is listed in Table 1. In232

this work we consider six attributes—Brushstrokes,233

Color Palette, Subject Matter, Composition, Light-234

ing, and Abstraction—which together encode the235

core factors that define an image’s stylistic identity.236

The selected attributes comprise of content based237

Figure 4: Top 5 images retrieved by our method for
each attribute. Our approach effectively disentangles
attributes from objects, enabling accurate retrieval of
matching images.

attributes such as subject matter and composition as 238

well as style based attributes such as lighting and 239

abstraction. We select these attributes primarily 240

based on a) information provided in previous work 241

(Somepalli et al., 2024; Kumar et al., 2025) and 242

b) their complimentary nature encompassing both 243

style and content. 244

3.2 Attribute Extraction 245

Visual style is inherently multifaceted, encompass- 246

ing elements such as color, texture, composition, 247

lighting, abstraction, and subject matter, yet tra- 248

ditional monolithic embeddings flatten these com- 249

ponents into a single vector representation (Bai 250

et al., 2021). This semantic compression inhibits 251

interpretability, diminishes stylistic nuance, and of- 252

ten prioritizes content features over stylistic ones, 253

thereby restricting precise control and fine-grained 254

style-aware retrieval. To address these limita- 255

tions, we propose disentangling style into attribute- 256

specific embeddings. 257

We begin by conditioning a multimodal vision 258

language model (MLLM) using attribute-specific 259

prompts, yielding an embedding e
α
L ∈ RD at layer 260
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L that isolates the stylistic signature of attribute α.261

Formally, given an image I and an attribute α:262

{eαL1
, e

α
L2
, . . . , e

α
LN

} = MLLM(I, π(α), P (α)),263

where π(α) and P (α) denote the prefix and264

prompt associated with attribute α, providing the265

appropriate context to ensure that the MLLM ex-266

tracts the relevant stylistic information. The result-267

ing structured representation268

E
α(I) = {eαL ∣ α ∈ A, L ∈ {1, 2, . . . , N}},269

captures each stylistic dimension independently270

across layers. Additionally, we also incorporate the271

vision encoder’s representation E
v(I) = Ev(I),272

where Ev denotes the vision encoder (typically a273

ViT) that serves as the “eye” of the MLLM.274

3.2.1 Dynamic Prompting and Prefixing275

Multimodal Large Language Models (MLLMs) can276

be steered through prompts and system prefixes;277

however, designing task-relevant prompts manu-278

ally is often time-consuming and suboptimal. To279

address this, we propose an automated framework280

that jointly generates a prompt P and a prefix π281

conditioned on the input image and task. We illus-282

trate this in Figure 5.283

Student–Critic Prompt Generation. Let I de-284

note an input image and T a downstream task. We285

employ a student–critic interaction to generate a286

task-adaptive prompt. Let the student MLLM be287

denoted by Sθ and the critic MLLM by Cϕ.288

At interaction round t ∈ {1, . . . , k}, the student289

produces a response yt = Sθ(I, π, P, ht−1), where290

ht−1 = {y1, . . . , yt−1} represents the accumulated291

interaction history, P is the task specific prompt292

and π is the system prompt. The critic evaluates the293

student’s response conditioned on the image and294

conversation history: ct = Cϕ(I, yt, ht−1), and295

provides corrective feedback, which is appended to296

the history for subsequent rounds. After k rounds,297

we retain the final student response yk and extract298

the corresponding hidden representations of down-299

stream retrieval. Specifically, we employ Qwen2.5-300

VL-7B (Bai et al., 2025) as both the student and301

the critic for k=3 rounds of interaction. System and302

the task prompts are described in Figure 5.303

Dynamic Prefixing. In addition to prompt con-304

tent, MLLM outputs are highly sensitive to instruc-305

tional prefixes that condition the model’s reasoning306

behavior. A prefix differs from a prompt in that307

Table 2: Retrieval performance (%) for different com-
ponents across attributes.

