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Abstract

Recent advances in Multimodal Large Language Models
(MLLMs) have enabled automated generation of struc-
tured layouts from natural language descriptions. Exist-
ing methods typically follow a code-only paradigm that
generates code to represent layouts, which are then ren-
dered by graphic engines to produce final images. How-
ever, they are blind to the rendered visual outcome, mak-
ing it difficult to guarantee readability and aesthetics. In
this paper, we identify visual feedback as a critical fac-
tor in layout generation and propose Visual Feedback Lay-
out Model (VFLM), a self-improving framework that lever-
ages visual feedback iterative refinement. VFLM is ca-
pable of performing adaptive reflective generation, which
leverages visual information to reflect on previous issues
and iteratively generates outputs until satisfactory quality
is achieved. It is achieved through reinforcement learn-
ing with a visually grounded reward model that incorpo-
rates OCR accuracy. By rewarding only the final generated
outcome, we can effectively stimulate the model’s iterative
and reflective generative capabilities. Experiments across
multiple benchmarks show that VFLM consistently outper-
forms advanced MLLMs, existing layout models, and code-
only baselines, establishing visual feedback as critical for
design-oriented MLLMs. Our code and data are available
at https://github.com/FolSpark/VFLM .

1. Introduction

The emergence of Large Language Models (LLMs) [1, 9,
51] and Multimodal Large Language Models (MLLMs) [4,
18, 32, 42] has unlocked new possibilities for automated
content generation, particularly for structured visual lay-
outs. By generating structured representations (e.g., SVG
code, custom JSON) [8, 11, 35, 52] that define the position,
size, and style of each element [20, 22], LLMs can trans-
late natural language descriptions directly into complex de-
signs such as typographic posters, social media graphics,
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Figure 1. Method comparison. Traditional methods only generate
through text code and have no perception of the generated results;
our Visual Feedback method can iteratively reflect on the gener-
ated result and optimize the layout effect.

and documents. MLLMs further enhance this by leverag-
ing cross-modal understanding, allowing generation to be
conditioned on both text and visual inputs.

However, existing methods are limited to the code-only
paradigm and can only generate codes for layout without
considering visual feedback. For instance, COLE [22] and
OpenCOLE [20] leverage LLMs to generate typography
JSON files, while LGGPT [57] produces customized lay-
out output formats, which are then composed into the final
images by a graphic renderer. As shown in Fig. 1(A), while
these models can produce layout structures that meet for-
mal specifications, they remain unable to perceive the vi-
sual outcomes of their designs. Effective text layout design,
however, depends on visual properties such as aesthetic bal-
ance, readability, and image–text coherence, which cannot
be fully encoded by programmatic rules. Consequently, a
model may generate syntactically valid SVG layouts that
still suffer from overlapping elements, poor contrast, or mis-
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aligned components.
Recent advances in LLMs [9, 12, 21, 32] re-

search demonstrate that reflection, backtracking, and self-
validation mechanisms can substantially improve perfor-
mance on complex reasoning tasks. Moreover, Reinforce-
ment Learning (RL) [33, 38, 40] techniques have proven
effective in activating the reflective reasoning capabilities
of LLMs. This motivates our core research question: Can
such reflection capabilities be transferred to text layout gen-
eration to overcome the visual perception gap in existing
approaches? We argue that the solution lies in incorpo-
rating visual feedback into the text layout generation pro-
cess, leveraging MLLMs’ inherent cross-modal understand-
ing capabilities. As illustrated in Fig. 1, models should not
only generate layout code but also perceive the rendered re-
sults to evaluate quality, diagnose visual issues, and devise
optimization strategies through iterative refinement.

In this paper, we propose Visual Feedback Layout
Model (VFLM), a novel self-improving framework for text
layout generation that establishes a closed-loop process
guided by RL. As shown in Fig. 1, VFLM first generates
initial SVG layout code, which is rendered into a visual im-
age. This rendered image is fed back to the same model for
visual inspection and reflection. If issues are identified or
the layout is unsatisfactory, VFLM generates revised code
and repeats the process, creating a continuous loop of “gen-
eration, rendering, reflection and refinement” until a satis-
factory layout is achieved.

VFLM utilizes a two-stage training pipeline. Firstly, we
construct a multi-stage generation-reflection-refinement tra-
jectory dataset by distilling advanced MLLMs, followed by
Supervised Fine-Tuning (SFT) to endow model the ability
of iterative generation. Secondly, we employ RL to en-
hance the model’s reflective capabilities. We utilize a re-
ward model trained to evaluate layout quality holistically
and incorporate text accuracy via Optical Character Recog-
nition (OCR). While recent research on Agentic RL re-
search [10, 25, 41] often relies on meticulously designed,
complex, process-oriented reward mechanisms to guide
each intermediate step, our analysis reveals this approach
can lead to “reward hacking”. We demonstrate, counter-
intuitively, that a simple outcome-based reward, which only
assesses the final generated layout, is significantly more ef-
fective. This simpler signal compels the VFLM to leverage
its inherent visual understanding to holistically balance ini-
tial generation quality and iterative refinement, enabling ro-
bust and stable performance improvements through visual
feedback.

We validate this framework through extensive experi-
ments based on Qwen2.5-VL-7B model [4] for the task of
laying out target text on background images. Both quanti-
tative and qualitative evaluations show VFLM significantly
outperforms state-of-the-art layout generation approaches,

advanced MLLMs, and image editing models. Furthermore,
our ablation studies, which provide fair comparisons against
multiple code-only generation methods, confirm the signif-
icant and critical advantage of our VFLM. This superiority
effectively validates visual feedback as a crucial component
in generative text layout, establishing a practical frame-
work for developing self-improving, MLLM-based design
agents.

This work’s contributions can be summarized as follows:
• We propose VFLM, a self-improving framework that, to

our knowledge, is the first to apply visual feedback to lay-
out generation. It equips MLLMs with a “generation, ren-
dering, reflection, refinement” cycle, using visual feed-
back to overcome the limitations of code-only methods.

• We design a two-stage SFT+RL training method, includ-
ing a novel reward model for text layout, that success-
fully activates the model’s iterative refinement capabil-
ities. Extensive experiments validate that our approach
consistently outperforms strong existing methods.

• We demonstrate a key finding that simple, outcome-
based rewards are more effective and robust for activating
the model’s self-improvement capabilities than complex,
process-oriented reward functions.

2. Related Work

2.1. Multimodal Large Language Model
Recent progress in Multimodal Large Language Models
(MLLMs) is driven by integrating pretrained vision en-
coders [36, 54] with LLMs. The two modalities are typ-
ically aligned via lightweight projectors or Q-Former [24]
structures, a paradigm that has spurred a suite of powerful
models. This includes open-source series like LLaVA [29–
31], Qwen-VL [3, 4, 45], and Intern-VL [7, 13, 46, 61],
as well as large-scale proprietary systems such as GPT-4o
[18], Gemini [43], and Claude [2], which continue to ad-
vance the state of the art through massive scaling and en-
hanced reasoning techniques [47, 58].

2.2. Graphic Layout Generation
Graphic layout generation has evolved from early
Transformer-based architectures [27, 60] to methods cen-
tered on LLMs and MLLMs. Many approaches prompts
LLMs to output structured formats like SVG [44],
HTML [39], or JSON [6, 15, 20, 22, 26]. Others em-
ploy MLLMs to decompose the design process into or-
dered layers or sub-tasks [8, 22, 28, 35], often coordinating
with multi-modal inputs [19, 52]. However, these meth-
ods operate in an open-loop, lacking visual perception of
the rendered output. While some recent pipelines incorpo-
rate visual feedback, they typically rely on non-trainable,
inference-only strategies with external advisors [53, 55], or
decouple generation and reflection into separately trained



models [22]. In contrast, our work introduces visual feed-
back via RL, unifying these capabilities into a single, self-
evolving policy with learnable autonomous judgment.

2.3. Reinforcement Learning
Reinforcement learning is a cornerstone for aligning LLMs
with human preferences, standardized by the RLHF [33]
pipeline which typically uses Proximal Policy Optimization
(PPO) [38]. To mitigate the instability and high cost asso-
ciated with PPO, recent alternatives like Direct Preference
Optimization (DPO) [37] and Group Relative Policy Opti-
mization (GRPO) [40] offer more direct and efficient opti-
mization strategies. This alignment paradigm extends nat-
urally to multimodal settings to improve visual grounding
and reasoning. Works such as Vision-R1 [17], R1VL [56],
and DeepEyes [59] adapt RL to MLLMs by incorporating
multimodal rewards, chain-of-thought signals, and special-
ized replay mechanisms, demonstrating the power of RL in
enhancing multimodal alignment and capability.

3. Method
This work aims to develop a self-improving VFLM for
text layout generation that optimizes outputs through visual
feedback. We achieve this with a two-stage training frame-
work: (1) Cold-Start SFT to instill basic iterative generation
and reflection capabilities, and (2) Reinforcement Learning
to enhance performance using vision-based reward signals.

