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The catfrom Image 1 and the dog from Image 2 are sitting side by side, The woman from image 1 and the man from image 2 are standing in FEroi e e C e e T ORI & e
with the background inside a car. The style of the image is the same as front of a mountain. The dog from image 3 is standing between them. of the same material as the plate in Picture 2, is placed on the table.
in Image 3. The style of the image is the same as in image 4.

P

On a fighting stage, two people are engaged in combat. Their The girl from Image 1 is holding the shampoo from Image 2 on the beach, The girl in Figure 1 has the same hairstyle as the girl in Figure 2. She is
movements are shown in Figure 3: the person in Figure 1is the one on with the sea visible in the background. The light condition of the image is standing on a grassland, lifting her arm, with the bird from Figure 3 perched
the left in Figure 3, and the person in Figure 2is the one on the right. the same as in Image 3. onit

Make the person from the firstimage has the same pose as person Replace the right person in the first image with the person in
from the second image. the second image.

Make the bag in the first image have the same pattern as the machine Make the girl's hat from the first image have the same color scheme Make the bag in the first image have the same material as the box in the
in the second image. as the sweather in the second the image. second image.

Figure 1. The overview: multimodal instruction-based editing and generation, extending beyond concrete objects to abstract attributions.

Abstract tical user needs. Instruction-based editing relies solely on
language instructions, which often fail to capture specific
editing details, making reference images necessary. Mean-

Recent advancements in instruction-based image editing while, subject-driven generation is limited to combining
and subject-driven generation have garnered significant at- concrete objects or people, overlooking broader, abstract
tention, yet both tasks still face limitations in meeting prac-
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concepts. To address these challenges, we propose two
novel tasks: multimodal instruction-based editing and gen-
eration. These tasks support both text and image instruc-
tions and extend the scope to include both concrete and
abstract concepts, greatly enhancing their practical appli-
cations. We introduce DreamOmni2, tackling two primary
challenges: data creation and model framework design.
Our data synthesis pipeline consists of three steps: (1) us-
ing a feature mixing method to create extraction data for
both abstract and concrete concepts, (2) generating mul-
timodal instruction-based editing training data using the
editing and extraction models, and (3) further applying the
extraction model to create training data for multimodal
instruction-based editing. For the framework, to handle
multi-image input, we propose an index encoding and po-
sition encoding shift scheme, which helps the model dis-
tinguish images and avoid pixel confusion. Additionally,
we introduce joint training with the VLM and our gener-
ation/editing model to better process complex instructions.
In addition, we have proposed comprehensive benchmarks
for these two new tasks to drive their development. Experi-
ments show that DreamOmni2 achieved impressive results.

1. Introduction

Recent advancements in unified generation and editing
models [11, 17] have gained significant attention and praise
in the market. The success of these models can be attributed
to several factors: (1) They greatly improve user experience
by simplifying the process, allowing users to perform vari-
ous design tasks within a single model without the need to
switch between different ones. (2) Unified models reduce
deployment costs for service providers. (3) Academically,
they contribute to the exploration of AGI and world models,
enabling the accurate understanding of user instructions and
the creation or modification of real-world visual content.
Current released works [1, 6, 27] mainly focus on
instruction-based editing and subject-driven generation
with a text prompt and a single source image input, but
both have limitations in application and advancing intelli-
gence. (1) For instruction-based editing [2, 15, 32], instruc-
tions alone often fail to fully capture the user’s intent. For
example, when a user says, “make the bag in the image have
the same pattern as the dress in the given image,” it’s diffi-
cult to describe the complex pattern of “dress” with words.
Thus, accurate editing requires multimodal instructions, in-
cluding reference images and text. Notably, this challenge
involves not only modifying objects but also any abstract
attributes, such as texture, material, posture, hairstyle, and
design style, which are difficult to describe with words. (2)
Subject-driven generation models [29, 33] and commercial
unified models [11] mainly generate content from specific
concrete objects or people, with limited research on refer-

encing more general abstract attributes from input images.

