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1. Additional Implementation Details for
nerfacto!

Blender. For the Blender dataset [5], we set ¢, =
2.0, ty = 6.0 for all scenes. We disable the camera op-
timizer, the appearance embedding, the distortion loss and
the scene contraction. We manually set the background color
to white. For all scenes, we use a batch size of 2048 rays
during training and use a uniform initial proposal network
sampler. We train nerfacto! for 16.5 x 103 epochs, as in [7].

LLFF. For the LLFF dataset [4], we disable the camera
optimizer, the appearance embedding and the distortion loss.
We use a {, scene contraction as default for nerfacto [7],
contrary to the use of NDC coordinates in NeRF and Mip-
NeRF. We do not use our custom LLFF dataparser, we in-
stead opt for the nerfstudio dataparser, which requires pre-
processing the data. For all scenes, we use a batch size of
1024 rays during training and a batch size of 2048 during
evaluation. We train nerfacto’ for 30 x 103 epochs, as in [7].
For the leaves scenes, we use a uniform initial proposal
network sampler, as the piecewise-uniform sampler did not
result in stable optimization.

Mip-NeRF 360 and Deep Blending. For Mip-NeRF
360 [2] and Deep Blending [3], we use the Nerfstudio data
processing pipeline [7] to extract the dataset using the given
SfM output. As we use an MLP with NeRFs positional
encoding [5], the hyperparameters reported in [7] do not
necessarily provide the best results. We experimented with
different hyperparameters and ultimately used the configu-
ration reported in the main paper, as it resulted in the best
performance for nerfacto’. Also, note that the results for
Mip-NeRF 360 reported in [7] do not include the scenes
flowers and treehill, for which nerfacto’ exhibits the worst
image metrics (c.f. Sec. 3).

Comparison with nerfacto. To investigate the effect of the
MLP introduced for nerfactoT, we compare the results with

nerfacto (with HashMLPDensityField) in Tab. 6. We use the
Mip-NeRF 360 dataset [2] and use the same hyperparameter
settings as reported in the main paper. As we can see, both
variants achieve comparable results, although nerfacto is
significantly faster.

Method #Layers PSNR1T SSIM1T LPIPS|
2 24.201 0.726 0.247
3 24272 0.732 0.237
nerfacto' 4 24.201 0.732 0.237
5 24.176 0.729 0.240
6 24.247 0.732 0.234
nerfacto 24.682 0.735 0.229

Table 6. Comparison of nerfacto! (with MLP) and nerfacto (with
HashMLPDensityField) for the Mip-NeRF 360 dataset [2].

2. Ablation Studies

First, we present an extensions to our method, which reduces
processing time even further. In addition, we also report
more detailed results for the ablation studies in Sec. ??.

Figure 8. Example renderings from our our method (with ReLU)
compared to without ReLU for the the Mip-NeRF 360 dataset [2].
Not using the ReLU results in artefacts for various renderings due
to not being able to capture fine geometry.



NeRF
Blender, 800 x 800 LLFF, 1008 x 756

Method

PSNR SSIM LPIPS PSNR SSIM LPIPS
Base 29.05 093 0.07 2512 0.74 0.24
Upsampling 2890  0.93 0.08 2460 0.73 0.26
NeRF 29.87 094 0.06 2589 0.78 0.18

Mip-NeRF

Base 29.04 093 0.07 2544  0.75 0.22

Upsampling  28.94  0.93 0.08 2490 0.74 0.25
Mip-NeRF 29.69 094 0.06 2599 0.78 0.18

Table 7. Ablation study: We can further improve the performance
of our implementation by obtaining the activations at a lower reso-
lution. We use the Blender [5] and LLFF [4] datasets and use £ = 2
and f2, the configuration which performed best in our experiments
for these datasets.

