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Quantitative Results Analysis of 3D Gaussian PrimitivesHierarchical Feature Extraction and Depth EstimationHierarchical 3D Gaussians help Reconstruction from bone to flesh 

Figure 1. Comparison between HiSplat and previous methods. HiSplat constructs 
hierarchical 3D Gaussians which can better represent large-scale structures (more accurate 
location and less crack), and texture details (fewer artefacts and less blurriness).

Overall Framework

Figure 2. The overall framework of HiSplat. For simplicity, the situation with two input images 
is illustrated. HiSplat utilizes a shared U-Net backbone to extract different-scale features. With 
these features, three processing stages predict pixel-aligned Gaussian parameters with different 
scales, respectively. Error aware module and modulating fusion module perceive the errors in 
the early stages and guide the Gaussians in the later stages for compensation and repair. 
Finally, the fusing hierarchical Gaussians can reconstruct both the large-scale structure and 
texture details.

Error Aware Module

Modulating Fusion Module

Analysis of 2D Error Map

• Hierarchical Feature Extraction: To extract hierarchical multi-scale features from input multi-
view 2D images, we construct a CNN and Transformer mixed feature extraction backbone 
network with a U-Net architecture.

• Hierarchical Depth Estimation: For hierarchical Gaussians, the larger-scale Gaussians form 
the skeleton, while smaller Gaussians are near larger-scale Gaussians as a supplement. 
Therefore, the depth prediction principle is estimating the largest-scale Gaussian depth 
accurately, and using it as a reference to predict the depth of smaller-scale Gaussians

Figure 3. Illustration of Error Aware Module. To enable small-scale Gaussians to supplement 
the lacking details and correct structural errors of the large-scale Gaussians, we render the mixed 
Gaussians from the previous stage from input views and compute an error map with the input 
images. A lightweight 2D U-Net with two predictors is used to aggregate and generate the depth 
offsets and Gaussian features. 

Figure 4. Illustration of Modulating Fusion Module. Inspired by spatial attention, Modulating 
Fusion Module focuses on modulating and reweighting the Gaussians’ opacity in the areas with 
significant errors.

Qualitative Comparison

 Novel Views Synthesis

 Cross-Dataset Generalization

Figure 5. Comparison of Gaussian primitives in different stages on DTU. HiSplat can 
gradually generate large-scale solid Gaussians as “bone” and small-scale transparent Gaussians 
as “flesh”, confirming better rendering quality and geometry.

Figure 6. Comparison of rendering images from different stages on RealEstate10K. HiSplat
can perceive the error, and utilize Gaussians in the later stages to add details and correct errors 
gradually.

Analysis of Efficiency and Effectiveness
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