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Abstract

We introduce Boogu-Image-0.1, an open-source unified multimodal understanding and generation
model family, comprising Base, Turbo, Edit, and Edit-Turbo variants. It delivers competitive
performance in high-quality text-to-image generation, fast inference, instruction-based editing,
and bilingual (Chinese-English) text rendering. Closed-source multimodal systems like Nano-
Banana-Pro and GPT-Image-2 achieve strong performance through system-level integration rather
than a single model, yet their internal practices remain largely undisclosed. In this work, we
demonstrate that targeted improvements in model understanding, data quality, and training
pipelines, coupled with agentic inference-time scaling, can substantially enhance generation and
editing performance even under highly constrained compute budgets. Comprehensive evaluations
show that Boogu-Image-0.1 consistently matches or surpasses other open-source models across
standard benchmarks, and achieves results approaching leading closed-source systems. Notably,
this is accomplished with only 208.62 million unique images. The base model’s theoretical training
cost is only approximately $400K. We share practical discussions that we believe are valuable
to the broader research community, and release weights, code, and recipes under Apache 2.0 to
advance the open ecosystem for unified multimodal understanding and generation. Our code is
available here: https://github.com/Boogu-Project/Boogu-Image.
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Figure 1 Left: Performance comparison on Boogu Arena. Boogu-Image-0.1 achieves top-tier results, outperforming
other open-source counterparts as of June 15, 2026. The details of Boogu Arena are provided in Sec 2.2.1. Right:
Inference time and performance of Boogu-Image variants (illustrative only). Scaling the inference time leads to
higher text-to-image (T2I) generation quality, as illustrated in the figure.

*Detailed author information can be found in Appendix A.
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Figure 2 Boogu-Image-0.1 generates diverse, high-fidelity images across distinct visual domains within a
single unified model. From left to right: (a) a photorealistic black-and-white portrait demonstrating fine-grained
facial details and film-like tonal rendering; (b) a Chinese ink-and-gold landscape painting reflecting culturally grounded
stylistic generation; (¢) a typographic poster rendering Chinese calligraphy “A single spark can start a prairie fire” with
accurate stroke structure and layout; (d) a 3D miniature scene of a glowing sapling on a hill, illustrating compositional
reasoning and spatial coherence; and (€) a clean text-rendering result presenting our paper title “Boogu-Image-0.1:
Boosting Open-Source Unified Multimodal Understanding and Generation”.
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Figure 3 Boogu'’s qualitative results on text-rendering. Boogu-Image-0.1 can accurately render English and
Chinese texts with coherent typography and delicate layout design.



Figure 4 Boogu's qualitative results on photography and style transfer. Boogu-Image-0.1 generates highly
photorealistic images and renders diverse artistic styles across distinct visual domains.
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Preamble

1 Introduction

Recent closed-source systems such as the GPT-Image series [93, 94], the Nano-Banana series [43, 44], and
the Seedream series [14, 15, 113] have advanced at a striking pace: they not only render fine-grained visual
details with remarkable fidelity, but also reason over complex user instructions and, in some cases, augment
their world knowledge through web search at generation time. Open-source efforts such as FLUX [7, §],
Ideogram [2], Qwen-Image [130, 143], Z-Image [138], and Hunyuan-Image [19] have made tremendous progress
in closing this gap, primarily by improving visual quality and by attaching an auxiliary LLM to rewrite user
instructions. To push the boundaries of open-source models, we treat understanding as a first-class design
target alongside data quality, the training recipe, and the inference pipeline. Results show that coordinated
improvements across these three axes yield substantial gains in instruction following and generation fidelity.

Our emphasis on understanding stems from a conviction that image generation has entered a new era, evolving
from Text-to-Image toward Requirement-to-Image Generation. Users are no longer satisfied with a single
descriptive prompt; they expect models to interpret complex intentions, implicit constraints, multi-level
instructions, and cross-modal contextual cues. Moreover, real-world requirements are highly diverse: they
range from simple to intricate and vary in cost and latency expectations, so a single model configuration rarely
serves them all equally well. Understanding is the critical bridge connecting ambiguous human requirements
to precise visual generation, and to the appropriate strategy under each user’s constraints.

To realize this understanding, we decompose it into system components, beginning with how the model
perceives language. We regard the text encoder as the sensor for language: a sufficiently capable text encoder
is indispensable for interpreting users’ requirements. To this end, we systematically analyze models of varying
scales and confirm that stronger LLMs yield stronger text-encoding capabilities—a trend noted, though not
systematically studied, in prior works [22, 133, 143]. Guided by this finding, we adopt Qwen3-VL-8B [3],
balancing text-encoding capability against a parameter budget acceptable to the open-source community.

We further employ Agentic Image Generation, which injects understanding into generation at inference
time [60, 142]. Instead of treating the model as a passive text-to-image mapping, we wrap it in an agent
that interprets the user’s request and orchestrates generation accordingly. First, the agent performs agentic
prompt rewriting [60, 81|, refining the prompt to better capture the intended meaning. Second, it selects
among different model variants (e.g., Base vs. Turbo) to balance speed and quality across diverse scenarios.
Third, it incorporates inference-time techniques such as Reflection [75] to further improve quality. As shown
in Figure 1, model performance improves progressively as more understanding ability is injected.

Beyond understanding, training efficiency is a core design principle. Under a constrained compute budget,
we design a data curation pipeline that prioritizes quality over quantity with various training optimization
strategies. This allows us to train a text-to-image base model from scratch using only 208.62 million unique
images, at a total cost of roughly $400K, while achieving performance competitive with the state of the art.

Equally important, we find that many seemingly secondary details are in fact decisive in practice, including
evaluation protocols [42, 57|, data filtering [130], and caption design [138]. Indeed, their opacity is itself a
major barrier to open-source progress: they are often learned through costly trial and error within industrial
teams, yet rarely described in public technical reports. By documenting them, we aim to reduce the hidden
engineering cost for the open-source community and provide practical reference points for future work.

Building on these designs, we present Boogu-Image-0.1, an open-source system that unifies understanding
and generation. By promoting understanding to a first-class component, it moves beyond conventional
Text-to-Image pipelines toward the Requirement-to-Image paradigm, faithfully translating complex user
intents into high-fidelity images. It achieves top-tier performance on Boogu Arena and state-of-the-art results
among open-source models on the recently released Qwen-Image-Bench [73]. We release the model along with
our findings and practical lessons to support future research on understanding-driven generation. We hope
Boogu-Image-0.1 marks a step toward image generation systems that truly understand what users want.



Evaluation

2 Experimental Results

2.1

Rethinking Open-Source Research Evaluation

Public benchmarks remain valuable [21, 35, 62, 91, 136], but only when used and interpreted correctly. The
reality is that few state-of-the-art closed-source models report results on GenEval [12] or DPG-Bench [57],
even though these models are widely recognized as far stronger than most open-source ones. To illustrate
this, we compare six recent text-to-image models on their human-preference ranking (LMArena Elo) versus

their

scores on GenEval and DPG-Bench (Figure 5). If these benchmarks tracked real capability, stronger

models should score higher; instead, we observe clear rank inversions. Most strikingly, GPT-Image-2 [94], the
strongest by human preference, ranks only mid-pack on both benchmarks. We observe the same inversions in
our own models: on GenEval [42], a SANA-VAE configuration of our model reaches 0.92, yet our deployed
and stronger model scores only 0.85. Consequently, these benchmarks no longer reliably correlate with model
capability. We attribute this to three causes.

Many public benchmarks do not reflect real application scenarios. They assess isolated capabilities
under constrained, synthetic conditions that diverge substantially from production usage. As a result, a
model that surpasses Nano-Banana-Pro [43] across academic benchmarks may still deliver a markedly
worse user experience in deployment—a misalignment between the distributions sampled by static
benchmarks and those encountered in practice. Evaluation should be derived from target application
scenarios rather than treated as an independent objective: the question is not how a model scores on a
benchmark, but whether a defined user requirement is met and how it can be measured directly.

Most widely adopted benchmarks have approached saturation. State-of-the-art models routinely
achieve near-ceiling scores, compressing the dynamic range for comparison and rendering small score
differences statistically uninformative. In this regime, observed gaps are driven by variance, prompt
formatting, and benchmark-specific overfitting rather than genuine capability differences.

Data contamination and test-set leakage are pervasive. Large-scale pre-training corpora frequently
incorporate public evaluation sets, so reported scores may reflect memorization rather than generalization.
Inconsistent reporting standards compound the problem: some results are obtained under training
conditions that include leaked evaluation data, undermining both the interpretability of individual scores
and the validity of cross-model comparisons.
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Figure 5 Public benchmarks fail to track human preference. We compare six recent text-to-image models,
plotting their LMArena [145] Elo (a human-preference leaderboard reflecting real-world capability) against their (a)
GenEval [42] and (b) DPG-Bench [57] scores. The gray dashed line marks the ideal case of perfect rank correlation.
Strikingly, the strongest model by human preference, GPT-Image-2, ranks only in the middle of the pack on both
benchmarks. These inversions reveal a gap between saturated academic benchmarks and genuine generation quality.



2.2 Text-to-Image Generation
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Figure 6 Boogu Arena Text-to-Image Elo scores. Pairwise blind votes are aggregated into Elo ratings, where higher
scores indicate stronger relative human preference. The four panels display the overall ratings alongside three specific
categories. Across all categories, Boogu models lead the open-source tier, trailing only the closed-source frontier models
(GPT-Image-2 [94] and Nano-Banana-Pro [43]). Notably, the thinking variant yields the most substantial gains in the
prompt-sensitive text-rendering category. Note: Qwen-Image-2.0 is Qwen-Image-2.0-2026-03-03.

2.2.1 Boogu Arena Benchmark

Since we do not have access to the arena.ai [1] evaluation platform, we introduce the Boogu Arena to ensure
a fair comparison to the greatest extent possible. Specifically, we built an in-house benchmark that faithfully
emulates the original Arena pipeline (see Figure 7), including its prompt design and blind pairwise battles.

Prompt design. We organize the prompt space into three core application categories: photorealistic and
cinematic imagery, text rendering, and stylized art. Each category is populated with roughly 400 fine-grained
sub-scene keywords. To better reflect real-world user behavior, a powerful VLM further instantiates each
prompt along two axes. The first is prompt length, spanning short, medium, and long at a 3:4:3 ratio. The
second is user persona, covering 27 roles across novice, intermediate, and professional tiers at a 5:3:2 ratio.
The two axes are coupled rather than drawn independently. The long paragraph-style prompts, for instance,
are never paired with novice personas. This procedure yields 1,200 bilingual prompts in total. Each prompt is
authored in both Chinese and English, and a single language is randomly selected at test time and shared
across all compared models. To ensure evaluation fairness, each model is evaluated only once per prompt
using a random seed. We will release the designed prompts.



Blind battle. We conduct a strictly blind pairwise evaluation. For every prompt we present the outputs of
two anonymized models side by side, the annotator votes among “A is better”, “B is better”, “tie good”, and
“tie bad”, and the model identities are revealed only after the vote is cast. Sample selection and model pairing
both follow a weighted inverse-frequency strategy so that every prompt and every model receives sufficient
coverage, and the collected votes are aggregated into Elo scores via a Bradley-Terry model.

Following this evaluation protocol, we compare our Boogu models (Boogu-Image-0.1-Turbo and Boogu-Image-
0.1-Turbo-Thinking) against two open-source baselines (Z-Image-Turbo [138] and HiDream-O1-Image [17])
and five closed-source counterparts (GPT-Image-2 [94], Nano-Banana-Pro [43], Seedream-5.0-Lite [15], Qwen-
Image-Max-2025-12-30 [99], and Qwen-Image-2.0-2026-03-03 [143]). In total, we collected over 4,000 votes
from the pairwise battles conducted among these nine models.

Figure 6 details the overall and per-category Elo scores of the nine evaluated models. Boogu models consistently
dominate the open-source tier across all categories, surpassed only by top closed-source models (GPT-Image-
2 [94] and Nano-Banana-Pro [43]). This advantage is most evident in photorealistic and stylized content,
where Boogu-Image-0.1-Turbo-Thinking substantially closes the gap with the closed-source frontier. In text
rendering, the thinking variant clearly outperforms its non-thinking counterpart. We attribute this to the
high prompt sensitivity of text generation: thinking-based prompt enhancement explicitly includes the exact
text to be rendered, producing better-structured prompts that improve text correctness.

Boogu Arena vs. LMArena: Benchmark Agreement
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Figure 7 Agreement between Boogu Arena and LMArena Elo ratings. Each point corresponds to one text-to-image
model, with its Elo score on Boogu Arena (x-axis) plotted against its score on the public LMArena leaderboard
(y-axis). The dashed line shows a linear fit with the shaded region indicating the 95% confidence band. The two
benchmarks exhibit strong agreement, with a Pearson correlation of » = 0.986 and a perfect Spearman rank correlation
of p = 1.0, indicating that Boogu Arena faithfully reproduces the model ranking established by large-scale public
human-preference voting.

2.2.2 Qwen-Image Benchmark

Qwen-Image-Bench [73] is a recently released, high-quality benchmark, published after we froze our text-
to-image development. Because it is less affected by common issues in long-standing benchmarks such as
data leakage, we regard it as a reliable testbed for modern image generation models. As shown in Tables 1
and 2, Boogu-Image-0.1-Base-Thinking achieves the best overall score among all evaluated open-source models
under both Chinese (53.57) and English (53.73) prompts, surpassing strong open-source baselines such as
Qwen-Image-2512 [99] and HunyuanImage-3.0 [19]. The improvement from the thinking variant is most
pronounced in the Creativity dimension, where Base-Thinking gains over 8 points over its non-thinking
counterpart (e.g., 48.62 —56.74 in Chinese), consistent with our understanding-driven design. These trends
are stable across both languages, indicating robust bilingual capability. Due to time constraints, the evaluation
does not yet cover all available open-source baselines.



Model License Quality Aesthetics Alignment Realism Creativity Overall 1

GPT-Image-2 [94] Closed 58.65 67.53 65.85 57.38 75.23 64.69
Nano-Banana-2.0 [44] Closed 54.77 61.08 62.40 54.28 67.05 59.82
Nano-Banana-Pro [43] Closed 55.67 60.26 61.25 54.07 66.23 59.45
Qwen-Image-2.0-Pro [143] Closed 54.39 58.67 59.28 51.83 64.94 57.84
Seedream-5.0-Lite [15] Closed 52.55 58.40 58.90 51.92 65.29 57.22
FLUX-2-Max [9] Closed 53.64 56.85 57.35 49.35 56.50 55.33
GPT-Image-1 [93] Closed 52.34 55.09 56.28 48.14 55.78 54.07
Boogu-Image-0.1-Base-Thinking ~ Apache-2.0  50.58 55.20 55.99 47.35 56.74 53.57
Boogu-Image-0.1-Turbo-Thinking Apache-2.0  50.89 54.36 56.28 47.67 53.33 53.13
Qwen-Image-2512 [99] Apache-2.0  51.76 54.74 52.72 47.00 50.19 52.06
Imagen-4.0-Ultra [45] Closed 50.90 54.25 54.02 45.59 51.14 51.99
Boogu-Image-0.1-Turbo Apache-2.0 51.24 53.50 53.54 46.11 48.91 51.53
Boogu-Image-0.1-Base Apache-2.0  50.41 53.14 52.91 15.42 18.62 50.96
HunyuanImage-3.0 [19] Other 50.35 53.57 52.00 44.31 49.12 50.81
Imagen-4.0 [45] Closed 50.16 52.68 51.64 44.84 47.94 50.29
Qwen-Image [130] Apache-2.0 48.44 52.25 50.72 43.16 47.30 49.23
Kling-Image-2.1 [70] Closed 49.11 50.15 49.18 44.74 44.67 48.26
GLM-Image [139] Apache-2.0  49.26 50.64 47.90 44.69 45.23 48.19

Table 1 Our model series achieves top-tier performance among the evaluated open-source models on
Qwen-Image-Bench (Chinese prompts). Gray shading denotes closed-source models, and our models are highlighted
in red. Best scores are bolded and second-best scores are underlined. Results for other methods are taken from [73].

Model License Quality Aesthetics Alignment Realism Creativity Overall
GPT-Image-2 [94] Closed 59.09 68.48 65.78 59.40 75.34 65.23
Nano-Banana-2.0 [44] Closed 54.86 62.63 61.11 54.66 64.49 59.59
Nano-Banana-Pro [43] Closed 55.30 61.38 60.30 55.91 64.54 59.33
Qwen-Image-2.0-Pro [143] Closed 55.16 60.36 57.86 53.06 63.59 57.90
Seedream-5.0-Lite [15] Closed 54.01 59.96 58.63 53.86 63.64 57.80
FLUX-2-Max [9] Closed 53.99 58.77 57.31 50.69 57.79 56.14
GPT-Image-1 [93] Closed 52.50 55.77 55.35 48.25 57.29 54.24
Boogu-Image-0.1-Base-Thinking ~ Apache-2.0  51.52 55.89 55.58 47.23 56.24 53.73
Boogu-Image-0.1-Turbo-Thinking Apache-2.0  51.92 56.28 55.67 47.89 52.70 53.58
Imagen-4.0-Ultra [45] Closed 51.16 55.64 53.75 46.00 51.32 52.42
Boogu-Image-0.1-Turbo Apache-2.0  51.30 53.91 53.37 46.52 48.90 51.61
HunyuanImage-3.0 [19] Other 50.76 54.66 53.16 45.33 48.33 51.35
Qwen-Image-2512 [99] Apache-2.0 51.84 54.40 51.44 47.80 47.75 51.32
Imagen-4.0 [45] Closed 50.63 53.93 52.56 45.13 48.56 51.08
Boogu-Image-0.1-Base Apache-2.0  50.38 53.90 52.62 46.54 47.52 51.00
Kling-Image-2.1 [70] Closed 49.04 50.94 50.47 44.29 46.23 48.89
Qwen-Image [130] Apache-2.0  48.45 51.18 50.04 43.45 45.37 48.48
GLM-Image [139] Apache-2.0  49.86 49.98 47.49 44.25 44.67 47.86

Table 2 Our model series achieves top-tier performance among the evaluated open-source models on
Qwen-Image-Bench (English prompts). Gray shading denotes closed-source models, and our models are highlighted
in red. Best scores are bolded and second-best scores are underlined. Results for other methods are taken from [73].
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2.2.3 LongText Benchmark

LongText-Bench [41] is a benchmark for evaluating long-form text rendering in image generation, a capability
that is increasingly important for practical applications such as posters, slides, documents, comics, and
instruction-heavy visual designs. Similar to Qwen-Image-Bench [73], it adopts a model-based annotation
protocol that assesses not only OCR-level correctness, but also readability, layout consistency, and whether
the generated image preserves the intended textual content and visual structure.

