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Multimodal learning has rapidly advanced visual understanding, largely via multimodal large language
models (MLLMs) that use powerful LLMs as cognitive cores. In visual generation, however, these
powerful core models are typically reduced to global text encoders for diffusion models, leaving most
of their reasoning and planning ability unused. This creates a gap: current multimodal LLMs can
parse complex layouts, attributes, and knowledge-intensive scenes, yet struggle to generate images or
videos with equally precise and structured control. We propose MetaCanvas, a lightweight framework
that lets MLLMs reason and plan directly in spatial and spatiotemporal latent spaces and interface
tightly with diffusion generators. We empirically implement MetaCanvas on three different diffusion
backbones and evaluate it across siz tasks, including text-to-image generation, text/image-to-video
generation, image/video editing, and in-context video generation, each requiring precise layouts,
robust attribute binding, and reasoning-intensive control. MetaCanvas consistently outperforms
global-conditioning baselines, suggesting that treating MLLMs as latent-space planners is a promising
direction for narrowing the gap between multimodal understanding and generation.
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1 Introduction

Multimodal learning has primarily focused on multimodal understanding (Liu et al., 2023; Tong et al.,
2024a) and multimodal generation (Rombach et al., 2021; Guo et al., 2023). Recent progress in multimodal
understanding typically leverages Large Language Models (LLMs) (Touvron et al., 2023) as cognitive cores
for building multimodal LLMs. These models achieve strong performance in visual question answering (Antol
et al., 2015) and visual reasoning (Johnson et al., 2017), enabled by visual instruction tuning (Liu et al.,
2023) that aligns them with perception encoders (Radford et al., 2021; Zhai et al., 2023). Using LLMs for
multimodal understanding is highly effective because LLMs already excel at reasoning and question answering,
and emerging evidence shows that they even acquire visual priors from language pretraining (Han et al., 2025).

However, in multimodal generation, LLMs are still largely treated as conditional encoders that map text
prompts into representations for visual generative models (Saharia et al., 2022), leaving most of their core
capabilities underutilized. As a result, these models often struggle to produce visual content with accurate
object positions and attributes (Ghosh et al., 2023), or to handle cases requiring world-knowledge reasoning (Niu
et al., 2025). In contrast, multimodal LLMs can easily interpret such structured visual content. This mismatch
between the strengths of multimodal understanding and the limitations of multimodal generation has sparked
interest in studying how these two abilities might complement each other (Tong et al., 2024b), and how to
more effectively transfer the rich capabilities of MLLMs into multimodal generative models.

Recent advances typically study this through the LLM+Diffusion paradigm, pairing pretrained (M)LLMs with
external diffusion models that act as visual decoders (Pan et al., 2025; Tong et al., 2024b; Liu et al., 2025; Lin
et al., 2025b; Wu et al., 2025b; Lin et al., 2025a; Koh et al., 2023; Ge et al., 2024; Chen et al., 2025a; Pan et al.,
2024; Yin et al., 2025). In these two-component systems, the (M)LLMs first processes all contextual signals
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that guide generation, and their outputs are then injected into a separate diffusion generator via attention.
Specifically, MetaQuery (Pan et al., 2025) provides early evidence that learnable query embeddings from
frozen LLMs can serve as effective conditions, with improved performance in transferring LLM knowledge and
in-context learning capabilities to reasoning-augmented image generation.

The optimal interface between (M)LLMs and diffusion models remains unclear. Existing approaches typically
use the output of (M)LLMs as a global condition for visual generation (Pan et al., 2025; Lin et al., 2025a; Wu
et al., 2025b). Although this provides useful guidance to the diffusion decoder, it constrains the ability of
(M)LLMs to deliver fine-grained spatial or temporal controls throughout the diffusion process. In practice,
the control required for visual generation is inherently structured and region-specific (Zhang et al., 2023b).
Global conditions alone struggles to compel (M)LLMs to explicitly specify where objects should appear, how
spatial relations should be grounded, or how temporal dependencies should evolve. In this paper, we wish
to investigate whether (M)LLMs can instead reason and plan directly within spatial and spatiotemporal
latent spaces, and whether these capabilities would benefit multimodal generation. To do so, we explore an
alternative approach: enforcing explicit, patch-by-patch control over the generation process using a learnable
latent canvas whose layout is planned by the (M)LLM.

Concretely, we present MetaCanvas, a lightweight architecture that connects pretrained MLLMs with diffusion-
based visual generators (see Figure 1 for an overview). The key idea is to have the MLLM produce implicit
visual sketches of the desired output, serving as spatial or spatiotemporal priors for guiding the diffusion
process. Specifically, MetaCanvas appends a set of learnable, multidimensional canvas tokens to the MLLM’s
multimodal input sequence and processes them using multimodal RoPE (Bai et al., 2025b). The MLLM
outputs embeddings for these canvas tokens, which are then passed into a lightweight connector module
(see Figure 2 and Section 3.4 for design details). This connector comprises two Transformer blocks that
align the canvas tokens and inject them into the diffusion model’s noisy latents patch by patch. To stabilize
training, we follow the zero-initialization strategy from (Zhang et al., 2023b), ensuring the injected signals
initially leave the diffusion model’s inputs unchanged.

We demonstrate the effectiveness of MetaCanvas through extensive experiments. First, in Section 5.1, we
conduct an exploratory small-scale text-to-image (T2I) generation experiment. We visually validate that
canvas tokens extracted from the MLLM can serve as reasonable visual planners to guide image synthesis in
DiT (see Figure 5), and quantitatively observe that MetaCanvas converges faster and consistently outperforms
other design variants on the GenEval (Ghosh et al., 2023) benchmark. Motivated by this positive signal,
in Section 5.2, we extend MetaCanvas to image editing tasks and scale up the architectures to Qwen2.5-
VL-7B (Bai et al., 2025b) paired with FLUX.1-Kontext-Dev (Batifol et al., 2025), and observe consistent
gains in both training efficiency and editing benchmark performance (see Table 2 and Table 1). To evaluate
the generalizability of MetaCanvas across tasks, we extend it to video generation and editing in Section 5.3.
By adopting a multi-dimensional canvas design (Section 3.3), we integrate Qwen2.5-VL-7B with Wan2.2-
5B (Wan et al., 2025) through a multi-stage training procedure. This design unifies diverse tasks, including
text-to-video (T2V), image-to-video (12V), and video editing (V2V), and naturally enables new capabilities
such as reference-guided video generation, allowing flexible multimodal inputs (e.g., text combined with
reference images or videos) while fully preserving the MLLM’s core multimodal understanding. Notably,
while unlocking multiple tasks, MetaCanvas preserves the original video generation capabilities (see Table 4)
and achieves substantial improvements in V2V prompt accuracy and overall video quality compared to the
latest open-source methods (Team, 2025; Wu et al., 2025¢; Bai et al., 2025a), attaining the highest overall
evaluation scores in both VLM-based and human assessments (see Table 5). Finally, we also demonstrate that
MetaCanvas generalizes to in-context video generation tasks, achieving competitive or superior performance
compared to previous methods (see Table 7).

In short, our contribution can be summarized as follows:

e Latent canvas connector for MLLM-to-diffusion. MetaCanvas uses learnable canvas tokens as implicit visual
sketches and a lightweight connector to inject them patch-wise into diffusion latents, providing a simple
and effective interface.

e Spatial-temporal planning in latent space. MetaCanvas’s multidimensional canvas queries enable the MLLM
to plan object layouts and temporal evolution directly in latent space, improving structural fidelity and
providing fine-grained editing control.



Figure 1 Overview of the MetaCanvas framework. MetaCanvas tokenizes the text and encodes it using the MLLM'’s text
embedder, while user-provided images and videos are encoded using both the MLLM’s visual encoder and the VAE
encoder. The text embeddings produced by the MLLM are passed through a lightweight MLP connector and used as
conditioning for the DiT. In addition, we append a set of learnable multidimensional canvas tokens to the MLLM
input, which are processed using multimodal RoPE (Bai et al., 2025b). The resulting canvas embeddings are then
fused with the noisy latents through a lightweight transformer-based connector with two blocks. Connector details are
illustrated in Figure 2. Green tokens represent media context tokens, blue tokens represent text context tokens,

and purple tokens represent the canvas tokens.

e Performance and generalizability. MetaCanvas generalizes across six diverse image and video tasks and three
diffusion backbones (i.e., MMDIT and cross-attention). It surpasses baseline without canvas tokens, and
matches state-of-the-art performance while preserving the MLLM’s multimodal understanding.

2 Related Work

Text as the interface to generators. The most direct way to connect LLMs with visual generators is to use the
LLM'’s text output as the interface: the model expands a prompt into detailed captions, layouts, or scripts
that condition a diffusion model (Li et al., 2023; Yang et al., 2023; Feng et al., 2023; Cho et al., 2023; Lin
et al., 2024; Zala et al., 2024; Lian et al., 2024, 2023; Huang et al., 2025; Qu et al., 2023). However, text-only
signals provide limited guidance, they cannot reliably encode dense layouts, precise attribute bindings, or
long-range temporal structure required for complex, compositional scenes. A more expressive alternative is to
condition generation using dense embeddings from MLLMs.

Embeddings from (M)LLMs as the interface. To increase the bandwidth between (M)LLMs and diffusion
backbones, recent methods directly feed dense embeddings from (M)LLMs into the generator. The (M)LLM
processes text, images, or videos and either autoregressively predicts visual representations (Sun et al., 2023;
Tong et al., 2024b) or encodes query tokens into continuous embeddings (Ge et al., 2024; Dong et al., 2023;
Pan et al., 2025; Chen et al., 2025a). This interface is more expressive than pure text and largely preserves the
(M)LLM'’s reasoning ability, but it still compresses geometry, layout, and motion into a single 1D sequence.
Because these embeddings are used only as a global, sequence-level condition, the diffusion model lacks explicit
spatial or temporal handles for generation. This motivates introducing a structured spatial or spatiotemporal
latent canvas into which the (M)LLM can directly write patch-wise plans for the diffusion generator to follow.