Prompt Recall@1 Recall@10 mAP@10
Abstraction 56.63 91.45 60.52
Brushstrokes 56.94 91.70 60.54
Color Palette 57.02 91.58 60.48
Composition 56.63 91.66 60.51
Lighting 56.77 91.70 60.54
Subject Matter 56.69 91.54 60.52
Mean 56.78 91.60 60.52
Voting 58.19 92.60 64.52

it does not specify the task itself, but instead pro- 308

vides a meta-level instruction that biases how the 309

model attends to visual evidence and structures its 310

response. To exploit this, we introduce a prefix 311

agent Aψ that generates a task-aware user-level 312

prefix, which is prepended to the main query as 313

a user prompt and emphasizes visual cues. This 314

prefix functions as a soft conditioning prior that 315

consistently steers the model’s visual reasoning 316

along with the prompt. 317

Given the image I and task description T , the 318

prefix agent produces: π = Aψ(I, T ). The final 319

inference is performed by conditioning the stu- 320

dent model on the generated prefix and prompt: 321

y = Sθ(I, P, π) (please refer supplementary for 322

exact prompt format). The processing and retrieval 323

methodology is the same as that used for automatic 324

prompt generation. 325

3.3 Retrieval 326

For retrieval, we extract layer-wise embeddings 327

from the vision–language backbone and compute 328

their mean across the token dimension, following 329

(Sun et al., 2025). For each layer, we perform re- 330

trieval using cosine similarity and nearest-neighbor 331

search, producing a ranked list of retrieved images 332

that reflects the layer’s representational bias. To 333

form the final answer, we select the image that ap- 334

pears most frequently across the retrieved lists of 335

all layers, effectively performing a majority-vote 336

aggregation. This approach leverages cross-layer 337

consensus without introducing additional learnable 338

parameters and produces more discriminative re- 339

trieval results than relying on any single layer. 340

4 Results 341

We evaluate our approach and compare against 342

several state-of-the-art visual encoders and style- 343

specific models. We conduct our experiments on 344

subsets of the WikiArt (Saleh and Elgammal, 2015) 345

and DomainNet (Peng et al., 2019) datasets. For 346
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Figure 5: Dynamic Prompting (Left) vs. Dynamic Pre-
fixing (Right). Prefixing generates an automated user-
level instruction that conditions model reasoning prior
to the prompt, eliminating manual prefix and prompt
design.