As shown in Table 3, our models achieve top-tier text-rendering performance among the compared open-source
models, and are particularly strong on Chinese (ZH) prompts, where Boogu-Image-0.1-Turbo-Thinking ranks
second overall (0.985), trailing only the closed-source Seedream-4.5. We note, however, that this benchmark
primarily measures OCR-level text accuracy on relatively short sequences (fewer than 100 characters) and
does not fully capture overall visual quality in dense layouts. Under such dense-text settings, we observe that
the Base model produces more coherent typography than Turbo, whereas Turbo, despite scoring comparably
on this benchmark, tends to introduce visible artifacts in densely packed regions. Due to time constraints, the
evaluation does not yet cover all available open-source baselines.

Limitations of LongText-Bench. While useful, this benchmark has two notable limitations. First, its model-
based protocol primarily scores whether the target characters are correctly rendered (i.e., OCR-level accuracy),
but does not assess the fidelity of the rendered text, such as whether the glyphs are visually natural, well-
integrated with the surrounding layout and materials, and free of artifacts. As a result, a model can attain a
high score even when the rendered text exhibits noticeable visual flaws. Second, the benchmark is largely
saturated: apart from a single outlier, the top-ranked models are tightly clustered within a narrow range
(roughly 0.96-0.99 in average score), leaving little headroom to discriminate among strong models. We
therefore view LongText-Bench as a reliable check for text correctness, but recommend complementing it with
human evaluation or perceptual metrics when assessing the overall quality of long-form text rendering.

Model Open Source AVG1T ENT ZH?
Seedream-4.5 [14] Closed 0.988 0.989 0.987
HiDream-O1-Image [17] MIT 0.979 0.979 0.978
ERNIE-Image-PE [81] Apache-2.0 0.973  0.980 0.966
Boogu-Image-0.1-Turbo-Thinking Apache-2.0 0.971 0.957  0.985
GLM-Image [139] Apache-2.0 0.966 0.952 0.979
Nano-Banana-2.0 [44] Closed 0.965 0.981 0.949
JoyAl-Image [118] Apache-2.0 0.963  0.963 0.963
Seedream-5.0-Lite [15] Closed 0.962 0.961 0.963
Qwen-Image-2512 [99] Apache-2.0 0.961  0.956  0.965
GPT-Image-2 [94] Closed 0.961 0.960 0.961
Boogu-Image-0.1-Turbo Apache-2.0 0.961 0.944 0.977
Boogu-Image-0.1-Base Apache-2.0 0.961 0.952  0.969
Qwen-Image [130] Apache-2.0 0.945 0.943 0.946
Seedream-4.0 [113] Closed 0.924 0921 0.926
Z-Image-Turbo [13§] Apache-2.0 0.922 0917 0.926
GPT-Image-1 [High] [93] Closed 0.788  0.956 0.619

Table 3 Our model series achieves top-tier performance among the evaluated models on LongText-Bench.
Models are sorted by average score. Gray shading denotes closed-source models, and our models are highlighted in red.
Best scores are bolded and second-best scores are underlined. Results for other methods are taken from [17, 139].
Actually, Base model outperforms Turbo in dense text rendering. While Turbo introduces noticeable visual artifacts in
dense layouts, it still scores high on the LongText benchmark, as the metric primarily evaluates text accuracy for
shorter sequences (<100 characters) rather than overall visual quality.
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2.2.4 Benchmarks We Do Not Use

We observe that a significant gap still remains between some text-to-image benchmarks (e.g., GenEval [42] and
DPG-Bench [57]) and real human preferences, as discussed in Figure 5. Consequently, we do not adopt these
benchmarks for our primary evaluation. We nonetheless report the corresponding results as a supplementary
reference for historical continuity (Table 4 for GenEval and Table 5 for DPG-Bench), and we suggest that

their suitability as primary benchmarks going forward be carefully reconsidered.

Model

License  Single Obj. Two Obj. Counting Colors Position Attribute Overallt

HiDream-O1-Image [17]
GPT-Image-2 [94]
FLUX.2 [Dev] [8]
Qwen-Image [130]
Boogu-Image-0.1-Base
Boogu-Image-0.1-Turbo
Boogu-Image-0.1-Turbo-Think.
Seedream-4.0 [113]
Seedream-3.0 [39]
GPT-Image-1 [High| [93]
Z-Image [138]
Nano-Banana-2.0 [44]
Z-Image-Turbo [138]
FLUX.1 [Dev] [7]

Apache-2.0
Closed
Non-Comm.
Apache-2.0
Apache-2.0
Apache-2.0
Apache-2.0
Closed
Closed
Closed
Apache-2.0
Closed
Apache-2.0
Non-Comm.

1.00
0.99
1.00
0.99
1.00
1.00
1.00
0.99
0.99
1.00
1.00
1.00
0.98

0.99
0.98
0.99
0.92
0.95
0.97
0.94
0.92
0.96
0.92
0.94
0.96
0.95
0.81

0.79
0.85
0.79
0.89
0.80
0.85
0.88
0.71
0.91
0.85
0.78
0.71
0.77
0.74

0.89
0.93
0.93
0.88
0.84
0.76
0.83
0.93
0.93
0.92
0.93
0.84
0.89
0.79

0.93
0.85
0.73
0.76
0.85
0.70
0.78
0.47
0.75
0.62
0.86
0.65
0.22

0.78
0.77
0.78
0.77
0.68
0.60
0.68
0.68
0.80
0.61
0.77
0.65
0.68
0.45

0.90
0.89
0.87
0.87
0.85

0.84
0.84

0.84
0.84
0.84
0.84
0.83
0.82
0.66

Table 4 Performance of the Boogu series and baseline models on GenEval. Closed-source models are shaded in
gray. Boogu series models are highlighted in red. Best scores in each column are bolded and second-best scores are
underlined. Models are sorted by overall score in descending order. Results for other methods are taken from [17]. We
report these results for reference only, as GenEval exhibits a substantial gap from human preference.

Model License Global Entity  Attribute Relation Other  Overallt
HiDream-O1-Image [17] Apache-2.0 95.15 92.32 93.74 92.88 90.25 89.83
Seedream-4.5 [14] Closed 89.24 94.30 92.14 92.23 93.83 88.63
Seedream-4.0 [113] Closed 93.86 92.24 90.74 93.87 94.16 88.54
Boogu-Image-0.1-Turbo Apache-2.0 88.54 91.67 92.19 93.20 93.83 88.35
Qwen-Image [130] Apache-2.0 91.32 91.56 92.02 94.31 92.73 88.32
Seedream-3.0 [39] Closed 94.31 92.65 91.36 92.78 88.24 88.27
Z-Image [138] Apache-2.0 93.39 91.22 93.16 92.22 91.52 88.14
FLUX.2 [Dev] [8] Non-Commercial 92.20 91.36 93.28 93.52 89.72 87.57
Boogu-Image-0.1-Turbo-Thinking  Apache-2.0 90.26 92.03 91.27 92.35 91.98 87.23
Qwen-Image-2512 [99] Apache-2.0 89.04 91.91 92.39 90.85 93.07 87.20
Boogu-Image-0.1-Base Apache-2.0 89.33 90.64 92.22 93.72 93.32 87.13
Nano-Banana-2.0 [44] Closed 85.17 92.55 91.16 90.45 91.08 86.90
GPT-Image-2 [94] Closed 87.27 91.91 90.85 91.59 91.58 85.98
GPT-Image-1 [High] [93] Closed 88.89 88.94 89.84 92.63 90.96 85.15
Z-Image-Turbo [138] Apache-2.0 91.29 89.59 90.14 92.16 88.68 84.86
GLM-Image [139] Apache-2.0 87.74 90.25 89.08 92.15 90.17 84.78
FLUX.1 [Dev] [7] Non-Commercial 74.35 90.00 88.96 90.87 88.33 83.84

Table 5 Performance of the Boogu series and baseline models on DPG-Bench. Closed-source models are shaded
in gray. Boogu series models are highlighted in red. Best scores in each column are bolded and second-best scores are
underlined. Models are sorted by overall score in descending order. Results for other methods are taken from [17]. We
report these results for reference only, as DPGBench exhibits a substantial gap from human preference.
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225 Qualitative Comparison

We provide qualitative comparison samples to offer readers a direct visual reference beyond aggregate
benchmark scores. The testing samples are sourced from Boogu Arena, so that each compared model is
represented by its strongest publicly accessible outputs under the deployed evaluation setting. This setup
helps avoid underestimating baselines due to suboptimal local inference configurations, prompt formatting, or
sampling choices. Across the selected examples, we compare Boogu-Image-0.1 with strong closed-source models
(including Qwen-Image-Max-2025-12-30 [99], Qwen-Image-2.0-2026-03-03 [143], Seedream-5-Lite [15], Nano-
Banana-Pro [43], and GPT-Image-2 [94]) and open-source models (Z-Image-Turbo [138] and HiDream-O1 [17]),
focusing on visual fidelity, prompt alignment, composition, and aesthetic quality. These examples complement
the quantitative evaluations and illustrate how Boogu-Image-0.1 performs in user-facing comparisons.

Specifically, Figures 810 present qualitative comparisons for the three categories in Boogu Arena, namely
photorealistic and cinematic imagery, stylized art, and text rendering. These visual results demonstrate that
Boogu-Image-0.1-Turbo achieves highly competitive performance in prompt alignment, visual quality, and
text-rendering fidelity. Notably, it outperforms existing open-source alternatives and effectively narrows the
performance gap toward top-tier closed-source models (e.g., Nano-Banana-Pro [43] and GPT-Image-2 [94]), as
validated by the human Elo ratings (Figure 6).

In terms of text rendering (Figure 10), Boogu-Image-0.1-Turbo reliably supports precise character-level
rendering for short-to-medium text (up to 100 characters for Chinese / 100 words for English). For more
challenging scenarios involving ultra-dense text (exceeding 100 characters or words), we recommend deploying
Boogu-Image-0.1-Base, which is explicitly optimized for dense text rendering at high (2K) resolution. As
shown in Figures 11 and 12, Boogu-Image-0.1-Base remains stable on dense text rendering even at minuscule
font sizes, while maintaining rigorous character accuracy and strong aesthetic appeal for practical applications.
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Figure 8 Qualitative results from Boogu Arena on photorealistic and cinematic images. Our model can produce
photorealistic and cinematic images with superior visual quality.
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Figure 9 Qualitative results from Boogu Arena on stylized art. Our model enables the generation of diverse
artistic images with superior visual quality.
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Figure 10 Qualitative results from Boogu Arena on simple text rendering. Our Boogu-Image-0.1-Turbo
can precisely renders short-to-medium text (up to 100 characters/words for Chinese/English) into the generated
images. While most baseline models accurately render the requested text, our model achieves superior prompt-image
alignment and higher visual quality compared to existing open-source counterparts. For dense text rendering (>100
characters/words), we highly recommend utilizing Boogu-Image-0.1-Base tailored for high-fidelity dense text rendering
under 2K resolution (see Figure 11 & 12).
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This is a portrait-oriented electric bicycle parameter comparison
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aesthetic built on a dark charcoal and vibrant green colour palette against a
white background, conveying both technology and eco-friendliness. The
layout is divided into five horizontal zones: a brand tagline hero area at the
top, a head-to-head visual section, a ions table area,
an application-scenario grid, and a call-to-action footer banner.
Typography is primarily sans-serif with a clear hierarchy from bold large
headlines to compact body text. In the top-lefi corer, a green pill-shaped
badge contains the white sans-serif text "Longer Range - Smarter Tech
Better Value". Below, the primary headline reads "VOLT X Pro vs VOLT
X" in large, bold, dark charcoal sans-serif letters, followed by "Side-
Side Comparison" in bright green bold sans-serif. A medium dark-grey
sublitle states "Discover which model fits your commute — range, power,
and features at a glance”. To the right, two high-gloss 3D-rendered e-bikes
are displayed side by side; the left bike is labeled "X" in white text on a
dark overlay and the right bike "X Pro” in white text on a green overlay.
Below the hero, three feature highlights sit horizontally: left has the green
bold title "Extended Range" with dark grey description "Up to 75 miles";
center has "Fast Charging” with "0-80% in 2.5 hrs"; right has "Smart
Connect” with "App-integrated GPS". A centered bold green heading
"Specifications Comparison” flanked by horizontal rules introduces a four-
row numbered comparison list. Row "01" (white numeral in green circle)
has the bold title "Battery & Range" and description "VOLT X: 48V 12Ah,
45 mi | VOLT X Pro: 48V 20Ah, 75 mi". Row "02" titled "Motor & Speed”
reads "VOLT X: 500W, 20 mph | VOLT X Pro: 750W, 28 mph". Row "03"
titled "Frame & Weight" reads "VOLT X: Aluminum, 55 Ibs | VOLT X Pro:
Carbon-mix, 48 Ibs". Row "04" titled "Features & Extras" reads "VOLT X:
LCD display, rear light | VOLT X Pro: Color TET, integrated dash cam,
tumn signals". Below, the centered green heading "Ideal For Every Rider”
introduces a six-icon grid: "Daily Commute" with "Office, errands, short
trips"; "Weekend Explorer" with "Trails, parks, scenic routes"; "Delivery
Pro" with "Food, packages, logistics"; "Campus Rider" with "Students,
faculty, green travel”; "Fitness Enthusiast” with "Pedal-assist training"; and
"Your Adventure" with "Endless possibilities ahead". The footer is a solid
green band with a white lightning-bolt icon on the left, centered bold white
text "Order Your VOLT X Pro Today — Ride Farther, Ride Smarter!" and
a smaller white line below reading "Free shipping on all pre-orders. 2-year
warranty included.”
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Weekend Explorer
Trais, parks, scenic routes

Delivery Pro
Food, packages, logistics

Campus Rider
Students, faculty, green travel

Your Adventure
Endless possilites ahead

Fitness Enthusias!
Pedal-assit traiing

Order Your VOLT X Pro Today — Ride Farther, Ride Smarter!

Free shipping on all pe-orders. 2-year warranty included.

HiDream-O1-Image

Figure 11 Qualitative comparison between our Boogu-Image-0.1-Base and existing SOTA models on dense
text rendering under 2K resolution.
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Unit8 - Gross-Cultural Communication b
This is a textbook page featuring an English lesson on Chinese classical poetry in translation. Learning Objectives

The primary visual focus is "Chinese Poetry in English", with a portrait-oriented layout
comprising original poems with English translations on the left, and annotation boxes with
analysis questions on the right. The typography hierarchy uses a large bold sans-serif for the
main title, colored section headers in rounded rectangles, and a legible serif body font for
English text paired with Kaiti for Chinese originals. At the top left corner, a teal banner with
white sans-serif text reads "Unit 8 - Cross-Cultural Communication". The main titl in large
black bold sans-serif at the top center reads "Reading: Chinese Poetry in English Translation",
itional ink-brush motif beside it. Below the tile, a grey sans-serif subtile reads "tfs

ight, a teal rounded rectangle contains the white bold section

" Below are three black sans-serif items: "I. Appreciate the
beauty of Chinese classical poetry through English translation., *2. Compare translation
techniques: lteral vs. liberal translation.", and 3. Discuss the challenges of translating cultural
imagery across languages.". Moving to the middle left, an orange icon accompanies the bold
orange sans-serif section header "Poem 1: FFICIE — ‘The Chinese original is presented
in black Kaii font on a light cream background box: "I ¥, SEREH A, % kn]
{3 8H% . " Below it, the English translation in black italic serif reads: "Before my
bed, the moon shines bright, / I wonder if it's frost upon the ground. / I raise my head to gaze at
the moon, / Then lower it, thinking of my hometown. — Translated by Xu Yuanchong”. A
second poem follows with the section header "Poem 2: ¥ — F2¥%". The Chinese
original reads: "FI HARIIAR, BT A K5 FHA, FE—F#. " The English
translation reads: "The sun along the mountain bows, / The Yellow River seaward flows. / You
can enjoy a grander sight, / By climbing to a greater height. — Translated by Xu Yuanchong".

