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Abstract

Multimodal named entity recognition (MNER) leverages both textual and visual informa-
tion to improve entity recognition, particularly in unstructured scenarios such as social
media. While existing approaches predominantly rely on raster images (e.g., JPEG, PNG),
scalable vector graphics (SVG) offer unique advantages in resolution independence and
structured semantic representation—an underexplored potential in multimodal learning. To
fill this gap, we propose MNER-5VG, the first framework that incorporates SVG as a visual
modality and enhances it with ChatGPT-generated auxiliary knowledge. Specifically, we
introduce a Multimodal Similar Instance Perception Module that retrieves semantically
relevant examples and prompts ChatGPT to generate contextual explanations. We further
construct a Full-Text Graph and a Multimodal Interaction Graph, which are processed
via Graph Attention Networks (GATs) to achieve fine-grained cross-modal alignment and
feature fusion. Finally, a Conditional Random Field (CRF) layer is employed for structured
decoding. To support evaluation, we present SvgNER, the first MNER dataset annotated
with SVG-specific visual content. Extensive experiments demonstrate that MNER-SVG
achieves state-of-the-art performance with an F1 score of 82.23%, significantly outperform-
ing both text-only and existing multimodal baselines. This work validates the feasibility and
potential of integrating vector graphics and large language model-generated knowledge
into multimodal NER, opening a new research direction for structured visual semantics in
fine-grained multimodal understanding.

Keywords: multimodal named entity recognition; scalable vector graphics; ChatGPT; graph
attention networks

1. Introduction

Named entity recognition (NER) is a fundamental NLP task that identifies entities
such as persons, locations, and organizations [1,2]. With social media’s rise, unstructured
and multimodal user-generated content challenges traditional NER, promoting multimodal
named entity recognition (MNER). By integrating visual and linguistic information, MNER
has emerged as a key paradigm driving artificial intelligence toward a deeper understand-
ing of the complex real world. Leveraging visual information, MNER enhances recognition
performance and proves effective in tasks like multimodal sentiment analysis [3], vehicle
engineering [4], machine translation [5], and visual dialog [6]. Its importance in practical
applications continues to grow.

However, existing MNER approaches largely rely on raster images (e.g., JPEG, PNG),
which are resolution-dependent and often suffer from information loss during compression
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or scaling. This limits the accuracy and interpretability of cross-modal understanding,
especially in scenarios such as human—computer interaction, interface understanding, and
information visualization. Scalable vector graphics (SVG), in contrast, describe images
using mathematical primitives rather than pixels, offering resolution independence, struc-
tural clarity, and editability. These properties make SVG particularly suitable for structured
visual content, such as diagrams, logos, infographics, and interface icons. SVG are widely
adopted in modern digital platforms, including educational tools, scientific visualizations,
mobile icons, and web interfaces. Tools like Iconfont, Figma, and AdobeXD use SVG as
a standard format, highlighting its relevance for emerging multimodal understanding
scenarios. Despite this, the potential of SVG as a visual modality in multimodal learning
remains unexplored.

In this work, we explore the value of SVG in a downstream task, namely multimodal
named entity recognition (MNER) [7]. MNER aims to identify and categorize entities in
text with the help of visual context, improving recognition accuracy in noisy and informal
user-generated content. As shown in Figure 1, relying solely on textual information may
lead to labeling “Zeppelin” as a person. In contrast, the accompanying image clearly
indicates that “Zeppelin” is a dog, allowing the model to correctly categorize it as “MISC”.
By using SVG instead of raster images, we can provide more structured and informative
visual signals, facilitating precise cross-modal semantic alignment.
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Figure 1. An example of multimodal named entity recognition. Relying on text alone may lead to
incorrect entity classification.

Moreover, large language models (LLMs) such as ChatGPT have demonstrated strong
contextual learning and generalization capabilities across NLP and multimodal tasks [8,9].
Leveraging this, we generate auxiliary knowledge using ChatGPT-3.5-Turbo to further
enhance MNER performance, providing semantic cues that complement the SVG visual
information and improving cross-modal understanding.