3.1. Visual Feedback Layout Model
As illustrated in Fig. 1, VFLM establishes a multi-round
interaction mechanism between VFLM and a rendering en-
vironment. As shown in Algorithm 1, given a background
image and target text, VFLM executes an iterative genera-
tion, rendering, reflection, refinement cycle:
1. Initial Generation: The VFLM first analyzes the in-

put through reasoning, then generates initial layout code
through a structured tool call.

2. Rendering: The rendering tool converts the SVG code
into a visual image and feeds it back to the same VFLM.

3. Visual Reflection: The VFLM examines the ren-
dered layout visual image through reasoning to evaluate
whether the quality is satisfactory to it.

4. Iterative Refinement: If unsatisfied, the VFLM reasons
about necessary modifications and a revised layout code
is generated. The process repeats until the model deter-
mines satisfaction with the layout quality.

3.2. Cold-Start Supervised Fine-Tuning
The cold-start SFT stage enables the model to acquire it-
erative reflection capabilities, and tool usage specifications
through distillation from an advanced teacher MLLM.
Data Construction Due to the absence of natural multi-
round reflection data, we employ Doubao-Seed-1.6 [5] as a

Algorithm 1 Visual Feedback for Text Layout Self-
Improvement

Require: Background Image Ib, Target Text T , max itera-
tions Nmax

Ensure: Final layout code S
1: S ← VFLM generates initial layout via tool call based

on Ib and T
2: Irendered ← Render(S) ▷ Tool Call
3: for i = 1→ Nmax do
4: Reflection← VFLM(reason|Irendered)
5: if Reflection indicates satisfaction then
6: return S as the final result
7: end if
8: S ← VFLM generates revised layout
9: Irendered ← Render(S) ▷ Tool Call

10: end for
11: return S

teacher model for data synthesis. As illustrated in Fig. 2(A),
the systhesis pipeline is divided into the following stages:
1. Initial reasoning synthesis: First, The teacher model is

prompted with background images and ground-truth lay-
outs to generate the reasoning processes for SVG code
generation.

2. Suboptimal layout generation: This distilled reasoning
data is used to fine-tune Qwen2.5-VL-7B. The inference
outputs from this model are then collected to serve as the
suboptimal initial attempts for the next stage.

3. Multi-round reflection synthesis: The suboptimal at-
tempts (from Stage 2) are paired with their ground-truth
layouts and fed back to the teacher model. The teacher is
then instructed to perform iterative reflection and modi-
fication to reach the ground-truth solution. This process
simulates realistic human design refinement and gener-
ates complete multi-round reflection trajectories.

4. Data combination: Finally, the synthesized data from
the above stages are combined and organized using
structured tags: intermediate rounds use <think> and
<tool call>, while the final round uses <think>
and <answer> (See supplementary materials for spe-
cific data samples.).

Training Objective We fine-tune Qwen2.5-VL-7B using
causal language modeling on the synthesized multi-round
reflection trajectories data. To prevent the model from
learning suboptimal outputs, the loss for initial responses
in improvement sequences is masked, ensuring the model
learns from the correction process rather than initial errors.

3.3. Iterative Reflection Reinforcement Learning
3.3.1. RL Algorithm
We adopt the Group Relative Policy Optimization
(GRPO) [40] algorithm for RL and make certain improve-
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Figure 2. Pipeline of Visual Feedback Method, including Data Construction for Cold-Start SFT and RL with Modified Advantages.

ments to the advantage function. Compared with traditional
policy optimization methods, GRPO performs policy gradi-
ent optimization within sample groups, enabling the model
to learn in the direction of maximizing rewards. The opti-
mization objectives of GRPO are as follows:

JGRPO(θ) = E
[
q ∼ P (Q), {oi}Gi=1 ∼ πθold(O | q)

]
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

{
min

[ πθ(oi,t |q, oi,<t)

πθold(oi,t |q, oi,<t)
Ai,t,

clip
( πθ(oi,t |q, oi,<t)

πθold(oi,t |q, oi,<t)
, 1− ε, 1 + ε

)
Ai,t

]
− β DKL

[
πθ ∥πref

]}
,

(1)
where ϵ and β are the clipping hyperparameters and the KL
divergence penalty coefficient, respectively.

For the reward function, we design a three-
component reward function to score the layout effect:
(1) Rlayout(Sec. 3.3.2), a specialized reward model trained
to evaluate overall layout quality; (2) Rocr, which evaluates
text accuracy based on OCR results from the rendered
layout; and (3) Rsvg, which measures text accuracy at the
code level by comparing the extracted SVG strings with
the target text. The total reward is the weighted sum of the
three components:

Rscore = Rlayout + α · (Rocr +Rsvg) , (2)

where α balance aesthetic quality against functional accu-
racy. In addition, we incorporate a format reward to con-
strain the output format of the model:

Rformat =

{
1.0, if format is correct,
−1.0, if format is incorrect.

(3)

For the advantage function, since the multi-round nature
of our approach, the format rewards are applied separately
in each round, resulting in inconsistent rewards between
rounds for a sequence. Referring to REINFORCE++ [16],
we use the mean value of Rscore within a group as baseline
to reshape the reward. The format rewards are then incorpo-
rated with a scaling factor γ. Finally, the advantages in the
global batch are normalized and used for GRPO training:

Araw = Rscore −meangroup(Rscore) + γ ·Rformat, (4)

A =
Araw −meanbatch(Araw)

stdbatch(Araw)
. (5)

3.3.2. Layout Reward Model
Training a robust reward model for text layout is uniquely
challenging. Unlike tasks with binary correctness, layout
quality is a holistic and fine-grained judgment of aesthet-
ics, readability, and coherence. A high-quality preference
dataset is crucial for training a model that can guide a sta-
ble RL without falling into reward hacking. However, no
existing datasets or methodologies are specifically designed
for layout generation reward modeling. To address this gap,
we train a specialized reward model rθ that takes triplets
(B, T, I) as input and outputs a scalar score Rlayout, where
B denotes the background image, T denotes the target text,
and I denotes the rendered layout image.

Dataset: To create the necessary preference data, we in-
troduce a novel hierarchical data construction method that
creates fine-grained quality distinctions across multiple lay-
out quality levels.

To equip the reward model with comprehensive and ro-
bust evaluation capabilities, we construct four distinct qual-
ity levels to capture fine-grained layout performance:
• Level-I: High-quality ground-truth layouts serving as

gold standards for design excellence.
• Level-II: Layouts generated by Qwen2.5-VL-7B after

fine-tuning on 200K samples exhibit reasonable quality
with minor imperfections.

• Level-III: Layouts from the Level-II model subjected
to systematic spatial perturbations applied to layout el-
ements, including random positional offsets that moder-
ately compromise design coherence.

• Level-IV: Severely degraded layouts stem from the
Level-II model under aggressive perturbations, including
extensive positional displacement, random font size vari-
ations, selective text element deletion, image reference re-
moval, and arbitrary SVG scaling transformations.



This hierarchical construction enables comprehensive
preference learning through systematic pairwise compar-
isons. For each layout generation prompt, we create lay-
outs at all four quality levels, then form all possible pair-
wise comparisons between different levels. This yields 6
preference pairs per problem, establishing clear quality or-
derings that capture nuanced distinctions essential for effec-
tive reward model training. This strategy forces the reward
model to move beyond simple binary (good/bad) judgments
and learn the subtle distinctions that separate excellent lay-
outs from merely acceptable ones. The resulting dataset
provides a comprehensive and reliable basis for training a
highly discerning layout reward model rθ.

Training: The method proposed in [34] is adopted for
training the reward model. Specifically, the reward model
is initialized with Qwen2.5-VL-3B. To adapt it for prefer-
ence learning, the final layer is replaced with a linear layer
yielding a scalar output. Subsequently, the reward model is
trained via the negative log-likelihood loss function:

LRM(θ) = −E(B,T,I+,I−)∼D [log σ (rθ (B, T, I+)− rθ (B, T, I−))],
(6)

where I+ and I− denote the better-quality and lower-
quality images, respectively, in a pairwise comparison.

To provide stable reward values for the RL process, the
raw output of rθ is normalized before being used as the fi-
nal layout reward Rlayout. Following the practice in [49], we
standardize rθ scores using the mean and standard deviation
of the test set distribution. This procedure ensures that the
reward signal maintains a consistent scale throughout train-
ing, which is crucial for effective policy optimization. The
final reward is calculated as:

Rlayout =
rθ −meantest(rθ)

stdtest(rθ)
. (7)

4. Experiment
4.1. Experimental Setup
Evaluation Datasets For evaluation, we randomly sample
1K examples from our TextLayout dataset as the primary
test set, ensuring no overlap with training data. We also
conduct additional experiments on the Crello [50] and DE-
SIGNERINTENTION [22] benchmarks, preprocessed into
background-text pairs.
Evaluation metrics We adopt three groups of evaluation
metrics. Text accuracy is measured using character-level F-
measure based on OCR recognition. For graphic metrics,
we adopt Rali, Rove, and Rcom [35, 60], which capture
text position alignment, text-text overlap, and pixel gradi-
ent smoothness within text regions. Additionally, we em-
ploy GPT-4o as a judge [14] to evaluate four dimensions:
Text Accuracy, Text-Background Harmony, Text Presenta-
tion Quality, and Meaning Expression Adaptability. Refer
to the supplementary materials for details.