2.1. Upsampling Activations

As our approach builds on the intermediate activations for
a proposal of density along a ray, a natural extension to our
method is to obtain the activations A(©) at a lower resolu-
tion. To this end, we perform an ablation study, where we
record A () at a resolution of 2 x 2 x Ze x N}, then per-
form upsampling to obtain a full-resolution activation A (©),
As our interpolation method, we choose nearest neighbor
upsampling due to its negligible cost. Similarly to this ap-
proach, DONEeRF [6] filters along the depth axis and across
neighboring rays to obtain a smoothed depth target for their
oracle network. For the Blender dataset [5] and the LLFF
dataset [4], we use our method with £ = 1 and f> and report
results in Tab. 7. We perform this experiments for NeRF [5]
and Mip-NeRF [1]: As we can see, this modifications im-
pacts visual quality only slightly.

2.2. Impact of Capacity

We provide the full results for our capacity experiment from
the main material in Tab. 8. As we can see, layer { =
1, f2 is the best configuration for our method across various
scenarios. This further indicates that capacity has minimal
impact on our approach.

2.3. ReLU or no ReLLU

We provide two example renderings comparing our method
with the variant without the ReLU in Fig. 8. As can clearly be
seen, not using the ReLLU leads to more artefacts, particularly
around sharp edges, causing the drop in all image metrics.
This is caused by the more inconsistent histograms and the
larger standard deviation.

Reduced Capacity: 2 Layers Reduced Capacity: 3 Layers

PSNR SSIM LPIPS Speedup PSNR SSIM LPIPS Speedup

fi 23.66 0.703 0.267 2320 0.696 0.272
1 fa 23.69 0.704 0.267 - 2331 0.700 0.268 44%
f3 23.66 0.703 0.269 2320 0.697 0.272
fi 22.63 0.677 0.299
2 fa 22.56 0.676 0.299
f3 2271 0.676 0.306
nerfacto! [[242000/72610:247 - 2427 0732 0.237

Increased Capacity: 5 Layers

PSNR SSIM LPIPS Speedup PSNR SSIM LPIPS Speedup

Increased Capacity: 6 Layers

fi 22.83 0.689 0.279 22.73 0.686 0.282
1 f2 2294 0.692 0.276 101% | 22.89 0.690 0.278 120%
f3 22.83 0.688 0.280 2275 0.686 0.283
fi 22.82 0.688 0.280 22.67 0.683 0.287
2 fa 22.84 0.688 0.281 50% 22.69 0.683 0.289 69%
f3 2278 0.686 0.284 22.62 0.680 0.294
fi 22.70 0.684 0.287 22.64 0.683 0.289
3 fa 22.60 0.682 0.291 20% 22.58 0.680 0.294 37%
f3 22.64 0.680 0.295 22.47 0.675 0.303
f1 22.54 0.677 0.299 22.52 0.678 0.298
4 fa 2228 0.670 0.305 - 2231 0.672 0304 15%
f3 22.62 0.673 0.308 2241 0.671 0.310
f1 22.45 0.673 0.305
5 f2 22.18 0.665 0.317
f3 2255 0.673 0.312
nerfacto! [[241870/729770:240 - 2425 0732 0.234

Table 8. Detailed Results for our capacity ablation study with the
Mip-NeRF 360 dataset [2]. In every configuration, our method
performs best at £ = 1, fo. We color code [best , second-best and

third-best for each scene.

3. Per-Scene Results

In Tabs. 9 and 10, we show per-scene results for the Blender
dataset [5] and the LLFF dataset [4]. For the drums scene,
we manage to outperform Mip-NeRF quantitatively. In
Tabs. 11 and 12, we also report the per-scene results for
Mip-NeRF 360 [2] and Deep Blending [3].
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NeRF

£  Fct.  Chair Drums Ficus Hotdog Lego Materials Mic  Ship

fi 30.10 2233 2621 3241 2679 2805 29.10 24.86
1 f2 30.12 2330 28.25 3340 2899 2858  30.53 26.30
fa 30.43 2323 28.14 3326 2875 28.61 3048 26.16

fi 30.66 23.57 25.83 33.17 2854 28.87 31.27 22.04
2 f2 30.19 23.63 2845 33.61 30.03 2873 3097 26.79
f3 30.69 2391 29.03 3386 30.62 29.01 31.37 27.03

fi 27.93 2026 21.74 28.10 20.56 26.13  28.15 [20.48
3 fa 2898 2046 2242 3297 27.62 2618 2528 2591
fa 2793 19.62 21.29 32.15 26.14 24.17 2359 2571

