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DTU Lk NVS LPIPS| PSNR{ SSIM +

EEEESE 0.421 12.2 0.444
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-RealEstatel0K 0.435 12.0 0.429

%% 3. [Ablation study on training data. Training on
all datasets improves performance.] YEREPRTHMSER, 1
P B se EIZRE T T 1ERE,

sion model not on the input view, but on the nearest view.

i SDS #idE, BAESCERMITAALTS HFR
BIRCERAE h MBTRLAS X = (X0, B X, ~
p(X;| X, M(D, f, E,i,j)), ALBERGRER, T
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Ja, Stk sDs B, FATASAEAA., AR
TR NS BB 25

As shown quantitatively in a user study in Section
4 and qualitatively in Figure 9, SDS anchoring produces
more diverse background contents. We provide more details

about the setup of SDS anchoring in the supplementary.
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4. E%; (Experiments)
4.1. % & (Setup)

Datasets. Our models are trained on a mixture dataset
consisting of CO3D [31], ACID [17], and RealEstatel0K
[45]. Each example is sampled uniformly at random from
the three datasets. We train at 256 x 256 resolution,
center-cropping and adjusting the intrinsics for each im-
age and scene as necessary. We train using our representa-
tion MgpoF+1, viewer Unless otherwise specified. We provide

more training details in the supplementary.
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FRAES A UEHH, SNUMERA IR Mopor+1, viewer
I[E2

TAERN FER R BB T 38 2 I ZRA0T

We evaluate our trained diffusion models on held-out
subsets of CO3D, ACID, and RealEstatelOK respectively,
for 2D novel view synthesis. Our main evaluations are
for zero-shot 3D consistent novel view synthesis, where we
compare against other techniques on the DTU benchmark
[1] and on the Mip-NeRF 360 dataset [2]. We evaluate
at 256 x 256 resolution except for DTU, for which we use

400 x 300 resolution to be comparable to prior art.
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B 9. [Whereas standard SDS (left) tends to predict monotonous backgrounds, our SDS anchoring (right) generates more

diverse background contents. Additionally, SDS anchoring generates noticeably different results depending on the seed.] #&
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Implementation details. Our diffusion model training
code is written in PyTorch and based on the public code
for Zero-1-to-3 [19]. We initialize from the pretrained Zero-
1-to-3-XL, swapping out the conditioning module to accom-
modate our novel parameterizations. Our distillation code

is implemented in Threestudio [14]. We use a custom NeRF



2D Hrilfh &K 3D NeRF 7/H
CO3D RealEstatel10K ACID DTU
FAEFoR PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS
Mzero—1—to—3 12.0 .366 .590 11.7 .338 .534 15.5 371 431 10.3 .384 ATT
MepoF+1 12.2 .370 575 12.5 .380 483 15.2 .363 .445 9.5 .347 472
M6DoF+1, norm. 12.9 .392 .542 12.9 .408 .450 16.5 .398 .398 11.5 422 421
M6DoF+1, agg. 13.2 .402 527 13.5 .441 417 16.9 411 378 12.2 .436 .420
Mé6DoF+1, viewer 13.4 .407 .515 13.5 .440 414 17.1 .415 .368 12.2 .444 421
%% 4. [Ablation study on the conditioning representation M. Our Mgpor+1, viewer matches or outperforms other

representations.] ZFFFR M BITHRELE, BAIY Moporit1, viewer T HAMFRIRFT A L BHER,
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