Existing Methods We compare against three categories of
existing methods: (1) Advanced MLLMs: GPT-4o [18],
Claude 3.7 [2], Doubao-Seed-1.6[5], and Qwen2.5-VL-
72B [4]; (2) Image editing models: GPT-4o(edit) [18],
Qwen-Image-Edit [48], and FLUX-Kontext [23]; (3) Spe-
cialized layout generation: the open-source domain-specific
model OpenCOLE [20] and IGD [35].

4.2. Comparison with Existing Methods
As shown in Tab. 1, VFLM demonstrates a clear quantita-
tive advantage. On the TextLayout dataset, VFLM’s initial
generation (VFLM-step1) already achieves a higher OCR
F1-score (0.9071) than the strongest MLLM competitor,
Claude 3.7 (0.8672), and the specialized layout model IGD
(0.8481). The final optimized output (VFLM) widens this
gap further to 0.9376. This superiority extends across key
graphic metrics: VFLM excels at minimizing element over-
lap (Rove) and optimizing composition (Rcom), achieving
the highest RM scores and overall GPT-4o evaluation. This
strong performance generalizes robustly: VFLM consis-
tently achieves state-of-the-art results on the Crello and DE-
SIGNERINTENTION datasets, establishing a new SOTA
on nearly all OCR and Graphic metrics.

Fig. 3 provides a qualitative comparison of VFLM
against existing methods. Models like IGD and Claude
3.7, which generate layouts directly, inevitably suffer from
visual artifacts such as text overlap and color conflicts.
Meanwhile, image editing models like GPT4o-Image fun-
damentally conflict with our task, as they inevitably alter
the background image. These editing models also struggle
to guarantee quality in scenarios with dense text or Chinese
characters. VFLM, in contrast, successfully integrates the
element-wise consistency of code generation while further
leveraging visual feedback to promptly discover and correct
visual problems. This ensures a high-quality final output,
overcoming the limitations of both competing approaches.

4.3. Layout Reward Model Evaluation
The trained reward model achieves a high pairwise pre-
diction accuracy of 97.4% on the preference data test set.
To further validate our methodology, we conducted two
key analyses presented in Tab. 2. First, we verify the in-
tegrity of our four-level data hierarchy using objective met-
rics. As shown, the external Graphic and OCR metrics ex-
hibit a clear monotonic degradation from Level-I to Level-
IV. Among them, Rove and Rcom have slight improvement
in Leval-III and Leval-IV because many texts in these two
types of data have been lost in the layout, so text overlap and
regional gradients will naturally decrease. This result con-
firms that our data construction process successfully creates
a well-defined and reliable quality gradient.

Second, we evaluated whether our trained reward model
internalizes this quality structure. The final column of the



Table 1. The Graphic quality metrics and OCR metrics on the TextLayout, Crello and DESIGNERINTENTION test set, where VFLM-
step1 and VFLM respectively represent the metrics of our results in the first output and the final result output after iterative reflection.

Method Model OCR Graphic GPT-4o
Char-F ↑ Rali ↓ Rove ↓ Rcom ↓ RM Score ↑ Text Harmony Quality Meaning Overall

TextLayout

MLLM

GPT-4o 0.8258 0.0046 0.0033 18.8443 0.3561 8.5165 8.0341 7.2826 7.6553 7.8721
Claude3.7 0.8672 0.0053 0.0383 16.4401 0.5295 8.8058 8.4026 7.7691 8.2651 8.3106

Doubao-Seed-1.6 0.8484 0.0058 0.0216 18.5823 0.4063 8.5663 8.2304 7.4463 7.8917 8.0337
Qwen2.5-VL-72B 0.7178 0.0031 0.0358 19.9399 0.1989 7.8633 7.6094 6.5402 6.5582 7.1428
Qwen2.5-VL-7B 0.6195 0.0029 0.0229 25.7715 0.1166 7.5638 6.4431 5.4827 5.3861 6.5489

Image Edit
GPT-4o 0.7198 - - - 0.3371 7.4809 8.9298 8.1672 8.1919 8.1924

Qwen-Image-Edit 0.7256 - - - 0.3062 5.4086 7.7783 6.1886 6.0040 6.3449
FLUX Kontext 0.1322 - - - -0.5853 1.6473 6.8098 3.6345 2.2142 3.5765

Layout OpenCOLE 0.2147 1.2029 0.0316 25.1150 0.0397 2.6596 6.3873 3.7020 2.8896 3.9096
IGD 0.8481 0.0057 0.0114 14.8597 0.3646 8.4324 7.8125 7.3055 7.6894 7.8100

VFLM-step1 0.9071 0.0035 0.0059 15.4583 0.5415 8.8880 8.3591 7.7255 8.2896 8.3155
VFLM 0.9376 0.0039 0.0009 11.8678 0.6018 9.0447 8.7492 7.9679 8.5969 8.5897Ours

∆ (vs step1) +0.0305 -0.0004 +0.005 +3.5905 +0.0603 +0.1567 +0.3901 +0.2424 +0.3073 +0.2742
Crello

MLLM

GPT-4o 0.9101 0.0017 0.0036 19.9216 0.4427 8.9612 7.9949 7.5237 7.9618 8.1104
Claude3.7 0.8610 0.0058 0.0205 21.0798 0.5880 8.9645 8.3805 7.8999 8.4507 8.4239

Doubao-Seed-1.6 0.8758 0.0051 0.0192 21.5918 0.4876 8.8927 8.2174 7.6658 8.2569 8.2582
Qwen2.5-VL-72B 0.8115 0.0044 0.0619 24.6138 0.2359 7.7332 7.4732 6.5589 6.5405 7.0764
Qwen2.5-VL-7B 0.7620 0.0028 0.0256 30.9031 0.2116 7.6289 6.2840 5.5726 5.5813 6.2667

Image Edit
GPT-4o 0.8774 - - - 0.5849 8.8438 9.0127 8.8051 9.0069 8.9171

Qwen-Image-Edit 0.8326 - - - 0.3671 5.7509 7.2808 6.0635 5.9903 6.2714
FLUX Kontext 0.5558 - - - -0.0834 3.2447 6.6992 4.5005 4.1499 4.6486

Layout OpenCOLE 0.6411 1.1902 0.0429 31.5831 0.3345 6.9777 7.3864 6.4068 6.5319 6.8257
IGD 0.8853 0.0128 0.0182 20.2092 0.3959 8.3001 7.5402 6.9126 7.4004 7.5383

VFLM-step1 0.8774 0.0046 0.0061 19.5917 0.4392 8.2334 7.9055 7.2046 7.6543 7.7494
VFLM 0.9256 0.0025 0.0022 14.8063 0.5548 8.8260 8.5957 7.7267 8.2964 8.3562Ours

∆ (vs step1) +0.0482 +0.0021 +0.0039 +4.7854 +0.1156 +0.5926 +0.6902 +0.5221 +0.6421 +0.6068
DESIGNERINTENTION

MLLM

GPT-4o 0.9563 0.0015 0.0140 18.7249 0.5072 9.5180 8.2725 8.0200 8.4820 8.5731
Claude3.7 0.8753 0.0070 0.0601 15.0869 0.6465 9.5815 8.5473 8.2052 8.8229 8.7892

Doubao-Seed-1.6 0.8917 0.0046 0.0222 15.7470 0.5103 9.1440 8.0020 7.7400 8.2960 8.2955
Qwen2.5-VL-72B 0.5475 0.0069 0.1649 17.8489 0.3104 4.1891 7.7565 6.8813 4.4970 5.8310
Qwen2.5-VL-7B 0.6694 0.0011 0.0689 19.1119 0.2018 7.3688 6.1285 5.6576 5.4498 6.1512

Image Edit
GPT-4o 0.8832 - - - 0.6278 9.5231 8.9287 9.0126 9.2558 9.1800

Qwen-Image-Edit 0.8518 - - - 0.5995 7.1626 7.7435 7.2625 7.1403 7.3272
FLUX Kontext 0.5412 - - - 0.4426 4.3908 7.2806 5.4208 5.1503 5.5606

Layout OpenCOLE 0.7308 0.6848 0.0408 20.2853 0.4684 8.4738 7.3488 6.9516 7.4435 7.5544
IGD 0.9283 0.0115 0.0065 14.5905 0.5349 8.8112 7.7505 7.4449 7.8677 7.9686

VFLM-step1 0.9415 0.0033 0.0023 14.1230 0.5285 9.4020 8.1924 7.8640 8.3260 8.4461
VFLM 0.9663 0.0024 0.0008 12.1167 0.5688 9.5569 8.4511 7.9301 8.5130 8.6128Ours

∆ (vs step1) +0.0248 +0.0009 +0.0015 +2.0063 +0.0403 +0.1549 +0.2587 +0.0661 +0.1870 +0.1667

Table 2. Metrics and RM score across four quality-level datasets.

level OCR Graphic RM Score ↑Char-F ↑ Rali ↓ Rove ↓ Rcom ↓
Level-I 0.9474 0.0089 0.0038 6.6795 1.0594
Level-II 0.9049 0.0112 0.0134 12.2626 0.6343
Level-III 0.5657 0.0354 0.0444 21.2628 -0.2345
Level-IV 0.5324 0.0536 0.0375 17.5270 -1.3457

table reports the average RM Score, i.e., Rlayout, which
aligns well with the established hierarchy, decreasing con-
sistently from a high for Level-I to a low for Level-IV. This
strong discriminative performance across distinct quality
levels confirms that our model has learned a nuanced under-
standing of layout quality, enabling it to provide a reliable
and effective supervision signal for reinforcement learning.

