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1. Performance Analysis
1.1. Runtime and Memory

Type Resolution # Match k of kNN GPU (L40S) time
Default 512× 377 5000 4 838 MiB 1.6 s
Res. ↑ 640 × 471 5000 4 1354 MiB 2.5 s
Matches ↑ 512× 377 10000 4 850 MiB 1.6 s
KNN k ↑ 512× 377 5000 16 1152 MiB 2.0 s

Table 1. Runtime and Memory. The default represents our ex-
perimental setting, while the other types correspond to modified
settings for analysis.

Table 1 shows runtime and GPU memory usage with re-
spect to resolution, the number of matching points, and the
number of nearest neighbors k.

1.2. Parameter Stability

Type ↓ λp λr λs λn k of kNN rel↓ τ ↑
Default 30 50 0.1 10 4 3.12 70.29
λp ↓ 15 50 0.1 10 4 3.13 70.23
λp ↑ 45 50 0.1 10 4 3.13 70.20
λr ↓ 30 25 0.1 10 4 3.13 70.29
λr ↑ 30 75 0.1 10 4 3.14 70.16
λs ↓ 30 50 0.05 10 4 3.13 70.21
λs ↑ 30 50 0.2 10 4 3.13 70.29
λn ↓ 30 50 0.1 5 4 3.13 70.22
λn ↑ 30 50 0.1 20 4 3.13 70.21
k ↑ 30 50 0.1 10 16 3.12 70.36

Table 2. Sensitivity to Parameter Settings. The default represents
our experimental setting, while the other types illustrate stability
checks.

Table 2 reports the performance in terms of Absolute Rela-
tive Error (rel) and Inlier Ratio (γ) with a threshold of 1.03
under varying parameter settings. The results show overall
consistent performance across different settings. A larger
number of nearest neighbors k improves performance, but
considering computational cost, we fix k = 4 in our experi-
ments.

2. Additional Experimental Results
2.1. 3D Reconstruction
We present additional qualitative results of our point align-
ment method. Figure 1 shows the results for Case 1 (with
given poses), and Figure 2 shows the results for Case 2

(without given poses). We used the Tanks and Temples [5],
ETH3D [7], ScanNet [3], Matterport3D [2], KITTI [4], and
DTU [1] datasets in this experiment.

2.2. Novel View Synthesis
To supplement Table 4 in the main paper, we present per-
scene experimental results in terms of PSNR, SSIM, and
LPIPS, as shown in Table 3, 4 and 5.
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Figure 1. Additional Qualitative Results of MoRe



Figure 2. Additional Qualitative Results of MoRe



Method Steps Ballroom Barn Family Francis Horse Ignatius Museum Mean
PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

DUSt3R [8] 200 10.65 0.202 0.592 15.60 0.497 0.490 11.54 0.351 0.615 16.85 0.520 0.508 12.92 0.512 0.523 15.16 0.306 0.587 13.65 0.312 0.592 13.77 0.386 0.558
EDGS [6] 200 9.98 0.338 0.533 5.99 0.214 0.610 7.93 0.326 0.558 10.93 0.224 0.505 3.71 0.144 0.624 10.59 0.368 0.521 12.37 0.440 0.486 8.79 0.293 0.548
Ours-align 200 17.79 0.561 0.340 17.78 0.606 0.364 16.46 0.644 0.340 18.94 0.637 0.395 15.08 0.596 0.425 19.62 0.523 0.402 20.29 0.689 0.254 17.99 0.608 0.360
Ours-full 200 17.31 0.338 0.547 17.03 0.365 0.365 18.70 0.697 0.291 18.73 0.652 0.350 17.63 0.670 0.370 19.69 0.396 0.396 20.28 0.689 0.242 18.48 0.544 0.366

DUSt3R [8] 1000 10.45 0.170 0.533 17.36 0.509 0.415 11.40 0.307 0.591 17.55 0.501 0.468 12.63 0.468 0.500 15.03 0.270 0.510 14.26 0.305 0.538 14.10 0.362 0.508
EDGS [6] 1000 17.03 0.546 0.383 18.90 0.628 0.383 19.31 0.670 0.404 20.86 0.652 0.389 16.79 0.657 0.402 18.38 0.545 0.418 18.46 0.625 0.333 18.53 0.617 0.387
Ours-align 1000 18.32 0.245 0.568 18.09 0.579 0.292 18.51 0.639 0.248 21.02 0.641 0.323 17.17 0.594 0.309 19.32 0.283 0.283 20.75 0.682 0.184 19.03 0.523 0.315
Ours-full 1000 17.62 0.251 0.549 18.32 0.282 0.591 21.10 0.729 0.210 21.18 0.650 0.287 20.98 0.721 0.243 19.47 0.273 0.273 20.82 0.682 0.171 19.93 0.513 0.332

Table 3. Breakdown results on Tanks & Temples dataset for novel-view synthesis with 3 training views. Red, orange, and yellow indicate
the first, second, and third best performing algorithms for each metric.

