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This dissertation studies how to build a unified multimodal model that supports visual perception,
multimodal reasoning, and visual generation. We present a sequence of models that progressively
expand the frontier of unified multimodal learning, grounded in new architectures, training recipes,
and open-source datasets.

Firstly, we introduce Florence-VL for visual perception, a multimodal family built on Florence-
2’s generative vision encoder. Unlike conventional vision encoder models CLIP, Florence-2 provides
rich, multi-level visual features. We fuse these features via a novel depth-breadth fusion architecture
and train in two stages: end-to-end pretraining followed by instruction tuning. Florence-VL’s enriched
embeddings yield state-of-the-art results across VQA, OCR, chart understanding, and knowledge-
intensive benchmarks, and all code and weights are open-sourced.

Next, we introduce BLIP3-o0, a unified foundation model for both image understanding and
image generation. Unifying image understanding and generation has gained growing attention in re-

cent research on multimodal models. Although design choices for image understanding have been



extensively studied, the optimal model architecture and training recipe for a unified framework with
image generation remain underexplored. Motivated by the strong potential of autoregressive and dif-
fusion models for high-quality generation and scalability, we conduct a comprehensive study of their
use in unified multimodal settings, with emphasis on image representations, modeling objectives, and
training strategies. Grounded in these investigations, we introduce a novel approach that employs a
diffusion transformer to generate semantically rich CLIP image features, in contrast to conventional
VAE-based representations. This design yields both higher training efficiency and improved generative
quality. Furthermore, we demonstrate that a sequential pretraining strategy for unified models—first
training on image understanding and subsequently on image generation—offers practical advantages
by preserving image understanding capability while developing strong image generation ability. Fi-
nally, we carefully curate a high-quality instruction-tuning dataset BLIP30-60k for image generation
by prompting GPT-Image with a diverse set of captions covering various scenes, objects, human ges-
tures, and more. Building on our innovative model design, training recipe, and datasets, we develop
BLIP3-o0, a suite of state-of-the-art unified multimodal models. BLIP3-0 achieves superior perfor-
mance across most of the popular benchmarks spanning both image understanding and generation
tasks. To facilitate future research, we fully open-source our models, including code, model weights,
training scripts, and pretraining and instruction tuning datasets.

Lastly, we present BLIP30-NEXT, a fully open-source foundation model in the BLIP3 series that
advances the next frontier of native image generation. BLIP30o-NEXT unifies text-to-image generation
and image editing within a single architecture, demonstrating strong image generation and image edit-
ing capabilities. In developing the state-of-the-art native image generation model, we identify four key
insights: (1) Most architectural choices yield comparable performance; an architecture can be deemed

effective provided it scales efficiently and supports fast inference; (2) The successful application of



reinforcement learning can further push the frontier of native image generation; (3) Image editing still
remains a challenging task, yet instruction following and the consistency between generated and refer-
ence images can be significantly enhanced through post-training and data engine; (4) Data quality and
scale continue to be decisive factors that determine the upper bound of model performance. Building
upon these insights, BLIP30-NEXT leverages an Autoregressive + Diffusion architecture in which an
autoregressive model first generates discrete image tokens conditioned on multimodal inputs, whose
hidden states are then used as conditioning signals for a diffusion model to generate high-fidelity im-
ages. This architecture integrates the reasoning strength and instruction following of autoregressive
models with the fine-detail rendering ability of diffusion models, achieving a new level of coherence
and realism. Extensive evaluations of various text-to-image and image-editing benchmarks show that
BLIP30-NEXT achieves superior performance over existing models.

Overall, this dissertation contributes architectures, training strategies, and open-source resources
that move toward a unified multimodal model family capable of visual perception, generation, and

reasoning.
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Chapter 1: Introduction

1.1 Problem Formulation

Modern multimodal foundation models are expected to do more than recognize visual content:
they can perceive visual signals, reason over multimodal inputs, and generate or edit visual content
in a controllable way. This dissertation studies how to build a unified multimodal model that supports
visual perception, multimodal reasoning, and visual generation, and presents a sequence of models
that progressively expand the frontier of unified multimodal learning, grounded in new architectures,
training recipes, and open-source datasets.

We formalize the unified multimodal learning goal as developing a model family that can: (1)
transfer image + text context into representations sufficient for accurate and faithful multimodal rea-
soning, and (2) map multimodal inputs into high-quality images (and edited images), while preserving
core image understanding capability. We pursue this goal via architectures and training strategies that
strengthen perceptual representations, unify understanding and generation in a coherent framework,

and leverage post-training (including reinforcement learning) to push generation and editing quality.

1.2 Research Questions

This dissertation is guided by the following research questions:



1.3

. Feature extraction and fusion: Can a single vision foundation model generate diverse, task-

relevant perceptual features, and how should we fuse and align them with language-model token

spaces?

Perceptual representation: How can we design visual representations that preserve both global

semantics and fine-grained details while remaining efficient for training and inference?

. Unified generation design: In unified multimodal models, what architecture and image repre-

sentation lead to scalable high-quality image generation ? In particular, when should we model

low-level latents (e.g., VAE) versus higher-level semantic features (e.g., CLIP features)?

Training strategy: How should we train unified models so that image generation ability im-

proves without degrading image understanding capability?

. Post-training for image generation/editing: How far can post-training (e.g., instruction tuning

and reinforcement learning) push image generation and image editing, and what are the key

bottlenecks?

Thesis Roadmap

This dissertation answers the research questions through three stages of model development:

Stage 1: Florence-VL (Visual Perception). Built on the generative vision encoder of Florence-
2, this model addresses RQ1 (feature extraction and fusion) and RQ2 (perceptual representa-
tion). We investigate if a single vision model can generate diverse task-specific features and

how to align these with language-model token spaces. Stronger perception is a prerequisite for



robust multimodal reasoning.Multi-level visual features and the Depth-Breadth Fusion (DBFu-

sion) strategy preserve fine-grained details required for OCR and grounding.

Stage 2: BLIP3-0 (Unified Multimodal Architecture). Addressing RQ3 (unified generation
design) and RQ4 (training strategy), BLIP3-0 unifies image understanding and generation in a
coherent framework. We conduct a systematic exploration of architecture and representation,
comparing VAE latents against high-level semantic CLIP features and joint versus sequential
training. CLIP image features offer more compact and informative representations, resulting
in higher training efficiency. Furthermore, a sequential pretraining strateg (understanding first,
then generation) preserves image understanding capability while developing strong generation

ability.

Stage 3: BLIP30o-NEXT (Native Image Generation & Editing). This stage targets RQS (post-
training for generation/editing) to advance the frontier of native image synthesis and editing. We
examine how far post-training, including instruction tuning and Reinforcement Learning (RL),
can push the quality and consistency of image generation and editing. Reinforcement learning
(specifically GRPO) and high-quality data engines significantly push the frontiers of instruction
following and text rendering. While most architectural choices yield comparable results if they

scale efficiently, data quality remains a decisive factor for performance.

Differences and Connections: three stages form a progressive hierarchy where Florence-VL

provides the foundational perception required for reasoning. BLIP3-o establishes a stable unified

bridge using compatible semantic representations. Finally, BLIP3o-NEXT refines this unification with

advanced post training to achieve high-fidelity synthesis and controllable editing. While Florence-VL

focuses on feature fusion, BLIP3-o focuses on training recipes, and BLIP30o-NEXT focuses on quality

3



driven posttraining.
Overall, this dissertation contributes architectures, training strategies, and open-source resources
that move toward a unified multimodal model family capable of visual perception, reasoning, and

generation.



Chapter 2: Florence-VL: Enhancing Vision-Language Models with Generative Vi-

sion Encoder and Depth-Breadth Fusion

2.1 Introduction

Recent progress in multimodal large language models (MLLMs) are largely driven by progress
in large language models [2,3]]. However, when it comes to visual encoders, transformer-based models
like CLIP or SigLIP remain the most commonly used choices. Despite CLIP and SigLIP’s effective-
ness, they come with limitations; for instance, their last-layer features usually provide an image-level
semantic representation that captures the overall scene and context, but often overlook pixel or region-
level details and low-level features that are critical to various downstream tasks. There is a much
broader range of visual representation, such as the self-supervised DINOv2 model [4], diffusion model
[S] and segmentation [6], [/] shows these different visual encoders can benefit well in some specific

tasks.

In order to leverage distinctive representations of multiple vision encoders, some recent works
such as [7, 8] adopt a mixture of vision encoders that specialize in different feature aspects or skills.
However, integrating multiple vision encoders increases the computational expense for both model
training and deployment. Could a single vision model be designed to generate distinct visual fea-
tures, each emphasizing different perceptual information in the input image? In this paper, we propose
Florence-VL, which leverages the generative vision foundation model Florence-2 [9] as the vision
encoder. Florence-2 offers a prompt-based representation for various computer vision tasks, includ-
ing captioning, object detection, grounding, and OCR. Its versatile visual representations can benefit

different types of downstream tasks. For instance, OCR-based representations are advantageous for
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Figure 2.1: Comparison of LLaVA-style MLLMs with our Florence-VL. LLaVA-style
models use CLIP, pretrained with contrastive learning, to generate a single high-level
image feature. In contrast, Florence-VL leverages Florence-2, pretrained with genera-
tive modeling across various vision tasks such as image captioning, OCR, and grounding.
This enables Florence-VL to flexibly extract multiple task-specific image features using
Florence-2 as the image encoder.
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tasks that require extracting textual information from images, and grounding-based representation can
benefit for tasks that require the relationships between objects and their spatial contexts. However,
to build a better MLLM, how to extract these diverse features and align them with a pretrained LLM
remains underexplored.

To address this, we propose Depth-Breadth Fusion (DBFusion) to effectively selecting and uti-
lizing diverse visual features. Visual features from different layers capture various levels of concepts,
with the final layers typically representing higher-level concepts. Integrating lower-level features can
therefore complement these high-level representations, which we refer to as the “Depth” of visual
features. Additionally, since different downstream tasks need different perceptual information within
images, a single image feature often falls short in capturing all relevant information. Thus, we lever-
age multiple image features, with each feature capturing different visual representations. We refer
to this as the “Breadth” of visual features. For utilizing these diverse visual features, we find that a

straightforward channel concatenation serves as a simple yet effective fusion strategy. Specifically,



we concatenate multiple features along the channel dimension, and these combined features, spanning
various depths and breadths, are then projected as input embedding to LLMs.