To create a more intelligent and all-encompassing uni-
fied creation tool, we propose DreamOmni2. The biggest
challenge lies in the training data, so we introduce a com-
prehensive data pipeline for multimodal instruction-based
editing and generation, consisting of the following steps
(Fig. 2): (1) We propose a feature mixing scheme to ex-
change attention features between two batches, allowing the
model to generate pairs of images with the same abstract
attribute or concrete object. Compared to the previous dip-
tych method [29] for generating image pairs, our scheme
achieves a higher success rate, produces images with greater
resolution, and completely eliminates any content blending
at the edges when the pair of images is split. (2) Using
the pairs generated in Step 1, we train a generation-editing
model as an extraction model. This model extracts con-
crete objects or abstract attributions from the given image
and generates another based on instructions. Compared to
previous methods [4, 29] relying on segmentation and de-
tection, our extraction model offers three key advantages: it
can handle abstract concepts, occluded objects, and gener-
ate more diverse reference images. We then generate mul-
timodal instruction-based editing training data, which in-
cludes a target image, a source image, an editing instruc-
tion, and multiple reference images. We use a text-to-image
(T2I) model to generate a target image based on multiple
keywords or select one from a real image database. The
extraction model then generates reference images for one
of the keywords. Additionally, we use an instruction-based
editing model [1] to transform the content defined by the
selected keyword into something different, obtaining the
source image. (3) We create multimodal instruction-based
generation data by applying the extraction model to gener-
ate several reference images based on keywords from the
source images created in Step 2. Thus, we build data for
generating images from multiple reference images.

Furthermore, the current SOTA unified generation and
editing models [1] still cannot handle multiple image in-
puts. To this end, we propose the Dreamomni2 framework.
First, we propose an index encoding and position encod-
ing shift scheme. Index encoding helps the model identify
the input image’s index, improving its understanding of the
referenced image in the instructions. Position encoding is
shifted based on previous inputs, preventing pixel confu-
sion and the copy-and-paste effect in the generated results.
In addition, we propose a joint training scheme for the gen-
eration/editing model and VLM. While instructions in gen-
eration and editing models are typically simple, real-world
user instructions are often irregular and logically complex.
A VLM pre-trained on large-scale corpora can better under-
stand these complex intentions, translating instructions into
a form the model can comprehend, significantly improving
performance in real-world scenarios. Furthermore, for these
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two new tasks, we have built the DreamOmni2 benchmark
using real image data. This allows for a more accurate as-
sessment of the model’s generalization and performance in
real-world scenarios. Our main contributions are fourfold:

* We propose two highly practical tasks: multimodal
instruction-based editing and generation guided by any
concrete or abstract concept. Introducing these two
tasks makes current unified generation and editing models
smarter and more versatile creative tools.

* We propose a three-stage data pipeline to create a high-
quality, comprehensive multimodal instruction-based
editing and generation dataset.

* We present the DreamOmni2 framework, which employs
index encoding and position encoding shifts for multi-
reference image inputs, along with joint training of the
generation/editing model and VLM to enhance instruc-
tion understanding.

» For these two new tasks, we propose a DreamOmni2
benchmark built from real image data, with experiments
showing its effectiveness in real-world scenarios.

2. Related Work

Instruction-based Editing refers to modifying an image
based on a user’s language instruction [5, 6, 6, 7, 22, 30].
The main challenge of this task lies in the creation of
high-quality and accurate editing datasets. As a pioneer-
ing work, InstructP2P [2] introduced an instruction-based
image editing dataset by fine-tuning GPT-3 and Prompt-to-
Prompt [12] with SD 1.5 [20]. Since then, many other ap-
proaches [9, 26, 32, 36] for creating datasets have emerged,
such as employing people to create data, using inpainting
methods, collage-based methods, and using different expert
models. Recently, DreamVE [31] has unified instruction-
based image and video editing. However, language-based
editing is limited, as many details in real-world scenarios
can’t be captured with words, requiring reference images
for better description. To this end, we propose multimodal
instruction-based editing, enabling guidance from concrete
objects or abstract attributes in reference images. This
makes unified image generation and editing models [1, 27]
more comprehensive and practical.