3 MetaCanvas

We introduce MetaCanvas, a novel unified multimodal learning framework that effectively bridges pretrained
MLLMs and diffusion models with learnable multi-dimensional canvas tokens and a lightweight connector,
which improves information transfer between MLLMs and diffusion models with efficient training. We first
introduce preliminaries about multimodal conditioning via MLLMs in Section 3.1, then discuss the overall
framework in Section 3.2, followed by canvas tokens design in Section 3.3 and connector design in Section 3.4.



Figure 2 MetaCanvas connector design details. The connector comprises a vanilla Transformer block and a Diffusion
Transformer (DiT) block. The vanilla Transformer block transforms the learnable canvas tokens to align them with
the DiT latent space. The second DiT block adopts a ControlNet-style design, where the transformed canvas tokens
and the noisy latents are first combined and then passed through a DiT block with Adaptive LayerNorm (Perez et al.,
2018). We adopt Linear-Attn and Mix-FFN design from (Xie et al., 2024a) to reduce memory usage. The outputs of
both blocks are followed by a zero-initialized linear projection layer, ensuring that at the beginning of training, the
learnable canvas tokens have no influence on the DiT’s latent inputs.

3.1 Preliminaries

Multimodal conditioning via MLLM. In bridging methods that connect MLLMs and diffusion models, the text
conditioning tokens Ciext in the latent diffusion model are replaced by the output tokens from the MLLM.
Specifically, the input modalities including text, images and videos are first encoded by the matching tokenizer,
then passed through the MLLM backbone. The resulting text (and visual) tokens are used as conditions to
guide the diffusion model. In MetaCanvas, we further append a set of learnable canvas tokens to the MLLM’s
multimodal input sequence and process them jointly. The output embeddings of these canvas tokens are used
as structural visual-semantic priors and are added to the noisy latents z; to provide additional and direct
diffusion canvas guidance during generation.

3.2 Overall Framework for MetaCanvas

We illustrate the overall MetaCanvas framework in Figure 1. Given user instructions with text and visual
inputs, MetaCanvas tokenizes the text and encodes it with the MLLM’s text embedder, while images or videos
are encoded by the MLLM’s visual encoder and also by the diffusion model’s VAE encoder for both semantic
and low-level details.

Context token conditioning. Embeddings of the multimodal input tokens produced by the MLLM (i.e., context
tokens for generation) are passed through a lightweight two-layer MLP connector and given to the DiT via
cross-attention or self-attention, depending on the DiT’s architecture, following standard practice in (Pan
et al., 2025; Tong et al., 2024b; Liu et al., 2025; Lin et al., 2025b,a; Ge et al., 2024; Chen et al., 2025a).
Further discussion is provided in Appendix D.1.

Canvas token conditioning. We append a set of learnable multidimensional canvas tokens to the MLLM input,
which are processed using multimodal RoPE (Bai et al., 2025b). The resulting canvas embeddings are then
fused additively with the noisy latents through a lightweight Canvas Connector (see Section 3.4), ensuring
strong alignment between the MLLM-drafted canvas and the actual generation latents.

Training and inference. The main learnable components of MetaCanvas include the MLP connector, the canvas
connector, and the DiT (LoRA-finetuned in Section 5.1, finetuned only on the visual branch in Section 5.2,
or fully finetuned in Section 5.3). During training, the MLLM is kept frozen, optionally with an additional
LoRA to enhance its visual generation capacity (ablations in Appendix B.5). During inference, canvas tokens
are appended to the MLLM only after the end-of-sentence <E0S> token. If a LoRA is enabled, it remains



Figure 3 MetaCanvas keyframes and reference/condition frames injection strategy for video tasks. We modify the input layer
of Wan2.2-5B (Wan et al., 2025) to concatenate reference and condition latents with noisy latents along the channel
dimension. The resulting tensor is then passed through the patch embedding layer and combined with MetaCanvas
keyframes after interpolation. Light purple tokens represent interpolated keyframe canvas. Note that we do not apply
MetaCanvas keyframe latents to reference frames for video tasks.

inactive until <E0S> and is activated only after the canvas tokens are appended. This design preserves the
MLLM’s understanding and reasoning capabilities while enabling strong generative and steering performance
through lightweight, low-cost trainable components.

3.3 Multi-dimensional Canvas Tokens

Keyframe canvas design. For image generation and editing tasks, MetaCanvas employs 2D canvas tokens whose
spatial arrangement adapts to the image resolution. For videos, instead of using a dense 3D canvas covering
all latent frames, we introduce learnable sparse keyframe canvas tokens that capture representative temporal
information and are then linearly interpolated to the full latent-frame space before being incorporated into
the DiT latents. This strategy preserves temporal coherence while keeping the token interface compact and
efficient for both training and inference. Additional details regarding the image and video canvas design are
provided in Appendix D.3.

Input layer adaptation for video tasks. As illustrated in Figure 3, and following (Cheng et al., 2025), we modify
the input layer of Wan2.2-5B (Wan et al., 2025) to concatenate the reference and condition latents with the
noisy latents along the channel dimension. These latents are then passed through the patch embedding layer
and combined with the MetaCanvas keyframe tokens after interpolation (detailed below).

3.4 MetaCanvas Connector Design

The connector for learnable canvas tokens is designed with the following components. Ablation studies on the
effectiveness of these components are shown in Table 3.

e Vanilla Transformer block. We first pass the learnable canvas tokens, being 2D canvas for image case or 3D
keyframe canvas for video case, through a single Transformer block to transfer and align their features
with the DiT latent space. Note that for video tasks (Section 3.3), we will additionally perform linear
interpolation of the output tokens from this block to match the noisy latents shape of the DiT.

e DiT block. Next, we add the canvas tokens to the DiT noisy latents after the patchify layer. For video tasks,
as shown in Figure 3, we only add canvas tokens to the noisy latent frames while avoiding any modification
of the reference frames. The fused canvas tokens are then processed using an efficient linear-attention DiT
block in SANA (Xie et al., 2024a) and ultimately added back to the original DiT latent space. We adopt
AdaLN (Perez et al., 2018) in the connector design to dynamically modulate the influence of the canvas
tokens across different timesteps.

e Zero-initialized linear projections. After each Transformer block, we apply a zero-initialized linear projection,
inspired by (Zhang et al., 2023b), to ensure that at the start of training the canvas branch produces a null
residual and does not modify the DiT latent inputs.

e Patchify then fuse. We find that fusing canvas tokens with the noisy latents after patchification yields better
performance, as it avoids projecting high-dimensional canvas tokens into the lower-dimensional VAE space,
which would otherwise result in information loss.



4 Experiment Setup

4.1 Training Setup

Exploratory experiment on T2l generation task. To quickly test MetaCanvas and assess the connector design,
we begin with exploratory experiments using Qwen2.5-VL-3B (Bai et al., 2025b) and SANA-1.6B (Xie et al.,
2024a). We retain SANA’s original T5 text encoder for text conditioning and add additional token conditions
using different methods from Qwen2.5-VL-3B to evaluate information transfer from the MLLM to the DiT.
For canvas tokens, we adopt the transformer-based connector described in Section 3.4. For MetaQuery-style
1D query tokens, we reuse the text-conditioning interface and concatenate the MLLM’s query tokens with
the T5 text tokens as a joint condition to the DiT. We keep the MLLM frozen, and train the connectors,
canvas/query tokens, as well as the DiT from scratch. We use BLIP30-60k (Chen et al., 2025a) as the training
data. Training hyperparameters are listed in Appendix B.

Image editing task. As FLUX.1-Dev (Labs, 2024) and FLUX.1-Kontext-Dev (Batifol et al., 2025) share
the same T5 text encoder, we follow GPT-Image-Edit (Wang et al., 2025) and initialize from the MLP
connector in UniWorld-V1 (Lin et al., 2025a), which was trained to bridge Qwen2.5-VL-7B (Bai et al., 2025b)
and FLUX.1 [Dev] (Labs, 2024). We start the training directly by unfreezing the diffusion model’s visual
branch, together with the additional learnable canvas tokens and the transformer-based connector. To increase
MLLM’s model capacity, we apply LoRA with rank of 64 to the MLLM backbone. The model is trained on
O(1M) image-editing samples. See Appendix C for training details.

Video generation and editing tasks. Wan2.2-5B (Wan et al., 2025) uses T5 text encoder by default. To
better support multimodal inputs, we replace T5 with a MLLM (Qwen2.5-VL-7B (Bai et al., 2025b)) rather
than fusing MLLM and T5. Hybrid MLLM+T5 features can introduce conflicting optimization signals (Lin
et al., 2025a), and early reliance on T5 often drives training into poor local minima, whereas a single MLLM
pathway yields more stable convergence and better alignment. We employ a three-stage training strategy (see
Appendix H for details):

e Stage 1: Connector alignment. In the first stage, we use O(40M) image-text pairs mainly focusing on
image-only training, with the goal of aligning the image semantics between the two models. As we train
on relatively low resolution images, we freeze the whole MLLM and diffusion model, and only train the
connector.

e Stage 2: High-resolution finetuning. In the second stage, we further incorporate O(3M) video-text pairs, and
set the video:image data ratio as 4:1, with standard resolutions and video length of 121 frames, to let the
model learn motions. We unfreeze the cross-attention layers in diffusion models in this stage for better
alignment.

e Stage 3: Multitask training. In the third stage, we train on diverse image and video tasks, unfreeze all
parameters in diffusion models, and add LoRA on MLLM as well as trainable parameters in MetaCanvas
connectors. We train the model jointly on diverse image and video tasks. Task-specific dataset details are
illustrated in the Appendix.

4.2 Evaluation Setup
We evaluate MetaCanvas on a wide variety of benchmarks:

e Exploratory experomentsonT2lgeneration: Evaluate attributes (count, color, spatial, etc.) on GenEval (Ghosh
et al., 2023).

e Image editing: Following prior works (Lin et al., 2025a; Wu et al., 2025a; Deng et al., 2025; Wu et al.,
2025b), we report results on GEdit (Liu et al., 2025) and ImgEdit (Ye et al., 2025), using GPT-40 (OpenAl,
2024b) as the evaluator.

e Video generation: For T2V and I2V generation tasks, we use VBench (Huang et al., 2024a,b) as the
evaluation benchmark.

e Video editing: For video editing task, due to the scarcity of open-source video editing evaluation benchmarks
with high resolution (720p) and sufficient duration (121 frames at 24 FPS), we curate a balanced evaluation
set consisting of 300 video prompts. Dataset details are illustrated in Appendix F.



