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Fig. 1: Left: WeEdit achieves precise manipulation of textual content within images
across diverse editing operations (edited regions are highlighted with blue bounding
boxes). Right: WeEdit achieves the best performance among all open-source models
on both bilingual and multilingual benchmarks, surpassing most proprietary models
and ranking second only to Nano Banana Pro.

Abstract. Instruction-based image editing aims to modify specific con-
tent within existing images according to user-provided instructions while
preserving non-target regions. Beyond traditional object- and style-centric
manipulation, text-centric image editing focuses on modifying, translating,
or rearranging textual elements embedded within images. However, exist-
ing leading models often struggle to execute complex text editing precisely,
frequently producing blurry or hallucinated characters. We attribute these
failures primarily to the lack of specialized training paradigms tailored
for text-centric editing, as well as the absence of large-scale datasets
and standardized benchmarks necessary for a closed-loop training and
evaluation system. To address these limitations, we present WeEdit, a sys-
tematic solution encompassing a scalable data construction pipeline, two
benchmarks, and a tailored two-stage training strategy. Specifically, we
propose a novel HTML-based automatic editing pipeline, which generates
330K training pairs covering diverse editing operations and 15 languages,
accompanied by standardized bilingual and multilingual benchmarks for
comprehensive evaluation. On the algorithmic side, we employ glyph-
guided supervised fine-tuning to inject explicit spatial and content priors,
followed by a multi-objective reinforcement learning stage to align genera-
tion with instruction adherence, text clarity, and background preservation.
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Extensive experiments demonstrate that WeEdit outperforms previous
open-source models by a clear margin across diverse editing operations.

Keywords: Image Editing - Text-centric Image Editing - Diffusion Mod-
els

1 Introduction

In recent years, diffusion models [25, 31, 62] have made significant progress in
generative tasks, particularly in image generation and editing. Text-to-image
models [26,38,57,59] aim to generate high-quality, visually appealing images
from textual prompts. Upon this, image editing models 14,30, 87| have been
developed to modify specific content within existing images based on editing
instructions, while preserving non-target regions.

Currently, leading proprietary models (e.g. Gemini-3-Pro-Image [12] and
GPT-Image-1.5 [7]) and open-source models (e.g. FLUX.2-dev [39] and Qwen-
Image-Edit [72]) excel in general image editing, demonstrating precise adherence
to user instructions for object manipulation and style transfer. However, a critical
yet fundamentally distinct dimension—text-centric image editing, which involves
modifying, translating, or rearranging textual elements embedded within images—
remains largely underexplored. Such capabilities are important in a wide range
of real-world applications, including infographic updating, poster modification,
multilingual localization of user interfaces, and document editing. Unlike previous
editing tasks, this task requires models to possess accurate text recognition,
precise layout planning, and clear text generation abilities, all while strictly
preserving the background context (as shown in Fig. 1).

These practical requirements expose the significant limitations of current
paradigms. Existing models often struggle to follow complex editing instructions
and tend to produce blurry or hallucinated characters, with performance deterio-
rating further when handling non-Latin scripts (e.g. Arabic, Thai, and Hindi). We
attribute these failures to critical gaps in current algorithms, training data, and
evaluation methodologies: I) Algorithmic limitations: Conventional image
editing methods lacks specialized training paradigms explicitly designed to handle
the unique text content modification within images. IT) Data scarcity: There is
no large-scale, high-quality datasets specifically curated for diverse text-centric
editing operations, particularly for multilingual settings. IIT) Evaluation gap:
The absence of a comprehensive, standardized benchmark tailored to this specific
task hinders systematic model comparison, slowing down progress in this field.

To this end, we propose WeEdit, a systematic solution for text-centric
image editing that jointly addresses the aforementioned challenges of model
capability, training strategy, data scarcity, and evaluation standardization: I)
Glyph-Guided Supervised Fine-Tuning: To tackle the core difficulty of
precise text placement and character-level accuracy, we introduce a text-aware
fine-tuning approach. WeEdit first predicts the approximate position and scale
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of the target text, then renders a glyph layout as an explicit spatial prior to
condition the diffusion process, granting direct spatial control and significantly
improving glyph fidelity. IT) Multi-Objective Reinforcement Learning:
To bridge the gap between pixel-level supervision and human-centric quality
goals such as legibility and contextual coherence, we introduce a reinforcement
learning stage with a reward function that jointly balances instruction adher-
ence, text readability, and preservation of non-edited regions, leading to higher
editing quality. IIT) Scalable Data Construction Pipeline: We develop a
scalable, HTML-based data construction pipeline that automatically synthesizes
diverse editing pairs. The pipeline naturally extends to multilingual settings via
a “translate-then-edit” workflow, yielding a large-scale training dataset cover-
ing a broad spectrum of editing operations and languages. IV) Standardized
Multilingual Benchmark: We establish a comprehensive benchmark encom-
passing diverse editing operations with both Chinese—English bilingual data and
multilingual evaluation across 15 widely used languages. We further design a
multi-faceted evaluation scheme to ensure practical and reliable comparisons
between the models. Finally, as illustrated on the right side of Fig. 1, our model
outperforms existing open-source models and most proprietary counterparts,
achieving SOTA performance that is second only to Gemini-3-Pro-Image (i.e.
Nano Banana Pro [12]).

