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Abstract

We present JoyAI-Image, a unified multimodal foundation model designed to bridge visual un-
derstanding and generation. By integrating a Multimodal Large Language Model (MLLM) with
a Multimodal Diffusion Transformer (MMDiT), JoyAI-Image fosters visual intelligence through
seamless cross-task interactions. To support this, we develop a scalable pipeline featuring meticu-
lous data construction and multi-stage optimization strategies, providing a practical recipe for
training general-purpose, unified multimodal models. JoyAI-Image synergizes enhanced spatial
comprehension with a refined generative pipeline—optimized for complex long-text rendering—and
versatile editing capabilities spanning general content modification to precise spatial manipulation.
Our experiments demonstrate that JoyAI-Image achieves state-of-the-art performance across
diverse benchmarks. Notably, the closed-loop integration of improved understanding, controllable
spatial editing, and novel-view-assisted reasoning propels the model’s spatial intelligence to an
unprecedented level. Empowered by this capability, we aim to further explore its potential in
downstream applications, including vision-language-action systems and World Models.

Code: https://github.com/jd-opensource/JoyAI-Image
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Figure 1 JoyAI-Image demonstrates comprehensive capabilities in image understanding, synthesis, and editing, with
particular proficiency in spatial reasoning, long-text rendering, and spatially-controllable manipulation.
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Figure 2 Showcase of JoyAI-Image’s spatial reasoning and editing capabilities, including multi-view generation,
geometry-aware transformations, and precise, location-specific object editing.
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Figure 3 Showcase of JoyAI-Image’s advanced text rendering capabilities across diverse and challenging scenarios,
including multi-panel comics, dense multi-line text, multilingual content, long-form layout composition, real-world
scene text, and handwritten styles.
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1 Introduction

Recent advances in Multimodal Large Language Models (MLLMs) [3, 4, 23, 70] and diffusion models [16, 42, 68]
have accelerated the development of unified models that jointly support image understanding, generation, and
editing. This trend reflects a shift from task-specific pipelines toward general-purpose visual intelligence, where
a single model is expected to interpret visual content, synthesize new images, and perform instruction-guided
modifications. A key benefit of this unification is the possibility of tighter coordination across tasks, allowing
understanding, generation, and editing to mutually benefit from better architecture design, data construction,
and training strategies. Recent systems [27, 35, 69, 73, 84, 91], have demonstrated the potential of this
paradigm through large-scale data curation, staged training, and scalable diffusion architectures.

Despite recent progress, current unified models still face two important limitations. First, although visual
understanding, generation, and editing are increasingly integrated into a single framework, their interaction
remains weak in practice. Visual understanding is not fully exploited to guide grounded generation and editing,
while generative transformations are rarely used to provide useful feedback for perception and reasoning.
Second, these models still lack strong spatial intelligence for the physical world. Real-world scenes are
fundamentally shaped by object layout, relative geometry, viewpoint changes, and cross-view consistency, yet
existing systems remain limited in fine-grained spatial understanding and geometrically precise manipulation.
As a result, these weaknesses not only constrain controllable generation and editing, but also prevent unified
visual models from further extending toward broader spatial intelligence, with important implications for
applications such as visual-language-action systems [40, 108] and world models [9, 13].

In this work, we present JoyAI-Image, a unified multimodal foundation framework for understanding,
generation, and editing, designed to improve overall visual performance by systematically strengthening spatial
intelligence. JoyAI-Image combines a spatially enhanced MLLM with a Multimodal Diffusion Transformer
(MMDiT) for high-fidelity image synthesis [43, 61, 66, 76, 84, 86] and instruction-based editing [8, 64, 100,
103, 104]. The MLLM serves not only as the core engine for scene understanding and instruction parsing, but
also as the main interface for generative tasks, providing semantically rich and spatially grounded conditioning
signals for downstream generation and editing. In this way, JoyAI-Image goes beyond a loose combination of
perception and generation modules, and instead builds a unified, understanding-driven visual framework with
stronger cross-task coupling.

A central principle of JoyAI-Image is to awaken spatial intelligence throughout the unified training and
reasoning process. Rather than treating spatial capability as an isolated module or a late-stage extension,
we inject spatially grounded data construction, task design, and supervision into the full pipeline, so that
spatial awareness develops jointly with understanding, generation, and editing. This design also establishes a
bidirectional collaborative paradigm. On the one hand, stronger spatial understanding improves generation
and editing through better scene parsing, relational grounding, and instruction decomposition. On the other
hand, generative transformations, such as geometrically meaningful edits and novel-view expansion, provide
complementary visual evidence for spatial understanding and downstream reasoning. In this way, JoyAI-Image
strengthens both task collaboration and spatial capability within a unified model.

To realize this goal, JoyAI-Image is trained within a unified instruction-following framework that harmonizes
understanding, generation, and editing objectives through a multi-stage curriculum. Our training regime
leverages a multi-faceted data suite that spans ubiquitous visual tasks to specialized spatial operations.
Specifically, it integrates general-purpose understanding with fine-grained spatial reasoning, high-fidelity
synthesis with long-text typography, and versatile content editing ranging from general attribute modification
to precise spatial manipulation. By balancing broad-domain robustness with pinpoint spatial control, JoyAI-
Image delivers a versatile suite of capabilities, encompassing spatial understanding, typography-enhanced
generative synthesis, general and spatial editing, and view-assisted reasoning.

The key contributions of JoyAI-Image can be summarized as follows:

• A Strong Unified Multimodal Foundation. We present JoyAI-Image, a unified framework for image
understanding, text-to-image generation, and instruction-based editing via a shared MLLM–MMDiT
interface. As shown in Figure 1, it achieves strong results across broad visual tasks, especially in spatial
understanding, long-text rendering, multi-view generation, and controllable editing.
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Figure 4 Overall architecture of JoyAI-Image, a unified foundation model for multimodal understanding, generation,
and editing, integrating a Multimodal Large Language Model (MLLM), a Variational Autoencoder (VAE), and a
dual-stream Multimodal Diffusion Transformer (MMDiT). For image understanding, the MLLM jointly encodes visual
and textual inputs to enable semantic comprehension and reasoning. For image generation, the MLLM converts textual
prompts into latent guidance, which the MMDiT transforms into images through iterative denoising. For image editing,
the MLLM interprets both the user instruction and the source image, while the MMDiT synthesizes the final output
by integrating MLLM-interleaved priors with VAE-encoded image features and noise tokens.

• A Practical Data and Training Recipe. We build a scalable learning pipeline with detailed data
construction and multi-stage optimization strategies and provide a practical recipe for training unified
multimodal understanding-and-generation models with strong general-purpose capability.

• Awakening Spatial Intelligence in a Unified Model. Beyond strong general-purpose performance,
JoyAI-Image strengthens spatial understanding, controllable spatial editing, and novel-view-assisted
reasoning through a bidirectional loop between understanding and generation, laying a practical
foundation for broader spatial intelligence with implications for robotic systems and world models.

2 Model

As illustrated in Figure 4, JoyAI-Image is a unified framework for image understanding and generation,
combining a spatially enhanced Multimodal Large Language Model (MLLM) with a Variational Autoencoder
(VAE) and a Multimodal Diffusion Transformer (MMDiT) [30]. This paradigm facilitates a seamless transition
from standalone scene comprehension to high-fidelity image synthesis and instruction-based editing. The
operational workflow follows a principled three-stage pipeline:

• Multimodal Understanding: Serving as the "cognitive brain" of the architecture, the MLLM assumes
a dual role. Primarily, it functions as a standalone understanding engine capable of general scene
parsing and intricate spatial reasoning. Subsequently, it acts as an intent-explanation mediator, where it
interprets interleaved instructions and reference signals that guide the downstream generative process.

• Latent Encoding: A Variational AutoEncoder (VAE) bridges the pixel-level data and the latent
manifold. This stage ensures efficient spatio-temporal compression, mapping raw visual inputs into a
compact representation space suitable for robust diffusion modeling.
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• Conditional Generation: The MMDiT serves as the core generative engine, modeling the conditional
distribution between noise and latents. Through its dual-stream architecture, the MMDiT facilitates
deep cross-modal fusion, effectively consuming the MLLM-derived priors to support both high-fidelity
generation and fine-grained, multimodal-conditioned editing.

The architecture follows a progressive training paradigm: we first fine-tune the MLLM for robust visual-spatial
understanding, then train the MMDiT from scratch for high-fidelity generation using MLLM-derived priors,
and finally optimize the framework for precise, instruction-based editing.

2.1 Multimodal Large Language Model

We employ an MLLM as the primary interaction interface for parsing user inputs and facilitating cross-modal
alignment. By utilizing the pre-trained knowledge and reasoning architecture of the MLLM, JoyAI-Image
establishes a structured foundation for holistic scene comprehension and intent parsing, providing the necessary
semantic priors for both image synthesis and instruction-based editing. Specifically, our comprehension module
is built upon Qwen3-VL-8B-Instruct [3]. To achieve precise geometric awareness and multi-view structural
consistency, we further fortify its spatial reasoning through a dedicated data engine and specialized training (see
Section 3). This enhancement is critical for tasks requiring high spatial fidelity, such as viewpoint-controllable
synthesis and geometry-preserving manipulation.

The MLLM operates in two distinct functional modes based on the task objective:

• Standalone Understanding: For pure understanding tasks (e.g., image captioning or spatial reasoning),
the MLLM functions as a generative language model, directly decoding its internal representations into
human-readable text.

• Generative Conditioning: For synthesis and editing, the MLLM processes input queries via task-
specific workflows to guide the subsequent diffusion process:

– Text-to-Image Generation: The MLLM parses text into structured semantic representations.

– Instruction-based Editing: The model processes interleaved inputs—the original image and the
instruction—to resolve the mapping between linguistic modifiers and specific visual attributes.

To integrate these cognitive insights into the generative pipeline, we extract the hidden states from the
final layer of the MLLM backbone for synthesis and editing tasks. These high-dimensional features serve
as the primary conditioning signal, encapsulating high-level semantic-spatial cues to guide the MMDiT.

2.2 Variational Auto-Encoder and Multimodal Diffusion Transformer

To facilitate efficient and high-fidelity synthesis, we employ Wan-2.1-VAE [79] as our latent compressor. It
leverages causal 3D convolutions for superior spatio-temporal compression, preserving fine-grained structures
and high-frequency details (e.g., small text rendering) during reconstruction. The generative core of JoyAI-
Image is a 16B-parameter MMDiT, which jointly models the multimodal representations from the MLLM and
the latent representations from the VAE. This dual-stream architecture facilitates deep cross-modal fusion,
supporting both denoising-based generation and complex multimodal-conditioned editing. We optimize the
backbone efficiency by replacing the MSRoPE used in Qwen-Image [84] with a standard MRoPE, aligning
the model’s rotary positional embeddings more effectively with our structural conditioning objectives. The
detailed architectural hyperparameters are summarized in Table 1.

Table 1 Multimodal Diffusion Transformer Hyperparameters of JoyAI-Image.

Parameter Value Parameter Value

Input/Output Dim 16 Attention Heads 32
Patch Size 1 × 2 × 2 Modulation Type WanX
Number of Layers 40 Position Embedding MRoPE
Hidden Dim 4096 RoPE Base θ 10,000
Text Hidden Dim 4096 RoPE Dim List [16, 56, 56]
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Figure 5 System overview of the OpenSpatial engine. Driven by a box-centric paradigm, the OpenSpatial engine
features an automated or semi-automated workflow to generate high-quality and diversified spatial understanding data.

3 Advanced Spatial Understanding

3.1 Data

3.1.1 Automated Spatial Data Synthesis

To bridge the gap between 2D semantic understanding and 3D spatial intelligence, we introduce OpenSpatial
(Figure 5), an automated data engine designed to synthesize spatially-grounded QA pairs from a unified, 3D
box-centric representation. A key strength of OpenSpatial is its ability to scale beyond labor-intensive 3D
scans by leveraging a robust 3D lifting mechanism, which transforms unconstrained, in-the-wild web videos
into high-fidelity training data. Leveraging this engine, we curate OpenSpatial-3M, a comprehensive training
suite comprising 3 million entries. This dataset spans five foundational capabilities—Spatial Measurement
(SM), Spatial Relationship (SR), Camera Perception (CP), Multi-view Consistency (MC), and Scene-Aware
Reasoning (SAR), as illustrated in Figure 6—across 19 diverse sub-tasks, establishing an extensible cornerstone
for general-purpose spatial understanding.

The data engine ingests a variety of sources, encompassing high-precision 3D indoor scans (e.g., ScanNet [26],
Matterport3D [14], ARKitScenes [5], ScanNet++ [99], and Hypersim [67]) in addition to the aforementioned
web-scale video sequences. To maintain a consistent geometric foundation, all ingested assets are normalized
within a canonical coordinate system.

The technical workflow of OpenSpatial begins with the acquisition of scene-level 3D oriented bounding boxes
(OBBs), obtained either through manual curation or the 3D lifting procedure. These scene-level primitives are
subsequently distilled into frame-level object attributes via a rigorous pipeline of projection, visibility filtering,
and mask refinement. This yields a unified object-frame index—a shared representation that synchronizes
3D/2D boxes, instance masks, partial point clouds, and metric metadata. There are two downstream branches:

• Single-view QA: Extracts fine-grained queries from per-frame scene graphs, grounding language in
the 2D plane through explicit visual anchors.

• Multi-view QA: Capitalizes on the viewpoint-invariant nature of 3D boxes to synchronize objects
across overlapping frames. This shared geometric index enables the synthesis of cross-view queries that
require consistent spatial reasoning despite significant perspective shifts.