We propose MNER-SVG, a framework that incorporates vector graphics and ChatGPT-
generated auxiliary knowledge to enhance cross-modal understanding. To fully exploit
SVG-specific information, we develop a dual-stream module that extracts macro-pixel
patterns alongside micro-structural primitives directly from the XML source. A Multimodal
Similar Instance Perception Module selects semantically related examples and combines
ChatGPT knowledge with textual inputs for downstream modeling. To better align text and
visual semantics, we construct a Full-Text Graph to capture global contextual relations and
a Multimodal Interaction Graph for fine-grained region-level alignment. Graph Attention
Networks (GATs) enable adaptive cross-modal fusion, followed by a Conditional Random
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Field (CRF) decoder for entity prediction. To support evaluation, we construct SvgNER,
the first MNER dataset with SVG-specific annotations.
Our contributions are summarized as follows:

e  We are among the first to explore the use of SVG as a visual modality specifically for
the MNER task, emphasizing its resolution independence and structural semantics.

e  We propose an integrated framework MNER-SVG combining SVG representations,
ChatGPT-generated auxiliary knowledge, and graph-based cross-modal interactions via
Graph Attention Networks (GATs), enhancing both performance and interpretability.

e  We present SvgNER, the first SVG-annotated dataset for MNER. Experimental results
demonstrate the effectiveness of our approach, validating SVG as a promising modality
for fine-grained multimodal understanding.

The remainder of this paper is organized as follows: Section 2 reviews related work
on multimodal named entity recognition. Section 3 describes the proposed MNER-SVG
model in detail. Section 4 presents the experimental results and corresponding analyses.
Section 5 concludes the paper and discusses future research directions.

2. Related Works
2.1. Multimodal Named Entity Recognition

In recent years, some progress has been made in research on multimodal named entity
recognition. Zhang et al. [10] defines the novel task of named entity recognition (NER)
for multimodal tweets by incorporating visual information, and proposes an Adaptive
Co-attention Network (ACN) to fuse textual and visual features, with gated fusion and
filtration gates for noise reduction. They built a large-scale manually annotated multimodal
tweet dataset and validated experimentally that the method outperforms text-only SOTA
models, demonstrating visual information’s effectiveness for tweet NER. Yu et al. [11]
proposes a Unified Multimodal Transformer (UMT) for multimodal named entity recog-
nition (MNER) in social media posts. It introduces a multimodal interaction module to
generate image-aware word representations, and an auxiliary text-based entity span detec-
tion module to mitigate visual bias. The model achieves state-of-the-art performance on
two benchmark Twitter datasets. Zhang et al. [12] proposes a unified multimodal graph
fusion (UMGF) model for named entity recognition with images. It constructs a graph
linking words and visual objects, uses stacked fusion layers for cross-modal interaction,
and achieves state-of-the-art results on Twitter datasets. Xu et al. [13] enhances multi-
modal named entity recognition by integrating topic prompts from images and using
multi-curriculum denoising to mitigate noise. This approach strengthens model reliability
and performance in complex multimodal settings. Li et al. [14] proposes the AMLR method
that advances multimodal NER through entity-level fusion, expanding text to multi-scale
representations before cross-modal attention. This entity-level reinforcement outperforms
token-level methods on Twitter datasets. Zhang et al. [15] proposes PGMNER, a framework
integrating object detection and prompts to enhance multimodal NER and co-reference
resolution. It achieves state-of-the-art results on the CIN dataset by improving cross-modal
alignment. Mu et al. [16] proposes MCIRP, a model for multi-image MNER that employs
relation propagation to filter irrelevant images and multi-granularity fusion for better
cross-modal interaction, achieving state-of-the-art results.

2.2. Subsection Prompt Engineering for NER with ChatGPT

Since its release in November 2022, ChatGPT (Chat Generative Pre-trained Trans-
former) has demonstrated strong generalization across various tasks, including Information
Extraction (IE). Despite its closed-source nature, recent studies have explored its zero-shot
capabilities. For example, ChatlE [17] formulates IE as a prompting task for ChatGPT and
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conducts comprehensive performance evaluations. Chen et al. [18] proposes a framework
addressing medical NER challenges by creating a large multi-scenario dataset, and robust
prompt training, achieving significant performance gains. De et al. [19] proposes AgNER-
BERTa and AgRE-BERTa models with advanced data augmentation for agricultural NER
and RE. Further investigations [20,21] assess ChatGPT’s interpretability, calibration, and ro-
bustness, highlighting its potential while acknowledging limitations such as overconfidence
and occasional misclassification.