Subject-driven Generation has been extensively stud-
ied. Methods like Dreambooth [21] and textual inver-
sion [8] fine-tune models on multiple images of the same
subject, enabling subject-driven generation. However,
this requires users to prepare several images and per-
form fine-tuning for each new subject, which is not user-
friendly. Later approaches like IP-adapter [34] and BLIP-
diffusion [14] used visual encoders to compress the sub-
ject of a reference image into a vector and inject it into a
diffusion model, enabling subject-driven generation with-
out fine-tuning. IC LoRA [13] and Ominicontrol [23] fur-
ther explored the inherent image reference capabilities of

DIT models [18]. Recently, unified generation and editing
models [1, 27, 32, 33] have adopted the simple approach
of encoding reference images as visual tokens, concatenat-
ing them with text and noise tokens, and feeding them into
the DIT model. However, prior methods focus mainly on
concrete objects, limiting their ability to capture broader
abstract concepts. In this paper, we propose multimodal
instruction-based generation, a task that enables referenc-
ing any concrete objects or abstract attributes in reference
images to generate new ones. This extends the scope of
subject-driven generation and enhances its practicality.

3. Methodology
3.1. Synthetic Data

Multimodal instruction-based editing and generation are
new tasks, with the main challenge being the lack of training
data. For multimodal instruction-based editing, the previous
data creation pipeline [2, 26] involves generating triplets of
instructions, source images, and target images. However,
this approach does not allow for creating data that incorpo-
rates reference images as a condition for editing. For mul-
timodal instruction-based generation, the previous subject-
generation data pipeline [4, 29] relies on segmentation de-
tection models to create reference images. This approach
makes it difficult to synthesize data for generating reference
abstract attributions or occluded concrete objects.

To address the training data problem for these two
tasks, we propose a comprehensive synthetic data pipeline.
Specifically, as illustrated in Fig. 2, our approach consists
of three stages. In the first stage, we introduce a feature
mixing scheme, where a dual-branch structure is employed
to simultaneously generate both the source image and the
target image as follows:

i GRET
Attng,, (Q, K,V) = softmax | —— | V, 1

where Q = [Q?ar; Q%ar]’ K = [Klgnar; Kttar; K;ch]’ and
V= [VYtZT; V;ﬁfzr; Vvs?'c] Q%ar’ Kttar’ and ‘/t];r are the text
features from the target branch, while Q7. ., K7.,., and V7 .
are the noise features from the target branch. K. and V..
are the noise features from the source branch at the same
layer as the K}, and V;2,.. [;] indicates token (or called
length) dimension concatenation.

Our feature mixing scheme leverages the model’s inher-
ent T2I capability to generate paired training data. The
pair prompts used for generating data are created by listing
all possible attribution keywords, and then synthesizing the
pair prompts using DouBao [3] based on these keywords.
Compared to the previous UNO [29] diptych generation
method, our feature mixing scheme has several clear advan-
tages: (1) The diptych method halves the image resolution
by forcing two images into one, while Feature Mixing gen-

erates in two branches without reducing resolution. (2) The
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Stage 1. Creation of Training Data for Extraction Model.
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Reference Image 1

Reference Image 2

Stage 3. Creation of Multimodal Instruction-based Generation Data.

Figure 2. The overview of DreamOmni2’s training data construction. (1) In stage 1, we use a feature mixing scheme to leverage the
base model’s T2I capabilities, creating high-quality data pairs with concrete objects and abstract attributes. (2) In stage 2, we generate
multimodal instruction-based editing data. Using stage 1 data, we train an extraction model to simulate objects or attributes in the target
image and generate a reference image based on instructions. Additionally, we use an instruction-based editing model to modify the
extracted objects or attributes in the target image to be different, creating the source image. This generates training pairs from reference
and source images to the target image. (3) In stage 3, we extract objects from stage 2’s source images to create new reference images,
forming training data for generating target images from reference images.

diptych approach often misplaces the dividing line, lead-
ing to content blending. Our method avoids this issue. (3)
Data generated by the feature mixing scheme is of higher
quality and accuracy than that from the diptych approach.
Then, we use the data to train extraction models. Our train-
ing data not only enhances the base model [1]’s ability to
extract concrete objects but also enables it to capture ab-
stract concepts, a capability it previously lacked. We use
the data generated in stage 1 to train the extraction model.
Specifically, we input the source image along with a simple
description of the target image (for the attribute or person to
be extracted, only indicating to refer to the source image).