4.4. Ablation Study

In the ablation study, we conducted comparative experi-
ments using TextLayout test set. To comprehensively com-
pare the effects of our visual feedback method, we com-
pared it against several training approaches: (1) Cold-Start
Model: The cold start model mainly ensures the format of
the iterative output and does not significantly improve the
layout quality; (2) Single-Round RL: We trained the cold-
start model using RL but restricted generation to only one
step, enabling fair comparison between single-round gen-
eration and iterative visual reflection; (3) RL from Pre-
trained Models: Direct RL training from the pre-trained
Qwen2.5-VL-7B model without SFT initialization; (4) Di-
rect Output: SFT+RL training was performed using the
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Figure 3. In comparison with existing methods, we selected one model from each category of methods as a representative. For a more
comprehensive comparison, please refer to the supplementary materials.

same source data as our visual feedback method for direct
SVG code generation; (5) Direct Output SFT: For fair
comparison with our 40K-sample SFT+RL approach, we
trained a direct SFT model on 40K samples. Since these
models only require a single round of generation training,
we use the standard SFT loss and GRPO Advantage calcu-
lation method. For more ablation experiments on reward
functions and advantage algorithms, as well as training de-
tails, please refer to the supplementary materials.

Table 3. Ablation experiments on Graphic quality metrics and
OCR metrics on TextLayout test set.

Model OCR Graphic RM Score ↑Char-F ↑ Rali ↓ Rove ↓ Rcom ↓
VFLM-step1 0.9071 0.0035 0.0059 15.4583 0.5415

VFLM 0.9376 0.0039 0.0009 11.8678 0.6018
Cold-Start-step1 0.7913 0.0078 0.0297 19.0560 0.2572

Cold-Start 0.7980 0.0081 0.0298 19.0577 0.2608
Single-Round RL 0.8792 0.0024 0.0053 18.9428 0.4063

RL from Pretrained 0.8154 0.0003 6.7109 22.0273 0.2971
Direct Output 0.9237 0.0027 0.0021 17.0654 0.4964

Direct Output SFT 0.8551 0.0040 0.0153 12.9459 0.5332

The results of our ablation study, presented in Tab. 3,

demonstrate the clear superiority of our Visual Feedback
method. Our VFLM achieves the best performance across
the majority of metrics, substantially outperforming all RL
baselines. More notably, the quality of our initial output
(VFLM-step1) is already not inferior to any other compet-
ing methods. For instance, its RM score of 0.5415 even
surpasses the second-best performing Direct Output SFT
(0.5332). Subsequent iterative steps further widened this
performance gap, increasing the RM score to 0.6018, and
achieving top-notch results in both OCR and image quality.
Our success highlights that our visual feedback framework
is a more effective solution for layout generation, as it can
establish a higher quality benchmark from the very first step
and then optimize it to the state-of-the-art level.

4.5. Discussion: Effectiveness of Simple Rewards
Can simple outcome-based rewards effectively stimulate
self-improvement capabilities in MLLMs? Our empirical
investigation provides compelling evidence that they can,
and even outperform more sophisticated alternatives.

We designed a sophisticated process-oriented reward
function (Eq. (8)–Eq. (10)). This complex reward scheme



Figure 4. Comparison of training processes: simple outcom rewards vs. complex process rewards.

incorporates three distinct optimization objectives: (1)
first-round quality maximization using group-wise mean
baselines, (2) iterative improvement encouragement via
maximum-quality baselines from prior rounds, and (3)
strategic termination control via reward and length penal-
ties to prevent reward hacking. Subsequent advantages will
be normalized through Eq. (5).

Aq,oti
=


Rq,ot1

−meangroup(Rq,ot1
) if i = 1,

2 · (Ranswer +Rlength) if i = last,

2 ·
(
Rq,oti

−max(Rq,ot≤i
)
)

else,
(8)

where ot represents a complete generation path, and oti rep-
resents the response of the i-th round in this complete path.
The terminal reward (i = last) components are defined as:

Ranswer =

{
0.7 if Rq,otlast

≥ max(Rq,ot≤last
),

Rq,otlast
−max(Rq,ot≤last

) else ,

(9)

Rlength = −2 ·
[(

Rq,otlast
−maxgroup(Rq,otlast

)
)

·max(0, 4− tool call count)

]
.

(10)

Fig. 4 illustrates the training dynamics of the two reward
schemes. Before 250 steps, both algorithms improved sta-
bly: their final answer scores (middle subfigure) showed
nearly identical trends, and first-round generation perfor-
mance was comparable, the outcome-only reward algorithm
even slightly outperform the complex process RL one. After
250 steps, the process RL converged and even suffered per-
formance degradation, whereas the outcome-only reward
continued to improve steadily until training concluded. The
reward gap (right subfigure) reveals that process RL quickly
widened this gap but plateaued later, which is likely due
to restricted first-round learning in early training. In con-
trast, the outcome-only reward gradually mastered progres-
sive iterative refinement. Tab. 4 quantifies these observa-
tions through comprehensive evaluation metrics. The sim-
ple outcome-based reward demonstrates superior effective-

ness in stimulating self-improvement capabilities across all
evaluation dimensions.

Table 4. Comparison of simple outcome rewards and complex pro-
cess rewards on our test set.

OCR Graphiclevel Char-F ↑ Rali ↓ Rove ↓ Rcom ↓
RM Score ↑

Outcome RL-step1 0.9071 0.0035 0.0059 15.4583 0.5415
Outcome RL 0.9376 0.0039 0.0009 11.8678 0.6018

∆ (vs step1) +0.0305 -0.0004 +0.005 +3.5905 +0.0603
Process RL-step1 0.9032 0.0053 0.0030 16.6528 0.4936

Process RL 0.9239 0.0052 0.0027 16.4220 0.5241
∆ (vs step1) +0.0207 +0.0001 +0.0003 +0.2308 +0.0305

These findings reveal a fundamental insight: under ef-
fective visual feedback mechanisms, simple outcome-based
rewards can successfully harness the inherent visual un-
derstanding capabilities of MLLMs to elicit robust self-
improvement behaviors, while complex process-oriented
rewards may actually inhibit optimal performance, lead-
ing to the brittle local optima and “reward hacking” (pol-
icy collapse) observed in Fig. 4. This counterintuitive re-
sult suggests that the powerful internal representations and
reasoning capabilities of modern MLLMs, when properly
guided by clear outcome objectives and visual feedback,
can autonomously develop sophisticated iterative refine-
ment strategies without explicit process supervision.

5. Conclusion
This paper introduces VFLM, a self-improving framework
for text layout design, bridging the critical “visual percep-
tion gap” of existing code-only methods. We implement a
“generation, rendering, reflection, refinement” loop, which
is trained via RL that leverages a novel, specialized layout
reward model. A key finding is that rewarding only the final
outcome, rather than complex intermediate steps, can more
effectively stimulate the model’s self-improvement capabil-
ities. Extensive experiments validate that VFLM consis-
tently outperforms code-only methods, establishing visual
feedback as essential for automated design and MLLM-
based design agents.
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Seeing is Improving: Visual Feedback for Iterative Text Layout Refinement

Supplementary Material

1. Dataset Details
We collected approximately 200K samples, including free
and paid data from the internet. Each sample contains a
background image, target text, well-formatted SVG code,
and the corresponding rendered image. Each sample has
an average of 9.8 text boxes, with an average text length
of 84.7. Fig. 5 is a data example. Based on these data,
our training and testing data were constructed, including the
dataset for the Cold-Start SFT phase, the queries for the re-
inforcement learning phase, the training and testing datasets
for the reward model, and finally, the dataset used for eval-
uation.

<svg xmlns="http://www.w3.org/2000/svg" width="1080"
height="1080" viewBox="0 0 1080 1080" style="background-
color: #08414a;">
  <style>text { white-space: pre; }</style>
  <image x="0" y="0" width="1080" height="1080"
preserveAspectRatio="none" href="33957824-1-bg.png" />
  <text font-family="Roboto Black" font-size="140.0px" letter-
spacing="2.8px" fill="#08414a" x="540" text-anchor="middle"
y="176" dominant-baseline="middle">New Style</text>
  <text font-family="Roboto" font-size="24.0px" letter-
spacing="0.5px" fill="#08414a" x="540" text-anchor="middle"
y="275" dominant-baseline="middle">Fashion is like eating, you
shouldn't stick to the same menu.</text>
  <text font-family="Roboto" font-size="24.0px" letter-
spacing="0.5px" fill="#08414a" x="540" text-anchor="middle"
y="954" dominant-baseline="middle">
    <tspan x="540">I make clothes, women make fashion.
</tspan>
    <tspan x="540" dy="1.2em">The joy of dressing is an art.
</tspan>
  </text>
  <text font-family="Roboto" font-size="40.0px" letter-
spacing="0.8px" fill="#fee5e0" x="540" text-anchor="middle"
y="853" dominant-baseline="middle">
    <tspan x="540">40%</tspan>
    <tspan x="540" dy="1.1em">OFF</tspan>
  </text>
</svg>

New Style Fashion is like eating, you shouldn't stick to
the same menu. I make clothes, women make fashion.
The joy of dressing is an art. 40% OFF

Background Image:

Rendered Image:

SVG Code:

Target Text:

Figure 5. Data example, consisting of a background image, target
text, SVG layout code, and the corresponding rendered image.

