This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.

Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Font-Agent: Enhancing Font Understanding with Large Language Models

Yingxin Lai%?', Cuijie Xu?, Haitian Shi?, Guoging Yang!,
Xiaoning Li!, Zhiming Luo'®*, Shaozi Li'*3

'Department of Artificial Intelligence, Xiamen University, Xiamen, China.
2Graph Origin.
3Key Laboratory of Multimedia Trusted Perception and Efficient Computing,
Ministry of Education of China, Xiamen University.

Abstract

The rapid development of generative models has significantly
advanced font generation. However, limited exploration has
been devoted to the evaluation and interpretability of graph-
ical fonts. Existing quality assessment models can only pro-
vide basic visual analyses, such as recognizing clarity and
brightness, without in-depth explanations. To address these
limitations, we first constructed a large-scale multimodal
dataset named the Diversity Font Dataset (DFD), compris-
ing 135,000 font-text pairs. This dataset encompasses a wide
range of generated font types and annotations, including
language descriptions and quality assessments, thus pro-
viding a robust foundation for training and evaluating font
analysis models. Based on this dataset, we developed a font
agent built upon a Vision-Language Model (VLM) aiming
to enhance font quality assessment and offer interpretable
question-answering capabilities. Alongside the original vi-
sual encoder in VLM, we integrated an Edge-Aware Traces
(EAT) module to capture detailed edge information of font
strokes and components. Furthermore, we introduced a Dy-
namic Direct Preference Optimization (D-DPO) strategy to
facilitate efficient model fine-tuning. Experimental results
demonstrate that Font-Agent achieves state-of-the-art per-
formance on the established dataset. To further evaluate the
generalization ability of our algorithm, we conducted addi-
tional experiments on several public datasets. The results
highlight the notable advantage of Font-Agent in both as-
sessing the quality of generated fonts and comprehending
their content.

1. Introduction

Font design has attracted significant attention because of
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its substantial commercial and academic importance, espe-
cially in fields like advertising and social media. Traditional
font generation, which demands high precision, typically
relies on manual design processes. However, the emergence
of text-to-image generation models such as Midjourney [15],
which have become milestones in the digital art and cre-
ative industries, has significantly impacted this field. This
advancement enables the generation of personalized content,
fosters immense creativity and innovation, and has led to a
gradual reduction in design costs [20, 35]. Meanwhile, there
is a growing demand for analyzing the huge amount of fonts
generated in terms of correctness and quality.

For the font quality assessment task, various classification
models [6, 14, 54] have been proposed to produce probability
values that indicate whether an input image is of good qual-
ity. Despite showing improvements in generalization, these
models cannot provide convincing explanations for their
assessments. In contrast, certain studies [45, 68] have at-
tempted to use multimodal large language models (MLLMs)
for font evaluation. However, font evaluation requires sig-
nificant professional experience, an aspect not sufficiently
incorporated into the training of MLLMs for font assessment,
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leading to sub-par performance. Thus, building high-level
font quality assessment models still presents significant chal-
lenges. Firstly, there is a lack of high-quality font assessment
datasets containing both quality labels and corresponding
explanations. Secondly, there remains the challenge of effec-
tively building feature representations between font images
and textual descriptions.

To facilitate research in this area, we first construct a
new multilingual font evaluation dataset comprising 135,000
manually annotated fonts across diverse languages and
styles.This dataset is diverse, high-quality, and manually
generated, covering multiple model outputs and languages
such as English and Chinese. It includes detailed annotations,
such as quality labels, mean opinion scores (MOS), and se-
mantic tags, all carefully labeled by experts to ensure quality
generation. This makes the dataset a strong foundation for
future research in font generation and quality evaluation.

Building upon this dataset, we develop the Font-Agent,
a novel font understanding framework based on the Vision-
Language Model (VLM). The visual and textual encoders
in the VLM first encode the font images and text questions
into tokens. The decoder then generates the corresponding
descriptions related to font quality assessments. Although
VLM provides rich cross-domain semantic representations
of font images and textual queries, we found it still struggles
with understanding local curvature and stroke details essen-
tial for the semantic interpretation of font images. To address
this issue, we propose an Edge-Aware Traces (EAT) mod-
ule to capture detailed edge information. In our EAT module,
we use a frequency-domain attention mechanism to enhance
visual features related to high-frequency components in the
font image. Then, the output feature of the EAT module is
fused with the visual features from the VLM. Furthermore,
we introduce a Dynamic Direct Preference Optimization
(D-DPO) strategy for training Font-Agent. D-DPO addresses
key limitations of traditional methods by optimizing dense,
fine-grained, segment-level preferences, ensuring that hallu-
cinated segments receive stronger feedback and maintaining
factual accuracy. Consequently, D-DPO not only improves
the model’s learning efficiency but also mitigates the issue of
uniformly weighting all words, enhancing the model’s capa-
bility to distinguish relevant from irrelevant content. D-DPO
dynamically adjusts each character’s importance based on
uncertainty, consistency, and font features, ensuring stronger
feedback for high-quality characters while minimizing the
impact of lower-quality ones. Finally, we conduct exper-
iments on our constructed DFD dataset and other widely
used benchmark datasets to evaluate the effectiveness of our
proposed method.

