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1. Supplementary

We present additional results in the supplementary ma-
terial to supplement our primary study. First, we create a
demo video to further demonstrate our CEVR model’s flex-
ibility in generating LDR images with continuous exposure
values (EV), which is critical for our two major contribu-
tions, continuous stack and cycle training. Second, we pro-
vide additional qualitative comparisons of LDR stacks and
HDR images to demonstrate the effectiveness of our ap-
proach. Finally, we demonstrate the effectiveness of con-
tinuous stack by analyzing the estimated inverse camera re-
sponse function (CRF) from Debevec’s method [1].

1.1. Demo Video

Existing methods [2, 3] mainly generate discrete EV
LDR stacks and then fuse them to reconstruct HDR im-
ages. By contrast, our approach integrates the implicit neu-
ral representation into our model and makes it able to gen-
erate continuous EV LDR stacks. Based on this flexibility,
we propose two main strategies, continuous stack and cy-
cle training, to improve the quality of LDR stacks and HDR
images. We also design the intensity transformation to fur-
ther enhance the quality of estimated LDR images. Our
demo video (included in the supplementary files) shows the
flexibility of our CEVR model in generating LDR images
with continuous EVs and visualizes the effectiveness of our
three main contributions (i.e., intensity transformation, cy-
cle training, and continuous stack).

1.2. More Qualitative Comparisons

Results presented in this section are generated with the
model designs mentioned in the main manuscript (intensity
transformation, continuous stack, and cycle training). Our
model is trained on the training data in the VDS dataset [2]
and predicts the LDR images with different EVs from the
testing data in the VDS and HDREye datasets [5].

Estimated LDR stack. We provide additional visual com-

parisons of the estimated LDR stack on the VDS dataset to
verify the effectiveness of our approach compared to the
existing approach, Deep recursive HDRI [3]. As shown
in Fig. 1, our approach can predict LDR images with more
accurate color tones while reducing artifacts.

Reconstructed HDR images. We showcase extra visual
comparisons of reconstructed HDR images compared to the
recent single-image HDR reconstruction methods, Deep re-
cursive HDRI [3] and Liu et al. [4], on both the VDS and
HDREye datasets. As shown in Figs. 2 and 3, our approach
can generate tone-mapped images with better color tones
and fewer artifacts.

1.3. Analysis of estimated inverse CRF

Existing LDR stack-based methods, e.g., [2, 3], build
the deep learning-generated LDR stack with predefined ex-
posure values first, and Debevec’s method [1] then gener-
ates the estimated inverse camera response function from
the LDR stack and reconstructs the final HDR result. The
inverse CRF, which should be monotonic and smooth, is
used to transform the intensity value of LDR images into
the relative radiance values of HDR images.

Based on the observation in Fig. 2 in the main paper,
we propose the CEVR model to generate an enriched and
denser LDR stack. As shown in Fig. 4, the estimated cam-
era response function generated from the continuous stack
setting is smoother than the one generated from the prede-
fined stack setting. Due to the lack of ground truth cam-
era response curves in both the VDS [2] and HDREye [5]
datasets, we analyze the smoothness and monotonicity of
the estimated CRF generated from two stack settings to
evaluate the quality of estimated camera response curves.
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