NeRF 31.16 24.09 29.26 3433 3134 29.08 31.75 27.92

NeRF
Mip-NeRF

¢  Fct. Fern Flower Fortress Horns Leaves Orchids Room T-Rex

f1 30.14 2233 26.10 33.06 27.52 2821 2854 24.44
1 fa 30.01 2336 27.60 33.64 29.83 28.60 30.25 26.69 f1 23.83 27.61 2812 25.11 21.38 19.35 3032 25.16
f3 30.34 2334 2744 3387 29.70 28.61 2993 26.56 1 f2 24.19 28.03 2827 2552 2135 19.57 30.81 2544
I3 24.07 2797 2822 2542 2138 1948 30.73 2543

f1 30.77 2391 2746 31.67 2897 2797 3099 11.65
2 f2 30.13 23.66 28.07 33.57 3038 28.62 3097 26.89 f1 2376 27.68 2795 2484 21.08 19.48 28.66 24.32
f3 30.65 | 2395 28.39 3372 30.82 28.83 3130 27.16 2 f2 24.03 2795 28.17 2526 2123 19.62 2944 2530

f 28.77 2231 2596 | 17.52 2323 2785 30.90 [ 11.20 fs 2392 2786 2809 2514 2019 1956 2913 2521
1 . . A 5 5 . 30. o

3 f2 29.19 22.68 25.16 33.60 29.64 2775 25.06 26.66 fi 23.61 27.65 2774 2434 2097 1950 28.18 [21.73
f3 28.07 21.86 2322 3344 29.64 2627 2198 27.10 3 f2 2392 2795 28.06 2496 21.17 | 19.65 2894 2526

- f3 23:82 2788 2795 2479 21.12 19.61 28.66 25.17
Mip-NeRF [31113° 23.82 [28.52 3441 31.07 2931 3154 27.71
NeRF 2470 28.61 29.07 26.05 21.56 19.95 3149 2572

nerfacto’
Mip-NeRF
fi 28.30 20.80 22.06 31.48 2589 24.19 2749 25.14
1 f2 29.07 21.17 12236 3198 26.89 2435 28.19 25.56 f1 23.56 27.73  28.04 2479 21.38 19.34  30.57 25.16
f3 20.07 21.18 2221 3203 2691 2430 2802 2566 1 f2 2393 2826 2850 2551 21.37 19.59 30.89 2556

f3 23.80 28.16 2832 2535 2139 1950 30.79 25.46

f1 29.16 20.89 22.08 31.19 2726 2461 29.18 25.57
2 fa 2935 2136 22.17 3146 28.16 2456 29.45 2593 f1 2341 2788 28.13  24.89 2123 1941 3047 2472
f3 2856 2124 2204 31.18 27.40 | 2466 2951 2592 2 f2 2372 2833 2852 2549 2134 19.60 3092 25.58

f3 23.60 2829 2837 2535 2134 1953 30.78 25.51
fi 27.96 2059 22.02 31.00 [28.50 24.64 29.52 25.04
3 fo 2801 2064 2200 3103 2524 2436 28.16 2516 fi o 2351 2569 2831 23.68 2074 1875 30.14 1530
fs3 2795 20.60 22.02 31.01 22.69 2353 2555 24.97 3 f2 23.83 2837 2872 2552 2132  19.67 3090 25.61
f3 2371 2834 28,60 2537 2131 19.61 30.81 25.57

Mip-NeRF 2454 28.69 2947 26.13 2159 2001 3159 2592

nerfacto’ | 30.64 22.11 2286 32.67 30.65 2476 2978 27.38

.