WikiArt, we randomly sample 200 database images347

and 100 query images from each of the 27 cate-348

gories, resulting in a chance probability of 1/27.349

Similarly, for DomainNet, we sample 500 database350

images and 50 query images per class. We use the351

class labels as proxy for the attribute label. As re-352

ported in Table 3, traditional representations such353

as VGGGram (Gatys et al., 2015) and ResNet-50354

(He et al., 2016) achieve moderate retrieval per-355

formance, with mAP@10 ranging from 52.06%356

to 54.38% on WikiArt and 65.73% to 72.23% on357

DomainNet. Self-supervised vision transformers,358

including DINO ViT-B/8 and CLIP ViT-B/16, im-359

prove performance substantially, particularly on360

Recall@1 and Recall@10 metrics, demonstrating361

the benefits of learned feature representations for362

style-aware retrieval. SigLIP models (Zhai et al.,363

2023), despite their scale, underperform compared364

to both traditional and self-supervised baselines.365

The CSD baseline (Somepalli et al., 2024),366

which is specifically trained for style retrieval,367

achieves 62.00% mAP@10 and 57.93% Recall@1368

on WikiArt, and 75.60% mAP@10 and 72.80%369

Recall@1 on DomainNet. Our method, Qwen2.5-370

VL-7B, slightly improves these numbers (64.52%371

mAP@10 and 58.19% Recall@1 on WikiArt;372

97.23% mAP@10 and 99.86% Recall@1 on Do-373

mainNet), but unlike the baselines, it is com-374

pletely training-free and enables attribute-level375

matching (modular representations) rather than376

overall style matching (monolithic representations).377

This attribute-aware capability allows interpretable378

and fine-grained retrieval, demonstrating that our379

approach provides both competitive performance380

and additional functionality without any additional381

training. We also perform per-attribute retrieval382

and present the results in Table 2 and Figure 4. 383

Results on Other Models. We conduct the same 384

analysis on two additional vision–language mod- 385

els: LLaVA-1.6-Mistral-7B (Liu et al., 2024) and 386

InternVL3-7B (Chen et al., 2024). Averaged across 387

all attributes, InternVL3 achieves a mean accu- 388

racy of 52.69%, while LLaVA-1.6 attains 51.63%. 389

We attribute this lower performance primarily to 390

weaker vision encoders: the InternVL visual en- 391

coder achieves an accuracy of 50.86% and the 392

LLaVA-1.6 visual encoder 50.42%, compared to 393

56.13% for the Qwen2.5 ViT on WikiArt. Despite 394

the overall performance gap, our core findings and 395

trends remain consistent across these models. 396

Retrieval tasks in BLINK benchmark. Table 4 397

presents the accuracy of three tasks from the 398

BLINK benchmark (Fu et al., 2024), namely Art 399

Style, Visual Similarity, and Jigsaw. Text accuracy 400

is computed based on the answers generated by the 401

model. To compute nearest-neighborhood (NN) ac- 402

curacy, we extract the hidden states of the model for 403

the query image and the option images along with 404

the prompt explaining the task, then identify the 405

nearest option for each layer of the VLM and use 406

hard-voting scheme across all layers to determine 407

the final answer. Across all tasks, NN accuracy 408

consistently outperforms text accuracy by a consid- 409

erable margin, highlighting the utility of MLLM 410

hidden states for retrieval and matching tasks. 411

5 Human preference study 412

We conducted a human preference study to evalu- 413

ate attribute-based image retrieval. For each of the 414

six attributes, participants answered five questions, 415

resulting in a total of thirty questions. Each ques- 416

tion presented a query image along with three re- 417

trieved images: one from our method and one each 418

from CLIP and CSD. The study was conducted in 419

a blind setup, meaning participants were unaware 420

of which method produced each image. 22 partic- 421

ipants took part in the study (22 × 30 × 3 = 1980 422

votes). Our method was preferred 54.95% of the 423

time, compared to 22.61% for CLIP and 22.45% for 424

CSD. These results demonstrate that our attribute- 425

specific retrieval approach aligns more closely with 426

human perception and underscore the limitations 427

of monolithic representations, which tend to re- 428

trieve a single object irrespective of contextual or 429

attribute-specific nuances. 430
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Model WikiArt DomainNet
R@1 R@10 mAP@10 R@1 R@10 mAP@10

VGGGram (Gatys et al., 2015) 34.06 77.07 53.19 62.80 94.00 70.75
DINO ViT-B/8 (Caron et al., 2021) 46.56 85.33 60.44 68.80 93.20 74.86
DINO ViT-B/16 (Caron et al., 2021) 44.94 84.45 59.87 61.60 93.60 72.86
CLIP ViT-B/16 (Radford et al., 2021) 53.94 89.87 64.11 64.00 96.80 71.01
ResNet-50 (He et al., 2016) 35.68 79.87 54.38 66.80 94.40 72.23
SigLIP ViT-SO400M/14 (Zhai et al., 2023) 31.89 72.78 53.09 58.40 91.20 66.27
SigLIP ViT-L/16 (Zhai et al., 2023) 32.01 76.12 52.06 50.40 90.40 65.73
SigLIP ViT-B/16 (Zhai et al., 2023) 30.55 74.86 51.36 51.20 93.20 64.30
CSD (Somepalli et al., 2024) 57.93 92.45 62.00 72.80 97.60 75.60
Qwen2.5-VL-7B (Ours) 58.19 92.60 64.52 99.86 100.00 97.23

Table 3: Image retrieval performance (%) on WikiArt and DomainNet datasets. Our approach consistently
outperforms generic vision encoders as well as models specifically trained for style retrieval, despite requiring no
additional training.

Figure 6: (Left) Recall@1 (accuracy) across layers showing information degradation for different prompts, including
a chain-of-thought prompt. (Middle) Middle layers capture richer hidden representations when conditioned on an
appropriate prefix. (Right) Performance comparison of automated versus manual prompts and prefixes, showing
that automated prompts, just like manual prompts, also experience progressive information loss in deeper layers.