At the core of our strategy is the 3D box-centric design, which serves as a robust geometric anchor for all
annotations. Unlike traditional 2D-based methods, we utilize 3D OBBs to encapsulate absolute metric scale,
centroids, and orientations. For datasets lacking native 3D labels, our lifting mechanism propagates 2D
instance masks into 3D space via depth-map integration. To guarantee spatial fidelity, we enforce a multi-view
cycle-consistency constraint: a candidate 3D box is validated only if its projections consistently align with
observed instance masks across multiple viewpoints.
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Spatial Measurement (SM)
[Size-obj-abs.] 
Can you tell me 
the size of the 
heater-(green 
box)'s maximum 
dimension (length, 
width, or height)? 
Express the 
measurement in 
meters.  - 0.75 m

[Dis.-obj-abs.] 
Considering the 3D 
positions of objects in 
this image, which one is 
farther from the lamp-
(green box), the cabinet-
(red box) or the table-
(blue box)? Options: A. 
cabinet-(red box)  B. 
table-(blue box).  - A.

[3d-grounding] Find 
the 3d-box of the 
tower.
- {‘bbox_3d’: [0.0, -
1.1, 0.4, 0.2, 0.1, 0.6, 
-1.5, 0.0, 3.14]}

[Size-obj-rel.] Can 
you confirm if the 
table-(red mask) is 
bigger than the chair-
(blue mask)? 
- Actually, the table-
(red mask) might be 
smaller or the same 
size as the chair-(blue 
mask).

[Mi-dis.-obj-abs.] If 
you view objects 
lamp-(orange mask), 
paper-(pink mask) 
from multiple 
perspectives, which 
one has the maximum 
distance to clock-
(brown mask)? 
- lamp-(orange mask)

[Pos.-left-right] 
Is the plant pot-
located on the 
left side of the 
flag from the 
camera's 
perspective? - 
Correct

Spatial Relationship (SR)

[Pos.-front-behind] 
Is the door-(red 
box) positioned 
before the chair-
(blue box)?
- Incorrect

[Pos.-high-low] 
Consider the real-
world 3D locations of 
the objects. Which 
object has a higher 
location? Options: 
A:The ceiling lamp-(red 
box) B:The clothes-
(blue box) - A

[Mi-dis.-obj-rel.] Given 
the multi-view images 
and objects: bin-(orange 
box), countertop-(red 
box), doorframe-(pink 
box), which one is the 
farthest from the 
faucet-(blue box)?
- bin-(orange box)

[Mi-pos.-obj] In image 1, 
if the chair-(red box) is 
located south of the 
doorframe-(yellow box), 
what direction does the 
pillow-(purple box) 
(depicted in image 2) take 
from the doorframe-(yellow 
box)? Options: A.south 
B.east C.northwest 
D.southwest. – C.

Multi-view Consistency (MC)
[Corr.-point] The first 
image marks a point in 
green color. After 
adjusting the camera or 
lighting, the second 
image presents several 
purple points labeled “1, 
2, 3, 4”. Which one 
matches the original?
- The answer is point-1.

[Corr.-obj] Is the sink in 
image 1 different from any 
object in image 2? 
– No, the sink is visible in 
image 2.

[Route plan] You are a robot facing the 
bicycle and your starting perspective is 
shown in image 1. You want to navigate 
to the fridge. You will perform the 
following actions (Note: for each [please 
fill in], choose either ‘Turn back,’ ‘Turn 
left,’ or ‘Turn right.’): 1. Go forward until 
the bicycle 2. Turn left 3. Go forward 
until the bed 4. [please fill in] 5. Go 
forward until the fridge. You have 
reached the final destination. - Turn left

[Scene caption] Given a collection 
of images showcasing a 3D scene 
from various viewpoints, your task 
is to articulate the spatial 
relationships and arrangements of 
objects within that environment. 
Construct thorough image 
assessments covering spatial, 
temporal, and contextual elements 
in 200-300 words.
- This collection of images ……

Scene-Aware Reasoning (SAR)

[Cam-motion] The photographs 
are taken in order, reflecting 
what the subject sees directly. 
Deconstruct the camera's 
orbital motion into its 
translational component. Is 
the vector of this translation 
pointing towards the camera's 
left or right? Options: A. 
rolling to the left (clockwise) 
B. rolling to the right 
(counterclockwise) - B. rolling 
to the right (counterclockwise)

[Depth-choice] Out of the 
objects: cabinet-(red box), 
bench-(blue box), cabinet-
(green box), cabinet-(pink box), 
which one has the smallest 
depth? Consider these options: 
A:cabinet-(green box) 
B:cabinet-(pink box) C:bench-
(blue box) D:cabinet-(red box), 
and choose the correct answer.
- D

[Depth-order] Can you 
organize the objects: couch-
(red point), pot-(blue point), 
couch-(green point) in order of 
their depth (from near to far)?
- Ordered from near to far: 
this can be illustrated as pot-
(blue point), couch-(red point), 
couch-(green point).

[Cam.-pose] View 1 View 2 View 3 and View 
4 are four different input camera views 
that represent the same scene. Could you 
reconstruct the camera view layout from 
the top-bottom view and answer the 
following question?\n\nOptions:\nA. In 
counterclockwise order, the layout is View 1, 
View 4, View 2, View 3.\nB. In 
counterclockwise order, the layout is View 1, 
View 3, View 4, View 2.\nC. In 
counterclockwise order, the layout is View 3, 
View 1, View 4, View 2.
- The correct option is: B

[Depth-order] View 1 and View 2 
are two different views that 
represent the same scene. In 
which view the picture-(orange 
box) in the scene is farther to the 
spot where the camera view was 
positioned? Options: A. farther to 
the spot where camera View 1 
was positioned B. farther to the 
spot where camera View 2 was 
positioned C. distance to the spot 
where camera View 1 and View 2 
were positioned is equal - B

Camera Perception (CP)

Figure 6 Overview of the OpenSpatial dataset. OpenSpatial consists of high-quality spatial understanding samples
organized into a five-category taxonomy: Spatial Measurement (SM), Spatial Relationship (SR), Camera Perception
(CP), Multi-view Consistency (MC), and Scene-Aware Reasoning (SAR). QA pairs have been condensed for clarity.
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Figure 7 Overview of the data recipe for enhancing spatial understanding.

3.1.2 Dataset Overview & Statistics

Our training corpus is organized into four categories: General Understanding, Spatial Understanding, Prompt
Enhancement, and Others. In total, the corpus contains approximately 11.3M samples. As shown in Figure 7,
the data distribution is intentionally non-uniform; therefore, we adopt per-dataset sampling ratios rather than
uniform mixing to mitigate the substantial scale imbalance across sources.

General Understanding. This is the largest portion of the corpus, comprising about 6.1M samples
(54.25%). It serves as the foundation for preserving broad multi-modal competence, including document
understanding, language understanding, OCR, multi-task instruction following, mathematical reasoning, and
general visual question answering. Concretely, this category includes large-scale General VQA data (1.7M),
Math data (1.4M), Doc/Chart data (1.0M), Language data (907.8K), Multi-task data (610.1K), and OCR
data (463.7K). Most samples in this category are single-view, making it the main anchor for retaining strong
general-purpose visual-language capabilities.

Spatial Understanding. This is the core subset for spatial intelligence, comprising about 3.4M samples
(29.65%). It mainly contains two sources:

• OpenSpatial (3.3M): Our principal spatial supervision source, covering a diverse set of fine-grained
skills such as distance, size, depth estimation, position, correspondence, 3D scene captioning, camera
motion, as well as smaller subsets for 3D grounding, orientation, and multi-view camera pose estimation.
This source contains both single-view and multi-view supervision.

• VST Subset (49.4K): A compact but important multi-view subset centered on camera motion, providing
explicit supervision for dynamic viewpoint changes.

Overall, the spatial branch provides comprehensive coverage across single-view, multi-view, and video data,
establishing a holistic foundation for 3D/4D spatial reasoning.

Prompt Enhancement. In support of downstream image generation and editing tasks, we incorporate two
prompt rewriting sources designed to improve instruction density and robustness:

• Instruction Rewriting (1.4M, 11.98%): This subset transforms concise, low-entropy descriptions into
detailed and stylistically diverse instructions. By leveraging a systematic rewriting pipeline, we expand
descriptive granularity while strictly preserving original semantics, enabling the model to interpret
complex generative prompts with high fidelity.
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• Spatial Editing (137.4K, 1.21%): A suite that maps spatial instructions to their corresponding visual
transitions. Given a specific prompt, the module normalizes the instruction format to infer the resulting
visual content of the target perspective. By explicitly characterizing transformations relative to the
original image, it ensures the model captures the precise geometric and semantic changes.

Others. (328.1K, 2.89%): A curated collection of in-house multi-modal understanding sampled from JingDong.
These data provide complementary long-tail supervision and improve distributional diversity.

3.2 Training

We perform spatial-specialized supervised fine-tuning (SFT) on Qwen3-VL-8B-Instruct [93] using a full-
parameter training setup. To handle the inherent length heterogeneity of our multimodal spatial corpus,
where short grounding queries coexist with long multi-turn dialogues, we adopt a dynamic sequence packing
strategy that greedily bins multiple short sequences into a single training slot. Packed sub-sequences are
kept causally independent via Flash Attention’s variable-length interface. This design substantially reduces
padding waste and decouples throughput from worst-case sequence length. To preserve the pre-trained visual
representations while allowing the language backbone to adapt more aggressively, we employ a decoupled
learning rate schedule that assigns a smaller update rate to the vision encoder.

In addition to standard cross-entropy SFT, we incorporate an online knowledge distillation objective to
retain the original capabilities of the pre-trained model. Specifically, a frozen teacher model provides soft
supervision via a KL divergence penalty on intermediate hidden-state representations [56]. The final training
objective is defined as:

L = LSFT + λ ⋅ LKL, (1)

where LKL denotes the layer-averaged KL divergence computed over the response tokens. Crucially, this regu-
larization is selectively applied only to general-purpose datasets, while being omitted for spatial understanding
tasks. Since the base model’s intrinsic spatial capabilities are often limited, imposing KL constraints on such
data would inadvertently hinder the acquisition of new spatial knowledge. Conversely, for general domains
where the original training recipe is inaccessible and our fine-tuning samples are sparse, the LKL term serves
as a vital anchor to prevent catastrophic forgetting and maintain the model’s foundational knowledge. The
detailed training hyperparameters are described in Table 2.

Table 2 Supervised fine-tuning hyperparameters.

Parameter Value Parameter Value

Training Strategy FSDP2 ViT Learning Rate 5 × 10−6
Total Batch Size 128 LR Scheduler Cosine
Micro Batch Size 1 Training Epochs 1
Mixed Precision BF16 Max Length 8192
Learning Rate 5 × 10−5 KL Weight (λ) 10

3.3 Evaluation

We conduct an extensive evaluation based on VLMEvalKit [29] to comprehensively assess the performance of
our spatial-specialized vision-language model. We introduce Gemini-2.5-Flash [23] as the judger for open-ended
questions. The benchmarks evaluated in tables are categorized into three tiers:

Level 1: 2D Semantic Perception. Benchmarks such as MMBench [52] and MMStar [20] serve as
the foundation, assessing general visual question answer and cross-modal alignment. While MMStar is
specifically curated to eliminate language bias, OCRB [53] evaluates fine-grained text recognition capabilities.
MathVista [54] evaluate the mathematical reasoning capabilities of foundation models within diverse visual
contexts. These benchmarks verify that our model retains decent general-purpose performance.

Level 2: 3D Spatial Understanding. This level focuses on the physical world. For example, BLINK [31]
and CV-3D [77] assess low-level geometric cues like depth, surface normals, and relative size. In contrast,
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3DSR [57] and MMSI [96] shift the focus toward spatial logic, requiring the model to resolve complex linguistic
relations (e.g., “between,” “behind”) within a 3D coordinate frame. RealWorldQA [88] further tests these
capabilities in autonomous driving and outdoor scenarios.

Level 3: 4D Spatio-Temporal Reasoning. The most challenging tier involves VSI-Bench [94] and
AllAnglesBench [98]. Unlike static 3D benchmarks, these require temporal coherence and view-invariant
reasoning. AllAnglesBench specifically challenges the model to maintain a consistent spatial mental map
across extreme viewpoint shifts, while VSI-Bench evaluates the tracking of spatial identities over time.

Table 3 presents a comprehensive comparison between our model and state-of-the-art proprietary and
open-source VLMs across 13 benchmarks. Notably, our model achieves a new state-of-the-art in spatial
understanding, reaching an average score of 64.4. This represents a substantial 5.3 point improvement over
the base model, even matching the performance of the proprietary Gemini-2.5-Pro. While establishing this
dominance in 3D and 4D spatial tasks, our model simultaneously maintains competitive results on general
multimodal benchmarks like MMBench and MMStar, demonstrating its versatility without compromising
foundational capabilities.

Table 3 Quantitative comparison with state-of-the-art VLMs on 9 spatial benchmarks and 4 general benchmarks.
Bold and underlined indicate the best and second-best results. The row with a blue background denotes our method.

Benchmarks
Spa.
Avg.