A third poem section header reads "Poem 3: ##¢ — #ifi#A". The Chinese original: "#HA
SEBE, ALLENINEL,. PORIARI, 1EFHI% /. ", The English translation: "In spring 1

sleep unaware of dawn, / Everywhere I hear birds singing. / Last night I heard the sound of
wind and rain; / How many blossoms must have fallen? — Translated by Arthur Waley". On
the middle right side, a blue icon sits beside the bold blue sans-serif section header "Translation
Notes". A light blue background box presents notes: "1. "I H ¥ — 'the moon shines bright';
the translator adds a verb to create a complete English sentence.”, "2. "%EJ&’ — 'l wonder if': the
implicit subject I is made explicit in English.", "3. '§37F-HLFI' — ‘enjoy a grander sight' Xu
Yuanchong uses liberal translation to preserve the poctic rhythm and rhyme scheme
(bows/flows, sightheight).", and "4. TE# H1% 5" — How many blossoms must have fallen?
Waley uses a thetorical question to capture the reflective tone.”. Below the notes, a purple icon
accompanies the bold purple section header "Literary Terms". A list shows: "literal translation
7%, "liberal translation £7%", "imagery &4 "thyme scheme JB/H# 7R, "metaphor
Ja", and "allusion 4", At the bottom left, a green icon accompanies the bold green sans-
serif section header "Tasks". ns-serif: 1. Compare the two
translations of E#fi{}' — which do you prefer and wh; Try translating the following
poem into English: "MASHCEE1LI e AR, SU
el ™, and "3. Discuss: What is lost and what is gained when Chinese poetry is translated
into English?". At the bottom left corner, the page number "108" is printed in black sans-serif,
followed by the grey sans-serif footer "English - Senior 2 - Selective Compulsory Book 11",
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2.3 Image-to-Image Generation
2.3.1 ImgEdit Benchmark

ImgEdit-Bench [136] is a widely adopted framework designed to assess instruction-guided image editing across a
diverse range of tasks. We evaluate our Image-to-Image models on ImgEdit-Bench to enable direct comparison
with existing methods. As shown in Table 6, Boogu-Image-0.1-Edit-Thinking attains the best overall score
(4.64) among all evaluated models, surpassing strong open-source editors such as JoyAl-Image-Edit (4.57)
and FireRed-Image-Edit (4.56), as well as leading closed-source systems including Seedream-5.0-Lite (4.42)
and Nano-Banana-Pro (4.37). At the sub-task level, our model ranks first on Remove (4.85), Hybrid (4.26),
and Action (4.83), and remains highly competitive across the remaining categories, indicating balanced
editing capability rather than strength concentrated in a few task types. Notably, the Thinking variant yields
consistent gains over the Base variant (4.64 vs. 4.51 overall), with the largest margin on the challenging Extract
task (4.32 vs. 3.69); this suggests that explicit reasoning helps the model parse and localize complex editing
instructions before generation. We further note that Extract is difficult for essentially all models—several
strong closed-source systems score below 3.5 (e.g., Seedream-4.5 at 2.97)—which likely reflects both the
intrinsic difficulty of the task and higher variance in VLM-based scoring for it.

Discussion and Limitations. Although Boogu-Image-0.1-Edit-Thinking attains the highest overall score on
ImgEdit-Bench, we caution against over-interpreting this ranking. In our own human evaluations, we find
that Nano-Banana-Pro [43] outperforms our models on a range of real editing scenarios, despite scoring lower
on this benchmark (4.37 vs. 4.64 overall). This inversion highlights a broader issue: ImgEdit-Bench relies
primarily on Vision-Language Models (VLMs) as automated evaluators, and current VLMs remain limited in
fine-grained visual understanding, making their scores an imperfect proxy for human preference. As a result,
the benchmark tends to compress the true quality gap between models and can reward outputs that satisfy
instruction-level checks while overlooking subtler perceptual defects.

Moreover, its task taxonomy is relatively coarse: the nine covered categories fall short of capturing the full
diversity of real-world editing operations—such as multi-step and multi-region edits, precise text editing,
subject-consistent and reference-guided generation, and fine-grained local adjustments—so a high aggregate
score does not necessarily imply strong performance on the broader range of edits encountered in practice.
We therefore report ImgEdit-Bench results primarily as a supplementary reference for historical continuity,
and we suggest that its suitability as a primary benchmark going forward be carefully reconsidered. For
assessments that better reflect end-user experience, we place greater weight on human evaluations and
qualitative comparisons.

Model License Add Adjust Extract Replace Remove BG Style Hybrid Action Overall T
Boogu-Image-0.1-Edit-Thinking Apache-2.0 1.59  4.64 4.32 1.69 4.85 4.60 4.94 4.26 4.83 4.64
JoyAl-Image-Edit [118] Apache-2.0 4.63 4.52 4.32 4.71 4.76 453 4.88 4.09 4.69 4.57
FireRed-Image-Edit [123] Apache-2.0 4.55  4.66 4.34 4.75 4.58 445 497 407 471 4.56
Boogu-Image-0.1-Edit Apache-2.0 4.71  4.50 3.69 1.65 .75 1.44 4.94 1.04 4.90 1.51
Qwen-Image-Edit-2511 [101] Apache-2.0 4.54  4.57 4.13 4.70 446 436 4.89 416 481 4.51
LongCat-Image-Edit [122] MIT 4.44  4.53 3.83 4.80 460 433 492 3.75 4.82 4.45
Seedream-5.0-Lite [15] Closed 493  4.69 3.01 4.41 445 465 4.93 391  4.82 4.42
Nano-Banana-Pro [43] Closed 444 462 3.42 4.60 463 432 497 3.64 4.69 4.37
FLUX.2-Dev [9] Non-Commercial 4.50 4.18 3.83 4.65 4.65 431 4.88  3.46 4.70 4.35
Seedream-4.5 [14] Closed 4.57  4.65 2.97 4.66 4.46 437 492 3.71 4.56 4.32
Qwen-Image-Edit-2509 [100] Apache-2.0 4.34  4.27 3.42 4.73 436 437 491  3.56 4.80 4.31
Seedream-4.0 [113] Closed 4.33 4.38 3.89 4.65 457 435 422 371 4.61 4.30
Nano-Banana [43] Closed 462 441 3.68 4.34 439 440 418 372  4.83 4.29
SteplX-Edit-v1.2 [83] Apache-2.0 391 4.04 2.68 4.48 4.26 3.90 4.82 3.23 4.22 3.95

Table 6 Boogu-Image-0.1-Edit-Thinking achieves the best overall performance on ImgEdit-Bench. Models are
sorted by overall score. BG denotes the background-change task. Gray shading denotes closed-source models, and
our models are highlighted in red. Best scores are bolded and second-best scores are underlined. Results for other
methods are taken from [118]. Note that results are presented for reference only, as VLM evaluations on ImgEdit do
not fully align with human preferences.
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2.3.2 Qualitative Comparison

We provide qualitative comparison samples to offer readers a direct visual reference that complements the
aggregate benchmark scores. The evaluation samples are drawn from the public ImgEdit-Bench [136] as
well as our in-house image-to-image benchmark. Similar to the text-to-image evaluation in Section 2.2, the
selected samples span three aspects: photorealistic editing, precise scene-text editing from our in-house
benchmark, and diverse stylization. We compare Boogu-Image-0.1-Edit against several state-of-the-art image-
to-image models, including three closed-source systems—GPT-Image-2 [941], Nano-Banana-Pro [43], and
Seedream-5.0-Lite [15]—together with the open-source Qwen-Image-Edit-2511 [101]. Figures 13—15 present
the qualitative comparisons for these three aspects, respectively. Inherited from our powerful T2I base model
Boogu-Image-0.1-Base, Boogu-Image-0.1-Edit achieves highly competitive image-to-image performance among
the compared models, showing particular strength in instruction alignment, photorealism, precise scene-text
modification, and artistic stylization.
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Prompt  Add a small brown dog sitting inside the open trunk of the antique car.

Input Image Boogu-lmage-0.1-Edit GPT-Image-2 Nano-Banana-Pro

Prompt  Remove the person on the left side of the image, and adjust the brightness of the sky to make it appear sunnier.

- i i\ :
Input Image Boogu-lmage-0.1-Edit GPT-Image-2 Nano-Banana-Pro Seedream-5-Lite Qwen-Image-Edit-2511

Prompt  Extract the white T-shirt with a red "Levi's" logo worn by the person in the image.

Levis]| e

it

Input Image Boogu-Image-0.1-Edit GPT-Image-2 Nano-Banana-Pro Seedream-5-Lite Qwen-Image-Edit-2511

Prompt  Replace the woman in the image with a large potted plant sitting at the table.

Input Image Boogu-lmage-0.1-Edit GPT-Image-2 Nano-Banana-Pro Seedream-5-Lite Qwen-Image-Edit-2511

Prompt  Change the tiny house in the picture from the forest to the beach.

Input Image Boogu-lmage-0.1-Edit GPT-Image-2 Nano-Banana-Pro Seedream-5-Lite Qwen-Image-Edit-2511

Figure 13 Qualitative comparison on ImgEdit-Bench. Boogu-Image-0.1-Edit can achieve top-tier performance in
diverse editing tasks, including but not limited to addition, removal, extraction, and replacement.
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Prompt ffEm iy “NASER” Bl ‘Y AERK , IR e ol W .

Input Image Boogu-lmage-0.1-Edit GPT-Image-2 Nano-Banana-Pro Seedream-5-Lite Qwen-Image-Edit-2511
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WIFRE “SE=2 BURBEEE: 7 BHeh “Step 3: Freeze and Churn:”, P “fB A vKIHALBERE307 454K “Pour into ice cream maker and churn”, — “438h %5 k"
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Figure 14 Qualitative comparison on scene-text editing. Boogu-Image-0.1-Edit enables diverse scene-text editing
tasks, including but not limited to text replacement, text translation, text re-organization, and text stylization.
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Prompt Transform the image into Pixar animation style, 3D render, expressive, smooth textures

Boogu-lmage-0.1-Edit GPT-Image-2 Nano-Banana-Pro Seedream-5-Lite Qwen-Image-Edit-2511

Prompt Transform the image into Lego brick style, toy, blocky, vibrant plastic colors

Boogu-image-0.1-Edit GPT-Image-2 Nano-Banana-Pro

Prompt Transform the image into a classical Chinese Gongbi style, characterized by meticulous, highly detailed linework, delicate and
precise contours, and a rich palette of traditional mineral pigments like malachite green and cinnabar red.

Input Image

Boogu-image-0.1-Edit GPT-Image-2 Nano-Banana-Pro Seedream-5-Lite Qwen-lmage-Edit-2511

Prompt Transform the image into watercolor painting, loose brushwork, soft wash, blended colors

Boogu-image-0.1-Edit GPT-Image-2 Nano-Banana-Pro Seedream-5-Lite Qwen-Image-Edit-2511

Prompt Transform the image into Studio Ghibli style, animated, whimsical, warm lighting

Boogu-image-0.1-Edit GPT-Image-2 Nano-Banana-Pro

Figure 15 Qualitative comparison on stylization. Boogu-Image-0.1-Edit supports diverse image-stylization edits.
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3 Experimental Analysis and Discussion

In this section, we share several key insights and observations encountered during our experiments. While
these findings may not seem entirely “novel”, they have clearly not received sufficient attention from the
research community, as evidenced by recent literature. Therefore, we wish to re-emphasize the factors that
have both helped and hindered our experimental process.

3.1 Boosting Generation via Better Understanding

The optimization objectives of Boogu are quality and efficiency, where quality is determined by the alignment
between the user’s intent and the generated image, and efficiency is measured by the computational cost
incurred to reach a satisfactory output. Our design is guided by several empirical observations accumulated
during the development and deployment of large-scale text-to-image (T2I) systems:

e Many users issue very simple or underspecified instructions, such as a few keywords or a vague description,
that nonetheless require non-trivial reasoning about context, common sense, or implicit visual conventions
to be correctly interpreted and turned into a concrete generation target.

e Different tasks demand vastly different levels of generation capability: rendering a single isolated object
is fundamentally easier than composing a multi-subject scene with precise spatial relations or stylistic
constraints. Always invoking the strongest model is therefore computationally wasteful and offers
diminishing returns on easy requests.

e Even the strongest Vision-Language Models (VLMs) suffer from inherent limitations on certain fine-
grained capabilities, such as counting, precise spatial reasoning, and attribute binding, and relying on
a single monolithic model to handle every aspect of understanding tends to inherit these weaknesses
wholesale. Such limitations are further amplified when the system prompt becomes excessively long,
forcing the model to attend to a large number of instructions at once and to lose focus on the most
relevant ones for a given input.

To address these challenges in a unified manner, Boogu places understanding at the center of its design and
decomposes it along three complementary dimensions. Each targets a distinct source of error in current
text-to-image pipelines, and together they form the backbone of our quality—efficiency trade-off:

e Understanding user intent. The first bottleneck of generation quality lies in interpreting what the user
truly wants, which spans two complementary regimes. (1) When a prompt is short yet precise, its intended
semantics must be understood and faithfully preserved rather than over-rewritten or diluted, which
calls for a sufficiently strong text encoder that can accurately capture the intended meaning. (2) When
a prompt is vague or verbose, a stronger agentic prompt rewriter, built on better rewriting principles
and a more capable VLM backbone, is needed to translate it into a faithful, generator-ready form while
reasoning about the underspecified details. Because both the text encoder and the rewriter operate
upstream of the generator, improvements here propagate to every downstream module.

e Understanding the training images. On the data side, the captioning strategy fundamentally determines
what the model can and cannot learn: a generator can only acquire the concepts, attributes, and
compositional patterns that its captions actually describe. Better image—caption alignment covering
not only salient objects but also style, spatial layout, counts, and fine-grained attributes is therefore
essential to inject the desired capabilities during training, and to prevent systematic blind spots from
being baked into the model weights.

e Understanding the task complexity. Finally, on the inference side, Boogu explicitly estimates the
difficulty of each request before deciding how to serve it. This complexity-aware routing directs simple
requests to lightweight models and reserves the strongest generators for genuinely hard cases requiring
deep reasoning or high-fidelity composition, yielding a principled trade-off that improves average quality
while keeping the compute budget under control.
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3.1.1 Instruction Encoder: The Sensor of Text-to-Image Models

We observe that many strong open-source text-to-image models are limited not by their generative components,
but by an inaccurate understanding of the text description. Every text-to-image model relies on an “instruction
encoder”, albeit in different forms, and we regard this encoder as analogous to a sensor: it defines the upper
bound on the information available to the rest of the system. A weak encoder may discard important
information before it interacts with image tokens, and because the instruction encoder is typically frozen
during training, this limitation persists across both training and inference. In such cases, additional inference-
time computation offers limited benefit, since no downstream process can recover information that was lost
at the input. We therefore argue that a stronger encoder provides more accurate text understanding and
higher-quality representations, and consequently yields better text-to-image generation. This view is consistent
with several prior works that either report a similar pattern or adopt a stronger VLM as a default design
choice, including Qwen-Image 2.0 [130] and Ideogram 4.0 [2].

Table 7 reports GenEval [42] scores as a function of encoder scale. Holding the training data, hyperparameters,
and DiT architecture fixed—aside from minor adjustments required for tensor-dimension alignment—we find
that scaling the frozen instruction encoder alone yields consistent improvements in generation quality. This
indicates that the encoder’s capacity to comprehend and represent instructions is a fundamental determinant
of text-to-image performance: a more capable encoder translates directly into better generation. We emphasize
that these gains do not come from the parameter count itself, but from the encoder’s underlying ability to
understand and encode instructions.

Owing to resource constraints, we did not evaluate larger encoders; however, within the range we examined, we
observed no saturation in performance as the encoder scaled. While a stronger encoder is expected to further
improve results, we also prioritize accessibility for open-source users, and therefore adopt Qwen3-VL-8B [3] as
the instruction encoder—a choice that balances generation quality against deployment cost.

Prompt 1

RRAEFE
BYALRAE

Prompt 2

RRREE
BY4E RS

Figure 16 A single character changes everything. The two prompts express the same intent—a dragon and a
phoenix in paper-cut style—and differ only by the conjunction “and™ “the dragon phoenix brings prosperity” (Prompt 1)
versus “the dragon and phoenix bring prosperity” (Prompt 2). This single extra character breaks the fixed four-character
idiom that the model has learned as a unit, producing a markedly different image despite the unchanged meaning.

Instruction Encoder[135] Qwen3-1.7B  Qwen3-4B  Qwen3-14B
GenEval Score 1 0.6034 0.6251 0.6477

Table 7 Effect of instruction-encoder scale on GenEval. We vary only the instruction encoder [135] while holding
the DiT fixed at 1B parameters (with all other settings unchanged). GenEval scores improve monotonically as the
encoder scales from 1.7B to 14B, with no saturation observed. These are intermediate results from models that are
not yet fully trained, reported to show the relative trend across encoder scales rather than final performance.
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3.1.2 Prompt Rewriter: A Translator, Not an Enhancer

In real-world applications, user prompts are frequently ambiguous, occasionally unsafe, and often require
reasoning to be correctly interpreted—precisely the challenges that photographers, designers, and painters
confront in their daily work. Without a strong translator that aligns user intent with the generated image,
users may remain dissatisfied with the result even when the image exhibits high-quality detail and aesthetic
appeal. A capable prompt rewriter is therefore essential to bridge the gap between underspecified user input
and the structured, unambiguous conditioning that the generation model expects.

Employing a prompt rewriter has become a common practice among open-source models [19, 81, 130].
However, existing approaches exhibit several limitations. First, many rewriters produce excessively long
outputs, introducing redundant or hallucinated details that drift from the user’s original intent and inflate
inference cost. Second, they typically operate in a single forward pass, without the capacity to reason over
ambiguous or compositional instructions before committing to a rewrite.

Motivated by these limitations, we adopt an agentic prompt rewriter that treats rewriting as a reasoning
process rather than a single-shot transformation. Rather than expanding a prompt indiscriminately, our
rewriter interprets user intent, resolves ambiguity, and produces a faithful, appropriately scoped instruction for
the generation model—acting as a translator of intent rather than an enhancer of content. Notably, recently
several concurrent work also proposes agentic prompt rewriter [60, 81].