1.1. Cold-Start Dataset Details
We use the method described in the main text and set the
maximum number of modifications to 3 during the data gen-
eration process. Since each data trajectory includes an ini-
tial generation and a final ”satisfied” output, the total num-
ber of turns is the number of modifications plus two. This
process yielded a total of 8K trajectories, comprising 2,359
two-turn samples (0 modifications), 1,266 three-turn sam-
ples (1 modification), 2,030 four-turn samples (2 modifica-
tions), and 2,537 five-turn samples (3 modifications). Total
data volume is 8K.

During cold-start data construction, the prompts used to
guide Doubao-Seed-1.6 are prompt 1 and prompt 2, where

prompt 1 is utilized for Initial Reasoning synthesis and
prompt 2 for Multi-round reflection synthesis.

1.2. Layout Reward Model Dataset
Herein, a qualitative comparison of data across the four
quality levels (Level-I, Level-II, Level-III, Level-IV) is pre-
sented. These four levels exhibit distinct differences in
typesetting quality: Level-I demonstrates the best typeset-
ting quality, while Level-IV, by contrast, shows the worst.

Level-I Level-II Level-III Level-IV

Figure 6. Qualitative comparison of four levels of data in the train-
ing data of the reward model

2. Training Details
2.1. VFLM
All experiments are conducted on a cluster of 16 NVIDIA
H200 GPUs. For the Cold-Start SFT stage, we trained the
model with 8k data for 2 epochs with a learning rate of 1×
10−5 and a batch size of 64. During this stage, the image
max pixels was set to 1024× 28× 28.

For the RL stage, we set the maximum number of tool
calls to 4. The weights for Rocr and Rsvg (denoted as α)
were set to 0.25, while the weight for Rformat was set to 0.1.
We prepare up to 32K samples for training, with early stop-
ping based on reward metrics during RL training. We em-
ployed a strict on-policy training strategy with the following
configuration: batch size of 64, 8 rollouts per sample, sam-
pling temperature of 1.0, KL divergence coefficient of 1e-3,
and learning rate of 1e-6.

2.2. Layout Reward Model
We trained the reward model on a preference dataset con-
structed from 200K layout samples. Four quality levels
(Level-I, Level-II, Level-III, Level-IV) were generated for
each query, yielding 1.2M preference pairs. We randomly



select 25K pairs as the test set, using the remainder for train-
ing. During training, we use a batch size of 512 and train
for 2100 steps.

2.3. Ablation Study
In the ablation experiments, Single-Round RL, RL from
Pretrained, and Direct Output adopt the same hyperparam-
eter configuration as VFLM. For Direct Output SFT, 40k
samples are used for SFT, with a batch size of 128, a learn-
ing rate of 1e-5, and training conducted for 2 epochs.

3. Evaluation Details

3.1. Evaluation metrics
We use an OCR engine1 to recognize text in design images
and evaluate the accuracy of rendered text using character-
level f-measure. In the RL reward function, Rocr and Rsvg
are evaluated using accuracy. Specifically, a character in the
OCR recognition result is defined as a True Positive (TP) if
it appears in the annotation; otherwise, it is classified as a
False Positive (FP). A False Negative (FN) indicates that a
character is only present in the annotation but absent from
the OCR recognition result. Accordingly, character-level
precision, recall, f-measure and accuracy can be formulated
as follows:

Char P =
TP

TP + FP
,

Char R =
TP

TP + FN
,

Char F =
2× Char P × Char R

Char P + Char R
,

Char Acc =
TP

TP + FP + FN
.

(11)

For the GPT4o evaluation, we assess the effect along
four dimensions: Text Accuracy, Text-Background Har-
mony, Text Presentation Quality, and Meaning Expression
Adaptability. The evaluation prompt is shown in prompt 5.
Fig. 7 is a detailed evaluation sample.

3.2. Model Prompt
3.2.1. VFLM System prompt
The VFLM system prompt is shown in prompt 3, includes
tool definitions and task descriptions.

3.2.2. MLLM System prompt
The system prompt of MLLM models, as shown in
prompt 4, only omits the definition of tools and the state-
ment of multi-round responses compared with that of
VFLM.

1https://github.com/PaddlePaddle/PaddleOCR

Background Image:

Target Text:
Jason’s Bakery made with love est 1999

Result Image:

{
  "Text Accuracy": {
    "score": 10,
    "reason": "The typeset text perfectly matches the user-specified text with no missing, extra, or incorrect
characters."
  },
  "Text-Background Harmony": {
    "score": 9,
    "reason": "The text is placed on a visually non-intrusive area, avoiding key elements like the wheat and croissant,
with clear color contrast ensuring readability. Minor improvements in contrast for smaller text could enhance
harmony."
  },
  "Text Presentation Quality": {
    "score": 10,
    "reason": "The typography is well-structured with clear hierarchy: the title is prominent, the font size and
alignment are balanced, and the font choice suits the context."
  },
  "Meaning Expression Adaptability": {
    "score": 10,
    "reason": "The layout emphasizes key information ('Jason's Bakery'), aligns with the rustic and artisanal tone of
the background, and complements the visual and emotional context of a bakery setting."
  }
}

Query: Result:

GPT4o Evaluation:

Figure 7. A detailed GPT4o evaluation output.

4. More Experiments
4.1. Number of rounds of reflection

Figure 8. Training processes: reflection times of VFLM, con-
strained between 1 and 4.

Fig. 8 illustrates the dynamic evolution of reflection
counts during training. While the complex process reward
employs strategic termination control (Eq. (9)-Eq. (10)) to
enforce stability, VFLM under the simple outcome reward
exhibits a distinct, insightful trajectory. Specifically, in the
initial phase (the first 100 steps), we observe a decline in
reflection turns. Combining with Fig. 4, we can analyze
this is attributed to the model’s initial instability in output
formatting, where iterative attempts often degraded quality
compared to the initial generation, prompting the model to
curtail its reasoning depth. However, beyond 100 steps, as
the output format stabilizes, the model discovers that iter-



ative optimization yields superior rewards. Consequently,
the reflection count begins to fluctuate and rise, reflecting
the model’s autonomous realization that deeper reflection
correlates with better layout quality, rather than relying on
rigid, pre-defined constraints.

Figure 9. Reflection Turns vs. Input Complexity. The positive
trend (red line) demonstrates that VFLM autonomously increases
reflection depth for more complex tasks.

To further analyze the number of reflection rounds
VFLM performs, we examined the correlation between in-
put complexity (measured by the token length of the Target
Text) and the number of reasoning rounds. As shown in
Figure Fig. 9, which presents the model outputs of 1000
samples from VFLM on the TextLayout test set, the gray
scatter points depict the raw distribution of inference steps,
which are inherently discrete integers. To visualize the
underlying trend amidst this variance, the red solid line
tracks the average reflection turns across complexity inter-
vals. A clear positive trend is observable: for concise in-
puts (< 100 tokens), the model efficiently converges with
fewer refinement steps (averaging ∼2.5 turns). In contrast,
as input complexity increases to over 400 tokens, the model
adaptively increases its reasoning depth, approaching the
maximum of 4 turns. This confirms that VFLM actively
perceives layout difficulty and allocates computational re-
sources accordingly.

4.2. Human Study

To further enhance evaluation reliability, we supplement
our analysis with a blind human study involving 16 par-
ticipants, who evaluated outputs from Claude3.7, GPT4o-
Image, OpenCOLE, and VFLM on three dimensions across
320 randomly selected queries from three datasets. A total
of 960 votes were collected. As shown in the Figure 10,
VFLM performed comparably to GPT4o-Image on text co-
ordination and achieved the best results in text accuracy and
overall aesthetics.

Figure 10. Results of human study.

4.3. Compute Cost and Latency
As shown in Figure 11, we report the average inference time
of VFLM, OpenCOLE, and IGD on the TextLayout test set
using 4×4090 GPUs. Although VFLM has the highest la-
tency, it yields substantial performance gains.

0 2 4 6 8 10
Inference Time (s)

VFLM
IGD

OpenCOLE
4.306s

8.283s

3.705s 4.905s 8.61s

Model Inference Time Comparison

step 1
reflection

Figure 11. Comparison of inference time and latency with Open-
COLE and IGD.

4.4. More Baseline

Table 5. Metrics and RM score on OpenCOLE* and MLLM feed-
back baseline.

