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Figure 1: The rendered outcomes of our HPC framework on different datasets.

1 MORE QUALITATIVE RESULTS

The enhanced rendering outcomes from our HPC framework ap-
plied to the ReRF[2] and DNA-Rendering[1] datasets further demon-
strate the effectiveness of our method across diverse datasets. Addi-
tionally, this showcases our method’s capability to support variable
bitrate streaming within a single model.

2 PROGRESSIVE TRAINING STRATEGY

A more detailed exposition of the progressive training strategy is
presented in Algorithm.(1).

3 MORE DETAILED CONFIGURATIONS

In all comparative experiments, we set the bounding boxes for the
entire DNA dataset to [[-0.7,—0.2,-0.7], [0.7, 1.55,0.7]]. For the
ReRF dataset, the bounding boxes were set as follows: the kpop
sequence to [[-0.6,—-0.5,—1.25], [0.6,0.7,0.1]], the box sequence
to [[-0.55,—-0.5,—1.18], [0.55,0.55,0]], and the sing sequence to
[[-0.85, 0.5, —1.15], [0.35, 0.3, 0.1]].

To ensure fairness, all manual post-rendering adjustments to the
background based on masks were prohibited, and the resolution of
the generated images was set to match that of the input.

Algorithm 1 Progressive Training Strategy

1:
2:

Y N U s W

19:

20:
21:

Initialize residual feature grids Rl R%, cee Rf
Initialize learning parameters Ay, A2, set maximum iterations
maxiter, and active iteration step actiter

. GetP! F2 ... FL _ from the reference frame buffer

=1 -1 >hE-1

: Fix higher resolution grids R?, R?, B ,Rf
: Start training on R} with initial low-resolution
: for it « 1 to maxiter do

if it == [ X actiter then
Start gradient backpropagation for Ri“
Begin entropy estimation and simulate quantization on
Rl+1
t
end if
if it == maxiter — I X actiter then
Stop training on Rf_l
if current frame is keyframe then
Set Ay, A2 « 0 for refining the training focus
end if
end if
Update learning rates and regularization parameters dy-
namically
Combine activated Rﬁ with corresponding f“i_l to get f‘i
Calculate the corresponding L! and perform gradient back-
propagation
end for
Put well-trained F; into the reference frame buffer
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