Figure 17 shows an example that the prompt rewriter significantly boost overall performance. We utilize a
reasoning-capable prompt rewriter to address several fundamental difficulties in text-to-image generation that
the generation model alone struggles to resolve, as shown in Figure 18b.

e Reasoning. Prompts that specify a target indirectly—e.g., “the animal that lays eggs and produces
g p pecity g y—e.g., ys egg p

milk” or “draw the result of 7 x 8 —require multi-step inference before a concrete visual subject can be
determined. The rewriter resolves such implicit descriptions into explicit, renderable instructions.

e Counting. Generation models are notoriously unreliable at producing a precise number of objects. By
explicitly enumerating instances in the rewritten prompt (e.g., expanding “five apples” into a structured,
position-aware description), the rewriter alleviates miscounting and improves numerical fidelity.

e NSFW prompts. Unsafe or policy-violating requests can be identified at the rewriting stage and sanitized
before reaching the generation model, providing an interpretable first line of content moderation.

e Text rendering. The rewriter brings substantial gains here, as user intents for adding text are frequently
ambiguous or imprecisely formatted (e.g., “add a title” without specifying the exact wording or style).
By resolving these into explicit, well-structured specifications, fixing the precise string and placement,
the rewriter markedly improves both the accuracy and the visual quality of the rendered text.

While prompt rewriting is already widely adopted to improve generation quality, we re-emphasize a property
that is often overlooked: a well-designed rewriter should be lower-bounded by the identity transformation.
That is, when a user’s prompt is already clear, well-specified, and free of conflicts, the rewriter should leave it
essentially unchanged rather than embellish it. Under this design principle, rewriting can only help and never
hurt. In the worst case it preserves the original intent verbatim, and in the better cases it resolves ambiguity,
underspecification, or conflict. This stands in contrast to rewriters that compulsively expand every prompt,
which risk injecting hallucinated details and drifting away from a user request that needed no modification in
the first place. Guaranteeing this lower bound is precisely what distinguishes a translator from an enhancer:
the former intervenes only when intent is unclear, whereas the latter alters the input unconditionally.

Stronger vision-language models amplify the efficacy of prompt rewriting. As shown in Figure 18a, we
observe a clear positive correlation between a model’s intrinsic world knowledge and reasoning capacity and
the quality gain it delivers through rewriting. Given an identical user query, a more capable backbone draws
on richer world knowledge and stronger compositional reasoning to produce more coherent, intent-faithful,
and context-aware rewrites. This gap is, in fact, one concrete manifestation of the broader divide between
open- and closed-source models—the rewriting ability is bounded not by the rewriting pipeline itself, but by
the knowledge and reasoning embedded in the underlying model.
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Prompt 1 - Original

Newton’s Laws of Motion Poster

Prompt 2 - Rewritten

A high-quality educational poster design titled "Newton's Laws of Motion". The poster
has a dark navy bluebackground with a subtle textured chalkboard finish. At the top
center, large bold white sans-serif typographyreads "NEWTON'S LAWS OF MOTION"
with a thin white underline beneath. Below the title, the poster isdivided into three distinct
vertical sections, each separated by a thin white line.Left section (First Law - Incrtia): A
simple illustration of a red book resting on a flat wooden table, with ahorizontal arrow
pointing right labeled "Constant Velocity” and another pointing left labeled "Friction"
Alabel reads "Law I: Inertia". Description: "An object at rest stays at rest, and an objeet
in motion stays inmotion unless acted upon by an extenal force."Center section (Second
Law - Acceleration): A blue shopping cart pushed by a hand, with a large red

d labeled "Force (F)" and an arrow up labeled "Acceleration (a)". A label

2: F = ma" Description: "Force equals mass times acceleration. The greater

. the greater the force needed toaceelerate."

Right section (Third Law - Action & Reaction): A rocket launching upward with exhaust
flames downward, anupward arrow labeled "Action" and a downward arrow labeled
"Reaction”. A label reads "Law 3: Action &Reaction". Deseription: "For every action,
there is an equal and opposite reaction."At the very bottom, centered: "Sir Isaac Newton
Philosophiac Naturalis Principia Mathematica - 1687". Theoverall design is clean,
academic, and symmetrical. Warm museum-style lighting, slight matte reflection,realistic

needed to accelerate.
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Figure 17 Effect of automatic prompt rewriting on text-to-image generation. The left two columns show the
images produced from the original prompt (left) and its rewritten version (center); the right column lists the two
prompts. Prompt 1 is a terse user request, “Newton’s Laws of Motion Poster”, which leaves layout, style, color, content,
and typography entirely unspecified. Prompt 2 is the output of a prompt rewriter that expands the same intent into a
detailed, structured specification: an explicit title and underline, a dark navy chalkboard background, three vertical
sections with named laws, concrete illustrations (a book, a shopping cart, a launching rocket), labeled force and motion
arrows, per-section descriptions, an attribution footer, and photographic rendering directives. The rewritten prompt
removes ambiguity that the model would otherwise resolve arbitrarily, yielding a far more coherent, on-topic, and
publication-quality poster. This illustrates that prompt rewriting acts as a bridge between a user’s high-level intent
and the dense, descriptive input on which diffusion models [97] perform best.

Sir Isaac Newton « Philosophié Naturalis Principia Mathematica « 1687 paper grain. Realistic photography, 8K resolution, shallow depth of field with focus on

the postercenter. Studio lighting, neutral color temperature, no glare.
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Figure 18 Both scaling up the thinking rewriter and introducing capability-specific PE skills effectively improve
prompt rewriting quality. (a) Effect of different thinking models on rewriting. Compared with the no-thinking
baseline, larger thinking models generally achieve higher advantage scores, indicating that stronger world knowledge and
reasoning improve prompt rewriting quality. Among them, 122B and 397B are MoE models; the drop of 122B relative
to 27B may be attributed to the MoE architecture or routing behavior, yet the overall trend remains that stronger
models yield larger rewriting gains. (b) Effect of dimension-specific skills on the corresponding capabilities. After
introducing dedicated skills for Counting, Infographic, Reasoning, NSFW, and Scene-Text, the advantage scores of the
corresponding dimensions all change, with Infographic and Scene-Text showing the most notable gains, demonstrating
that capability-oriented skill design effectively enhances the prompt rewriter in target scenarios. The NSFW score is
below 1 because unsafe prompts are intentionally sanitized, which may reduce literal prompt satisfaction while improving

NSFW alignment. The advantage score is defined as Saqy = (Nwin + Ngood 4 b"‘d) / (Nlose + Ngood 4 bad), where

tie tie tie tie
Sadv > 1 indicates an advantage over the baseline.
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We further observe that this latent capacity is highly contingent on the system prompt. A poorly structured
system prompt acts as a bottleneck that suppresses the model’s potential, whereas a carefully calibrated one
serves as a catalyst that unlocks it. Consequently, realizing the full benefit of a strong backbone requires
co-designing the rewriting prompt alongside the model.

Different text-to-image models call for different prompt rewriters. This is because each generation model is
trained under its own conditions. First, models inject human preference along different axes: some are tuned
toward photorealism, others toward illustration or aesthetic stylization, so the same prompt elicits different
default behaviors. Second, models adopt different captioning strategies during training, meaning they expect
input phrased in different styles and structures. A rewriter tuned for one model’s caption distribution may
therefore produce out-of-distribution input for another, degrading rather than improving its output.

A direct consequence is that comparing two models under an identical prompt is often unfair: the prompt
may sit squarely within one model’s training distribution while falling outside the other’s. A meaningful
comparison should instead pair each model with its own appropriately adapted prompt, evaluating each at its
intended operating point rather than under a shared but model-agnostic input.

3.1.3 Captions: Good Supervision Requires Understanding User Demand

The captioning strategy for training images must be designed around anticipated user demand. Captions
serve as the supervisory signal that defines what the model can learn: if a capability is never described in
the captions, the model has little chance to acquire it, and injecting that ability at inference time becomes
extremely difficult, as neither prompt rewriting nor additional sampling can recover information that was
never present in the supervision. Improving the alignment between an image and its caption is therefore
central to the final quality of a text-to-image generation model.

Building such a high-fidelity captioning pipeline, however, is non-trivial, and existing practices face two
recurring problems:

e Limited capability of moderate VLMs. Mid-sized vision-language models [3, 4, 146] often produce
inaccurate captions, miscounting objects, hallucinating attributes, or misjudging spatial relations, and
this noisy supervision is faithfully inherited by the generation model.

e Prompt sensitivity of strong VLMs. Even a strong VLM [40, 40] yields markedly different captions
under different captioning system prompts. Without careful calibration, this inconsistency propagates
as conflicting supervisory signals across the training set.

To address these issues, we systematically benchmark a set of candidate VLMs, including both open-source
models such as Qwen2.5-VL-7B, Qwen2.5-VL-32B [4], Qwen3-VL-8B [3], and InternVL3-8B [146], as well
as closed-source models such as Gemini-2.5 [40] and Gemini-3 [46]. We measure their captioning accuracy
along each aspect of interest, including object counting, spatial relations, attribute binding, style, and text
rendering. Rather than relying on a single model or a single system prompt, we select, for each aspect, the
VLM and prompt configuration that performs best, and aggregate their outputs into a unified, demand-driven
caption. For dimensions that most VLMs fail to caption accurately, we further resort to expert models or
human experts to annotate the corresponding tags.

This per-aspect design yields consistently more accurate captions than any single-VLM baseline, and the
resulting improvement in image-caption alignment translates into measurable gains in the corresponding
generation capabilities of the trained model.

3.1.4 Model Router: The Right Model for the Right Task

For a human painter, the time needed to complete a painting varies greatly from a simple sketch to an intricate
composition. Motivated by this observation, we design our system in a similar spirit: an agent decides which
model to invoke, thereby controlling the trade-off between quality and efficiency.

Such practices are already common in the open-source community, where experienced developers and artists
select different models, adjust the number of diffusion steps, and so on. While it is unclear whether top-tier
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systems adopt similar strategies, one telling fact is that GPT-Image-2 [94] can take up to 100x longer than
Z-Image-Turbo [138] to generate a very simple prompt such as “a beautiful girl”. The same phenomenon arises
within our Boogu-Image-0.1 series: in many cases the outputs of Boogu-Image-0.1-Turbo and Boogu-Image-
0.1-Base are nearly indistinguishable, yet their inference costs can differ by 50 to 100 times.

Building on this insight, Boogu adopts an analogous strategy: rather than committing to a single model, it
uses an agent to route each request to the most suitable variant in the Boogu-Image-0.1 series according to the
estimated difficulty of the prompt, reserving the heavier Base model for genuinely complex requirements while
handling simpler ones with the fast Turbo model. Similar ideas have been explored in the LLM community,
where routing frameworks such as FrugalGPT [25], RouteLLM [92], and Hybrid-LLM [31] dynamically dispatch
queries to models of different capacities to trade off quality against cost.

Admittedly, employing multiple models introduces additional system complexity. Nevertheless, given the
substantial cost savings, we believe this direction is well worth pursuing.
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3.2 General Discussion on Boogu Experiments

In this section, we present discussions based on the experimental evaluation of the Boogu model series. While
these observations may appear trivial at first glance, they are in fact of critical importance.

3.2.1 Discussions Beyond Leaderboards

Inference-time cost should be considered in evaluations. A unified multimodal understanding-and-
generation system differs fundamentally from a standalone text-to-image model: both the understanding and
the generation components contribute substantially to end-to-end performance, and neither can be evaluated
in isolation. This coupling has direct implications for inference cost. Strong closed-source systems such as
GPT-Image-2 typically incur higher latency than open-source counterparts, in part because their quality
reflects additional computation that is rarely accounted for in standard comparisons. However, even the most
popular benchmark, LMArena [1], still does not take inference-time cost into account.

As shown in Figure 19, a broad class of techniques can improve output quality at the expense of inference
time, including best-of-N sampling, self-reflection, prompt rewriting, and model ensembling [142]. As a recent
example, GEMS [53] combines agents with Z-Image to outperform Nano-Banana on several benchmarks.
These methods trade compute for quality along a continuous curve, which means that any quality figure
reported without an accompanying latency budget is incomplete: the same model can occupy many points on
this curve depending on how much test-time computation it is permitted to use. A meaningful comparison
must therefore fix the inference budget across systems, or report quality and latency jointly as a Pareto
frontier rather than as a single scalar.

In practice, however, most models report quality metrics without accounting for inference cost. This omission
systematically favors methods that consume more test-time computation and obscures the genuine efficiency
trade-offs that determine viability in deployment. A model that achieves a marginal quality gain at several
times the latency may be preferable on a leaderboard yet unacceptable in a production setting.

We acknowledge that fair latency comparison is itself difficult. Closed-source systems must accommodate
additional production constraints—including NSFW filtering, political-sensitivity handling, bias mitigation,
and broader safety checks—that contribute to their measured runtime but are orthogonal to core generation
quality. Isolating the cost attributable to generation alone is therefore non-trivial, and any cross-system
latency comparison should be interpreted with this confound in mind.

Despite these challenges, we maintain that inference time must be incorporated as a primary evaluation
axis rather than a secondary consideration. Quality and latency are not separable objectives; they jointly
determine the practical utility of a model. Evaluating either in isolation produces conclusions that fail to
transfer to real-world deployment.
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Figure 19 Trade-off between inference time and performance across strategies. Performance progressively
improves from the Raw Model (bottom-left) to the Agentic Model (top-right) by integrating techniques (e.g., Prompt
Enhancement, Reflection, Best-of-N), albeit at higher inference costs. The gray region denotes intermediate strategies
omitted for clarity, and the dashed curve illustrates the overall performance-efficiency trend.
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Over-reliance on a single baseline in A/B testing is methodologically flawed. During the interme-
diate phase of the project, we evaluated progress primarily through pairwise A /B comparisons against a single
strong reference model. In retrospect, this framing was methodologically flawed. For open-source development,
the appropriate evaluation target is not whether a model outperforms a specific competitor, but whether it
improves upon the aggregate capability already available within the community. As shown in Figure 20, a
favorable result against an individual baseline is both easy to obtain and prone to over-interpretation, since it
reflects performance relative to a single point rather than to the prevailing capability frontier. The meaningful
comparison is therefore A versus the union of all open-source work, that is, the effective capability envelope
a user can assemble from currently available models and tools. We adopted this perspective only in the
later phase of the project, after which our evaluation shifted from comparison against a fixed reference to
comparison against this collective frontier.

This consideration further motivates designing evaluation sets around target application scenarios. A
benchmark is informative only to the extent that it poses the questions that arise in real usage. We found
that scenario-driven evaluation, using prompts derived from genuine production workflows, assessed by human
raters, and aligned with deployment objectives, provides substantially more discriminative signal than static
academic metrics. While such evaluation incurs higher construction and annotation cost, its correspondence
to real-world conditions is what renders the resulting iteration reliable.

We note that strong closed-source models such as the Seedream [14, 15, 39] series have already adopted multi-
dimensional comparison, yet this practice remains uncommon in the open-source community. While many
open-source works attempt to approximate it by combining several benchmarks, this fallback is undermined
by the flaws in public benchmarks discussed above.

v’ Model A Beats the Baseline! Model A Still Lies within the Frontier
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(a) Model A vs. A Single Baseline (b) Model A vs. The Open-Source Frontier

Figure 20 Single-baseline comparison versus the open-source capability frontier. (a) Compared against a single
reference model, Model A appears superior on every dimension, inviting an over-optimistic conclusion. (b) When all
available open-source models are considered jointly—forming a capability envelope (dashed region) that users can draw
on in practice—Model A still lies largely within this envelope. The meaningful target for open-source development is
therefore to advance the collective envelope, not to outperform any single baseline.
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Open challenges for future evaluation. Even after reframing our evaluation methodology, several
problems remain unresolved. Below, we highlight a few representative challenges to serve as a reference for
the community, though this list is by no means exhaustive.

¢ ImageNet-like T2l benchmarks are required. The text-to-image community still lacks a standardized
benchmark with the rigor that ImageNet [30] brought to recognition [52, 69, 105]. In particular, it lacks
a clear and enforced separation between training and test data. At a minimum, models should control
their training and test splits so that evaluation prompts (and the images associated with them) are
guaranteed to be unseen during training. In current practice this discipline is largely absent: web-scale
training corpora are scraped indiscriminately [61, 102, 111, 112], and popular evaluation prompts or their
near-duplicates frequently leak into the training set. As a result, reported gains may reflect memorization
rather than genuine generative capability [20, 33, 116], and cross-model comparisons become unreliable.
We argue that establishing a benchmark with documented data provenance, held-out test prompts, and
explicit leakage controls is a prerequisite for measuring real progress in text-to-image generation.

e World-knowledge evaluation. It remains unclear how to systematically assess whether a model
captures real-world physical laws, spatial relationships, and causal structure [16, 49, 78|. Existing
benchmarks [42, 59, 91] provide little coverage of these properties, and the failures they miss are often
subtle. For example, a model may render a glass of water with physically inconsistent refraction, place
a shadow on the wrong side of a light source, depict a mirror reflection that does not correspond to
the scene, or generate a clock whose hands are inconsistent with a specified time. More demanding
cases require compositional and causal reasoning. For instance [18, 78, 140], “a half-filled glass that
has just been knocked over” requires the model to represent both the resulting spill and the residual
liquid. Such errors are easy for humans to identify but difficult to capture with any automated, scalable
metric [54, 58, 134], and we do not yet have a reliable protocol for measuring them.

e Ambiguous semantics. User prompts are frequently underspecified, and the space of acceptable outputs
is correspondingly large [68, 110, 137]. An instruction such as “a nice living room” admits many valid
interpretations, conditioned on user intent regarding style, lighting, and furnishing. The difficulty is
compounded when prompts contain culturally dependent or contextual terms: “a traditional breakfast”
implies different scenes in different regions, and “a formal outfit” varies with occasion and culture.
Because no single reference output is correct, standard reference-based metrics are ill-suited to this
setting [58, 71, 96, 106], and evaluating whether a model resolves ambiguity in a manner consistent with
human expectations, rather than collapsing to a generic or averaged output, remains an open problem.

e Inference time. Quality and latency are in direct tension [56, 85, 90, 117]: techniques that improve
fidelity, such as best-of-N sampling [134], prompt rewriting [51], and model ensembling [98], do so at
the cost of additional computation. A model that achieves a marginal quality gain at several times the
latency may rank favorably on a leaderboard yet prove impractical in interactive applications, where
response time is itself a component of user experience. Identifying the appropriate quality and latency
Pareto frontier for each deployment scenario, whether real-time interaction, batch generation, or offline
production, remains an unsolved problem.

e Dynamic benchmarks. These observations motivate the development of evaluation protocols that are
dynamic, contamination-free, and aligned with human judgment [5, 27, 76]. The underlying risk is a
classic instance of Goodhart’s Law [28]: once a benchmark becomes an optimization target, it ceases to
be a reliable measure. Engineering efforts are consequently driven toward over-optimization of specific
benchmark formats, which can inadvertently degrade a model’s instruction-following and conversational
capabilities in deployment. As a result, a model that surpasses its predecessor by 10% on academic
benchmarks may nonetheless exhibit inferior performance in complex, open-ended user scenarios. In the
absence of such protocols, public benchmark scores should be interpreted with caution, and evaluation
should remain anchored to the criterion that matters: whether a model enables real users to solve tasks.
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3.2.2 Data Ablation Evaluation: Just Enough Data Is Not Enough

How much data do we need? There are many open-source works that disclose their pretraining data.
However, few of them discuss why a certain amount of data is required. The cost of training a foundation
model, such as a text-to-image model, is highly correlated with the scale of the training data. Only a handful
of organizations can afford to train such models, as the cost is prohibitive, including the computing resources,
the disk storage needed to hold the data, and the expense of transferring it. Reducing this cost would open
the problem to more organizations and broaden research in this area.