Spatial Understanding General Understanding
VSI AllAngles BLINK 3DSR_C CV-2D CV-3D ERQA RealWorldQA MMSI MMB_CN MathVista MMStar OCRB

Proprietary Models

Gemini-2.5-Pro [23] 64.4 48.4 61.3 70.6 57.6 80.4 91.3 55.8 77.3 36.9 90.2 84.9 79.1 86.6
GPT-4o [1] 57.7 34.0 52.4 65.9 44.3 75.8 83.0 57.0 76.2 30.3 83.9 63.8 65.1 80.6

Open-Source General/Spatial VLMs

InternVL2.5-4B [22] 50.6 28.3 45.1 50.8 44.0 77.1 76.4 41.0 64.2 28.5 77.6 61.6 58.5 82.6
InternVL2.5-8B [22] 54.6 39.3 48.9 54.9 51.0 78.6 79.9 40.8 69.4 28.6 81.3 63.4 62.6 82.1
InternVL3-2B [107] 50.6 30.4 48.6 52.8 46.4 71.9 77.3 36.2 65.5 25.9 77.1 58.3 61.5 83.7
InternVL3-8B [107] 56.2 38.7 50.5 55.7 52.7 80.6 86.0 40.5 70.6 30.9 81.9 70.8 68.2 88.0
SpaceR-7B [62] 53.3 44.4 49.8 54.3 47.5 73.9 76.2 40.5 64.2 29.4 80.3 65.8 61.6 85.9
MiMo-VL-7B [70] 58.2 47.8 52.9 59.7 56.1 76.9 86.9 41.0 73.5 29.3 80.9 81.3 71.1 84.5
Qwen2.5-VL-3B-Instruct [4] 47.9 32.0 42.8 49.0 45.2 66.1 64.8 40.8 65.2 25.0 76.9 62.1 56.6 82.6
Qwen2.5-VL-7B-Instruct [4] 52.8 36.0 50.1 55.3 49.0 75.6 73.8 41.0 68.1 26.5 82.3 68.6 70.9 87.9
VST-7B-SFT [95] 60.2 55.3 49.5 62.1 53.3 77.9 94.8 43.8 71.5 33.3 80.4 65.7 63.1 86.3
Qwen3-VL-4B-Instruct [3] 58.8 53.6 49.1 62.6 52.5 79.5 92.3 40.2 71.4 28.0 82.5 70.6 67.5 88.0
Qwen3-VL-8B-Instruct [3] 59.1 55.6 49.5 66.1 52.8 78.6 90.8 40.1 70.7 28.1 83.3 75.0 70.1 90.3

Our Method

JoyAI-Image-Und (Ours) 64.4 60.1 61.0 69.6 60.5 81.0 92.7 45.0 74.0 35.8 83.7 74.4 71.3 87.9
∆ (Ours vs. Base) +5.3 +4.5 +11.5 +3.5 +7.7 +2.4 +1.9 +4.9 +3.3 +7.7 +0.4 -0.6 +1.2 -2.4

4 Text-to-Image: JoyAI-Image

4.1 Data Pipeline

Our data pipeline is designed as a progressive, multi-stage system that jointly optimizes data quality and
distributional coverage. The pipeline consists of five core modules: (1) a Data Filtering module that
applies increasingly stringent quality criteria across training stages; (2) a Captioning module that generates
multi-level textual descriptions using a vision-language model; (3) a Rebalancing module that leverages
a large-scale semantic taxonomy to correct long-tail distributional biases; (4) an Annotating module that
employs human experts to establish fine-grained quality standards for quality-tuning data; and (5) a Multi-
view Generation module that curates a million-scale Blender-rendered multi-view corpus with geometric
annotation to support viewpoint-controllable generation. We describe each module in detail below.
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4.1.1 Data Filtering

We construct our training data from a large-scale, diverse collection of billions of images sourced from
professional photography platforms, web-crawled repositories, and curated internal collections. To ensure data
quality throughout the iterative development of JoyAI-Image, we design a multi-stage filtering pipeline that
progressively raises the admission threshold as training advances from low-resolution stages to high-resolution
stages. The filtering criteria are organized along several complementary dimensions.

In the initial stage, we apply a set of fundamental filters to remove clearly unsuitable samples from the
raw data pool, including broken file detection, minimum resolution enforcement (progressively raised from
min(width,height) > 128 at 208p to > 512 at 1024p), deduplication based on MD5 hash and semantic similarity,
and NSFW content exclusion. Beyond these basic filters, we deploy specialized operators targeting image
quality, aesthetic appeal, and text-image alignment. Beyond the standard filters, we highlight two filters that
prove particularly effective in our pipeline.

In-House Image Quality Assessment (IQA). Off-the-shelf image quality metrics typically evaluate a single
perceptual dimension and are insufficient for the diverse failure modes in web-crawled data. We develop an in-
house IQA operator that jointly considers statistical image properties and learned perceptual quality indicators,
fused through cascaded decision logic. On the statistical side, four low-level indicators are computed from
pixel values: Brightness, Entropy, Saturation, and Sharpness Variance, which collectively detect overexposure,
underexposure, uniform regions, color degradation, blur, and over-sharpening artifacts. On the perceptual side,
three learned models provide complementary assessments: NIQE [59], which measures deviation from natural
scene statistics; CLIP-IQA [80], which leverages CLIP’s semantic understanding for human-perception-aligned
scoring; and MUSIQ [39], a multi-scale Transformer capturing quality features across spatial scales.

The final decision follows a cascaded protocol: images with extremely low brightness are skipped; samples
passing both statistical and perceptual thresholds are accepted directly; borderline cases may be recovered
through relaxed perceptual thresholds conditioned on sufficient saturation; and images with very high NIQE
scores or severely abnormal statistics are unconditionally rejected. Human verification on a representative
subset confirms 90% accuracy in alignment with human judgment.

Caption-Based Content Filter. Rather than relying on image-level classifiers, we perform systematic keyword
and pattern matching on VLM-generated captions to identify undesirable content, including composite layouts
(e.g., collages, split-screens), prominent watermarks or logos, and low-information screenshots or memes.
This approach leverages the already-deployed VLM captioner at no additional cost, is orders of magnitude
faster than image classification at billion-scale, and can be updated instantaneously by modifying keyword
lists. Empirically, it captures the vast majority of problematic samples found by image-based methods while
additionally detecting subtle cases that visual classifiers frequently miss.

The filtering pipeline is configured differently for each training stage. Table 4 summarizes key threshold
configurations across the three main pre-training stages. In later stages, we additionally employ Artimuse [11],
a vision-language model-based aesthetic evaluator, retaining only images scoring above 60 in continual training
and above 65 in the annotating stage.

Table 4 Filtering configurations across pre-training stages. Thresholds are progressively tightened to elevate data
quality as training advances to higher resolutions.

Criterion Stage 1 (208p) Stage 2 (512p) Stage 3 (1024p)

Min Resolution min(h,w) > 128 min(h,w) > 256 min(h,w) > 512
Aesthetic Score ≥ 3.0 ≥ 4.6 ≥ 4.6
IQA Filter – Retention ∼34% Retention ∼20%
Dense OCR Resolution – > 512 > 768
Border Detection – ✓ ✓

Rebalance – – ✓
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4.1.2 Captioning

High-quality textual descriptions are critical for training text-to-image models, as they directly determine
the upper bound of text-image alignment. We address this through two complementary strategies: (1) a
multi-level captioning system that generates diverse textual representations at varying granularities, and (2)
an OCR-aware captioning pipeline that ensures faithful text rendering in generated images. Both strategies
use Qwen3-VL-8B-Instruct [3] as the unified captioning backbone, and all captions are generated in both
Chinese and English to support multilingual generation. During training, caption types and language variants
are sampled with predefined probabilities, ensuring exposure to diverse textual formats.

Caption Types. We generate four types of textual descriptions, each targeting a distinct granularity: Short
Captions are concise one-to-two-sentence descriptions that capture the most salient aspects of the image,
mimicking the distribution of real user prompts. Long Captions are paragraph-length descriptions that
comprehensively depict subjects, objects, spatial relationships, background elements, lighting, artistic style,
and atmosphere, establishing dense visual-textual mappings for fine-grained generation learning. Extended
Long Captions go further in granularity, providing meticulous descriptions of textures, materials, spatial
layouts, and subtle visual details to improve visual fidelity. Structured Captions are JSON-formatted
annotations describing the image along predefined dimensions (subject appearance, background, artistic style,
compositional attributes, and visible text), improving per-dimension controllability and enabling flexible data
composition during training.

OCR-specialized 
Model

Caption Model

Accurate, Rich &
Contextual Caption

Filtering Mechanism

OCR-Conditioned Caption Generation

This eye-level urban shot captures the storefront of a classic confectionery, 
highlighted by a prominent dark wood sign featuring the gold-embossed text 
“SWISS CHOCOLATE HOUSE” in a serif font, with a smaller plaque centered 
below reading “SINCE 1845”. To the left, a red and white tram is partially visible, 
its green digital display clearly indicating "1F" above the words "ZURICH TRAM”.

Language Integrity
Enforce that original 
language and specific 
phrasing is preserved

Text Coverage
Verify all OCR-detected 
text is present

Fine-Grained Post Filtering

Discarded Caption
Missing/Inaccurate text
"Swiss chocolate shop 
established in 1845."

“SWISS CHOCOLATE 
HOUSE”

“SINCE 1845”
“1F”

“ZURICH TRAM”

Discarded Caption
Paraphrased/Translated text
“Swiss chocolate house”
“A house of Swiss 
chocolate”

Hallucination
Ensure that all the words 
that appear are correct.

Figure 8 Overview of the OCR-conditioned captioning pipeline. Given an input image, an OCR-specialized model
first extracts textual tokens present in the scene. These OCR tokens are then fused with visual features and fed into a
captioning model to generate a text-grounded description. To ensure fidelity, a fine-grained post-filtering module is
applied, and only captions that satisfy all constraints are retained as accurate and contextually grounded outputs.

OCR-Aware Captioning. Accurate text rendering is a critical capability for image generation models. We
find that incorporating explicit OCR signals into captions is essential for achieving text-faithful generation.
As shown in Figure 8, we adopt a two-stage OCR-conditioned framework: an OCR-specialized model [24]
first extracts all textual tokens from the image, and an MLLM then generates captions conditioned on both
visual features and recognized text. This design effectively mitigates missing or hallucinated text, particularly
in dense and multilingual scenarios. To further ensure fidelity, we introduce a fine-grained post-filtering
mechanism that enforces (i) full coverage of OCR-detected text, (ii) consistency between OCR outputs and
caption content, and (iii) preservation of the original language without translation.

To complement this OCR-aware annotation pipeline, we further develop a text-rendering system that generates
high-quality training data with controllable typography. An LLM first converts prompts into structured
layout blueprints, while removing typography-related tokens and applying negative prompting to suppress
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unintended text generation. Content is then organized under poster-style grid constraints and rendered via
HTML/CSS using a Chromium engine, achieving web-grade typographic fidelity. To improve robustness
on rare Chinese characters, we perform frequency-based filtering and morphological decomposition (radical
and stroke), followed by balanced sampling to ensure diverse coverage. Finally, a VLM is used to ground
text regions, and the extracted text is incorporated into a recaptioning prompt to produce spatially aware,
text-faithful captions while suppressing irrelevant artifacts.

Together, the combination of multi-level captions and OCR-aware captioning provides comprehensive textual
supervision that enables JoyAI-Image to learn both holistic scene understanding and fine-grained attribute
control.

4.1.3 Rebalancing

Large-scale web-crawled datasets exhibit severe long-tail distributions, where a small number of common
concepts dominate while the majority appear infrequently, degrading generation quality on rare concepts
and styles. We design a rebalancing pipeline that constructs a “Caption → Embedding → Tag → Retrieval →
Rebalance” processing flow, enabling semantically-aware category balancing at scale.

Taxonomy and Tag Tree. Our rebalancing system is built upon a hierarchical classification tree derived from
established visual taxonomies [82, 102]. We select the finest-grained level containing approximately 285K
leaf-node categories as our tag vocabulary.

Embedding-Based Tagging. We compute embeddings for both the 285K tag vocabulary and each sample’s
caption, then retain the top-K (K=1000) tags by cosine similarity as initial candidates, which achieves 86%
human verification accuracy in embedding similarity matching tests, and enabling efficient large-scale tagging
without per-sample classification inference.

Adaptive Diversity Sampling. A naive top-K selection often yields semantically redundant tags, as related
concepts cluster in embedding space. We design an adaptive diversity sampling algorithm that leverages
the taxonomy hierarchy: candidate tags are aggregated at intermediate tree levels, a “parent node” level is
dynamically selected based on the target tag count, and only the highest-scoring child within each parent’s
subtree is retained. This ensures the final tag set covers diverse semantic dimensions rather than concentrating
on a single concept cluster.

Rebalance Strategy. The tagged dataset exhibits extreme skew: roughly 2% of categories account for over
30% of total frequency (individual counts exceeding 10M), while approximately 50% of categories appear
fewer than 100K times. We address this through stratified sampling: tail categories (<100K) are fully retained;
head categories (≥100K) are downsampled via an inverse-logarithmic schedule Nsample ∝ 2/ log(Count) with
segment-specific base rates for different frequency ranges. Additionally, categories linked to weak model
capabilities—identified through systematic evaluation—receive a 20–50% sampling boost. Sampling proceeds
from lowest to highest frequency with running deduplication to avoid double-counting.

4.1.4 Annotating

While automated filtering and scoring provide scalable quality control for the bulk of training data, the later
stages of training demand a higher standard of curation that automated methods alone cannot achieve. To
this end, we design a human-in-the-loop annotation pipeline that establishes rigorous quality benchmarks for
selecting SFT data.

