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A Formal Description of the BIFROST-1 MLLM Architecture

As illustrated in ??, we initialize the visual generation branch from the pretrained MLLM by creating
a trainable copy of the MLP and attention QKV projection layers [16]. The only component randomly
initialized is the vision head, which is a simple linear projection layer. By reusing the majority of
parameters from the pretrained MLLM, we avoid the costly process of realigning image embeddings.

Specifically, we use blue color to denote the original frozen MLLM-specific modules, which handle
language modeling (LM) and image understanding (Img-U) tasks. These modules remain unchanged

during training. In addition, we use yellow color to represent the newly introduced trainable

modules for the image generation task (Img-G), which are initialized as trainable copies of the
corresponding blue modules.

During the image generation training process, we first obtain input hidden states for each task.
Text inputs ™" are projected through a linear embedding layer to produce h*'. Images used for

image understanding (x™¢"Y) and image generation (™) are both passed through the frozen
MLLM-embedded visual encoder £, producing hidden states ;™" and hi™ respectively:

h;l;em — Linearge (mText) h%rlnng—U _ gUnd (mlmg—U) hiIrrlng-G _ gUnd (ajlmg—G)

During the image generation inference process, hf;" ¢G is initialized from 2D learnable mask tokens.

By using patch-level CLIP image embeddings that are natively aligned with the MLLM’s visual
encoder to represent visual signals in vision generation tasks, we eliminate the need for any additional
alignment between the visual generation representation and the MLLM.

For attention processing, we use the frozen MLLM attention layers to compute Q, K, and V matrices

for the text and image understanding tokens h]™' and hf;n ¢V and use the newly added visual
Img-G,

in

generation branch to process the image generation tokens h

Img-U ; Img-U 4 Img-U Img-U
hE R R = QKViiiim (AI) hOEY Y R Y = QKViiw (k)

Img-G ; Img-G 5 Img-G Img-G
ho* " h® T AT = QKVingg (b )

For language modeling and image understanding tasks, we replicate the standard MLLM attention
structure by attending over their respective modalities only. For image generation task, we enable
cross-module attention, allowing image generation queries to attend jointly over all token types.
Specifically:

he™ = Omwim (Attn(hG™, [ o li® ], A3 o hy™ ™))

ho®" = Omwm (Atin(hg™ ", [ o i), [hy"*” 0 b))

hg® = Omgg (An(hg™®, (™ o ™" o ™), Ry 0 hy™ Y 0 hy™]))

where o denotes concatenation, and O(.) denotes linear output projection layer. We apply a causal
mask to text and image understanding tokens, and a bidirectional mask to image generation tokens.

For the MLP layers, we follow the same branching: text and image-understanding tokens h** and

hf;n Y are passed through the frozen MLLM MLP, while image generation tokens hf;n ¢ use the
trainable MLP from the generation branch:
hiith = MLPywiw (hG™) byl = MLPuw (b)) hais” = MLPingg (hg™)

Finally, task-specific heads convert the hidden states to output predictions. For language modeling

and image understanding, we apply a linear projection to o, and for image generation, we project

ImgG . . .
hyp using the vision generation head:

hit = TextHead (hyis) RS — VisionHead (hyrs’)
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Table 1: Comparison with state-of-the-arts on multimodal generation benchmarks.

Method Base (M)LLM Training StepsxBatch Size COCO FID, MJHQFID| GenEvalt DPG-Bencht
EMU [18] LLaMA 13B - 11.66

DreamLLM [5] Vicuna 7B - 8.46 - -

Chameleon [14] From Scratch 7B - 26.74 - 0.39

Show-0-512 [22] Phi-1.5 1.3B - 9.24 15.18 0.68

VILA-U [21] LLaMA-2 7B - - 7.69 - -
EMUS3 [18] From Scratch 7B - 12.80 - 0.66 80.60
MetaMorph [15] LLaMA-3 8B - 11.8 - - -
MetaQuery-L [12] Qwen2.5-VL 3B - 8.87 6.35 0.78 81.10
MetaQuery-XL [12] Qwen2.5-VL 7B 200M 8.69 6.02 0.80 82.05
TokenFlow-XL [6] Qwen-2.5 14B - - - 0.63 73.38
Transfusion [23] From Scratch 7B - 8.70 - 0.63 -
LMFusion [13] LLaVA-Next 8B - 8.20 - -