As a core subtask of IE, named entity recognition (NER) benefits significantly from
prompt-based interaction with large language models (LLMs). Unlike traditional fine-
tuning approaches (e.g., BERT [22]), LLMs like ChatGPT support In-Context Learn-
ing (ICL), enabling few-shot or zero-shot NER without parameter updates [23]. This
paradigm offers faster adaptation and greater flexibility, particularly for domain-specific or
multimodal scenarios.

With ongoing advances in multimodal NER (MNER), integrating visual information
with LLM-driven prompt engineering opens new possibilities. The fusion of textual and
visual cues, combined with ChatGPT’s generative reasoning, presents an efficient and
scalable approach to entity recognition in complex multimodal settings.

2.3. Summary

Although numerous achievements have been made in the fields of multimodal named
entity recognition and named entity recognition based on large language models, several is-
sues remain. Firstly, no researcher has yet conducted multimodal named entity recognition
studies on SVG format images, failing to fully leverage the advantages of the SVG vector
graphics format to enhance the accuracy of named entity recognition. Secondly, there is
still limited research on multimodal named entity recognition based on the large language
model ChatGPT.

3. Methods

MNER generally consists of three steps: text processing—recognizing named entities;
image processing—extracting visual cues via regional feature extraction or structural
parsing; and joint modeling—fusing textual and visual features to improve recognition.

Multimodal named entity recognition (MNER) extracts named entities from a text
sequence X = {x1,X,...,x,} and visual information I to improve classification, treated as
a sequence labeling task. The goal is to assign an entity label Y = {y1,y2,...,yx } to each
token, based on the BIO2 annotation scheme.

Figure 2 illustrates the MNER-SVG framework, comprising four key modules: (1) text
and SVG feature extraction, (2) auxiliary knowledge generation via ChatGPT, (3) multi-
modal interaction and fusion, and (4) CRF decoding. The process begins with extracting
features from both modalities, followed by ChatGPT-generated knowledge integration into
a Transformer encoder. To align text and visual features, we construct text and multimodal
graphs, fused via Graph Attention Networks (GATs). A final CRF layer predicts entity
labels, improving recognition accuracy. Importantly, MNER-SVG leverages SVG structural
information and ChatGPT-generated knowledge to enhance cross-modal understanding
beyond pixel-level visual features.
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Figure 2. Architecture overview of MNER-SVG.

3.1. Feature Extraction Module

MNER-SVG captures both textual and visual features for multimodal representation.

3.1.1. Textual Representation

For a sentence S, BERT provides contextual embeddings He R”Xd, where 7 is the
sequence length and d is the hidden dimension. A self-attention mechanism further refines
these representations:

M = softmax QiKT , H=LN(H+MV) 1)
Vi

where LN denotes layer normalization. This enables the model to capture long-range
dependencies among tokens.

3.1.2. Hybrid Visual Representation

To fully leverage vector-based visual cues, MNER-SVG employs a hybrid represen-
tation strategy that combines macro-pixel features with micro-structural primitives. As
described in Algorithm 1, the process involves two parallel branches: rasterization and
structural feature parsing.

Leveraging SVG structural and semantic information. While rasterized PNG images
allow the model to utilize powerful pre-trained CNNSs for hierarchical visual patterns, they
are explicitly complemented by structural feature vectors (Vstyuct) extracted directly from
the SVG’s XML source. These representations are not limited to pixel-level grids; they
encode vector-specific properties—such as path complexity, stroke attributes, and primitive
types—that support downstream fusion and reasoning. This dual-stream approach ensures
that resolution-independent semantic anchors are preserved, providing stable cues that are
immune to information loss during scaling. Furthermore, ChatGPT-generated knowledge
derived from SVG descriptions provides high-level semantic cues, ensuring that the inher-
ent advantages of vector graphics are utilized beyond simple pixel-level representations.

The feature extraction pipeline consists of three essential stages:

e  Structural Feature Extraction: Parse XML-based primitives, including line segments
L(x1,y1,X2,Y2), Bézier curves B(t), and region fills, to construct a structural descriptor Vstrct.

e  Rasterization: Convert continuous vector coordinates into discrete pixels with resolu-
tion R = (w,h): (xp,yp) = ([x-w], [y-h]).

e  Feature Synthesis: The CNN-derived regional features and the XML-derived
Vistruet are then integrated to form a comprehensive multimodal representation for
downstream tasks.
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Algorithm 1 Hybrid SVG Feature Extraction

Input: Path to an SVG file
Output: (1) PNG image in RGB format; (2) Structural feature vector Vet

if the SVG file does not exist then

Raise an error indicating missing file
end if
//Branch 1: Rasterization for Pixel Features