2 Related Work

2.1 General Image Generation and Editing

Text-to-image generation [15,20,26-28, 38,44, 47,56,57,59,61,76,94] aims to
generate visual content from textual descriptions. Image editing [14, 24, 40,
46, 73,74, 78,84, 87,88, 90] extends this capability by modifying targeted re-
gions of an existing image according to user instructions while preserving non-
targeted content. Recently, leading proprietary [7,12] and open-source mod-
els [16,23,39,45,49,65,66, 72|, have demonstrated strong performance on object
modification and style transfer. However, text-centric image editing—an equally
critical yet fundamentally distinct dimension that involves modifying, translating,
or rearranging textual elements embedded within images—remains largely under-
explored. When confronted with such tasks, existing models fail to follow editing
instructions accurately and produce blurred or misspelled characters. In this
paper, we aim to systematically benchmark the text-centric editing capabilities
of current models and propose effective methods to bridge this gap.

2.2 Text-aware Image Generation and Editing

To improve text rendering quality in generated images, recent approaches incor-
porate additional information such as character-level linguistic features [51,52,92],
explicit character bounding boxes [19,85,86,95-97|, and auxiliary visual condi-
tions like rendered glyph images [18,54,67,81,89]. While these approaches have
improved text fidelity in image generation, few have focused on the editing task.
In this work, we propose to introduce glyph images as explicit spatial priors
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into text-centric image editing, and leveraging the understanding and planning
capabilities of Vision-Language Models to automatically generate glyph images
of target texts.

2.3 Datasets and Benchmarks for Image Editing

Existing image editing datasets [21,22, 34, 55,58, 69, 70,82, 87,90] and bench-
marks [17,29,49,68,83,91] are primarily designed for general-purpose editing
scenarios. Some works involve text-related editing tasks [55,66], but they are
limited in terms of operation diversity, language coverage, and evaluation granu-
larity. Thus, we propose a novel automated data construction pipeline as well as
the first comprehensive benchmark tailored for text-centric image editing.

2.4 Post-training for Diffusion Models

Parameter-efficient supervised fine-tuning (SFT), such as LoRA [32], has become
a mainstream approach for adapting pre-trained diffusion models to downstream
tasks or for incorporating auxiliary control signals [33, 60,64, 77]. Reinforcement
learning (RL)-based [63] post-training further aligns generation with human
preferences [37,43,48,75,79,80,93]. In this paper, we present a dedicated post-
training framework for text-centric image editing, which consists of glyph-guided
SFT to inject explicit visual priors, followed by a tailored reward design in the
RL stage to ensure editing accuracy.

3 Method

In this section, we first review the preliminaries of diffusion and flow-matching
models as well as the formulation of image editing (Sec. 3.1). We then present our
two-stage training framework: a glyph-guided supervised fine-tuning stage that
injects explicit spatial and content priors for accurate text rendering (Sec. 3.2),
followed by a reinforcement learning stage that optimizes human-centric objectives
such as instruction adherence, text clarity, and background preservation (Sec. 3.3).

3.1 Preliminary

Diffusion and Flow-Matching Models. Diffusion models generate data by
reversing a forward noising process that gradually corrupts clean data xg ~ pgata
with Gaussian noise. The noisy sample at timestep ¢ is obtained via reparameter-
ization:

x; = ayXg + o€, €~ N(0,1), (1)

where a4, 0y define the noise schedule. Under the velocity parameterization, a
neural network vg(xy, t) is trained to predict the trajectory tangent by minimizing:

Liiow = Etxxoyﬁ [HV@(Xt,t) - Vt”%} ) (2)
where v; = % = %xo + %e. Samples are then generated by solving the

ODE dx;/dt = vg(x¢,t) from t=1 (noise) to t=0 (data). Rectified flow [50]
sets oy = 1 — t and oy = t, yielding straight-line interpolation paths with the
simplified target v = € —xq. This formulation forms the backbone of recent image
editing models [39,72]. Our framework builds upon the flow-based MM-DiT, i.e.
Qwen-Image-Edit [72].
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Fig. 2: Overview of the glyph-guided supervised fine-tuning stage. A VLM first predicts
the content and layout of the target text to render a glyph image. The original image,
instruction, and glyph image are then jointly processed by the MM-DiT block to
generate the target image.

Text-centric Image Editing. Given a source image Ig.. and a user-provided
editing instruction p, the goal of instruction-based image editing is to generate
a target image Iy, that semantically aligns with p while preserving the non-
target regions of I,.. Distinct from general object or style editing, text-centric
editing requires the model to manipulate textual elements—such as modifying,
translating, deleting, or rearranging text—within an image. The generated text
must accurately reflect the intent of the instruction, be correctly spelled, and
maintain a consistent style with the original image, while strictly preserving the
integrity of the background. In this work, we focus on this practically significant
dimension of image editing tasks that has not yet been fully explored.

3.2 Supervised Fine-Tuning (SFT)

While recent diffusion models have demonstrated impressive general editing
capabilities, they often struggle with complex text-centric editing scenarios
such as long-text replacement or multilingual translation, frequently generating
hallucinated or misplaced characters. To address this, we introduce a glyph-
guided supervised fine-tuning stage to adapt a pre-trained image editing diffusion
model for accurate text-centric editing. As illustrated in Fig. 2, our SF'T pipeline
comprises two key components: a glyph image prediction mechanism and a
LoRA-based glyph-conditioned fine-tuning procedure.