Janus [20] DeepSeek-LLM 1.5B 100M 8.53 10.10 0.61 -
JanusFlow [11] DeepSeek-LLM 1.5B 211M - 9.51 0.63 80.09
JanusPro-1B [4] DeepSeek-LLM 1.5B 200M - 14.33 0.73 82.63
JanusPro-7B [4] DeepSeek-LLM 7B 194M - 13.48 0.80 84.19
BIFROST-1 (Ours) Qwen2.5-VL 3B IM 23.02 15.24 0.61 76.41

B Comparison with SoTAs on Multimodal Generation Benchmarks

Table 1 compares BIFROST-1 with other unified models on image generation benchmarks, including
COCO and MJHQ for visual quality and GenEval and DPG-Bench for prompt following ability. As
we can see, our model trained on only 9M image-text pairs for 1 epoch matches the performance
with baselines trained with much higher compute, including Janus on GenEval benchmark, and
outperforms TokenFlow-XL on DPG-Bench. In addition, we would like to highlight that the FID
scores on the COCO and MJHQ datasets are heavily influenced by the choice of diffusion model.
Diffusion models fine-tuned on aesthetic datasets (e.g., FLUX.1-dev) typically achieve worse FID
scores compared to models that have not undergone extensive aesthetic fine-tuning (e.g., SD1.5, as
used in MetaQuery).

C Broader Impacts

BIFROST-1 is motivated by the fact that training a unified multimodal generation and understanding
model that can perform native generation with high visual quality usually requires huge computational
cost. By bridging pretrained MLLM with pretrained diffusion models, training BIFROST-1 can be
significantly faster. Therefore, we believe that our work can be a strong contribution to efficient
unified model training. While our framework can benefit numerous applications in image generation,
similar to other image generation frameworks, it can also be used for potentially harmful purposes
(e.g., creating false information or misleading images). Therefore, it should be used with caution in
real-world applications.

D Safeguards

BIFROST-1 is built upon pretrained MLLM (i.e., Qwen2.5-VL) and diffusion models (i.e., FLUX.1-
dev) with strong safeguards, and trained on publically available image datasets (i.e., MSCOCO and
SA1B) that removes unsafe concepts. Therefore, our model avoids the high risk for misuse.

E Limitations

Note that BIFROST-1 is designed as a bridging method that connects existing MLLMs with diffusion-
based image generation models. As such, its performance, output quality, and potential visual artifacts
are inherently influenced by the capabilities and limitations of the underlying backbone models it
relies on. For instance, if the diffusion model used as the visual backbone struggles with generating
complex, rare, or previously unseen scenes and objects, then BIFROST-1, which builds upon this
foundation, may also exhibit suboptimal image generation results. This dependency highlights the
importance of selecting strong and well-generalized base models when applying BIFROST-1 to
real-world or open-domain generation tasks.
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F License

We use standard licenses from the community and provide the following links to the licenses for the
datasets, codes, and models that we used in this paper. For further information, please refer to the
specific link.

PyTorch [1]: BSD-style

HuggingFace Transformers [19]: Apache License 2.0
HuggingFace Diffusers [17]: Apache License 2.0
FLUX.1-dev [8]: Non-Commercial License

Qwen2.5-VL [2]: Non-Commercial License

MSCOCO dataset [10]: CCBY 4.0

CCI12M dataset [3]: Permissive Custom License

SA1B dataset [7]: SA-1B Dataset Research License
MIJHQ30k dataset [9]: Playground v2 Community License


https://github.com/pytorch/pytorch/blob/main/LICENSE
https://github.com/huggingface/transformers/blob/main/LICENSE
https://github.com/huggingface/diffusers/blob/main/LICENSE
https://huggingface.co/black-forest-labs/FLUX.1-dev/blob/main/LICENSE.md
https://huggingface.co/Qwen/Qwen2.5-VL-3B-Instruct
https://cocodataset.org/#termsofuse
https://github.com/google-research-datasets/conceptual-12m/blob/main/LICENSE
https://ai.meta.com/datasets/segment-anything/
https://huggingface.co/playgroundai/playground-v2-1024px-aesthetic/blob/main/LICENSE.md
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Figure 1: Visualization examples from MJHQ30k dataset.
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