We train Florence-VL on a novel recipe of open-sourced training data, which is composed of
a large-scale detailed captioning dataset and a mix of instruction tuning datasets for whole-model
pretraining and partial-model finetuning, respectively.

The resulted Florence-VL achieves significant advantages on 25 benchmarks covering vision-
centric, knowledge-based, and OCR & Chart tasks, outperforming other advanced MLLMs like Cam-
brian [7]]. Moreover, we provide quantitative analysis and visualization demonstrating that Florence-
VL ’s visual representation achieves better alignment to LLMs than the widely adopted vision encoders

such as CLIP and SigLIP [2].

2.2 Preliminary: Florence-2

Florence-2 [9] is a vision foundation model that utilizes a unified, prompt-based approach to
handle various vision tasks with simple instructions, such as captioning, object detection, ground-
ing, and segmentation. The architecture consists of a vision encoder DaViT [10] and a standard
encoder-decoder model. It processes an input image I € R¥*W>*3 (where H and W indicate height
and width, respectively) into flattened visual token embeddings. The model then applies a standard
encoder-decoder transformer architecture to process both visual and language token embeddings. It
first generates prompt text embeddings T € RM*P using the language tokenizer and word embedding
layer, with N; and D representing the number and dimensionality of prompt tokens, respectively. The
vision token embeddings are then concatenated with the prompt embeddings to create the input for

the multi-modality encoder module, X = [V, T], where V € R™*P is produced by applying a linear
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Figure 2.3: Visualization of the first three PCA components: we apply PCA to image
features generated from Detailed Caption, OCR, and Grounding prompts, excluding the
background by setting a threshold on the first PCA component. The image features de-
rived from the Detailed Caption prompt (second column) capture the general context of
the image, those from the OCR prompt (third column) focus primarily on text informa-
tion, and those from the Grounding prompt (fourth column) highlight spatial relationships
between objects. Additionally, we visualize the final layer features from OpenAl CLIP
(VIT-L/14@336) in the last column, showing that CLIP features often miss certain region-
level details, such as text information in many cases.



projection and LayerNorm layer to visual embedding from DaViT, with N, and D representing the
number and dimensionality of vision tokens, respectively. The linear projection and LayerNorm layer
are used to ensure dimensionality alignment with T. Encoder-decoder model will process the X and

generate the desirable results, such as captions, object detections, grounding in textual form.

2.3  Method

2.3.1 Using Florence-2 as Vision Backbone

To address the limitations of existing vision backbones in MLLMs, specifically, last layer fea-
tures typically yield an image-level representation that captures overall scene and context but often
misses pixel- or region-level details, we utilize the vision foundation model Florence-2 as our visual
encoder for extracting visual features. Unlike the CLIP pre-trained vision transformers that provide
a single, universal image feature, Florence-2 can identify spatial details at different scales, by using
different tasks prompts.

In MLLMs, effective image understanding requires capturing multiple levels of granularity, from
global semantics to local details, and understanding spatial relationships between objects and entities
within their semantic context. Florence-2, with its capability to manage diverse granularity levels, is an
ideal vision encoder to address these core aspects of image comprehension. In the following section,

we explore how to leverage Florence-2’s strengths in integrating it into MLLMs.

2.3.2  Visual Features spanning Depth and Breadth

Breadth: since different downstream tasks require varying perceptual information from images, we

consider expanding the breadth of visual representation. Given an input image I € R?*W>3 and a

10
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Table 2.1: Experiments for different fusion strategies. The vision token count is 1728
for token integration, which leads to longer training and inference times. The channel
integration strategy shows better performance and training efficiency compared to the other
two fusion methods.

task-specific prompt, such as ’provide the text shown in the image”, Florence-2 will process the image
feature and prompt feature into X = [V, T] and then feed into the encoder-decoder transformer archi-
tecture. The encoder employs an attention mechanism to process X, producing an output X’ = [V/, T'].
Due to the cross-attention between V and T, the updated image feature V' becomes more focused on
the prompt “’provide the text shown in the image”, specifically extracting more text information from
the image.

We focus on three distinct tasks that contribute to image understanding, resulting in three differ-

ent image embeddings [V} , V]

tz,Vg], each tailored to a specific task:

* Detailed Image Caption: describe what is shown in the image with a paragraph. It enables the
model to give a overall context of an image.
* OCR: provide the text shown in the image. It extracts more text information from the image.
* Dense Region Caption: locate the objects in the image, with their descriptions. It captures the
spatial relationships between objects.
We visualize the image features with different task prompts, applying PCA to the visual em-
beddings and setting a threshold for the visualization. As illustrated in Figure [2.3] different image

11



embeddings emphasize distinct conceptual information within the images. Additionally, we also vi-
sualize the final layer image features from OpenAl CLIP in Figure which often lacks certain

region-level details in most cases.

Depth: we also integrate lower-level features using V from DaViT, combined with higher-level fea-

tures [Vy,, V;

t27V;3] derived from the three prompts, allows us to capture multiple levels of conceptual

detail.

2.3.3 Depth-Breadth Fusion

Since we have image feature with different level of granularity, feature fusion is commonly used.

When dealing with multiple feature embeddings, such as [V, V; ,V; ,

V], the next question becomes
how to fuse these features and align them with the language model space. To take advantage of all

these four features, several approaches can be considered for this fusion process:

* Token Integration: This approach involves concatenating all features along the token dimen-

sion. However, this can make the visual token excessively long and complicate model training.

* Average Pooling: Alternatively, average pooling over all features can be used, but this method

may result in information loss.

* Channel Integration: A more effective method is to concatenate features along the channel

dimension, which does not increase the sequence length.

To quickly assess which feature fusion method provides the best overall performance, we use
datasets from LLaVA-1.5 [2], which include 558K image captions for pre-training and 665K entries

for instruction tuning. In the Table the channel integration strategy shows better performance and
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training efficiency compared to the other two fusion methods. Thus we choose channel integration

simple yet effective fusion strategy.

2.3.4 Florence-VL

As shown in Figure 2.2] Florence-VL is composed of the vision foundation model Florence-2
and the large language model. After extracting multiple image features, we use MLP to project these
features into the language model space. During the pretraining stage, we align Florence-2 with the
language model using image detailed caption data. In the instruction tuning stage, we use diverse and

high-quality instruction-tuning dataset to effectively adapt the model to downstream tasks.

2.4 Analysis on Different Vision Encoders

To demonstrate that Florence-2 is a superior vision encoder compared to others, we quantify the
cross-modal alignment quality between various vision encoders and language models, allowing us to
assess the impact of different vision encoders without requiring subsequent supervised fine-tuning and
evaluations on benchmarks [[11} [12]. Specifically, consider a pretrained MLLM .# = (¥,.¢) where
¥ is the vision encoder and .Z represents the language model, we input a set of image-text pairs,
(V,T) = ({va}_,, {ta}""_,), into the model. For the n'" image-text pair, the vision encoder produces
vision representations [ € R*4’ and the text representations f € R**? from last layer of the
language decoder, where r, and s, are the number of tokens in the vision and text representations,
and d’ and d are the hidden state dimensions for the vision and text tokens. We apply the trainable
projection & to f" to ensure dimensionality alignment with f™, that is Z2(f*) € R"*¢. We also

apply average pooling along token dimension and normalize along the hidden dimension for both
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P (f*) and f™. For all image-text pairs, we concatenate all vision features along the first dimension
to form a matrix F"» € R¥*? and similarly concatenate all text features into a matrix F» € RV,
Since we need to measure the modality gap between vision tokens and text tokens, we compute the
divergence between these two token representations. Specifically, we optimize the trainable projection
&, which is used to bring these two representations closer together by minimizing a cross-entropy
loss function:

72— Z,ﬂn(i’j) log (softmaX(FV” X (Ft")T)i,j)
]

, where .#, is the target (indicator) matrix. The multiplication of F'» with the transpose of F'» cal-
culates the correlation between vision and text token representations. In short, the loss function is
designed to minimize the distance between vision tokens and their corresponding text tokens by max-
imizing the likelihood that each vision token aligns correctly with its associated text token.

We use a set of image-text pairs (V,T) = ({v,}\_,,{t.}_,) from the LLaVA 1.5 pretraining
image captioning datasets and select various vision encoders to assess how well we can optimize the
alignment between the vision encoder and the language model. The vision encoders we evaluate in-
clude: Stable Diffusion [13], Dinov2 [4] (ViT-G/14, ViT-L/14, ViT-B/14), SigL.IP, OpenAl CLIP, and
our Florence-2 model. The chosen language model is Llama 3 8B Instruct. We plot the alignment loss
in Figure [2.4] which clearly shows that Florence-2 vision encoder achieves the lowest alignment loss
compared to the other vision encoders, demonstrating the best alignment with text embeddings. Ad-
ditionally, SigL.LIP demonstrates competitive results, as noted in [7]], which highlights SigLLIP’s strong

benchmark performance relative to other vision encoders, aligning with the findings of our study.
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Figure 2.4: We plot the alignment loss for different vision encoders, which clearly shows
that Florence-2 vision encoder achieves the lowest alignment loss compared to the other
vision encoders, demonstrating the best alignment with text embeddings.
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Figure 2.5: We plot the alignment loss for various feature combinations, removing one
feature at a time from different depths and breadths. The results clearly show that our
method achieves the lowest alignment loss compared to others, highlighting the importance
of all features from different depths and breadths for optimal alignment.
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Vila 8B - 80.9 61.7 723 662 587 844 383 1577.0 - 71.4 - - -
Mini-Gemini-HD 8B 2880 - 64.5 7217 - - - - 1606.0 - 73.2 - - -
Cambrain 8B 576 - 64.6 759 679 - 87.4 48.0 1547.1 - 747 487 71.0 50.0
Florence-VL 8B (ours) 576 | 84.7 644 76.2 69.5 59.1 899 56.3 1560.0 381.1 749 573 742 50.0
(a) Results on general multimodal benchmarks.
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Vila 3B - 533 552 - - 30.6 34.1 67.9 | 58.1 - - - -
Phi 3.5 Vision - 53,5 693 67.7 | 774 - 433 89.0 | 61.1 59.8 72.0 759 40.7
Florence-VL 3B (ours) 576 604 702 647 738 522 41.8 846 |69.1 63.0 70.7 82.1 51.3
LLaVA next 8B 2880 59.6 638 38.7|71.6 374 40.1 733|654 552 69.3 782 -
Vila 8B - - - - - - 369 799 - - - - -
Mini-Gemini-HD 8B 2880 62.1 62.6 187|735 37.0 37.3 751|702 477 59.1 74.6 -
Cambrian 8B 576 64.2 722 513|73.0 49.0 427 804 |71.7 624 733 778 -
Florence-VL 8B (ours) 576 642 734 733 742 55,5 437 859 | 742 634 747 849 51.7

(b) Results on Vision centric, Knowledge based, and OCR & Chart benchmarks.