Figure 4 Left: Comparison of MetaCanvas with MetaQuery (Pan et al., 2025) and text conditioning. Right: Comparison
of MetaCanvas with and without additional text conditioning.

Figure 5 Visualization of canvas features (1st row) and generated images (2nd row) using only canvas tokens without extra text
conditioning in DiT. We train SANA (Xie et al., 2024a) from scratch using only canvas tokens from Qwen2.5-VL (Wang
et al., 2024a) as the conditioning input, with no text signals provided to the DiT. Following (Tumanyan et al., 2023),
we apply PCA to the features produced by the MetaCanvas connector. Canvas tokens output from MLLM can serve
as reasonable visual planning sketches to effectively guide the final image synthesis in the DiT.

e In-context video generation: We evaluate reference image-to-video generation, introducing OmniContext-
Video by extending the image-generation benchmark OmniContext (Wu et al., 2025b) to video, covering
both single-ID and multi-ID scenarios across objects, characters, and scenes. Dataset details are illustrated
in Appendix G.

5 Results and Discussion

We empirically validate MetaCanvas across multiple tasks and diffusion model backbones. Specifically, we
begin with exploratory T2I generation experiments as proof of concept (Section 5.1), then implement the
connector design on image editing task (Section 5.2), and finally scale up to video generation and editing
tasks (Section 5.3).

5.1 Exploratory Experiments on T2l Generation

We aim to validate two questions here: Does MetaCanvas really help guide the generation process of
diffusion models? What connector design is most effective?
Comparison with other design choices. To answer Q1, in Figure 4 (left), we compare MetaCanvas with

(1) the default SANA baseline (T5 text conditioning), (2) an architecture equivalent to MetaQuery (Pan
et al., 2025) that uses 256 learnable 1D query tokens produced by Qwen-2.5-VL while reusing the same
text-conditioning interface, and (3) a variant that concatenates T5 text embeddings with the 256 MetaQuery
tokens for additional context. As shown, combining text as global guidance with MetaCanvas as a visual



Table 1 Quantitative comparison with models on ImgEdit (Ye et al., 2025) benchmark. Full table is shown in Table 12.

Method Add Adjust Extract Replace Remove Background Style Hybrid Action Overall"
Step1X-Edit (Liu et al., 2025) 3.88 3.14 1.76 3.40 241 3.16 4.63  2.64 2.52 3.06
BAGEL (Deng et al., 2025) 3.56  3.31 1.70 3.30 2.62 3.24 4.49  2.38 4.17 3.20
OmniGen2 (Wu et al., 2025b) 3.57  3.06 1.77 3.74 3.20 3.57 481 252 468 3.44
GPT-Image-1 [High| (OpenAl, 2025) 461 433 2.90 4.35 3.66 4.57 493 396  4.89 4.20
Qwen-Image-Edit-2509 (Wu et al., 2025a) 432 4.36 4.04 4.64 4.52 4.37 484 339 4.7 4.35
FLUX.1 Kontext [Dev| (Batifol et al., 2025) | 3.76  3.45 2.15 3.98 2.94 3.78 438 296  4.26 3.52
FLUX.1 Kontext [Dev| + MetaCanvas 420 3.50 2.11 4.41 3.72 3.89 483 361 449 3.86
0.44™ 0.05" 0.04# 0.43"  0.78" 0.11" 0.45" 0.65" 0.23"  0.34"

Table 2 Quantitative comparison results on GEdit-EN-full (Liu et al., 2025) benchmark. Best numbers are bolded, and the
second best are underlined. Full table is shown in Table 11.

GEdit-Bench-EN"

Model G.SC GPQ GO
UniWorld-V1 (Lin et al., 2025a) 493 743 4.85
SteplX-Edit (v1.1) (Liu et al., 2025) 766 7.35  6.97
BAGEL (Deng et al., 2025) 7.36 6.83 6.52
OmniGen2 (Wu et al., 2025b) 7.16  6.77  6.41
GPT-Image-Edit (Wang et al., 2025) 8.00 7.86 7.56

Qwen-Image-Edit-2509 (Wu et al., 2025a) | 8.80 7.74 7.98
FLUX.1-Kontext-Dev (Batifol et al., 2025) | 6.52  7.38  6.00
FLUX.1-Kontext-Dev + MetaCanvas 8.24 7.68 7.67
1.72" 0.50" 1.67"

prior yields consistent gains and has the fastest GenEval convergence among all variants. In Figure 4 (right),
we further evaluate a no-text variant. Even without any text conditioning, adding 2D learnable canvas
tokens on top of the noisy latents in DiT provides meaningful structural guidance, demonstrating effective
information transfer from the MLLM to the DiT via MetaCanvas. Visualization of this no-text variant on
GenEval examples is shown in Figure 5.

Connector design. We address with an abla-

tion study on the MetaCanvas connector design Table 3 Ablation study on MetaCanvas connector design.
in Table 3. Visualizations of these architectural

variants are provided in the appendix. We find MetaCanvas (ous) 68%;“5"3'
that Conditioning on the timestep enables dynamic Remove Timestep Condition in DiT Block | 67.42 (0.60#)
control over the influence of canvas tokens on the Remove DiT Block 66.39 (1.03#)
noisy latents, while the proposed DiT block and Remove Vanilla Transformer Block 66.19 (0.20#)
accompanying transformer blocks effectively trans- Ad(?l Canvas Tokens Before Patchiﬁcation 65.34 (0.85#)
form and fuse canvas-token information with the Baseline (Default SANA Architecture) 64.09

latents. Moreover, avoiding early projection of
canvas tokens into the low-dimensional VAE space
yields additional gains.

5.2 Results on Image Editing Task

We evaluate the fine-tuned image-editing model FLUX.1-Kontext [Dev] (Batifol et al., 2025) augmented with
MetaCanvas against competing methods on ImgEdit-Bench (see Table 1) and GEdit-Bench (see Table 2).
Equipping FLUX.1-Kontext [Dev] with MetaCanvas yields consistent improvements on both benchmarks.
Figure 6 further contrasts the vanilla model with its MetaCanvas-augmented counterpart under the same
training setup, showing steady gains throughout training. Notably, these benefits come from adding only
lightweight connector modules, incurring minimal parameter and computational overhead.
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Figure 6 Comparison of training loss and GEdit-Bench (Liu et al., 2025) scores for the baseline method without canvas
tokens and MetaCanvas. Both models are fine-tuned on the same training dataset.

Table 4 Quantitative comparison results on VBench-12V (Huang et al., 2024b). Best numbers are bolded, and the second
best are underlined. Full table is shown in the Appendix.

12V Score"” Quality Score"” Overall”

CogVideoX-5B (Kong et al., 2024) 94.79 78.61 86.70
HunyuanVideo (Kong et al., 2024) 95.10 78.54 86.82
Wan2.1-14B (Wan et al., 2025) 92.90 80.82 86.86
Wan2.2-5B (Wan et al., 2025) 95.69 78.26 86.98
Wan2.2-5B | MetaCanvas 97.50 76.76 87.13

5.3 Results on Video Generation and Editing Tasks

Video generation. In Table 4, we compare videos generated by MetaCanvas after three training stages
(see Section 4.1) with open-source models, including CogVideoX-5B (Yang et al., 2024), HunyuanVideo (Kong
et al., 2024), Wan2.1-14B (Wan et al., 2025), and the baseline model Wan2.2-5B (Wan et al., 2025). Our method
achieves comparable performance while being additionally equipped with strong video editing capabilities.

Table 5 Quantitative comparison on video editing task. The best and second best numbers are bolded and underlined.

Model DIT Backbone VBench VLM Eval (GPT-40) Human Preference Rate
Quality” Sementics” Quality” Overall’ EditAcc.” Consistency’” Overall”

Methods w/ Text Encoder

InsViE (Wu et al., 2025¢) CogVideoX-2B 79.19 3.85 4.48 3.60 - - -

Lucy-Edit-Dev (Team, 2025) Wan2.2-5B 78.07 5.57 7.19 5.44 - - -

Lucy-Edit-Dev v1.1 (Team, 2025) Wan2.2-5B 77.70 5.68 6.59 5.43 9.5% 42.7% 26.10%

Ditto (Bai et al., 2025a) Wan2.1-14B 80.64 4.90 7.54 5.48 18.4% 7% 13.04%

Method w/ MLLM as Multimodal Encoder

w/o Canvas Tokens (Baseline) Wan2.2-5B 81.39 6.61 7.25 6.68 - - -

w/ Canvas Tokens (MetaCanvas) ~ Wan2.2-5B 80.27 7.91 7.50 7.56 721% 49.6% 60.84%

Video editing. We compare MetaCanvas with recent state-of-the-art models, including InsViE (Wu et al.,
2025¢), Ditto (Bai et al., 2025a), and Lucy-Edit-Dev (Team, 2025), as well as a control setup of our method
that excludes canvas tokens. As shown in Table 5, MetaCanvas achieves comparable video quality scores,
as measured by VBench (Huang et al., 2024a,b) and GPT-4o (Hurst et al., 2024), while outperforming all
baselines in editing accuracy (i.e., semantics) by a large margin. In addition, we conduct human evaluations
comparing Lucy-Edit-DeV v1.1, Ditto, and MetaCanvas, and report the win rates for editing accuracy,
spatio-temporal consistency, and overall user preference (see Appendix for details). MetaCanvas achieves the
highest preference rate across all evaluation dimensions. Furthermore, the controlled variant without canvas
tokens attains competitive or better performance relative to other baselines, demonstrating the effectiveness
of replacing the text encoder with a MLLM-based multimodal condition encoder. We provide visualization of
these methods together with closed-source model Gen4-Aleph (RunwayML, 2025) in Figure 7. MetaCanvas
demonstrates strong prompt understanding and effective grounding of the editing regions, with better spatial
alignment and preservation of foreground and background details.

Ablation study on the number of canvas keyframes. Our default design uses three canvas keyframes for video
tasks. As an ablation, we compare different numbers of canvas keyframes in Table 6. We find that using three
keyframes achieves better performance than using more keyframes, highlighting the simplicity and efficiency



Figure 7 Visualization on video editing task. MetaCanvas demonstrates strong prompt understanding and effective
grounding of the editing regions, achieving better spatial alignment and improved preservation of both foreground and
background details.