Multi-Dimensional Quality Scoring. Human annotators evaluate each candidate image along three orthogonal
dimensions, each scored on a discrete scale of {5, 4, 3, 0}. Aesthetics (weight: 50%) evaluates overall
visual appeal—sensory comfort, compositional tension, lighting intent, and color sophistication. Information
Density (weight: 30%) measures the quantity and diversity of learnable visual content; high-scoring images
exhibit rich “subject + object + environment + interaction” compositions with abundant texture detail,
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while visually sparse images are penalized despite being technically well-captured. Style Purity (weight:
20%) assesses the consistency and distinctiveness of the image’s visual style—whether photographic grain, oil
painting brushstrokes, ink wash diffusion, or digital illustration precision—without cross-style contamination
or characteristic “AI-generated” artifacts. Table 5 provides the full dimension-specific rubric.

Table 5 Dimension-specific scoring rubric for human quality annotation. Each image receives an independent score
per dimension.

Score Aesthetics (50%) Information Density (30%) Style Purity (20%)

5 (Stunning) Cinematic or fine-art caliber; elic-
its an immediate “wow.” Master-
ful lighting, composition, and color
harmony.

Dense, multi-layered scene with
rich subject–object–environment
interactions and abundant texture
variety.

Unmistakable, committed style
(e.g., film grain, oil impasto, pre-
cise vector art) with zero cross-
style contamination.

4 (Outstanding) Professional stock or post-
processed quality; intentional
stylistic choices and meticulous
lighting.

Multiple distinct visual elements
with clear spatial relationships and
moderate texture diversity.

Consistent identifiable style with
only minor ambiguities that do not
undermine the overall impression.

3 (Good) Well-composed and properly ex-
posed, but without distinctive artis-
tic merit.

Adequate content with a clear sub-
ject and basic context, yet lacking
compositional complexity.

Recognizable style category, but ex-
ecuted generically without distinc-
tive character.

0 (Eliminated) Flat casual snapshots, visible de-
fects (distortion, watermarks, in-
correct lighting), or unusable con-
tent (blur, blank).

Visually sparse (e.g., single object
on plain background) or chaotic
scenes with no coherent structure.

Unclassifiable style, heavy cross-
style mixing, or overt AI-generated
appearance.

Quality Control. Annotators are calibrated with target score distributions: scores 4–5 should account for
approximately 10–30% of samples, score 3 for 30–50%, and score 0 for 30–40%; score inflation is actively
monitored. Each batch is seeded with 5% pre-labeled sentinel samples whose ground-truth scores are known;
annotators falling below 90% accuracy on sentinels are flagged for retraining. Daily random audits sample
5% of the previous day’s accepted images, and if the low-quality pass rate exceeds 5%, the entire batch is
returned for re-annotation.

Iterative Refinement. Annotation standards are continuously refined via quality audit feedback. Common
calibration issues—such as inflated scores for dark-toned artistic photography, under-appreciation of traditional
art forms (e.g., Chinese ink painting), or confusion between intentional stylistic blur and photographic
deficiency—are addressed through targeted training sessions incorporating exemplars from professional
photography competitions, cinematic stills, and high-end commercial photography.

4.1.5 Multi-view Generation

To support controllable text-to-image generation under explicit viewpoint constraints, we curate a multi-view
generation corpus at approximately 1M-scale. The dataset focuses on both object-centric and scene-centric
settings with a single dominant subject, including object-focused cases and interior-design scenarios, and
is designed for multi-view collage generation. This design aligns training data with practical inference
requirements, where users may request either one target view or a coherent set of views under shared
semantics.

Rendering Pipeline. We render multi-view images using Blender 4.5. Each image consists of one designated
main view and several supporting sub-views, all captured by cameras oriented toward the target object’s
center. Camera intrinsics are sampled from a commonly used range, and the camera-to-object distance is
uniformly sampled from a range scaled relative to the object’s bounding extent, ensuring consistent framing
across varying object sizes. To discard infeasible camera placements, we cast rays from the central region of
each camera’s image plane toward the target object and retain only views where a sufficient proportion of
rays arrive unobstructed.

Dense and Structured Captioning. We adopt a dual-prompt annotation pipeline with Gemini-3-Flash [34] as
the labeling model. A dense-caption prompt produces fluent, detail-rich natural language descriptions that
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emphasize collage layout, main-view content, and complementary evidence from supporting views. In parallel,
a structured prompt outputs schema-constrained JSON annotations with fixed fields for subject summarization,
rotation modeling, main-view anchoring, per-view details, and layout specification, as summarized in Table 6.
This combination improves both linguistic richness and geometric controllability, while providing reliable
machine-parsable supervision for downstream data composition and training.

Table 6 Fields and descriptions in structured captions for multi-view collage data.

Name Description

Subject Summary A concise global summary of the central object/scene shared across sub-images, including common visual
attributes, lighting, and rendering style.

Rotation Logic Description of cross-view horizontal rotation progression and viewpoint transition pattern relative to the
anchored main view.

Main View Index Index of the selected main view that best represents the subject, based on completeness, composition balance,
and informativeness.

View Details Per-sub-image annotations following reading order (left-to-right, top-to-bottom), including role (Main/Other),
angle description, and independent content notes.

Layout Description Description of collage organization, including grid arrangement, number of valid sub-images, blank slots (if
any), and overall layout/background cues.

4.2 JoyAI-Image Model

4.2.1 Pre-Training

We adopt a flow matching objective [48], where the model learns to predict the velocity field along a linear
interpolation path between noise and clean data. Given an image x, we obtain its latent representation z1 via
WanVAE [79] and sample Gaussian noise z0 ∼ N(0, I). We construct zt = tz1 + (1 − t)z0, and train the model
to predict the velocity field z1 − z0:

L = Et,z0,z1,y [∥fθ(zt, y, t) − (z1 − z0)∥
2] ,

where y denotes the text condition.

In the pre-training stage, we train the MMDiT-based text-to-image model with a progressive multi-resolution
schedule. Specifically, we organize the pre-training process into three stages, including low-resolution training
(208P), mid-resolution training (512P), and high-resolution training (1024P). The main purpose of this
stage is to establish the model’s basic image generation capability under text conditioning, rather than to
directly optimize generation quality at the target resolution. To further support downstream spatial editing
capabilities, we additionally introduce multi-view data during the high-resolution (1024P) stage. Specifically,
for a given prompt, the model is trained to generate images from different viewpoints, which encourages
consistent 3D-aware understanding and improves controllability across views. As shown in Figure 2, the
pretrained models is able to generate multi-view images with single prompt.

4.2.2 Continue Training

After the large-scale pre-training stage, the model exhibits strong generalization ability but also inherits the
high variance of data. To further improve generation quality, we perform a continue training stage with
a narrowed data distribution. Specifically, we construct a high-quality subset from the original training
corpus through strict filtering and reweighting. This subset emphasizes visually appealing, compositionally
coherent, and semantically accurate samples, effectively removing noisy or low-quality modes. Compared
to pre-training, this stage focuses on reducing distribution entropy and guiding the model toward a more
concentrated high-fidelity region. This distribution narrowing process enables the model to stabilize generation
behaviors, suppress artifacts, and significantly improve visual consistency, while preserving the core semantic
coverage learned during pre-training.

4.2.3 Supervised Fine-Tuning

Building upon the continued training stage, we further perform supervised fine-tuning (SFT) to enhance
two key capabilities: complex text rendering and multi-view generation. To this end, we construct a
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task-oriented high-quality dataset with thousands of samples and fine-grained human annotations. Compared
to the previous stage, the SFT data is more focused and specifically designed to strengthen these two aspects.
First, for text rendering, we emphasize complex layout scenarios, including bilingual text (e.g., Chinese and
English), dense text regions, and structured typography. We curate data with diverse font styles, spatial
arrangements, and long text to improve rendering accuracy and readability. Second, for multi-view generation,
we introduce data that contains consistent subjects across different viewpoints. These samples are designed to
improve the model’s ability to maintain identity, structure, and spatial consistency under viewpoint changes.

4.2.4 Reinforcement Learning

We mainly follow Flow-GRPO [49] as our reinforcement learning framework for text-to-image generation. To
construct diverse and informative online training data, we first collect a large pool of diverse prompts covering
a wide range of scenes, subjects, styles, and compositions. For each prompt c, we sample a group of images
{xi

0}Gi=1 together with their reverse-time trajectories {(xi
T , x

i
T−1, . . . , x

i
0)}Gi=1, and perform group-relative policy

optimization based on their rewards.

Following Flow-GRPO, the group-wise normalized advantage is computed as

Âi
t =

R(xi
0, c) −mean ({R(xi

0, c)}Gi=1)
std ({R(xi

0, c)}Gi=1)
. (2)

The training objective is defined as

JFlow-GRPO(θ) = Ec∼C,{xi}Gi=1∼πθold
(⋅∣c) [

1

G

G

∑
i=1

1

T

T−1

∑
t=0

min(rit(θ)Âi
t, clip(rit(θ),1 − ϵ,1 + ϵ) Âi

t) − βDKL(πθ ∥πref)] ,

(3)

In practice, we employ multiple reward models to provide complementary supervision signals, including an
aesthetic reward model for visual quality and a text-image alignment reward model for semantic consistency
with the prompt. This multi-reward design provides a more balanced optimization target and improves both
perceptual quality and prompt faithfulness.

4.3 Evaluation

4.3.1 Quantitative Results

We conduct a systematic evaluation of JoyAI-Image on representative image generation benchmarks, focusing
on long-text rendering, instruction following, and stylistic quality. Overall, the results show that JoyAI-
Image achieves highly competitive performance across different settings. In particular, it demonstrates clear
advantages on text generation tasks, where it delivers consistently strong bilingual performance in both
English and Chinese.

LongText-Bench. To further evaluate long-text rendering capability, we conduct experiments on the LongText-
Bench benchmark, which measures the accuracy of generating long texts in both English and Chinese. As
shown in Table 7, JoyAI-Image achieves 0.963 on LongText-Bench-EN and 0.963 on LongText-Bench-ZH,
outperforming existing methods. Compared to prior models that exhibit performance gaps across languages,
our model maintains consistently high accuracy in both English and Chinese, indicating stable long-text
rendering capability across different language settings.

CVTG-2k. On the CVTG-2K benchmark shown in Table 8, our model demonstrates strong text rendering
capability, particularly in terms of word accuracy and structural consistency. As shown in Table 8, JoyAI-Image
achieves the highest Word Accuracy of 0.8739, outperforming prior methods such as Z-Image (0.8671) and
GPT Image 1 (0.8569), indicating more precise character-level generation. In addition, our model attains a
competitive normalized edit distance (NED) score of 0.9369, which measures normalized edit distance between
rendered text and ground truth, reflecting strong robustness to spelling and structural errors. These results
highlight that our model not only improves exact text correctness (word accuracy) but also maintains high
overall string-level fidelity, demonstrating its effectiveness in complex visual text generation scenarios.
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Table 7 Quantitative evaluation results on LongText-Bench [33].

Model LongText-Bench-EN↑ LongText-Bench-ZH↑
Janus-Pro [21] 0.019 0.006
BLIP3-o [17] 0.021 0.018
HiDream-I1-Full [10] 0.543 0.024
Kolors 2.0 [72] 0.258 0.329
FLUX.1 [Dev] [6] 0.607 0.005
OmniGen2 [86] 0.561 0.059
BAGEL [28] 0.373 0.310
GPT Image 1 [High] [61] 0.956 0.619
X-Omni [33] 0.900 0.814
Seedream 3.0 [32] 0.896 0.878
Z-Image-Turbo [76] 0.917 0.926
Z-Image [76] 0.935 0.936
Qwen-Image [85] 0.943 0.946
JoyAI-Image 0.963 0.963

Table 8 Quantitative evaluation results on representative general T2I benchmarks. For OneIG [15] and DPG [38], we
report overall scores.

Model OneIG CVTG-2K DPG

EN ZH NED CLIPScore Word Acc. Overall

Seedream 3.0 [32] 0.530 0.528 0.8537 0.7821 0.5924 88.27
GPT Image 1 [High] [61] 0.533 0.474 0.9478 0.7982 0.8569 85.15
Z-Image [76] 0.546 0.535 0.9367 0.7969 0.8671 88.14
Qwen-Image [85] 0.539 0.548 0.9116 0.8017 0.8288 88.32
JoyAI-Image 0.542 0.521 0.9369 0.7990 0.8739 88.05

OneIG. On the OneIG benchmark shown in Table 8, JoyAI-Image demonstrates competitive bilingual
generation performance in both English and Chinese settings. Specifically, our model achieves 0.542 on the
English split, ranking second among all compared methods, and obtains 0.521 on the Chinese split, remaining
competitive with strong existing systems.

DPG. On the DPG benchmark shown in Table 8, JoyAI-Image achieves an overall score of 88.05, demon-
strating strong general text-to-image generation capability. This result shows that our model maintains high
overall generation quality across diverse prompts and evaluation settings.

CoreBench. To further evaluate compositional and reasoning capabilities, we conduct experiments on the
T2I-CoReBench benchmark, which contains a diverse set of composition and reasoning tasks. As shown in
Table 9, JoyAI-Image achieves an overall score of 68.7. Notably, our model obtains the best performance
on the composition split with a mean score of 94.2, outperforming all compared methods across the four
composition-related dimensions. On the reasoning split, JoyAI-Image reaches a mean score of 55.9, which is
also highly competitive and ranks second overall. These results indicate that our model not only excels at
compositional fidelity but also maintains strong reasoning ability in complex text-to-image generation tasks.

