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Supplementary Material

A. DreamSim Metric Evaluation
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Figure A. Evaluation of different metrics to camera pose shift. We
extract a sequence of images with a small pose change at each step
and set the first frame as the reference. PSNR, SSIM, LPIPS, and
DSIM are computed. DSIM shows robustness to small pose shifts
by the flattest line.

In sparse settings, inaccurate camera pose estimation causes
rendering shifts. To evaluate image quality while mitigat-
ing the impact of these shifts, we propose to use Dream-
Sim [3] (DSIM) as an additional metric to assess render
quality. DSIM seeks to represent human perceptual similar-
ity by finetuning a combination of embeddings from visual
foundation models based on human evaluations. As demon-
strated in Fig. A, given ground-truth images with tiny pose
changes, PSNR and SSIM drop significantly and cannot ex-
press the quality of the images. Despite also measuring per-
ceptual similarity, LPIPS is not as pose-shift invariant as
DSIM, likely due to the patch-based convolutional design.
In comparison, DSIM is the most pose-shift invariant met-
ric out of the four. This demonstrates that, in addition to
being more aligned with human perception, DSIM remains
robust to moderate pose shifts when images are highly sim-
ilar. Given the inevitable small errors in pose alignment,
especially in challenging sparse-view scenarios, this robust-
ness is particularly valuable for our evaluations.

An effective evaluation metric should also reliably reflect
poor image quality when images are dissimilar. To assess
this, we further evaluate DSIM under various perturbations,
including blurriness, overexposure, and compression. As
shown in Fig. B, as the degree of perturbation increases,
(1-DSIM) drops consistently, similar to PSNR, SSIM [10],
and LPIPS [13]. Specifically, DSIM shows a more consis-
tent response to varying degrees of blurriness, as illustrated
in Fig. Ba, where we introduce a blob of Gaussian blur to
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Figure B. DSIM Metric Evaluation

B. Additional Results

In this section, we provide detailed quantitative results for
each scene on Mip-Nerf 360 [1], Tanks & Temples [7] and
MVImgNet[12], under 12 views, evaluated by commonly
employed PSNR, SSIM and LPIPS as well as an addi-
tional metric DSIM in Tab. A, Tab. B and Tab. C, respec-
tively. Notably, SPARS3R not only achieves superior per-



formance on average, as shown in Tab. 4, but also consis-
tently outperforms other methods across individual scenes.
We also assess the pose accuracy from Relative Translation
Error (RPE;), Relative Rotation Error (RPE,.), and Abso-
lute Trajectory Error (ATE) three aspects in Tab. D, Tab. E
and Tab. F, demonstrating the difficulty in camera registra-
tion in sparse view and MASt3R+COLMAP generally esti-
mates more accurate poses.

C. Mask Generated in Semantic Outlier Align-
ment Step

In the Semantic Outlier Alignment step, we incorporate the
Segment Anything Model (SAM) [6] to iteratively group
outliers into distinct semantic masks.

The detailed procedure is illustrated in Fig. D. Start-
ing with a random point from the outlier SfM set z; =
P(X,),X; € O, marked as a green star, we prompt SAM
to generate the first mask (mq), shown in purple. Points
within this mask are excluded in subsequent iterations (col-
ored gray). In the next iteration, we select another point
T, € P(O) and 7 ¢ U;:ll m;, producing the second
mask (orange). Repeating this process generates additional
masks (green and blue). Finally, the inlier area is defined as
mo = — (quwﬂ mk), colored in gray.

Visualizations of these SAM-generated masks are shown
in Fig. E. For the Bonsai scene, points associated with the
floor, bicycle, and chair exhibit significant alignment errors
during the Global Fusion step. These outlier points serve
as prompts for SAM, yielding four semantically distinct
masks, each corresponding to coherent object regions. Sim-
ilarly, in the Family scene, points in the background, flagged
as outliers during Global Fusion, are processed by SAM to
generate masks for bushes, trees, and buildings. This pro-
cess highlights the ability of our method to identify semanti-
cally consistent regions. These segmented regions facilitate
piecewise alignment for background elements, effectively
addressing relative discrepancies caused by MASt3R’s in-
accuracies in estimating relative depths.

D. Supplementary Videos

We provide a video demonstration highlighting the impact
of our two-stage approach for point cloud alignment. The
comparison showcases the results after only the first stage,
Global Fusion Alignment, versus the full pipeline incorpo-
rating both stages. When only the first stage is applied, the
point cloud retains a substantial number of outliers, indicat-
ing incomplete alignment. However, upon integrating the
second stage, Semantic Outlier Alignment, these previously
flagged outliers are successfully aligned as , resulting
in a clean and coherent point cloud. This transformation un-
derscores the robustness and effectiveness of our proposed

two-stage refinement approach in addressing alignment er-
rors and ensuring high-quality reconstruction.

