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Experimental Results

Table 1: Quantitative comparisons state-of-the-art methods on the FiveK. Table 2: Quantitative comparisons state-of-the-art methods on the HDR.

Problem Description

3D LUT involves: look-up table and trilinear interpolation.
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» (a) 3D LUT learns the color transform through a serial
schema from only single 1mage, It Is difficult to model the
precise relationship between semantic and color transform

» (b) We take 1mage and LUT features Into consider, and
adopt cross attention architecture and LUT-aware module to
construct the fine-grained LUT
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* Our method leverages a parallel learning process requires more
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model parameters but remains within the real-time requirement

* Visual results demonstrate our CANet produces the color
transformation is closest to the ground-truth
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» We conduct comprehensive experiments on FiveK and HDR, the
results show that our model outperforms state-of-the-art methods
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