Table 9. Per-Scene PSNR results for the LLFF dataset [4]. We nerfacto

color code | best |, second-best and third-best for each scene. In fi 2352 2660 2759 2518 1798 19.03 29.81 25095
.. L : 1 f» 2372 2678 2770 2644 17.86 @ 19.06  30.09 25.88

addition, we highlight |failures of our method. ¥s 2310 2630 2722 2488 18.14 1892 2945 2506

f1 2232 26.06 2684 2597 18.61 1857 30.20 25.07
2 f2 2298 26.64 2753 2665 1925 1899 |30.28 26.34

thesis with Prescriptive Sampling Guidelines. ACM TOG, 38 fs 2197 2521 2645 2385 1829 1833 2998 24.03
4),2019. 1, 2,3 f1 2244 2583 2723 23.65 1834 17.88 28.03 2228
[5] Ben Mildenhall, Pratul P. Srinivasan, Matthew Tancik, 3 ;i ;g?g %233 gggg ggg? }Ség :;ZZ) gg:g; gg:ig
Jonathan T. Barron, Ravi Ramamoorthi, and Ren Ng. NeRF:
Representing Scenes as Neural Radiance Fields for View Syn-
thesis. In ECCV, 2020. 1,2, 3
[6] Thomas Neff, Pascal Stadlbauer, Mathias Parger, Andreas
Kurz, Joerg H. Mueller, Chakravarty R. Alla Chaitanya, An-
ton S. Kaplanyan, and Markus Steinberger. DONeRF: Towards addition, we highlight failures’ of our method.
Real-Time Rendering of Compact Neural Radiance Fields us-
ing Depth Oracle Networks. Comput. Graph. Forum, 40(4):
45-59,2021. 2
[7] Matthew Tancik, Ethan Weber, Evonne Ng, Ruilong Li, Brent
Yi, Justin Kerr, Terrance Wang, Alexander Kristoffersen, Jake
Austin, Kamyar Salahi, Abhik Ahuja, David McAllister, and
Angjoo Kanazawa. Nerfstudio: A Modular Framework for
Neural Radiance Field Development. In SIGGRAPH, 2023. 1

nerfacto’ | 23.83  27.01 2794 2691 2128 19.11 3036 26.39

Table 10. Per-Scene PSNR results for the Blender dataset [5]. We
color code 'best |, second-best and third-best for each scene. In



Outdoor Scenes

4 Fet. Bicycle  Flowers  Garden Stump  Treehill

fi 20.47 20.15 23.69 22.88 17.55
1 f2 20.70 20.17 23.75 22.98 17.55
f3 20.51 20.14 23.69 22.90 17.54

fi 20.45 20.13 23.58 22.89 17.35
2 fo 20.59 20.03 23.45 22.97 17.33
f3 20.41 20.12 23.61 22.86 17.46

f1 24.52 19.98 23.48 22.71 17.47
3 fo 20.03 19.94 23.20 22.56 17.42
f3 20.12 19.89 23.54 22.70 17.48

nerfacto! 22920 2T 208 S

Indoor Scenes

Bonsai Counter  Kitchen Room

f1 2543 24.06 24.29 26.66
1 fa2 25.65 24.20 24.54 26.79
f3 25.40 24.00 24.32 26.73
f1 25.47 23.96 23.97 26.56
2 fo 25.41 23.99 23.68 26.47
f3 25.15 23.94 23.93 26.52
f1 24.52 23.76 23.82 26.03
3 fo 24.36 23.64 23.15 25.63
f3 24.29 23.90 23.63 25.96
nerfact! s 2536 2676 83

Table 11. Per-Scene PSNR results for the Mip-NeRF 360
dataset [2]. We color code -, second-best and third-best
for each scene.

Dr Johnson Playroom

PSNR SSIM LPIPS PSNR SSIM LPIPS

f1 2839 0.885 0.195 27.63 0.831 0.280
1 fo 2839 0.885 0.196 27.64 0.833 0.279
f3 2842 0.885 0.194 2755 0.830 0.284
f1 28.46 0.886 0.194 2749 0.830 0.284
2 fo 2847 0.886 0.194 2744 0.827 0.291
f3 2838 0.885 0.196 2749 0.828 0.289
fi 28.23 0.881 0.202 27.30 0.818 0.310
3 fo 28.03 0.879 0205 2693 0.809 0.322
f3 28.18 0.877 0209 27.38 0.817 0.315

herfics 2965 0903 0712887 08% 0242

Table 12. Full Per-Scene Results for the Deep Blending dataset [3].
‘We color code -, second-best and third-best for each scene.




	. Additional Implementation Details for nerfacto
	. Ablation Studies
	. Upsampling Activations
	. Impact of Capacity
	. ReLU or no ReLU

	. Per-Scene Results

