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A. Human Study

To assess human perception of retrieval quality, we con-
ducted a user study with 15 participants. Each participant
was shown the retrieved image results from three models:
(1) LLAVE (baseline), (2) our model with raster image, and
(3) our model with raster image + SVG code for a given
text query. Participants rated each result on a 1 to 5 scale
based on semantic alignment with the query. As shown in
Fig 1, our models consistently outperform the baseline. In
particular, incorporating structural SVG information yields
further improvements over the raster-only setting.
Structure-Aware Semantics To assess how well each
model retrieves icons that are not only semantically rele-
vant but also structurally aligned with the input query, we
conducted an additional human evaluation. Fig 2 show that
participants rated the retrieved icons on a 1-5 scale based on
how well each result captured both the meaning and struc-
tural resemblance of the textual query.

We observe that LLaVE consistently received lower rat-
ings, indicating difficulty in capturing both semantic and
structural cues. In contrast, Ours (Raster Image) achieved
moderately higher ratings across most queries, while Ours
(Raster Image + SVG Code) received the most favorable
scores with a clear concentration in the 4-5 range. This result
highlights the effectiveness of incorporating SVG structural
signals, leading to more faithful icon retrieval in terms of
both meaning and visual form.

Consistency of Human Preferences To further analyze
how users evaluated retrieval outputs across models, we com-
puted Spearman’s rank correlation (p) between rating vectors
for each participant. Fig 3 shows the density distributions
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Figure 1. User preference voting results. For each query, partici-
pants were shown all three model outputs and asked to rate which
result was most faithful to the intended semantics and visual im-
pression.
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Figure 2. Structure-aware evaluation ratings. Participants rated
how well each retrieved icon matched both the semantic meaning
and structural characteristics of the input text.

of these correlations. We observe low correlation between
LLaVE and either of our models, reflecting significant varia-
tion in how participants judged the baseline compared to ours.
Notably, the correlation between our two models (Raster Im-
age and Raster Image + SVG code) remains moderately high
(p = 0.55 on average), indicating that participants not only
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Figure 3. Density plot of Spearman’s rank correlation (p) com-
puted across all participants for each pair of model outputs.
High correlation between Ours (Raster Image) and Ours (Raster
Image + SVG code) suggests that the inclusion of SVG structure
improves perceived quality while preserving relative rankings of
retrieved results.

Table 1. Ablation of Text Augmentation. We analyze the change
in retrieval performance when applying text augmentation, which
adds information about incorrect answer choices to the original text
query. We find that performance significantly decreases when text
augmentation is applied.

Model ‘ Text | Recall@l Recall@5 Recall@10
Augmentation
X 03387 05785 0.6526
LLaMA-3.2-11B ‘ v ‘ 0.3081 0.5276 0.6192
x 03503  0.6177  0.6846
Quwen2.5-VL-7B ‘ v ‘ 02413 04695 05567

consistently rated our models above the baseline but also
preserved a stable preference for the SVG-enhanced variant
across different queries.

B. Additional Experimental Result

Ablation of Text Augmentation. Each sample in VG-
Bench [6] consists of a textual question, four textual answer
choices, and a correct answer label. Currently, we use only
the textual question and a correct answer label to construct
the query. Through text augmentation, we also provide
information from the incorrect answer choices. For example,
if the original query is "The answer is sadness",
the text-augmented query would be "The answer is
sadness. Joy, surprise, anger are not

the correct answers." We hypothesize that by
applying text augmentation, the increased amount of
information can help the model to generate more semantic
embeddings. However, as shown in Table 1, we find that
applying text augmentation leads to a drop in performance.
The additional details may cause a model that generates text
autoregressively to move further away from the intended
answer. This suggests that text augmentation is not a suitable

Table 2. Embedding extraction time. We measure the time re-
quired to construct the database by extracting embeddings from
raster images and SVG codes using the Qwen2.5-VL-7B model, as
well as the time computing query embeddings from text inputs.

Model |  Input | Avg. Token Count | Avg. Time (s)
Image+SVG 1465.77 0.1161
Qwen2.>-VL-7B ‘ Text 8182 0.0243

approach for our method. These results imply that a simpler
form of text, containing only the essential information
needed for the query, may be more suitable for our method.

Embedding extraction time. We measure the time re-
quired to extract embeddings and report the results in Ta-
ble 2. We observe that extracting embeddings from long
original SVG codes and images takes approximately 0.11
seconds per sample, while text queries require about 0.02
seconds. Since the database embeddings are computed once
and reused thereafter, similar to RAG pipelines, the overall
runtime overhead remains minimal.

Qualitative Result. At Fig. 4, we provide more qualitative
results. As shown, our embedding method can encode both
structural part and the textual semantic meaning, compared
to other methods such as CLIP [3], LLaVE [2].

C. Modality-Specific Prompting for mEOL

We compare each EOL method in Table 3, and addition-
ally provide our modality-specific EOL prompts. For each
modality, the prompt is given to effectively guide the model’s
understanding according to its modality, with SVG-specific
instructions included to extract semantically meaningful em-
beddings, and the text and image include the visual semantics
such as shapes, color, structure or layout.

D. Semantic SVG Code Enhancement Example

In Figure 5, we provide additional qualitative results of en-
hanced semantic SVG code. Original SVG codes typically
consist of path components, which are sequences of numeric
values representing lines, but they also contain numerous
retrieval-irrelevant strings and formatting artifacts that in-
troduce substantial noise. Providing such raw SVG code
directly can make it challenging for a zero-shot embedder
to generate appropriate embeddings. By leveraging vision-
expert models (e.g., ChatGPT), we can enhance the structure
of the code into a more interpretable form by assigning IDs
and simplifying the overall structure. The enhanced SVG
code becomes more interpretable, facilitating better multi-
modal embeddings. For the enhanced SVG code generation,
we adopted GPT-40-mini with the instruction: I provide you
the SVG code: code and also the SVG image. Assign the ids(it
must be one of the components of the object you guessed) to
each components, and assign the object as the id of whole
code. Then, please simplify the SVG code.