Glyph Image Prediction. Given a source image I, and an editing instruction
p, we employ Qwen3-VL-235B-A22B-Instruct [13] to perform a two-step detect-
and-plan procedure. In the detection step, the VLM identifies all text regions of
interest specified by the editing instruction in the source image and outputs their
bounding boxes and content as structured tuples {(b;"®,¢."%)}™,, where b;"®
denotes the normalized coordinates of the top-left and bottom-right corners, and
;"% denotes the text string. In the planning step, the VLM interprets the editing
instruction p and determines the target text content and spatial placement for
each region, producing the target tuples {(b;-gt, tt-gt) 7_1- Once the layout of target

J
texts is determined, we render the glyph image X41ypn by drawing each target text
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Fig. 3: Overview of the RL stage. The model generates multiple candidate images,
which are evaluated by four separate reward models targeting four dimensions. Each
reward model leverages a Vision-Language Model to produce logit distributions over
discrete scores, which are then converted to continuous expected values.

string within its corresponding bounding box b;gt on a blank canvas that
matches the source image dimensions. To ensure high-quality and standardized
glyph images, we use Python Pillow package [3] and the multilingual Arial [1]
font. For simplicity, all glyph images feature white text on a black background,
providing a clear representation of the target texts. This glyph image explicitly
includes the character content, spatial positions, and relative scales of all target
texts, serving as a spatial prior for the subsequent editing process.

tgt
y

LoRA-based Glyph-guided Fine-tuning. We adopt a parameter-efficient
fine-tuning strategy using Low-Rank Adaptation (LoRA) [32] to train the editing
model. The model takes three inputs: the editing instruction p, the source image
I ¢, and the glyph image I,,,. Specifically, the editing instruction, along with
the original image and the glyph image, is first fed into the VLM to obtain
semantically enriched text tokens. Meanwhile, I,,.. and I, are encoded into
latent representations via a VAE [36] and concatenated with the noisy latent x;
along the token dimension. We keep the original weights of the MM-DiT blocks
frozen, and introduce LoRA modules only into the linear layers of the multi-modal
attention mechanisms. This approach enables the model to effectively incorporate
information from the glyph image, maintaining low training overhead.

3.3 Reinforcement Learning (RL)

While the glyph-guided SFT stage equips the model with fundamental text editing
capabilities, pixel-level losses cannot capture higher-level perceptual qualities
such as legibility, instruction fidelity, and background coherence. To address this
limitation, we introduce an RL stage that optimizes the diffusion model against a
composite reward function tailored to the unique demands of text-centric image
editing, as shown in Fig. 3.

DiffusionNFT-based Policy Optimization. We adopt DiffusionNFT [93] as
our policy optimization framework, which performs online reinforcement learning
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directly on the forward diffusion process via the flow matching objective. For
each conditioning input ¢ (comprising I, Iypn, and instruction p), we sample
K candidate images {x}*} from the current policy 7°¢ using an efficient ODE
solver (e.g., DPM-Solver [53]). Each candidate is then scored by the reward model
to yield an optimality probability r € [0, 1], which serves as a soft indicator of
sample quality. The training objective jointly optimizes implicitly parameterized
positive and negative policies:

[’RL(G) = Ec,w"ld(xo\c),t |:T HV;(Xt, Cat) - sz + (1 - 71) HV; (Xtvc7 t) - VH;] ’ (3)

where v denotes the target velocity, and the implicit positive and negative
policies are:

V;_(Xta c, t) = (1 - ﬂ) VOld(Xta c, t) + ﬂVG(Xh C, t)? (4)
vy (x4, ¢,t) i= (14 B) v (x4, ¢,t) — Bva(xs, c, t). (5)
This formulation establishes a contrastive improvement direction: the positive
branch pulls the vy toward high-reward generations, while the negative branch

pushes it away from low-reward ones, with the hyperparameter 5 controlling the
guidance strength.

Task-Specific Multi-Dimensional Reward. We design a reward function
specifically tailored to the multi-faceted requirements of text-centric image editing.
Rather than relying on a single holistic quality score, we decompose the reward
into four complementary dimensions, each targeting a critical and distinct aspect
of editing quality:

(1) Instruction Adherence (RAdberence) evaluates whether the edited image
faithfully executes the specified editing operation (e.g. whether the correct text
has been replaced, translated, or rearranged at the instructed locations). We
prompt Qwen3-VL-235B-A22B-Instruct [13] as a reward model (same below),
which takes the original image, the edited image, and the editing instruction as
input, and assesses the degree of semantic alignment between the instruction
intent and the actual edit.

(2) Text Clarity (RS;:;W) measures the legibility and typographic quality of
the rendered text. The VLM evaluates whether the generated characters are
crisp, correctly spelled, and free from common artifacts such as blurriness, stroke
distortion, or character merging—issues that are prevalent in text-centric editing
tasks involving fine-grained glyph details.

(3) Background Preservation (RISservation) assesses whether non-target re-
gions of the image remain unaltered after editing. Unintended modifications—such
as color shifts, structural distortions, or texture degradation—are penalized to
ensure that edits are strictly confined to the designated text regions.