We provide video renderings to showcase our 3D recon-
struction results in comparison with state-of-the-art meth-
ods, FSGS [14] and InstantSplat [2]. These visualizations
highlight the superior quality of our approach, particularly
in preserving fine-grained details and achieving higher co-
herence in reconstructed scenes. These comparisons allow
for a clear evaluation of performance differences, demon-
strating our method’s ability to handle challenging scenar-
ios effectively. Please refer to the attached videos for a
comprehensive visual understanding of the compelling out-
comes delivered by our approach.



Figure C. Visual comparisons of different NVS methods. The first two rows are from MipNeRF360 [1], the second two rows are from

Tanks & Temples [7]. The last is from MVimgNet [12]

Interactive Interactive
Segmentation Segmentation
Model Model

Get Inlier Mask Interactive
Segmentation
Model

Interactive
Segmentation
Model

Figure D. Illustration of the iterative SAM-based segmentation process to generate semantically coherent regions for local alignments.

References anti-aliased neural radiance fields.

In Proceedings of

the IEEE/CVF conference on computer vision and pattern

[1] Jonathan T Barron, Ben Mildenhall, Dor Verbin, Pratul P
Srinivasan, and Peter Hedman. Mip-nerf 360: Unbounded

recognition, pages 5470-5479, 2022. 1, 3



(a) Bonsai

(b) Family
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PSNR

Outdoor Indoor
bicycle flowers garden  stump  treehill | room  counter kitchen  bonsai
Instant-NGP [9] 15.07 12.64 13.86 15.89 15.40 14.37 14.83 17.17 14.19
3DGS [5] 15.86 12.43 17.03 18.21 14.44 18.60 17.17 18.13 17.27
FSGS [14] 17.71 13.76 18.83 18.77 16.64 19.09 17.28 17.73 18.55
SparseGS [11] 16.87 13.52 17.14 18.20 15.14 17.69 17.17 17.89 16.32
DRGS [8] 16.73 13.70 17.67 18.49 14.95 18.30 17.51 18.28 16.29
CF-3DGS [4] 13.37 11.32 14.67 17.40 13.07 11.25 11.76 13.45 13.11
InstantSplat [2] 15.25 13.18 17.47 16.33 15.06 18.32 16.92 18.11 15.40
SPARS3R 18.42 14.67 20.25  20.18 16.25 20.43 19.64 20.73 19.11

SSIM
Outdoor Indoor

bicycle  flowers garden  stump  treehill | room  counter  kitchen  bonsai
Instant-NGP [9] | 0.189 0.127 0219 0261 0270 | 0430  0.354 0.451 0.340

3DGS [5] 0.254 0.138 0.336 0313 0266 | 0.593 0.498 0.565 0.528
FSGS [14] 0.333 0.198 0424 0343 0364 | 0.650 0.518 0.586 0.573
SparseGS [11] 0.289 0.183 0.366  0.335 0310 | 0.583 0.515 0.566 0.501
DRGS [8] 0.301 0.210 0.352 0341 0315 | 0.620 0.518 0.505 0.450

CF-3DGS [4] 0.187 0.119 0.205 0.254  0.250 | 0.338 0.327 0.258 0.314
InstantSplat [2] 0.220 0.168 0.320  0.212  0.281 0.637 0.502 0.485 0.407
SPARS3R 0.367 0.213 0.516 0412 0.373 0.724 0.626 0.673 0.596

LPIPS
Outdoor Indoor
bicycle  flowers garden  stump  treehill | room  counter kitchen  bonsai
Instant-NGP [9] | 0.650 0.705 0.781 0.717  0.653 0.685 0.691 0.513 0.702

3DGS [5] 0.553 0.621 0407 0461  0.620 | 0.367 0.377 0.319 0.399
FSGS [14] 0.697 0.820 0491  0.757  0.735 | 0.360 0.445 0.318 0.398
SparseGS [11] 0.531 0.611 0420 0455 0.638 | 0.387 0.383 0.313 0.413
DRGS [8] 0.754 0.901 0.637 0.706  0.808 | 0.441 0.525 0.489 0.580

CF-3DGS [4] 0.747 0.669 0.602  0.555 0.750 | 0.753 0.784 0.701 0.723
InstantSplat [2] 0.697 0.748 0.514  0.623  0.673 | 0.363 0.413 0.311 0.548
SPARS3R 0.362 0.472 0235 0369 0472 | 0.267 0.273 0.182 0.313