This paper’s contributions are summarized as follows:

¢ Large-Scale Multilingual Font Dataset: We contrust a
high-quality multilingual font evaluation dataset compris-
ing 135,000 manually annotated fonts across diverse lan-

guages and styles, addressing real-world font evaluation
challenges.

Multimodal Font Representation: We propose Font-
Agent, a method that leverages visual-language models
with multimodal evaluation capabilities. By applying con-
volutional layers to the phase and amplitude spectra of font
images, Font-Agent excels at assessing fine-grained font
details for quality evaluation and font-related question-
answering tasks.

State-of-the-Art Performance: Font-Agent achieves lead-
ing performance in font quality assessment. Our analyses
demonstrate its effectiveness and generalization in font
evaluation.

2. Related Work

2.1. Recent Studies on Font Generation

Recently, various approaches have significantly advanced
font generation. For example, transformer-based methods,
such as DeepVecFont [62], enhance diversity but are limited
by a small set of glyphs. GAN-based methods, such as FU-
NIT [34], achieve style transfer but often suffer quality issues
when generating complex fonts. Unsupervised approaches,
such as DG-Font [71], show promising visual results, but re-
quire extensive data alignment. To capture local style details,
methods such as LF-Font [42] and MX-Font [41] utilize font
component segmentation, while CF-Font [60] incorporates
style vectors to improve consistency across fonts. The diffu-
sion model FontDiffuser [70] introduces contrastive learning
to address complex font synthesis but requires extensive
pretraining. FS-Font [55] aligns the spatial correspondence
between content and style, but is highly sensitive to the qual-
ity of reference fonts. Despite significant progress in font
generation, a key challenge remains: an effective evaluation
of font quality. Existing methods primarily focus on im-
proving generation quality, lacking robust and interpretable
frameworks for assessing fine-grained font quality, which
is crucial for real-world applications requiring high visual
consistency and style accuracy.

2.2. Image Quality Assesement

Image quality assessment (IQA) is a crucial task in com-
puter vision that directly impacts the performance of image
generation systems. Common evaluation models, such as
Xception [48], Meso4 [1], and EfficientNet-B4 [54], primar-
ily focus on evaluating overall image similarity or detect-
ing anomalies in natural images. However, with the rise of
multimodal text-image models, evaluation approaches have
shifted towards measuring text-image similarity [46]. For
example, ImageReward [67] and PickScore [25] enhance
robustness by fine-tuning vision-language models (VLM)
using large datasets with human-annotated scores. Although
these methods perform well to assess natural image quality,
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Figure 2. The collection process for DFD Benchmark.

they face significant challenges when applied to symbolic
graphics, particularly font images [39]. Current models often
overlook fine-grained font details, such as stroke thickness,
character precision, and style consistency—critical elements
in evaluating font-generated images. Moreover, as noted
in [45], large language models (LLMs) lack the ability to
comprehend local curvature and stroke details essential for
the semantic interpretation of font images. This limitation
highlights the difficulty these models face in capturing nu-
anced visual characteristics of fonts, which differ structurally
and semantically from natural images.Therefore, designing
specialized models for font evaluation is crucial. Unlike gen-
eral IQA models, font evaluation requires detailed analyses
of local features, focusing on detail preservation, style consis-
tency, and readability. Existing models, which mainly assess
global image features, struggle with the unique challenges
presented by fonts. A dedicated framework for font quality
assessment could effectively address these issues, offering
improved evaluation accuracy, and interpretability.

3. Method
3.1. DFD Benchmark

In this section, we introduce the DFD dataset for assessing
font quality, as shown in Fig. 2 . The dataset construction
process, including collection, filtering and annotation.