Convert SVG to PNG format using cairosvg and store in the buffer
Load the PNG image and convert it to RGB format
//Branch 2: Structural Parsing for Vector Features
Parse the XML tree of the SVG to extract primitives
10. Derive Ve from path properties, coordinates, and XML tag statistics

1
2
3
4
5. Initialize an in-memory buffer for output
6
7
8
9

11. return The RGB image and Vit
12.  If any error occurs during processing, return None

3.1.3. Visual Feature Extraction

Following Algorithm 1, we extract deep visual features from the rasterized SVG
using a pre-trained ResNet-152. Images are resized to 224 x 224 pixels, and regional
features are extracted as U = (i1, Uy, ..., Ug9), where u; € R?%8. These features are
projected into the text feature space via a linear transformation V. = W, U, where
V =(v1, 0y, ..., 0s9)and v; € R4, To incorporate vector-specific semantics, we further fuse
the structural descriptor Vo with the regional features, and define the augmented visual
representation as Vg = [V'; WsVstruct], where Wy is a learnable projection matrix and [ ; |
denotes concatenation. This hybrid representation V;,,¢ serves as the input for subsequent
multimodal interaction and fusion tasks.

3.2. ChatGPT-Generated Auxiliary Knowledge Module

To enhance MNER with external knowledge, we leverage ChatGPT to generate aux-
iliary explanations based on multimodal context (Figure 3). Importantly, the ChatGPT-
generated knowledge is derived from SVG descriptions and associated textual annotations,
rather than from rasterized PNG images. This ensures that vector-specific structural and
semantic information is preserved and provides semantic cues that complement the visual
features extracted from CNNs. This process includes three steps: (1) manually annotat-
ing a small training subset as high-quality reference data, (2) selecting similar examples
via multimodal similarity, and (3) prompting ChatGPT to generate auxiliary knowledge
integrated into the input for better entity recognition.

Transformer-based Embeddings

ChatGPT generates
auxiliary knowledge

Multimodel Similar Example Awareness

T Al
1
|

Predefined artificial Text: A man is giving a
samples speech in front of the screen

Figure 3. Enhancing MNER via ChatGPT-generated knowledge from SVG inputs.
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3.2.1. Reference Sample Annotation

We annotated 200 training samples with entity labels, multimodal explanations, and
textual-visual alignment. This curated set serves as few-shot examples to guide ChatGPT
in generating relevant auxiliary knowledge.

3.2.2. Multimodal Similarity-Based Example Selection

Since GPT’s performance depends heavily on example selection [24], we design
a Multimodal Similarity-Based Example Selection (MSEA) module to retrieve contextually
relevant pairs from the reference set.

Feature Extraction and Similarity Evaluation: We use existing MNER models to
extract fused multimodal features from both test input and reference samples, denoted
as D = {(t, piyi)}M,, G = {(tj, pj,yj)}]-l\il. Features H = M (t, p) are computed via
a shared encoder M;, which in our implementation is a pre-trained multimodal backbone
frozen to project text and SVG-pixel pairs into a unified semantic space. Higher cosine
similarity between these features indicates greater contextual alignment.

Example Selection Mechanism: We compute cosine similarity between the test in-
put’s feature and each annotated sample, selecting the top N most similar examples for
ChatGPT’s contextual references: C = {(t;, pj,y;) | j € I} Precomputing all fusion features
allows efficient retrieval during inference.

Prompt Construction: Each prompt follows a fixed format consisting of three parts:
(1) a concise task definition (“Extract named entities from the following multimodal input”),
(2) few-shot context examples selected based on multimodal similarity, and (3) the current
test input (text + SVG).

This structure ensures consistent guidance, improving accuracy and reproducibility.

To illustrate our prompt design, Table 1 provides a real sample of the prompt input
and ChatGPT’s output auxiliary knowledge.

Table 1. Example prompt and ChatGPT-generated auxiliary knowledge.

Prompt Input (Few-Shot + Test) ( Ati?ﬁgcr;;)lzrg)lx{):dtge)
Task: Extract named entities from the following “The SVG shows a stylized
text and SVG description. educational institution logo. So
Example 1: Text: “Tesla opens a factory in Berlin.” ‘Beijing University’ should be
SVG: factory icon. ORG and ‘Shanghai’ LOC.”
Entities: [“Tesla”: ORG, “Berlin”: LOC]. This auxiliary text helps
Input: Text: “Beijing University organizes disambiguate that “Beijing
a seminar in Shanghai.” SVG: university logo icon. University” is an organization
Entities: [?]—to be identified. entity in the educational context.