DSIM
Outdoor Indoor
bicycle  flowers garden  stump  treehill | room  counter kitchen  bonsai
Instant-NGP [9] | 0.569 0.433 0.762  0.498  0.446 0.604 0.612 0.229 0.562

3DGS [5] 0.310 0.307 0.126 0246  0.352 | 0.224 0.229 0.100 0.197
FSGS [14] 0.259 0.429 0.122 0366 0259 | 0.212 0.247 0.113 0.178
SparseGS [11] 0.212 0.230 0.139  0.222  0.290 | 0.255 0.222 0.109 0.212
DRGS [8] 0.327 0.371 0212 0323 0387 | 0.262 0.318 0.177 0.325

CF-3DGS [4] 0.639 0393 0360 0440 0469 [ 0.620 0.647 0542 0471
InstantSplat [2] | 0343 0223  0.154 0337 0263 | 0.177 0211  0.087  0.307
SPARS3R 0.140  0.153 0064 0.142 0.191 | 0152 0.121  0.041  0.137

Table A. We extend the evaluation of Mip-Nerf 360 from Table 4 in the main paper to include detailed metrics for each scene, assessing the
models across four aspects: PSNR, SSIM, LPIPS, and DSIM. Our analysis covers multiple sparse-view Gaussian Splatting baselines, with
SPARS3R consistently demonstrating superior performance.



PSNR
ballroom  barn  church  family francis  horse ignatius museum

Instant-NGP [9] 12.05 17.97 16.64 1372 15.05 13.39 14.46 18.97
3DGS [5] 25.24 2336  20.58 1943 18.70  18.08 21.78 21.35
FSGS [14] 28.80 2737 2316 2485 2841 2478 25.32 23.08
SparseGS [11] 24.31 22.63 19.90 18.80 19.49 17.01 20.70 19.42
DRGS [8] 23.09 20.78 20.01 2039 23.16 21.11 20.01 23.11
CF-3DGS [4] 23.19 17.38 1896  17.63 1999 1722 21.10 16.46
InstantSplat [2] 27.78 2737 2291 28.29  30.66  27.74 24.35 26.62
SPARS3R 29.49 30.30 25.02 3077 30.89 31.38 30.65 30.73
SSIM

ballroom  barn  church  family francis  horse ignatius museum
Instant-NGP [9] 0.204 0.507 0400 0.566 0470 0.523 0.263 0.675

3DGS [5] 0.844 0.754 0.698 0.706  0.665  0.682 0.730 0.762
FSGS [14] 0.907 0.838 0.779 0.865 0.845 0.877 0.819 0.828
SparseGS [11] 0.830 0.755 0.694  0.751 0.680  0.671 0.714 0.721
DRGS [8] 0.797 0.740 0.659 0.707 0.723  0.767 0.601 0.792
CF-3DGS [4] 0.776 0.529 0559 0581  0.612  0.604 0.654 0.534
InstantSplat [2] 0.915 0.864 0.802 0907 0.895 0.908 0.811 0.889
SPARS3R 0.936 0.915 0.850 0945 0.900 0.950 0.927 0.933
LPIPS
ballroom  barn  church  family francis  horse ignatius museum
Instant-NGP [9] 0.464 0.233 0317 0359 0.583  0.538 0.440 0.183
3DGS [5] 0.084 0.147  0.195 0.217 0319 0.289 0.164 0.133
FSGS [14] 0.055 0.108  0.157 0.096 0.147  0.105 0.127 0.096
SparseGS [11] 0.098 0.159 0.201  0.200 0.326  0.289 0.190 0.154
DRGS [8] 0.155 0268 0314 0296 0441 0277 0.397 0.166
CF-3DGS [4] 0.102 0.375 0286  0.301 0.357  0.361 0.174 0.413
InstantSplat [2] 0.069 0.116  0.168 0.087  0.138  0.093 0.182 0.068
SPARS3R 0.026 0.042 0.095 0.032 0.072 0.037 0.044 0.026
DSIM
ballroom  barn  church  family francis  horse ignatius museum
Instant-NGP [9] 0.289 0.108  0.121 0.185 0472  0.551 0.238 0.068
3DGS [5] 0.030 0.058 0.065 0.079 0.120 0.115 0.043 0.048
FSGS [14] 0.014 0.031 0.023 0.017 0.025 0.032 0.016 0.027
SparseGS [11] 0.033 0.074  0.061 0.062  0.107  0.148 0.052 0.067
DRGS [8] 0.034 0.085 0.078 0.061 0.105 0.110 0.106 0.046
CF-3DGS [4] 0.015 0.240 0.096 0.083  0.129  0.196 0.024 0.232
InstantSplat [2] 0.009 0.014 0.020 0.006 0.016 0.013 0.012 0.011
SPARS3R 0.005 0008 0.012 0.004 0010 0006 0.004  0.004