Font Data Collection: In this study, we collected font data
from a variety of platforms to ensure diversity and com-
pliance with licensing requirements. Data sources included
international resources such as Google Fonts, Font Squirrel
, DaFont , and 1001 Free Fonts, as well as local Chinese-
focused platforms such as Fangzheng, Hanyi, and Zihun.
To enhance data diversity, we collected approximately 63%
English fonts, 26% Chinese fonts, and 11% other language
fonts. English fonts generally feature simpler stroke struc-
tures, whereas Chinese fonts exhibit more complex compo-
sitions, which highlights the structural diversity inherent in
font design. In terms of data composition, about 20% of the
fonts were manually created, while 80% was generated using

models such as GANs and Stable Diffusion. Specifically,we
employed most common font generation models—including
VQ-Font [72] , DG-Font [71], and diffusion-based models
like FontDiffuser [70] and Diff-Font [12] to ensure sample
diversity across our dataset.Similarly we have generated a
colorful logo design model Design, using 9 common models
including Diff-Text [76] , Anything to Glyph [59], WordArt
Designer [66], DS-Fusion [56], DynTypo [37], DynTexture
[44], SwapText [69], those cover most of the scenarios of
daily font design.

Quality Filtering: In this stage, we manually filter low-
resolution fonts, structural errors, and unbalanced propor-
tions. We also removed fonts with similar styles and lan-
guage features to ensure diversity.After filtering, the dataset
contains a total of 135,000 high-quality font samples suitable
for quality evaluation tasks.

Semantic Labeling: In the semantic labeling process, a
team of 15 professional annotators, also experts in the font
industry, meticulously labeled various aspects of the fonts.
Each font was assigned a quality label (high, medium, or
low) and a Mean Opinion Score (MOS) ranging from 1 to
5. The annotations included the specific text displayed and
the font language, along with potential applications such as
casual, business, educational, or artistic uses. The fonts were
categorized into styles such as serif, sans serif, handwritten,
and decorative. Justifications for the quality ratings were pro-
vided, emphasizing readability, aesthetic appeal, technical
correctness, and suitability for intended use. To further refine
font feature descriptions, advanced models such as GPT-4o,
Gemini-Pro, and QwenVL were employed for automated
description generation, with manual corrections made to ad-
dress inaccuracies. As a result, the DFD dataset includes
42,362 pairs of English instruction-image samples derived
from 5,321 SVG files, 31,544 pairs of Chinese instruction-
image samples from 3,609 SVG files, 27,690 character sam-
ples - including digits and geometric shapes from 5,139 SVG
files, and 33,404 font logo design instruction-image samples
from 39,812 SVG files. This comprehensive dataset provides
a solid foundation for future research in font generation and
quality assessment. Regarding the composition of the dataset,
approximately 63% are English fonts (approximately 85,050
samples), 26% are Chinese fonts (about 35,100 samples), and
11% are fonts in other languages (about 14,850 samples). In
terms of generation methods, 80% of the fonts are machine
generated (approximately 108, 000 samples), while 20% are
manually crafted (approximately 27,000 samples). The qual-
ity level distribution is as follows: high quality (MOS 4-5)
includes 54,000 samples, accounting for 40% of the dataset;
medium quality (MOS 2-3) includes 67,500 samples, ac-
counting for 50%; and low quality (MOS 1) includes 13,500
samples, accounting for 10%.
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Figure 3. Multi-Modal Font network (Font-Agent) architecture.

3.2. Proposed Font-Agent

Multi Model Representation. We introduce Font-Agent, a
multi-modal font evaluation method based on the fine-tuned
Qwen-VL model [2]. Given an input image X, the font
image is processed through a visual encoder Ey to extract
visual representation tokens F,:
F, ={ni,ny,...,ny} € R™*P (1
Where D is the dimensionality of each token,these tokens
capture rich semantic information and demonstrate strong
generalization for font recognition tasks. A text instruction ¢
is sampled from a predefined template @) to guide the LLM
in font recognition, represented by text tokens F}:
Fy = {my,ma,...,my} € R™*P 2)
This instruction helps the pretrained model M; understand
the visual content F), and extract relevant features, lever-
aging the capabilities of Qwen-VL [2]. Our method differs
from previous work by integrating both visual and textual en-
coders, rather than relying solely on the visual encoder. The
multimodal representation Frr is first obtained by combining
both F’, and F;. Then, the final multimodal representation
for font analysis is computed by first projecting Fp through

a linear layer proj and subsequently concatenating the result
with F,.