Table 2.2: Results on general multimodal benchmarks, Vision centric, Knowledge based,
and OCR & Chart benchmarks.

2.5 Experiments

Implementation Details:

in order to build a state-of-the-art MLLM, we use images from CC12M

[14]], Redcaps [[15)], and Commonpool [16] during the pretraining stage, with detailed captions sourced

from PixelProse [17)]. For the instruction tuning stage, we also curate our high quality instruction

tuning datasets, sourcing from Cambrian-7M [7], Vision Flan [18], ShareGPT4V [19], along with

additional data from Docmatix [20] to improve chart and diagram comprehension [21]. The detail of
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training datasets and experiment details can be found in the appendix.

Evaluation: we evaluate the performance of different MLLM models on 25 benchmarks with four

different categories:

General multimodal benchmarks: VQAv2 [22], GQA [23], MMBench (EN and CN) [24],
VisWiz 23], POPE [26], MM-Vet [27], MME Perception [28], MME Cognition [28], Seed-

Bench [29], HallusionBench, LLaVA in the Wild [2]] and MMStar [30].

OCR & Chart benchmark: TextVQA [31], OCRBench [32], ChartQA [33]], DocVQA [34] and

InforVQA [33]].

Knowledge based benchmark: AI2D [36], MathVista [37], MMMU [38]] and ScienceQA [39].

 Vision Centric benchmark: MMVP [40], RealworldQA [41]] and CV-Bench [7]].

Baselines: we select two language backbones: Phi-3.5-mini-Instruct and LLama-3-8B-Instruct. For
baseline comparisons among small models, we chose Vila 1.5 3B [42] and Phi 3.5-Vision-Instruct [43].
For the larger models, we select the baselines: LLaVA Next 8B [44]], Vila 8B [42], Mini-Gemini-HD

8B [45] and Cambrain 8B [7], using LLama 3 8B Instruct as the language backbone.

Results: in the Table[2.2] we present the results of Florence-VL compared to various baselines across
a range of benchmarks, along with the number of visual tokens used. For the smaller-sized model,
our model outperforms Vila 3B, and surpasses Phi 3.5 Vision on 12 out of 24 tasks. Notably, Phi
3.5 Vision utilizes 500 billion vision and text tokens [43], with its training data being proprietary
and significantly larger than ours. Nonetheless, our Florence-VL 3B remains competitive with this

model. For the larger-sized model, our model shows a significant improvement over other baselines on
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LLaVA 1.5 3B Phi 3.5 61.4 694 60.6 384 862 354 13995 284.6 445 68.0 40.6
Florence-VL 3B Phi 3.5 627 68.7 61.7 42.6 89.9 354 14485 299.6 455 649 40.8

LLaVA1.57B Vicunal5 | 62.0 64.8 57.6 50.0 859 30.6 1510.7 2940 448 64.2 303
Florence-VL 7B Vicuna 1.5 | 62.7 66.1 558 54.5 894 352 1543.5 3164 468 65.0 36.8

LLaVA 1.5 8B Llama3 | 62.8 71.4 655 493 84.8 342 15394 2925 457 71.0 38.5
Florence-VL 8B  Llama3 | 63.8 71.1 658 54.0 884 364 1584.1 3468 468 662 39.1

(a) Results on general multimodal benchmarks.
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LLaVA 1.5 3B Phi 3.5 544 20 | 633 30.6 40.7 72.0 | 43.7 304 164 28.1 264
Florence-VL 3B Phi 3.5 584 6.0 | 649 30.6 396 68.7|61.6 403 21.8 46.1 29.6
LLaVA1.57B Vicunal5 | 548 6.0 | 54.8 26.7 353 66.8 | 582 314 182 28.1 258
Florence-VL 7B Vicuna 1.5 | 60.4 12.3 | 57.2 28.0 35.6 66.5 | 62.8 414 243 445 294
LLaVA 1.5 8B Llama3 | 557 7.3 | 602 293 394 765|454 346 154 28.6 264
Florence-VL 8B  Llama3 | 59.9 83 | 624 31.8 399 73.6|68.0 41.1 234 444 29.0

(b) Results on Vision centric, Knowledge based, and OCR & Chart benchmarks.

Table 2.3: We compare LLaVA 1.5 with our model (Florence-VL 3B/7B/8B) across multi-
ple multimodal benchmarks. The key difference between them lies in the vision encoders
used (CLIP for LLaVA vs. Florence-2 for our model), while we maintain the same training
data and backbone LLMs for both. The results show that our models significantly outper-
form LLaVA 1.5 with the same training data.

most benchmarks. Notably, our model significantly outperforms Cambrain-8B, which utilizes multiple
vision encoders and combines their image features, whereas we achieve superior results using only a

single vision encoder.
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2.6 Discussion

Results using LLaVA 1.5 Data: since we curate our training data when building our MLLMs, we
disentangle the effects of training data and model architecture to clearly demonstrate our method’s
effectiveness. Specifically, to highlight the advantages of our model architecture, we use the exact
same pretraining and instruction dataset as LLaVA 1.5 [2]. We test different language backbones,
including Phi-3.5-mini-Instruct, Vicuna 1.5 7B, and LLama-3-8B-Instruct. As shown in Tables @,
our model design significantly outperforms the LLaVA architectures when trained on the same dataset.
Notably, for OCR & Chart tasks, Florence-VL significantly outperforms LLaVA 1.5, demonstrating

that OCR image features are essential for effective text-based image understanding.

Study on Depth Features Impacts: we aim to examine the impact of image features from different

depths. For the feature set [V, V;,V;

1> Vi,], we first remove all higher-level features [V, V7, Vi ]
and retain only the lower-level feature [V]. We then evaluate the performance across different bench-
marks, and as shown in Table using only the lower-level feature [V] performs worse than our
complete method. Next, we remove the lower-level feature [V] and keep only the higher-level fea-

tures [V, ,V,

1 Tty

Vg]. The alignment loss, displayed in Figure clearly indicates that excluding the
lower-level features (i.e., removing DaViT features) results in a higher alignment loss compared to our
method. Therefore, both ablation studies confirm that features from different depths are essential for

achieving optimal performance.

Study on Breadth Features Impacts: in Table[2.5] we analyze the impact of each feature from different

breadths by individually removing one feature at a time from [V} , V]

,2,V§3]. For instance, to assess the

effect of the caption feature, we retain only the OCR and grounding features. The results in Table [2.5]
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MMBench (EN)
Seed-image
HallusionBench
LLaVA-bench
MathVista
MMMU
OCRBench
ChartQA
DocVQA
InfoVQA

POPE
MM-Vet
MME-P
AI2D

Features used

[V] 643 86.1 31.1 1510.7 66.0 44.8 642 547 267 352 312 183 279 25.7
[V,Vi, V., V.] | 66.1 894 352 1543.5 70.3 46.8 65.0 57.2 28.0 356 414 243 445 294

X

Table 2.4: The comparison between keeping only the lower-level feature [V] and our
method, which includes both lower- and higher-level features, clearly demonstrates that
maintaining both types of features achieves better performance.

- - .
g & 2 5
~ ~ ) =
= = ) 22} )

2 2 5 = v E 5 2 5y

2 2 & o 2 3§ 2 £ g2 £ 2|82

S $ 5 2 5 3z 5 5 3 2 % 2 %

> = = 5 & = = = »w T 3 = | <

Florence-VL 7B 627 66.1 558 545 894 352 15435 3164 703 468 650 36.8 | 58.3

Remove Caption Feature V; | 622 649 56.1 535 893 31.8 1477.8 3543 69.0 449 652 36.0|57.6
Remove OCR Feature Vj, 62.0 656 554 56.0 888 302 15063 3454 67.6 454 62.6 352|573
Remove Grounding Feature Vi, | 63.0 66.6 56.8 56.5 88.8 329 14948 3389 70.8 447 65.1 362|582

Table 2.5: Ablation study was conducted by removing one high level image feature at
a time, demonstrating that all high-level features are essential for maintaining optimal
performance.

show that combining all three features yields the best average benchmark performance. Additionally,
we plot the alignment loss when each feature is removed individually, as shown in Figure [2.5] This
further demonstrates incorporating all three features from different breadths is essential for effectively

extracting visual information.

2.7 Conclusion

In conclusion, Florence-VL uses Florence-2 as a versatile vision encoder, which provides di-
verse, task-specific visual representations across multiple computer vision tasks like captioning, OCR,
and Grounding. By leveraging Depth-Breadth Fusion (DBFusion), we incorporate a range of visual

features from different layers ("Depth”) and prompts ("Breadth™) to create enriched representations
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that meet varied perceptual demands of downstream tasks. Our fusion strategy, based on channel
concatenation, effectively combines these diverse features, which are then projected as input to the
language model.

Through training on a novel data recipe that includes detailed captions for pretraining and diverse
instruction tuning data, Florence-VL demonstrates superior alignment between the vision encoder
and the LLM, outperforming other models across 25 benchmarks covering vision-centric, knowledge-
based, and OCR & Chart tasks. Our analysis underscores the effectiveness of Florence-2’s generative
capabilities in enhancing MLLM alignment and versatility for a wide range of applications.

For future work, several avenues could further enhance the capabilities and efficiency of Florence-
VL. One direction involves improving the DBFusion strategy by exploring more sophisticated fusion
techniques that could dynamically adapt the Depth-Breadth balance based on specific downstream
task requirements. Additionally, while Florence-2 provides diverse visual representations, future re-
search could explore adaptive vision encoders that select features on-the-fly, optimizing computational

efficiency without compromising performance.