Model Art Style Visual Similarity Jigsaw
Text NN Text NN Text NN

Qwen2.5-VL-3B 58.1 70.9 57.0 83.0 50.0 70.7
Qwen2.5-VL-7B 68.4 78.6 85.2 85.9 63.3 75.3
Qwen2.5-VL-32B 70.1 71.8 79.3 83.0 68.0 72.0
InternVL3-2B 47.0 70.1 54.7 73.5 67.5 69.2
InternVL3-8B 51.9 82.2 52.6 86.7 64.4 85.9
InternVL3-14B 46.7 80.0 47.3 82.0 57.3 81.3

Table 4: Text-based vs. nearest-neighbor (NN) accuracy
on three retrieval tasks from the BLINK benchmark.
NN accuracy is computed using MLLM hidden-state
embeddings with layer-wise hard voting, consistently
outperforming text-based answers across all tasks.

6 Experiments and Analysis431

Attributes encapsulate complimentary informa-432

tion. To analyze whether the attributes capture433

complementary information, we preprocessed all434

textual responses generated by the MLLM by re-435

moving stop words, punctuation, and numbers, and436

computed Jaccard similarity and TF-IDF cosine437

similarity across the six attributes for each query438

sample, reporting the mean values across all sam-439

ples. This is illustrated in Figure 7. Unlike prior440

works (Kawarada et al., 2025) that force the model441

to output a single token per attribute, our method442

aggregates embeddings across all tokens in the443

LLM response; directly comparing these pooled 444

embeddings would be dominated by common to- 445

kens and, therefore, not reliably indicate attribute- 446

specific information. Instead, our token-level analy- 447

sis shows that the mean Jaccard similarity between 448

attributes is extremely low (off-diagonal values 449

mostly between 0.03–0.09), indicating minimal 450

overlap in token usage, while the mean TF-IDF 451

cosine similarity is also low (off-diagonal values 452

below 0.14), demonstrating that the relative im- 453

portance and distribution of words differ across 454

attributes. We observe slightly higher similarity 455

values for subject matter and composition pair, as 456

both are content-specific attributes that describe 457

the objects in the image and therefore naturally 458

share more tokens. These results indicate that each 459

attribute provides a largely distinct textual signal, 460

suggesting that embeddings derived from attribute- 461

specific responses encode unique aspects of an im- 462

age, supporting the use of multi-attribute embed- 463

dings for retrieval and other downstream tasks. 464

Information degradation in shallow layers. Prior 465

work has examined VLM embeddings for visual 466

representation learning (Sun et al., 2025; Zhuang 467

et al., 2024), but the focus has largely remained on 468

the final-layer embeddings. However, the LLM’s 469
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Figure 7: Average Jaccard and TF–IDF similarity be-
tween attribute descriptions across all samples, showing
low textual overlap and complementary attribute repre-
sentations.

ability to retain and utilize visual information470

throughout its layers is known to be a key bottle-471

neck in VLM performance (Fu et al., 2025; Huang472

et al., 2025). To better understand and validate lim-473

itation, we analyze all hidden layers of the LLM to474

identify the optimal layer for visual feature extrac-475

tion. We begin by studying knowledge degradation476

across layers by evaluating retrieval performance477

at each layer using four prompting strategies: (1)478

“Describe style in this image,” (2) “Describe this479

image,” (3) a chain-of-thought prompt, and (4) no480

prompt. Figure 6 summarizes the accuracy trends481

of hidden states across layers. Our results show a482

clear decay of utilization of visual information in483

deeper layers ( 10% mAP@1 decrease), confirm-484

ing that VLMs tend to suppress image features as485

language reasoning dominates. Additionally, the486

sensitivity—measured as the influence of prompt487

on the hidden states—is minimal when averaged488

across tokens, suggesting that deeper-layer activa-489

tions are increasingly steered by the text rather than490

visual embeddings. Moreover, we also test the re-491

trieval performance on arbitrary prompts including492

unrelated text such as ‘A man stands next to a car’493

and a no-prompt condition that allows the VLM494

to produce an unconstrained response. Across all495

cases, we observe that the influence of the prompt496

on the final-layer hidden states is minimal, with497

only marginal variation in mAP and recall as the498

model essentially ignores the prompt and instead499

provides the description of the image.500

Prefixing enriches intermediate embeddings.501

Prefixing has been shown to improve VLM perfor-502

mance for correspondence tasks (Liu et al., 2025)503

by influencing the visual tokens in the KV cache504

of the transformer head. However, its effect on505

hidden states for retrieval tasks remains largely un-506

explored. We begin by introducing a relevant prefix507

and observe substantial improvements in the per-508

formance of intermediate layers, indicating that509

Table 5: Retrieval performance (%) using different
Qwen2.5-based configurations.