Table 6 Comparison between models with and without Canvas tokens for video editing task, and ablations of MetaCanvas
with different number of canvas keyframes. Best and second best numbers are bolded and underlined.

w/o Canvas Canvas w/ Different # Keyframes

Tokens 1 3 6 11 31
Spatial Alignment
Flow Err.# 6.07 4.92 4.91 5.48 5.25 5.59
PSNR™ 12.36 13.62 13.65 13.04 13.08 12.54
Video Quality Evaluation
VBench" 81.39 79.75 80.28 79.92 79.91 80.79
VLM Eval (GPT-40)
Sementics" 6.61 8.01 7.91 7.46 7.60 7.35
Quality" 7.25 7.85 .50 7.25 7.45 7.26
Overall” 6.68 7.82 .56 7.20 7.36 7.12
Train Time / Step (Seconds)

20.75 21.40 21.46 21.77 22.08 23.12

of our design. Although using a single keyframe (i.e., 2D canvas) slightly outperforms three keyframes in
MLLM-based evaluation, we empirically observe noticeable temporal flickering in the first few frames, resulting
in a lower VBench video quality score (79.75 vs. 80.28). We hypothesize that this is due to the VAE design in
Wan2.2-5B, which we describe in more detail in Appendix D.3. Compared with the controlled variant without
canvas tokens, adding three canvas keyframes increases the clock time per training step by only 3.1% (from
20.75 to 21.40 seconds per step).

In-context video generation. In Table 7, we compare MetaCanvas with Wan-VACE (Jiang et al., 2025)-
1.3B/14B on video generation from reference images. MetaCanvas achieves competitive performance with
these baselines, particularly on human-object interaction tasks (i.e., character + object under multiple ID
categories). Visualization results for MetaCanvas and Wan-VACE-14B are shown in Figure 8 and in the
Appendix. We describe our training data curation pipeline in the Appendix, and acknowledge that there
remains room for further improvement in our data creation strategy.
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Figure 8 Visualization of in-context video generation. MetaCanvas accurately generates the video by composing reference
images in accordance with the text prompt.

Table 7 Quantitative comparison on OmniContext-Video benchmark for in-context video generation from reference images.

Model Single ID Multiple IDs Scene Average”
Char. Obj. | Char. Obj. Char.+Obj. | Char. Obj. Char. +Obj.
Wan-VACE-1.3B (Jiang et al., 2025) 644 488 | 436 5.66 4.36 3.37 488 4.92 4.85
Wan-VACE-14B (Jiang et al., 2025) 6.71 579 | 3.16 5.10 4.64 3.85  4.00 4.64 4.86
Wan2.2-5B (Wan et al., 2025) + MetaCanvas | 6.16 6.34 | 3.77 5.69 6.35 4.60 5.43 4.75 5.40

6 Conclusion

In this paper, we present MetaCanvas, an elegant framework that bridges MLLMs and diffusion models
through a novel connector design. By introducing learnable multi-dimensional canvas tokens as spatiotemporal
priors that fuses multimodal input conditions, MetaCanvas effectively plans and guides media synthesis
in a principled manner. Across three backbones and six diverse tasks (image/video generation, editing,
and in-context generation with multimodal cues), our experiments show that MetaCanvas delivers strong
performance while maintaining training efficiency relative to prior architectures.
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A Background

A.1 Extended Related Works

Native models for visual generation and understanding. There has been extensive efforts in recent models to unify
visual and text generation and understanding capabilities into a single model. The visual generation capabilites
in these models are trained with either the same autoregressive objectives as text, such as Chameleon (Team,
2024), VILA-U (Wu et al., 2024), TokenFlow (Geyer et al., 2023), EMU3 (Wang et al., 2024b), JanusPro (Chen
et al., 2025b), or through diffusion denoising or flow-matching objective, such as Transfusion (Zhou et al.,
2024), BAGEL (Deng et al., 2025), JanusFlow (Ma et al., 2024), Show-o (Xie et al., 2024b), LlamaFusion (Shi
et al., 2025), Mogao (Liao et al., 2025). On the positive side, these approaches are designed to maximize
modality and task fusion through end-to-end (E2E) training, which usually initialize the backbone from a
(M)LLM, or a dual-branch architecture that models text and vision. With potential higher upper bound
due to E2E model designs, such methods require significant resources to learn high-quality visual generation
from scratch. Unlike native approaches, MetaCanvas bridges the merits of existing MLLMs and diffusion
generators without extensive retraining.

Bridging (M)LLMs with diffusion models. Another approach is to bridge a pretrained (M)LLM with a strong
pretrained diffusion model, preserving the strengths of the individual components. The simplest variant is
text only guidance: the LLM expands or structures the prompt (e.g., detailed captions, layouts), which then
conditions the diffusion model (Li et al., 2023; Yang et al., 2023; Feng et al., 2023; Cho et al., 2023; Lin et al.,
2024; Zala et al., 2024; Lian et al., 2024). While efficient, pure text is often too sparse to convey the dense
visual cues required for complex scenes with high fidelity. A more expressive alternative is to directly use the
output token embeddings from the MLLM (Pan et al., 2025; Tong et al., 2024b; Liu et al., 2025; Lin et al.,
2025b; Wu et al., 2025b; Lin et al., 2025a; Koh et al., 2023; Ge et al., 2024; Chen et al., 2025a; Pan et al., 2024;
Yin et al., 2025; Song et al., 2025; Mou et al., 2025). In this setting, the MLLM provides the final hidden
states of the multimodal inputs, or a sequence of learned query embeddings summarizing the multimodal
conditioning; these are injected into the diffusion model via various conditioning injection methods, including
the self or cross attention (aka text conditioning method), token concatenation, or lightweight adapters
like control nets. Representative examples include GILL (Koh et al., 2023), which maps LLM features into
the diffusion model text encoder space, and MetaMorph (Tong et al., 2024b), which trains an MLLM to
autoregressively produce image condition tokens later consumed by diffusion. MetaQueries (Pan et al., 2025)
and BLIP3-o (Chen et al., 2025a) learn a fixed set of query vectors and a transformer based connector that
abstract MLLM semantics to condition the generator. Although this paradigm is generally more compute
efficient than training a native unified architecture and tends to preserve the MLLM’s reasoning ability,
encoding structural visual priors into a single-dimensional (1D) token sequence is non-trivial. Models often
require large connector blocks and substantial data to recover precise positional and temporal information.
Consequently, 1D tokens can be insufficient to model composition, object placement, geometry and motion,
motivating interfaces with explicit multi-dimensional grounding. Bifrost-1 (Lin et al., 2025b) addresses this
challenge by leveraging patch-level latents that are natively aligned with the MLLM visual encoder as 2D
visual priors (rather than compressing the information into a 1D token sequence) to guide the diffusion
model. This design outperforms architectures that rely on non-MLLM-aligned visual features (e.g., VAE,
SigL.IP) and significantly improves training efficiency. However, fine-tuning the visual generation branch,
implemented as a trainable copy initialized from the original MLLM parameters (e.g., Qwen2.5-VL-7B),
becomes increasingly challenging as the MLLM’s parameter size grows, indicating that there remains room for
architectural improvement.

Summary. In contrast to previous work, we propose a novel design of learnable multidimensional canvas
tokens that are trained jointly with a small connector and injected directly into the diffusion latent space,
creating a compact and extensible framework that excels in explicitly composing spatial temporal signatures
for diffusion generation. Our method is capable to generalize from images (2D) to videos (3D) seamlessly,
while also maintaining efficiency in the volume of canvas tokens in the interface. In summary, MetaCanvas
preserves the strengths of each backbone, namely understanding for the MLLMs and generation for diffusion
models, lowers the training cost, and scales naturally across image and video tasks, effectively serving as a
SOTA-level lightweight bridge from MLLMs to diffusion models.
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Figure 9 Visualizations of the architectures for the comparison variants in Figure 4.

A.2 Extended Preliminaries

Latent Diffusion Models with Flow-Matching. Given an RGB visual input X 2 RF*3XHXW "with F =1 for
images and F > 1 for videos, we first encode it with a spatial (or spatlotemporal) Varlatlonal autoencoder
(VAE) (Kingma and Welling, 2013) into d-dimensional latents z = E(X) 2 REOxdx HOxW? , where F/ F,
H'<H ,and W <W due to downsampling (Bai et al., 2025b; Zhu et al., 2025; AT, 2025; DeepMind, 2025). We
then adopt a flow-matching objective (Lipman et al., 2024). Specifically, let N(@©;l)andt U(0;1). We
define a straight-line path (rectified flow) in latent space z; = (1 t)z+t ; and the corresponding target velocity

field u; = %t = z: A latent diffusion model (LDM) F 4(Z;; t; Ctext; Cvision) 1S trained to match this field given
conditioning text Ciext and,/or images/videos Cyision, via Lem = Ez, +  F 9(Z4; t; Crext; Cvision) z ; At

inference, we solve the ODE %‘ = F ¢(Z4;1; Cext; Cvision) from t =1 to t =0 with multiple denoising steps to

obtain 2, and decode with the VAE decoder X = D (2). In MetaCanvas, we train with the same flow matching
objective Ly without extra auxiliary losses, and we use the same denoising strategy during inference.

B Exploratory T2l Generation

B.1 Architecture Details of Other Design Choices

Here, we provide a more detailed illustration of the experiments in Figure 4 of Section 5.1. Specifically, in this
exploratory experiment, we aim to demonstrate that:

e Canvas tokens can effectively transfer information from the MLLM into DiT.

e The transferred information provides additional gains beyond the information contained in text.

e Combining canvas information with text leads to faster training convergence compared with other information
injection strategies, including MetaQuery (Pan et al., 2025).
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Figure 10 Ablation study on MetaCanvas connector architecture design. Corresponding quantitative results are shown in
Figure 2. Note that our focus here is to demonstrate the effectiveness of canvas tokens; therefore, we keep the T5 text
encoder in SANA instead of replacing it with text embeddings from MLLMs. We later replace the text encoder with
the output multimodal embeddings from the MLLM in the image editing and video tasks in Section 5.2 and Section 5.3.