Method Steps Ballroom Barn Family Francis Horse Ignatius Museum Mean
PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

DUSt3R [8] 200 11.31 0.220 0.608 16.08 0.519 0.485 12.09 0.372 0.615 17.17 0.527 0.508 13.68 0.522 0.515 15.72 0.327 0.595 14.41 0.358 0.596 14.35 0.406 0.560
EDGS [6] 200 10.98 0.466 0.451 6.40 0.333 0.529 8.98 0.470 0.446 11.11 0.326 0.428 4.33 0.280 0.512 12.68 0.448 0.466 15.42 0.560 0.427 9.98 0.412 0.466
Ours-align 200 19.02 0.611 0.319 19.77 0.681 0.310 18.14 0.680 0.301 19.67 0.671 0.361 16.35 0.640 0.399 20.32 0.548 0.398 21.60 0.716 0.254 19.27 0.650 0.334
Ours-full 200 19.09 0.644 0.303 19.64 0.670 0.307 18.51 0.680 0.297 23.09 0.705 0.275 17.58 0.669 0.350 20.28 0.547 0.395 21.72 0.722 0.245 19.99 0.662 0.310

DUSt3R [8] 1000 11.56 0.190 0.551 19.28 0.557 0.395 12.20 0.324 0.590 19.29 0.526 0.455 13.76 0.475 0.478 16.28 0.304 0.507 15.70 0.357 0.538 15.44 0.390 0.502
EDGS [6] 1000 18.84 0.655 0.297 20.95 0.682 0.314 22.16 0.749 0.304 23.73 0.737 0.303 20.46 0.747 0.301 20.82 0.604 0.354 20.69 0.708 0.257 21.09 0.697 0.304
Ours-align 1000 20.17 0.640 0.218 21.17 0.672 0.229 20.19 0.690 0.212 20.29 0.697 0.318 19.81 0.682 0.269 20.54 0.545 0.263 22.63 0.734 0.170 20.69 0.666 0.240
Ours-full 1000 20.69 0.689 0.202 21.60 0.668 0.220 20.03 0.692 0.213 24.27 0.731 0.234 20.31 0.692 0.238 20.59 0.551 0.258 23.15 0.750 0.157 21.52 0.682 0.217

Table 4. Breakdown results on Tanks & Temples dataset for novel-view synthesis with 6 training views. Red, orange, and yellow indicate
the first, second, and third best performing algorithms for each metric.

Method Steps Ballroom Barn Family Francis Horse Ignatius Museum Mean
PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

DUSt3R [8] 200 11.68 0.234 0.620 15.64 0.525 0.502 12.33 0.394 0.621 16.87 0.560 0.493 14.04 0.542 0.513 15.59 0.336 0.612 14.67 0.387 0.608 14.40 0.426 0.567
EDGS [6] 200 11.58 0.519 0.412 7.00 0.423 0.479 9.60 0.556 0.385 11.60 0.369 0.423 4.74 0.349 0.468 12.93 0.482 0.442 17.11 0.626 0.368 10.65 0.475 0.425
Ours-align 200 19.35 0.663 0.286 20.06 0.702 0.295 18.12 0.702 0.299 19.39 0.670 0.365 15.98 0.650 0.394 20.31 0.564 0.398 22.10 0.739 0.240 19.33 0.670 0.325
Ours-full 200 19.07 0.655 0.293 20.11 0.698 0.292 21.14 0.736 0.212 20.60 0.700 0.330 17.64 0.670 0.370 20.20 0.554 0.396 22.08 0.730 0.234 20.12 0.678 0.304

DUSt3R [8] 1000 11.99 0.213 0.578 19.80 0.595 0.395 13.13 0.355 0.592 21.25 0.622 0.392 14.79 0.501 0.469 16.69 0.331 0.526 16.36 0.402 0.550 16.29 0.431 0.500
EDGS [6] 1000 19.25 0.687 0.264 22.98 0.734 0.260 23.60 0.794 0.253 24.61 0.762 0.277 21.51 0.783 0.249 21.85 0.632 0.335 22.47 0.703 0.218 22.32 0.728 0.265
Ours-align 1000 21.92 0.728 0.186 22.68 0.698 0.292 18.70 0.697 0.291 23.01 0.720 0.280 20.36 0.705 0.271 21.24 0.593 0.273 23.93 0.778 0.159 21.69 0.703 0.250
Ours-full 1000 21.42 0.713 0.197 23.28 0.734 0.190 21.11 0.729 0.210 25.00 0.753 0.232 20.98 0.721 0.243 21.20 0.590 0.270 23.75 0.767 0.155 22.39 0.715 0.214

Table 5. Breakdown results on Tanks & Temples dataset for novel-view synthesis with 12 training views. Red, orange, and yellow
indicate the first, second, and third best performing algorithms for each metric.
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