F = Cat ([proj(Fr),proj(F,)]) , Fr = Er(t, F,)  (3)

Edge Aware Traces.Capturing the fine geometric details
of glyphs is crucial for font recognition and quality as-
sessment. We extract control points and points along the
Bézier curves defined by each glyph, forming a set of points
P={p, €R?|i=1,2,..., M}. To efficiently represent

the shape of the glyph and reduce computational complexity,
we apply Farthest Point Sampling (FPS) to select a sub-
set S = {po, p1,...,PN—1]} as representative points. Using
these sampled points, we construct a saliency map W (x, y),
by setting W (g, yx) = 1 for each point p; € S. Then,
we apply a Gaussian filter to smooth the map, highlighting
the significant regions of the glyph. Next, we pass the input
glyph image X through a Convolutional Neural Network
(CNN) to obtain the feature map F'(z,y) = CNN(X).

We then transform both the feature map and the saliency
map into the frequency domain using the Fast Fourier Trans-
form(FFT):

F(u,v) = FFT{F(z,y)}, W(u,v) =FFT{W(z,y)}

(D
where (u, v) represents the frequency indices. To emphasize
the frequency components corresponding to the important

spatial regions, we define an adaptive weighting function:

(W (u, )|

H =14y — O
() = Ly i Wu,0)

2)
where ~y is a scaling factor controlling the emphasis strength.
We enhance the frequency domain feature map by element-
wise multiplication Fyeighedsthen, we apply the inverse
Fourier transform(IFFT) to convert it back to the spatial
domain, obtaining the enhanced feature map:

Fweighted(ua U) = F(”v U) : H(”v U)
Fenhanced(xa y) = f_l{Fweighted(ua 'U)}

To further capture fine details crucial for distinguishing sub-
tle font differences, we enhance the high-frequency compo-
nents. We apply a high-pass filter:

3)

u? + v2
Hhyigh(u,v) =1 —exp <M> . )

19673



In order to isolate high-frequency features, where o controls
the bandwidth of the filter. The filtered frequency compo-
nents are:

Fhigh(ua 'U) = F(’LL, ’U) : Hhigh(uv U) (5)

We extract the magnitude and phase:

‘Fhigh (’U,, U)‘7 ¢(U, U) = a‘rg{Fhigh (U, U)}

(6)

7(u7 U) =

Then, apply convolution to enhance them:

= Convconv(d))v )

where Conuv.g. denotes the Central Difference Convolutional
(CDC) operator [75]. We adopt CDC to integrate local details
into MLLMs and to explore fine-grained difference informa-
tion from neighboring pixels. We reconstruct the enhanced
frequency components Fiypanceda(u, v) and transform them
back to the spatial domain:

VYede = Convegc ('7)3 Pede

Fenhanced(uv U) = Yede (u7 U) : ei(deC(u’lU)

Fhigh»enhanced (.’E, y) = IFFT{Fenhanced(ua U)}

We further modulate the enhanced features using the saliency
map to emphasize important regions:

Fﬁnal(gja y) = Fenhanced('ra Z/) : (1 +o- W(Iv y)) s 9

where « is a modulation parameter controlling the influence
of the saliency map W (z, y). This integrated method enables
our model to focus on both critical spatial regions and high-
frequency components, effectively capturing the fine details
of glyphs and improving performance in font recognition
and quality assessment tasks.The combination of Fj,, and
F' is achieved using cross-attention, as referenced in [78].
D-DPO. We propose a novel dynamic adaptive preference
optimization method for font quality assessment, which
fully considers the unique characteristics of fonts to achieve
fine-grained quality control. Unlike traditional methods that
rely solely on log probabilities, we introduce an adaptive
weighting strategy based on character uncertainty Q(y;),
contextual consistency C'(y; ), glyph features F'(y;), and self-
consistency voting V' (y;). This strategy dynamically adjusts
the weight of each character in the quality assessment, prior-
itizing characters with high self-consistency and high font
quality while reducing the impact of low quality characters.
Our log probability computation formula is:

®)

1
logm(y | z) = + > w(yi)logp(yi | z,y<i),  (10)

Yi €Y

where y is the font character sequence to be evaluated, x
represents the input data or context, p(y; | x,y<;) is the

probability of character y; given the input « and previous
characters y.;, and N is a normalization factor to ensure
appropriate weight normalization. The adaptive weight func-
tion w(y; ) is defined as:

€, ifQ(yi) > bhign,
C(yz) > econsistenta
F(yi) > bfons;
otherwise.