Model Char-F ↑ Rali ↓ Rove ↓ Rcom ↓ RM Score ↑
OpenCOLE* 0.7671 0.7114 0.0143 21.8279 0.3620

VFLM 0.9071 0.0035 0.0059 15.4583 0.5415
Qwen2.5-VL-7B-feedback 0.6830▲ 0.0025▲ 0.0188▲ 28.8221▼ 0.0910▼

GPT-4o-feedback 0.8494▲ 0.0039▲ 0.0028▲ 20.8852▼ 0.3662▲

The table above shows the results of OpenCOLE trained
on the same training set as VFLM. Although retraining
brings substantial improvements over the original Open-
COLE, it still underperforms VFLM. We further integrate
visual feedback into GPT-4o and Qwen2.5-VL-7B base-
lines. As shown in the table, without task-specific train-
ing, introducing visual feedback to MLLMs yields only
marginal gains, with some metrics even showing slight de-
clines.

4.5. Ablation on Other Datasets

Table 6. Ablation experiments on Graphic quality metrics and
OCR metrics on Crello test set.

Model OCR Graphic RM Score ↑Char-F ↑ Rali ↓ Rove ↓ Rcom ↓
VFLM-step1 0.8774 0.0046 0.0061 19.5917 0.4392

VFLM 0.9256 0.0025 0.0022 14.8063 0.5548
Cold-Start-step1 0.7904 0.0118 0.0410 24.3143 0.2721

Cold-Start 0.7928 0.0121 0.0402 24.0888 0.2774
Single-Round RL 0.8829 0.0010 0.0094 24.4845 0.4007

RL from Pretrained 0.8792 0.0004 0.0012 30.3397 0.3482
Direct Output 0.9092 0.0009 0.0022 19.3983 0.4596

Direct Output SFT 0.8960 0.0032 0.0192 18.3754 0.4680



Table 7. Ablation experiments on Graphic quality metrics and
OCR metrics on DESIGNERINTENTION test set.

Model OCR Graphic RM Score ↑Char-F ↑ Rali ↓ Rove ↓ Rcom ↓
VFLM-step1 0.9415 0.0033 0.0023 14.1230 0.5285

VFLM 0.9663 0.0024 0.0008 12.1167 0.5688
Cold-Start-step1 0.8860 0.0130 0.0264 17.5229 0.3784

Cold-Start 0.8881 0.0127 0.0257 16.9280 0.3850
Single-Round RL 0.9382 0.0006 0.0033 16.7466 0.4768

RL from Pretrained 0.9430 0.0005 0.0001 18.0272 0.4692
Direct Output 0.9590 0.0005 0.0010 14.6338 0.5167

Direct Output SFT 0.9434 0.0017 0.0082 13.1702 0.5398

Tab. 6 and Tab. 7 demonstrate the metrics of all models
in the ablation experiments on the Crello and DESIGNER-
INTENTION test sets. Consistent with the conclusions in
the TextLayout dataset, VFLM also achieves significant ad-
vantages over other baselines on these two datasets, fully
demonstrating the generalization ability of our visual feed-
back method.

4.6. Ablation on Reward Functions
In our RL training process, the score for layout performance
(Rscore) from the reward model and two rewards based on
text accuracy:

Rscore = Rlayout + α · (Rocr +Rsvg) . (12)

We perform ablation to investigate whether using only
Rscore from the reward model is effective. To save validation
time, tests are conducted on the models of the two ablation
experiments: Single-Round RL and Direct Output.

Table 8. Ablation experiments on the reward function on the Text-
Layout test set.

Model OCR Graphic RM Score ↑Char-F ↑ Rali ↓ Rove ↓ Rcom ↓
Single-Round RL 0.8792 0.0024 0.0053 18.9428 0.4063

Single-Round RL-w/o OCR 0.8696 0.0024 0.0054 20.0621 0.4153
Direct Output 0.9237 0.0027 0.0021 17.0654 0.4964

Direct Output-w/vo OCR 0.9146 0.0026 0.0059 16.6961 0.5039

The results are presented in Tab. 8. It can be observed
from the table that the two models exhibit little difference in
RL training performance with and without the Rocr and Rsvg
rewards, with many metrics being relatively close. Since
Rocr and Rsvg have low computational costs and the task
essentially involves text typesetting, these two reward func-
tions are retained in the final training of VFLM.

5. Case Study
Fig. 12 presents a detailed case generated by VFLM. The
SVG initially produced by VFLM exhibits several obvious
issues in terms of rendering effect; for instance, the main ti-
tle ”Merry Christmas” is too large and overlaps with the sil-
houette of the castle. After receiving visual feedback from

the rendered image, it can be observed from the model’s
reasoning content (highlighted in the figure) that the model
identified these problems and implemented appropriate im-
provements. Following the second round of visual feed-
back, the model deemed the current layout satisfactory and
output it to user as the final result. Fig. 13 is another case.

Fig. 14 show the more output cases of VFLM. Fig. 15
and Fig. 16 demonstrate the comparison between VFLM
and all other models.



<think>First, determine the hierarchy of the text. The main title “Merry Christmas” should be the most prominent, so I choose a large font size
(108px), use the “Source Han Serif SC SemiBold” font, set the color to #eec0d8, and center it at the position (602, 255). 

Next, for the text “Christ is Born Glorify Him”, as it is a subtitle, I use the “Source Han Sans SC Heavy” font, size 21.7px, letter-spacing 3.3px,
and the color #eec0d8. I center it at (602, 331). 

Throughout the process, I ensure that the text is centered by setting the x-coordinate to 602 (the horizontal center of the 1200px width
background) and adjust the y-coordinate to position the text appropriately in the vertical space.
Let me export the image first to see how the layout looks.</think>
<tool_call>
TOOL: svg_to_image_tool
PARAMS: 
svg_code:
```svg
<svg xmlns="http://www.w3.org/2000/svg" width="1200" height="628" style="background-color: #8865aa;">
  <style>text { white-space: pre; }</style>
  <image x="0" y="0" width="1200" height="628" preserveAspectRatio="none" href="background-image.png" />
  <text font-family="Source Han Serif SC SemiBold" font-size="108.0px" fill="#eec0d8" x="602" text-anchor="middle" y="255" dominant-
baseline="middle">Merry Christmas</text>
  <text font-family="Source Han Sans SC Heavy" font-size="21.7px" letter-spacing="3.3px" fill="#eec0d8" x="602" text-anchor="middle" y="331"
dominant-baseline="middle">Christ is Born Glorify Him</text>
</svg>
```
</tool_call>

<think>I will check the SVG rendering effect of my version. First, the main title "Merry Christmas" is too large and overlaps with the silhouette of
the castle, making the overall layout feel cluttered. The text color also blends too much with the background, reducing readability. On the
positive side, the text content is complete with no missing parts. To improve, I need to restructure the text hierarchy and positioning. I'll reduce
the font size of "Merry Christmas" to make it more proportional to the background, adjust its position to the upper middle area to avoid
overlapping with the castle silhouette, change the color to a warmer tone like #fcecd9 to enhance contrast with the background, and split the
text into two lines for better visual balance. Next, I will improve my SVG code.</think>
<tool_call>
TOOL: svg_to_image_tool
PARAMS: 
svg_code:
```svg
<svg xmlns="http://www.w3.org/2000/svg" width="1200" height="628" style="background-color: #926c98;">
  <style>text { white-space: pre; }</style>
  <image x="0" y="0" width="1200" height="628" preserveAspectRatio="none" href="background-image.png" />
  <text font-family="Source Han Sans SC Heavy" font-size="51.0px" fill="#fcecd9" x="600" text-anchor="middle" y="157" dominant-
baseline="middle">Merry Christmas</text>
  <text font-family="Source Han Sans SC Heavy" font-size="21.0px" letter-spacing="3.1px" fill="#fcecd9" x="600" text-anchor="middle" y="219"
dominant-baseline="middle">Christ is Born Glorify Him</text>
</svg>
```
</tool_call>

User
Target Text:

"Christ is Born",
"Merry Christmas ",
"Glorify Him"