The quantitative results for these variants are shown in Figure 4, and their architectures are visualized
in Figure 9:

(1) Text + MetaCanvas: We use the canvas embeddings output from the MLLM, together with the text
embeddings from the original T5 text encoder in SANA as conditioning. Our goal is not to create a unified
conditioning strategy by replacing the original T5 text encoder with an MLLM; rather, we only add the
canvas tokens output from the MLLM to the latents before inputting them into DiT.

(2) MetaCanvas w/o Text: We provide empty text (i.e., Text Input = ) to the T5 text encoder. This allows
us to control for the same DiT architecture without removing any components from its cross-attention
blocks.

(3) SANA Default: This is the default architecture used in SANA, where only text information is used for
conditional generation.

(4) MetaQuery: The 1D query embeddings output from the MLLM are provided as input, using the same
cross-attention interface of DiT.

(5) Text + MetaQuery: We concatenate the text embeddings from the T5 text encoder with the learnable
query tokens from the MLLM and input them into DiT to provide richer information.



Figure 11 Comparison between MetaCanvas with query-based architecture (i.e., BLIP-30 (Chen et al., 2025a)) on GenEval (Ghosh
etal., 2023) prompts.

B.2 Ablation for Canvas Connector Design

In Figure 10, we provide a more detailed visualization of the ablation study for canvas connector architecture
design variants, as mentioned in Table 3 of Section 3.4. The effectiveness of each component is quantitatively
demonstrated in Table 3, so we skip redundant illustration here for simplicity.

B.3 Experiment Setup Details

In Table 9, we give the hyper-parameter and model details of the experiments in Figure 4 and Table 3.
Specifically, in both experiments, we keep the parameters of the MLLM fully frozen without adding any LoRA,
and we train the DiT from scratch.

Additionally, as the generated images are of 512 512 resolution and the compression rate is 32, the DiT
latents have a shape of 16 16. Therefore, we use canvas tokens of the same shape, resulting in a total of 256
canvas tokens. The training is conducted on a single A100 node and takes around one day to complete for
approximately 20k steps.

B.4 Additional Comparison with Query-Based Architecture

In our main paper, we compare MetaCanvas with MetaQuery by training the DiT (i.e., SANA) from scratch.
Here, we provide additional experiments that compare MetaCanvas with this line of query-based architectures.
Since MetaQuery is not open-sourced, we compare our method with BLIP-30 (Chen et al., 2025a), another
model that uses query tokens generated from an MLLM as conditioning for the DiT. For a fair comparison,
our model is trained solely on the BLIP30-60k dataset, which is a subset of the training data used in BLIP-3o0.
In this experiment, we apply LoRA fine-tuning to the DiT with a rank of 32.

In Figure 11, we compare MetaCanvas with BLIP-30 on several challenging GenEval prompts, including
attribute combinations with uncommon colors (e.g., “A photo of a blue pizza and a yellow baseball glove”),
unusual spatial relationships (e.g., “A photo of a skateboard above a person”), and object counts greater than
three (e.g., “A photo of four giraffes”). As shown in the figure, MetaCanvas consistently generates images that
correctly capture these attributes, spatial relationships, and counts, whereas BLIP-3o fails on these prompts
by mixing colors between objects, struggling to produce counterfactual spatial relationships such as a person
below a skateboard, and generating an incorrect number of giraffes.

In Table 8, we compare our model with models that use a DiT-only architecture for generation-only tasks, as
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Table 8 Quantitative results on GenEval benchmarks. Here, we LoRA finetune SANA instead of training it from scratch.
For a fair comparison, MetaCanvas is trained solely on the BLIP30-60k dataset, which is a subset of the training data
used in BLIP-3o.

Model GenEval
DiT w/o MLLM

FLUX1-Dev (Labs, 2024) 0.82
SANA (Xie et al., 2024a) 0.66
Query-Based Architecture

MetaQuery-XL (Pan et al., 2025) 0.80
BLIP30-8B (Chen et al., 2025a) 0.84
MetaCanvas (Ours) 0.86

well as models with a query-based architecture, including MetaQuery and BLIP-30. Note that BLIP30-8B
achieves better performance than MetaQuery-XL, while our model uses the same MLLM and DiT (i.e.,
Qwen2.5-VL-7B and SANA1.0-1.6B) as MetaQuery, and is trained on BLIP30-60k, which is a subset of the
training data used in BLIP-30. Under this controlled setting, our method still outperforms both query-based
models. These quantitative results, together with the visualizations above, demonstrate the effectiveness of
our canvas design.

Table 9 Hyper-parameter and training details of the experiments in Figure 4 and Table 3.

Learning Rate le-4
Warmup Learning Rate le-5

LR Scheduler Constant w/ WarmUp
Weight Decay 0.0
Gradient Clip 1.0
Optimizer AdamW
Warm-Up Steps 300
Training Steps 20k
Image Batch Size / GPU 40

# A100 GPUs 8
MLLM Training Type Frozen
DiT Training Type From Scratch
# Canvas Tokens 16 16=256

Table 10 Ablation study on the effectiveness of multimodal-RoPE for encoding learnable canvas tokens.

GenEval
MetaCanvas w/o MRoPE 0.85
MetaCanvas (Default) 0.86

B.5 Additional Ablation Results

Multimodal RoPEin MLLM. Here, we discuss the use of multimodal RoPE in the MLLM to process the learnable
canvas tokens. Specifically, for image and video understanding tasks in Qwen2.5-VL (Bai et al., 2025b), images
and videos are encoded using multimodal RoPE (i.e., MRoPE), which provides improved spatial-temporal
encoding of visual information. Therefore, we adopt the same strategy to encode our learnable canvas tokens.
In Table 10, we show that MetaCanvas without multimodal RoPE achieves slightly worse results on GenEval
compared with our default setting, although both variants outperform previous models, including MetaQuery
and BLIP-30. Since applying multimodal RoPE is essentially free that requires only a preprocessing step for
position IDs and incurring no additional computational cost, we adopt it as our default configuration.

MLLM LoRA. In addition, we observe that adding a LoRA with rank of 32 to the MLLM effectively increases
its capacity and helps the canvas tokens extract information more accurately from the MLLM, which further
improves the GenEval score from 0.86 to 0.87.
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Figure 13 MetaCanvas implementation architecture details in Section 5.2. We adopt FLUX.1-Kontext-Dev (

2025) as the MMDiT and Qwen2.5-VL-7B (Bai et al.,

2025b) as the MLLM. The trainable components include the

vision branch, the LoRA in the MLLM, as well as the canvas tokens and the corresponding lightweight canvas connector.

C Image Editing Task

Table 11 Quantitative comparison results on GEdit-EN-full (Liu et al., 2025) benchmark.

Method BG Color Mat. Motion Portrait Style Add Remove Replace Text Tone Avg"
Instruct-Pix2Pix (Brooks (t al., 2023) 3.94 540 3.52 1.27 2.62 4.39 3.07 1.50 3.48 1.13 510 3.22
MagicBrush (Zhang et al., ZLt) 6.17 541 4.75 1.55 2.90 4.10 5.53 4.13 5.10 1.33 5.07 4.19
OmniGen (Xiao et al., >02r) 523 593 544 312 3.17 488 6.33 6.35 5.34 431 496 5.01
SteplX-Edit (Liu et (11 2025) 7.03 6.26 6.46 3.66 5.23 724 7.7 6.42 7.39 740 6.62 6.44
Step1X-Edit (v1.1) (Lm et al., 2025) 745 7.38 6.95 4.73 4.70 711  8.20 7.59 7.80 791 6.85 6.97
BAGEL (Deng et al., 2025) 744 6.99 6.26 5.09 4.82 6.04 7.94 7.37 7.31 716 6.17 6.60
OmniGen2 (Wu et al., 2025b) - - - - - - - - - - - 6.42
GPT-Image-Edit (Wang et al., 2025) 780 754 712 7.75 709 674 804 7.95 717 545 6.95 7.24
Qwen-Image-Edit-2509 (Wu et al., 2025a) | 8.25 810 7.51  8.60 6.92 6.85 856  8.59 8.37 818 7.85 7.98
FLUX.1-Kontext-Dev (Batifol et al., 2025) | 7.06  7.03 5.52 5.62 4.68 5.55  6.95 6.76 6.13 6.10 7.48 6.26
FLUX.1-Kontext-Dev + MetaCanvas 771 788 727 797 782 693 844 815 8.02 6.11 8.06 7.67

0.65" 0.85" 1.75" 2.35" 3.14"  1.38" 1.49" 1.39" 1.89" 0.01" 0.58" 1.41"

As FLUX.1-Dev (Labs, 2024) and FLUX.1-Kontext-Dev (Batifol et al., 2025) share the same T5 text encoder,
2025) and initialize from the MLP connector in UniWorld-V1 (Lin

we follow GPT-Image-Edit (Wang et al.,
2025a), which was trained to bridge Qwen2.5-VL-7B (Bai et al.,

et al.,

2025b) and FLUX.1-Dev (Labs,

2024). Note that SANA uses cross-attention as its conditioning interface, whereas FLUX.1-Dev concatenates
text and image tokens as input to the DiT. This architectural difference leads to differences in how text
tokens are injected when replacing the original text encoder of the DiT with output embeddings from the
MLLM. A high-level illustration comparing the MMDIT and cross-attention—based architectures is provided
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Table 12 Quantitative comparison results on ImgEdit (Ye et al., 2025) benchmark.

