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ExperimentMethodIntroduction

📊Quantitative Evaluation: DLF achieves SOTA rate-distortion performance.

🖼Qualita.ve Evalua.on: DLF delivers best visual quality with lowest bitrate.🔍Mo#va#on: Increasing demand for efficient image compression methods.

• Tradi8onal / MSE-op8mized codecs produce blurry images at low bitrates.

• Recent genera8ve codecs apply visual tokenizer for higher compression ra8o but 
sacrifice detail fidelity at low bitrates.

🔬Tokenizer Analysis
• Visual tokenizers compress im-

ages into latent features and 
generate reconstruc8ons from 
compact representa8ons.

• They priori8ze clustering com-
mon seman8cs on the dataset.

• But failing at capturing fine-
grained details on single image.

• Leads to subop.mal fidelity at 
extremely low bitrates!

💡Our Solu#on: DLF

• DLF decomposes the image 
into seman.c and detail parts.

• Seman.c branch inherits the 
clustering capability of genera-
8ve visual tokenizer.

• Detail branch represents the 
diverse details through a large 
quan8za8on space.

• Cross-branch interac.on op8-
mizes bit alloca8on between 
boPlenecks, there by reducing 
redundancy.

(Dual-generative Latent Fusion)

Our Dual-genera2ve Latent Fusion framework

Existing generative tokenizer-based framework

Q: scalar quantization;    AE/AD: arithmetic codec;    VQ-E/VQ-D: VQ-indices coding.

Overview of the proposed DLF framework. 

🛠 Key components
• Seman@c transform adopts 1-D tokenizer to compress each 
256×256  image patch into 32 tokens, while detail 
transform adopts Swin-Conv blocks to extract details.

• Two branches interact via mul@ple IT modules to reduce 
redundancy and improve compression efficiency.

• Seman@c latents are quan@zed with vector quan@za@on 
(VQ), while the detail branch uses scalar quan@za@on (SQ) to 
represent finer content with a larger quan@za@on space.

• Latent Adaptor fuses two latents into VQGAN’s latent space. 
The image is decoded with a pretrained pixel generator.

Architecture of Interac2ve Transform (IT) module.

Detail branch allocates more bits to specific objects and 
fewer bits to common content.

Two-stage training: Stage I aligns the latent to accelerate 
convergence; Stage II fine-tunes the entire model in the 
pixel domain, enhancing reconstruction quality.

Abla%on studies validate the effec,veness of the dual-
branch architecture, cross-branch interac,ve design, and 
SQ-based detail quan,za,on.

Complexity analysis shows DLF achieves faster coding and 
better quality than recent diffusion-based codecs (PerCo, 
DiffEIC. The larger model leads slower speed compared to 
MS-ILLM but ensures superior generation quality.