3.3. Multimodal Interaction Fusion

This module includes: (1) Multimodal Interaction Graph construction; and (2) GAT-
based fusion to propagate and integrate node features, suppressing noise and enhancing
cross-modal understanding.

3.3.1. Multimodal Interaction Graph Construction

To model fine-grained text-SVG relations, we construct a Multimodal Interaction
Graph Gg = (Vs, Eg) with two types of nodes: textual words and visual regions (comple-
mented by the global structural descriptor Vtyyet). In our framework, the visual features are
extracted by ResNet-152 as 49 regional grid vectors rather than detected objects, ensuring
comprehensive coverage of the SVG layout.
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Edges in Eg are categorized into intra-modal and inter-modal connections. Intra-modal
edges fully connect nodes within the same modality to capture internal dependencies. For
inter-modal edges: (1) Text-to-Visual: noun phrases identified via a Stanford Parser are
linked to their spatially corresponding visual regions; (2) Global alignment: remaining
textual tokens are connected to all visual nodes to capture latent cross-modal semantics.
By incorporating Vituct as a central structural node, the graph Gg effectively integrates
pixel-level details with SVG-specific semantic primitives. The resulting adjacency matrix is
denoted as Ag.

3.3.2. Cross-Modal Feature Fusion with GAT

To construct the Full-Text Graph, we utilize dependency parsing (via the Stanford
Parser) to establish edges between textual tokens, capturing both local syntactic dependen-
cies and global semantic relations. This graph is then integrated with the visual nodes to
form the complete Multimodal Interaction Graph G.

We employ a two-layer Graph Attention Network (GAT) for cross-modal fea-
ture fusion (see Figure 4). The attention mechanism adaptively weights neighbor
nodes—including textual tokens, visual regions, and the SVG structural node—to mit-
igate noise and enhance integration.

(00010

Multi-Head Attention ‘:\ T

Concat

| Graph Attention

o000 | ©

Concat

Multi-Head Attention f

A Graph Attention
« 00000
Figure 4. Multimodal Interaction Graph construction and GAT-based feature fusion.

GAT Fusion. Each layer computes multi-head attention to capture cross-modal inter-
actions. Node features are aggregated from neighbors using attention scores via Softmax.
Swish activation is applied to improve expressiveness and ensure robust gradient flow.
Outputs from all heads are concatenated and averaged to obtain fused node representations.

Node Representation. The final fused representation Hg is formulated as:

Hg = {Iﬁﬁv} = [£1,..., %, 01, .., O] )

where Ifl;( and m denote the fused textual and visual features (comprising both regional
grid features and the structural descriptor Vsyyct), respectively.
The attention score between nodes i and j is:

exp (Swish (al [Wh; || Whi]))
aji =

I = T, exp(Swish(aT[Wh; | Why])) G

with learnable parameters W and a. These adaptive scores guide fine-grained multimodal fusion.
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3.4. CRF Decoding Module

To model label dependencies and ensure coherent predictions, we apply a CRF layer
over the fused features Hg. The probability of label sequence y is:

I—ﬁil F; (Yiflf Yir HS)

p(y[Hs) = — @
Lyey I, F (¥i—1,y;-Hs)
where F; models compatibility between adjacent labels and features.
We optimize the log-likelihood:
3 ) 0
£=-) logp(y"|Hy") 5)
i=1
At inference, the most probable label sequence is:
7 = argmaxp(y |Hs) (6)
y ey

The CRF decoder enforces structured output consistency in MNER.

4. Experimental Evaluation
4.1. SugNER Dataset

Existing vector graphic datasets focus on font generation [25], line drawing [26], or
synthesis, but lack multimodal NER integration. We introduce SvgNER, the first dataset
specifically designed for SVG-based multimodal entity recognition.

Data Collection. We collected 2130 high-quality SVG icons from the Iconfont platform
(https:/ /www.iconfont.cn/, accessed on 15 March 2025), covering a wide spectrum of
visual categories including business, technology, daily life, and nature. Each SVG is
paired with a descriptive sentence that contains named entities relevant to the icon’s
semantic content.