4.3.2 Qualitative Results

We provide qualitative comparisons to illustrate the effectiveness of JoyAI-Image across diverse and challenging
generation scenarios. As shown in Figures 16–18, we evaluate three representative settings: (1) long-form
Chinese text rendering in artistic scenes, (2) complex bilingual layout generation with structured typography,
and (3) stylized high-fidelity visual synthesis in editorial contexts.
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Table 9 Quantitative evaluation results on T2I-CoReBench [44]. Best and second-best results are marked in bold and
underline only for the aggregate metrics (Composition Mean, Reasoning Mean, and Overall). Qwen-Image denotes the
Qwen-Image-2512 variant, and the results are referenced from [44].

Model Composition Reasoning Overall ↑
MI MA MR TR Mean LR BR HR PR GR AR CR RR Mean

Janus-Pro-1B [21] 51.0 54.5 33.8 2.9 35.5 12.9 18.1 24.7 13.4 7.1 15.1 6.7 6.4 13.0 20.5
PixArt-α [18] 40.2 42.2 14.2 3.3 25.0 11.6 11.6 21.1 30.4 22.6 44.4 26.7 20.9 23.7 24.1
Janus-Pro-7B [21] 54.4 59.3 40.9 7.5 40.5 19.8 20.9 34.6 22.4 11.5 30.4 8.7 9.8 19.8 26.7
PixArt-Σ [19] 47.2 49.7 23.8 2.8 30.9 14.7 18.3 26.7 39.2 25.7 44.9 33.9 24.3 28.5 29.3
SD3 Medium [30] 59.1 57.9 35.4 9.5 40.4 22.1 21.1 35.3 51.0 37.4 47.3 35.0 27.1 34.5 36.5
FLUX.1 [Dev] [6] 58.6 60.3 44.1 31.1 48.6 24.8 23.0 36.0 61.8 42.4 57.2 36.3 30.3 39.0 42.2
HiDream-I1-Full [10] 62.5 62.0 42.9 33.9 50.3 34.2 24.5 40.9 53.2 34.2 50.3 46.1 31.7 39.4 43.0
Seedream 3.0 [32] 79.9 78.0 63.7 47.6 67.3 36.8 33.6 50.3 75.1 54.9 61.7 59.1 31.2 50.3 56.0
Z-Image-Turbo [76] 79.5 72.2 62.7 83.9 74.6 36.9 28.8 48.7 74.0 56.2 55.8 52.0 26.0 47.3 56.4
Qwen-Image∗ [85] 88.5 82.5 71.9 91.9 83.7 42.7 34.6 53.6 82.0 62.0 57.2 60.3 21.7 51.7 62.4
GPT Image 1 [High] [61] 84.1 75.9 72.7 86.4 79.8 59.0 54.8 65.6 87.3 76.5 82.0 70.9 56.1 69.0 72.6
JoyAI-Image 91.1 96.2 91.8 97.6 94.2 54.8 38.9 47.9 91.6 70.1 73.6 52.7 17.8 55.9 68.7

Compared to existing T2I models, JoyAI-Image consistently produces more accurate and complete text
rendering, better preserves multilingual consistency, and maintains stronger visual coherence and layout
fidelity. In addition, it demonstrates improved aesthetic quality in stylized scenarios, highlighting its ability
to jointly model text, layout, and visual appearance.

5 Image Editing: JoyAI-Image-Edit

This section presents JoyAI-Image-Edit, our image editing system designed for diverse, instruction-following
editing scenarios. Different from pure image generation, image editing requires the model to make targeted
modifications while preserving visual fidelity, content identity, and non-target regions. To support this goal,
we build the training pipeline around a heterogeneous data system that combines broad-coverage general
editing data with specialized supervision for challenging settings such as spatial manipulation, text-centric
editing, and multi-image composition.

5.1 Image Editing Data

5.1.1 Data Distribution

Our image editing corpus is organized as a capability-oriented data mixture. At a high level, it contains
three complementary parts: open-domain editing, which account for nearly half of the corpus and expose
the model to broad, naturally occurring visual changes; spatial editing, which occupy a substantial portion
and explicitly emphasize geometry-aware transformations such as camera variation, rotation, and object
movement; and specialized general editing, which cover high-value but challenging scenarios such as text
rendering, IP-preserving edits, in-context generation, and fine-grained local modifications.

This distribution is intentionally designed to reflect the overall goal of JoyAI-Image-Edit. The large open-
domain portion builds robust editing semantics and content-preserving behavior under diverse real-world
conditions. The strong spatial branch injects supervision for layout, viewpoint, and geometric consistency,
aligning the editing engine with our broader effort to strengthen spatial intelligence in a unified framework.
The remaining specialist data focuses on controllability-critical long-tail cases, enabling the model to handle
precise local edits, typography-sensitive modifications, and reference-conditioned composition. In this sense,
our data design is not centered on any single dataset family, but on balancing broad-domain robustness,
spatially grounded control, and practical long-tail coverage within one unified editing engine.

5.1.2 General Editing Data Engine

Our general editing corpus is designed to support a diverse set of fine-grained image editing tasks, including IP-
preserving edits, text rendering, in-context generation, human portrait retouching, motion-aware modification,
and a broad family of localized appearance and content transformations such as color alteration, style
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Figure 9 Overview of the training data distribution for editing task.

change, tone transfer, subject addition, removal, and replacement, object extraction, material alteration, and
background change. To cover this long-tail task space in a scalable and controllable manner, we construct
the corpus from four complementary data streams: open-source editing datasets, expert-model distilled
data, in-house text editing data, and multi-image editing data. These sources provide different but mutually
reinforcing supervision signals, allowing the model to learn robust general editing semantics while improving
faithfulness, controllability, and performance on challenging specialist tasks.

Open-source editing data. We incorporate several high-quality open-source editing datasets [63, 83, 86] as
a strong initialization source for general instruction-following behavior. These resources provide diverse
source–instruction–target triplets spanning common edit types such as object insertion and removal, local
replacement, attribute modification, style transfer, and background transformation. They offer broad task
coverage and relatively mature instruction–image alignment, making them well suited for learning general
edit semantics and stable content-preserving behavior at scale. In practice, all samples are normalized into a
unified triplet format to ensure consistent downstream training across heterogeneous sources.

Expert-model distilled data. To further improve coverage on fine-grained and difficult editing cases, we
construct an expert-model distilled dataset using strong image editing models as data generators. This
branch is particularly useful for tasks that are either underrepresented or insufficiently clean in existing
public resources, such as IP editing, in-context generation, portrait retouching, subtle subject manipulation,
and other high-precision local transformations. We use expert models to produce candidate edits under
carefully designed task templates, and then apply multimodal verification and filtering to retain samples
with strong instruction faithfulness, clear source–target differences, and good visual naturalness. Compared
with raw open-source data, this branch provides stronger supervision for long-tail editing behaviors and more
controllable edit patterns.
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Text editing data. We build a dedicated text editing dataset to strengthen the model’s ability on text-centric
image editing tasks, including text replacement, insertion, removal, and text rendering. These tasks require
not only semantic correctness, but also accurate preservation of layout, typography, spacing, and local visual
coherence. To balance realism and controllability, we combine real-world text-rich images with a rendering-
based data pipeline. The real-world portion provides natural text appearances and complex backgrounds,
while the synthetic branch enables scalable construction of layout-aware text modifications under controlled
conditions. By combining the two, this data stream provides targeted supervision for fine-grained text edits
that are difficult to learn from generic editing corpora alone.

Multi-image editing data. To support reference-driven and compositional editing, we construct a multi-image
editing dataset using multiple reference images per sample. This branch focuses on tasks that require the
model to jointly reason over several visual inputs, such as identity-preserving editing, subject composition,
attribute transfer, IP-consistent generation, and structured content borrowing across images. The data
includes both curated multi-image resources and high-quality synthesized examples, with dedicated quality
control to reduce reference confusion and compositional artifacts. This branch complements single-image
editing data by providing supervision for long-context visual conditioning and more complex editing scenarios
that depend on multi-reference consistency.

5.1.3 Open-domain Editing Data Engine

Open-domain editing data is designed to equip the model with broad instruction-following ability under
diverse real-world visual conditions. Rather than focusing on a narrow set of predefined operations, this branch
emphasizes naturally occurring content changes, semantic diversity, and robust preservation of non-target
regions, thereby serving as the foundation for general-purpose image editing.

To improve realism and broaden the coverage of naturally occurring edits in open-domain editing data, we
construct the entire corpus from video-derived editing pairs that capture visual transformations difficult to
obtain from static-image editing data alone. Specifically, we first segment videos into semantically coherent
shots and uniformly sample frames within each shot, followed by sharpness-based filtering to remove frames
affected by motion blur or defocus. Candidate frame pairs are then constructed from adjacent or short-interval
frames within the same shot, such that the overall scene content remains largely consistent while still exhibiting
clear local or temporal changes. Based on these frame pairs, we use a multimodal language model to perform
difference-based annotation, where the model is instructed to describe only the observable visual changes
and rewrite them into executable natural-language editing instructions, with explicit constraints to avoid
hallucinating non-existent edits. The resulting annotations are stored in a unified structured schema for the
open-domain corpus, forming complete video-derived image editing triplets. Compared with synthetic editing
pairs, this video-based open-domain data source provides more realistic supervision for edits involving human
motion, object displacement, pose variation, illumination shifts, and subtle scene updates, thereby enriching
the model’s ability to handle temporally grounded and physically plausible transformations [65].

5.1.4 Spatial Editing Data Engine

Spatial editing imposes a stronger requirement on training data than general appearance editing: the target
transformation must be not only visually plausible, but also geometrically unambiguous and instruction-
consistent. In practice, such supervision is difficult to obtain from naturally occurring image pairs, since
real-world data rarely provides paired examples with explicit object motion, viewpoint change, or controllable
spatial intent. To address this limitation, we build a spatial edit data engine [92], a scalable 3D-driven
data generation framework that produces paired editing samples with explicit spatial transformations. As
illustrated in Figure 10, the engine is organized into two complementary branches: Static-Camera Object
Transformation, which focuses on local object-level manipulation under a fixed camera, and Dynamic-Camera
Viewpoint Transformation, which focuses on global viewpoint control by varying camera poses while preserving
the underlying scene structure. Together, these two branches provide unified supervision for geometry-aware
spatial editing.
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Figure 10 Overview of the spatial editing data generation pipeline. We leverage Blender [7] to synthesize
both objects and scenes, while preprocessing 3D assets using the segmentation model [12] and the VLM [23]. The
object-level engine constructs two inpainting-based data branches to generate object transformations, including rotation,
translation, and scaling. The camera-level engine produces viewpoint transformation data by sampling different camera
poses, resulting in variations in yaw, pitch, and zoom.

Asset preparation and preprocessing. The engine is built upon a curated collection of 3D objects and 3D
scenes. Before rendering, we apply an asset preprocessing stage to ensure that the generated samples are
semantically meaningful and visually reliable. For object assets, we first canonicalize object orientation
and camera setup in Blender so that each asset admits a consistent nominal frontal view. We then use
a vision–language model to verify recognizability and remove assets with ambiguous geometry or invalid
canonical poses. Multi-view renderings are further checked with SAM-based segmentation to ensure that the
foreground object can be reliably localized and remains sufficiently visible under subsequent transformations.
For scene assets, we identify visually salient target objects that can serve as anchors for camera control, and
discard scenes that yield unstable focus targets, severe occlusion, or visually degenerate renderings. This
preprocessing stage is critical for turning raw 3D assets into a stable source of controllable spatial supervision.

Static-Camera Object Transformation. The first branch of the engine targets object-level spatial editing
under a fixed camera. Starting from a canonical rendering of a foreground object, we synthesize spatial edits
by applying controlled transformations to the object while keeping the camera and the overall scene layout
unchanged. The resulting edits cover representative object-level operations, including translation, scaling, and
rotation. To improve realism, the transformed object is composited into semantically compatible backgrounds,
and inpainting-based construction is used to maintain local visual coherence after object movement or resizing.
This branch produces training pairs in which the edit intent is spatially localized and the non-target context
remains stable, making it particularly suitable for learning identity-preserving object manipulation. Compared
with generic editing data, these samples provide substantially cleaner supervision for disentangling foreground
transformation from background preservation.

Dynamic-Camera Viewpoint Transformation. The second branch targets viewpoint-level spatial editing by
explicitly varying camera poses in a fixed 3D scene. For each selected focus object, we parameterize camera
motion with three degrees of freedom: yaw, pitch, and distance. Blender is then used to systematically sample
camera poses around the focus object while keeping scene geometry and camera intrinsics otherwise controlled.
This process generates source–target image pairs with globally consistent scene content but different viewing
conditions, covering common viewpoint transformations such as horizontal orbiting, vertical tilting, and
zooming in or out. Unlike local object transformation, this branch supervises the model to perform scene-level
geometric reconfiguration while preserving object identity, spatial relations, and framing consistency. It
therefore serves as a dedicated data source for training global camera-aware editing behaviors that are difficult
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Figure 11 Prompt template for spatial editing task. The <red> parts are the user input infomation.

to express using conventional 2D image editing corpora.

Instruction interface and unified spatial supervision. Beyond image synthesis, the engine converts structured
spatial transformations into a unified instruction interface for training, as illustrated in Figure 11. Rather
than treating different spatial edits as separate supervision formats, we represent them with a shared prompt
template that standardizes user intent across transformation types. This interface supports both language-
based instructions and image-grounded interaction signals, such as region indicators or interface-like visual
guidance, allowing the training data to better reflect practical editing scenarios. By unifying all generated
samples under the same instruction format and quality standard, the Spatial Edit Data Engine provides a
coherent supervision space for geometry-aware editing, and serves as the core data foundation for learning
precise spatial control in JoyAI-Image-Edit.

