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Brain Edema (mm) (mm) (%) (s)
L (baseline) 10.7% (5.4) 7.6 (5.6) 28.3 (8.0) 3.7* (1.1) 0.74* (0.11) 1.81 (0.02)
Ours (L)y /o peg 42 (22) 10.9% (6.6) 27.8 (8.5) 2.8 (0.7) 0.97% (0.20)
Ours (L)y, /o 5 37 (1.7) 9.4 (7.1) 27.3 (8.4) 2.8 (0.5) 1.16* (0.25)
Ours (L) 37 (1.6) 6.4 (3.0) 26.2(8.2) 2.7 (0.6) 0.64 (0.21) 1.81 (0.02)
TPS (baseline) 6.5% (2.6) 6.4 (5.5) 25.4* (6.9) 2.8 (0.7) 0.64* (0.21) 0.58 (0.01)
Ours (TPS),, /o pyy 46% (2.1) 10.6% (7.5) 26.4 (8.7) 2.9 (1.0) 1.47* (0.36)
Ours (TPS),, o ; 3.5 (1.6) 7.2(52) 23.4(52) 3.3 (0.7) 0.99% (0.14)
Ours (TPS) 3.4 (1.6) 5.9 (3.3) 22.7 (4.9) 3.1 (0.5) 0.59 (0.22) 0.59 (0.01)
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A 2. M OCRCCHESBORER iR (K 2) .

Jiik M =25 M=10 M=15 M=20 M =50

L (baseline)  17.2 (9.1) 13.3 (6.5) 11.4 (5.9) 10.7 (5.4) 6.4 (3.1)
Ours (L) 7.8 (4.3) 4.8 (2.5) 4.7 (2.7) 4.0 (2.0) 2.3 (1.1)
TPS (baseline) 18.0 (12.4) 10.2 (4.8) 7.2 (2.9) 6.5 (2.6) 3.8 (1.6)
Ours (TPS)  11.0 (8.4) 5.7 (3.3) 4.4 (2.5) 3.4 (1.6) 2.1 (1.1)

(TPS) J5ik. XF TPS, i TIENALECE Aips 24 0.1, XTERIESR LIRAS
THRAEMERETR . X PFEEDT AR A& AR LR S B e R
R HAL

FATLIAT T —TUHRBTIE, DA 73k = A R LR - (1)
RATF AR HR (AR, (2) SREMZAM (R), AL (3) FERTELIE
WARTI ()0 Jir A G AT T 4 SR 0 ] 7 R A 20 S B

gi. siprtE R mE R . om0 TR AR,
TPS ¥4/ MSE /b T i % 47% (3.07 2k 2), Mk MAmHEM T 65%
(6.96 2k 2) . Kb RIRAHGIER HIRAT, (HAS S/, 0T H R
Vo BREEBEATERA TR T U, AR BB X, S (R A
g ST RS AN AR E RS2 T . AR, 0% TPS WAL F 522
S ST LMK, XA DAUAE T TPS 2 58 I 40K 25 0 A
T A 2405 B . TN T L T AL 383 5 7 AR TR P 1, T
TR 40 /0 F] 45% (A 4+0.40 /0 E] +0.52pp ) , I HIEA S HERf 1 .
SRR ] 5 R LT TR (410 2258,

FePE S B8 . Finally, we analyzed the impact of the number of in-
put keypoints M, varying it from 5 to 50 (Table . As expected, increasing
the number of keypoints led to lower MSE, as the interpolation benefits
from more accurate and localized displacement observations. At low key-
point counts (e.g., 5), TPS interpolation performed poorly, likely due to in-
stability with limited control points. In contrast, linear interpolation demon-
strated greater robustness in such settings. However, with a higher number
of keypoints (e.g., 50), TPS produced smoother and more accurate results,

outperforming linear interpolation. This illustrates a trade-off between ro-
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bustness and smoothness that depends on the spatial density of keypoints.
Notably, in all cases, our deep interpolator significantly improved upon the
initial interpolation, reducing error regardless of the number of points M

and the interpolation method.
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