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Abstract

Research on image-generating models has advanced rapidly, with the Transformer architecture using
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diffusion models becoming the mainstream. Addressing the bottlenecks faced by current image-gen-
erating models in processing complex images and improving inference speed, this paper proposes an
adaptive generation strategy based on image spatial complexity, drawing inspiration from the diffusion
Transformer. We devise a method to calculate image spatial complexity by incorporating texture and
structural information, using this as input to a generative model to dynamically analyze the complex
structure of the generated image. Based on this complexity metric, we further propose a block-wise
adaptive generation strategy that adjusts the depth of the inference model based on the spatial complex-
ity of the sub-images, significantly improving generation efficiency while maintaining image quality.
Our model is experimentally validated on the ImageNet 256 x 256 and MSCOCO 2017 datasets, out-
performing mainstream image generation models in terms of FID, sFID, and IS metrics, while signif-
icantly accelerating inference speed. The generated results demonstrate that it not only recovers a
wide range of underlying details, but also effectively improves model iteration speed, demonstrat-
ing the effectiveness and feasibility of this approach for complex image generation and accelerated
inference.
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Figure 1. Schematic diagram of the denoising process of the image generation model
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Figure 2. Frequency histograms of spatial complexity scores for ImageNet 256 x 256 and MSCOCO 2017. Each block repre-
sents the frequency of images in that score range
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Table 1. Experimental results of mainstream image generation models on the ImageNet 256 x 256 and MSCOCO 2017 datasets,
including FID, sFID, and IS metrics. Some FID results are calculated during this experiment
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VQGAN 15.78 78.3 - 30.01
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DM-GAN 19.40 - - 32.64
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Figure 3. Results generated by some models, the image size is 256 X 256
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Figure 4. Comparison of image inference iteration speeds of the DiT architecture model and the model using a complex image
acceleration inference strategy under the same test environment
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