21



Chapter 3: BLIP3-0: A Family of Fully Open Unified Multimodal Models—Architecture,

Training and Dataset

3.1 Introduction

Recent advances have demonstrated the potential for unified multimodal representation learning
that supports both image understanding and image generation within a single model [46-52]. In this
field, despite extensive studies on image understanding, the optimal architecture and training strategy
for image generation remain underexplored. The previous debate revolves around two approaches:
the first approach quantizes continuous visual features into discrete tokens and models them as a cat-
egorical distribution [53) 54]; the second approach generates intermediate visual features or latent
representations via the autoregressive model and then conditions on these visual features to generate
images through the diffusion model [S1,52]]. The recently released GPT-40 image generation [55] was
implied to adopt a hybrid architecture with autoregressive and diffusion models following the second
approach [55, 156]. The wide range of image representations used in industry inspired our system-
atic study of design choices in unified models. Specifically, our investigation focuses on three key
design axes: (1) image representations — whether to encode the images into low-level pixel features
(e.g., from VAE-based encoders) or high-level semantic features (e.g., from CLIP image encoders); (2)
training objectives — Mean Squared Error (MSE) versus Flow Matching [57, 58], and what their im-
pacts on training efficiency and generation quality; (3) training strategies — one can use simultaneous
multitask training on image understanding and generation like Metamorph [S1]], or else use sequential
training like LMFusion [59]] and MetaQuery [52], in which the model is first trained for understanding

and then extended for generation.
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Figure 3.1: The architecture of BLIP3-o0. For image understanding part, we use CLIP to
encode the image and compute the cross entropy loss between the target text token and
predicted text token. For image generation part, autoregressive model first generates a
sequence of intermediate visual features, which are then used as conditioning inputs to a
diffusion transformer that generates CLIP image features to approximate the ground-truth
CLIP features. By using CLIP encoder, image understanding and image generation share
the same semantic space, effectively unifying these two tasks.

Our findings reveal that CLIP image features offer more compact and informative representa-
tions than VAE features, resulting in both faster training and higher image generation quality. Flow
matching loss proves to be more effective than MSE loss, enabling more diverse image sampling and
yielding better image quality. Furthermore, we find that a sequential training strategy—first train-
ing the autoregressive model on image understanding tasks, then freezing it during training on image
generation—achieves the best overall performance. Based on these findings, we develop BLIP3-0, a
herd of state-of-the-art unified multimodal models. BLIP3-o0 leverages diffusion transformer and flow
matching on CLIP features (Figure [3.1)) and is sequentially trained on image understanding and image
generation tasks. To further improve visual aesthetic and instruction following abilities, we carefully
curate a 60k high-quality instruction-tuning dataset BLIP30-60k for image generation, by prompting
GPT-40 with a diverse set of prompts spanning scenes, objects, human gestures and more. We observe
that supervised instruction tuning on BLIP30-60k significantly enhances the alignment of BLIP3-o

with human preference and improves the aesthetic quality.
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Figure 3.2: Visualization results of BLIP3-0 8B at 1024x1024 resolution.

In our experiments, BLIP3-o0 achieves superior performance across most of the popular bench-
marks for image understanding and image generation, with the 8B model scoring 1682.6 on MME-P,
50.6 on MMMU and 0.84 on GenEval. To support further research and keep the mission of open-
source foundation model research like BLIP-3, we fully open-source our models including model
weights, code, pretraining and instruction-tuning datasets, and evaluation pipelines. We hope that
our work will support the research community and drive continued progress in the unified multimodal

domain.

3.2 Unified Multimodal for Image Generation and Understanding

Recent OpenAl’s GPT-4o [55] has demonstrated state-of-the-art performance in image under-

standing, generation and editing tasks. Emerging hypotheses of its architecture [56] suggest a hybrid

24



pipeline structured as:

Tokens — [Autoregressive Model] — [Diffusion Model] — Image Pixels

indicating that autoregressive and diffusion models may be jointly leveraged to combine the strengths
of both modules. Motivated by this hybrid design, we adopt an autoregressive + diffusion framework
in our study. However, the optimal architecture in this framework remains unclear. The autoregressive
model produces continuous intermediate visual features intended to approximate ground-truth image
representations, raising two key questions. First, what should serve as the ground-truth embeddings:
should we use a VAE or CLIP to encode images into continuous features? Second, once the au-
toregressive model generates visual features, how do we optimally align them with the ground-truth
image features, or more generally, how should we model the distribution of these continuous visual
features: via a simple MSE loss, or by employing a diffusion-based approach? Thus, we conduct a

comprehensive exploration of various design choices in the following section.

3.3 Image Generation in Unified Multimodal

In this section, we discuss the design choices involved in building the image generation model
within a unified multimodal framework. We begin by exploring how images can be represented as con-
tinuous embeddings through encoder—decoder architectures, which play a foundational role in learning

efficiency and generation quality.
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3.3.1 Image Encoding and Reconstruction

Image generation typically begins by encoding an image into a continuous latent embedding
using an encoder, followed by a decoder that reconstructs the image from this latent embedding. This
encoding-decoding pipeline can effectively reduce the dimensionality of the input space in image gen-
eration, facilitating efficient training. In the following, we discuss two widely used encoder—decoder

paradigms.

Variational Autoencoders: Variational Autoencoders (VAEs) [60,61]] are a class of generative models
that learn to encode images into a structured, continuous latent space. The encoder approximates the
posterior distribution over the latent variables given the input image, while the decoder reconstructs the
image from samples drawn from this latent distribution. Latent diffusion models build on this frame-
work by learning to model the distribution of compressed latent representations, rather than raw image
pixels. By operating in the VAE latent space, these models significantly reduce the dimensionality of
the output space, thereby lowering computational costs and enabling more efficient training. After the

denoising steps, the VAE decoder maps the generated latent embeddings into raw image pixels.

CLIP Encoder with Diffusion Decoder: CLIP [62] models have become foundational encoders for
image understanding tasks [63], owing to its strong ability to extract rich, high-level semantic features
from images through contrastive training on large-scale image—text pairs. However, leveraging these
features for image generation remains a non-trivial challenge, as CLIP was not originally designed for
reconstruction tasks. Emu2 [47] presents a practical solution by pairing a CLIP-based encoder with
a diffusion-based decoder. Specifically, it uses EVA-CLIP to encode images into continuous visual

embeddings and reconstructs them via a diffusion model initialized from SDXL-base [64]. During
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training, the diffusion decoder is fine-tuned to use the visual embeddings from EVA-CLIP as condi-
tions to recover the original image from Gaussian noise, while the EVA-CLIP remains frozen. This
process effectively combines the CLIP and diffusion models into an image autoencoder: the CLIP en-
coder compresses an image into semantically rich latent embeddings, and the diffusion-based decoder
reconstructs the image from these embeddings. Notably, although the decoder is based on diffusion
architecture, it is trained with a reconstruction loss rather than probabilistic sampling objectives. Con-

sequently, during inference, the model performs deterministic reconstruction.

Discussion: these two encoder—decoder architectures, i.e., VAEs and CLIP-Diffusion, represent dis-
tinct paradigms for image encoding and reconstruction, each offering specific advantages and trade-
offs. VAEs encode the image into low-level pixel features and offer better reconstruction quality.
Furthermore, VAEs are widely available as off-the-shelf models and can be integrated directly into im-
age generation training pipelines. In contrast, CLIP-Diffusion requires additional training to adapt the
diffusion models to various CLIP encoders. However, CLIP-Diffusion architectures offer significant
benefits in terms of image compression ratio. For example, in both Emu?2 [47] and our experiments,
each image regardless of its resolution can be encoded into a fixed length of 64 continuous vectors,
providing both compact and semantically rich latent embeddings. By contrast, VAE-based encoders
tend to produce a longer sequence of latent embeddings for higher-resolution inputs, which increases

the computational burden in the training procedure.

3.3.2 Modeling Latent Image Representation

After obtaining continuous image embeddings, we proceed to model them using autoregressive

architectures. Given a user prompt (e.g., “A young woman with freckles wearing a straw hat.”), we
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first encode the prompt into a sequence of embedding vectors C using the autoregressive model’s input
embedding layer, and append a learnable query vector Q to C, where Q is randomly initialized and
optimized during training. As the combined sequence [C; Q] is processed through the autoregressive
transformer, Q learns to attend to and extract relevant semantic information from the prompt C. The
resulting Q is interpreted as the intermediate visual features or latent representation generated by the
autoregressive model, and is trained to approximate the ground-truth image feature X (obtained from
VAE or CLIP).

In the following, we introduce two training objectives: Mean Squared Error (MSE) and Flow

Matching, for learning to align Q with the ground-truth image embedding X.

MSE Loss: the Mean Squared Error (MSE) loss is a straightforward and widely used objective for
learning continuous image embeddings [46, 47]. Given the predicted visual features Q produced by
the autoregressive model and the ground-truth image features X, we first apply a learnable linear

projection to align the dimensionality of Q with that of X. The MSE loss is then formulated as:

Zuse = | X—WQ3,

where W denotes the learnable projection matrix.

Flow Matching: note that using MSE loss only aligns the predicted image features Q with the mean
value of the target distribution. An ideal training objective would model the probability distribution of
continuous image representation.

We propose to use flow matching [65], a diffusion framework that can sample from a target

continuous distribution by iterative transporting samples from a prior distribution (e.g., Gaussian).

28



Given a ground-truth image feature X; and the condition Q encoded by an autoregressive model,
at each training step, we sample a timestep ¢ ~ %/ (0, 1), and noise Xy ~ .47(0,1). Then diffusion
transformer learns to predict the velocity V; = % at the timestep ¢ conditioned on Q, in the direction
of X;. Following previous work [38]], we compute X; by a simple linear interpolation between Xy and

Xli

X; =tX; + (1 —1)Xo,
and the analytical solution of V; can be expressed as:

dx,

V[—W:XI—XO.

Finally, the training objective is defined as:

Lr10w(0) = E(x, Q)n2~% (0,1) X (0.1) [IIVo (X2, Q,2) = Vi|*]

where 0 is the diffusion transformer’s parameters, and Vy (X;, Q, ) denotes the predicted velocity based

on an instance (X, Q), timestep 7, and noise Xp.

Discussion: unlike discrete tokens, which inherently support sampling-based strategies for explor-
ing diverse generation paths, continuous representations lack this property. Specifically, under an
MSE-based training objective, the predicted visual features Q become nearly deterministic for a given
prompt. As a result, the output images, regardless of whether the visual decoder is based on VAEs
or CLIP + Diffusion architectures, remain almost identical across multiple inference runs. This deter-

minism highlights a key limitation of the MSE objective: it constrains the model to produce a single,
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fixed output for each prompt, thereby limiting generation diversity. In contrast, the flow matching
framework enables the model to inherit the stochasticity of the diffusion process. This allows the
model to generate diverse image samples conditioned on the same prompt, facilitating broader explo-
ration of the output space. However, this flexibility comes at the cost of increased model complexity.
Flow matching introduces additional learnable parameters compared to MSE. In our implementation,
we use a diffusion transformer (DiT), and empirically find that scaling its capacity yields significant

performance improvements.