Annotation Guidelines and Quality Control. Following the standard MNER annotation
protocol, we defined four entity types: person (PER), location (LOC), organization (ORG),
and miscellaneous (MISC). The annotation process was conducted by three trained experts.
To ensure data reliability, we implemented a two-stage quality control: Inter-annotator
Agreement: We measured annotation consistency using Cohen’s kappa coefficient, achiev-
ing an average score of 0.84, which indicates strong agreement. Expert Review: A senior
researcher performed a final manual audit to resolve any conflicting labels.

The resulting dataset provides both high-resolution SVG source code and fine-grained
textual annotations, making it a robust benchmark for evaluating vector-based multimodal
learning. Samples are illustrated in Figure 5.

o . A
Y X7

o
-

Figure 5. Samples from the SvgNER dataset in vector graphics format, which have rich semantic
meanings, shapes, and paths.
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4.2. Data Structure

To effectively integrate SVG into MNER using deep neural networks, we adopted
the BIO tagging scheme (Beginning, Inside, Outside). As required by Reviewer 1, we
clarify that “B-"” (Beginning of Entity) denotes the first token of a named entity, “I-” (Inside
of Entity) marks subsequent tokens of the same entity, and “O” (Outside) represents
non-entity tokens.

We follow [27] to split the SvgNER dataset (containing 2130 image—text pairs) into
training, validation, and testing sets with a ratio of 70%/15%/15%. To ensure the credibility
of our dataset, the revised statistics are presented in Table 2.

Table 2. Statistics of the SygNER dataset.

Total Beginning Inside Outside
Images Total Tokens P ity of Entity of Entity
2130 16,827 3126 5432 8269

4.3. Experimental Details

We conducted experiments on our SvgNER dataset. All models were implemented
in PyTorch 2.0 and trained on a single NVIDIA RTX 4060 GPU. We used a max sequence
length of 256, batch size of 4, and trained for 25 epochs. The checkpoint with the highest
dev F1 was used for evaluation.

ChatGPT Settings. We utilized the GPT-3.5-Turbo model. To ensure response stability,
the temperature was set to 0.2 and top-p was set to 1.0. The inference was conducted via the
OpenAlI AP], and the generated knowledge was cached to ensure experimental consistency
across all trials.

Our MNER-SVG framework adopts BERT-base and a frozen ResNet-152 for textual
and visual features, respectively. Cross-modal attention heads are set to 12. Learning rate,
dropout, and balancing factor A are set to 5 x 107, 0.1, and 0.5 via grid search. All results
are averaged over three random seeds for robustness.

For a fair comparison, we performed exhaustive hyperparameter tuning for each
baseline using the same grid search strategy and computational environment to ensure that
they achieved their optimal performance on our dataset.

4.4. Evaluation Metrics

We evaluated models using Precision (P), Recall (R), and F1-score (F1), defined as:

TP
Precision = ———— 7
recision = — TFD (7)
TP
2 - Precision - Recall
Fl-score — recision - Reca ©)

Precision + Recall

where TP, FP, and FN denote true positives, false positives, and false negatives, respectively.

4.5. Comparison Experiments

We compared MNER-SVG with representative baselines in both text-only and multi-
modal NER. Baseline models are shown in Table 3.

For text-based models, we include BiLSTM-CRF [28], a classic sequence labeling
model using BiLSTM with CRF decoding; BERT-CRF [22], which uses BERT for contextual
embeddings with a CRF layer; and RoBERTa-span [29], which adopts span-based modeling
with auxiliary tasks for entity recognition.

https:/ /doi.org/10.3390/ electronics15061276
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Table 3. Main technical information of the baseline methods (“N/A” indicates not applicable).

Methods Year  Text Encoder  Image Encoder Multimodal Fusion Decoder
Text-based Methods
BiLSTM-CREF [28] 2015 BiLSTM N/A N/A CRF
BERT-CRF [22] 2018 BERT N/A N/A CRF
RoBERTa-span [29] 2020 RoBERTa N/A N/A N/A
Multimodal Methods (Text + Image)

UMT [11] 2020 BERT ResNet (Local) Transformer + Cross-attention CRF
MNER-QG [30] 2022 BERT ResNet-101 Q“ggigﬁgﬁ:ggr‘lg * CRF
CAT-MNER [31] 2022 BERT ResNet-50 Cross-Modal Refinement CRF

Relational Propagation +
MCIRP [16] 2026 BERT ResNet Multi-granularity Cross-modal CRF

Interaction

Among multimodal baselines, UMT [11] enhances MNER via entity span detection
using visual and textual features; MNER-QG [30] reformulates MNER as a question an-
swering task with query-image-text encoding; and CAT-MNER [31] employs cross-modal
attention with knowledge-enhanced feature fusion. MCIRP employs relation propagation
to filter irrelevant images and is state-of-the-art result.