(4) Relative Quality (Rg:ihty) compares the overall visual quality of the edited
image against a reference image, which can be either a ground-truth image or
an output produced by a leading editing model. By grounding the evaluation
in an explicit comparison target, this metric provides the VLM with a sharper
perception of what constitutes a high-quality edit result, effectively establishing a
quality anchor. As a result, the editing model is encouraged not only to produce
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outputs that merely appear satisfactory, but to generate edits that truly match
or surpass the reference.

Logit- Weighted Continuous Scoring. Inspired by UniWorld-V2 [45], we
adopt a logit-based continuous scoring mechanism to avoid the sparsity in single-
integer reward signals. For each evaluation dimension, the VLM [13] receives
an input tuple X = (Igc, Ledited, Tprompt); Where Thrompt is @ dimension- and
task-specific prompt instructing the VLM to rate the edit on a scale from 0
to 9. Instead of sampling a single token, we compute a softmax over the score
token set S = {0,1,...,9} at the designated decoding position and obtain the
per-dimension reward as the normalized expected score:

exp(zs)
Rdlm 6
tdbk( ) Inax Z Zq res exp(zs ) ( )
where z; is the logit for score token s. ThlS soft scoring captures the VLM’s full
confidence distribution, yielding a smoother reward score. The composite reward
for each candidate is a weighted sum of all four dimensions:

_ Adherence Clarity Preservation Quality
Rtask - /\acc Rtask + )\cla Rtask + )‘pre Rtask + /\qua Rtask ’ (7)

where Aacc; Aclas Apres Aqua balance the relative importance of each dimension.
Notably, the evaluation prompt for each dimension is further customized by
editing task type (e.g., replace, translate, rearrange, or delete), enabling task-
aware scoring criteria.
To feed Riask into the policy optimization process, we convert it to an opti-
mality probability r € [0, 1] via intra-group normalization:
r(xo,c) = % + %clip RtaSk(XELC) e
where pue and o. are the mean and standard deviation of Ry,gx over the K
candidates sampled for conditioning input c. This normalization ensures that r
reflects relative quality within each sample group. The value of r is then used to
directly weight the positive and negative branches in Lgy,.

) 717 1 ) (8)

4 Dataset and Benchmark

In this section, we first introduce our data construction pipeline, which generates
high-quality source-target image pairs via two complementary routes (Sec. 4.1).
We then introduce our evaluation benchmark, covering bilingual (Chinese—English)
and multilingual (15 languages) text-centric editing scenarios (Sec. 4.2).

4.1 Dataset

Our dataset is designed to cover a broad spectrum of text-centric editing tasks.
We define 7 operation types: Add (inserting new text), Replace (substituting
existing text with different content), Delete (removing text regions), Rearrange
(permuting the spatial layout of text elements), Translate (converting text between
languages), Change Style (modifying font, color, or typographic attributes), and
Combined (composing multiple atomic operations in a single instruction). Based
on the nature of the source images, we identified two fundamentally different data
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Fig.4: Overview of our data construction pipelines. Top: the structured pipeline
converts a source image to HTML, extracts and edits text content via a VLM, and
renders both source and target images through a headless browser, yielding pixel-perfect
editing pairs. Bottom: the unstructured pipeline uses a VLM to propose editing
instructions, executes edits with a generative model, and iteratively verifies quality
until all acceptance criteria are met.

categories—structured and unstructured—and designed a dedicated construction
process for each, as illustrated in Fig. 4.

Structured Data. For images with well-organized layouts and relatively uniform
text styles—such as web page screenshots, mobile app interfaces, presentation
slides, figures, tables, documents, and infographics—we adopt a novel HTML-
based construction pipeline (Fig. 4, top). We collected a wide range of source
images from various open-source datasets, including Leopard [35], The Caul-
dron [41], WebSight [42], etc. The pipeline proceeds in four stages:

(1) Image to HTML. Given an original image I, we employ a VLM [11]
to convert it into an HTML representation Hg,. that preserves both the visual
layout and the textual content as faithfully as possible, using Tailwind [5] CSS
for styling.

(2) Content Extraction. We use BeautifulSoup4 [2] to parse Herc and extract
a structured JSON record containing all text elements and image elements. For
images, we validate external URLs and retrieve semantically similar replacements
from the web when the original links are broken, ensuring rendering fidelity.
(3) Text Editing Pairs. Given the N text entries extracted from Hgc, we
employ a lightweight VLM Qwen3-30B-A3B [13] to generate the corresponding
edited texts for each operation type. Specifically, for translation, all IV entries are
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translated into the target language; for replacement, 1 to N entries are randomly
selected, and the VLM produces semantically plausible substitutes.

(4) Content Backfilling. Once the target texts are determined, we replace
the original text entries in Hsrc at their exact positions while keeping all other
HTML elements unchanged, yielding the modified HTML code Htgt.

(5) Rendering. Both Hg,. and Hyg are rendered into images via Playwright [4].
As the rendering process is fully deterministic and Hg;e and Hqge differ only in
the designated text entries, the resulting source image I, and target image gt
are guaranteed to be pixel-perfect identical in all non-target regions.

Another key advantage of our HTML-based pipeline is its natural extensibility
to multilingual data. Before constructing editing pairs, we can first translate all
text entries in Hgy into a target language to obtain a multilingual-based HTML,
and then apply the same pair-construction workflow on top of it. In this work, we
cover 15 widely used languages: English, Chinese, Hindi, Spanish, French, Arabic,
Portuguese, Bengali, Russian, German, Korean, Japanese, Thai, Indonesian, and
Vietnamese. This automated pipeline enables efficient construction of large-scale,
high-quality, and linguistically diverse text-centric editing pairs.