The extraction model then learns to transfer a certain at-
tribute or appearance from the source image onto the target
image for extraction.

Afterward, as shown in Fig. 2 stage 2, we create multi-
modal instruction-based editing data. Specifically, we first
create target images, using both T2I model-generated data
and real images. For T2I-generated images, we randomly
select diverse element keywords (e.g., objects or attributes)
and use an LLM to compose a prompt, which the T2I model
then uses to generate the target image. For real images, we
directly use a VLM to extract keywords. T2I data is more
flexible, allowing any concept combination, while real im-
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(a) Multimodal Instruction-
based Editing Data Distribution

(b) Multimodal Instruction-based
Generation Data Distribution

Global Attribution

Y g

Local Attribution

(c) Example Images

Figure 3. Data distribution and samples for multimodal instruction-based editing and generation training data. Our dataset is comprehensive
and diverse, including the generation and editing of concrete objects as well as abstract attributions, such as local and global attributions.

ages reflect natural distributions. Thus, we combine both
types of data. Next, using the extraction model trained in
stage 1, we extract an object or attribution from the target
image based on a selected keyword to create a reference im-
age. We then apply instruction-based editing model [1] to
alter the selected keyword in the target image, obtaining the
source image. Finally, we use LLM to generate the editing
instructions, forming a training tuple of the source image,
instruction, reference image, and target image.

After that, as shown in Fig. 2 stage 3, we create multi-
modal instruction-based generation data. We use the extrac-
tion model to extract keywords from the source image in
stage 2, generating reference images. By combining these
with the reference images from stage 2, we can obtain train-
ing tuples consisting of multiple reference images, an in-
struction, and a target image.

Our created dataset is shown in Fig. 3. Our dataset in-
cludes both real and synthetic target data, covering a wide
range of object categories for generation and editing, in-
cluding various abstract attributions and concrete objects.
Additionally, we provide a comprehensive set of reference
images, with cases ranging from one to five references, en-
abling the model to handle a wide variety of tasks. We
created 116K multimodal instruction-based editing data and
93K generation data.

3.2. Framework and Training

The unified generation and editing base model [1] can
only process a single input image. To this end, we pro-
pose the DreamOmni2 framework (Fig. 4). In multimodal
instruction-based tasks, users typically reference images
as “image 17, “image 2” for convenience. However, in
DIT, positional encoding alone cannot accurately distin-
guish the index of reference images. Therefore, we solve
this by adding an index encoding to positional channels. Al-
though index encoding helps distinguish reference images,
we found that the position encoding still requires an offset
based on the size of the previously input reference images.

=
» Translated o
Editing > Editing Text 2
Instruction Instruction Encoder 2
Eocoding (x,y,0) g
Noisy Token ‘—»
Eocoding (x.y,1)
IMG1 g5
VAE IMG1 Token g MM-DIT Output
Eocoding (x+w1,y,2) Token @ Models
IMG2 VAE —>| IMG2 Token Concat —>| & ™
.................. g
‘ IMGn )—bl VAE }—5‘ IMGn Token ’—’
Eocoding (x+Wi+...+ Wy_1,y)
Position Encoding Shift Index Encoding

Figure 4. The framework of DreamOmni2. We introduces Posi-
tion Encoding Shift and Index Encoding scheme to resolve issues
of multi-reference image confusion and image identification. Ad-
ditionally, we incorporate VLM to help the model better under-
stand complex user instructions in real-world scenarios.

By adding this offset to the position encoding, we observed
a reduction in copy-and-paste artifacts and pixel confusion
between reference images.

Currently, training instructions for generation and edit-
ing models are usually well-structured with a fixed format.
However, real-world user instructions are often irregular or
logically inconsistent, creating a gap that can hinder the
model’s understanding and reduce performance. To address
this, we propose joint training of the VLM and generation
models, enabling the VLM to interpret complex user in-
structions and output them in the structured format used
in training, helping the editing and generation model better
understand user intent. For multimodal instruction-based
editing, the predefined output format combines user instruc-
tions with refined image descriptions, while for multimodal
instruction-based generation, the VLM directly outputs a re-
fined image description.