5.1.5 Data Curation and Quality Control

We apply a unified curation pipeline across all data branches to ensure that the final corpus provides valid and
learnable editing supervision. At the image level, we remove samples with low visual fidelity, severe artifacts,
excessive blur, or weak source–target correspondence. At the supervision level, we filter out pairs with
ambiguous edit intent, negligible visual change, or inconsistent instruction–image alignment. We further apply
branch-specific checks for specialized data, such as visibility and geometric validity for spatial edits, readability
and layout stability for text edits, and reference consistency for multi-image editing. This multi-stage filtering
process reduces noisy supervision and improves the precision of edit signals throughout the training corpus.

In addition to automatic filtering, we use model-based quality assessment and targeted manual inspection
to monitor data quality across heterogeneous sources. This includes checking semantic faithfulness, content
preservation, and visual plausibility of edited results, as well as identifying recurring failure modes such
as instruction drift, identity inconsistency, or implausible compositions. By combining scalable automatic
screening with focused human verification, we maintain a high-quality dataset while preserving sufficient
diversity across editing tasks and visual domains.

5.1.6 Instruction Refinement and Unified Data Representation

Since our training data is collected from diverse sources, including open-source datasets, video-derived pairs,
text editing data, multi-image samples, and 3D-driven spatial editing data, we convert all samples into a
unified representation for downstream training. Each sample is standardized into a common format consisting
of the source image, optional reference inputs, a natural-language editing instruction, the target image, and
optional structured metadata when needed. This shared representation allows different data branches to be
mixed seamlessly while preserving task-specific supervision signals such as spatial transformation parameters
or text region annotations.
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To improve instruction quality, we further refine noisy, underspecified, or overly templated descriptions into
more explicit and executable editing prompts. The refinement process aims to better align the instruction
with the actual source–target difference, while reducing ambiguity and improving consistency across data
sources. For structured tasks such as spatial editing, the same framework also supports normalized prompt
templates and visual interaction cues, enabling a unified instruction interface that covers both language-driven
and interface-driven editing scenarios. This design improves the compatibility of heterogeneous data and
strengthens instruction-following during training.

5.1.7 Data Balancing and Training Mixture

After curation and normalization, we organize the final corpus with a balanced training mixture to avoid
over-representation of dominant edit types. In practice, naturally abundant data sources, such as generic
single-image editing pairs, can easily overwhelm more specialized but important tasks, including spatial
editing, text editing, and multi-image editing. We therefore balance the dataset across multiple axes, including
task category, edit granularity, input condition, language, and semantic domain, so that the model receives
sufficiently diverse supervision throughout different training process.

5.2 JoyAI-Image-Edit Model

As show in Figure 4, JoyAI-Image-Edit is built upon a Multi-Modal Diffusion Transformer (MMDiT)
architecture, which jointly models text conditions, source-image conditions, and noisy latent inputs within
a unified denoising framework. Given a source image and an editing instruction, the model predicts the
edited target by preserving non-target content while applying the requested modifications. Compared with
pure text-to-image generation, image editing places a stronger emphasis on conditional faithfulness, local
controllability, and structure preservation. To support these requirements, the model is trained to fuse
textual intent with visual evidence from the source image, so that the generated result remains semantically
aligned with the instruction and visually consistent with the original content. For spatial editing, camera and
geometric transformations are formulated within the unified language instruction template, so that the model
learns to perform viewpoint and spatial edits directly from natural-language prompts while preserving scene
coherence and object identity.

5.2.1 Pre-Training

In the pre-training stage, we initialize JoyAI-Image-Edit with large-scale image generation and reconstruction
priors, and then expose the model to coarse-grained editing supervision derived from broad image-text and
video-related data. The primary goal of this stage is not to achieve final editing quality, but to establish the
model’s basic capability to perceive the source image, understand the difference between source and target
content, and associate natural-language instructions with corresponding visual operations. In particular,
video-derived pairs provide abundant supervision on temporally grounded changes, allowing the model to
observe how two highly related images differ and to connect such differences with executable editing intent. As
a result, pre-training equips the model with the fundamental ability to interpret instructions as transformations
over an input image, laying the foundation for subsequent controllable editing.

5.2.2 Continue Training

In the continue training stage, we further adapt the model to high-quality image editing with a curated
mixture of general editing data and specialized data branches, including spatial editing, text-centric editing,
and multi-image editing. The objective of this stage is to turn the coarse editing capability acquired during
pre-training into a more practical and controllable editing behavior. Concretely, continue training improves
instruction following, strengthens content preservation, enhances identity and structure consistency, and
increases the model’s sensitivity to fine-grained user intent. At the same time, this stage places greater
emphasis on visual aesthetics and overall image quality, so that edited results remain natural, coherent, and
visually pleasing rather than merely satisfying the literal instruction. In this sense, continue training serves as
the main stage for aligning editability and image quality.
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5.2.3 Supervised Fine-Tuning

After continuing training, we optionally apply supervised fine-tuning (SFT) to further strengthen specific
editing dimensions and improve robustness on user-facing scenarios. The purpose of SFT is to refine the model’s
performance on the most sensitive aspects of image editing, such as instruction fidelity, local controllability, text
accuracy, spatial precision, reference consistency, and difficult long-tail cases that may still be underrepresented
in the previous training stages. This stage also allows us to rebalance different data sources and task categories
more aggressively, so that the model does not overfit to dominant edit types while maintaining sufficient
exposure to specialized tasks. In practice, SFT acts as a targeted adjustment stage that sharpens capability
boundaries and improves overall user satisfaction before post-training preference optimization.

Table 10 Results on GEdit [51] (Category-wise and Overall Performance). Best results are shown in bold and
second-best results are underlined. "PE" denotes the use of the prompt-enhancing technique.

Model GEdit-Bench-EN GEdit-Bench-CN

G_SC↑ G_PQ↑ G_O↑ G_SC↑ G_PQ↑ G_O↑

Nano-Banana [35] 7.396 8.454 7.291 7.540 8.424 7.399
Seedream4.0 [69] 8.143 8.124 7.701 8.159 8.074 7.692
Nano-Banana-Pro [35] 8.102 8.344 7.738 8.135 8.306 7.799
Seedream4.5 [69] 8.268 8.167 7.820 8.254 8.167 7.800

FLUX.2 [Dev] [43] 7.835 8.064 7.413 7.697 8.046 7.278
Qwen-Image-Edit-2509 [84] 7.974 7.714 7.480 7.988 7.679 7.467
Step1X-Edit-v1.2 [51] 7.974 7.714 7.480 7.988 7.679 7.467
Longcat-Image-Edit [73] 8.128 8.177 7.748 8.141 8.117 7.731
Qwen-Image-Edit-2511 [84] 8.297 8.202 7.877 8.252 8.134 7.819
FireRed-Image-Edit [75] 8.363 8.245 7.943 8.287 8.227 7.887
JoyAI-Image-Edit w/o PE 8.829 8.120 8.276 8.618 8.110 8.125
JoyAI-Image-Edit w/ PE 8.806 8.273 8.290 8.861 8.119 8.208

5.2.4 Post-Training

In the post-training stage, the model is optimized for higher edit fidelity, better visual quality, and stronger
alignment with human preferences. We use DiffusionNFT [106] to further enhance consistency, naturalness,
and the overall usability of editing results.

Rewards. Reinforcement learning (RL) methods in image editing [45, 55] commonly adopt the LLM-as-a-
Judge paradigm. This evaluation approach is limited by the inherent capabilities of the Vision-Language Model
(VLM) itself, and its assessment of naturalness often fails to align with human preferences. To address these
limitations, we utilize Gemini-3-Flash and the HPSv3 model [58] as our reward models. (1) For instruction-
following and consistency, we adopt a two-stage scoring pipeline to enable Gemini-3-Flash to provide stable
and reliable evaluation scores. Specifically, we first generate textual descriptions of the differences between
the reference and the edited images. Then, these descriptions, along with both images, are fed into the VLM
to obtain the final scores for instruction-following and consistency. To prevent the model from reward hacking
on consistency, inspired by [105], we replace simple linear weighting with an instruction-following-prioritized
mixing strategy. This design makes instruction-following a necessary condition for receiving a high reward:
when the instruction-following score is low, the overall reward remains suppressed regardless of how high the
consistency score is. (2) For naturalness: we first use Gemini-3-Flash to pre-generate a target caption that
describes the desired edited image, based on the provided reference image and editing instruction. We then
compute the HPSv3 score between the target caption and the edited image generated by our model. This
score is used to optimize the model for generating more natural and realistic images. Finally, we compute the
advantage of each reward [37, 50] and then take their weighted sum to obtain the optimality probability.

Diffusion Negative-aware FineTuning. We utilize the aforementioned scoring pipeline to calculate an
optimality probability r ∈ [0, 1] for each sampled edited image x0 based on the reference image xr and prompt
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Table 11 Results on ImgEdit-Bench [97] (Category-wise and Overall Performance). Best results are shown in bold.
"PE" denotes the use of the prompt-enhancing technique.

Model Add Adjust Extract Replace Remove Background Style Hybrid Action Overall↑

Nano-Banana [35] 4.62 4.41 3.68 4.34 4.39 4.40 4.18 3.72 4.83 4.29
Seedream4.0 [69] 4.33 4.38 3.89 4.65 4.57 4.35 4.22 3.71 4.61 4.30
Seedream4.5 [69] 4.57 4.65 2.97 4.66 4.46 4.37 4.92 3.71 4.56 4.32
Nano-Banana-Pro [35] 4.44 4.62 3.42 4.60 4.63 4.32 4.97 3.64 4.69 4.37

Instruct-Pix2Pix [8] 2.45 1.83 1.44 2.01 1.50 1.44 3.55 1.20 1.46 1.88
MagicBrush [101] 2.84 1.58 1.51 1.97 1.58 1.75 2.38 1.62 1.22 1.90
AnyEdit [100] 3.18 2.95 1.88 2.47 2.23 2.24 2.85 1.56 2.65 2.45
UltraEdit [104] 3.44 2.81 2.13 2.96 1.45 2.83 3.76 1.91 2.98 2.70
OmniGen [90] 3.47 3.04 1.71 2.94 2.43 3.21 4.19 2.24 3.38 2.96
ICEdit [103] 3.58 3.39 1.73 3.15 2.93 3.08 3.84 2.04 3.68 3.05
MindOmni [91] 3.42 3.48 1.71 3.23 2.93 3.22 3.76 2.96 3.44 3.13
BAGEL [27] 3.56 3.31 1.70 3.30 2.62 3.24 4.49 2.38 4.17 3.20
UniWorld-V1 [47] 3.82 3.64 2.27 3.47 3.24 2.99 4.21 2.96 2.74 3.26
OmniGen2 [86] 3.57 3.06 1.77 3.74 3.20 3.57 4.81 2.52 4.68 3.44
Dreamomini2 [89] 3.93 3.09 2.11 3.95 3.64 3.75 4.38 2.90 4.04 3.53
FLUX.1 Kontext [Dev] [6] 3.99 3.88 2.19 4.27 3.13 3.98 4.51 3.23 4.18 3.71
Step1X-Edit-v1.2 [51] 3.91 4.04 2.68 4.48 4.26 3.90 4.82 3.23 4.22 3.95
Qwen-Image-Edit-2509 [84] 4.34 4.27 3.42 4.73 4.36 4.37 4.91 3.56 4.80 4.31
FLUX.2 [Dev] [43] 4.50 4.18 3.83 4.65 4.65 4.31 4.88 3.46 4.70 4.35
Emu3.5 [25] 4.61 4.32 3.96 4.84 4.58 4.35 4.79 3.69 4.57 4.41
ChronoEdit [87] 4.48 4.39 3.49 4.66 4.67 4.57 4.91 3.82 4.83 4.42
LongCat-Image-Edit [73] 4.44 4.53 3.83 4.80 4.60 4.33 4.92 3.75 4.82 4.45
Qwen-Image-Edit-2511 [84] 4.54 4.57 4.13 4.70 4.46 4.36 4.89 4.16 4.81 4.51
FireRed-Image-Edit [75] 4.55 4.66 4.34 4.75 4.58 4.45 4.97 4.07 4.71 4.56
JoyAI-Image-Edit w/o PE 4.47 4.48 4.31 4.57 4.75 4.33 4.79 3.72 4.69 4.46
JoyAI-Image-Edit w/ PE 4.63 4.52 4.32 4.71 4.76 4.53 4.88 4.09 4.69 4.57

c. DiffusionNFT optimizes the training objective:

LNFT = Ec,πold(x0∣c),t,ϵ [r∥v
+
θ (xr, xt, c, t) − v∥22 + (1 − r)∥v−θ (xr, xt, c, t) − v∥22] ,

where v+θ (xr, xt, c, t) ∶= (1 − β)vold(xr, xt, c, t) + βvθ(xr, xt, c, t), (Implicit positive policy)

and v−θ (xr, xt, c, t) ∶= (1 + β)vold(xr, xt, c, t) − βvθ(xr, xt, c, t). (Implicit negative policy)

Table 12 Comparison between the SFT and RL versions of JoyAI-Image-Edit on GEdit [51] and ImgEdit-Bench [97].