Prior excellent open-source models like Qwen-Image [130], Hunyuan-Image [19], Krea2 [72] mentioned that
they utilized billions of images in the pretraining stages. Lens [22] utilizes fewer data but also require 800M
images for training, which is close to 1 billion images. While there are some other interesting models that use
fewer data but their performance is somehow not to close strong models mentioned above.

Boogu-Image-0.1 uses only 208.62 million unique images to achieve competitive performance, outperforming
baselines that rely on substantially more training data and compute across many evaluation settings. In our
opinion, the required volume of training data is mainly determined by two factors: the scope of knowledge,
and the number of network parameters. As a foundation model, we usually hope it has good generalization
ability and a wide range of knowledge. As the scope of knowledge grows, more training data is needed to
represent it, consistent with studies of scaling laws [64, 77].

To reduce training cost, Boogu adopts two strategies aimed at lowering the volume of training data. First, we
adopt a DiT with 10 billion parameters. Rather than scaling up model size, we deliberately keep the model
compact so that it remains accessible to the open-source community, where many users and developers do
not have access to high-end GPUs. This choice shifts the burden of efficiency onto data curation rather than
raw model scale. Second, it is well known that internet-scale data exhibits a severe long-tail distribution:
for a popular concept, the available data can be orders of magnitude larger than that of a rare one. Take
landmarks as an example. As shown in Figure 21, data availability is heavily skewed toward a few iconic
landmarks, with the Eiffel Tower attracting far more search interest than the rest. We argue that such an
abundance of head data is unnecessary for training: beyond a certain point, additional examples of an already
well-covered concept yield diminishing returns rather than better performance.

Note that there is a trade-off between the cost of constructing a balanced distribution and the cost it saves
during training. Such careful data curation is only worthwhile when the available compute is limited; otherwise,
constructing a balanced distribution may cost more than simply training on the unbalanced pretraining data.

Google Search Interest for Famous World Landmarks
Top 10 vs. bottom 10 of a 100-landmark fame ranking
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Figure 21 Google search interest across famous world landmarks. Each landmark is ranked by general global
fame; the bars show the top 10 (most famous, left) and the bottom 10 (ranks 91-100, right), with the intervening
80 landmarks omitted for clarity, as marked by the central break. The vertical axis reports relative search interest
on Google Trends (indexed to 0-100 and anchored to the top-ranked landmark so that all bars are comparable), not
absolute query volume. Interest falls off steeply: the most famous landmarks attract many times the search interest of
those in the long tail. Note: the fame ordering is editorial rather than derived from a formal metric, so the figure is
intended to illustrate the overall distribution rather than to provide an exact measurement.
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Explicitly captioning visual flaws instead of filtering flawed data. Very few categories of data
actually need to be filtered out if your goal is to build a general-purpose image generation model. While
training a foundational text-to-image model requires high-quality, aesthetically pleasing images with optimal
exposure and composition to ensure generation fidelity, suboptimal data, such as underexposed, poorly
composed, blurry, or watermarked images, should not be entirely discarded. Unlike recent data pipelines
such as Qwen-Image [130], Z-Image [138], and JoyAI-Image [118], which commonly emphasize filtering images
with visible artifacts or quality defects, we argue that these samples can remain valuable if paired with detailed
and accurate captions. By explicitly describing all visual and logical content alongside their specific flaws (e.g.,
detailing the presence of watermarks or the exact nature of the blurriness), these images can be integrated
into the training set at an appropriate ratio. This not only helps the model learn fundamental visual patterns
but also enables it to understand negative visual elements, thereby acquiring a more comprehensive and
controllable generation capability. In principle, almost any 2D image can be utilized; the real challenge is not
whether to include such data but how to balance it, which demands extensive fine-grained tagging or manual
annotation to enable precise control.

Figure 22 illustrates this idea with several common artifacts found in open-source images. Rather than
discarding these samples, we retain them and pair each with a caption that explicitly names the defect: a
visible watermark (top-left), color noise from a low-light night shot (top-right), motion blur caused by a slow
shutter speed (bottom-left), and severe overexposure (bottom-right). By grounding each artifact in language,
the model learns not only the underlying visual content but also the concept of the defect itself. This turns
what would otherwise be filtered-out “bad” data into a signal for controllable generation, allowing the model
to either avoid these artifacts or reproduce them on demand.
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Figure 22 Common artifacts in open-source images, paired with captions that explicitly describe them.
Simply filtering out such images would deprive the model of the ability to understand these artifacts; instead, we
retain them with captions that name the defect, enabling controllable generation. Top-left: a watermarked image.
Top-right: a low-light night photo showing color noise upon magnification. Bottom-left: motion blur from a slow
shutter speed. Bottom-right: significant overexposure.
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Quality over quantity: massive open-source datasets do not guarantee high performance. For
the initial pretraining phase, we construct a foundational data mixture entirely from publicly available
sources, comprising both single image-text pairs and interleaved text-image documents. Specifically, we collect
representative single-image corpora, including COYO [13], DataComp [37], PixelProse [114], and BLIP-30 [23].
To further expand the overall data scale and enhance broad visual-concept coverage, we supplement these
with a large-scale interleaved corpus derived from OmniCorpus [74].

Our empirical findings demonstrate that relying solely on open-source datasets (here 187M in total) imposes a
strict ceiling on model performance, rendering them inadequate for training state-of-the-art models. Despite
their massive volume, open-source corpora suffer from pervasive quality issues, including high semantic noise,
factual errors, and severe data duplication.

More importantly, these datasets lack the descriptive depth required for high-fidelity generation; their captions
are predominantly brief and shallow, failing to capture the fine-grained attributes, spatial relationships, and
dense image-text alignments necessary for precise and controllable synthesis. Furthermore, open-source data
is highly skewed toward generic web content, leaving a critical void in high-quality, domain-specific (e.g.,
scientific, logical, and localized) data. To bridge the gap to proprietary frontier models, developers must move
beyond public datasets and focus on building sophisticated data-refinement pipelines, high-quality synthetic
data generation, and meticulous expert-level curation.

As shown in Figure 23 and Table 8, a model trained on data structured by a carefully designed, human-
prior-based syllabus significantly outperforms one trained on massive (187M) open-source data in terms of
instruction comprehension and following, world knowledge, and photographic quality.

Training Data Qwen-Image-Bench (CN+EN) 1 LongText EN 1 LongText ZH 1
Open-source Data 48.45 0.828 0.869
-+Boogu Syllabus 53.65 0.952 0.969

Table 8 The Boogu Syllabus substantially outperforms open-source data. Under identical model and training
settings, training on the curated Boogu Syllabus improves performance across all three benchmarks over training on
raw open-source datasets. Best scores are bolded.

Prompt 1: A masked cat (anthropomorphized) grips a handrail in a subway car, its eyes looking tired; an
advertisement in the car reads “Al, keep going!” Requirements: correct perspective, the cat’s anthropomorphism
is reasonable and cute, the advertisement text is legible, and the lighting is consistent.

Prompt 2: Amidst heavy snowfall, a swordsman in a red cloak stands alone on the city wall, the wind whipping
his cloak into sharp lines. Requirements: contrasting warm and cool colors (cold snow + red cloak); low-angle
shot; sharp edges; natural pose.

Figure 23 Training on the Boogu Syllabus yields markedly better generation quality than open-source data.
The left two images are generated by the model trained on open-source datasets, while the right two are generated by
the model trained on the Boogu Syllabus (prompts shown above). Under identical settings, the Syllabus-trained model
produces more accurate text rendering, more coherent composition, and better prompt adherence.
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Cultural bias ingrained in open-source data persists despite targeted SFT. We identify a distinct
capability gap across cultural contexts, where the model acquires Western concepts (e.g., Caucasian features)
more readily than Eastern ones. We attribute this discrepancy to the inherent Western-centric bias in large-
scale open-source pre-training data, which is heavily dominated by Western cultural contexts—a systemic
imbalance that remains difficult to quantify given the sheer volume of the data. Our experiments reveal that
even incorporating a large-scale, high-quality Chinese dataset during the SFT stage cannot fully rectify this
bias. Because foundational worldviews and cultural associations are established during the massive pre-training
phase, downstream SF'T only scratches the surface of behavioral alignment without fundamentally altering
the model’s latent representation space. As a result, the model still defaults to Western-centric patterns in its
generations (see Figure 24), suggesting that cultural diversity must be addressed during pre-training rather
than treated as an afterthought in fine-tuning.

As shown in Figure 24, we present image samples generated by our fine-tuned model using semantically
equivalent Chinese and English instructions. Notably, even when prompted with Chinese instructions, the
model exhibits a markedly high probability of generating Western faces or defaulting to Western cultural
elements, such as architectural designs, street layouts, and clothing styles. While varying the random seed
introduces some visual diversity, the predominant emergence of this Western-centric aesthetic remains highly
consistent. This phenomenon clearly demonstrates the cultural bias discussed above, underscoring the urgent
need for the open-source community to collect and curate datasets with greater cultural diversity.

EN: A street photography shot of an elderly scavenger with a deeply weathered and wrinkled face in the center
of the frame. The scene includes a trash can and a traffic light in the background. High photographic texture,
classic street photography aesthetic, cinematic lighting, photorealistic.

ZH: Kk EHRR A, BRI, 40T . EEFOF - MERMEAN, WRIER . MAEERPRE,
BB -

Figure 24 Semantically equivalent prompts in different languages produce culturally biased outputs. The
left two images are generated from the English prompt and the right two from the Chinese prompt (shown above),
despite the two prompts describing the same scene. The model renders the subject and setting with markedly different
cultural characteristics depending on the input language, revealing a language-conditioned cultural bias.
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Syllabus-guided data curation with human priors significantly boosts performance. Pure visual
understanding is inherently a “dimensionality reduction” task involving information compression—mapping
rich visual signals to lower-dimensional text. Regardless of how exhaustive a natural language description is,
it inevitably loses some of the original visual information. Consequently, generating an image or video based
solely on even the most detailed text will likely yield results that differ from the original source. Conversely,
Text-to-Image (T2I) generation is a “dimensionality expansion” task, granting the model immense creative
freedom to synthesize countless valid visual variations that satisfy a given user prompt.

Recent studies on visual understanding models reveal several critical insights: (1) Model capabilities exhibit a
severe long-tail distribution with respect to their training data [95]. While models excel at common concepts
(e.g., cats or dogs), they struggle with rare elements due to the inherent long-tail nature of mainstream
datasets. (2) Multimodal models require exponential data exposure to grasp a concept [124]; specifically,
zero-shot performance grows linearly only with exponentially increasing exposures to similar data. (3) Scaling
up model parameters alone cannot compensate for unseen data types [26]. If a specific data category is
absent during training, the model cannot align its visual and textual representations, rendering it incapable of
understanding that concept, regardless of model size.

Given that these limitations apply to the dimensionality reduction task like visual understanding, we argue
that the dimensionality expansion task of T2I generation imposes even stricter requirements on data and
training. To circumvent the aforementioned issues, we propose the following data curation principles:

o Systematic and Fine-Grained Deconstruction: Data serves as the textbook for model learning. Just as
physics textbooks deconstruct knowledge into distinct branches (e.g., thermodynamics, electrodynamics)
based on human priors to facilitate learning, systematically deconstructing data into fine-grained,
logically interconnected components forms a structured syllabus that enhances the AI’s understanding.

e Comprehensive Coverage: The dataset must be extensively comprehensive; ideally, no required capability
should fall outside the planned scope. We must proactively curate data for every target capability rather
than relying on the model to achieve sudden “epiphanies” or zero-shot generalization through sheer scale.
Simply put, if the model has never seen a cat during training, we assume it cannot generate one.

o Ample Data per Category: Each fine-grained domain must contain sufficient data volume. As empirically
verified in Section 3.2.3, we estimate the requisite number of exposures needed for a model to memorize
a concept and ensure that each data category meets this threshold during our curation process.

By adhering to these principles, we aim to mitigate the long-tail effect in model capabilities and systematically
guarantee robust, grounded understanding, moving beyond the naive reliance on scaling data volume or model
parameters in hopes of spontaneous emergence.

In short, mere data abundance is far from sufficient. To truly enhance a model’s comprehension and learnability,
data must be structured and organized guided by human priors—a process that inherently injects human
knowledge into the learning pipeline. Next, we detail the data distribution of our Boogu syllabus.
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Figure 25 Macro-level data distribution of the Boogu syllabus.

A well-designed distribution can potentially reduce the required volume of training data. Guided by human
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Figure 26 Micro-level data distribution of the Boogu syllabus.

priors, we deconstruct visual scenes and organize them by their underlying logical relationships, structuring
the data into a syllabus that facilitates the model’s learning. Specifically, we assign higher sampling weights
and construct fine-grained data for complex tasks. For example, as illustrated in Figures 25 and 26, graphic
design constitutes a substantial and finely sub-categorized portion of our Boogu syllabus, reflecting its
multifaceted nature: it requires interrelated capabilities—such as accurate typography, logo and poster design,
and composition—that collectively determine the final visual quality.

These targeted strategies ensure that “no required capability should fall outside the planned scope,” enabling
the model to systematically comprehend diverse tasks and accurately align with the necessary visual elements.
In summary, our Boogu syllabus comprises 21.62M unique samples. During training, these are upsampled
to 47.19M based on our predefined weighting ratios. Notably, our model’s comprehensive performance
significantly surpasses that of models trained solely on 187M open-source samples (see Table 8).
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Systematically enumerating vocabulary for reliable text rendering. To improve the model’s ability
to render visual text, particularly Chinese characters, we propose a systematic data construction strategy
based on vocabulary enumeration. This targeted approach proves far more effective than undirected data
augmentation, which often suffers from coverage omissions and redundant sampling.

Our empirical analysis reveals that the model is virtually incapable of rendering unseen Chinese characters,
requiring a minimum of 300 training exposures per glyph for accurate generation. To validate this, we
constructed a subset of Chinese characters with varying frequencies (Figure 27). Models trained on this subset
consistently and correctly generate characters observed over 300 times. Furthermore, for characters the model
initially fails to render, introducing them for more than 300 exposures during subsequent training ensures
stable and accurate generation (Figure 28).

Under resource and time constraints where enumerating the entire Chinese vocabulary is infeasible, prioritizing
the 3,500 most frequently used modern Chinese characters [148] serves as a practical alternative. By ensuring
each character appears at least 300 times in the dataset, the resulting model can satisfy everyday Chinese text
rendering demands. Table 9 presents the performance gains resulting from optimization targeted exclusively
at the 3,500 frequently used Chinese characters.

Ultimately, this proactive data construction strategy is significantly more efficient than blindly accumulating
open-source data in an attempt to acquire text rendering capabilities through sheer volume.
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Figure 27 Per-character word frequency of a subset. The horizontal axis lists Chinese characters in the ablation
subset, sorted by how often they appear in training (high to low), and the vertical axis reports each character’s
generation accuracy. Characters seen at least ~300 times are generated reliably, whereas rarer characters degrade
sharply—indicating that roughly 300 exposures suffice for accurate generation.
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Figure 28 Correcting rare character rendering via targeted exposure Table 9 Target-exposure scaling
scaling. The figure contrasts the rendering performance before (left two  via SFT optimization substantially
panels) and after (right two panels) optimization, i.e., after SFT on a curated  boosts the model's performance
synthetic dataset that scales the training exposure of each Chinese character =~ on the Chinese subset of Long-
beyond 300 times, the previously unrenderable character $ is now correctly ~ TextBench.

and reliably rendered.
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3.2.3 Ablation Experiments on Multimodal Learning and Understanding

Robustly memorizing an unseen concept requires crossing a quantifiable exposure threshold. To
evaluate the model’s ability to memorize specific human identities, we incorporated 170 daily photographs of
a volunteer (Guoxuan Chen) into an ablation dataset. Each image was annotated with four caption variations
(Chinese /English, short/long descriptions). Through oversampling, we expanded this subset to 11,628 images
(5,814 per language) and mixed it into a comprehensive 12.6M SFT dataset, constituting ~0.13% of the total
data. The dataset was randomly shuffled to ensure uniform distribution. We trained the model using 128
devices with a global batch size of 1024, applying a constant learning rate of le-4 after a 500-step warmup.
Using a volunteer’s photos rather than celebrities ensures that the model had strictly no prior exposure to this
identity during pre-training. The rightmost images in Figure 29 show the ground truth photos included in
the training set: a long shot of the volunteer at ~70kg (top right), a close-up at ~75kg (bottom right, first),
and a medium shot at ~80kg (bottom right, second). Notably, the subject’s appearance varies slightly across
these periods due to fluctuations in weight and personal condition. Note that the flow matching [79] model
tends to learn an averaged representation of these variations.