During training, we fine-tune Qwen2.5-VL [25] 7B to
learn the predefined standard output format, with a learning
rate of 1 x 1075, using approximately 10 A100 hours. We
then train the editing and generation models using LoRA on
Flux Kontext [1] to perform multimodal instruction-based
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Table 1. DreamOmni2 vs. related benchmarks.

Editing Target
Benchmarks Task Type Num Reference  Concrete Object ~ Abstract Attribution
DreamBooth [21] Generation Single v X
OmniContext [28] Generation Multiple v X
DreamOmni2 (Ours) | Generation & Editing Multiple v v

editing and generation with the predefined standard instruc-
tion format. For the specific predefined standard output
format example, please refer to the supplementary. No-
tably, by using LoRA for training, we can retain the original
instruction-editing capabilities of Kontext. As soon as a ref-
erence image is detected, our LoRA is activated, seamlessly
integrating multimodal instruction-based editing and gener-
ation into the unified model. Additionally, we train LoRA
for generation and editing separately, as the distinction be-
tween generation and editing lies in whether the consistency
of the source image is preserved. Since instructions often do
not clarify whether the user intends to edit or generate, sep-
arate training allows users to make their own choice. Both
DreamOmni?2 editing and generation LoRA are trained on a
batch size of 16 and a learning rate of 5 x 10~%, consuming
about 384 A100 hours.

3.3. Benchmark and Evaluation

Currently, no benchmark exists for multimodal instruction-
based editing and generation. As shown in Tab. 1, Dream-
Booth [21] only supports single-image generation. Al-
though OmniContext [28] includes some multi-reference
testing cases, it focuses solely on concrete object com-
binations and does not evaluate multimodal instruction-
based editing or the inclusion of abstract attributes. To ad-
dress this, we propose the DreamOmni2 benchmark to drive
progress in these areas. Our benchmark is comprehensive,
consisting of real images to accurately assess the model’s
performance in real-world scenarios. The test cases cover a
variety of categories, including the reference generation and
editing of abstract attributions (global and local) and con-
crete objects. More details about our DreamOmni2 bench-
mark can be found in the supplementary.

Traditional metrics, such as DINO [35], are inadequate
for evaluating the complex instruction editing and gener-
ation tasks in current scenarios [19]. Recent works like
Step1x-Edit [15] and Kontext [1] have used VLMs or hu-
man evaluation. Our multimodal instruction tasks are even
more complex, requiring evaluation based on VLMs. Thus,
we propose a systematic evaluation framework focusing on
three aspects: (1) whether the generated results accurately
follow the instructions, (2) consistency in human appear-
ance, objects, and abstract attributions, and 3 the absence of
significant visual distortions. Only if three criteria are met
do we consider the edit or generation successful, reflecting
real-world use. We apply the same criteria to human eval-
uation of DreamOmni2 and show that VLM-based results
closely match human evaluation. The system prompt for
VLM evaluation is in the supplementary materials.

Table 2. Quantitative comparison of multimodal instruction-based
editing. We use Gemini [10] and Doubao [3] to evaluate the suc-
cess editing ratio of different models on concrete objects and ab-
stract attributions, respectively. In addition, “Human” refers to
professional engineers assessing the editing success rates of all
models.

Abstract Attribution

Concrete Object
Geminit Doubao? Humant

Geminit Doubaot Humant

Method

GPT-40 [17] 0.6829 0.7805 0.5610 | 0.7195 0.7439 0.5793
Nano Banana [11] ‘ 0.6829 0.7073 0.5366 ‘ 0.6463 0.5488 0.3293
UNO [29] 0.0000 0.0244 0.0000 0.0061 0.0183 0.0000
DreamO [16] 0.0244 0.0732 0.0000 | 0.0183 0.0183 0.0000
Omnigen?2 [28] 0.2195 0.2927 0.2927 0.0427 0.0793 0.0305
Qwen-Image-Edit [27] 0.0976 0.1463 0.0244 | 0.0244 0.0183 0.0000
Kontext [1] 0.0488 0.1220 0.0976 0.0183 0.0122 0.0122
Qwen-Image-Edit-2509 [27] | 0.2683 0.2927 0.2195 0.0488 0.1159 0.0427
\