Model GEdit-Bench-EN GEdit-Bench-CN ImgEdit-Bench

G_SC↑ G_PQ↑ G_O↑ G_SC↑ G_PQ↑ G_O↑ Overall↑

JoyAI-Image-Edit (SFT) 8.566 8.114 8.090 8.180 7.882 7.753 4.40
JoyAI-Image-Edit (RL) 8.829 8.120 8.276 8.618 8.119 8.125 4.46
∆ (RL Gain) +0.263 +0.006 +0.186 +0.438 +0.237 +0.372 +0.06

5.3 Model Performance

We conduct a comprehensive evaluation of JoyAI-Image-Edit through quantitative benchmarks, human
evaluation, and qualitative comparisons. Our evaluation covers both general instruction-based editing and
fine-grained spatial editing, with a focus on instruction following, content preservation, perceptual quality,
and geometric faithfulness. The results consistently show that JoyAI-Image-Edit maintains strong general
editing performance while achieving substantial improvements on spatiall manipulation tasks.

5.3.1 Benchmark Results

We evaluate our model on three editing benchmarks, covering both general-purpose instruction-based editing
and fine-grained spatial manipulation: GEdit [51], ImgEdit [97], and SpatialEdit-Bench [92]. GEdit and
ImgEdit primarily assess general editing quality, including instruction following, semantic consistency, and
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Table 13 Performance comparison of different models on the SpatialEdit-Bench [92] benchmark. Higher object editing
scores indicate better performance, while lower camera control errors indicate better performance.

Method
Object Camera Object Camera

Moving Rotation Viewpoint Framing Overall Overall
Score ↑ Score ↑ Error ↓ Error ↓ Score ↑ Error ↓

Video World Model
Veo3.1 [36] – – 1.351 0.749 – 1.050
ViduQ2-Turbo [78] – – 1.022 0.771 – 0.897
Kling-V2.5 [41] – – 1.051 0.733 – 0.892
ReCamMaster [2] – – 0.755 0.720 – 0.738
LingBot-World [74] – – 0.696 0.701 – 0.699

Closed-Source Image Model
Nano-Banana-Pro [35] 0.099 0.420 0.845 0.708 0.260 0.777
Seedream4 [69] 0.163 0.482 0.839 0.701 0.323 0.770

Open-Source Image Model
QwenImageEdit [84] 0.311 0.531 0.922 0.692 0.421 0.807
Edit-R1 [46] 0.306 0.562 0.959 0.688 0.434 0.824
LongCatImage-Edit [73] 0.373 0.505 0.802 0.684 0.439 0.743
JoyAI-Image-Edit 0.652 0.646 0.290 0.568 0.649 0.429

preservation of irrelevant image content, while SpatialEdit-Bench focuses on geometry-sensitive spatial editing,
covering both object-centric manipulation and camera-centric view control. This evaluation protocol is aligned
with our goal of building a model that not only remains competitive on standard image editing tasks, but also
performs faithful geometric transformations under natural language instructions.

Results on GEdit. [51] GEdit [51] is a representative benchmark for general instruction-based image editing,
and mainly evaluates whether a model can follow semantic editing instructions while preserving overall visual
coherence. As presented in Table 10, JoyAI-Image-Edit achieves competitive results relative to established
open-source and closed-source baselines [35, 46, 69, 73, 84], suggesting that the spatial editing specialization
does not degrade its broader editing performance. Specifically, compared with FireRed-Image-Edit [75],
our model improves the overall G_O from 7.943 to 8.290 on GEdit-Bench-EN and from 7.887 to 8.208 on
GEdit-Bench-CN. It also achieves the best G_SC among open-source models on both splits while maintaining
strong G_PQ, suggesting that stronger spatial understanding of images can directly benefit standard editing
quality. We further compare the SFT and RL versions of JoyAI-Image-Edit, as shown in Table 12. The RL
model consistently outperforms the SFT baseline across all metrics on both the EN and CN splits. In particular,
RL improves G_O by +0.186 on GEdit-Bench-EN and by +0.372 on GEdit-Bench-CN, with especially notable
gains in G_SC and G_PQ on the CN split. These results suggest that preference optimization further
strengthens instruction alignment and perceptual quality, while also narrowing the gap between the EN and
CN settings.

Results on ImgEdit. [97] ImgEdit provides a complementary view of general-purpose editing performance by
placing stronger emphasis on instruction adherence, editing quality, and preservation of irrelevant content. As
shown in Table 11, our model also achieves competitive results on this benchmark, further confirming that
continued training on spatial editing data does not lead to a noticeable regression in general editing behavior.
Notably, JoyAI-Image-Edit w/ PE achieves the best overall score of 4.57 and performs particularly well on
more challenging categories such as Extract. This suggests that activating stronger spatial capability not only
benefits geometry-sensitive edits but also helps maintain a balanced performance across diverse editing tasks.
We also compare the SFT and RL versions of JoyAI-Image-Edit on ImgEdit-Bench, as shown in Table 12.
The RL version improves the overall score from 4.40 to 4.46, showing that preference optimization brings
further gains even on a general-purpose editing benchmark. Together with the GEdit results, this indicates
that RL not only benefits spatially challenging edits but also improves overall editing quality, instruction
following, and content preservation in standard image editing scenarios.
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Results on SpatialEdit-Bench. [92] SpatialEdit-Bench is designed to evaluate fine-grained spatial editing,
with a particular focus on whether an edit is geometrically correct rather than merely visually plausible. It
covers both object transformation and camera control, making it more diagnostic of true spatial capability
than prior general editing benchmarks. Table 13 demonstrates that JoyAI-Image-Edit not only exceeds leading
image editing approaches [35, 46, 69, 84] but also surpasses recent video world models [2, 36, 41, 74, 78].
Specifically, compared with LongCatImage-Edit [73], JoyAI-Image-Edit improves the Moving Score from 0.373
to 0.652, the Rotation Score from 0.505 to 0.646, reduces the Viewpoint Error from 0.802 to 0.290, and reduces
the Framing Error from 0.684 to 0.568. This leads to a large gain in Object Overall Score from 0.439 to 0.649
and a major reduction in Camera Overall Error from 0.743 to 0.429. We also compare against representative
video models, and our unified image model still achieves clearly better camera-control accuracy, showing that
spatial understanding and editing in image-based unified models can be pushed to a new level. Overall, these
results show that our approach significantly improves faithful geometric compliance and narrows the gap
between semantic plausibility and precise spatial instruction following.

5.3.2 Human Evaluation

Evaluation Dimensions. We further conduct human evaluation to assess the practical editing quality of JoyAI-
Image-Edit from three complementary perspectives. Semantic Following measures whether the edited image
faithfully executes the user instruction, including the requested attribute, object, or spatial transformation,
while avoiding under-editing or semantic drift. Consistency evaluates how well the model preserves subject
identity, scene structure, geometric coherence, and non-target content throughout the edit, which is particularly
important for viewpoint change and camera-control scenarios. Naturalness measures the perceptual realism of
the edited result, including texture continuity, boundary quality, illumination consistency, and the absence of
visible artifacts. Overall reflects a holistic human preference that jointly considers instruction faithfulness,
preservation quality, and visual plausibility. As shown in Figure 12, each A/B comparison is grouped into four
outcomes: JoyAI-Image-Edit is preferred, the competing model is preferred, both outputs are satisfactory, or
both outputs are unsatisfactory, with the latter two shown as shaded regions.

AB Test Results. As shown in Figure 12, the human evaluation reveals a clear strength profile of JoyAI-Image-
Edit across different competing systems. Against Qwen-Image-Edit-2511 [84], JoyAI-Image-Edit is preferred
on Semantic Following (29.5% vs. 19.0%), Consistency (35.9% vs. 31.7%), and Overall (45.3% vs. 36.1%),
while trailing slightly on Naturalness (32.7% vs. 35.9%). This result indicates that JoyAI-Image-Edit more
reliably performs the requested transformation and better preserves scene coherence, while perceptual realism
remains a relatively closer competition. Against Nano-Banana-2 [35], JoyAI-Image-Edit is less preferred on all
four dimensions, including Semantic Following (22.2% vs. 27.5%), Consistency (32.5% vs. 37.2%), Naturalness
(24.7% vs. 48.1%), and Overall (33.1% vs. 52.2%). The largest gap appears on Naturalness, suggesting that
perceptual polish remains the main area for improvement when compared with the strongest baseline in this
study.

In contrast, JoyAI-Image-Edit shows a substantial advantage over Flux.2 [DEV] [43] across nearly all
dimensions. It is preferred on Semantic Following (40.1% vs. 13.8%), Consistency (56.3% vs. 18.5%), and
Overall (60.8% vs. 23.2%), and remains slightly ahead on Naturalness (34.8% vs. 34.0%). The especially large
margins on Consistency and Overall suggest that JoyAI-Image-Edit is markedly stronger at balancing faithful
edits with preservation of identity, structure, and scene-level coherence. Overall, the human evaluation shows
that the main advantage of JoyAI-Image-Edit lies in instruction faithfulness and edit consistency, especially
for structurally constrained or spatially sensitive edits, which is consistent with our geometry-aware training
design and the quantitative gains observed on spatial editing benchmarks.

5.3.3 Qualitative Results

To comprehensively assess the image editing capability of JoyAI-Image-Edit, we conduct a qualitative evaluation
covering both general-purpose editing and spatially grounded editing. For comparison, we benchmark our
model against several strong image editing baselines, including QwenImageEdit [84], LongCatImage-Edit [73],
Nano-Banana-Pro [35], Seedream4 [69], and GPT Image 1.5 [61]. As shown in the qualitative comparisons,
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Instruction Following Consistency Naturalness Overall

JoyAI-Image-Edit Qwen-Image-Edit-2511 NanoBanana2 Flux.2 DEV

Figure 12 Human evaluation of JoyAI-Image-Edit against competing models across multiple editing dimensions.

JoyAI-Image-Edit consistently demonstrates stronger instruction following, better content preservation, and
more faithful spatial control, especially on challenging viewpoint and camera manipulation cases.

General Editing. Figure 19 and Figure 20 present qualitative comparisons across general editing tasks
including attribute modification, style transfer, enhancement, and restoration. While several baselines often
fail to fully follow instructions or struggle to preserve original structures and textures, JoyAI-Image-Edit
demonstrates superior localized precision and content preservation. Whether in multi-subject scenarios or
low-level vision tasks, JoyAI-Image-Edit effectively improves image clarity and recovers plausible details
without introducing severe artifacts. These examples illustrate that JoyAI-Image-Edit achieves strong general
editing performance by maintaining an optimal balance between edit fidelity and structural stability.

Camera Control. Figure 23 further evaluates JoyAI-Image-Edit on camera control, which is particularly
challenging because it requires coordinated updates of global perspective while preserving scene consistency.
When moving the camera upward and zooming in on the instrument, JoyAI-Image-Edit best matches the
requested viewpoint and focus change without introducing geometric collapse. Similarly, in the indoor scene,
JoyAI-Image-Edit rotates the camera to the desired direction while keeping the objects and room layout
unchanged, demonstrating stronger 3D consistency and spatial reasoning. These results suggest that image
editing models can go beyond appearance manipulation and exhibit early capabilities related to world modeling,
as they must implicitly reason about viewpoint change, spatial structure, and scene geometry.

Object Transformation. Figure 22 evaluates JoyAI-Image-Edit on object movement and human pose
rotation. These cases require accurate target selection, local geometric transformation, and preservation
of non-target content. JoyAI-Image-Edit successfully rotates only objects to the requested front-left view
while preserving the the background than other methods. These results demonstrate that JoyAI-Image-Edit
supports precise local viewpoint manipulation with stronger spatial consistency and less interference to the
surrounding scene. Overall, JoyAI-Image-Edit not only performs competitively on general-purpose editing, but
also shows clear advantages on spatial editing, where precise geometric compliance and controllable viewpoint
manipulation are essential.

6 Applications

6.1 Thinking with Novel Views

Table 14 Evaluation of the Thinking with Novel Views paradigm. Left: Comparative analysis of generative
Synthesizers using a fixed GPT-5 Reasoner. Right: Generalization of JoyAI-Image-Edit across diverse Reasoners.
“Baseline” denotes the single-view input without novel-view synthesis. “Overall” represents the sample-count-weighted
average across all displayed categories. “Rel.” reports the relative improvement over the corresponding baseline.

Editor Orient. Loc. Multi-Obj. Overall

None (w/o NV) 63.6 80.9 60.5 68.8
Qwen-Image-Edit 61.8 77.8 61.5 67.4
Nano Banana Pro 60.9 83.0 63.6 69.5
JoyAI-Image-Edit 65.3 82.6 66.2 71.7

Reasoner w/o NV JoyAI-Image-Edit ∆ Rel.

Gemini-3-Flash 75.5 77.2 +1.7 ↑ 2.3%
GPT-5 68.8 71.7 +2.9 ↑ 4.2%
Qwen3-VL-235B 58.6 61.8 +3.2 ↑ 5.5%
Qwen3-VL-32B 56.2 60.6 +4.4 ↑ 7.8%
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Figure 13 The Thinking with Novel Views (TwNV) pipeline. Given an input image I0 and a spatial question
Q, the MLLM Planner outputs a 6-DOF camera motion instruction, the Synthesizer renders the target novel view I1,
and the MLLM Reasoner infers over {I0, I1} to answer the question.

We demonstrate that high-fidelity spatial editing can serve as a powerful catalyst for enhancing spatial
reasoning. While conventional Large Multimodal Large Language Models (MLLMs) are often constrained
by static inputs or heuristic 2D tool-calling (e.g., cropping or rotation), we transcend these perspective
limitations through a generative Thinking with Novel Views (TwNV) paradigm. Our three-stage pipeline
(Figure 13)—comprising an MLLM Planner, a generative Synthesizer, and an MLLM Reasoner—empowers
models to proactively explore and disambiguate complex scenes. Concretely, given an input image and a
spatial question, the Planner first predicts a 6-DOF camera motion instruction that specifies how the viewpoint
should shift to expose the most informative geometric evidence. The Synthesizer then follows this instruction
to generate a novel view, and the Reasoner jointly inspects the original and synthesized images to answer the
question. This transition to dynamic view synthesis enables the system to resolve occlusions and geometric
uncertainties that are inherently invisible from a single viewpoint.