VFLM

VFLM

<think>I will check the SVG rendering effect of this version. The main title "Merry Christmas" is now properly positioned in the upper middle
area, with an appropriate font size and color that contrasts well with the background, making it the focal point of the layout. The subtitle "Christ
is Born Glorify Him" is centered below the main title, creating a clear visual hierarchy. There is no text overlapping with the silhouette elements
of the background, and all text content is complete and clearly readable. The overall layout feels balanced and harmonious, effectively
conveying the Christmas message. I believe the current SVG layout effect is very good and can be output to the user.</think>
<answer>```svg
<svg xmlns="http://www.w3.org/2000/svg" width="1200" height="628" style="background-color: #926c98;">
  <style>text { white-space: pre; }</style>
  <image x="0" y="0" width="1200" height="628" preserveAspectRatio="none" href="background-image.png" />
  <text font-family="Source Han Sans SC Heavy" font-size="51.0px" fill="#fcecd9" x="600" text-anchor="middle" y="157" dominant-
baseline="middle">Merry Christmas</text>
  <text font-family="Source Han Sans SC Heavy" font-size="21.0px" letter-spacing="3.1px" fill="#fcecd9" x="600" text-anchor="middle" y="219"
dominant-baseline="middle">Christ is Born Glorify Him</text>
</svg>
```</answer>

VFLM

Figure 12. A detailed VFLM output case.



<think>First, I need to determine the placement of two texts: "超值组合" and "招牌牛肉套餐". Looking at the background, the red area on the right is a suitable space, so I
center both texts there. For "招牌牛肉套餐", as the key information, I choose a bold font (Source Han Sans SC Heavy) with a larger size (50px) to emphasize it. For "超值组合",
I use a regular font (Source Han Sans SC Regular) with a slightly smaller size (29px) to create a hierarchy. 

To make the text stand out against the red background, I use a double - outline effect. I define each text in <defs> first. Then, I create a mask: the mask combines a white
stroke and a black fill of the text. After that, I use <use> to apply the fill color (#fff3b7 for "超值组合" and #ee1c1e for "招牌牛肉套餐") and the masked stroke (#ae1311). The
stroke width is set to 4px, which is wide enough for a clear outline without being too thick. 

Both texts are center - aligned using text - anchor="middle". "招牌牛肉套餐" is positioned higher (y = 61) as the main headline, and "超值组合" is below it (y = 116) as a
supporting line. Using white - space: pre in the style ensures proper text formatting. Reusing <use> elements for fill, stroke, and mask keeps the code efficient while achieving
the desired visual effects.

Let me export the image first to see how the layout looks.</think>
<tool_call>
TOOL: svg_to_image_tool
PARAMS: 
svg_code:
```svg
<svg xmlns="http://www.w3.org/2000/svg" width="686" height="176" viewBox="0 0 686 176" style="background-color: #fff;">
  <style>text { white-space: pre; }</style>
  <image x="0" y="0" width="686" height="176" preserveAspectRatio="none" href="background-image.png" />
  <defs>
    <text id="text-1" font-family="Source Han Sans SC Regular" font-size="29.0px" x="454" text-anchor="middle" y="116" dominant-baseline="middle">超值组合</text>
    <mask id="text-1-outer-1">
      <use href="#text-1" stroke="white" stroke-width="4" />
      <use href="#text-1" fill="black" />
    </mask>
  </defs>
  <defs>
    <text id="text-2" font-family="Source Han Sans SC Heavy" font-size="50.0px" x="454" text-anchor="middle" y="61" dominant-baseline="middle">招牌牛肉套餐</text>
    <mask id="text-2-outer-1">
      <use href="#text-2" stroke="white" stroke-width="4" />
      <use href="#text-2" fill="black" />
    </mask>
  </defs>
  <use href="#text-1" fill="#fff3b7" />
  <use href="#text-1" fill="none" />
  <use href="#text-1" mask="url(#text-1-outer-1)" stroke="#ae1311" stroke-width="4" />
  <use href="#text-2" fill="#ee1c1e" />
  <use href="#text-2" fill="none" />
  <use href="#text-2" mask="url(#text-2-outer-1)" stroke="#ae1311" stroke-width="4" />
</svg>
```
</tool_call>

User
Target Text:

超值组合
招牌牛肉套餐

VFLM

<think>I will check the SVG rendering effect of my version. First, I notice that both key texts "超值组合" and "招牌牛肉套餐" are present and not overlapping, which is a good
foundation. However, the visual hierarchy seems inverted. The prominent red background area on the right should highlight the main promotional message, but currently "招牌
牛肉套餐" is placed there in large red text—this causes poor readability against the red background and weakens the focus. Meanwhile, "超值组合" is confined to the small
white rectangular box below, reducing its impact as a key selling point. 

To improve, I need to swap the text content between the two positions. "超值组合" should be the headline, placed prominently on the red background with a larger size and
white color for contrast. "招牌牛肉套餐" should then occupy the white box, using a smaller size and dark red color to complement the box. I’ll adjust the first text element’s
content to "超值组合", set font-size to 72px, fill to "#fff", and center it horizontally on the red area (x around 328, y around 61). The second text element will be updated to "招牌
牛肉套餐", with font-size 32px, fill "#b50101", and centered in the white box (x around 350, y around 120). This will fix readability and establish correct visual hierarchy. Next, I
will improve my SVG code.</think>
<tool_call>
TOOL: svg_to_image_tool
PARAMS: 
svg_code:
```svg
<svg xmlns="http://www.w3.org/2000/svg" width="686" height="176" viewBox="0 0 686 176" style="background-color: #fff;">
  <style>text { white-space: pre; }</style>
  <image x="0" y="0" width="686" height="176" preserveAspectRatio="none" href="background-image.png" />
  <text font-family="PangZhenGui-PMZD" font-size="72.0px" letter-spacing="-5.8px" fill="#fff" x="328" y="61" dominant-baseline="middle">超值组合</text>
  <text font-family="PangZhenGui-PMZD" font-size="32.0px" letter-spacing="-1.3px" fill="#b50101" x="350" y="120" dominant-baseline="middle">招牌牛肉套餐</text>
</svg>
```
</tool_call>

VFLM

<think>I will check the SVG rendering effect of this version. The layout now presents a clear visual hierarchy: "超值组合" stands out as the main headline in large white text
against the red background, immediately capturing attention, which effectively emphasizes the promotional focus. "招牌牛肉套餐" is neatly positioned within the white
rectangular area with red text, creating strong contrast against the white background for excellent readability. Both texts are centered appropriately, with no overlapping,
blocking, or exceeding the background image range. The overall design aligns well with the background's aesthetic, making the promotional message clear and visually
appealing. The current SVG layout effect is very good and can be output to the user.</think>
<answer>```svg
<svg xmlns="http://www.w3.org/2000/svg" width="686" height="176" viewBox="0 0 686 176" style="background-color: #fff;">
  <style>text { white-space: pre; }</style>
  <image x="0" y="0" width="686" height="176" preserveAspectRatio="none" href="background-image.png" />
  <text font-family="PangZhenGui-PMZD" font-size="72.0px" letter-spacing="-5.8px" fill="#fff" x="328" y="61" dominant-baseline="middle">超值组合</text>
  <text font-family="PangZhenGui-PMZD" font-size="32.0px" letter-spacing="-1.3px" fill="#b50101" x="350" y="120" dominant-baseline="middle">招牌牛肉套餐</text>
</svg>
```</answer>

VFLM

Figure 13. Another detailed VFLM output case.



Figure 14. More VFLM output cases.
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Initial Reasoning Process Prompt

Role setting:
You are an experienced Layout and SVG engineer.

Task:
Here is a result of using SVG code to typeset specific text on an input background
image. I will provide you with the designed SVG code and the rendered image of this
code, which has a very beautiful layout effect.
Now, assuming you are the designer of typesetting this SVG, what is your thought
process when typesetting this SVG?
Could you please use the voice of a designer to briefly describe your thought process
when designing this SVG based on the SVG code and rendering results? How did you
design this SVG?
Ensure that your design ideas are consistent and closely related to the design results
of this SVG. Do not fabricate content that is not included in the SVG, as the SVG only
typesets the given text based on the given background image. Therefore, the
typesetting ideas should focus on the implementation of the text, including text
position, font, size, beautification effect, etc. Don't pay attention to the text
already in the background image. Do not pay attention to unnecessary other graphic
icons and other elements, and do not analyze how good the rendered image is from the
perspective of typesetting, because your thinking is based on not seeing the rendered
image.

background-image.png: <image>
image size : {image_width} * {image_height}
texts: {target_text}

svg code:
```svg
{svg_code}
```
The image result rendered by this svg: <image>

Output requirements:
Please directly output the thinking process of the person in the designer's tone,
without any other descriptive content. Answer in English.



Multi-Round Reflection Data Synthesis Prompt

USER:

You are an experienced typesetter and SVG engineer, skilled at elegantly typesetting
specified text on user provided background images.
You know how to apply unique aesthetic principles to design professional and
attractive layout, using SVG code to create beautiful layouts. Please design the final
layout plan based on the background image and text content provided by the user.
In SVG code, use the image tag to reference the background image:
href="background-image.png", while other elements only need to be designed with
content related to the text.
Please design an SVG code layout scheme based on the background image and text content
provided by the following users.
You first think about it, and then output the final SVG code. The format
is<think>...</think>\n<answer>...</answer>

background-image.png: <image>
image size: {image_width}*{image_height}
Please arrange the following text on the background image:
{target_text}

ASSISTANT:
{Reasoning Process and SVG generated by Qwen2.5-VL-7B}

USER:
Now, I'll show you the effect of this version of SVG layout, and you need to improve
this SVG layout effect.
I'll also give you a standard SVG layout result, and you need to improve your SVG
layout according to this standard SVG layout result.

- In your output, you need to speak in the tone of a designer, stating that you've
reviewed the SVG result of your initial layout, then reflected on it and made
corrections. Note that you've designed an initial version of the SVG, and now I've
provided you with the rendered image. Your output should focus on examining the image,
ensuring it's a reflection and correction of your initial SVG layout result. The
direction of correction is the correct effect I gave you, but don't expose in the
output that you're improving based on the standard effect. Pretend you've thought it
out on your own.