Method Recall@1 Recall@10 mAP@10
Qwen2.5 ViT 56.13 90.86 60.36
Qwen2.5 + P (Mean) 56.52 90.96 60.36
Qwen2.5 + ( π,P (Mean),α) 56.82 91.52 60.38
Qwen2.5 + (π,P,Voting,α) 58.14 92.86 62.22

these layers are highly sensitive to contextual cues. 510

Figure 6 (Bottom) illustrates the per-layer perfor- 511

mance when a prefix is used to disentangle the 512

image. We observe that automated prefixing out- 513

performs dynamic prompting by 5.9% averaged 514

across all layers. Moreover, it also outperforms 515

manual prompting (See Table 5). 516

Ablation on model components. Table 5 demon- 517

strates the incremental effect of different compo- 518

nents in our retrieval framework. Starting from 519

the Qwen2.5 ViT baseline, introducing a generic 520

prompt (“Describe style in this image”) with mean 521

aggregation across tokens (Qwen2.5 + P) yields a 522

modest improvement in Recall@1 (56.13 → 56.52), 523

indicating that prompting alone provides limited 524

but consistent gains. Adding the proposed prefixing 525

technique and attribute-specific extraction (π, P , 526

α) further improves performance, suggesting bet- 527

ter alignment of attribute-specific representations. 528

Finally, voting-based fusion across all transformer 529

layers boosts performance to a Recall@1 of 58.14, 530

outperforming all baselines. 531

7 Conclusion 532

We introduce a training-free framework for 533

attribute-based retrieval, which represents each art- 534

work through six interpretable, attribute-specific 535

embeddings extracted via Multimodal Large Lan- 536

guage Models. Our analysis reveals that 1) interme- 537

diate MLLM layers preserve richer visual informa- 538

tion than the visual encoder and final-layer outputs; 539

2) our proposed dynamic prefixing significantly 540

outperforms manual prompt design; and 3) Layer- 541

wise hard-voting fusion aggregates evidence across 542

transformer layers, outperforming models specif- 543

ically trained for style retrieval on WikiArt and 544

DomainNet datasets. Beyond artistic style retrieval, 545

our framework enables zero-shot attribute speci- 546

fication for content moderation, dataset curation, 547

and generative model evaluation. By demonstrat- 548

ing that MLLMs can perform fine-grained visual 549

retrieval without task-specific training, we hope 550

to inspire further exploration of hidden representa- 551

tions for open-set visual understanding. 552

8



8 Limitations553

While our method is effective and flexible, it has554

a few limitations. Although training-free, it re-555

lies on large pretrained MLLMs and multi-layer556

hidden-state extraction, which introduces a higher557

inference cost compared to lightweight pretrained558

vision encoders. Further, attribute separation is559

achieved through prompting rather than explicit ar-560

chitectural constraints, so some overlap can occur561

between closely related attributes, particularly the562

ones tied to semantic content.563
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Figure 8: Layer-wise performance of image value tokens in the KV cache for retrieval tasks across 4 attention
heads and 3 prompts. Accuracy remains largely unchanged across heads and layers, even when using unrelated or
corrupted prefixes (e.g., “A man driving a car” or “hsufhe8...6sjeridh”), indicating that visual tokens do not capture
additional style information from the images regardless of the prompt.