Method Add Adjust Extract Replace Remove Background Style Hybrid Action Overall”
MagicBrush (Zhang et al., 2023a) 2.84 1.58 1.51 1.97 1.58 1.75 2.38  1.62 1.22 1.90
Instruct-Pix2Pix (Brooks et al., 2023) 245 1.83 1.44 2.01 1.50 1.44 3.55  1.20 1.46 1.88
UltraEdit (Zhao et al., 2024) 344 281 2.13 2.96 1.45 2.83 3.76 191 298 2.70
OmniGen (Xiao et al., 2025) 3.47  3.04 1.71 2.94 2.43 3.21 419 224 3.38 2.96
ICEdit (Zhang et al., 2025) 3.58 3.39 1.73 3.15 2.93 3.08 3.84 204 3.68 3.05
Stepl1X-Edit (Liu et al., 2025) 3.88 3.14 1.76 3.40 2.41 3.16 4.63 2.64 2.52 3.06
BAGEL (Deng et al., 2025) 3.56  3.31 1.70 3.30 2.62 3.24 449  2.38 4.17 3.20
UniWorld-V1 (Lin et al., 2025a) 3.82  3.64 2.27 3.47 3.24 2.99 4.21  2.96 2.74 3.26
OmniGen2 (Wu et al., 2025b) 3.57  3.06 1.77 3.74 3.20 3.57 481 252  4.68 3.44
GPT-Image-Edit (Wang et al., 2025) 4.07  3.79 2.04 4.13 3.89 3.90 484 3.04 4.52 3.80
FLUX.1 Kontext [Pro] (Batifol et al., 2025) | 4.25  4.15 2.35 4.56 3.57 4.26 457 3.68  4.63 4.00
GPT-Image-1 [High| (OpenAl, 2025) 461 4.33 2.90 4.35 3.66 4.57 493 396  4.89 4.20
Qwen-Image-Edit (Wu et al., 2025a) 4.38 4.16 3.43 4.66 4.14 4.38 481 3.82 4.69 4.27
Qwen-Image-Edit-2509 (Wu et al., 2025a) 4.32  4.36 4.04 4.64 4.52 4.37 4.84  3.39 4.71 4.35
FLUX.1 Kontext |[Dev| (Batifol et al., 2025) | 3.76  3.45 2.15 3.98 2.94 3.78 4.38  2.96 4.26 3.52
FLUX.1 Kontext [Dev| + MetaCanvas 420 3.50 2.11 441 3.72 3.89 483 3.61 449 3.86
0.44" 0.05" 0.04# 043" 0.78" 0.11" 0.45" 0.65" 0.23"  0.34"

in Figure 12. A more detailed version that specifically bridges FLUX.1-Kontext-Dev with Qwen2.5-VL-7B is
shown in Figure 13.

We start the training directly by unfreezing the diffusion model’s visual branch, together with the additional
learnable canvas tokens and the transformer-based connector. To increase MLLM’s model capacity, we apply
LoRA with rank of 64 to the MLLM backbone. We illustrate the training hyper-parameters in Table 13. The
model is trained on O(1M) image-editing samples from OmniEdit (Wei et al., 2024) and HQEdit (Hui et al.,
2024). Table 12 and Table 11 contain extended evaluation results of Table 1 and Table 2.

Table 13 Hyperparameters and training details of the image editing experiments in Table 1 and Table 2.

Training Hyperparameters

Learning Rate le-6
LR Scheduler Constant
Adam 0.9
Adam - 0.99
Adam le-8
Weight Decay 0.0
Gradient Clip 1.0
Optimizer AdamW
Warm-Up Steps 0
Training Steps 90k
Image Batch Size / GPU 1

# A100 GPUs 64
Model Parameters

MLLM Training Type LoRA
MLLM LoRA Rank 64
MLLM LoRA Dropout 0.05
DiT Training Type Train Vision Branch
# Canvas Tokens 32 32=1024

D MetaCanvas Architecture Design for Video Tasks

D.1 Context and Canvas Connectors Design

Context connector design. For the MLP context connector in video tasks, we adopt a similar strategy as in
the image editing tasks by training a 2-layer MLP, with input channels equal to the embedding dimension of
the MLLM and output channels equal to the embedding dimension of the DiT. We use an expansion ratio
of 4 in the middle layer of the MLP to increase its expressiveness. A dropout ratio of 0.1 is applied to the
parameters in this MLP connector.
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Figure 14 Visualization of the first 8 channels of Wan2.2 VAE after encoding a static video of 81 frames (21 latent frames).

Table 14 Quantitative comparison results on VBench-12V (Huang et al., 2024b) for 12V generation.

Method 12v 12V Camera Subject Background Motion Dynamic Aesthetic Imaging Overall"
Subject BG. Motion Consistency Consistency Smooth. Degree Quality Quality

Wan-5B 97.79 98.92 42.54 94.31 96.14 96.60 58.53 61.95 71.24 86.98

Wan-5B + MetaCanvas | 97.89 98.81  80.60 94.24 93.66 97.32 54.30 60.97 70.38 87.13

Canvas connector design. For the canvas connector, we use the same architecture as in the image generation
and editing tasks without any modifications. Specifically, the canvas connector consists of a single vanilla
transformer block and a single DiT block. The vanilla transformer block is designed to more effectively
transform the canvas embeddings output by the MLLM into the feature space of the DiT, while the DiT block
further fuses the canvas embeddings with the DiT latents and dynamically determines the influence of the
canvas tokens on the latents through AdaLN. As the self-attention module in the DiT operates spatially and
temporally across all frames, the canvas connector here can be applied only on a per-frame basis rather than
across all frames, which reduces GPU memory consumption.

D.2 Interface Design for Canvas Keyframe and Reference/Condition Frames Injection

One key design aspect is the interface for injecting canvas keyframes into the DiT while seamlessly enabling
diverse video tasks, including text-to-video generation, image-to-video generation, video editing, and reference-
to-video generation. Our goal is to design an interface that is compatible with all of these tasks and can be
easily extended to additional video tasks. We partially follow the interface of Wan-Animate (Cheng et al., 2025)
to support conditioning on both reference frames and source video frames. In addition, to effectively inject
canvas embeddings into the latents, we use the design shown in Figure 3 to combine the canvas embeddings
with the latents after patchification.

D.3 2D canvasvs. 3D canvas

Quantitative comparison. A natural question is whether we should keep the same 2D canvas for video tasks,
as in image tasks, or instead use a 3D canvas to encode both spatial and temporal information. As shown
quantitatively in Table 6, using a 2D canvas achieves comparable spatial alignment scores (measured by
optical flow error and PSNR) and also attains the best evaluation score with GPT-4o. Although the overall
evaluation scores remain reasonably high, we empirically observe that using a 2D canvas introduces noticeable
temporal flickering in the first few frames, whereas applying a 3D canvas with three keyframes effectively
alleviates this issue.

Hypothesis and explanations. Upon further investigation, we found that this discrepancy likely stems from
the VAE used in Wan2.2. Specifically, the Wan2.2 VAE supports both image and video encoding: the first
frame is encoded as a single latent frame, while every subsequent four frames are collapsed into one latent
frame. Additionally, the VAE employs a moving-average mechanism to better preserve temporal information
across latent frames. To illustrate this behavior, we encode a static 81-frame video using the Wan2.2 VAE,
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resulting in 21 latent frames. Figure 14 visualizes the first eight channels of these latents. We observe clear
value inconsistencies across the initial latent frames, while the later latent frames become stable. This explains
why a 2D canvas, whose embeddings are added identically to all latent frames, produces temporal flickering in
the early frames. In contrast, a 3D canvas with 3 keyframes adapts to the temporal structure of the latent
sequence and effectively mitigates this issue. We acknowledge that the current design may still be suboptimal
and leave the exploration of improved designs for future work.

E Text/Image-to-Video Generation Tasks

Task-specific model details. For the image-to-video generation task, we follow the setting in Wan2.2-5B by
replacing the first latent frame in the noisy latents with the clean latent of the first input image. During
both training and inference, the first latent frame is assigned a timestep of zero, while the remaining latent
frames receive noise according to their corresponding timesteps. This ensures that the generated video better
preserves the information from the input image.

Training dataset details. In stage 1 (a), we use approximately O(40M) in-house images for training. In later
stages, we further incorporate approximately O(8M) in-house videos for training.

F Video Editing Task

F.1 Training dataset details.

As there’s no natual source-edited video pairs, we utilize the following strategy to construct a total of 300k
video editing samples. Specifically, our training data comes from two sources:

e Generate from videos. Given a raw video, we use a MLLM (i.e., Qwen2.5-VL) to generate a video editing
instruction that performs one of the following operations: local object addition, replacement, deletion,
background change, or global style transfer. We then use Qwen-Image-Edit (Wu et al., 2025a) to generate
the edited first frame. Additionally, we employ depth ControlNet to extract depth maps from the raw video.
Finally, the edited video is generated from the edited first frame and the corresponding depth maps.

e Generate from images. Starting from paired image editing data, we use Wan2.2-5B (Wan et al., 2025) to
animate the raw image into a video and extract depth frames via depth ControlNet. The edited video is
then generated from the edited first frame and the extracted depth maps.

F.2 Evaluation benchmark details.

Evaluation dataset curation strategy. Due to the scarcity of open-source video editing evaluation benchmarks
with high resolution (at least 720p) and sufficient duration (at least 121 frames at 24 FPS), we curate a
balanced evaluation set consisting of 300 video prompts. This set covers a diverse range of video editing tasks,
including local object editing (addition, removal, or replacement), background change, and style transfer.
Specifically, we first randomly sample 3k videos from our high-quality in-house video data, which are not
used during training to avoid potential data leakage. For each video, we prompt GPT-40 (OpenAl, 2024b) to
generate an editing instruction corresponding to one of the target categories, ensuring that the instructions
balance creativity with natural suitability to the video content. Next, GPT-40 is used to filter out low-quality
video-editing prompt pairs and to maintain a balanced distribution of prompts across categories. We also
perform a manual verification step to ensure the instructions are meaningful and suitable to the videos.
Additionally, half of the videos contain humans, which helps align the evaluation set with user needs for
human-centered video generation.

Evaluation strategy. To assess the edited videos, we employ the following evaluation methods jointly:

e VBench (Huang et al., 2024b) score. We use the quality scores from VBench to evaluate the overall video
quality, which is orthogonal to how well the edited video follows the editing instructions. The quality score
is computed as the average of subject consistency, background consistency, motion smoothness, aesthetic
quality, dynamic degree, and imaging quality. We follow the VBench codebase to calculate these metrics.
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Table 15 Quantitative comparison results on our OmniContext-Video benchmark for in-context video generation from
reference images. This table is an extended version of Table 7 that further includes detailed prompt-following and
subject-consistency scores for completeness, in addition to the overall score. Compared with MetaCanvas, VACE-
14B (Jiang et al., 2025) tends to over-copy the reference images into the final generated video, making it harder to
follow the user instructions.