Table 3. Comparison with prior EOL-based methods. Compared to the previous EOL-based methods, our method leverages modality-
specific prompting and uses the penultimate layer.

Method ‘

Prompt Template

‘ Layer Index

PromptEOL [1] |

This sentence: "[Prefix]" means in one word:

| Last (~1)

KEEOL [5]

The essence of a sentence is often captured by its
main subjects and actions, while descriptive terms
provide additional but less central details.With
this in mind, this sentence : "[Prefix]" means in
one word:

Penultimate (—2)

GenEOL [4]

The essence of a sentence is often captured by its
main subjects and actions, while descriptive terms
provide additional but less central details.With
this in mind, this sentence : "[Prefix]" means in
one word:

Penultimate (—2)

Ours

Text (User): This textual description includes
visual elements such as shapes, colors, structure,

and layout. With this in mind, this sentence: "[X]"
in one word.
Image (User): "[X]". Closely observe the

image |shapes, structure, colors, and details. With
this in mind, this image means in one word.

SVG (User): I provide you the SVG code: "[X]". What
image does this SVG code make? Tell me in one word.
Image+SVG (User): Below is an SVG icon and an image
of the icon. "[X]""[X]".With this in mind, this
icon means in one word.

Penultimate (—2)
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Figure 4. Additional qualitative results.



Target Icon

[ original SVG Code |

(<?xml version="1.0" encoding="1s0-8859-1"?><!-- Generator: Adobe Illustrator 19.0.0, SVG Export Plug-In )
SVG Version: 6.00 Build @) --><svg version="1.1" id="Layer_1" xmlns="http://www.w3.org/2000/svg"
xmlns:xlink="http://www.w3.0rg/1999/x1link" x="@px" y="@px"n viewBox="0 @ 512 512" style="enable-
background:new © © 512 512;" xml:space="preserve">

<g>
<g>
<path style="fill:#605F5E;" />
<path style="fill:#605F5E;" />
<path style="fill:#605F5E;" />
<path style="fill:#6@5F5E;" />
</g>
<g>
<path style="fill:#797979;" d="." />
<path style="fill:#797979;" W
</g>
<g>
<path style="fill:#605F5E;"
<path style="fill:#605F5E;"
</g>
<g>
<polygon style="fill:#COCOCO;" points=".." />
<path style="fill:#Cecece;" d="." />
/>
/>
<path style="fill:#E2B566;" d=".." />
<g>
<path style="fill:#605F5E;" d="..
<polygon style="fill:#6@5F5E;" points="." />
</g>
</g>
KB/ BOLEIK/BOLEIK/BOKEIL/ OGO/ BOKEIL/GOLEIK/EOLKEIK/BILEIK/EOKE>K/E>KE></8>KE></8><E></8><g></ 8>
k</svg> )

[ SVG Code with Semantic SVG Module |
<svg version="1.1" id="forklift" xmlns="http://www.w3.0rg/2000/svg"
xmlns:xlink="http://www.w3.0rg/1999/x1ink" x="@px" y="0px"n viewBox="0 @ 512 512" style="enable-
background:new © @ 512 512;" xml:space="preserve">

<g><path id="forklift_body" style="fill:#605F5E;" d="..
"forklift_handle" style="fill:#605F5E;"
forklift_wheell" style="fill:#605F5E;"
<path id="forklift_wheel2" style="fill:#605F5E;" d=
<polygon id="forklift_fork" style="fill:#C@COCO;" points=".."/>nn
<path id="forklift_base" style="fill:#FBDO77;" d=".."/>n
</g>
</svg>
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[ Original SVG Code ]

<?xml version="1.8" encoding="iso0-8859-1"?><!-- Generator: Adobe Illustrator 19.0.0, SVG Export Plug-In .

SVG Version: 6.00 Build @) --><svg version="1.1" id="Layer_1" xmlns="http://www.w3.org/2000/svg"

xmlns:xlink="http://www.w3.0rg/1999/x1ink" x="@px" y="@px"n viewBox="0 @ 512 512" style="enable-

background:new © © 512 512;" xml:space="preserve">
<path style="fill:#F4B74A;" d=".."/>
<path style="fill:#EFA125;"
<path style="fill:#477777;"
<path style="fill:#437171;"
<path style="fill:#BBD7D8;"
<path style="fill:#B1CCCD;"
<path style="fill:#E8ECED;"
<path style="fill:#437171;"
<path style="fill:#477777;"
<path style="fill:#437171;"
<path style="fill:#BBD7DS8;"
<path style="fill:#B1CCCD;"
<path style="fill:#E8ECED;"
<path style="fill:#F5888E;" .
<path style="fill:#F76976;" d=".."/>

KB/ OO/ BILEIC/BILEIC/BIKEIK/BOKEIL/ OGO/ GO/ GOLEIK/BOLE>C/EOKE>K/E><g></8><g>< /8>

[ SVG Code with Semantic SVG Module |

<svg id="love_birds" version="1.1" xmlns="http://www.w3.org/2000/svg"
xmlns:xlink="http://www.w3.0rg/1999/x1link" x="@px" y="@px" viewBox="0@ @ 512 512" style="enable-
background:new © © 512 512;" xml:space="preserve">

<path id="bird1l" style="fill:#F4B74A;" d="."/>

<path id="bird2" style="fill:#EFA125;" d="."/>

<path id="heart" style="fill:#F5888E;" d="."/>
</svg>

Figure 5. Qualitative results of semantic SVG module.
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