Our proposed model, MNER-SVG, is the first designed for scalable vector graphics
(SVG) datasets. By leveraging the structural and semantic information of SVG, it enables
more precise visual feature extraction. Additionally, auxiliary knowledge from ChatGPT
enriches contextual representation. Experimental results on the SvgNER dataset show
consistent improvements over all baselines, particularly in complex scenarios.

All baseline models are retrained on the SvgNER dataset under the same train-
ing/validation split as MNER-SVG for fair comparison.

Furthermore, we analyze the computational cost of our similarity-based selection
module. Since the example retrieval uses a pre-computed vector index, the additional
inference latency is approximately 12 ms per sample. This indicates that the module
provides significant performance gains without hindering the model’s scalability for large-
scale deployment.

4.6. Results and Analysis

Table 4 presents the precision (P), recall (R), and F1-score (F1) of various methods on
the SvgNER dataset.

In comparative experiments, we selected four entity types for named entity recog-
nition: person names (PER), locations (LOC), organizations (ORG), and miscellaneous
(MISC). The recognition performance of different models on these four entity types is
presented in Figure 6. The experimental results demonstrate the effectiveness of various
models on specific entity types in the context of SVG multimodal named entity recognition.
Notably, our proposed model achieves significant improvements in particular entity types
in this task.

In comparative experiments, the overall precision, recall, and F1-score of the recogni-
tion results for the four entity types—person names (PER), locations (LOC), organizations
(ORG), and miscellaneous (MISC)—are shown in Figure 7. The experimental results
demonstrate that our proposed model achieves significant effectiveness in the task of SVG
multimodal named entity recognition.
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Table 4. Performance comparison of NER and MNER models on the SvgNER dataset.
Method PER/ LOC/ ORG/ MISC/ Overall Overall Overall
ethods F1 F1 F1 F1 Pre. Rec. F1
BILSTM-CRF 72.34 76.83 51.59 32.52 60.32 58.05 59.17
(text only)
BERT-CRF 74.74 70.51 60.27 37.29 59.22 64.59 61.81
(text only)
RoBERTa-span 77.20 73.58 66.33 50.66 67.48 67.43 67.45
(text only)
UMT 85.24 81.58 73.03 49.45 71.67 75.23 73.41
MNER-QG 85.68 81.42 73.62 41.53 77.76 72.31 74.94
CAT-MNER 88.04 84.70 68.04 52.33 78.75 78.69 78.72
MCIRP 89.23 86.72 81.61 79.49 81.39 78.45 79.89
MNER-SVG (ours) 89.37 88.29 83.59 85.56 80.27 79.84 82.23
100
% W BiLSTM-CRF
80 - m BERT-CRF
o | [ m RoBERTa-span
60 . :
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30 , ;
| H B CAT-MNER
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Figure 6. The recognition performance of various models on the PER, LOC, ORG, MISC entity types.
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Figure 7. The accuracy, recall, and F1-score of the recognition results from various baseline models.

When only text-based named entity recognition (NER) methods are considered, BERT-
CRF and RoBERTa-span both outperform BiLSTM-CREF, validating the effectiveness of
pre-trained language models and Conditional Random Fields (CRFs) in NER tasks. Under
the multimodal NER setting, however, text-only approaches significantly underperform

their multimodal counterparts. This indicates that multimodal modeling confers substantial

advantages over unimodal text modeling in specific scenarios involving the integration of