The generated results from different training checkpoints are shown in Figure 29. The first four images in
the top row correspond to 1k, 2k, 3k, and 5k steps, while the first three in the bottom row correspond to 6k,
8k, and 9k steps. We tested the model using Chinese prompts. At 1k steps, the model had encountered the
volunteer’s photos approximately 1,000 times (including around 500 times with Chinese captions). As shown,
the model begins to generate recognizable facial features around 5k steps and achieves full recognizability by
8k to 9k steps. This indicates that a model requires about 4,500 language-matched exposures during training
to robustly memorize a completely unseen human identity based on its associated textual identifier.
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Figure 29 The generated author identity progressively converges to the ground-truth subject. Top row:
checkpoints at 1k, 2k, 3k, and 5k steps; bottom row: 6k, 8k, and 9k steps. Every 1k steps corresponds to approximately
1,000 exposures to the ground-truth data (500 with English and 500 with Chinese captions). The top-right (~70kg)
and two bottom-left (~75kg and ~80kg) images are ground-truth training samples of the author at different weights.
With increasing training, the model captures the subject’s identity with growing fidelity, using the same prompt.
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Use reinforcement learning with care when training text-to-image models. Distributional diversity
is a core requirement for a general-purpose text-to-image model: users expect to generate not only mainstream-
looking subjects but also those that deviate from prevailing aesthetic norms. Preserving the breadth of the
output distribution is therefore essential to broad usability.

A common technique is to apply reinforcement learning (RL) [82] to improve aesthetics and generation
stability. However, heavy RL tends to collapse the output distribution toward a narrow domain. For instance,
Seedream models [113] achieve impressive portrait results—the generated people are consistently beautiful and
young, matching mainstream preferences—yet generating subjects that depart from this aesthetic becomes
considerably harder and sometimes infeasible. The very alignment that raises average quality also narrows the
reachable distribution. The very alignment that raises average quality also narrows the reachable distribution.
As shown in Figure 30, given the prompt “A sizty-year-old Chinese woman”, models trained with heavy
aesthetic RL tend to render the subject with polished makeup and idealized, glamorized features, whereas our
model produces a more natural and realistic result. We emphasize that such RL-driven distribution shaping is
not a weakness; it is a legitimate product strategy. It simply conflicts with our goal of maximizing diversity.

Guided by this objective, we deliberately avoid heavy aesthetic RL. Instead, we embed human preference
within the understanding system rather than baking it irreversibly into the generator, allowing style—including
attributes such as human faces—to be controlled flexibly at inference time while the generator’s underlying
diversity is preserved. As a result, our model readily generates subjects across a wide aesthetic range, including
those outside mainstream norms.

This does not mean abandoning RL entirely. RL remains valuable for targeted issues that do not compromise
diversity, and it delivers real gains in reducing anatomical artifacts and improving text rendering. However,
RL training incurs substantially higher computational cost: it requires reward-model inference, repeated
sampling, and many additional optimization steps on top of the base training pipeline. To build Boogu in
a cost-efficient manner, we therefore limit RL to the few targeted issues where it is indispensable—such as
anatomical distortion and text rendering—rather than applying it broadly for aesthetic tuning.

TN, ik

(a) Seedream-4.5 (b) Seedream-5.0-lite (c) Boogu-Image-0.1-Turbo

Figure 30 Generated images for the prompt "’A sixty-year-old Chinese woman'’. Models trained with heavy
aesthetic RL (a, b) collapse toward mainstream preferences, rendering the subject with idealized, made-up features
rather than the plain, natural appearance implied by the prompt, whereas our model (c) produces a more realistic
result. We emphasize that such RL-driven distribution shaping is not inherently a weakness; it is a legitimate product
strategy. It simply conflicts with our goal of maximizing diversity.
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Dynamic time shifting does not scale trivially to 2K resolution. In diffusion and flow matching
models, logit-normal timestep sampling combined with resolution-dependent timestep shifting (dynamic time
shifting) has become a widely adopted standard [7, 36, 79, 84]. These strategies are renowned for optimizing
the signal-to-noise ratio and accelerating convergence, particularly when training high-resolution models.

However, during the development of the Boogu series---one of the pioneering open-source models natively
trained at 2K resolution---we observed a phenomenon. Applying the default logit-normal and dynamic time
shifting strategies significantly hinders the convergence rate at this high-resolution scale. Consequently,
models in the early to intermediate stages of training exhibit noticeable noise artifacts in their generated
outputs. Here, we provide a detailed analysis. For standard logit-normal sampling, we have:

1

i u~N(0,1)
To model resolution-dependent timestep shifting, we typically employ linear interpolation to quantify how
the number of latent tokens, np, influences the distribution of the timestep ¢. Calibrated by two pre-defined
reference points (z1,y1) and (z2,y2), the shift factor u(nr) is formulated as:

wing) =k-np +b; k:u, b=y —k-x1

To — X1

where nt denotes the resolution-dependent token count in the latent space. The shifted timestep, tepift, is
then computed as follows (note that in our Boogu series, t — 0 denotes the high-noise regime):

tO'
1o fenlnr) (1 —¢t)7]

tenite = 7 (t ; u(nr), 0) o>0

Fundamentally, this operation is equivalent to a translation in the logit space:

p

t 1i . .
Slft) = o -logit(t) — u(nr); logit(p) = log m

logit (tshiry) = log (1 =
— Ushift

This reveals that the complex time-shifting reduces, in logit (log-odds) coordinates, to a simple affine
transformation: a scaling by ¢ followed by a translation of —u(nr). With the common choice o = 1, it
degenerates into a pure translation by —u(nr). Consequently, a larger p(nr)—induced by higher-resolution
images—shifts the overall distribution towards smaller ¢. While this aligns with the intuition that higher
resolutions demand more computation at the high-noise stages to resolve global structures, applying this
standard dynamic shifting strategy at 2K resolution leads to an over-squeezing effect (see Figure 32, right).
This excessive shift overly degrades the signal-to-noise ratio during training, ultimately slowing the convergence
rate.

Shifted Timestep Distribution — 1K Resolution (4096 tokens) Shifted Timestep Distribution — 2K Resolution (16384 tokens)
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Figure 31 Shifted timestep distributions at 1K and 2K resolutions (o = 1), calibrated using (z1,y1) = (256, 0.5)
and (x2,y2) = (4096,1.15). The right panel illustrates the over-squeezing effect observed at the 2K resolution.
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Rectified Dynamic Time Shifting. To mitigate the over-squeezing effect discussed above, the dynamic
time-shifting scheme must be rectified. The most straightforward remedy is to manually retune the reference
points (x1,y1) and (x2,y2) so as to flatten the slope of the linear interpolation, thereby slowing the growth of
the shift magnitude p(ny) as the token count ny increases quadratically with resolution. However, directly
flattening the slope leaves the shift insufficient for the low-resolution images (e.g., 512 x 512) that co-exist in
mixed-resolution training. An alternative is to replace the linear map with a non-linear fi(-), which in turn
poses a non-trivial optimization problem. For instance, some works [131] adopt a logarithmic curve:

filnr) = a - log(nr) + B,

where one may take a = % and 8 = —log 20; the factor o = % counteracts the quadratic growth of np with
respect to the image side length (i.e., \/n7). Nevertheless, fitting («, 3) is itself an optimization problem, and
the resulting monotonic curve may still mismatch the optimal shift across resolutions. In short, choosing an
optimal p(nr) is a complex problem to which we do not claim an optimal solution; we leave it to the research

community and to future work.

Instead, we adopt a simple yet effective scheme that clamps the effective token count:

fi(ng) = p(min(nr, neap)) = min (u(nr), t(neap)),

where, e.g., Ncap = 4096. This means that beyond the 1K-resolution regime, no additional time shifting is
applied. To facilitate the analysis, we characterize the distribution of tg,i¢r through its quantile function.
Letting P, := Qi ., (¢; 4(n7), o) denote the g-quantile (i.e., the value P, such that Prltsnir < P,] = ¢), we
have:

2
eS /2ds7

P, = Qi (q; p(nr),0) = Sigmoid(a . <I>_1(q) — ,u(nT)) ;i q€(0,1), 0>0, P(z) = / \/12?

where we set o = 1 by default. Based on this expression we plot Figure 32. The family of curves {P,}, whose
rate and trend are governed by p(nr), could in principle be studied via mathematical analysis, which would
be rather involved. Our piecewise construction sidesteps this complexity: by substituting /i(nr) for u(nr), we
directly inherit the tuning effort validated at 1K resolution, seamlessly extend it to 2K training, and eliminate
the over-squeezing artifacts, namely slow convergence and noisy generations at early stage.

Timestep Quantiles as a Function of Latent Token Count
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Figure 32 Timestep quantiles versus latent token count under dynamic time shifting. For a given token count
nr, we plot two quantiles of the shifted timestep tshifs, computed from P, = Sigmoid (J 7 (q) — ,u(nT)) with o =1,
(z1,y1) = (256,0.5) and (z2,y2) = (4096, 1.15): the median (Py.5, purple) and the top-30% threshold (Py.7, orange).
Solid curves use the original linear shift p(nr), which keeps growing with nr and drives both quantiles toward 0 at
high resolution (e.g. the median collapses from 0.24 at 1K to 0.04 at 2K), reflecting the over-squeezing effect. Dashed
horizontal lines show our rectified scheme, which clamps the effective token count at ncap = 4096 (the 1K regime) so
that the percentiles remain fixed at their 1K values beyond this point. The rectification thus inherits the well-tuned
1K shifting behavior and extends it to 2K training without exacerbating over-squeezing.
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2D structural awareness in DiT enriches photographic atmosphere. While standard Diffusion
Transformers (DiTs) [97] flatten spatial representations into 1D sequences and thereby neglect the inherent 2D
nature of images, we find that explicitly preserving the 2D matrix structure of the latent space can improve
the photographic and cinematic atmosphere of the outputs, yielding richer textures.

For conventional DiT, at each flow-matching (or denoising) step, the model output is treated as a single
flattened 1D update direction in a high-dimensional space, along which the current latent is advanced toward a
clean-image hidden state [56, 79, 84, 86, 115, 117, 119]. Although convenient, this view discards a key inductive
bias of the image modality: the DiT output is a tensor of shape [B, C, H, W], whose [H, W] dimensions form
a meaningful grid aligned with the image plane rather than an arbitrary reshaping artifact. The mismatch is
amplified by common normalization practices, which first collapse the 2D prediction into a 1D vector and
then rescale its Euclidean length—altering only the magnitude while leaving the update direction and its
spatial composition untouched. Even variants that additionally apply mean-centering remain blind to spatial
organization, missing the opportunity to preserve informative variation and avoid overly smooth updates.

Inspired by recent optimizers that respect matrix/tensor structure instead of reducing updates to flat
vectors [50, 63], we propose an alternative classifier-free guidance [55] scheme for DiT, termed Boosted
Orthogonal Guidance (BOG), which applies a 2D normalization strategy directly to the matrix-structured
prediction at each step. Figure 33 contrasts the generation results of BOG and conventional CFG. Notably, we
believe that the matrix-structured view of DiT predictions opens up considerable room for further improvement,
which we leave to future work and community exploration. A detailed discussion of BOG—including its
motivation, usage and limitations—is provided in Appendix C.

Prompt 1: B—REFRMAIIALIAIFERE, FRAESHAHE — NHE, 5E Watch Out!” - FEREEISLE XM - B
ERAEXR.

Prompt 2: EM—IKEANRA, ZEEME, 4547 BEH O —IMEROEN, Bk BREERY
BURk, AR -

Prompt 3: E—NMEHGEEHAEITER, MWAESSEKAK, BEAZBoogu, H NEREMAR - XA RELEY
KA -

t4: B—PHEBA, FERE-IET, LEEEEHET! 7 EEEEAANE .

HILMUN
DLLISTIT
oa

Figure 33 BOG produces more realistic photographic textures than standard CFG. Each column is a pair
generated from the same prompt (shown above): the top row uses standard CFG and the bottom row uses BOG. Across
all four prompts, BOG yields stronger photographic realism and finer texture detail while preserving the content.
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4 Conclusion, Limitations, and Future Directions

In this report, we present Boogu-Image-0.1, an open-source unified system for image generation and editing
that jointly designs understanding and generation as one integrated whole. This design is motivated by a
shift we observe in the field: generation is moving from Text-to-Image toward Requirement-to-Image, where
the model must interpret complex intentions, implicit constraints, and cross-modal context rather than a
single descriptive prompt. The training of Boogu-Image-0.1 is highly cost-effective, enabled by a carefully
designed data construction strategy. On top of this, inference-time scaling with an agentic system powered by
Deepseek-V4-Flash that rewrites prompts and selects models further improves performance. Comprehensive
evaluations demonstrate that Boogu-Image-0.1 has emerged as one of the top open-source models currently
available, achieving performance near to leading closed-source models such as NanoBanana-Pro in certain
domains. Despite this strong performance, it maintains economical training costs, requiring 208.62M unique
images across its full training pipeline at a total cost of around $400K.

While Boogu achieves competitive performance under limited resources, it still has several limitations. In
terms of world knowledge, Boogu still trails leading closed-source systems on tasks demanding extensive
common-sense and domain knowledge (e.g., artistic styles, landmarks, public figures, and commercial products),
and this gap is hard to measure reliably, so we expect it to exceed what reported scores suggest. For text
rendering, only Chinese and English are currently optimized. In terms of body structure, multi-person
interactions, heavy occlusions, or atypical viewpoints can yield anatomical inconsistencies such as distorted
hands and limbs. Because we adopt the open-source FLUX.1 VAE, its reconstruction error further bottlenecks
fine-grained details like small faces, limbs, and text, which native 2K generation only partially alleviates.

With the open-source release of Boogu-Image-0.1, we aim to advance image generation toward systems that
genuinely understand what users want. We believe the following directions are essential for the field to
advance, and we call on the community to jointly explore them:

e Toward more transparent and faithful evaluation. Static benchmarks have largely saturated and grown
misleading, as models increasingly optimize for the benchmark itself, so high academic scores no longer
guarantee real-world efficacy. Even a model that dominates standard benchmarks can deliver an inferior
experience, since true utility lies in faithfully translating complex, multi-faceted intents into images
(through multi-turn editability, identity-preserving consistency, and robust adherence to long-context
prompts) rather than single-shot aesthetic over-fitting.

e Overcoming the open-source data bottleneck. Public datasets suffer from pervasive semantic noise
and a lack of cognitive depth, imposing a strict ceiling on performance, and closing the gap to frontier
models requires a shift toward high-fidelity data synthesis and expert-level curation.

e Toward stronger agentic image generation. Injecting understanding at inference time has proven
effective, but current agentic pipelines remain shallow. We see substantial headroom in tighter reasoning-
generation loops, self-verification, and tool use, moving generation from a passive mapping toward a
system that actively plans, critiques, and refines its own outputs.
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B Background and Technical Choices

B.1 Background

The evolution of visual synthesis has rapidly transitioned from isolated generative tasks to integrated
multimodal frameworks. This section reviews the foundational trajectories contextualizing our work: text-to-
image diffusion, controllable editing, vision-language models (VLMs), and the recent paradigm shift towards
unified generation.

Text-to-Image Diffusion Models. Diffusion models [56] have fundamentally revolutionized visual synthesis.
Foundational works like LDM [107] and DALL-E 2 [104] established the paradigm of high-fidelity text-
conditioned generation. Subsequent advancements focused on text-image alignment, with DALL-E 3 [(]
leveraging recaptioned datasets for superior prompt adherence. Furthermore, the architectural shift from
U-Nets [108] to transformers [125], pioneered by DiT [97], unlocked unprecedented scalability. This transformer-
driven scalability is prominently demonstrated by the spatiotemporal video generation of Sora [12] and the
rectified flow formulations of Stable Diffusion 3 [36] for complex image synthesis. Most recently, this trajectory
has culminated in the proprietary and closed-source Nano Banana series [43] and ChatGPT Images series [94],
which currently define the state-of-the-art in high-fidelity text-to-image generation.

Controllable Generation and Editing. Relying solely on text prompts often falls short when precise
spatial control is required. To address this, ControlNet [141] introduced auxiliary conditioning, enabling
diffusion models to respect spatial hints (e.g., depth or poses) without compromising the original generative
prior. In the domain of image editing, InstructPix2Pix [11] pioneered instruction-driven modifications, allowing
users to alter existing images via natural language instructions without relying on complex manual masks.

Vision-Language Models (VLMs). Driven by the success of LLMs, VLMs have rapidly advanced visual
comprehension. Pioneering works like LLaVA [80] aligned visual encoders—predominantly based on Vision
Transformers (ViTs) [34]—with LLMs via visual instruction tuning. Recent state-of-the-art models, such
as Ovis [87] and the Qwen-VL series [3, 4], have further refined structural alignment and visual reasoning,
enabling the processing of high-resolution inputs for intricate multimodal tasks.

Towards Unified Multimodal Generation. Building upon VLMs’ reasoning and diffusion models’

generative prowess, the community is shifting towards consolidated architectures. OmniGen [132] and
OmniGen2 [131] pioneered this by natively handling diverse generation and editing tasks within a single
framework. Concurrently, while proprietary models like Google’s Nano Banana series [43] have introduced
reasoning-guided synthesis via interleaved prompts, open-weight alternatives such as the Qwen-Image series
[130] and Z-Image [138] integrate deep visual understanding with scalable, efficient generation, paving the
way for versatile and intuitive multimodal Al systems.