9 Supplementary780

9.1 Image-value tokens as representation:781

In (Liu et al., 2025), the authors explore the role of782

visual tokens in the KV cache as the image value783

tokens act as a proxy for the input image at each784

layer of the language model. As illustrated in Fig-785

ure 8, we analyze these image value tokens across786

all heads and layers for retrieval tasks and find787

that their performance remains largely unchanged788

across layers, regardless of the prompts used. This789

suggests that the VLM does not leverage additional790

style information from the images based on the791

prompt, making visual tokens an ineffective choice792

for representing style.793

9.2 Ablation of Fusion operator.794

While our main approach employs hard voting795

across all layers to highlight the non-parametric796

utility of MLLM embeddings, we also evaluate797

trainable alternatives. Specifically, we fit a ran-798

dom forest and a logistic regression on the database799

embeddings at the top-performing layer (layer 10,800

Figure 5) and report mean accuracy across all at-801

tributes. The random forest achieves 62.17% and802

logistic regression achieves 64.54%, compared to803

58.19% using hard voting. This indicates that inter- 804

mediate embeddings can be potentially leveraged 805

by lightweight trainable heads to improve retrieval 806

performance. 807

9.3 Prompt formats 808

Information Degradation

messages = [
{
"role": "user",
"content": [
{"type": "image", "image": img_path},
{"type": "text", "text": prompt}

]
}

]

where prompt is ‘" "‘, ‘"Describe this image"‘,
and ‘"Describe style in this image"‘.

809
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Table 6: Recall and mAP at different retrieval thresholds (1, 10, 100) for various parameters and methods without
prefixing.

Parameter / Method Recall (%) mAP (%)

1 10 100 1 10 100

CSD 57.93 92.45 99.79 57.93 62.00 43.68
Qwen ViT 56.13 90.86 99.79 56.13 60.36 41.54
“Describe style of this image” 45.85 85.62 99.25 45.85 52.83 34.71
“Describe this image” 46.48 85.79 99.29 46.48 52.54 34.70
Empty prompt 46.52 85.99 99.21 46.52 52.70 34.71
Random prompt 46.27 84.49 99.42 46.27 52.08 34.36

Abstraction 44.35 81.45 99.25 44.35 55.22 37.77
Brushstrokes 44.27 81.70 99.42 44.27 55.21 37.64
Color Palette 43.14 81.24 99.25 43.14 55.09 37.58
Composition 43.31 81.62 99.29 43.31 55.09 37.63
Lighting 44.02 81.37 99.42 44.02 55.64 37.75
Subject Matter 43.60 81.28 99.33 43.60 55.49 37.73

Figure 9: An example of attributes described by MLLM.
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Prompt for Prefixing

messages = [
{
"role": "system",

"content": "You are an art curator
analyzing this painting.
Analyze visual features
that reveal the painter's
technique and aesthetic

choices."
},
{
"role": "user",
"content": [

{"type": "image",
"image": img_path},

{"type": "text",
"text": prompt}

]
}

]

where prompt is ‘" "‘, ‘"Describe this im-
age"‘, and ‘"Describe style in this image"‘.

810

10 Human Survey Analysis811

Table 7 presents the survey results comparing our812

method with CLIP and CSD across six stylistic813

attributes. Prior methods rely on holistic embed-814

dings that conflate multiple stylistic dimensions815

and cannot distinguish between attributes. In con-816

trast, our approach decomposes visual style into817

attribute-specific representations, enabling inter-818

pretable comparisons. This design is consistently819

preferred by humans across all attributes, with par-820

ticularly strong margins for lighting and subject821

matter, demonstrating that attribute disentangle-822

ment improves both interpretability and perceptual823

alignment.824

Table 7: Per attribute human preference accuracies.

Attribute Ours CLIP CSD

Abstraction 53.4 36.4 10.2
Brushstrokes 63.6 20.9 15.5
Color Palette 54.5 18.2 27.3
Composition 56.8 14.8 28.4
Lighting 70.6 16.5 12.8
Subject Matter 67.3 10.0 22.7

Prompt for Dynamic-Prefixing

Prompt to prefix generator:

messages = [
{
"role": "user",
"content": [

{"type": "image",
"image": img_path},

{"type": "text",
"text": "Look at this artwork
and generate a single-sentence

instruction that would
help guide analysis of
its {attribute}.
The instruction

should be specific to what
you observe in the image
regarding {attribute}."}

]
}

]

Prompt to embedding generator:

messages = [
{
"role": "system",
"content": GENERATED_PREFIX
},
{
"role": "user",
"content": [

{"type": "image",
"image": img_path},

{"type": "text",
"text": prompt}

]
}

]

where prompt is described in Table 1.
825
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Figure 10: Example of samples used in human study. The image order is randomized during the study.
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