(1)

where V(y;) is the self-consistency voting count for
character y;, counting the occurrences of position ¢
in the k candidate outputs {g!,42,...,9*}. Thresholds
Onigh, Oconsistent» Ofont define high-quality characters based on
uncertainty, contextual consistency, and font features. The
bias parameter € > 1 amplifies the influence of high-quality
characters, and « is a small positive number (typically
0 < a < 1) used to reduce the weight of low-quality charac-
ters. The normalization factor N is defined as:

N=c¢ Z + > w (12)
Yi€Yn Yi €Y1
where y;, is the set of high-quality characters satisfying
Q(yz) > ehigha C(yz) > econsistenla F(yz) > 9f0nta and Y
is the remaining set of characters that do not meet the high-
quality standards. To evaluate font quality using adaptive
weights, we define:

(yz

1 P (yi | 2,y<i)

Ry = — w(y; log—, (13)
Nw ylgy:w pref(yi | x,y<i)
1 (i | ©,y<i)

R = — w(y;) log ——————~| (14)
TN Z (3:) gpref(yi | 2,y<i)

Yi€Y1L
where p*(y; | x,y<;) is the probability under the optimized
strategy, prer(Y:i | T, y<;) is the probability under the refer-
ence strategy, and N,,, N; are normalization factors. The
loss function Lggp, is defined as:

—E(x,yw,y) logo(B(Rw — R1))], (15)

where o is the sigmoid function, and (3 is a scaling param-
eter. Our method improves sensitivity to subtle variations
that affect readability and appearance by focusing on the
basic shapes of the font. The self-consistency voting V (y;)
leverages the model’s own predictions to improve reliability
without adding extra computational cost.

depo =

4. Experiments
4.1. Datasets and Metrics.

Datasets. To validate the effectiveness of Font-Agent, we
conduct extensive experiments on multiple datasets. For
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Method Detector Backbone DFD-UN DFD-CN DFD-NUM Avg.

ACC (%) AUC (%) | ACC (%) AUC (%) | ACC (%) AUC (%) | ACC (%) AUC (%)
Naive Meso4 [1] MesoNet 76.3 74.5 77.2 75.3 76.8 74.9 76.8 74.9
Naive Mesolncep [1] MesoNet 78.5 76.7 78.4 73.8 78.3 76.1 78.4 75.53
Naive CNN-Aug [13] ResNet 82.6 78.2 78.2 79.5 79.8 77.4 79.7 78.3
Naive Xception [48] Xception 89.3 87.9 84.9 88.4 85.6 85.8 87.9 86.0
Naive EfficientB4 [54] EfficientNet 86.5 84.7 84.7 85.6 86.3 84.2 85.8 84.8
LLM LLaVA-v1.6 [33] Vicuna7B 63.2 60.5 60.5 60.5 63.1 60.9 62.6 60.6
LLM mPLUG-OwI2 [73] | LLaMA-2 7B 73.2 71.5 71.5 74.2 73.6 71.8 72.8 72.5
LLM InternVL2 [4] LLaMA2 7B 71.5 69.3 69.3 72.4 71.8 69.6 70.5 70.8
LLM GPT-40 [40] - 62.1 58.3 61.4 63.7 64.0 59.6 62.5 60.5
LLM BLIP2 [30] OPT 7B 75.1 73.8 73.8 74.6 75.0 73.5 74.6 74.3
Ours - - 93.9(14.6) 96.8(18.9) | 94.5(19.6) 91.8(13.4) | 93.1(16.8) 96.7(110.9) | 93.8(15.9) 95.1(19.1)

Table 1. Visual reasoning performance on the DFD dataset, evaluating the ability to understand and reason about English (DFD-UN), Chinese
(DFD-CN), and numeric characters (DFD-NUM). The top model is marked in red, the second in blue, and improvements in green.

font quality assessment,we utilize our self-built DFD dataset
along with six widely used public datasets: LIVE [49], CSIQ
[26], KADID-10k [31], BID [7], CLIVE [10], and KonlQ-
10k [16]. For the font recognition task , we evaluate Font-
Agent on 12 common font recognition datasets: Regular
benchmarks (IIIT5k [38], SVT [52], IC13 [21]), Irregular
Benchmarks (IC15 [22], SVTP [43], CUTES0 [47]), COCO
Text (COCO) [58], CTW [36], Total Text (TT) [5], OST ex-
cluded benchmarks (HOST and WOST) [63], and the artistic
benchmark WordArt [66], and the DFD dataset.