Unstructured Data. For images with complex layouts, diverse typography,
and text is tightly entangled with complex visual backgrounds (e.g., street signs,
product packaging, posters, and scene photographs), HTML-based reconstruction
cannot faithfully recover the intricate visual styles. To address this, we develop an
automated edit-verify-and-retry pipeline that operates directly at the image level
(Fig. 4, bottom). Given a source image Iy, a VLM [11] first analyzes its content
and proposes a set of plausible editing instructions covering various task types.
Each instruction is then executed by an editing model [12,39,72] to produce a
candidate target image itgt. A separate VLM-based [11] verifier evaluates the
candidate against the source image and instruction on instruction adherence,
text legibility, and background preservation. Failed candidates are fed back with
verification feedback for re-execution; only candidates passing all checks are
retained as valid training pairs. This closed-loop workflow ensures high-quality
data for visually challenging scenes, filters out ambiguous or infeasible edits, and
provides a clean, diverse complement to the structured data.

Dataset Statistics. We constructed a training set containing 330K samples,
including approximately 160K unstructured text pairs and 170K structured text
pairs. The dataset spans 7 editing operation types and covers 15 languages. The
number of editing regions per sample ranges from 1 to over 13, and the edited
text length varies widely from under 20 characters to over 1,000 characters,
demonstrating the diversity and complexity of our dataset. Detailed statistical
breakdowns are provided in the supplementary material.

4.2 Benchmark
As illustrated in Fig. 5, we construct a comprehensive benchmark that covers a

diverse set of text-centric editing operations, supports multiple languages, and
evaluates model performance along three complementary dimensions.
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Fig. 5: Overview of the proposed WeEdit Benchmark.

Diverse Editing Operations. Our benchmark encompasses eight distinct task
categories to thoroughly assess model capabilities. Six of these focus on direct
textual content manipulation: Add, Replace, Delete, Rearrange, Translate, and
Combined (executing multiple atomic operations simultaneously). Furthermore,
we include Change Style to evaluate the modification of typographic attributes
(e.g., font, color). In addition, we introduce a more advanced Reasoning task that
goes beyond the operation types found in the training set. This task requires
the model to first deduce the correct target text based on knowledge or logical
context before performing the edit. For instance, replacing “2024 NBA Champions
(Boston)” with “2024 Super Bowl Champions” requires the model to recall relevant
factual knowledge (e.g., team names, scores, and player details) to obtain the
target text content before editing.

Comprehensive Language Coverage. To evaluate the robustness of editing
models across different linguistic contexts, the benchmark is provided in two
distinct versions, each containing 2,000 test cases. The Bilingual Benchmark
focuses on Chinese and English, representing typical high-frequency scenarios.
Meanwhile, the Multilingual Benchmark extends the evaluation to 15 widely used
languages, testing the models’ generalization ability to diverse character sets and
complex glyph structures.

FEvaluation Metrics. We adopt a VLM-based automatic evaluation protocol,
employing Gemini-3-Pro [11] as an impartial judge to score generated images
across three core dimensions: Instruction Adherence (IA), which measures the
degree to which the edited image faithfully fulfills each requirement specified
in the editing instruction; Text Clarity (TC), which assesses the legibility and
spelling correctness of the generated text; and Background Preservation (BP),
which quantifies the visual integrity of non-target regions. The judge is prompted
to first generate a detailed chain-of-thought [71] rationale that examines the
edited image against the evaluation criterion, and then assign a score on a 0-9
scale, thereby producing fine-grained quality assessments.
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Table 1: Quantitative Results on the Bilingual Benchmark. We compare WeEdit
with proprietary and open-source models across 8 editing operations. A, TC, and
BP denote Instruction Adherence, Text Clarity, and Background Preservation. The
best open-source results are in bold, with top-3 highlighted. Our method significantly

improves text editing over the base model , outperforms all open-source models, and
surpasses most proprietary systems.

Add Replace Delete Rearrange Translate Style Combined Reasoning Overall
A TC BP | 1A TC BP|IA TC BP|IA TC BP|IA TC BP|IA TC BP|IA TC BP|IA TC BP|IA TC BP

Model

Gemini-3-Pro-Tmage [12] ~ 9.38 9.66 9.43 | 9.06 8.80 8.05|8.33 8.56 8.04|8.05 8.49 826|808 9.07 9.55|9.76 951 9.50[9.31 9.72 9.45|4.91 9.47 9.42|8.58 9.10 8.85

sh-Image [6] 5.88 8.06 7.58 | 3.35 )5 6.01 817 6.05 7 686 711|175 606 883|795 9.54 958 |4.08 T7.57 883 | 170 482 876 | 3.92 7.14 780
[4 802 932 680|716 55 | 643 649 382 691 535 | 409 697 930 941 831|812 912 634|337 702 793 615
Seedreamd.5 [10] 6.86 821 640 | 7.23 6.60 737 4.70 | 5.2 708 536 | 497 693 5| 876 9.08 837|733 862 766|217 569 767 6.38
OmniGen?2 (73] 172 311 386 | 1.26 3.3 153 3.54 252 | 107 334 332 | 100 3.35 520 421 [1.21 341 392 | 1.01 415 624 | 140 348 3.68
BAGEL [2¢] 232 303 599 | 148 2 303 646 292 | 107 353 566 | 103 488 776 898 141 233 583 | 102 442 889 [ 197 401 575