B.2 Macro-Architecture Design

Empirical observations of state-of-the-art proprietary models, such as ChatGPT Images series [94] and the
Nano Banana series [43], reveal a consistent latency prior to generation. We hypothesize that, regardless
of their underlying architectures, these systems employ a robust comprehension module to meticulously
analyze and deconstruct user instructions, which naturally incurs a temporal overhead. Motivated by this, our
preliminary architectural design utilized a massive 72B Vision-Language Model (VLM) to drive a 10B Diffusion
Transformer (DiT), where the VLM was kept frozen and only the DiT parameters were updated. However,
this configuration imposes prohibitive computational overheads during both training and inference, rendering
it inaccessible to the broader research community. To address this, we propose a decoupled, compute-efficient
paradigm: we employ a moderately large VLM (e.g., 32B) as an Instruction Reasoner for complex logic
comprehension, paired with a lightweight VLM (e.g., 8B) acting as an Instruction Encoder to extract hidden
states as conditioning signals for the DiT. This decoupled strategy significantly mitigates both training and
inference costs compared to relying on a monolithic, large VLM.
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Figure 34 lllustration of the Instruction Reasoner workflow. The input text instruction, formatted via a predefined
chat template with a system prompt, is processed by the Reasoner. In image editing scenarios, a reference image is
appended to the input. The Reasoner yields a comprehensively analyzed, deconstructed, and rewritten instruction to
condition the subsequent generation pipeline.

B.2.1 Instruction Reasoner

The operational pipeline of the Instruction Reasoner is depicted in Figure 34. We introduce a unified
architecture that seamlessly integrates both text-to-image (T2I) generation and image editing. Specifically,
the system determines the task modality based on the presence of visual inputs: if the user-provided reference
image is omitted, the process defaults to a T2I task and applies the corresponding T2I system prompt.
Conversely, the inclusion of a reference image explicitly designates an editing operation, thereby activating
an editing-specific system prompt. Ultimately, the Reasoner outputs a meticulously parsed, structurally
decomposed, and refined textual prompt, which serves as the optimized conditioning signal for the subsequent
generation stages.

B.2.2 Instruction Encoder and Image Generation

Upon acquiring the text instructions that have been analyzed, deconstructed, and rewritten by the Instruction
Reasoner, we employ a subsequent pipeline to generate images. This pipeline primarily consists of two core
modules: an Autoregressive Transformer [125] and a Diffusion Transformer (DiT) [97]. The Autoregressive
Transformer essentially functions as a Vision-Language Model (VLM), serving as our Instruction Encoder.
The sub-modules comprising the pipeline of the Instruction Encoder are briefly introduced as follows (see
Figure.35):

Text Tokenizer and Embedding Table This module is responsible for tokenizing the rewritten text
instructions and projecting them into a sequence of embedding vectors. This sequence serves as a partial
input to the Autoregressive Transformer.

Vision Transformer (ViT) The number of user-provided reference images can range from zero to multiple.
When present, the Vision Transformer (ViT) [34] encodes them into the same latent space as the text prompt
embeddings. These visual and textual embeddings are concatenated into a unified sequence before being
fed into the Autoregressive Transformer. As a standard component of most VLMs, the ViT processes these
reference images, which are here downsampled to a 384 x 384 resolution to prevent excessively long vector
sequences. Notably, if no reference images are provided, the task is defined as pure text-to-image generation,
and the ViT is consequently bypassed.

System Prompt The task paradigm is determined based on the presence of reference images. Specifically,
the absence of any reference images defines a text-to-image generation task, whereas the presence of one
or more reference images indicates an image editing task. The system prompt is adaptively formulated
corresponding to the specific task type.

Prompt Tuning Transformer (Optional) This is a highly lightweight, trainable Transformer module.
In our implementation, it is fixed at 3 layers, with the architecture of each layer illustrated in Figure 37. It
contains only 32 trainable prompt token embeddings and employs causal masking. The output from its final
layer is prepended to the input sequence of the Instruction Encoder. The Prompt Tuning Transformer serves
as an optional trainable module designed to enhance the instruction parsing and comprehension capabilities of
the overall text-to-image model. Since the Instruction Encoder remains frozen during training, mathematically,
the introduction of this module globally modulates the embedding distribution of the hidden state sequence
output by the encoder, thereby facilitating a better alignment with the semantic space required by the DiT.
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Figure 35 Pipeline of the instruction encoder and DiT. The framework defaults to image editing when a reference
image is provided, and text-to-image generation otherwise. A thumbnail of the reference image is fed to the Instruction
Encoder to aid comprehension, while the original image (scaled within the resolution limit) is processed by the DiT. The
system prompt adaptively adjusts to the specific task. Furthermore, an optional trainable Prompt Tuning Transformer
is introduced to enhance instruction parsing. Note that the input user instructions have been pre-analyzed and
rewritten by the Instruction Reasoner.

It is worth noting that the Prompt Tuning Transformer is an optional module, which will be discussed further
in the subsequent experimental section. In addition, Figure 35(b) illustrates the Diffusion Transformer (DiT)
component. The sub-modules involved in this component are briefly introduced below:

Variational Autoencoder (VAE) When user-provided reference images are present, to balance perfor-
mance and computational efficiency, we first employ a Variational Autoencoder (VAE) [67] encoder to map
them into a latent space before feeding them into the DiT. Consequently, our diffusion training is conducted
entirely within this latent space [107]. Once mapped, the reference images undergo patchification, followed by
processing through an Embedder and a Refiner. The resulting hidden states, along with the hidden states
corresponding to the noise, are fed into the DiT layers for sequential processing. The output of the final
layer must be unpatchified and passed through the VAE decoder to reconstruct the output image. When no
reference images are provided, the VAE encoder is bypassed; however, the VAE decoder remains essential
for decoding the final output image, as the noise depicted in the bottom right of Figure 35(b) essentially
represents the noise state within the VAE-encoded latent space.

Embedder and Refiner The Embedder is a standard linear layer designed to project hidden states from
one latent space to another. The Refiner is a simple, lightweight Transformer [125]. By default, it consists of
only 2 layers, with each layer’s architecture depicted in Figure 37 (identical to the structure of the Prompt
Tuning Transformer). Compared to the Embedder, the Refiner also accounts for the inter-relationships among
elements in the newly patchified sequence. Notably, the user instructions, reference images, and noise each
possess their own independent Embedders and Refiners.

Single-Stream and Dual-Stream Layers Our DiT employs a stacked architecture comprising Ny dual-
stream layers followed by N, single-stream layers. After being projected into a unified latent space by their
respective Refiners and associated modules, the reference images and noise are concatenated and fed into the
image stream of the dual-stream layers. Simultaneously, the hidden states of the user instructions from the
final layer of the Instruction Encoder are projected into the instruction latent space by their corresponding
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Refiner, etc., and then input into the instruction stream of the dual-stream layers. The outputs from the two
streams of the final dual-stream layer are concatenated and fed into the unified stream of the single-stream
layers. Following a series of operations, the output from the single-stream layers is ultimately decoded by the
VAE decoder to produce the final image.

Figure 35 illustrates the macro-architecture design and overall pipeline for text-to-image generation and image
editing. During the actual inference phase, the DiT component typically requires multiple iterative steps to
synthesize high-fidelity images [56, 97]. This iterative process is accompanied by the transition of the time
step t from 0 to 1 (or from 1 to 0, depending on the specific formulation), along with corresponding updates
to the Time Embedding. For the specific iterative sampling algorithm during generation, one can employ the
standard first-order Euler method commonly utilized in Flow Matching [79], or fast dedicated ODE solvers
such as DPM-Solver+-+ [86].

B.3 Micro-Architecture Details

Building upon the macro-level overview presented in the previous section, we now delve into the micro-
architectural details of our model. Our specific design draws inspiration from recent foundational works
[24, 29, 36, 38, 79, 97, 120, 127, 130132, 147], which we have appropriately modified and extended to suit our
objectives. Overall, we propose a unified framework that seamlessly supports both text-to-image generation
and image editing. By integrating and adapting the aforementioned designs, we incorporate specialized
modules to enhance fine-grained image comprehension and comprehensive multimodal alignment. The detailed
components are elaborated below.

B.3.1 Dual-Stream Layer

The architecture of the dual-stream layer is illustrated in Figure 36(a). In this design, the user instruction
stream and the image stream (comprising the noisy latent and the optional reference image) are processed
separately within the layer. Unlike conventional dual-stream architectures, which typically either maintain
independent linear projections solely for the Query, Key, and Value tensors of the two streams [126], or
decouple only a small subset of additional computational modules [36], our approach draws inspiration from
recent advancements [38, 127, 147]. Specifically, it incorporates a more comprehensive set of independent
intra-stream and inter-stream modules to facilitate deeper computational processing and feature interaction.

Boosting Multimodal Understanding Profound comprehension of user instructions is crucial for image
generation and editing. Our VLM-based Instruction Reasoner deconstructs user prompts, feeding rewritten
text instructions to the Instruction Encoder to extract generation conditions. During this process, although
this encoder utilizes a ViT to process optional reference images, its primary focus remains text instruction
modeling rather than comprehensive multimodal understanding.

2

To explicitly enhance multimodal understanding, following recent architectures [38, 97, 127, 130, 147], we adopt
an independent attention module for the image modality (comprising the noisy latent and optional reference
image), as shown in Figure 36(a, right). Within the dual-stream layer, the right stream processes image token
interactions to deepen visual comprehension. Conversely, the left stream fuses the instruction and image
modalities (Figure 36(a, left)). By incorporating instruction residual connections, it inherently emphasizes
instruction modeling from a holistic multimodal perspective, despite performing full-modality attention.
Subsequently, the image information derived from the left stream’s full-modality analysis is fused with the
residual and internal self-attention outputs of the right stream. This integration yields a refined representation
grounded in holistic comprehension while prioritizing the image modality. Furthermore, the dual-stream layer
features a combination of shared and independent computational modules, including three independent Query,
Key, and Value (QKV) projections. These QKV sets are allocated to: the text modality, the image modality
used for holistic enhancement, and the image modality’s internal self-attention, respectively.

Collectively, these two streams—rooted in holistic understanding but respectively emphasizing the instruction
and image modalities—enhance the model’s multimodal comprehension at a fine-grained level. This synergy
paves the way for more macroscopic and comprehensive modeling in the subsequent single-stream layers after
the streams converge.
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Figure 36 Detailed architecture of the dual-stream and single-stream layers. Bold lines indicate the Main
Path constructed via residual connections, while thin lines represent Branch Paths involving complex computations.
Retaining only the bold lines reduces both layers to identity mappings. The branch paths merge into the main path at
appropriate junctures to influence the parameter distribution of a layer’s output.

Main Path, Residue, and Modulation Our dual-stream layer adopts the classic sandwich norm [32, 147]
and the modulation mechanism [97] to facilitate information fusion and signal control. However, our specific
implementation introduces slight modifications (see Figure 36(a)). The multi-norm design significantly
enhances model stability during pre-training with large learning rates, thereby accelerating convergence and
improving overall robustness. In Figure 36(a), the bold lines denote the Main Path, which is fundamentally
constructed with residual connections to stabilize the parameter distribution across layers. If only this main
path existed, a layer reduces to an identity mapping. Conversely, the thin lines represent Branch Paths
that incorporate various operations, including attention and modulation. These branches are responsible
for analyzing and processing the input representations. The computational results from these branch paths
are subsequently merged into the main path at appropriate junctures, ultimately shaping the final output
distribution of the layer.
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B.3.2 Single-Stream Layer

The architecture of our single-stream layer follows numerous classic designs [38, 127, 130, 131, 147]. Specifically,
we adopt the classical modulation mechanism [97] and sandwich norm [32, 147] (see Figure 36(a)). This layer
merges the hidden states of both the instruction and image streams from the final dual-stream layer—which
have already been deeply comprehended and modeled—into a unified representation, and then it performs
comprehensive multi-modal fusion and analysis, processing the sequence layer by layer to yield the final output.
The computational logic within this layer is unified and modality-agnostic; both instruction and image inputs
share the same parameters, including the QKV projections. As in the dual-stream layer, the bold lines denote
the main path, while the thin lines represent the branch paths. Retaining only the main path reduces the
layer to an identity mapping. The branch paths are responsible for complex computations and merge into the
main path at appropriate junctures.

B.4 Summary of Architectural Design

In this section, we summarize our architectural design and detail the specific hyperparameter choices.
Specifically, our DiT architecture comprises N, = 32 single-stream layers and Ny = 8 dual-stream layers. We
incorporate 3D Rotary Positional Embeddings (RoPE) (following [121, 131]) and, by default, utilize the
hidden states from the final layer of the Instruction Encoder as the condition for the DiT. The base DiT
model contains 10,292.56M (~10B) trainable parameters. When the optional Prompt Tuning Transformer is
included, the total trainable parameter count slightly increases to 11,022.55M. Further architectural details
and hyperparameter settings are comprehensively summarized in Table 10.

Parameter Value Parameter Value

Base Architecture

Patch Size 2 Single-Stream Layers 32
Input Channels 16 Dual-Stream Layers 8
Hidden Size 3360 Refiner Layers 2
Attention Heads 28 KV Heads 7
FFN Multiple Of 256 RoPE Axes Dims [40, 40, 40]

Instruction Feature Configuration

Feature Layers 1 Feature Dimension 4096
Reduction Type Mean

Pretrained Modules

FLUX.1- _VL-8B-I
VAE Model v dev Instruction Encoder Qwen3-VL-8B-Instruct

17 13

Prompt Tuning (Optional)

Trainable Tokens 32 Causal Mask True
Hidden Size 4096 Layers 3
Attention Heads 32 KV Heads 8

Trainable Parameters

DiT Model 10,292.56M Total (w/ Prompt Tuning) 11,022.55M

Table 10 Summary of architectural design, specific hyperparameter configurations, and parameter counts.
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B.5 Training Process

Our overall training pipeline follows a progressive curriculum: we first train on low-resolution images before
scaling to higher resolutions, and initially train the text-to-image (T2I) model before fine-tuning it into the
text-and-image-to-image (TI2I) editing model. The complete training process is summarized in Table 11.

The parameters Max Output Pizels, Max Input Pizels, and Max Side Length define the spatial constraints during
training. During data preprocessing, images exceeding these thresholds are dynamically downscaled to fit
within the limits, while smaller or equal-sized images remain unchanged, inherently enabling mixed-resolution
training.

For the TI2I training phase, we construct a mixed dataset of approximately 22M samples. This comprises
11.29M pure T2I samples sampled from the 47.19M Boogu Syllabus dataset (see 3.2.2), and 10.70M editing
samples augmented from our initially constructed 2.50M TI2I dataset. Consequently, our image editing model
is optimized through a combination of mixed-resolution and mixed-task training.

| T2l | Ti2l
| 512x 512 1024 x1024 2048x2048 | 2048x2048

Parameter

Resolution & Data Constraints

Training Data Open-Source Open-Source 60M +  Boogu Syllabus 11M T2T +
187M Boogu Syllabus 47M 47TM 11M TI2I

Max Output Pixels 262,144 1,048,576 4,194,304

Max Input Pixels 262,144 1,048,576 4,194,304

Max Side Length 800 2048 4096

Max Instruction Tokens 256 512 944

Instruct. Dropout Prob. 0.1

Ref. Img. Dropout Prob. N/A ‘ 0.01

Batch Size & Steps

Global Batch Size 1280 2048 1024 448

Micro Batch Size 10 8 2 1

Num Train Epochs 1 ‘ 2

Gradient Accumulation 1

Optimizer & Learning Rate

Learning Rate le-4 ‘ 3e-5
Warmup Steps 1200 ‘ 800
LR Scheduler Constant with Warmup [47, 128, 129]
‘Warmup Init LR le-6
Adam Bi, Bs 0.9, 0.95
Adam Weight Decay 0.01
Max Grad Norm 1.0
Transport & Loss

SNR Strategy Dynamic Logit Normal |7, 36, 79, 84] | Rectified Dynamic Logit Normal (3.2.3)
Dynamic Time Shifting True

Hardware € Precision
Sharding Strategy HYBRID_SHARD_ZERO2 [103, 144] ‘ HYBRID_SHARD |48, 144]
Mixed Precision bf16
Gradient Checkpointing True

Table 11 Training hyperparameters across different tasks and resolutions

62



B.6 Lightweight Module Details

Hidden States
\

4 | N
[RMS

s

| QKVProjection |

[
l

4

| }
0] (k] [v]
|

M

RMS| [RMS|

Softmax(Q - K™ Na)V

( General Out-Projections |
|

(Rms)
]

d

D

y

(RMs]

|

( Feed Forward W

Hidden States
CCCCLCCCCCICCCL LI CC LI

Figure 37 Lightweight single-stream transformer layer. This is a lightweight transformer module designed for
various refiners and optional prompt tuning components. This module adopts the classic design [24, 29, 36, 38, 79, 97,
120, 127, 130-132, 147] with minimal modifications.
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C Boosted Orthogonal Guidance

Classifier-free guidance [55] and related inference-time steering techniques have become indispensable for
improving prompt adherence in text-to-image DiTs. However, aggressively amplifying guidance often trades
alignment for degraded appearance, manifesting as oversaturation, flattened tones, over-smoothing, and
visually implausible artifacts. In this section, we introduce Boosted Orthogonal Guidance (BOG), a new
training-free inference method for DiT-based text-to-image generation that targets this failure mode while
explicitly enhancing fine-grained details and cinematic atmosphere.

