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Model Database Format Recall@1 Recall@10 Recall@20

LLaMA-3.2-11B
Image 0.3387 0.6526 0.7224

Image + SVG 0.3110 0.6570 0.7209
Image + SVGgenerated 0.3169 0.6628 0.7427

Qwen2.5-VL-7B
Image 0.3503 0.6846 0.7456

Image + SVG 0.3605 0.7122 0.7558
Image + SVGgenerated 0.3765 0.7224 0.7776

Table 4. Retrieval Performance depending on the Representa-

tion used for SVGs. We measured the retrieval performance for
various database formats. In the database format, Image refers to
the case where only raster images are used. Image + SVG refers to
the case where raster images are used alongside the full SVG code,
which does not incorporate our method. Image + SV Ggenerated

refers to the case where raster images are used together with the
generated SVG code, which applies our method. The experimental
results show that the retrieval performance improves when the gen-
erated SVG code, which incorporates our method, is used alongside
the raster image.

Figure 4. Self-Cosine Similarity Distributions of Raster Image

Embeddings and Embeddings Combining Raster Images with

generated SVG Code in Qwen2.5-VL-7B. We find that the em-
beddings combining raster images and generated SVG code tended
to have lower cosine similarity scores in all settings. This suggests
that adding generated SVG code can lead to more distinct and use-
ful embeddings.

naive mixture embedding (Image+SVG) reduces the per-392

formance compared to raster image-only embedding, but393

increases and surpasses raster image-only embedding perfor-394

mance when using our mixture embedding with semantically395

generated SVG code and the raster image. This implies that396

simply feeding heterogeneous representations may intro-397

duce noise and degrade retrieval quality. However, when the398

generated SVG code is first enriched to capture high-level399

semantics, the resulting embedding provides complementary400

information to the raster image. This enables the model to401

better align visual and textual semantics, leading to improved402

retrieval performance.403

Method Recall@1 Recall@5 Recall@10 Recall@20

One word (Ours) 0.3169 0.5596 0.6628 0.7427

Two words 0.2340 0.4491 0.5262 0.6177
Three words 0.2384 0.4273 0.4971 0.5988
Four words 0.2253 0.4273 0.5160 0.5828
Sentence 0.1105 0.2137 0.2674 0.3401

Table 5. Ablation of mEOL prompt formulation. Our mEOL
prompt design represents information compactly as an one word.
When prompt design request loger compressed forms, retrieval
performance tends to decrease as length increases.

Model Penultimate Layer Last token Recall@1 Recall@5

LLaMA-3.2-11B

7 7 0.0262 0.0610
3 7 0.0044 0.0145
7 3 0.3212 0.5698
3 3 0.3387 0.5785

Qwen2.5-VL-7B

7 7 0.0073 0.0203
3 7 0.0015 0.0087
7 3 0.3387 0.5930
3 3 0.3503 0.6177

Table 6. Ablation on Raster Image Embedding Layer and Pool-

ing Method. Using the last token from the penultimate layer with-
out pooling achieves the best performance. The last token indicates
that average pooling has not been applied.

Figure 4 shows that raster image embeddings with gen- 404

erated SVG code are distributed at significantly lower co- 405

sine similarity scores compared to raster image embeddings 406

without SVG code. This result indicates that our method 407

effectively captures distinctive semantic features, thereby 408

creating a more clearly differentiated embedding space. Con- 409

sequently, our approach effectively integrates structural cues 410

from the SVG code and visual features from the raster image, 411

forming a more discriminative representation for multimodal 412

retrieval tasks. 413

Ablation of mEOL Prompt Formulation. We use a 414

prompt design that instructs the model to compactly repre- 415

sent the key information of the input. While our method com- 416

presses core information into a single word, Table 5 presents 417

retrieval performance changes when this compressed repre- 418

sentation is extended to two words or sentences. The results 419

indicate that retrieval performance tends to decrease as the 420

compressed information becomes longer. We hypothesize 421

that this occurs due to the critical information being dis- 422

tributed across multiple tokens in longer compressed forms, 423

making them less effective for retrieval tasks. 424

Ablation of Token Embedding for Raster Images. Tra- 425

ditional EOL embedding methods [18, 22, 36, 43] typically 426

uses the method to extract the sentence’s representation from 427

either the averaging all input token embeddings or the last 428

token of the last hidden layer. As we extend EOL methods 429
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Searching trends moved on from keywords to intent
• For graphic, manually searching takes too long
• Users expect natural queries, not just keywords
• Text-to-SVG retrieval remains unexplored
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TL;DR Revealing the power of structure: training-free multimodal retrieval that finally understands SVG structure
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Qualitative Results Main Results • Structure is a hidden cue:
SVG structure provides useful signals for 
multimodal alignment
• One token is enough: A single-token 

embedding suffices for cross-modal retrieval
• Semantic Module makes SVG embedding-

friendly: Raw SVG code is rewritten into 
compact, interpretable structure
• First text-to-SVG retrieval: We introduce and 

evaluate text-to-SVG retrieval
• Instruction-level control without fine-tuning: 

Competitive SVG retrieval is achieved without 
additional training

Proposed Method: Multimodal EOL (mEOL) Embedder with Semantic SVG Module

Project Page

Special thanks to Youwang and GeonU from AMILab.

Preliminaries: SVG & EOL
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• A Scalable Vector Graphic (SVG) visually resembles an image, 
but is internally represented as hierarchical vector code

• Explicit One-word Limitation (EOL) instructs a model to 
summarize an input into a single word, originally proposed 
for text embeddings.

• SVGs provide structure cues, but in a verbose hierarchical form

This ⟨[X]⟩ ⟨instruction⟩ in one word: 

bird 1
bird 2

LoveSVG 
Code

Image Generated
SVG CodeMLLM

• Assigns meaningful identifiers and simplifies SVG 
structure via visual reasoning

• Enables structure-aware text-to-SVG retrieval 
without fine-tuning with mEOL Embedder

Multimodal EOL (mEOL) Embedder without Fine-Tuning

Model           CLIP          BLIP        SigLIP     VLM2Vec   LLaVE  LLaMA-3.2-
11B (Ours)

Qwen2.5-
VL-7B (Ours)

• Cross-modal retrieval with 
fixed text queries and 
varying database modalities

Cross-modal retrieval 
(Text to Image / SVG)

• Structure-aware retrieval captures deeper 
semantic associations

• Our method outperforms prior VLMs and MLLM-based 
approaches across all top-k recall metrics

• Generated SVG improves retrieval performance
beyond Image+raw SVG fusion

Average Pooling in Last Layer Average Pooling in Penultimate

• Generated SVGs can produce 
distinct and useful embeddings

Penultimate Layer w/ Pooling
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Experimental Setting and Cross-Modal Retrieval Results
Ablation Studies

• The penultimate layer without pooling yields the 
most discriminative embedding space

• The penultimate layer provides the best trade-off 
between stability and retrieval quality in our setting

• When prompt design 
request longer compressed 
forms, retrieval performance 
tends to decrease as length 
increases.
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