DreamOmni2 (Ours) ‘ 0.5854 0.6585 0.6098 0.5854 0.6280 0.6829

4. Experiments

Evaluation on Multimodal Instruction-based Image
Editing. As shown in Tab. 2, we compare several com-
petitive models that natively support multiple image inputs,
such as DreamO [16], Omnigen2 [28], and Qwen-Image-
Edit-2509 [27]. Although Kontext [1] and Qwen-Image-
Edit [27] do not natively support multiple image inputs, we
applied the method from Diffusers [24], which combines
multiple images into one input. We also compared closed-
source commercial models, such as Nano Banana [11] and
GPT-40 [17]. We tested editing examples with concrete ob-
jects and abstract attributions on DreamOmni2 benchmark.
The models were evaluated for success rates by Gemini
2.5 [10] and Doubao 1.6 [3], and several professional en-
gineers manually assessed the results. The evaluation cri-
teria can be found in Sec 3.3. For manual evaluation, we
assess each case with 5 evaluators, and the case is consid-
ered passed if more than 3 evaluators approve it. As shown
in Tab. 2, our DreamOmni2 achieved the best performance
in human evaluations. In VLM tests, DreamOmni2 signif-
icantly outperformed open-source models and achieved re-
sults close to those of commercial models. In fact, GPT-
40 and Nano Banana often introduced unintended changes
or inconsistencies in the edited attribution, which were not
aligned with the reference images. These issues are diffi-
cult for VLMs to detect accurately. Additionally, GPT-40
caused the edited images to appear yellowed.

Qualitative results are shown in Fig. 5, where we present
visualizations of editing cases involving various concrete
objects and abstract attributes. It is clear that DreamOmni2
produces more accurate edits with better consistency. This
further demonstrates the impressive performance of our ap-
proach in multimodal instruction-based editing.
Evaluation on Multimodal Instruction-based Image
Generation. As shown in Tab. 3, our method outperforms
the commercial model Nano Banana in both human eval-
uations and assessments by Doubao 1.6 and Gemini 2.5,
achieving results comparable to GPT-40. Compared to
open-source models like DreamO, Omnigen2, and Qwen-
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Cleanse in Style

Replace the facial cleansing brush in the first
image with the bag in the second image.
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condition as the second image.
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Nano Banana

Figure 5. Visual comparison of multimodal instruction-based editing. Compared to other competitive methods and even closed-source
commercial models (GPT-40 and Nano Banana), DreamOmni2 shows more accurate editing results and better consistency.

Edit-2509, which focus primarily on generating images
with multiple concrete objects, DreamOmni?2 still signifi-
cantly outperforms them in both generation accuracy and
object consistency, even within their specialized domains.
This further underscores the effectiveness of DreamOmni2
in multimodal instruction-based generation.

Quantitative results, as shown in Fig. 6, indicate that
open-source models struggle with generating abstract at-
tributes. Even in generating concrete objects, which these
models are specifically optimized for, DreamOmni2 outper-
forms them in both instruction adherence and object con-
sistency. Furthermore, DreamOmni2 even outperforms the
commercial model Nano Banana.

Joint Training. As shown in Tab. 4, we validate the im-
pact of joint training of generation or editing and VLM.
Scheme 1 represents the base model, Kontext. In Scheme
2, we train the generation and editing models with basic in-
structions without introducing VLM. In Scheme 3, we train
the VLM with standard descriptive instructions and input
the VLM-generated descriptions into Kontext. In Scheme
4, we perform joint training of the VLM and our genera-

Table 3. Quantitative comparison of multimodal instruction-based
generation. We use Gemini [10] and Doubao [3] to evaluate the
success editing ratio on concrete objects and abstract attributions,
respectively. In addition, “Human” refers to professional engi-
neers assessing the editing success rates of all models.