176 520 229 | 146 394 3.36 | 1.27 273 593 866 841 (396 598 413 | 123 331 632 | 342 496 407
423 T3 288 | 147 433 439 | 132 236 850 | 878 898 855 (352 622 508 | 122 410 797|331 549 541
5307 814 527 | 144 573 584 | 124 359 875 | 804 888 831 [460 7.31 552 | 126 6.33 9.55| 337 653 6.19

380 446 334 | 142 267 395 | 128 160 697 | 850 888 848 [327 421 423 | 109 L9 318 163
523 610 650 | 3.03 165 718 584 | 133 491 592 | 129 442 820 | 840 895 927 |389 547 687 | 11T 5.05 9 559 671
Step -v1.2 [49 273 398 T.38 | 244 3 568 701 645|126 346 476 | 134 284 764 | 778 854 867 (212 379 789 | 109 581 93 436 7.03
HY-image-3-instruct [16]  6.04 755 7.68 | 391 5.42 632 785 469 | 173 426 659 145 352 S67 9.43 9.35 952 [473 6.62 743 | 112 467 865 | 416 599 7.03
FireRed-Image-Edit [06] 541 754 767 | 458 630 6.26 | 6.80 881 597 | 176 478 552 | 139 267 844|930 923 978|419 723 748 | 125 545 890 | 415 7.14

Emu3.5 [23] 189 660 3.72 | 3.26
UniWorld-v2 [15] 515 716 541327 5

3 540 759 4.92 | 3.59
180 594 3.73 | 3.36 3.7

Qwen-Image-Edit-2509 [5] 4.96 7.05 6.55 | 3.44 517 590 | 497 784 507 | 1.35 4.90 ')91‘12() 272 877 | 897 915 011|390 648 7.24 | 1.22 517 851 | 3.49 584 6.80
WeEdit-SET (ours) 783 854 918|636 675 776|928 012 843|706 718 850 514 524 872 | 857 854 804 728 £35 014 | 208 248 856 [ 699 783 863
‘WeEdit-RL (ours) 8.12 8.99 9.40 | 6.90 7.77 8.63 | 892 0.49 809 | 7.82 7.94 9.00 6.36 7.11 9.44| 941 924 947 |7.50 8.89 0.38 | 2.57 524 899 | 7.47 8.19 9.01
vs. Baseline 3.16+1.94 +2.85]3.46 2.6 + 2,73/ 3.95 + 1.65 +3.02|-+ 6.47 +3.04 +3.09] 4 5.10 +4.39 +0.67/+ 0.44 +0.09 +0.36{+ 3.6 1 2.41 + 2.14 1.35 +0.07 +0.48 + 3.98 + 2.35 + 2.21

5 Experiment

5.1 Experimental Setup

Dataset and FEvaluation Metrics. We train our models on the proposed
WeEdit dataset. For evaluation, we utilize the WeEdit Benchmark, consisting of
a Bilingual Benchmark (Chinese and English) and a Multilingual Benchmark,
each containing 2,000 meticulously curated test cases to thoroughly assess model
capabilities. Following Sec. 4.2, we employ Gemini-3-Pro [11] to assess the edited
images from three dimensions.

Implementation Details. During the SF'T stage, we fine-tune Qwen-Image-
Edit-2509 [8] using LoRA with a rank of 256. The model is optimized with
AdamW at a learning rate of 5e-5, trained for 8,000 steps. In the RL stage, we
initialize the model from the SFT weights and further fine-tune it with LoRA of
rank 256 and AdamW at a learning rate of 5x10~° for 140 epochs. The reward
weights are set to A\acc=0.3, Ac1a=0.3, Apre=0.15, and Agua=0.25.

5.2 Main Results

Baseline Methods. To evaluate WeEdit, we compare it against 15 previous
SOTA baselines, including 4 prominent proprietary models [6,7,10,12] and 11
leading open-source models [8,9,16,23,24,39,45,49, 65,66, 73]. The evaluation is
conducted on both our Bilingual and Multilingual benchmarks, systematically
covering 8 diverse editing operations. For each operation, the edited images are
rigorously assessed across three complementary criteria: Instruction Adherence
(TA), Text Clarity (TC), and Background Preservation (BP).

Quantitative Comparison. Tab. 1 and Tab. 2 present results on the Bilingual
and Multilingual benchmarks, respectively. We observe that text-centric image
editing remains a fundamental weakness of existing proprietary and, in particular,
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Table 2: Quantitative Results on the Multilingual Benchmark.