Inspired by the key insight behind APG [109] — namely that guidance updates can be meaningfully decomposed
into components parallel and orthogonal to the model’s predicted flow — BOG emphasizes the information-
preserving orthogonal contribution to avoid color blow-up and texture collapse. Crucially, BOG departs
from the conventional view that a DiT prediction is merely a flattened high-dimensional vector: we treat
each per-step predicted tensor as a 2D matrix aligned with the image’s inherent spatial structure, echoing
the matrix-aware perspective adopted in optimizer design (e.g., Moun-style [63] updates). Building on this
view, BOG applies an efficient orthogonalization approximation to the predicted matrix at every denoising
step, acting as a structured normalization that not only controls magnitude but also enriches the diversity
of row/column directions. Unlike vector-norm rescaling — which preserves a single global direction while
adjusting only scale — our matrix-structured normalization encourages higher effective rank, thereby retaining
more informative variation across spatial dimensions. Empirically, this rank-preserving, orthogonality-boosted
guidance leads to richer micro-structures, improved tonal depth, and more coherent “film-like” lighting and
ambience, while mitigating oversaturation without introducing additional training or meaningful sampling
overhead.

C.1 Matrix-Structured View of DiT Predictions

Standard inference in DiTs typically treats the model prediction at each flow-matching (or denoising) step as
a single flattened 1D update direction in a high-dimensional state space: under conditional or unconditional
prompting, the current latent state (often a noisy or partially denoised image representation) is moved along
this vector field toward a corresponding clean-image hidden state [56, 79, 8486, 115, 117, 119]. While this
viewpoint is mathematically convenient, it implicitly discards a key inductive bias of the image modality
— namely, that the predicted hidden state is inherently spatial. Concretely, the DiT output is a tensor of
shape [B, C, H, W]; after ignoring batch and channel dimensions, the remaining [H, W] structure is not an
arbitrary reshaping artifact but a meaningful 2D grid aligned with the image plane. This mismatch becomes
more pronounced in how normalization is commonly applied: prevailing “norm” or rescaling strategies first
collapse the 2D prediction into a 1D vector and then rescale its Euclidean length, which changes only the
magnitude in the vector field while leaving the update direction (and its spatial composition) essentially
untouched. Others additionally subtract a mean term — either the batch mean or the per-sample mean over
features — thereby performing mean-centering. As a result, such vector-level normalization still overlooks
spatial organization that could be leveraged to preserve informative variation and avoid overly smooth updates.
Motivated by recent optimizer designs that explicitly respect the matrix/tensor structure rather than reducing
updates to flat vectors [50, 63], we instead adopt a 2D normalization strategy that operates directly on the
matrix-structured prediction at each step.

C.1.1 Matrix Normalization

Let D € R™*™ (Assume m > n, w.l.o.g.), we perform the singular value decomposition (SVD) of the matrix
D as follows.

o1 0 0
0 o9 - 0

D=USV =U. 0 0 O_ VT,  SeR™" wlog m>n, (1)
0 0 0
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We propose the following scalar function, whose inputs are the singular value index i and the singular value
itself.

Sigmoid(c;),
- exp(oi/T)
o = norm(o;,i) = Z;‘L:1 exp(o;/T)’ (2)
1.

where the norm function can be chosen as needed; for example, we provide the options as above. Future
work could further and more thoroughly investigate the differences, advantages, and disadvantages of these
choices. Here A is a hyperparameter, which can, for example, be set to around (% >or 1 8;)~ ! in which
8 = e%i/T) Z;;l e?i/7. Thus, we propose the following matrix-oriented normalization method.

norm(oy, 1) 0 e 0
0 norm(cg,2) .- 0
. z A .
MNorm(D) = U 0 0 ot norm(ow,n) 14 (3)
0 0 . 0

It is worth noting that when we set norm(o;,7) = 1, we obtain the following equivalent form.
MNorm(D) = argomin {lo-D|r |OTO=1, or OO =1,,} (4)
ERM,XW,

Therefore, in this case, MNorm(D) is essentially the optimal orthogonal (semi-orthogonal) approximation of
the matrix D (see Appendix C.4 for a detailed proof). In practical image generation, we do not necessarily need
to compute the SVD explicitly; instead, we can estimate MNorm(D) using the Newton—Schulz method [63].
The specific algorithmic procedure is also provided in Appendix C.5.

C.1.2 Matrix Orthogonal Decomposition

Preliminary - Ordinary Differential Equation (ODE) We briefly review key concepts in diffusion
models and introduce the notation used in this paper. @ ~ pgatq(x) denotes a sample, and here we let
xr=a(t)x + o(t)e with e~N(0,I), which describes the forward noising process in diffusion models. Here
o(t) with ¢t € [0, 1] gives the noise shedule, i.e., the amount of noise at the time step ¢. Following [131, 147], we
adopt the setting o(1)=0 and ¢(0) =0 max, so that t=0 corresponds to (approximately) pure noise and t=1
corresponds to a clean sample. Building upon the Probability Flow ODE (PF-ODE) framework [65, 119], the
forward diffusion process can be equivalently described by a deterministic ODE that preserves the marginal
probability densities. From this continuous-time perspective, the generative process simply amounts to solving
this empirical ODE to map a pure noise distribution to the clean data manifold, which is formulated as:

da, = —0(t)Va, log pi(@)do(t) = —5(1)o(t)Va log pr(@,)dt #' (5)

where py(x;) represents the marginal distribution of the perturbed data at time ¢, bridging the Gaussian noise
po=N(0,02,. I) and the target data distribution p; =pgata. Generative sampling is performed by numerically
integrating this ODE forward from ¢=0 to t=1. To operationalize this process, the analytically intractable
score Vg, log pi(x¢) is approximated by a Diffusion Transformer (DiT) Dy(x:,t), which is optimized to recover
the uncorrupted sample « from the noisy observation ;. For conditional generation, the DiT architecture is
readily augmented to Dy(xs,t, ¢), enabling auxiliary inputs ¢, such as text instructions or class labels, to

guide the generation.

#' For our setting 0(1)=0 and o(0) =0max, o(t)>0 is a monotonically decreasing function with ¢(¢) <0, and d¢>0 during
generation.
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Preliminary - Classifier-Free Guidance (CFG) CFG [55] is a widely adopted inference technique that
enhances sample quality and condition alignment by extrapolating between conditional and unconditional
model predictions. Given a null condition’ ¢y, CFG modifies the output of the DiT denoiser at each sampling
time step t as follows:

Dera(xe,t, ) = Do(x,t, ce) + w (Dg(xt,t, ¢) — Dy(xs,t, cp)) (©)
= Dy(xy,t,c) + (w—1)ADg z, ¢
where ADy o, = Dg(x,t,¢) — Dg(x,t,cz). The DIiT output is typically a tensor of shape [B,C, H, W1;
in some cases for simplicity, we can omit the batch size B and channel dimension C, treating it as an
[H, W] matrix. The unconditional prediction Dy (¢, t, cx) is conventionally obtained by randomly dropping
the condition ¢ during training, though a separate unconditional DiT denoiser can also be trained for this
purpose [66]. Similar to the truncation trick in GANs [10], CFG improves image quality at the expense of
generation diversity [88]. While a larger guidance scale w generally yields better instruction alignment, recent
studies indicate that at high w values, the parallel component of ADy ,, , with respect to Dg(x,,t,c) (when
flattened into a 1D vector) leads to image over-saturation [109].

Parallel-Orthogonal Decomposition For notational convenience, we denote AD :=ADj 4, + e RHXW
and D(©) := Dy(x,,t, c) e R**W_ Furthermore, let D[(f)] denote the i-th row vector of the DiT output matrix

D(©) | and similarly, let D[(:c]),] denote its j-th column vector ; this notation applies analogously to all other

matrices. For instance, taking a column vector D[(:CJ).] from the conditional DiT output matrix as the reference
direction, we can perform a parallel-orthogonal decomposition using vector functions Parall(-, -) and Ortho(-, -).
Akin to Gram-Schmidt orthogonalization, this process is formulated as:

T (o)
I @, _ 2P Prj e
AD[,]] = Parall(D[:}j], D[J]) = T . D[J]
D115 (7)
1 (e)y _ I
AD[:J-] = OI‘thO(D[:’j], D[?]]) = AD[:J] — AD[:J]

. . . ) . . I
By applying the aforementioned decomposition to each column j, we obtain the full matrices AD_ €

C
RE>XW and ADL, € REXW . Similarly, performing this decomposition on each row i yields the matrices

ADL‘OW, ADL cRHXW  Thig process is formulated as:

row

AD!O1 = Stack ({Parall(D[:}j]7 D[(:c;]) ‘ j=0,- W-— 1})

AD! = Stack ({Parall(D[i_’:], D) ‘ i 0. H— 1})

[2,:

Similarly, ADL, and AD; can be obtained using Ortho(-,-). In summary, we have:

col row
AD,oq = POD(AD, D) = A, - (ADL, + uAD! ) + . - (ADS, + uAD) ) 9)
where A\, = %W% and A\, = %W—&-C’ with ¢ being a small constant. The hyperparameter p controls

the magnitude of the parallel components. In practice, we set u < 1 (e.g., 0,0.1,0.25) to mitigate image
over-saturation when w is relatively large [109)].

C.2 Rolling-Sum Momentum

Inspired by momentum strategies commonly used in optimization, we introduce a similar mechanism during
the inference of text-to-image generation. This is motivated by the intuition that the "inertia" of the trajectory
within the flow matching vector field influences the final generation. Our momentum update is simply

OHere, cneg denotes a context condition derived from negative text prompts (e.g., “low quality, deformed, blurry, ...”). In
practice, many models substitute the standard empty condition cg with cneg. w.l.0.g., we use cg to broadly represent either the
true unconditional state cg or cneg.
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formulated as AD ;) = nAD ;) + pAD;_y), with typical default values of n = 0.9 and p = 0.1. Here, €N,
denotes the inference iteration step, which is related to the diffusion time step ¢t €R fed into the DiT via a
scheduler function, i.e., ¢ = scheduler(i). We abstract this momentum update as a function:

AD(l) = I%OHSIIIIlepdate(AD7 ’L) = nAD(z) + pAD(ifl) AD(O) =0 (10)

This contrasts with recent findings by [109], who propose a "reverse momentum" (i.e., p<0). They argue
that this pushes the model away from previous CFG update directions and encourages it to focus more on the
current one. However, our empirical observations indicate that setting p <0 causes directional jitter for @(i)
within the vector field across iterations.

C.3 Putting It All Together

We now present the complete pipeline of our proposed method. Algorithm 1 summarizes the computation of
the Boosted Orthogonal Guidance (BOG) at a single inference iteration step i.

By explicitly treating the predicted tensors as spatial matrices, BOG systematically refines the guidance
direction. It first smooths the trajectory using momentum, then normalizes the matrix to preserve spatial
rank, and finally isolates the orthogonal components—effectively diminishing the projections parallel to the
conditional prediction—to prevent oversaturation. Ultimately, this rank-preserving and orthogonality-boosted
approach significantly elevates the visual quality, producing richer micro-details, enhanced tonal depth, and a
realistic cinematic lighting, all achieved zero-shot without meaningful overhead.

Algorithm 1 Single Step of Boosted Orthogonal Guidance (BOG)

Input: Inference step ¢ € N, current latent state x¢, condition ¢, unconditional state cg, guidance scale w.
Output: The BOG modified prediction Dpog;, -

1: t < scheduler() > Obtain the continuous diffusion time step
2: ADE;:)) +— Dy(x4,t,0), ADgic)g) +— Dy(xs,t, cp) > Compute DiT predictions
3: ADg;) ADES)) — ADE;"’) > Calculate the raw guidance direction
4: H)(i) < MNorm (RollSumUpdate(AD(i), z)) > Apply momentum € matriz normalization
5: A/b(i) + POD (@(i), ADE;)) > Parallel-Orthogonal Decomposition
6: Dpog;, <+ ADE;) + (w— 1)@@) > Compute final BOG tensor

7: return DBOG(i)

Limitations While BOG effectively enhances the cinematic atmosphere of generated images, it introduces
certain limitations. Specifically, it can increase the probability of structural distortions and reduce the success
rate of text rendering. Consequently, we treat BOG as an optional module, akin to a selectable filter.

To mitigate these issues, we introduce a simple hyperparameter: the BOG Interval (Agog). During inference,
BOG is applied every Agog diffusion steps, while standard CFG is used for the remaining steps. For instance,
in a 10-step denoising process with Agoc = 2, BOG is executed on even steps (2, 4, 6, 8, 10) and standard
CFG on odd steps. Thus, Agog = 1 denotes full BOG inference. We recommend Agpg = 2 as the default
setting, which significantly alleviates the aforementioned artifacts, albeit with a slight trade-off in the enhanced
BOG-styled photographic texture.
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C.4 Optimal Semi-Orthogonal Approximation

Proof. Let D € R™*" with m > n, and let O € R™*" be semi-orthogonal, i.e. OTO = I,,. Let the (thin)
SVD of D be
D=UxVT,

where U € R™*" satisfies U U = I,,, V € R"*" is orthogonal, and

2:diag(glv"'van)v 01220, 20.

Remark on Q. Although U and O are rectangular (semi-orthogonal), the matrix
Q=U"0V

is square (n x n). Moreover,

QTQ = I,
so @ is an orthogonal matrix in R"*" (not merely semi-orthogonal). Indeed, for a square matrix, Q' Q = I,
already implies @Q is orthogonal (equivalently, Q' = QT and also QQ" = I,,).

Step 1 (Reduction to trace maximization). Expand the squared Frobenius norm:

ID - O|% =t((D - 0)" (D - 0))
=tr(D'D) +tr(0"0) - 2tr(O" D)
= |D|% + 0|3 — 2tx(O " D).

Since OTO = I,,,
0% = tr(0T0) = tr(I,) = n.

Thus minimizing ||[D — O||% over OT O = I, is equivalent to maximizing tr(O ' D).
Step 2 (SVD coordinates). Using D = UXV " and cyclicity of the trace,
tr(0O' D) = t(0'USV ")
=t(V'O'UX)
= tr(QTE),
where @ = UTOV € R" ",

Step 3 (Elementwise bound via diagonal entries). Since X is diagonal,
QTE Z 04 Qi

For each i, let e; be the ith standard basis vector. Then ¢;; = eiTQei and

lqii] = le] Qes| < |leill2 | Qel|2
< lleill2 [|1Ql2 lle:ll2-

Because Q is orthogonal, |Q||2 = 1; also |le;||2 = 1. Hence |g;;| < 1. Since o; > 0, we obtain

) =) 0igi < _oilail <o
i=1 i=1 i=1
Therefore, for all feasible O,

OTD ZO’Z
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Step 4 (Achievability). Let
O,:=UV".

Then O*TO* =VU'UVT = I, and
Q.=U'ov=U"(UV"V=1I,.

Hence

tr(0,] D) = tr(Q X) = tr(Z Z Cis

so the upper bound is tight. Thus O, maximizes tr(OT D) and therefore minimizes || D — O/ .

Minimum value. Using Step 1 and maxpro—;, tr(O' D) =3""_ o,

n
min ||D — O|% = D2+n—2204.
o, 1P~ Ol = DI+ =23 e

Supplement (same bound via Von Neumann’s trace inequality). With Q = UTOV we have tr(O " D) =
tr(QTX). Von Neumann’s trace inequality [39] states that for any A, B € R"*",

[tr( ATB < z”:
Taking A = Q and B = X gives
tr(QTE) < |tr(QTX)| < Zoz
Since Q is orthogonal, 0;(Q) =1 for all i, and 0;(X) = o;, hence
tr(0"D) =tr(Q'X) < i i,
i=1

with equality at Q = I,, (equivalently, O = UV "), recovering the same optimizer and the same minimum
value.
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C.5 Newton-Schulz Approximation

To compute MNorm(D), it is not strictly necessary to perform Singular Value Decomposition (SVD).
Specifically, for the case where norm(o;,7) = 1, we can directly estimate it using the Newton-Schulz method,
following the approach of [63] (see Code 1).

def _newtonschulz5_batched(G: torch.Tensor, steps: int = 5, eps: float = le-T7):

Batched Newton-Schulz iteration.

Accepts:

- (H, W) -> returns (H, W)

- (N, H, W) -> returns (N, H, W)

- (B, C, H, W) -> returns (B, C, H, W)

a, b, ¢ = (3.4445, -4.7750, 2.0315)

orig_ndim = G.ndim

if orig_ndim == 2:
G3 = G.unsqueeze (0) # (1, H, W)
out_shape = None

elif orig_ndim == 3:
G3 = G # (N, H, W)
out_shape = None

elif orig_ndim == 4:
B, C, H, W = G.shape
G3 = G.reshape(B * C, H, W) # (N, H, W)
out_shape = (B, C, H, W)

else:
raise ValueError (f"Expected 2D/3D/4D tensor,

# Match the original behavior:
H, W = G3.shape[-2], G3.shapel[-1]

# Compute in bfloatl6 (keeps the original logic)
X = G3.to(torch.bfloat16)

# Normalize each matrix by its Frobenius norm: X /=
# Frobenius norm = sqrt(sum_ij X~2)

CIIXII_F + eps)

nrm = torch.linalg.norm(X, ord="fro", dim=(-2, -1)) # (N,)
X = X / (nrm.unsqueeze (-1) .unsqueeze(-1) + eps)

transposed = False

if H > W:

# Transpose the last two dims so we iterate on the

X = X.transpose (-2, -1) # (N, H)

transposed = True

W,

# Newton-Schulz iterations (batched GEMMs)

for _ in range(steps):
A = X @ X.transpose(-2, -1) # (N, m, m)
Bm = b x A + ¢ x (A @ A) # (N, m, m)
X =a *x X + (Bm @ X) # (N, m, n)

# Transpose back if we transposed at the beginning
if transposed:
X = X.transpose(-2, -1)
# Restore original shape
if orig_ndim == 2:
return X.squeeze (0)
if out_shape is not None:
return X.reshape (out_shape)
return X

"shorter"

Code 1 Batched Newton-Schulz Iteration in PyTorch
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