To rigorously assess spatial reasoning capabilities, we curate a dedicated evaluation suite comprising 695
high-quality samples derived from two primary sources: 575 instances from 3DSRBench [57], obtained via
stratified sampling across all 12 subcategories, and 120 spatially-focused entries from RealWorldQA [88]
(targeting orientation, size, and position). All samples are systematically categorized into three dimensions:
Orientation, Location, and Multi-Object Relationship.

Building upon this benchmark, we evaluate the proposed paradigm by employing the frontier MLLM, GPT-
5 [60], as both the Planner and Reasoner, while benchmarking various editing models as Synthesizers. Our
results (Table 14, Left) confirm that leveraging novel-view generation to facilitate spatial reasoning is both
feasible and highly effective. Specifically, our JoyAI-Image-Edit model outperforms existing competitors,
boosting GPT-5’s overall accuracy from 68.8% to 71.7% and yielding a substantial 5.7 pp. gain in multi-object
relationship tasks. Unlike Nano Banana Pro [35] or Qwen-Image-Edit [84], which exhibit marginal or even
negative gains, JoyAI-Image-Edit provides the rigorous 3D consistency and geometric precision requisite for
reliable downstream inference.

Furthermore, we investigate the generalizability of our framework across a diverse spectrum of reasoner
capacities, including Gemini-3-Flash [71], Qwen3-VL-235B [3], and Qwen3-VL-32B [3]. As shown in Table 14
(Right), the TwNV paradigm delivers consistent improvements across all models, with absolute gains ranging
from 1.7 to 4.4 pp. Notably, we observe a “Small-Model Dividend”—where relative improvements are more
pronounced in smaller models (e.g., a 7.8% relative gain for Qwen3-VL-32B compared to 5.5% for Qwen3-
VL-235B [3] and 2.3% for Gemini-3-Flash [23]). This suggests that explicit view synthesis serves as a vital
compensatory mechanism for parameter-constrained models. By offloading 3D spatial modeling to an external
generative workspace, smaller models can leverage synthesized Chain-of-Thought links to achieve spatial
intelligence far exceeding their native capacities.

Figure 14 visualizes two representative tasks. Compared with Qwen-Image-Edit [84] and Nano Banana
Pro [35], JoyAI-Image-Edit executes requested camera motions more faithfully, thereby exposing target spatial
relations more clearly for downstream reasoning.
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Case 1. Height comparison Q: Which object has a higher location: the clock on the tower or the house? GT: House

Instruction: T=(0.0,-2.3,0.0)m, R=(pitch 20°, yaw 0°, roll 0°)

Input Qwen-Image-Edit Nano Banana Pro JoyAI-Image-Edit

Case 2. Vertical relation disambiguation Q: Is the traffic light directly above the umbrella? GT: No

Instruction: T=(1.5,0.0,0.0)m, R=(pitch 0°, yaw -20°, roll 0°)

Input Nano Banana Pro JoyAI-Image-EditQwen-Image-Edit

Figure 14 Visualization of the Thinking with Novel Views paradigm. We showcase two representative spatial reasoning
tasks: height comparison (Top) and vertical relationship (Bottom). For each case, we provide the query, ground truth
(GT), and the camera-motion instructions generated by the MLLM Planner. Compared with Qwen-Image-Edit [84]
and Nano Banana Pro [35], JoyAI-Image-Edit synthesizes the most diagnostic viewpoints by faithfully executing
camera motions. These high-fidelity novel views effectively disambiguate complex spatial relations, providing clearer
visual evidence for downstream reasoning.

6.2 Reconstruction with Novel Views

Another useful application of spatial image editing is to expand a single observed image into a set of
geometrically meaningful novel views, which can in turn serve as additional input for downstream 3D
reconstruction. This setting is particularly relevant because high-quality reconstruction requires not only
photorealistic synthesis, but also faithful preservation of camera geometry, object layout, and cross-view
correspondence. Recent progress in world models and camera-controllable video generation has likewise
highlighted 3D reconstruction and world-consistency as an important way to assess whether generated
observations are truly spatially coherent rather than merely visually plausible.

To study this capability, we use our spatial editing model to generate multiple novel views from a single
input image by varying the viewpoint while preserving scene structure. We then feed the generated views
into VGGT [81], a strong feed-forward 3D reconstruction model, and visualize the resulting point clouds
and camera poses. As shown in Figure 15, reconstruction from the input image alone produces sparse and
incomplete geometry, whereas reconstruction with our generated novel views becomes substantially denser
and more structurally complete. The recovered scene layout, dominant surfaces, and object placements are all
noticeably improved, indicating that the synthesized views provide complementary geometric evidence that is
useful for multi-view reasoning.
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More importantly, this experiment also offers an indirect but intuitive validation of our spatial editing ability.
If the generated images were only locally realistic but inconsistent in camera motion, object placement, or
scene geometry, they would introduce ambiguity and often degrade reconstruction quality. Instead, the fact
that they consistently improve 3D reconstruction suggests that our model preserves cross-view geometric
structure to a meaningful extent. In other words, the model does not merely generate plausible edits in image
space; it produces spatial edits that are sufficiently geometry-consistent to support downstream 3D perception.
This result further demonstrates that our spatial image editing model captures a stronger notion of 3D-aware
scene manipulation, which is essential for applications such as embodied world modeling, scene exploration,
and controllable visual simulation.

Input Image Spatial Edit Outputs

……

Reconstruction with Single Image Reconstruction with Novel Views

Input Image Spatial Edit Outputs

Reconstruction with Single Image Reconstruction with Novel Views

……

Figure 15 Novel views generated by our spatial model lead to improved 3D reconstruction performance.

7 Conclusion

In this report, we presented JoyAI-Image, a unified multimodal foundation model that brings image under-
standing, text-to-image generation, and instruction-based image editing into a shared framework centered on
a spatially enhanced MLLM and a large-scale MMDiT. By tightly coupling understanding, generation, and
editing rather than treating them as isolated capabilities, JoyAI-Image achieves strong performance across
broad visual tasks, including spatial understanding, bilingual long-text rendering, controllable editing, and
multi-view generation. More importantly, our results show that spatial intelligence can be strengthened as
a first-class property of unified visual modeling through data construction, training design, and cross-task
interaction.

We view JoyAI-Image as a practical step toward visual systems that can not only perceive and generate, but
also reason about structure, transformation, and the geometry of the physical world. Beyond content creation,
such capability has broader implications for applications that require grounded visual reasoning under change,
including visual-language-action systems, robotics, and world models. We hope this work helps move unified
multimodal modeling from broad competence toward genuinely spatially intelligent visual foundation models.
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Input Prompt
中国古典水墨与写意国风融合的诗意插画，主题围绕《酬乐天扬州初逢席上见赠》所表达的时光流转与人生感怀，整体氛围由压抑转向开阔与振

奋，画面具有叙事层次与情绪递进，竖版构图，三层空间结构（前景/中景/远景），整体留白充足，气韵流动。远景为巴山楚水意象：连绵山峦

与江水相接，天空阴云低垂，色调偏冷的灰蓝与淡墨，营造凄凉与岁月感。中景表现时间流逝与变迁：一侧为破旧舟船停靠岸边，枯树与荒草点

缀，象征过往沉寂；另一侧江面逐渐开阔，水流通透，远处可见多艘帆船顺流而行，象征“千帆过”；岸边树木由枯转盛，新芽与春意渐显。前景

为人物意象：一位文人立于岸边或小舟之上，衣袍随风，姿态沉静，面向江水远方；人物不刻画具体五官，偏写意，强调情绪与意境。光影从左

侧阴郁逐渐过渡到右侧明亮，形成由“凄凉”到“振奋”的视觉转折。画面中央或偏右留出干净空间，用于竖排书写诗句（行楷或手写书法风格）：

“巴山楚水凄凉地，二十三年弃置身。怀旧空吟闻笛赋，到乡翻似烂柯人。沉舟侧畔千帆过，病树前头万木春。今日听君歌一曲，暂凭杯酒长精

神。” 色调由冷灰蓝逐渐过渡到暖白与淡金，辅以少量春绿色点缀，体现由压抑到希望的转变。风格为水墨晕染结合细节写意，具有中国山水画

与文人画气质，画面诗意深沉又逐渐开阔。

JoyAI-Image

Qwen-Image-2512 Seedream-4.0

Z-Image-Turbo

Flux.2.dev

GPT-image1.5

Figure 16 Comparison of different T2I models on a challenging Chinese text-rendering prompt. Among the compared
models, JoyAI-Image produces the most faithful and complete rendering of the Chinese text, while also maintaining
strong visual coherence.
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Input Prompt
Create a vertical food editorial poster about sandwich calories, with a warm, soft, light-magazine lifestyle aesthetic. Use an off-white paper 
texture background, soft watercolor diffusion, and gentle gradient lighting in pale orange, blush pink, and light gray. The edges should be 
slightly blurred, with generous negative space and a relaxed editorial layout. This is not a strict infographic, but a designed lifestyle poster 
with airy composition and subtle artistic freedom. All visible typography in the poster must be mixed Chinese-English text, not Chinese only. 
Chinese and English should appear together naturally in the rendered design, with clean, readable, elegant typography and no garbled 
characters. Top area: place a bold black designer-style mixed Chinese-English title: “你的三明治有多少热量 / How many calories are in 
your sandwich?” In the main visual, show only 8 ingredients, arranged vertically from top to bottom in a scattered editorial composition. 
Each ingredient is presented as a soft flat illustration with subtle hand-drawn feeling, irregular soft edges, natural spacing, and slight 
overlapping. Each item must include a mixed Chinese-English label in the artwork itself. Use exactly these 8 ingredients in this order: 01 顶
部吐司 Top Bread — 120 kcal, 02 芝士 Cheese — 113 kcal, 03 鸡蛋 Egg — 78 kcal, 04 牛油果 Avocado — 80 kcal, 05 生菜 Lettuce — 15 
kcal, 06 番茄 Tomato — 5 kcal, 07 鸡肉 Chicken — 165 kcal, 08 底部吐司 Bottom Bread — 120 kcal. The illustrations should feel warm, 
unified, soft, refined, and slightly hand-painted, with muted food colors and a calm editorial palette. Add faint low-opacity contour line 
drawings of sandwich ingredients in the background for atmosphere. Bottom right corner: add small mixed Chinese-English text: “总热量 
Total ≈ 696 kcal”. Overall mood: warm, cohesive, soft, airy, modern editorial poster, tasteful lifestyle design, premium but relaxed, with clear 
mixed Chinese-English typography and strong visual design sensibility."""

JoyAI-Image

Qwen-Image-2512 Seedream-4.0

Z-Image-Turbo

Flux.2.dev

GPT-image1.5

Figure 17 Comparison of different T2I models on a complex bilingual Chinese–English layout prompt. JoyAI-Image
demonstrates stronger text rendering ability, producing more accurate bilingual content, clearer typography, and better
overall layout fidelity.
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Input Prompt

JoyAI-Image

Qwen-Image-2512 Seedream-4.0

Z-Image-Turbo

Flux.2.dev

GPT-image1.5

充满活力的特写编辑肖像，模特眼神犀利，头戴雕塑感帽子，色彩拼接丰富，眼部焦点锐利，景深较浅，具有Vogue

杂志封面的美学风格，采用中画幅拍摄，工作室灯光效果强烈

Figure 18 Comparison of different T2I models on a stylized fashion editorial prompt. JoyAI-Image achieves stronger
aesthetic appeal, with a more polished composition, richer color harmony, and a high-fashion visual style.
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Input Prompt
Replace all visible watermelon flesh in the image with a semi-transparent pink color.

Input

Qwen-Image-Edit Nano-Banana-Pro

JoyAI-Image-Edit

Seedream4 GPT-Image-1

Figure 19 Qualitative comparison of attribute editing. JoyAI-Image better preserves subject identity, scene structure,
and lighting while following the instruction, producing more accurate and natural edits than competing methods.
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Input

Qwen-Image-Edit Nano-Banana-Pro

Seedream4 GPT-Image-1

JoyAI-Image-Edit

Input Prompt
Restore and colorize this old photograph to make it look like it was taken with a modern camera.

Figure 20 Qualitative comparison of image restoration. JoyAI-Image effectively removes degradation while preserving
scene content and visual consistency, producing clearer and more natural restoration results than competing methods.
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Input

Qwen-Image-Edit Nano-Banana-Pro

JoyAI-Image-Edit

Seedream4 GPT-Image-1

Input Prompt
Rotate the camera 45° to the left to face directly in front of the room, keeping the pitch and zoom 

constant. During this process, do not change any objects in the scene; only adjust the viewing angle.

Figure 21 Qualitative comparison of camera control. JoyAI-Image accurately follows camera movement instructions
while preserving scene content and visual consistency, producing more precise and natural viewpoint changes than
competing methods.
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Input

Qwen-Image-Edit Nano-Banana-Pro

JoyAI-Image-Edit

Seedream4 GPT-Image-1

Input Prompt
Rotate the boy to show the left side view.

Figure 22 Qualitative comparison of object rotation. JoyAI-Image accurately follows viewpoint instructions for
specific objects while preserving scene content and visual consistency, producing more precise and natural results than
competing methods.
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Figure 23 Visual examples of multi-view try-on applications
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