Add Replace Delete Rearrange Translate Style Combined Reasoning Overall
IA TC BP|IA TC BP|IA TC BP|IA TC BP|IA TC BP|IA TC BP|IA TC BP|IA TC BP|IA TC BP

Model

Gemini-3-Pro-Image [12]
Gemini-2.5-Flash-Tmage [6]

839 821 697 |8
325 642 7.56
6| 537 631 3.20 | 5.34

808 671|737 797 TA1|631 760 866|882 877 778|883 877 812|604 88T 920 | 805 838 7.82
806 632|184 667 709 | 183 528 88 [ 674 868 876|507 774 894 | 175 408 867 | 411 699 7.95
136 172 | 420 561 321|297 575 551|650 7.37 334 770 304|251 447 500 | 544 631 341

501 614 517|625 651 423 | 382 561 437|304 514 653 | 727 807 622 | 651 773 642 | 185 455 749 [ 510 643 536
OmniGen? [73] 113 293 268 348 208 | 107 338 258 | 110 370 449|266 419 283 | 170 389 332|100 422 559 | 145 344 315
BAGEL [21] 142 208 490 | 337 553 300 | 110 333 451 [ 109 356 601|549 631 772|327 446 680 | 102 475 7.20 [ 227 408 578
Emu3.5 [23] 5| 299 404 250 418 191|136 336 214 | 147 296 495|551 600 396|576 636 331|112 182 381 | 368 460 3.06

251 400 3.86
353 579 527
5| 311 475
283 446
131 392 553
433 583 6.50
325 502 653

550 225 | 130 355
142 603
5| 154 432
22 | 135 478 5.32
505 | 124 362
792 582 164 535
552 171 491 5

136 2.86 6.15 [ 563 6.41 526 | 462 6.03 496 | 1.13 335 7.62 | 3.18 484 455
L0 897 788|500 Tes 626|482 66 475 | 131 5.68 913|342 636 626
1.56 292 828 [ 6.51 744 802|524 692 750 | 1.19 464 883 | 381 567 7.04
136 3.68 7.54 | 695 739 787|576 659 695| 1.09 534 780 | 3.68 552 6.39
1.09 304 688|441 6.02 626 | 235 522 655 | 1.12 526 797 | 226 477 629
1.75 3.88 866 | 8.05 8.36 820 7.78 8.36 813 | 1.17 482 872|503 6.67 T7.58
Ve 578 sa7|7es 778 831|586 726 813|120 500 900|412 614 72

UniWorld-v2 [15]

age-
1.2 [19]

E 535 T.00 703|288 483 6.08 | 5 712 485 | 139 477 539 | 144 370 826 | 6.96 773 745|501 7.02 7.49 | 116 513 860 | 363 582 667
WeEdit-SFT (ours) 820 850 925|552 608 833 8.87 817 572 6.63 507|392 408 877|798 805 8.90 7.72 771 882|180 488 855|646 695 8.58
WeEdit-RL (ours) 8.47 833 865 |6.12 6.30 8.45 876 792 558 6.32 0513 518 850 | 704 815 862 815 7.61 9.16 254 525 863 [6.70 7.10 849

vs. Baseline 312412016204 8.2 14T 2,97/ +2.75 164+ 8.07)14.10 4 1.55 + 2,71+ 8.69-+ 148 +0.24+ 0.18 +0.42 + 117 3.14 +0.50 + 1.67]1 1.8 012 003+ 3.07 + 1.28 1 1.82

open-source models. On the Bilingual benchmark, the best-performing open-
source baseline achieves only 4.16 overall TA, and the situation deteriorates further
on more challenging tasks: on Rearrange and Translate, all open-source baselines
score below 1.8 TA, indicating near-complete failure. Even strong proprietary
systems (e.g. GPT-Image-1.5 and Seedream4.5) exhibit quality degradation on
these tasks, confirming that text-centric editing poses challenges qualitatively
different from conventional object or style editing.

WeEdit establishes a new SOTA among open-source models by a clear margin
and is surpassed only by the proprietary Gemini-3-Pro-Image. On the Bilingual
benchmark, our RL version (WeEdit-RL) achieves 7.47/8.19/9.01 in IA/TC/BP,
improving over the base model by +3.98/+2.35/+2.21 and surpassing the previous
best open-source results by a clear margin. The gains are more pronounced in
tasks such as Translate and Rearrange. Moreover, WeEdit demonstrates top-tier
performance across all other editing operations.

The Multilingual benchmark (Tab. 2) further reveals that WeEdit generalizes
robustly to 15 diverse languages, including those with complex glyph systems such
as Arabic, Thai, and Hindi. Our model achieves 6.70/7.10,/8.49 overall, improving
over the base model by +3.07/+41.28/+1.82. In contrast, several proprietary and
open-source models suffer performance degradation when handling non-Latin
scripts. This cross-lingual robustness can be attributed to our HTML-based data
construction pipeline, which naturally scales to multilingual training data.

Finally, comparing WeEdit-SFT and WeEdit-RL reveals that the RL stage
provides consistent and targeted improvements. On the Bilingual benchmark, the
RL stage lifts overall TA from 6.99 to 7.47 and T'C from 7.33 to 8.19. This confirms
that the multi-dimensional reward design effectively steers the model toward
higher editing quality beyond what pixel-level supervision alone can achieve.

Qualitative Comparison. Fig. 6 presents qualitative comparisons across all 8
editing operations. Open-source models such as FLUX.2-dev and Qwen-Image-
Edit-2509 frequently produce blurry or hallucinated characters, especially when
the instructions are complex or the target text is dense. The proprietary GPT-
Image-1.5 encounters similar issues under challenging tasks. In contrast, WeEdit
generates clear, accurately rendered text while faithfully executing instructions
across all editing types, demonstrating robust performance on a wide range
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Input i Ours i Proprietary Models i Open-source Models

Original Image Prompt ! WeEdit | Gemini-3-pro-image  GPT-Image-1.5 | FLUX.2-dev  Qwen-Image-Edit-2509

1) Add 'The journey of the metal is the:
joumey of the self."
paragraphs on the left, 2) Add a label
“Polished Surface’ pointing to the anvil, 3)
‘Add First Priting: 2023' at the bottom center,
and 4) Add "ol IV in the top right comer.