Metrics. For the evaluation metrics, we employ Accuracy
(ACC) and Area Under the Curve (AUC) as the primary
measures to assess the model’s ability to distinguish be-
tween high-quality and low-quality fonts. Additionally, we
use Spearman’s Rank Correlation Coefficient (SRCC) and
Pearson’s Linear Correlation Coefficient (PLCC) to evaluate
the correlation between predicted scores and ground-truth
rankings in font quality assessment. We also measure font
recognition performance using Word Accuracy.
Implementation Details. To train our multimodal font qual-
ity assessment model, we followed the Qwen-VL [2] strategy.
We utilized the AdamW optimizer with a weight decay of
0.01, a cosine learning rate scheduler, and no warm-up phase.
The first training phase lasted 15 epochs with a batch size
of 16 and an initial learning rate of 1 x 10~%. In the sec-
ond phase, the learning rate was reduced to 4 x 1076 for
an additional 8 epochs, while the batch size remained at 16.
Training was conducted on four NVIDIA A100 80GB GPUs.
Further details are provided in the Appendix.

4.2. Evaluation of Font Quality and Recognition
Performance

We compare our method with four categories of font quality
assessment methods: (1) Traditional classification meth-
ods, including Meso4 [1], CNN-Aug [13], Xception [48],
and EfficientNet-B4 [54]; (2) Multimodal large model
methods, such as LLaVA-v1.6 [33], mPLUG-OwI2 [73],
InternVL2 [4], GPT-40 [40], and BLIP2 [30]; (3) Quality as-
sessment models, including IDEFICS [18], XComposer-VL-

2 [8], Co-Instruct [65], and Compare2Score [65]; (4) Com-
monly used text recognition models, including NIMA [53],
MLSP [11], MUSIQ [23], MaxViT [57], CLIP-IQA+ [61],
Aesthetic Predictor [17], LIQE [77], VILA [24], and Q-
Align [64]. In this section, we follow the approach employed
in Q-Align [64]. For methods not specifically designed for
quality assessment, we retrain them either by mapping the
quality labels of the data to binary values (0 and 1) or by
using our font-text pairs. All methods are trained under our
proposed protocols. We adopt the hyperparameters described
in the corresponding papers or optimally select improved
ones when necessary.

Protocol 1: Traditional Classification Models. We eval-
uated various classification models in cross-language sce-
narios using datasets designed to discriminate font quality.
Annotated image quality labels were employed for classifica-
tion label mapping and retraining. Our Font-Agent method
achieved the best performance in font quality classification.
As shown in Table 1, compared to the top-ranking Xcep-
tion [6] method, Font-Agent exhibits an average improve-
ment of over 5% in both ACC and AUC on the DFD dataset.
Performance enhancement is even more significant when
compared to widely used multimodal large models, such as
GPT-40 [40] and BLIP2 [29]. These results indicate Font-
Agent’s effectiveness in overcoming unreliability and ineffi-
ciency issues in font recognition tasks.

Protocol 2: Multimodal Large Model Methods.We further
evaluated common multimodal large models in font quality
assessment. Since traditional methods lack domain-specific
knowledge regarding “high” and “low” font quality, directly
applying them for comparison is meaningless. Therefore,
we provided our annotated font-text pairs as inputs to these
methods across the datasets. As shown in Table | and Ta-
ble 3, despite significant domain shifts from natural images
to graphical images, which typically pose substantial chal-
lenges to most multimodal large models during domain adap-
tation, our proposed Font-Agent still achieves the best perfor-
mance (see Table 3). This result highlights the effectiveness
of our method in extracting detailed graphic features.
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Protocol 3: Image Quality Assessment Models.As shown
in Table 1, our Font-Agent outperforms other algorithms
in the three cross-language testing scenarios. An interest-
ing observation is that VILA [24] and Q-Align [64] are
currently the most advanced image understanding models,
and Q-Align [64] is specifically designed for image quality
assessment. However, under the premise of graphical font
input, they did not consider the issues of modality imbal-
ance and unreliability brought about by font graphicalization.
Specifically, some details may be ignored or distorted during
the graphicalization process, affecting the accuracy and con-
sistency of the assessment. This leads to differences of over
3% in average SRCC and PLCC compared to our method,
further highlighting the effectiveness of our proposed EAT
and D-DPO in improving precise control over details.
Protocol 4: Font Recognition Models.Compared to Proto-
col 1, the multi-font input exacerbates the impact of complex
strokes, causing the models to underperform in font recog-
nition tasks. However, in this sub-protocol comparison, we
observe that our method still achieves the best performance
across various evaluation metrics, even when tested on mul-
tiple public font recognition datasets under diverse and com-
plex conditions (see Table 4). This highlights the advantages
of our proposed multimodal model architecture, particularly
for font recognition tasks. Specifically, while existing multi-
modal large models encounter significant challenges in font
recognition and quality assessment, our model substantially
improves recognition capabilities by effectively capturing
detailed font features, demonstrating robust adaptability, es-
pecially in “complex graphical deployment environments.”