Table B. We extend the evaluation of Tanks & Temples from Table 4 in the main paper to include detailed metrics for each scene, assessing
the models across four aspects: PSNR, SSIM, LPIPS, and DSIM. Our analysis covers multiple sparse-view Gaussian Splatting baselines,
with SPARS3R consistently demonstrating superior performance.



PSNR

bench  bicycle car chair  ladder suy table
Instant-NGP [9] | 13.61 12.20 1278 1559 1275 1251 1349
3DGS [5] 20.08 19.10 2348 2281 17.09 25.00 21.09
FSGS [14] 2272 21.19 2634 2537 1896  27.02 2241
SparseGS [11] 19.15 1830  22.62 21.72 17.63 24.06 2042
DRGS [8] 19.16 19.02 2454 2258 1853 2620 21.88

CF-3DGS [4] 13.47 11.71 16.51 18.04 1493 1748 15.85
InstantSplat [2] 21.14 19.67 2728 2459 1855 28.01 23.30

SPARS3R 25.09 23.16 29.890 28.88 19.13 2948 25.31
SSIM

bench  bicycle car chair  ladder suy table
Instant-NGP [9] | 0.281  0.201  0.549 0.588 0303 0.512 0.549
3DGS [5] 0.622 0597 0.838 0.701 0469 0.833 0.649
FSGS [14] 0.755 0.713 0895 0.785 0.574 0.879 0.716
SparseGS [11] 0.607 0578 0.831 0.719 0483 0.832 0.648
DRGS [8] 0450 0489 0.855 0.702 0453 0.876 0.662

CF-3DGS [4] 0.190 0.144 0592 0573 0250 0.569 0.542
InstantSplat [2] 0.639 059 0892 0.796 0521 0.892 0.803

SPARS3R 0.812 0.783 0929 0872 0.619 0910 0.815
LPIPS

bench  bicycle car chair  ladder suy table
Instant-NGP [9] | 0936  0.932 0.847 0.829 0.927 0918 0.852
3DGS [5] 0240 0271 0.168 0279 0.291 0.110 0.278
FSGS [14] 0.198  0.232 0.124 0259 0.291 0.088 0.291
SparseGS [11] 0267 0.293 0.183 0.301 0.280 0.120 0.293
DRGS [8] 0.561 0.530 0.231 0499 0515 0.104 0.516

CF-3DGS [4] 0596 0565 0398 0.678 0.563 0.295 0.718
InstantSplat [2] | 0315  0.355 0.133 0262 0.359 0.074 0.238

SPARS3R 0.115 0.136 0.061 0.129 0.177 0.057 0.122
DSIM

bench  bicycle car chair  ladder suy table
Instant-NGP [9] | 0.926  0.901 0.878 0.895 0.877 0.882  0.882
3DGS [5] 0.046  0.081 0.081 0.054 0.055 0.061 0.069
FSGS [14] 0.027 0.054 0.045 0.031 0.037 0.045 0.051
SparseGS [11] 0.053 0.096 0.093 0.070 0.053 0.062 0.076
DRGS [8] 0.063  0.100 0.053 0.124 0.038 0.049 0.070

CF-3DGS [4] 0390 0481 0.124 0402 0275 0226 0376
InstantSplat [2] | 0.017  0.034  0.023 0.028  0.028  0.038  0.025
SPARS3R 0.003  0.010 0.016 0.005 0012 0020 0013

Table C. We extend the evaluation of MVimgNet from Table 4 in the main paper to include detailed metrics for each scene, assessing the
models across four aspects: PSNR, SSIM, LPIPS, and DSIM. Our analysis covers multiple sparse-view Gaussian Splatting baselines, with
SPARS3R consistently demonstrating superior performance.