1) Replace SSIL: FROSTBI

with "NEON DINO: CYBER WINTER, 2)

“DAILY GACHAS " with 'RARE

8 | HERO RECRUIT", 3) Replace *SOLVE >

with “START MISSION", 4) Repl ALS:
999" with "CREDITS: 5,000, 5) Replace
“MANA' 500/500° with "EXP: 850/1000".

Replace

"Remove the texts: ‘research code
design’, "We Are The Group Of
Problem’, ‘Our Service', ‘About Us™

Delete

“Rearrange 'Android Bear with 'GPS

Rearrange Falso - Buscar localizagao', ensuring

that their associated images also
swap positions."

AR "Translate all English text in this
@ ccomic into Chinese. Every text
& element must be transiated while
maintaining the exact same layout,
font size, and design."

Translate

Change

"Change the color of the Arabic text
Style .

'G5, 3et0 red.

1) Replace the itle “GLITCH I
SHRONOS” with “SYSTEM MALFUNCTION
CRITICAL FAILURE", 2) Add the text
CONNECTION LOST" directly below the timer|
3) Swap the positions of the “EXECUTE
STRATEGY" and "FORFEIT MATCH" buttons. |

= "Replace the solution for *7(4)=0 ¢
. >(8)<0.5, P(ANB)=0.3, find P(AIB) and
Reasoning P(E/A)" with the complete solution for
‘Disease prevalence 0.1%, sensitivity 99%,
[false positive 5%, find P(disease|positive) *.

Fig. 6: Qualitative Results. Regions with errors are highlighted in red boxes.

Combined
Operations|

of challenging text-centric editing tasks. More detailed qualitative results are
provided in the appendix.

User Study. To subjectively evaluate the editing quality, we conducted a user
study comparing WeEdit against two open-source models and two proprietary
systems. As illustrated in Fig. 7, human evaluators assessed the generated results
across two dimensions: Instruction Adherence and Text Clarity on both Bilingual
and Multilingual benchmarks. The results demonstrate that WeEdit significantly
outperforms the open-source baselines Qwen-Image-Edit-2509 and FLUX.2-dev,
as well as the proprietary GPT-Image-1.5, while achieving comparable perfor-
mance with Gemini-3-Pro-Image.

5.3 Ablation Study

To systematically evaluate the contribution of each proposed module in WeEdit,
we conduct a comprehensive ablation study, as summarized in Fig. 8. As shown in
the first row, the base model exhibits poor performance across three dimensions.
Applying glyph guidance directly to the baseline model at the inference stage
(Row 2) results in negligible performance changes, indicating that the base model
cannot effectively incorporate explicit spatial priors without specific training.
Comparing the baseline with the SFT-only model (Row 3) reveals a significant
performance leap across all three dimensions, which demonstrates the high quality
and effectiveness of our constructed dataset. Furthermore, introducing RL directly
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Win Te Lose Bilingual Benchmark
Insiruction Adherence Text Clarty

Ablation Performance

SFT Glyph RL RI SRM TA TC BP

349 584 6.80
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-image

Fig. 8: Ablation study on dif-
Fig. 7: User Study. ferent modules in WeEdit.

on top of this SFT-only baseline (Row 4) struggles to break through to a higher
performance ceiling. In contrast, combining SFT with Glyph guidance (Row
5) yields massive improvements, demonstrating a strong synergy where SFT
aligns the model with the task while the Glyph prior provides the crucial spatial
constraints needed for precise text rendering. Building upon this foundation,
applying RL on top of the SFT-with-glyph model leads to further consistent
enhancements. Within the RL stage, the design of the reward mechanism proves
critical. Removing the Reference Image (RI) deprives the reward model of an
explicit comparison anchor (Row 6), resulting in less accurate assessment of edit
quality than when the reference is included. Relying on a single reward model to
score multiple dimensions simultaneously leads to sub-optimal performance due
to metric entanglement (Row 7), whereas using Separate Reward Models (SRM)
ensures the independent and accurate assessment of each dimension. The full
WeEdit pipeline (Row 8) achieves the best results across all metrics, confirming
the effectiveness of our training strategies and data.

6 Conclusion

In this paper, we presented WeEdit, a systematic solution for text-centric image
editing that jointly addresses the challenges of model capability, data scarcity,
and evaluation standardization. We introduced a glyph-guided supervised fine-
tuning approach that leverages rendered glyph images as explicit spatial priors
to enable precise text placement and character-level fidelity. We further proposed
a multi-objective reinforcement learning stage with separate reward models and
reference image grounding to optimize for instruction adherence, text readability,
and background preservation. To overcome the lack of high-quality training
data, we proposed a novel, scalable, HTML-based data construction pipeline
that automatically synthesizes diverse editing pairs and naturally extends to
multilingual settings. Additionally, we established a comprehensive benchmark
covering diverse editing operations with bilingual and multilingual evaluation
across 15 languages. Extensive experiments demonstrated that WeEdit surpasses
all existing open-source models and most proprietary counterparts.
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