Concrete Object Abstract Attribution

Method ‘ Geminit Doubao? Human{ | Geminit Doubao? Humanf

GPT-40 [17] 0.6250 0.6250 0.5610 0.6889 0.6333 0.5793

Nano Banana [11] ‘ 0.5000 0.5417 0.5366 ‘ 0.5556 0.5111 0.3293
UNO [29] 0.0000 0.0000 0.0000 0.0333 0.0556 0.0000
DreamO [16] 0.0417 0.0833 0.0000 0.0667 0.0222 0.0000
Omnigen2 [28] 0.2083 0.2500 0.2927 0.1000 0.0778 0.0305
Qwen-Image-Edit [27] 0.0417 0.1250 0.0244 0.0889 0.1000 0.0000
Kontext [1] 0.2500 0.3750 0.0976 0.0556 0.1222 0.0122
Qwen-Image-Edit-2509 [27] | 0.1250 0.2917 0.2195 0.1111 0.1556 0.0427

DreamOmni2 (Ours) ‘ 0.5833 0.6667 0.6098 ‘ 0.5778 0.6333 0.6829

Table 4. Joint training for generation or editing models and VLM.

Method Generation or Editing VLM c Editir[;gb c Generakign
etho inii Training | Concrete stract oncrete stract
Model Training TANNE | MObject  Attribution  Object  Attribution
Scheme 1 X X 0.1220 0.0122 0.3750 0.1222
Scheme 2 v X 0.3659 0.3171 0.4583 0.3444
Scheme 3 X v 0.2439 0.3415 0.5417 0.4778
Scehme 4 (Ours) v v 0.6585 0.6280 0.6667 0.6333

tion or editing model on our data. Comparing Scheme 2
with Scheme 1, we see that our data significantly enhances
the model’s ability to handle multimodal instruction-based
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Figure 6. Visual comparison of multimodal instruction-based generation. Our DreamOmni?2 significantly outperforms current open-source
models and achieves generation results comparable to closed-source commercial models (GPT-4 and Nano Banana).

editing and generation. Comparing Scheme 3 with Scheme
4, we observe that introducing VLM helps the generation
and editing models better understand real-world user com-
plex instructions, improving performance. Moreover, our
joint training scheme in Scheme 4 outperforms Scheme 2
and Scheme 3, demonstrating its effectiveness.

Index and Position Encoding. As shown in Tab. 5, we
compare different encoding schemes to help the model
adapt to multiple image inputs. Comparing Scheme 3 and
Scheme 1, we find that adding index encoding enables the
model to understand which image corresponds to references
like “Image 1,” "Image 2,” and “Image 3” in user instruc-
tions, resulting in more accurate generation and editing.
Additionally, when comparing Scheme 3 and Scheme 4, we
observe that with the inclusion of index encoding, multi-
ple images require position encoding shifts instead of using
the same position encoding. This adjustment prevents the
copy-and-paste effect and improves the model’s editing and
generation performance. Therefore, in DreamOmni2, we
incorporate index encoding along with position encoding
shifts for multiple reference images.

S. Conclusion

Current instruction-based editing relies on language, but it
often struggles to clearly describe desired edits. Therefore,
reference images are needed to guide the process. Addi-
tionally, subject-driven generation models typically focus

Table 5. Different encoding schemes for multiple image inputs.

iti Editin; Generation
Method E:zg;;:lg Encl:;asil,:'goghm Concrete Agbslract Concrete  Abstract
Object  Attribution  Object  Attribution
Scehme 1 X X 0.2439 0.2805 0.2917 0.2222
Scehme 2 X v 0.4634 0.5427 0.5417 0.5111
Scehme 3 v X 0.3415 0.3902 0.4167 0.4556
Scheme 4 (Ours) v v 0.6585 0.6280 0.6667 0.6333

on concrete objects and cannot generate images based on
abstract concepts. To this end, we propose two new tasks:
multimodal instruction-based editing and generation, where
references include both concrete objects and abstract attri-
butions. These tasks face two main challenges: training data
and the framework supporting multi-image input. For train-
ing data, we introduce a three-stage data synthesis pipeline.
In stage 1, we use a feature mixing approach to create data
for an extraction model, which can generate images with the
same elements (objects or attributes) as the given image. In
stage 2, we use the extraction and instruction-based editing
models to create multimodal instruction-based editing data.
In stage 3, we apply the extraction model to stage 2 data to
generate multimodal instruction-based generation data. For
the framework, we design an index encoding and position
encoding shift scheme to help the model distinguish mul-
tiple images and avoid the copy-and-paste effect. We also
propose a joint training scheme for the generation/editing
model and the VLM, improving the model’s ability to un-
derstand complex real-world instructions. Extensive exper-
iments show the impressive performance of DreamOmni?2.
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