3.3.3 Design Choices

The combination of different image encoder—decoder architectures and training objectives gives
rise to a range of design choices for image generation models. These design choices, illustrated in
Figure [3.3] significantly influence both the quality and controllability of the generated images. In this
section, we summarize and analyze the trade-offs introduced by different encoder types (e.g., VAEs

vs. CLIP encoders) and loss functions (e.g., MSE vs. Flow Matching).

CLIP + MSE: following Emu2 [47], Seed-X [46] and Metamorph [51]], we use CLIP to encode
images into 64 fixed-length semantic-rich visual embeddings. The autoregressive model is trained
to minimize the Mean Squared Error (MSE) loss between the predicted visual features Q and the
ground-truth CLIP embedding X, as illustrated in Figure[3.3(a). During inference, given a text prompt
C, the autoregressive model predicts the latent visual features Q, which is subsequently passed to a

diffusion-based visual decoder to reconstruct the real image.
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Prompt Visual Feature

Flow Flow
— MSE Matching Matching
(a) CLIP + MSE (b) CLIP + Flow Matching (c) VAE + Flow Matching

Figure 3.3: Three design choices for image generation in unified multimodal model. All
designs use a Autoregressive + Diffusion framework but vary in their image generation
components. For the flow matching loss, we keep the autoregressive model frozen and
only fine-tune the image generation module to preserve the model’s language capabilities.

CLIP + Flow Matching: as an alternative to MSE loss, we employ flow matching loss to train the
model to predict ground-truth CLIP embeddings, as illustrated in Figure[3.3|b). Given a prompt C, the
autoregressive model generates a sequence of visual features Q. These features are used as conditions
to guide the diffusion process, yielding a predicted CLIP embedding to approximate the ground-truth
CLIP features. In essence, the inference pipeline involves two diffusion stages: the first uses the
conditioning visual features Q to iteratively denoise into CLIP embeddings. And the second converts
these CLIP embeddings into real images by diffusion-based visual decoder. This approach enables

stochastic sampling at the first stage, allowing for greater diversity in image generation.

VAE + Flow Matching: we can also use flow matching loss to predict the ground truth VAE features
seen in Figure [3.3|c), which is similar to MetaQuery [52]. At inference time, given a prompt C, the
autoregressive model produces visual features Q. Then, conditioning on Q and iteratively removing

noise at each step, the real images are generated by the VAE decoder.
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VAE + MSE: because our focus is on autoregressive + diffusion framework, we exclude VAE + MSE

approaches, as they do not incorporate any diffusion module.

Implementation Details: to compare various design choices, we use Llama-3.2-1B-Instruct as au-
toregressive model. Our training data consists of CC12M [14]], SA-1B [6], and JourneyDB [66],
amounting to approximately 25 million samples. For CC12M and SA-1B, we utilize the detailed cap-
tions generated by LLaVA, while for JourneyDB we use the original captions. The detailed description

of image generation architecture using flow matching loss is provided in Section[3.5.1]

Results: we report the FID score [67] on MJHQ-30k [68] for visual aesthetic quality, along with
GenEval [69] and DPG-Bench [70] metrics for evaluating prompt alignment. We plot the results for
each design choice at approximately every 3,200 training steps. Figure [3.4] shows that CLIP + Flow
Matching achieves the best prompt alignment scores on both GenEval and DPG-Bench, while VAE +
Flow Matching produces the lowest (best) FID, indicating superior aesthetic quality. However, FID
has inherent limitations: it quantifies stylistic deviation from the target image distribution and often
overlooks true generative quality and prompt alignment. In fact, our FID evaluation of GPT-40 on the
MIJHQ-30k dataset produced a score of around 30.0, underscoring that FID can be misleading in the
image generation evaluation. In general, our experiments demonstrate CLIP + Flow Matching as the

most effective design choice.

Discussion: in this section, we present a comprehensive evaluation of various design choices for im-
age generation within a unified multimodal framework. Our results clearly show that CLIP’s features

produce more compact and semantically rich representations than VAE features, yielding higher train-
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Figure 3.4: Comparison of different design choices.
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Figure 3.5: Joint Training vs. Sequential Training: Joint training performs multitask learn-
ing by mixing image-understanding and image-generation data, updating both the autore-
gressive backbone and the generation module simultaneously. Sequential training sepa-
rates the process: first, the model is trained only on image-understanding tasks; then the
autoregressive backbone is frozen and only the image-generation module is trained in a
second stage.

ing efficiency. Autoregressive models more effectively learn these semantic-level features compared
to pixel-level features. Furthermore, flow matching proves to be a more effective training objective for

modeling the image distribution, resulting in greater sample diversity and enhanced visual quality.
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3.4 Training Strategies for Unified Multimodal

Building on our image generation study, the next step is to develop a unified model that can
perform both image understanding and image generation. We use CLIP + Flow Matching for the
image generation module. Since image understanding also operates in CLIP’s embedding space, we
align both tasks within the same semantic space, enabling their unification. In this context, we discuss

two training strategies to achieve this integration.

3.4.1 Joint Training Versus Sequential Training

Joint Training: joint training of image understanding and image generation has become a common
practice in recent works such as Metamorph [51]], Janus-Pro [S0], and Show-o [48]. Although these
methods adopt different architectures for image generation, all perform multitask learning by mixing

data for image generation and understanding.

Sequential Training: instead of training image understanding and generation together, we follow a
two-stage approach. In the first stage, we train only the image understanding module. In the second

stage, we freeze the MLLM backbone, and train only the image generation module.

3.4.2 Discussion

In joint training setting, although image understanding and generation tasks possibly benefit
each other as demonstrated by Metamorph [31], two critical factors influence their synergistic effect:
(i) the total data size and (ii) the data ratio between image understanding and generation data. In
contrast, sequential training offers greater flexibility: It lets us freeze the autoregressive backbone
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and maintain the image understanding capability. We can dedicate all training capacity to image
generation, avoiding any inter-task effects in joint training. Also motivated by MetaQuery [52], we
will choose sequential training to construct our unified multimodal model and defer joint training to

future work.

3.5 BLIP3-0: Our State-of-the-Art Unified Multimodal

Based on our findings, we adopt CLIP + Flow Matching and sequential training to develop our

own state-of-the-art unified multimodal model BLIP3-o.

3.5.1 Model Architecture

We develop two different size models: 8B parameter model trained on proprietary data and 4B
parameter model using only open source data. Given the existence of strong open source image
understanding models, such as Qwen 2.5 VL [71], we skip image understanding training stage and
build our image generation module directly on Qwen 2.5 VL. In the 8B model, we freeze the Qwen2.5-
VL-7B-Instruct backbone and train the diffusion transformers, totaling 1.4 B trainable parameters.
The 4B model follows the same image generation architecture but uses Qwen2.5-VL-3B-Instruct as
backbone. For the diffusion transformer architecture, we leverage the architecture of the Lumina-Next

model [72] for our DiT. More details about the model architecture can be seen in the Appendix.

3.5.2 Training Recipe

Stage 1: Pretraining for Image Generation. For 8B model, we combine around 25 million open-

source data with an additional 30 million proprietary images. Each image is paired with a detailed
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caption. To improve generalization to varying prompt lengths, we also include around 10% (6 million)
shorter captions. For the fully open-source 4B model, we use 25 million publicly available images
with detail captions and around 10% (3 million) short captions. More details about the pretraining
data can be seen in Appendix. To support the research community, we release 25 million detailed

captions and 3 million short captions.

Stage 2: Instruction Tuning for Image Generation. ~After the image generation pre-training stage, we
observe several failures in the model generation: complex human gestures, knowledge-based objects
and simple text. Although these categories were intended to be covered during pretraining, the limited
size of our pretraining corpus meant they weren’t adequately addressed. To remedy this, we perform
instruction tuning focused specifically on these domains. For each category, we prompt GPT-40 to
generate roughly 10k prompt—-image pairs, creating a targeted dataset that improves the model’s ability
to handle these cases. To improve visual aesthetics quality, we also expand our data with prompts
drawn from JourneyDB [66] and DALL-E 3. This process yields a curated collection of approximately

60k high quality prompt—image pairs. We also release this 60k instruction tuning dataset.

3.5.3 Results

For baseline comparison, we include the following unified models: EMU2 Chat [47]], Chameleon [53],
Seed-X [46l], VILA-U [73], LMfusion [59], Show-o [48], EMU3 [54]], MetaMorph [51], Token-

Flow [[74]], Janus [49]], and Janus-Pro [50].

Image Understanding: in the image understanding task, we evaluate the benchmark performance on

VQAV2 [22], MMBench [24], SeedBench [29], MM-Vet [27], MME-Perception and MME-Cognition [28],
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MMMU [38], TextVQA [31], and RealWorldQA [41]. As shown in Table 3.1} our BLIP3-o 8B

achieves the best performance in most benchmarks.

Model VQAv2 MMBench SEED MM-Vet MME-P MME-C MMMU RWQA TEXTVQA
EMU?2 Chat 34B - - 62.8 48.5 - - 34.1 - 66.6
Chameleon 7B - 19.8 27.2 8.3 202.7 - 22.4 39.0 0.0
Chameleon 34B - 32.7 - 9.7 604.5 - 38.8 39.2 0.0
Seed-X 17B 63.4 70.1 66.5 43.0 1457.0 - 35.6 - -
VILA-U 7B 79.4 66.6 57.1 335 1401.8 - 322 46.6 48.3
LMFusion 16B - - 72.1 - 1603.7 367.8 41.7 60.0 -
Show-o 1.3B 69.4 - - - 1097.2 - 27.4 - -
EMU3 8B 75.1 58.5 68.2 37.2 1243.8 266.1 31.6 57.4 64.7
MetaMorph 8B - 75.2 71.8 - - - 41.8 58.3 60.5
TokenFlow-XL 14B 77.6 76.8 72.6 48.2 1551.1 371.1 432 56.6 77.6
Janus 1.3B 773 75.5 68.3 343 1338.0 - 30.5 - -
Janus Pro 7B - 79.2 72.1 50.0 1567.1 - 41.0 - -
BLIP3-0 4B 75.9 78.6 73.8 60.1 1527.7 632.9 46.6 60.4 78.0
BLIP3-0 8B 83.1 83.5 77.5 66.6 1682.6 647.1 50.6 69.0 83.1

Table 3.1: Results on image understanding benchmarks. We highlight the best results in
bold.