DUSt3R MASt3R InstatnSplat COLMAP+MASt3R

RPE; RPE, ATE | RPE; RPE, ATE | RPE; RPE, ATE | RPE; RPE, ATE
bicycle | 3.009 3.774 2433 | 2.537 3.408 14.15 | 2.959 3.757 2421 | 0.268 0.414 2.01
flowers | 6.294 11.480 31.03 | 6.410 8.504 2595 | 6.296 11.458 3093 | 1.160 1976 7.4l
garden | 1.190 2.067 642 | 0.676 1339 1.85 | 1.128 1950 648 | 0.137 0.264 0.63
stump | 4.054 5945 31.21 | 1.804 2.611 11.32 | 4132 5963 3132 | 0.179 0.240 1.03
treehill | 1.202 2311 8.64 | 0978 1.051 549 | 1.206 2.334 8.09 | 0356 0.806 1.71
room | 1.325 1.716  9.66 | 1.758 0.955 2258 | 1.367 1.750 10.21 | 0.678 0.970 4.93
counter | 0.732 1.168 632 | 0453 0.729 3.77 | 0.625 1.081 568 | 0.125 0.225 0.96
kitchen | 0.699 1.094  6.73 | 0.344 0457 2.57 | 0.705 1.085 6.69 | 0.088 0.161 0.83
bonsai | 4349 2586 2898 | 0.937 1350 7.99 | 4270 2518 2851 | 0.179 0.217 148

Scenes

Table D. The detailed pose metrics for each scene in the Mip-Nerf 360 dataset are presented. We evaluate the Relative Translation Error
(RPE,), Relative Rotation Error (RPE,.) and Absolute Trajectory Error (ATE, scaled by x10~%) using normalized poses. The poses
estimated by dense COLMAP are used as the ground truth for reference.

DUSt3R MASt3R InstatnSplat COLMAP+MASt3R

RPE; RPE, ATE | RPE; RPE, ATE | RPE; RPE, ATE | RPE; RPE, ATE
ballroom | 0.547 0.105 4.78 | 0.245 0.090 236 | 0.136 0.050 138 | 0.134 0.039 1.04
barn 0.398 0.251 444 | 0201 0.296 2.85 | 0.164 0.131 226 | 0.102 0.125 1.32
church | 0488 0.099 437 | 0.137 0.231 1.73 | 0.185 0.049 264 | 0.214 0.055 2.01
Sfamily 0.556 0.068 5.73 | 0.313 0.202 2.82 | 0.086 0.018 0.69 | 0.103 0.045 0.84
francis | 0.340 0.235 420 | 0.356 0.230 5.74 | 0.117 0.226 298 | 0.073 0.175 0.68
horse 1.217 0.072 10.79 | 0.265 0465 4.37 | 0.188 0.028 1.44 | 0.212 0.162 1.71
ignatius | 0.621 0.172 4.88 | 0.227 0.239 3.20 | 0.128 0.034 1.61 | 0.250 0.076 4.03
museun | 0.392 0.115 329 | 0.168 0.228 2.67 | 0.201 0.115 2.17 | 0.200 0.071 1.79

Scenes

Table E. The detailed pose metrics for each scene in the Tanks & Temples dataset are presented. We evaluate the Relative Translation
Error (RPE;), Relative Rotation Error (RPE,.) and Absolute Trajectory Error (ATE, scaled by x10~%) using normalized poses. The poses
estimated by dense COLMAP are used as the ground truth for reference.

DUSt3R MASt3R InstatnSplat COLMAP+MASt3R

RPE; RPE, ATE | RPE; RPE, ATE | RPE; RPE, ATE | RPE; RPE, ATE
bench | 0357 0336 2.60 | 0.161 0.191 1.18 | 0.122 0.167 1.50 | 0.049 0.058 0.66
bicycle | 0424 0490 4.82 | 0247 0491 3.86 | 0296 0376 4.24 | 0.069 0.064 0.70
car 0480 0302 4.59 | 0.104 0.157 1.83 | 0.070 0.191 1.64 | 0.033 0.042 0.40
chair | 0.672 0.563 7.06 | 0.628 0.555 7.05 | 0.454 0.432 5.77 | 0.095 0.099 0.92
ladder | 0.663 0.567 9.69 | 0.073 0.225 0.73 | 0.562 0.472 8.74 | 0.080 0.097 0.64
suy 0.233 0394 330 | 0.137 0329 132 | 0.170 0324 3.84 | 0.085 0.071 0.96
table | 0239 0.296 2.57 | 0.108 0.181 1.04 | 0.175 0.214 2.06 | 0.116 0.117 1.53

Scenes

Table F. The detailed pose metrics for each scene in the MVimgNet dataset are presented. We evaluate the Relative Translation Error (RPE:),
Relative Rotation Error (RPE,.) and Absolute Trajectory Error (ATE, scaled by x10~%) using normalized poses. The poses estimated by
dense COLMAP are used as the ground truth for reference.
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