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Abstract

We introduce SplitStream, a dual-path Neural Transformation Cache (NTC) training framework designed to reduce motion blur
and ghosting artifacts in real-time Free-viewpoint Video (FVV) reconstruction with 3D Gaussian Splatting (3DGS). In the first
frame, foreground and background are distinguished using SAM2-based 2D masking and space carving, after which each region is
trained independently. To better capture dynamics, our method incorporates mask-guided NTC training along with error-aware
densification, allowing accurate motion tracking in dynamic areas while ensuring stability in static scenes. Evaluations on the
N3DV and MobileStage datasets show that SplitStream improves PSNR by +0.72dB on average over streaming baselines; even
under fast motion, it preserves clear object boundaries and enables consistent, artifact-free real-time streaming.

Keyword : 3D Gaussian Splatting, Free-viewpoint Video (FVV), Foreground-Background Separation,
Neural Transformation Cache (NTC), Real-time Streaming
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Table 3. Quantitative Results on MobileStage Dance scene (*in-
dicates that the evaluation was performed using the official code in
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