Training Set: DFDyrain —Testing Set: DFDest

Method #Training | ExtraData? SRCC PLCC
NIMA (TIP 2018) [53] 125K (92%) : X 0.608  0.632
MLSP (CVPR 2019) [11] 125K (92%) : X 0.650  0.655
MUSIQ (ICCV 2021) [23] 125K (92%) | X 0.720  0.735
MaxViT (ECCV 2022) [57] 125K (92%) : X 0.705  0.740
CLIP-IQA+ (AAAI 2023) [61] 125K (92%) 1 X 0.715  0.718
Aesthetic Predictor (2023) [17] 125K (92%) : X 0.718  0.720
LIQE (CVPR 2023) [77] 125K (92%) : X 0.770  0.760
VILA (CVPR 2023) [24] 125K (92%) v 0.772  0.770
Q-Align (ICML 2024) [64] 125K (92%) : X 0.785 0.815
Ours 125K (92%) ! X 0.830 0.823

Table 2. FONT-AGENT performance on font quality assessment
(DFD). All methods are trained using the CUSTOM split setting of
our self-established dataset.

4.3. Ablation Study and Discussion

Effectiveness of Edge Aware Traces. To validate the effec-
tiveness of the proposed EAT module, we compare the net-
work’s performance before and after removing the module.
Additionally, we integrate EAT into the backbone of various
font-point sampling methods (i.e., Random Sampling, KNN
Sampling, and FPS Sampling) and test different filter band-

Method LIVE CSIQ KADID-10k BID CLIVE KonlQ-10k
IDEFICS [18] 0.125  0.669 0.500 0.523  0.146 0.727
LLaVA-1.5 [32] 0.170  0.544 0.600 0.579  0.074 0.455

mPLUG-OwI2 [74] 0.484 0.394 0.302 0.613  0.407 0.273
XComposer-VL-2 [8]  0.045  0.662 0.672 0.648  0.067 0.059
Co-Instruct [65] 0.672  0.426 0.391 0.695 0.718 0.849
Compare2Score [65]  0.849  0.720 0.870 0.861 0.788 0.858

Ours 0.873  0.741 0.885 0.839  0.807 0.873

Table 3. Performance comparison in terms of prediction accuracy
on six most common Image Quality Assessment datasets. The best
results are highlighted in boldface.

widths to analyze performance differences between using
Qwen-VL combined with EAT and using Qwen-VL alone.
As shown in Table 5, methods equipped with additional
frequency-domain detail extraction exhibit a clear perfor-
mance improvement over the basic multimodal backbone
network. This improvement is especially pronounced with-
out the inclusion of other sampling methods. Furthermore,
as illustrated in Fig. 4, when integrating our proposed FPS
sampling method, the enhancement in detail extraction sig-
nificantly surpasses that achieved with Random Sampling
and KNN methods. These results demonstrate the effective-
ness and general applicability of EAT for existing quality
assessment and multimodal strategies.

Impact of the D-DPO. Here, our aim is to answer two ques-
tions: (1) Is solving the font understanding problem through
D-DPO more appropriate compared to existing Direct Pref-
erence Optimization (DPO) methods ? (2) Is our D-DPO
more capable of enhancing the performance of complex mul-
timodal fusion frameworks like Qwen-VL+EAT compared
to existing multimodal methods? From Table 5 , we can
observe that when Qwen-VL+EAT is used as the backbone
network, our D-DPO surpasses existing large model methods
and traditional classification methods. Even for the vanilla
Qwen-VL, our D-DPO can enhance its performance. This
indicates the effectiveness of addressing the font quality
assessment problem in complex scenarios by focusing on
potential errors. The results in Fig.4 also indicate that, com-
pared to existing state-of-the-art fine-tuning methods (such
as DPDP, IPO and TDPO), our D-DPO is more suitable
for Qwen-VL+EAT, although these three variants modulate
during modality gradient conflicts and feature fusion, respec-
tively. Although these two variants improve performance
compared to not fine-tuning at all, their performance is in-
ferior in all cases to that of D-DPO, which modulates in all
situations. This validates the necessity of adaptive modula-
tion in different scenarios.In Fig. 5, we show the accuracy
rates and hallucination counts for models with different pa-
rameter sizes, using varying amounts of feedback data. On
the DFD dataset, as feedback data increases, Font-Agent’s
hallucination rate and number of hallucinated segments de-
crease rapidly. This shows that detailed corrective feedback
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Regular Irregular Occluded Others DFD
Method Venue  yyr gvT  ICI13 | ICI5 SVTP CT80 COCO CTW TT | HOST WOST | WordArt | - | AYG
3000 647 1015 | 2077 645 288 9896 1572 2201 | 2416 2416 | 1511 ;

