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1. Computational analysis
In order to support the argument that ISALux is a computationally efficient we also provide a computational efficiency
comparison between us and other methods, as in Table 1.

Method FLOPS (G) PSNR SSIM FLOPS/PSNR

RetinexNet [8] 587.47 18.92 0.427 31.06
MIRNet [11] 785.00 26.52 0.856 29.60

Restormer [12] 144.25 26.68 0.853 5.41
EnGAN [3] 61.01 20.00 0.691 3.05
SNR-Net [9] 26.35 26.72 0.851 0.99

Retinexformer [1] 15.57 27.14 0.850 0.57

ISALux (Ours) 37.82 27.63 0.881 1.36

Table 1. Comparison of different methods in terms of FLOPS(G), PSNR, and SSIM measured on LOL. To highlight the FLOPS required
to achieve certain performances, we also introduce the ratio between the FLOPS and the PSNR.

2. Experts distribution
One might argue that the gating mechanism might overfit and that some experts might be employed more than others. To
prove that all of the experts are used in the enhancement process, we analyze experts’ conditional activations when testing on
the LOL-v1 [8] dataset, , as in Table 2.

Expert Activation Percentage (%)

Expert 0 23.81
Expert 1 20.95
Expert 2 23.33
Expert 3 31.90

Table 2. Activation probabilities of each expert based on selection data.

3. The accuracy of semantic segmentation maps under low light conditions:
The quality of semantic segmentation maps might be questioned when these feature maps are generated from a low-light
image. We approached this conundrum by assuming two important aspects:
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1. For severely light-deficient images, we assumed poor segmentation of objects, which is perceived by the model as a need
for uniform light enhancement across the entire scene.

2. The most commonly used datasets for low-light image enhancement (those described in our paper) also contain images
with scenes where the lighting level is higher and does not entirely hinder the correct segmentation of objects. This
information is incorporated into the attention mechanism to preserve object separation in the feature maps used during the
enhancement process.

4. Attention feature maps
The HISA-MSA attention mechanism is central to ISALux. While one could use a single multi-head attention module with
point-wise multiplication by the prior maps, we opt for two separate modules. To justify this, we present four feature maps:
(1) the first attention map, (2) its product with the illumination prior, (3) the second attention map, and (4) its product with
the segmentation prior. Figure 1 highlights the distinct feature weighting and the impact of prior-guided modulation.

Figure 1. The 4 feature maps extracted from the HISA-MSA module. To produce them we have used Principal Component Analysis (PCA)
due to the depth of the maps which was much higher than 3, the RGB standard.



5. Qualitative results
We provide further qualitative results on some of the datasets we have used as benchmarks in the paper: the LOL datasets,
the non-reference datasets (MEF [5], LIME[2], DICM [4], NPE [6]), and LOL-Blur [14]. The comparison is made against
the following methods: LLFlow [7], SNR-Net [9], Retinexformer [1], and GLARE [13], LL-SKF [10].

5.1. LOL datasets
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Figure 2. Qualitative results on the LOL dataset



5.2. Non-reference datasets
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Figure 3. Qualitative results on the non-reference datasets



5.3. LOL-Blur
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Figure 4. Qualitative results on the LOL-Blur dataset



Input ISALux (Ours) Ground truth

Figure 5. Qualitative results on the LOL-Blur dataset
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