Image Generation: in the image generation benchmark, we report GenEval [69] and DPG-Bench [70]
to measure prompt alignment, WISE [75] to evaluate world knowledge reasoning capability. As shown
in Table [3.2] BLIP3-0 8B achieves a GenEval score of 0.84, a WISE score of 0.62, but scores lower
on DPG-Bench. Because model-based evaluation for DPG-Bench can be unreliable, we complement
these results with a human study on all DPG-Bench prompts in the next section. Furthermore, we also
find our instruction tuning dataset BLIP30-60k yields immediate gains: using only 60k prompt—-image
pairs, both prompt alignment and visual aesthetics improve markedly, and many generation artifacts
are quickly reduced. Although this instruction tuning dataset cannot fully resolve some difficult cases,
such as complex human gestures generation, it nonetheless delivers a substantial boost in overall image

quality.
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Janus Pro Wins Tie Our Model Wins

Model GenEval ~ DPG-Bench ~ WISE Visual Quality

Chameleon 7B 0.39 - -

Seed-X 17B 0.51 -

LLaVAFusion 16B 0.63 - -

Show-o 1.3B 0.68 67.27 0.35

EMUS3 8B 0.66 80.60 0.39 Prompt Alignment

TokenFlow-XL 14B 0.63 73.38 -

Janus 1.3B 0.61 79.68 0.18

Janus Pro 7B 0.80 84.19 0.35

BLIP3-0 4B 0.81 79.36 0.50

BLIP3-0 8B 0.84 81.60 0.62 .

Figure 3.6: Human study results for

Table 3.2: Image generation DPG-Bench between Janus Pro and our
benchmark results. model.

3.5.4 Human Study

In this section, we conduct a human evaluation comparing BLIP3-0 8B and Janus Pro 7B on
about 1,000 prompts drawn from the DPG-Bench. We assess two metrics: visual quality and prompt
alignment. The details about each metric can be seen in the Appendix. Each metric was assessed in
two separate rounds, resulting in roughly 3,000 judgments per criterion. As illustrated in Figure [3.6
BLIP3-0 outperforms Janus Pro on both visual quality and prompt alignment, even though Janus Pro
achieves a higher DPG score in Table [3.2] The p-values for Visual Quality and Prompt Alignment
are 5.05e-06 and 1.16e-05, respectively, indicating that our model significantly outperforms Janus Pro

with high statistical confidence.

3.6 Conclusion

We present the first systematic exploration of hybrid autoregressive and diffusion architectures
for unified multimodal modeling, evaluating three critical aspects: image representation, training ob-

jective and training strategy. Building on these insights, we introduce BLIP3-0, a family of state-of-
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the-art unified models enhanced with a 60k instruction tuning dataset BLIP30-60k that substantially
improves prompt alignment and visual aesthetics. We are actively working on applications for the

unified model, including iterative image editing, visual dialogue, and step-by-step visual reasoning.
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Chapter 4: BLIP30-NEXT: Next Frontier of Native Image Generation

4.1 Introduction

Recently image generation has become a cornerstone of modern artificial intelligence, empower-
ing models to not only synthesize photorealistic images from textual descriptions but also edit existing
images with remarkable precision and semantic consistency [52, 155, [76-79]. These capabilities have
redefined how machines interpret, represent, and communicate visual information, enabling a wide
range of creative and practical applications, from content creation and design to scientific visualiza-
tion and simulation.

In this paper, we introduce BLIP30o-NEXT, a novel image generation foundation model that
advances the frontier of multimodal learning through innovations in model architecture, multi-task
pretraining, reinforcement learning, and comprehensive data engineering. BLIP30-NEXT adopts a
hybrid Autoregressive + Diffusion architecture [52, [76]. The autoregressive model [71] takes a user
prompt together with a set of reference images (for image editing) and generates a sequence of discrete
image tokens conditioned on the multimodal input. The diffusion model [80] subsequently leverages
the final hidden states of generated discrete tokens as conditioning signals to synthesize the final image.
This architecture combines the semantic compositionality and global structure understanding captured
by the autoregressive model with the fine-grained detail rendering capability of diffusion models, en-
abling BLIP30o-NEXT to produce images that are both semantically coherent and photorealistically
detailed.

The autoregressive model is trained on three primary tasks: (1) text-to-image generation, (2) in-
put image reconstruction, and (3) image editing, which together equip the model with the fundamental

capabilities required for diverse downstream tasks. In the post-training stage, beyond fine-tuning on
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carefully curated high-quality datasets [[19} 76, [77], we perform extensive reinforcement learning (RL)
to further enhance the model’s text rendering quality and instruction following ability. We propose
an efficient RL framework specifically tailored for the BLIP30-NEXT architecture by leveraging the
discrete image tokens. This design allows seamless integration with existing RL infrastructures orig-
inally developed for language models, while achieving performance comparable to recent flow-based
RL approaches.

Taking advantage of the Autoregressive + Diffusion design, BLIP30o-NEXT exhibits great flex-
ibility in integrating the VAE features [81] of reference images for editing tasks. Through empirical
experiments, we find that concatenating VAE features to (1) hidden states generated by the autoregres-
sive model as conditions, and (2) the random noise as initial input in the diffusion process, achieves
the highest consistency and visual fidelity. Additionally, powered by the strong multimodal reasoning
and understanding capability of its autoregressive backbone, BLIP30-NEXT can faithfully follow user

instructions for image editing.

In summary, BLIP30-NEXT makes the following key contributions:

* A novel and scalable Autoregressive + Diffusion architecture that advances the next frontier

of native image generation.

* An efficient reinforcement learning method for image generation that can be seamlessly
integrated with existing RL infrastructures for language models, improving text rendering and

instruction following abilities.

» Systematic studies on improving consistency in image editing, including strategies for inte-

grating VAE features from reference images.
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Figure 4.1: The architecture of BLIP30o-NEXT (left) and its reinforcement learning
pipeline (right). BLIP30o-NEXT adopts an Autoregressive (AR) + Diffusion design, where
the AR module autoregressively generates image conditions for the diffusion model. The
model is jointly optimized with both AR and diffusion objectives. During reinforcement
learning, rollouts are rendered from the diffusion transformer, and policy optimization is
performed directly on the AR model, enabling seamless integration with existing RL in-
frastructures originally developed for language models.

* Strong performance across diverse benchmarks, comprehensive evaluation on text-to-image
generation benchmarks and image-editing benchmarks reveals that BLIP30o-NEXT consistently

outperform existing models.

To support future research and uphold the open-source philosophy of the BLIP3 family, we fully
release BLIP30-NEXT, including pretrained and post-trained model weights, datasets, detailed train-
ing and inference code, and evaluation pipelines, ensuring complete reproducibility. We hope that our

work will foster continued progress in native image generation.

4.2 Overview of Architectures for Native Image Generation

4.2.1 Autoregressive + Diffusion

In recent developments in native image generation, approaches that integrate autoregressive
models with diffusion models continue to achieve state-of-the-art performance. In these frameworks,
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the autoregressive backbone encodes the input prompt, whether text or other modalities, and produces
conditions for the diffusion model to generate the final image. Early explorations include Emu2 [47]
and Seed-X [46]]. Following the success of GPT-40 [55]], subsequent works such as MetaQuery [52],
UniGen [82]], and BLIP3-0 [[76] push the direction further, while recent models like Qwen-Image [[79],
Gemini Nano Banana and Seedream [83] continue to push the performance frontier. The advantage
of Autoregressive + Diffusion is its simplicity and scalability, and also leveraging the strengths of
existing autoregressive models, such as transferring instruction following and reasoning capabilities
into image generation procedure.

Within this framework, the question is how to derive the conditioning signal from the autoregres-
sive model for the diffusion model. Existing approaches can be broadly grouped into the following
categories: (1) The autoregressive model directly generates continuous embeddings (e.g., CLIP rep-
resentations), which are then used as conditions for the diffusion model, similar to Emu2 [47] and
MetaMorph [31]. (2) The autoregressive model compresses all input information, including text and
images, into a fixed number of learnable query, as demonstrated by Seed-X [46], MetaQuery [52], and
BLIP3-o [76]. (3) The autoregressive model encodes both image and text inputs, and the hidden states
from the autoregressive model are directly used as the conditioning signal for the diffusion model, as
in OmniGen?2 [77]], Qwen-Image [79], and MANZANO [84].

Since continuous embeddings and learnable query tokens generate conditioning signals by sam-
pling from AR models, they tend to perform better on image generation tasks requiring reasoning
capability compared with directly using hidden states [85]. However, both continuous embeddings
and learnable query compress all conditioning information into a fixed number of tokens, which in-
evitably limits their representational capacity. For example, Emu2 [47] and BLIP3-o [76] usually use
64 tokens. In contrast, using hidden states offers a more flexible and efficient way for encoding the
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condition.

4.2.2 Mixture of Transformers

LMFusion [59] and BAGEL [78] adopt a different architecture for native image generation. At
a high level, they employ two transformer experts to separately process understanding and generation
information, while tokens from different modalities interact through shared multimodal self-attention
within each transformer block. Although this structure facilitates richer information sharing across

modalities, it faces challenges in flexibility and scalability, and suffers from high inference latency.

4.2.3 BLIP30o-NEXT Architecture

In BLIP30-NEXT, we still adopt an Autoregressive + Diffusion architecture, where an autore-
gressive model first predicts discrete image tokens from multimodal inputs, and the hidden states of
these tokens are subsequently used to condition a diffusion model for high-fidelity image synthesis.
Unlike previous approaches, where the autoregressive model takes in and generates continuous image
embeddings [46, 151,152, 76], our autoregressive model operates on discrete visual tokens. Specifically,
each image is first encoded using the Sigl.IP2 model [86], and the resulting continuous embeddings are
quantized into a finite vocabulary of tokens, yielding 729 discrete tokens per image given the image
resized to 384x384. Conditioned on a text prompt (or reference images for image editing), the au-
toregressive model is trained through next-token prediction over discrete image tokens. The diffusion
model is then applied on top of the autoregressive outputs to refine fine-grained details. Specifically,
the hidden states of the predicted tokens serve as conditioning signals for the diffusion model to diffuse

the final VAE features, which produce the final high-fidelity images, as illustrated in Figure {.1] (left).
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During training, BLIP30-NEXT is optimized with two objectives:

L = ZLog + A Lairr, 4.1)

where .Zcg denotes the cross-entropy loss over text and discrete image tokens in autoregressive model,
Zitr s the diffusion loss, and A is a balancing weight. Due to computational constraints, we initialize
the autoregressive model with Qwen3 [[87]] and the diffusion transformer with SANA1.5 [80], resulting
in a total of approximately 3B parameters. For training, we employ BLIP3o-Pretrain [/6] as the

pretraining corpus and BLIP30-60K [76] as the instruction tuning dataset.