Prompt-Following Single ID Multiple IDs Scene Average”
Char. Obj. Char. Obj. Char. + Obj. Char. Obj. Char. + Obj.

Wan-VACE-14B 5.54 4.74 2.76 3.96 5.14 3.58 3.48 4.28 4.10
Wan2.2-5B + MetaCanvas 5.58 5.78 4.08 5.44 6.60 4.60 5.46 4.74 5.28

. . Single ID Multiple IDs Scene o
Subject-Consistency Char.  Obj. | Char.  Obj.  Char. = Obj. | Char. Obj.  Char. & Obj.  ‘veraee
Wan-VACE-14B 8.86 8.96 4.52 7.02 6.66 4.54 4.90 5.26 6.34
Wan2.2-5B + MetaCanvas 7.46 7.80 4.06 6.46 6.68 5.04 5.64 4.90 6.01

e MLLM evaluation. We adopt a strategy similar to the GEdit (Liu et al., 2025) benchmark for video editing.
Specifically, GPT-40 (Hurst et al., 2024) is used to evaluate semantic and quality scores, following the same
prompt templates as GEdit but replacing “input image” with “input frames”. To improve API efficiency,
video frames are sampled at 1 FPS. The overall score is calculated in the same manner as in the original
GEdit benchmark.

e Human evaluation. We conduct human evaluation on videos generated by MetaCanvas and the two strongest
baseline methods, Lucy-Edit-Dev-v1.1 (Team, 2025) and Ditto (Bai et al., 2025a). A total of 50 human
evaluators participate, with videos randomly shuffled to ensure blind scoring. Evaluators are provided with
the input video, editing prompt, and the three edited videos, and are asked to identify the videos with
the best and worst editing accuracy, as well as the best and worst consistency. Editing accuracy measures
prompt-following ability, similar to semantic evaluation in the MLLM method, while consistency measures
whether the edited video is spatially and temporally aligned with the input video while maintaining subject
and background consistency. The winning rates for each method are reported in Table 5.

G In-Context Video Generation Task

G.1 Training Dataset Details

Below, we provide a detailed illustration of our data curation strategy. Given the first frame of a video,
we first use Qwen2.5-VL (Bai et al., 2025b) to generate editing prompts that extract the dominant objects
and characters, as well as the background scene, from the image. We then provide the image along with
these extraction prompts to Qwen-Image-Edit (Wu et al., 2025a) to generate images containing the extracted
characters, objects, and scenes as reference images.

Additionally, we observed that when Qwen-Image-Edit extracts objects or characters, it often uses a white
background, whereas the input reference images usually contain diverse backgrounds. To address this, we use
Qwen2.5-VL to imagine suitable and natural backgrounds for the character and object reference images, and
then use Qwen-Image-Edit to generate new edited images with these backgrounds. Using this process, we
create a total of 70k in-context video data samples for training.

G.2 Evaluation Benchmark Details

As in-context video generation from reference images is a relatively new task and no well-established open-
source evaluation benchmark currently exists, we adapt OmniContext (Wu et al., 2025b), an in-context image
generation benchmark, into a video generation benchmark. We named this new benchmark as OmniContext-
Video. Specifically, we reuse the same editing prompts and reference images from OmniContext without
any modifications, but the objective is now to generate videos instead of images based on these reference
images and user text instructions. This design allows us to directly leverage the original OmniContext
evaluation protocol, by simply replacing the prompt instruction to evaluate the generated “video” instead
of the generated “image.” For API efficiency, we sample the generated video at 1 FPS before providing
it to GPT-4.1 (OpenAl, 2024a) for evaluation. Consistent with the original benchmark, we evaluate both
prompt-following and subject-consistency. Table 7 in the main paper reports the overall score averaged across
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Figure 15 MetaCanvas implementation architecture details in Section 5.3. We adopt Wan2.2-5B (Wan et al., 2025) as the
DiT and Qwen2.5-VL-7B (Bai et al., 2025b) as the MLLM. We illustrate the trainable components in each training
stage respectively.

these two dimensions, and we provide an expanded version including individual scores for each dimension
in Table 15 for completeness.

H Video Tasks Training Details

As detailed in Section 4.1, we adopt a three-stage training strategy for video tasks. To help readers better
understand the trainable components in each stage, we visualize the training frameworks in Figure 15.
Additionally, we provide a comprehensive overview of the training hyperparameters, model parameters, and
data sampling ratios in Table 16 to ensure reproducibility.

We note that the first two stages are designed solely to align the MLLM (i.e., Qwen2.5-VL-7B (Bai et al.,
2025b)) with the video generation model (i.e., Wan2.2-5B (Wan et al., 2025)), without involving any canvas
tokens or canvas connector training. These stages are trained on basic tasks, including text-to-image generation,
image reconstruction, and text-to-video generation. We allocate a relatively large compute budget to these
stages, as sufficient training is crucial to properly align the MLLM with the diffusion model. Insufficient
training in these stages would make it difficult for the model to capture fine-grained prompt information in
stage 3 due to diluted learning on the the above basic tasks.

The third stage focuses on multi-task training, incorporating our model-specific canvas components. Compared
with the first two stages, stage 3 requires relatively fewer training steps, completing in only 10k steps. We also
observe that multi-task training provides mutual benefits across tasks. For example, in Figure 18, MetaCanvas
demonstrates improved understanding of styles, an ability likely learned from the image and video style editing
data.

| Visualizations

In this section, we first illustrate how we plot the canvas map, and then provide additional visualization
examples for different tasks.
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Table 16 Training hyperparameters on Wan2.2-TI12V-5B with MetaCanvas across different stages.

Training Stages

Hyperparameters Stage 1 Stage 2 Stage 3
Connector Alignment High Resolution Finetuning Multi-task Training
Training Hyperparameters
Learning Rate le-3 2e-5 le-5
LR Scheduler Constant Constant Constant
Weight Decay 0.0 0.0 0.0
Gradient Clip 1.0 1.0 1.0
Optimizer AdamW AdamW AdamW
Warm-Up Steps 100 100 100
Training Steps 100k 15k 10k
Image/Video Resolution 480 832 704 1280 704 1280
Video # Frames - 121 121
Video FPS - 24 24
Image Batch Size / GPU 32 32 16
Video Batch Size / GPU - 3 1
# A100 GPUs 128 128 128

Model Parameters
Trainable Modules

MLP Connector

Connector + Cross-Attn

All Params

MLLM Tokens Per Image 144 144 144
MLLM LoRA Rank - - 64
# Canvas Tokens - - 11 20 3=660
Data Sampling Ratio

Text-to-Image 80% 16% 5%
Image Reconstruction 20% 4% -
Image Editing - - 15%
Text-to-Video - 80% 15%
Image-to-Video - - 15%
Video Editing - - 25%
Reference-image-to-Video - - 25%

Canvas map visualization. Following (Tumanyan et al., 2023), we apply PCA to the features produced by the
MetaCanvas connector. The features are extracted at approximately the middle of the diffusion timesteps
(e.g., t =499 for the text-to-image generation task in Figure 5, and t = 522 for the video tasks). For each
extracted feature, we apply PCA and visualize the top three principal components. Note that the colors on
the PCA map only represent salient subjects or backgrounds, and the color assigned to a given subject or
background may vary across different canvas keyframes. As a supplement to Figure 5, we provide additional
visualizations of the canvas maps for text-to-video generation and image-to-video generation tasks in Figure 16,
and visualizations for video tasks in Figure 17.

Visualizations for T2V generation task. In Figure 18, we present visualizations for the text-to-video generation
task, specifically on the “appearance style” category in VBench (Huang et al., 2024a). As our model is jointly
trained on diverse tasks, including video global style editing, we observe that such joint training enables
MetaCanvas to better understand stylistic variations in prompts.

Visualizations for 12V generation task. In Figure 19, we show visualizations for the image-to-video generation
task, focusing on the “camera motion” category in VBench (Huang et al., 2024b). Compared with the base
Wan2.2-5B model, MetaCanvas more effectively interprets instructions involving camera motions. In Table 14,
we further provide the expanded results corresponding to Table 4 in the main paper.

Visualizations for video editing task. In Figures 20 to 22, we show visualizations for the (local) video editing task.
Compared with other methods (Bai et al., 2025a; Team, 2025), MetaCanvas achieves more precise grounding
of the target objects. In Figure 23, we show visualizations for the video background editing task. Compared
with other methods (Bai et al., 2025a; Team, 2025), MetaCanvas achieves more precise instruction following
and grounding of the target background. In Figure 24, we show visualizations for the video global style editing
task. MetaCanvas achieves results comparable to Ditto (Bai et al., 2025a), whereas Lucy-Edit-Dec-v1.1 (Team,
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2025) fails on this task.

Visualizations for in-context video generation task. In Figures 25 to 27, we present visualizations for the
in-context video generation task using reference images. We observe that the comparison baseline (i.e.,
VACE-14B (Jiang et al., 2025)) suffers from a “copy—paste” effect, where the background of the reference
image is replicated in the generated video. This makes it difficult for the model to follow the instructions and
to naturally compose multiple reference images into the correct background. In addition, both VACE-14B
and MetaCanvas produce imperfect videos when the number of reference images increases to three. We
hypothesize that an improved data creation strategy with more and higher-quality training data, and assigns
a higher proportion of examples to multi-reference video generation, could help alleviate this issue.

J Simplified Code Implementation

Our codebase builds upon the publicly available BLIP3o codebase (Chen et al., 2025a). Detailed training
procedures and model hyperparameters are provided in Section 4.1 and Table 9. We will release our code
upon acceptance. For better reproducibility, we also provide a simplified PyTorch implementation of the DiT
block in the canvas connector in Algorithm 1.

K Limitations and Future Works

In this work, we primarily focus on investigating the effectiveness of information transfer between MLLMs
and diffusion Transformers via MetaCanvas. Our approach follows prior work that bridges MLLMs with
diffusion models through lightweight connector interfaces. One potential limitation of the current setup is
that visual information (e.g., images and videos) is provided to both the MLLM and the diffusion models,
following previous works (Wei et al., 2025; Wu et al., 2025a; Lin et al., 2025a; Wu et al., 2025b; Liu et al.,
2025) to maximize performance. It would be interesting to explore whether a more elegant framework could
be designed that passes all visual information solely to the MLLM, allowing DiT to directly render images
and videos without repeated conditioning on visual inputs.