ASTER [51] PAMI'18 9503 89.49 03.79 | 8548 82.02 9028 6225 7653 78.69 | 4334 6465 | 6559 | 5634 | 75.65
NRTR [50] ICDAR’19 9743 93.82 96.06 | 85.15 84.03 9132 6594 8174 81.83 | 50.83 71.52 | 64.06 | 61.03 | 78.82
SAR[28]  AAAT19 9770 94.13 9635 | 87.47 87.60 93.06 6741 8391 8623 | 4636 7032 | 7240 | 5596 | 79.91
SATRN [27]  AAAI'20  97.83 9583 97.44 | 89.46 90.85 96.18 73.06 8461 8791 | 5671 7562 | 7571 | 68.05 | 83.78
ABINet[9] CVPR'21 9790 9598 96.16 | 91.66 9023 9375 7146 83.72 8601 | 56.54 7575 | 7525 | 71.54 | 83.53

PARSeq* [3] ECCV'22  99.10 97.84 08.13 | 89.22 9690 98.61 - : ; ; : ; 73.63 | -
MAERec [19] ICCV'23 9893 97.99 98.62 | 93.04 9457 9896 78.84 88.87 9391 | 73.97 8572 | 8259 | 77.08 | 89.46
E2STR [78] CVPR'24  99.10 9815 98.03 | 92.99 9643 9896 77.29 8836 93.46 | 73.30 8551 | 8147 | 76.67 | 89.20
Ours ] 99.42 9871 99.14 | 9406 97.85 99.59 78.60 9136 96.83 | 7654 8770 | 8449 | 83.57 | 91.32

Table 4. Performance comparison of font recognition models on a comprehensive benchmark based on the EZSTR [78] framework. Red and

Blue indicate the best and second-best performances, respectively.

Method DFD-UN DFD-CN DFD-NUM
ACC (%) AUC (%) ACC (%) AUC (%) ACC (%) AUC (%)
Pre-trained MLLM 57.5 60.3 60.4 58.7 59.2 58.1
Instructed-MLLM 79.4 81.2 79.6 80.4 80.7 71.8
EAT only 83.5 842 84.0 85.0 83.8 84.5
D-DPO only 86.4 86.6 86.2 86.1 86.5 86.3
Ours 93.6 96.8 94.5 91.8 93.1 96.7

Table 5. Ablation study evaluating the effectiveness of each pro-
posed module. The results demonstrate incremental improvements
contributed by each component.

helps align the behavior of multi-modal large language mod-
els (MLLMs) effectively.
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Figure 4. Qualitative results of the font quality assessment with
different point selection and different dpo method.
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Figure 5. Comparison between different filter bandwidth strategies
and scaling effects of annotation quality for quality assessments
performance on DFD.

Discussion. Fig. 5 shows accuracy and hallucination rates
for models with varying parameters and feedback data. On

LLaVA-Next

Sorry, I can't evaluate images directly.

£ ™
4
ﬁ %’ The font appears to be stylized or handwritten.
However, the blurriness may affect readability,especially
O if viewed from a distance or in smaller sizes.... o1
o

Can you evaluate the
quality of this image?

This picture shows the letters ""KFC" made from chicken
nuggets....... It's very creative and funny, with a simple
design........ which has a quality assessment score of 4.....

Font-Agent

Figure 6. Qualitative results of the font quality assessment.

the DFD dataset, more feedback data significantly reduce
Font-Agent’s hallucination rate and segments, proving that
detailed human feedback effectively aligns MLLM behavior.
Fig. 6 highlights the superior font understanding of Font-
Agent compared to existing models. This work advances
practical font recognition and quality assessment. However,
Font-Agent performance can improve with ongoing bench-
mark efforts. We expect more feedback data to further boost
performance and drive future research.

5. Conclusion

Hallucination continues to be a major obstacle to the prac-
tical implementation of MLLMs. To address this issue, we
propose Font-Agent, an innovative framework specifically
developed to enhance the reliability and interpretability of
font-quality evaluation and recognition across multiple lan-
guages. By incorporating fine-grained human feedback, our
model is closely aligned with user expectations, substan-
tially reducing errors in long-form font evaluations while
maintaining both accuracy and usefulness. Experimental
results indicate that Font-Agent consistently surpasses exist-
ing models in terms of both reliability and cross-language
recognition. Future research will focus on systematically
expanding dataset coverage and developing robust validation
protocols across a variety of practical application domains.
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