4.2.4 Discussion

From GPT-40, where an autoregressive model produces discrete image tokens and is refined by a
diffusion model, to more recent models such as Qwen-Image [79], architectures are increasingly dom-
inated by diffusion backbones. For example, Qwen-Image integrates a 7B vision language model with
a 20B diffusion transformer. In practice, GPT-40 exhibits higher inference latency, whereas advances
in accelerating diffusion transformers [88-90] have enabled diffusion-centric models to achieve both
greater scalability and faster inference efficiency.

In practice, we observe that most architectures deliver comparable performance, with minor
design variations yielding marginal differences. Therefore, an architecture can be considered effective,

as long as it remains simple, scalable, and supports fast inference.

45



4.3 Image Generation with Reinforcement Learning

Reinforcement learning (RL) has been extensively explored in large language models, but re-
mains relatively underexplored in the image generation domain. GPT-40 [535] is the representative
native image generation model to successfully integrate RL. In this work, we primarily discuss two
directions for applying RL to image generation: (1) applying RL to the autoregressive mode under the

BLIP30-NEXT framework, and (2) applying RL to the diffusion model, for example Flow-GRPO[91].

4.3.1 RL for Autoregressive Model

Applying RL to the autoregressive model is a natural extension of language modeling. The key
advantage of this approach is its compatibility with existing RL frameworks developed for language
models, allowing most training and inference infrastructures to be easily adapted for image generation
training.

We use the Group Relative Policy Optimization (GRPO) algorithm [92] under BLIP30-NEXT
framework. For each text prompt p ~ &, the previous policy 7g,,, i.e., the autoregressive model,
samples a group of G trajectories {oy,...,0}. Each of the trajectory consists of 729 discrete image
tokens for an image. These trajectories are then decoded by a frozen diffusion model to generate
the corresponding images {/;,h,...,Ig}, each assigned a reward score {ry,...,rg} by the reward
function. The rewards are normalized across the group to compute the advantages A;, following the

GRPO procedure. During training, the diffusion model remains frozen, while the policy model 7g is

46



Model Single Obj. Two Obj. Counting Colors Position Color Attri. Overall

FLUX.1-dev (12B) [93]] 0.98 0.93 0.75 0.93 0.68 0.65 0.82
OmniGen2 (7B) [[77]] 1.00 0.95 0.64 0.88  0.55 0.76 0.80
Qwen-Image (27B) [[79]] 0.99 0.92 0.89 0.88 0.76 0.77 0.87
Metaqueries XL (7B) [52] - - - - - - 0.807
BAGEL (14B) [[78]] 0.98 0.95 0.84 0.95 0.78 0.77 0.88"
BLIP30 (8B) [[76]] - - - - - - 0.84
BLIP30-NEXT-GRPO-GenEval 3B)  0.99 0.95 0.88 0.90 0.92 0.79 0.91

Table 4.1: Quantitative results on GenEval benchmarks. (" denotes the rewritten prompts.)

optimized by maximizing the following objective:

Zorro(0) =B\ 5 1516 ny  (Ip) (4.2)
18 (. ( 7o (0i|p) . ( 7o (0ilp) ) )
— min| ————=A;, clip| ————=,1—¢€,1+¢€ | A; —ﬁDKL(ﬂ?e |7179,€-> .
G zzzl ( 70,14 (0ilp) l 708,14 (oilp) l | !

Here, € and 3 are hyperparameters, 7, is a fixed reference policy, and Dg, (71:9 | 7q,, f> is a
KL divergence penalty that constrains policy updates relative to the reference policy. RL training can

be seen in Figure @.1| right.

4.3.2 RL for Diffusion Model

Instead of autoregressive model, RL can also be applied to the diffusion model. Qwen-Image [79]
is the representative model to successfully apply both DPO [94] and Flow-GRPO [91] within a native
image generation model.

After the DPO stage, Qwen-Image uses additional fine-grained reinforcement learning with
GRPO, following the Flow-GRPO framework [91]]. Conditioned on the hidden state of the text prompt

p from the autoregressive module, the flow model generates a set of G candidate images {xf)}le along
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with their trajectories {xi,x}. |,...,x,}% . The training objective of Flow-GRPO is consistent with
Equation 4.2
A key distinction from RL in autoregressive models is trajectory sampling. In Flow-GRPO,

trajectories {x"T7 e ,xf)}iG:l ~ Tg are sampled according to the flow matching dynamics:
dxy = v, dt, 4.3)

where v, = vg(x,t, p) is the velocity predicted by the model. However, this deterministic formulation
lacks stochasticity and thus fails to support adequate exploration. To address this, Flow-GRPO refor-
mulates trajectory sampling as a stochastic differential equation (SDE), injecting randomness into the

process:

o}

dxt = <V[ + 2

(Xt + (1 — I)Vt)> dt + G[th, (44)

where dw; denotes Brownian motion and o; controls the magnitude of randomness.

In addition to Flow-GRPO, DanceGRPO [95] extends GRPO to a broader range of visual gener-
ation tasks, including text-to-image, text-to-video, and image-to-video. It reformulates both diffusion
sampling and rectified flows within the framework of stochastic differential equations, enabling GRPO
to generalize across different architectures and training paradigms. MixGRPO [96] further improves

computational efficiency by combining SDE and ODE based formulations.

4.3.3 Reward Models

Reward functions can be broadly divided into two categories. (1) Verifiable rewards, such as

GenEval [69]] for the composition of multiple objects and OCR-based evaluation for visual text ren-
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Figure 4.2: Training reward for GenEval and visual text rendering.

dering. (2) Model-based rewards, including PickScore [97]], ClipScore [98], HPSv2.1 [99], ImageRe-
ward [100], and UnifiedReward [101]], which assess image quality, image—text alignment, and human

preference.

4.3.4 Experiments

In our experiments, we only apply RL for autoregressive model and focus on two verifiable
reward tasks. (1) Multiple object composition: training prompts are adopted from Flow-GRPO [91]],
and evaluation is performed with the GenEval evaluator. (2) Visual text rendering: training prompts
are also sourced from Flow-GRPO [91]], and evaluation relies on PaddleOCR [102]. Figured.2clearly
illustrates the increasing reward trend throughout training. Figures 4.3 and [4.4] present qualitative
comparisons before and after GRPO training, demonstrating noticeable improvements in both object

composition and text rendering quality.
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Before
GRPO

An astronaut helmet,
a red apple, and a
wooden horse

A plastic flamingo, a
chess piece, and a
bread on a marble
staircase

A teapot, a
skateboard, and a
goldfish in the air

A porcelain cat, a
green apple, and a
polka-dotted soccer
ball on a gym floor

Figure 4.3: Qualitative results of multiple object composition before and after GRPO.
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2022", with golden
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Figure 4.4: Qualitative results of text rendering before and after GRPO.
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4.3.5 Discussion

The model architecture determines whether RL is applied to the autoregressive or diffusion
model. For example, in Qwen-Image, the autoregressive module mainly serves as a text encoder,
while the diffusion model performs most of the image generation. RL is more effective when applied
to the diffusion model for Qwen-Image. In contrast, within the BLIP30o-NEXT framework, the autore-
gressive model is responsible for producing image tokens, and the diffusion model primarily functions
as an image decoder. The autoregressive model plays a central role in image generation, making it
the natural target for RL optimization. Empirically, without diffusion acceleration, applying RL to
diffusion model is slower due to the lack of KV cache support and the need for multiple time steps.

The central challenge in applying reinforcement learning to native image generation lies in met-
ric design rather than the RL algorithm itself. The key open problem is to develop reward models that
can effectively capture and balance multiple dimensions, including image quality, instruction follow-

ing, and human preference alignment.

4.4 Image Editing

To incorporate reference images as multimodal conditions for image generation, a common strat-
egy is to feed them into the autoregressive backbone. Recent models such as MetaQuery [52]], BLIP3-
o [76], OmniGen2 [77] and Qwen-Image [79] are built on top of existing vision—language models
such as Qwen-VL [71], which natively support image inputs as the conditions. Within the BLIP3o0-
NEXT framework, this is achieved by converting the reference image into quantized image tokens and
concatenating them with the input text prompt tokens.

The primary challenge in image editing is maintaining consistency between the generated and
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reference images. To address this issue, we adopt the following strategies to enhance consistency.

Image Reconstruction Task: we perform an image reconstruction task, where the reference image is
provided as input and the text prompt is “Keep the image unchanged.”. This task encourages the model

to faithfully reconstruct visual details and align the generative process with the conditioning image.

Conditioning on VAE Latents: while the reference image is represented through a semantic vision
encoder to autoregressive model, such representations often lack fine-grained pixel-level information.
To address this limitation, we incorporate low-level, detail-preserving VAE latents as additional con-
ditioning signals for the diffusion model. Specifically, we explore two complementary methods for
integrating these VAE latents: (1) cross-attention conditioning and (2) noise-space injection, both de-
signed to enhance visual consistency with respect to the reference image. Empirically, we find that
combining both approaches yields the best consistency.

(1) VAE features as cross-attention inputs in DiT. After extracting the reference image’s VAE
features, we flatten the spatial dimensions (height and width) and project the channel dimension to
match the cross-attention input size of the DiT. The resulting projected features are then concatenated
with the multimodal context tokens produced by the autoregressive model. These concatenated tokens
serve as the input to the DiT’s cross-attention layers, enabling the model to incorporate both semantic
and low-level cues, as shown in Figure 4.5] left.

(2) VAE features as noise-space injection. Alternatively, we concatenate the extracted VAE
features with the diffusion noise tensor along the height dimension, effectively augmenting the noise
input with adjacent reference image VAE features. This composite input is then fed into the DiT

during denoising. After the model predicts the refined noise, we compute the loss only over the region
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Figure 4.5: Comparison of VAE feature integration strategies in BLIP30o-NEXT. In the
VAE as cross-attention inputs setup, the flattened VAE tokens are appended to the multi-
modal tokens produced by the autoregressive model. Empirically, we find that combining
both methods yields the best visual consistency.

corresponding to the original random noise, using it as the flow-matching loss objective as shown in

Figure 4.5 right.