structured visual information from SVG alongside text. This finding aligns with conclusions
drawn in existing related studies.
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Multimodal named entity recognition (NER) models that integrate both textual and
visual information—such as CAT-MNER, MCIRP, and our proposed MNER-SVG—enhance
NER performance by fusing image and text features. Specifically, MNER-SVG achieves
a state-of-the-art F1-score of 82.23% on the SvgNER dataset, representing a 2.34% absolute
improvement over the strongest baseline MCIRP. This underscores the distinct advantage
of incorporating SVG structural primitives alongside pixel-level features. As the first model
to introduce scalable vector graphics (SVG) into the MNER task, our approach of integrat-
ing diverse visual cues follows a similar refinement philosophy as seen in RePack then
Refine [32], which effectively compresses high-dimensional foundation model features into
essential semantic manifolds to alleviate information redundancy while preserving core
structural integrity. Further experiments show that incorporating auxiliary knowledge
generated by ChatGPT can effectively improve model performance. By fully leveraging the
structured representations inherent to SVG and exploiting external semantic knowledge
from ChatGPT, MNER-5VG offers a novel perspective for multimodal NER. Experimental
results confirm that SVG structural information complements traditional visual features,
demonstrating the feasibility and potential value of integrating vector graphic information
into multimodal entity recognition.

4.7. Ablation Study

We conducted ablation experiments to assess the impact of ChatGPT-generated auxil-
iary knowledge and the Graph Neural Network (GNN) module.

4.7.1. Impact of ChatGPT-Generated Knowledge

Table 5 compares performance across varying sample sizes and prompt strate-
gies. “VanillaGPT” uses no prompts, while “PromptGPT” selects top N similar samples
for context.

Table 5. Comparison of ChatGPT and PGIM. VanillaGPT and PromptGPT represent direct predictions
using ChatGPT.

SvgNER Pre. SvgNER Rec. SvgNER F1
fs-50 48.72 50.38 49.51
fs-100 58.63 67.58 62.82
fs-200 67.48 71.34 69.44
full-shot 82.34 82.09 82.23
VanillaGPT 51.83 73.17 59.76
PromptGPTN =1 53.62 71.26 62.20
PromptGPTN =5 68.37 72.45 71.81
PromptGPTN = 10 71.86 75.50 74.38

Prompted ChatGPT significantly improves performance in low-resource settings,
with F1 scores increasing steadily as more relevant samples are included. These results
highlight the auxiliary module’s effectiveness in enhancing MNER-SVG, especially under
few-shot conditions.

4.7.2. Effect of Removing ChatGPT Auxiliary Knowledge

We evaluate the impact of removing ChatGPT-generated auxiliary knowledge by
using only plain SVG features without ChatGPT guidance. Results are reported in Table 6.
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Table 6. Ablation on ChatGPT auxiliary knowledge on SvgNER dataset.
SvgNER Pre. SvgNER Rec. SvgNER F1
w /o ChatGPT (plain SVG) 78.90 79.55 79.22
MNER-SVG (full) 82.34 82.09 82.23

The results show that removing ChatGPT-generated knowledge leads to a significant
drop in performance, confirming the effectiveness of our auxiliary knowledge module.

4.7.3. Effectiveness of the GNN Module

We evaluate the impact of different GNN architectures through ablation experiments,

with results in Table 7. “w/0” denotes removal of components, “XS“N” and “IS“N” refer
to GCN processing of the full-text and visual object graphs, respectively, while “SCAT”
indicates GAT-based multimodal fusion.
Table 7. Ablation results of MNER-SVG on SvgNER dataset.
SvgNER Pre. SvgNER Rec. SvgNER F1
w/o XN 80.42 80.91 80.16
w/o 6N 81.59 80.27 81.40
w/o X &I°N 80.19 83.14 80.22
w/oSEAT 79.58 81.89 80.25
MNER-5VG 82.34 82.09 82.23
Key findings:

e  GCN for Text and Visual Representation: Removing GCN from either graph severely
impacts performance, demonstrating its role in enhancing representation by aggregat-
ing topological and node features.

o  GAT for Multimodal Fusion: GAT outperforms GCN in fusion, adaptively weighting
features and improving cross-modal relationships for better integration.

These results highlight the essential role of each module in the MNER-SVG framework.

5. Conclusions

We propose MNER-SVG, a novel multimodal named entity recognition framework
that integrates scalable vector graphics (SVG) with auxiliary knowledge generated by
ChatGPT. By combining multimodal example selection, text-image alignment, and Graph
Attention Networks (GATs), the framework enhances cross-modal interaction and improves
recognition performance. Experiments on the SygNER dataset demonstrate that the resolu-
tion independence and structural clarity of SVG provide valuable visual context, resulting
in significant accuracy gains.

Future work will focus on integrating richer auxiliary knowledge to enhance reasoning
capabilities and expanding datasets for cross-domain evaluation. As SVG gains traction in
digital media, its combination with other modalities holds promising potential to advance
multimodal NER and cross-modal information processing.
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