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Table 1. Out-of-distribution performance comparison. Our
method shows superior performance when zero-shot evaluation on
DTU and ScanNet++ using the model solely trained on RE10k.

Method DTU ScanNet++

PSNR ↑ LPIPS ↓ PSNR ↑ LPIPS ↓
pixelSplat 11.551 0.633 18.434 0.277
MVSplat 13.929 0.385 17.125 0.297
NoPoSplat 17.899 0.279 22.136 0.232

Ours 18.256 0.266 22.221 0.227

Table 2. Ablation Study for confidence mask ratio (top-K) on the
ScanNet dataset under 2-views setup on source views.

Top-k ratio mask mIoU↑ Acc.↑ rel↓ τ ↑ PSNR↑ SSIM↑ LPIPS↓
w/o geo. loss 53.88 82.18 5.81 47.99 24.24 0.850 0.108
w/ ratio 100% 53.86 82.46 3.92 60.75 24.24 0.851 0.108
w/ ratio 90% 54.03 82.55 3.87 61.37 24.35 0.851 0.107
w/ ratio 70% 54.00 82.47 4.55 55.28 24.17 0.848 0.111

1. Appendix
1.1. Results on the DTU and ScanNet++ dataset
To evaluate the cross-domain generalization of Uni3R, we
follow NoPoSplat [5]: training on RE10K [8] dataset and
testing on DTU [3] and ScanNet++[6] dataset. As shown in
Tab. 1, Uni3R consistently outperforms all baseline meth-
ods on the benchmarks.

1.2. More Ablation Study on confidence parameter
setting in geometry-guided loss

To validate the effectiveness of our confidence mask in
geometry-guided loss, we conduct an ablation study by
varying the top-K ratio used for supervision. As shown in
Table 2, applying a 90% confidence mask yields the best
performance in mIoU, depth accuracy, and rendering qual-
ity, demonstrating that filtering out low-confidence regions
improves overall performance.

Futhermore, the geo. loss from the point map is an essen-
tial stability anchor for our unified tasks. In Fig. 1, training
without this constraint under complex setups (e.g., 4-view)
leads to model collapse due to the high degree of freedom
in Gaussian optimization. Furthermore, Tab. 2 shows in
2-view, the geometry loss significantly improves geomet-
ric (47.99 → 61.37) while simultaneously improving mIoU
(53.88 → 54.03). We believe that observing performance

Figure 1. Model training w/ and w/o geo. loss on 4 views.

Table 3. Comparison of our method against per-scene opti-
mized methods.

8 views 16 views

Method rel↓ τ↑ rel↓ τ↑
Feature-3DGS [7] 17.28 13.31 23.71 10.57
Ours 4.46 56.88 5.88 42.88

improvements across three distinct tasks using only a geo-
metric loss provides a non-trivial insight for the field.

1.3. Depth Evaluation under Multi-View Settings
For fair comparison, we follow LSM [2] and adopt Absolute
Relative Error (rel) and Inlier Ratio (τ ) with a threshold of
1.03 for per-scene depth evaluation. This setting is consis-
tently used throughout the paper.

As shown in Tab. 3, Uni3R outperforms the per-scene
optimized method on depth estimation under both 8-view
and 16-view settings. Notably, our method achieves better
depth evaluation performance in one feed-forward.

1.4. Training and Evaluation Details
As described in our main paper, we trained our model
on three datasets including ScanNet [1], RE10k [8] and
ACID [4].

For model training on ACID [4] and RE10K [8] dataset,
we progressively train 2, 4 and 8 view model. For 2-view
training on ACID [4] and RE10K [8], we follow NoPoS-
plat [5]. For 4-view training on RE10K, we initialize the
model from the 2-view checkpoint and train it on 8×H100
GPUs with a learning rate of 4e-5 for 40,000 iterations, us-
ing a batch size of 4 per GPU. For 8-view training, we fur-
ther initialize from the 4-view checkpoint and train under
the same settings, with a batch size of 1 per GPU.

For the ScanNet [1] dataset, we train Uni3R under 2-
view, 8-view, and 16-view settings. For the 2-view setup,
we follow the LSM [2]. For the 8-view training, we initial-



ize from the 2-view checkpoint and train the model with a
learning rate of 5e-5, with a 5 epochs warmup and 50 total
epochs. The batch size is set to 4 per GPU. For the 16-view
training, we also initialize from the 2-view checkpoint, with
all settings identical to the 8-view setup except for the batch
size 2 per GPU.

Additionally, for our arbitrary-view model in the main
paper, we uniformly sample 2, 4, and 8 input views from the
ScanNet [1] dataset and train the model using a batch size
of 1 per GPU. The training is performed with a learning
rate of 1e-4, including a 10-epoch warm-up and 100 total
epochs. As demonstrated in the main paper, our arbitrary-
view model achieves consistently comparable performance
across different numbers of input views.
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