Additionally, we evaluated the effectiveness of MetaCanvas across diverse tasks using text, image, video, or
combinations thereof as inputs. However, we note that the quality of our curated training data is not optimal,
and the scale of the data is limited for some of the tasks. For instance, we observed that the success rate
for in-context video generation from three or more reference images is not high. Expanding the task-specific
dataset could further improve performance.
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Algorithm 1 Simplified PyTorch Implementation for the DiT Block in Canvas Connector

import torch

from torch import nn

import torch.nn.functional as F

from einops import rearrange

from di [uders.models.normalization import AdaLayerNormSingle

from di [uders.models.transformers.sana__transformer import SanaTransformerBlock

class CanvasConnectorDiTBlock(nn.Module):

def __ init__ (self, in__channels=48, embed__dim=3072, num__layers = 1):
super().___init_ ()
self.embed__dim = embed_dim
self.time__embed = AdaLayerNormSingle(embed__dim)
self.patch__embed = nn.Conv3d(in__channels, embed__dim,
kernel__size=(1, 2, 2), stride=(1, 2, 2)
)
self.out__proj = zero__module(nn.Linear(embed_dim, embed__dim))
self.canvas__dit_ blocks = nn.ModuleList(
[
SanaTransformerBlock(
dim=embed__dim,
num__attention__heads=embed__dim//32,
attention__head_ dim=32,
num__cross__attention__heads=None,
cross__attention__head _dim=None,
cross__attention__dim=None,
attention__bias=False,
)
for __in range(num__layers)
]
)

def forward(self, latent, interpolated canvas_keyframes, timestep):
latent_embed = self.patch__embed(latent)
b, t, _, h, w = latent_embed.shape

# add after patchification
hidden__states = latent_embed + interpolated_canvas__keyframes
hidden__states = rearrange(hidden__states, "bcth w -> (b t) (h w) ¢")

timestep = timestep if timestep.ndim == 1 else timestep[:,-1]
timestep, _ = self.time__embed(timestep).repeat(t, 1)

# fused through the DiT block conditioned on the timestep
for index__block, block in enumerate(self.canvas_ dit_ blocks):
hidden__states = block(
hidden__states, None, None, None, timestep, h, w, None, None

)

fused = self.out_proj(hidden__states) # linear projection before output

fused = rearrange(fused, "(b t) (hw) c -> b ¢t h h w", b=b, h=h, w=w)
latent_embed = latent__embed + fused # latent__embed is passed to the DiT
return latent__embed
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Figure 16 Visualization of the for the and image-to-video
generation tasks. Note that for the image-to-video generation task, because the first frame is assigned t = 0 during

inference with Wan2.2-5B, we omit the visualization for the first canvas keyframe. Interpretation of the canvas map

visualization is discussed in Appendix I.
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Figure 17 Visualization of the for the video editing task. Interpretation of the
canvas map visualization is discussed in Appendix I.
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Figure 18 Visualization on task. The input prompts are sourced from VBench (Huang et al.,
2024a). Multi-task training in Stage 3 enables MetaCanvas to better understand stylistic variations in prompts.
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Tower bridge in london, camera zooms in

Two people in a canoe on a lake with mountains in the background, camera zooms out

The parthenon in acropolis, greece, camera tilts up

An asian city street at night with people and bicycles, camera tilts down

The golden gate bridge in san franscisco is lit up by the setting sun, camera pans right

Figure 19 Visualization onimage-to-video generation task. The input images and prompts are sourced from VBench (Huang
et al., 2024b). Compared with the base model, MetaCanvas better understands instructions involving camera motions.
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Y+ # Replace the content with a flowing digital watercolor painting in soft teal
and gold hues, matching the room's natural lighting.

+0"1
234"+

93##+

5/06 B43#9"1

1"45%$8'$(

Vet # Add in the background a featuring a glowing window and a snow -laden
roof.

A*0"1
234"+

O3##+

5/06 B43#0"1

I"HS%$EB(

Yr+ # Replace the with a delicate pattern of small white
daisies on a soft light blue background.

A+*0"1
234"+

O3##+

5/06 B43#9"1

I"HS% B8 B(

Figure 20 Visualization for the video local editing task (part 1/3). MetaCanvas achieves more precise grounding of the target
objects.
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Yr+ # Replace the with a vintage porcelain cup featuring a delicate blue floral
pattern, maintaining the same placement and lighting on the green table.

A*0"1
234"+

93¢+

5/06 B43#9™1
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Yr+ # Replace the blurred colorful planets with showing
visible cloud formations and textured surfaces, matching the boy's space -themed play.

A*0"1
234"+

93+

5/06 B43#9™1

I"#5%$8'$(

Yr+ # Change the copper mugOs surface to a
, reflecting the dim snowy light.

A+*0"1
234"+

93¢+

5/06 B43#9™1

I#$%$8'$(

Figure 21 Visualization for the video local editing task (part 2/3). MetaCanvas achieves more precise grounding of the target
objects.
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Vet # Replace the guitar's body with a that mirrors the soft
light on the left side of the frame.
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Ve # Change the background to a ,
enhancing the sushi's traditional presentation.

+/*0"1
234"+
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Yo+ # Replace the pineapple-shaped inflatable ring with a

+*0"1
234"+

93##+

5/06 B43f0"1

IHS%%6$8S(

Figure 22 Visualization for the video local editing task (part 3/3). MetaCanvas achieves more precise grounding of the target
objects.
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Y+ -# Change the background to a with wildflowers and distant
snow-capped peaks, maintaining the same warm, natural lighting and camera perspective.
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Ve # Change the wooden surface to a with subtle marbling
patterns.
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Vit # Shift the lighting from cool purple  -blue tones to , casting honey -
gold highlights through the woman's curls while maintaining the slow  -motion movement and
cinematic depth.
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I"H$96$8$(

Figure 23 Visualization for the video background editing task. MetaCanvas achieves more precise instruction following and
grounding of the target background.
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Y+, # Make it
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Y+ # Convert the video into a by reducing the resolution and creating a mosaic
effect with square -shaped pixels and simplified colors for a classic pixelated appearance.

+*0"1
234"+
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Ve # Convert the snowy mountain landscape into a
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Figure 24 Visualization for the video global style editing task. MetaCanvas achieves results comparable to Ditto (Bai et al.,
2025a), whereas Lucy-Edit-Dev-v1.1 (Team, 2025) fails on this task.
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)--*+’_.$/n0(1, Place the anime character with long, flowing light blue hair in a

2 345.6# 0P serene garden at sunset , powerfully lifting weights. Sweat
! ' glistens on her determined face as she strains against the heavy
barbell.
78%9 ;<=
I"#$%$&'$(
)--*+,_.$/n0(1, Show the man in a suit embracing his partner in a lavender field,
2345 6# 'ﬂj both smiling and holding bouquets.

78%9 :;<=
"B S(
)+ - $M0(1, Position a slice of tiramisu elegantly on a marble altar in the
2 345.64# 'ﬂj center of the grand cathedral, surrounded by flickering
! ’ candlelight that enhances its rich colors.
78%9 ;<=
I"H$Y$&'S(
)+ - $M0(1, Perch a dark blue starling with white spots  on the armrest of a
2.345.6# EEj vintage -style armchair , its yellow beak glinting in the warm light
! . filtering through the window.
78%9 :;<=
"#3%$&'$(

Figure 25 Visualization for the in-context video generation task with single character or object. MetaCanvas demonstrates
improved prompt understanding and more accurately places the specified character or object in the appropriate scene,
whereas VACE (Jiang et al., 2025) incorrectly adheres too closely to the background of the reference image.
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Set a vibrant peacock perched gracefully on a rustic

)+ - $/"0(1 wooden table in an outdoor cafZ setting, surrounded by
v ! ED: q]: potted plants and a charming stone wall, while placing a
2,345.6# sleek silver car parked nearby, reflecting the warm sunlight

filtering through the glass doors.

78%9 :;<=
I"#$%$8&'S(
)*;’:;fé "g;(#l’ Eﬂj q]j | wish the person and the man would stare at each other .
78%9 :;<=
I"H$%$&'S(
)"+, $/"0(1, o o She reaches outto touch the deer's head , with the deer looking
2,345 6t calmly at her in a serene forest setting.
78%9 ;<=
I"#$%$8&S(
Please make the lady from the first image crouch slightly ina
warmly lit living room as she playfully pats the Shiba Inu from
)"*+,-.$/"0(1, &L &L photo 2. Her hand is mid -motion, just above the dog®s head. The
2 345.6# dog stands on a patterned rug, glancing up with an excited yet
' puzzled look. A floor lamp casts soft shadows in the cozy, wood -
paneled room.
78%9 :;<=
"#3%PE&'$(

Figure 26 Visualization for the in-context video generation task with multiple characters and/or objects. MetaCanvas
demonstrates an improved ability to naturally compose the reference images into the appropriate scene, whereas
VACE (Jiang et al., 2025) either adheres too closely to the background of the reference images or fails to compose
both reference images correctly.
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Y+ - $0(L, Place the red panda on the edge of the bed, curling up

2.345.64 op oo zsag:;(r::; t;etgzt‘::’);?rtri]vzu[::llilgm? asit gazes out the window,
78%9 ;<=
"#$%$&'S(
)“*;,’:;fé '.'25:#1, EDj lﬂ: rlil’:ﬁ;:z utrt:]e fluffy dog on the wet pavement in front of the modern
78%9 :;<=
I"HS%$ES(
)I'*;,’éfé';gg’ oh cb  He plays guitar in the place .
78%9 ;<=
"#$%$&'S(
" " The muscular character from the first image enjoys
)™+,-3"0(1, op op o b the large burger while walking in the grand interior
2,345.6# of the cathedral from the second image.
78%9 :;<=
IHSY$ES(

Figure 27 Visualization for the in-context video generation task with character and/or object in a scene. MetaCanvas
demonstrates improved prompt understanding and naturally composes the reference images into the appropriate scene.
However, both methods produce imperfect videos when the number of reference images increases to three.
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