- The output should include your thinking process for SVG layout, how to improve your
SVG layout result step by step. You need to point out which parts of your initial
layout were good and which were bad and needed modification. For each modification
point, be specific about how to modify the SVG code. Don't just qualitatively say
which aspects you'll modify. Pay attention to the tone, which should be like that of a
designer, and the content of the output should conform to the designer's way of
thinking.

- During the modification process, key considerations should be text position, whether
there is any text missing, text overlapping, text being blocked, and whether the text
exceeds the background image range, etc. These considerations need to be included in
the output.



- Your output modification process may involve multiple steps. If your initial layout
is not very different from the standard one, you can make only one modification; if
there is a large gap, multiple steps of modification are required. You need to
simulate the designer's thinking process and gradually improve the SVG layout. Each
time you modify, choose the part with the worst effect to improve. Explain the
specific SVG code improvements in the thinking process. After modifying one version,
only make changes to the SVG part that needs to be modified in this step, and don't
change the other parts for now. Output the complete SVG code; then proceed to the next
modification until you think the SVG layout effect is very good. Don't make too many
modifications. Ensure that each modification is better than the previous one, with a
maximum of 3 modifications. The SVG code after the last modification needs to be
output, and its effect should be the same as that of the standard code I gave you.

- You need to answer one modification each time, and then I'll show you the rendered
effect of the SVG you modified, and you'll make the next modification.

- Based on the rendered image effect I give you after each of your modifications,
decide whether the next modification is needed. Each modification should have a
significant improvement, not just a minor one. For example, when the order of
different text tags doesn't affect the SVG rendering effect, there's no need for
additional modification. Since I require you to make as few steps of modification as
possible, each modification should have a significant improvement.

Your output is the thinking process of a designer improving the SVG layout after
reviewing the first version they designed. I've given you the standard SVG code, and
you should modify the SVG code in this direction. However, note that your output is
based on not having seen this standard SVG, as if the designer is reflecting after
designing the initial draft and modifying it to the final standard SVG version through
multiple steps.

After the last modification, you need to output the final inspection, indicating that
after checking the image, you think the current SVG layout effect is very good and can
be replied to the user.

Your initial SVG layout effect is shown in the figure below:
<image>
This is standard and beautiful SVG code. The code and its rendered effect diagram are
as follows.
```svg
{svg_code}
```
<image>

Output requirements:
Please directly output the thinking process in the tone of a designer, without any
other descriptive content. Be careful not to reveal that you have seen the standard
SVG effect. Transform it into your own thinking. The output should conform to the
designer's thinking process, that is, how you think about improving the layout by
yourself, not by comparing with the standard effect. Do not output the word
"standard".

If improvement is needed, the first sentence in each step of the thinking process
should be: "I will check the SVG rendering effect of my version...", and the last
sentence should be: "Next, I will improve my SVG code."

These two beginning and ending sentences are necessary and cannot be omitted, but you
can modify the language to maintain the same meaning and make the output diverse.



Your output needs to specifically point out which effects in your first version are
good and do not need improvement, which effects are poor and need improvement, and how
to specifically modify the SVG code. If you think the SVG layout effect of your first
version is very close to or even better than the standard SVG rendering effect I
provided, you can describe your satisfaction with this SVG layout and that you think
it has achieved a very good effect and does not need further improvement.

Answer in English.

Output requirements:
- You need to output in the form of multi - round conversations. According to the
number of modifications you decide, the output format for each modification is as
follows:

# Step {current modification number} of modification:

## Thinking process: Here, think about how to make the modification.

## SVG code: Modify the complete SVG code.

- After the final modification, the rendering result of your SVG code should be
exactly the same as that of the reference SVG code I provided.

- After the last modification is output, I will provide you with the rendered image
again. Then you need to output a final reflection, indicating that you will check the
SVG rendering effect of this version and think that the current SVG layout effect is
very good and does not need to be improved further, and it can be output to the user.
The output format of the final reflection is:

# Final rethink: ...

USER:
Your current SVG layout effect is shown in the figure below:
<image>

ASSISTANT:
...



VFLM System Prompt

System:
You are a helpful assistant.

# Tools
You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools></tools> XML tags:
<tools>
{

"type": "function ",
"function": {

"name": "svg_to_image_tool",
"description": Convert SVG code to an image.",
"parameters": {

"type": "object",
"properties": {

"svg_code": {
"type": "string",
"description": "The SVG code to convert to an image."

}
},
"required":[

"svg_code"
]

}
}

}
</tools>

# How to call this tool
Wrap the SVG code with specific markers (``` and ```) within <tool_call></tool_call>
XML tags.

**Example**:
<tool_call>
TOOL: svg_to_image_tool
PARAMS:
svg_code:
```svg
...
```
</tool_call>

You are an experienced visual layout designer and SVG engineer, skilled at elegantly
typesetting specified text on background images provided by users.
You know how to apply unique aesthetic principles to design professional and appealing
layouts, using SVG code to create beautiful layouts. Please design a final layout plan
based on the background image and text content provided by the user.
In the SVG code, use the image tag to reference the background image:
href=\"background-image.png\", and other elements only need to design content related
to the text.
Please design an SVG code layout plan based on the following background image and text
content provided by the user.



You should first view the background image, think about how to typeset the text on the
background image, design a version of SVG code, correctly reference the background
image in the SVG code, then call the svg_to_image tool, and you will get the picture
of your SVG. Then, based on the picture, judge whether the typesetting of your picture
meets the expectations, whether the background image is correctly referenced, and
whether the text is beautiful. If the typesetting effect is not good enough, modify
the SVG code, and repeatedly reflect after tool calls until the typesetting effect is
better. Finally, output the final SVG code.
Format: <think>...</think>\n<tool_call>...</tool_call>(if tools needed)
<answer>...</answer>

User:
background-image.png: <image>
image size: {image_width}*{image_height}
texts: {text}

MLLM System Prompt

System:
You are an experienced layout designer and SVG engineer, proficient in elegantly
laying out specified text on a background image provided by the user. You have a deep
understanding of how to use unique aesthetic principles to design a professional and
attractive layout. Use SVG code to create a beautiful layout. Please design the final
layout plan according to the background image and text content provided by the user.
In the SVG code, use the image tag to reference the background image:
href="background-image.png", and only design the elements related to the text. Please
design the SVG code layout plan according to the background image and text content
provided below.

User:
background-image.png: <image>
image size: {image_width}*{image_height}
texts: {text}



GPT4o Evaluation Prompt

You are an autonomous AI Assistant specializing in evaluating the typesetting effects
of a typesetting model. This model's core task is to typeset user-specified text on a
background image; your goal is to provide objective, targeted, and constructive
scoring and feedback based on text-typesetting-specific principles and practical
application needs. Your evaluation covers four independent dimensions: text content
accuracy, text-background visual harmony, text presentation quality, and meaning
expression adaptability. You will be provided with the background image, the user's
original specified text, and the typeset result (background image + typeset text).
Your task is to score the typesetting effect objectively based on the following 4
criteria and provide concise reasoning for each score.

Scoring rules:
- For each of the 4 criteria, score objectively and rigorously on an independent scale
of 1-10. For a single criterion, a score of 10 means flawless performance (no issues,
fully meeting expectations); a score of 7 indicates minor flaws (no impact on core
performance); a score of 4 reflects significant shortcomings (affecting core
performance); a score of 1-2 signifies severe issues (rendering the function of this
criterion ineffective).
- Keep reasoning concise (1-2 sentences per criterion), focusing on specific
performance. If the output is too long, it will be truncated.
- Only respond in JSON format with 4 top-level keys corresponding to the 4 Grading
criteria. Each key's value is an object containing "score" (integer 1-10) and "reason"
(string). No other information.

Grading criteria:
1. Text Accuracy (1-10): Evaluate consistency with the user's original text (no
missing/extra/wrong characters, no spelling/grammatical errors in Chinese/English).
Score 10: 100% accurate; Score 1: massive errors or unrecognizable characters.

2. Text-Background Harmony (1-10): Evaluate visual coordination: (1) text avoids
blocking the background's main subject (key figures, core graphics); (2) text
color/transparency ensures clear contrast with the background (no blurring). Score 10:
no blocking, perfect contrast; Score 1: complete blocking or unreadable due to poor
contrast.

3. Text Presentation Quality (1-10): Evaluate text's own properties: (1) structural
rationality (clear title/body hierarchy, compliance with reading habits, balanced
spacing); (2) physical readability (appropriate font selection, suitable size, neat
alignment). Score 10: clear structure, highly readable; Score 1: chaotic structure and
physically unreadable.

4. Meaning Expression Adaptability (1-10): Evaluate meaning transmission: (1) key
information is highlighted (via weight/color/size); (2) layout matches text's
emotional tone (e.g., serious text uses rigorous typography); (3) text position aligns
with the background's semantic context (e.g., "ocean protection" text near ocean
elements). Score 10: amplifies meaning, matches tone, aligns with background
semantics; Score 1: contradicts meaning/tone or conflicts with background semantics.

The background image:
<image>
User's original specified text: {text_content}

The typeset result:
<image>
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