4.4.1 Experiments

In our image editing experiments, we adopt a multitask learning setup that jointly trains the
model on both image reconstruction and image editing objectives. The training data is curated from
various open-source datasets, including BLIP3-o [76], OmniGen2 [77], ShareGPT4V [19], and Awesome-
Nano-Banana [110]. To increase the data scale and stabilize training, we repeat selected subsets to con-
struct a larger dataset ensemble. The final training corpus contains approximately 10 million samples,
including repeated entries. Table presents the results on the ImgEdit [1] benchmark, where our

3B model achieves performance comparable to larger models such as BAGEL and OmniGen?2. Fig-
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Model Add Adjust Extract Replace Remove Background Style Hybrid Action‘Overall T

MagicBrush [103]] 2.84 158 151 197 1.58 1.75 238 1.62 1.22 1.90
Instruct-Pix2Pix [[104]] 245 183 144 2.07 1.50 1.44 3.55 120 146 1.88
AnyEdit [105]] 318 295 188 247 223 224 2.85 156 265 | 245
OmniGen [106] 3.67 339 171 294 243 341 419 224 338 | 293
ICEdit [107] 339 339 173 315 293 3.08 3.62 209 3.06 | 295
StepX-Edit [[108] 3.88 3.14 176 340 241 3.16 4.63 2.64 252 | 3.06
BAGEL [78] 376 3.04 170 343 3.04 3.40 4.64 264 262 | 3.25
UniWorld-V1 [109] 3.82 3.64 227 347 324 2.99 421 296 274 | 3.26
OmniGen?2 [[77] 3.57 3.06 177 374 3.02 3.57 481 252 468 | 3.44
FLUX.1 Kontext (Pro) [93] 4.15 2.35 456 3.57 3.42 4.56 457 3.63 4.63 | 4.00
GPT Image 1 [155] 4.61 433 290 435 3.66 4.57 493 396 4.89 | 4.20
Qwen-Image [[79] 438 4.16 343 466 4.14 4.38 481 3.82 4.69 | 427
BLIP30-NEXT (3B) 4.00 3.78 239 405 261 4.30 4.64 2.67 413 | 3.62

Table 4.2: Image editing benchmark results for ImgEdit [1], with all metrics evaluated
using GPT-4.1. The “Overall” score is computed as the average across all task categories.
While our 3B model still lags behind GPT-Image and Qwen-Image, it achieves comparable
performance to BAGEL and OmniGen?2.

ure[4.6]illustrates qualitative results on consistency. The comparison between models with and without
VAE latents demonstrates that incorporating VAE latents effectively enhances consistency. However,
since the VAE in SANA uses a downsampling ratio of 32 to accelerate training and inference [80], the

generated images still exhibit slight inconsistencies with the reference images.

4.4.2 Future Exploration
Besides image reconstruction and conditioning on VAE latents, we also want to highlight the

following strategies:

Reinforcement Learning for Image Editing: applying RL to image editing offers a promising direc-
tion for improving instruction following and consistency between the generated output and the refer-

ence input. While model-based reward functions can effectively guide instruction following [[111], the
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Reference Image Without VAE With VAE
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- T o N - L=
Change the waterfall and rocky cliff background to snowy mountains and
icy landscape.

Add a person wearing a red winter coat and black snow pants walking
across the snowy field near the center of the image.

Figure 4.6: Qualitative results for image editing comparing models with and without VAE
latent condition.
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design of reward models for measuring consistency remains relatively underexplored.

Designing System Prompts for Inpainting and Subject-Driven Generation: another avenue of ex-
ploration is the design of system prompts that explicitly distinguishes between inpainting and subject-
driven generation tasks. Inpainting tasks prioritize spatial and background consistency, whereas subject-
driven generation emphasizes maintaining consistency in the subject’s appearance. Therefore, incor-
porating task-specific system prompts can effectively guide the model to handle these two categories

of editing more appropriately.

Prompt Rewriting: in practice, we use prompt rewriting to enrich prompt details and improve in-
struction following abilities for both image generation and editing tasks.

While Autoregressive + Diffusion architectures enable strong instruction following, editing con-
sistency still lags behind, even with VAE feature injected into the diffusion model. Bridging this
gap calls for advances in data engineering and scaling reinforcement learning specifically tailored for

image editing.

4.5 Training Recipe and Evaluation

Data quality remains a decisive factor in determining the overall performance of the model.
Although different models have different data engine pipelines, they generally share several key com-
ponents. (1) Diversity: We categorize image topics into domains such as Environments, Business,
Cities, Food & Drink, Nature, Objects, Pets, Wildlife, and Lifestyle. The dataset integrates publicly
available sources, including CC12M [[14]], SA-1B [6]], and JourneyDB [66], supplemented with addi-

tional proprietary images. (2) Filtering: We perform extensive data cleaning; for example, we remove
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extremely low-resolution or corrupted images, and we exclude samples containing watermarks, etc.
(3) Captioning: Dense captions are generated using Qwen-VL-2.5 [71], samples with overly long
captions (exceeding 120 tokens) or low CLIP-based image-text alignment scores are discarded. (4)
Synthetic data: To enrich training diversity, we further construct synthetic datasets, particularly for
text-rendering tasks, and distill data from frontier models.

Regarding the evaluation, although there are numerous benchmarks for evaluating image gen-
eration performance [69, [70, [75]], there remains a significant need for more specialized benchmarks,
particularly for image editing. Such benchmarks are essential for assessing a model’s instruction fol-

lowing ability and the consistency between the generated images and the reference inputs.

4.6 Conclusion

In this work, we introduced BLIP30-NEXT, a fully open-source foundation model that advances
the frontier of native image generation by unifying text-to-image synthesis and image editing within
a single architecture. Through extensive exploration, we identify four central insights: architectural
simplicity coupled with scalability is often sufficient; reinforcement learning holds strong potential to
further improve generation quality; post-training remains crucial for instruction following and edit-
ing consistency; and high-quality, large-scale data continues to set the performance ceiling. Build-
ing on these principles, BLIP30o-NEXT integrates the instruction following and reasoning capabili-
ties of autoregressive modeling with the fine-grained rendering ability of diffusion, yielding coherent
and high-fidelity visual outputs. Experimental results across diverse benchmarks demonstrate that
BLIP30-NEXT achieves superior performance in both generation and editing tasks, confirming the

effectiveness of the Autoregressive + Diffusion paradigm.
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Looking forward, we believe the findings presented here point toward promising directions for
the next frontier of foundation models, where unified architectures, reinforcement learning, and scal-
able post-training jointly drive progress in controllable, instruction-aligned, and high-quality native

image generation systems.
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Chapter 5: Related Work

LLMs have significantly advanced the development of MLLMs, including models like LLaVA
[2], MiniGPT-4 [3], Qwen-VL [[112], and Vila [42]. Most of these models integrate a language-
supervised vision encoder, such as CLIP or SigLIP, with a language model backbone. Beyond these,
there is a wider range of visual models available, including self-supervised models [4]], segmentation
models [6], and diffusion models [5]. Departing from conventional vision encoder designs, our work
introduces an innovative approach by using the generative vision foundation model Florence-2 as the
vision encoder.

While other studies, such as Cambrian [7], Brave [113] and MouSi [[114] have explored the ad-
vantages of combining multiple visual signals, our approach avoids the added complexity and cost of
using multiple vision encoders. Instead, we use a single vision model to generate multiple visual fea-
tures, which each one emphasizing different perceptual information in the input image. This approach
allows us to achieve superior performance with a single vision encoder, surpassing models that rely on
multiple vision encoders, such as Cambrian [7].

Recent studies have highlighted unified multimodal, capable of both image understanding and
generation, as a promising avenue of research. For example, SEED-X [46], Emu-2 [47], and Meta-
Morph [51] train image features via regression losses, while Chameleon 53], Show-o [48]], EMU3 [54]],

and Janus [49, 150] adopt an autoregressive discrete token prediction paradigm. In parallel, Dream-
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LLM [115] and Transfusion [116] leverage diffusion objectives for visual generation. To our knowl-
edge, we present the first systematic study of design choice in the autoregressive and diffusion frame-
work. Regrading to the unifed model training strategy, LMFusion [39] builds on the frozen MLLM
backbone while incorporating transformer modules for image generation using Transfusion [116].
Concurrent work MetaQuery [52] also uses learnable queries to bridge frozen pre-trained MLLMs
with pre-trained diffusion models, but the diffusion models are in VAE + Flow Matching strategy

instead of the more efficient CLIP + Flow Matching one in our BLIP3-o.
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Chapter 6: Conclusion and Future Work

6.1 Conclusion

This dissertation studied how to build a unified multimodal model family that can perceive visual
content, reason over multimodal evidence, and generate (and ultimately edit) visual content. Across
three stages of development, we advanced this goal with architectures and training recipes that sys-
tematically strengthen visual representations, scale native image generation, and improve instruction
following and controllability through post-training.

First, we showed that stronger perception is a prerequisite for robust multimodal reasoning: rich,
multi-level visual features and principled feature fusion better preserve fine-grained details required
by OCR, grounding, and knowledge-intensive understanding. Second, we demonstrated that under-
standing and generation can be unified effectively when the model is designed around compatible
representations and trained with stable recipes—including sequential training that preserves under-
standing while introducing generation capability. Third, we illustrated that post-training, including
reinforcement learning, can further push generation and editing quality by optimizing for instruction
adherence, consistency, and human-aligned preferences.

Overall, the dissertation contributes a coherent view of unified multimodal learning: strong per-
ception enables faithful reasoning, and faithful reasoning enables controllable generation. The pre-

sented models, training strategies, and resources provide a practical path toward general-purpose mul-
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timodal systems that can interpret the visual world and act on it through visual synthesis and editing.

6.2 Future Work

Despite rapid progress, unified multimodals remain an open frontier. We highlight several direc-
tions that can further advance perception, reasoning, and generation.

A key next step is developing representations that simultaneously support fine-grained recog-
nition, long-range spatial relationships, and generation-friendly structure. Promising directions in-
clude hybrid continuous—discrete representations and multi-resolution representations that preserve
both global layout and local details.

Reinforcement learning and preference optimization are powerful but can be data-hungry and
brittle. A promising direction is combining RL with stronger automatic supervision: self-critique,
self-distillation, and verified rewards derived from OCR, detection, and geometry constraints. Another
direction is improving robustness and safety during post-training, including reducing reward hacking
and maintaining broad generalization across prompts and domains.

Finally, unification must remain practical. Future work should explore model efficiency (token
compression and caching), training efficiency (data curation and curriculum), and deployment con-
straints (latency and memory). The long-term goal is a unified system that is not only capable, but also

scalable, reliable, and efficient enough for broad real-world adoption.
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