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Fig. 1. We provide a flow construction allowing to solve various problems in Geometry Processing: interpolation with and without landmarks (left); pairwise-
to-any morphing (middle) where we provide pairwise morphings to a canonical shape (here a sphere) and get for free all other morphings; and shape editing

(right).
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3 Flows and Shape deformation

3.1 Background on flows
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Fig. 2. Asimple transformation case in R (simultaneous rotation and trans-
lation of $ into &) induces crossing trajectories. Both red and orange
vertices pass through p, although at different times, yet their subsequent
trajectories differ. Hence, it is impossible to represent the transformation
by a flow in R . The solution is to lift the problem in R adding the time as
the third dimension.
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3.2 Shape deformation with flows
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Let ¢ be a flow (defined in Equation 1), the spatio-
temporal implicit function representing the deformation of S through
¢, and preserving level sets, is:

flt) =g(¢7 ((x.1),1) = g(¢((x, 1), ~1)). )
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Tis: M 1 The mapping ¢ defined by Equation 4 is a flow defined
on the spatio-temporal space R%*".
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Fig. 3. Our coupling layers: direct and inverse transformations. Compared
to the usual RealNVP layers the modifications are represented in red (time
parameterization of the scaling and translation layers).

4.2 Time-parameterized coupling layers
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Fig. 4. Issue arising when training the flow only on surface points to deform
S into S1. Both the blue and orange shapes are critical points of Lp
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Table 1. Computation times for the experiments of Figures 5 and 7.
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Fig. 5. Interpolation between arbitrary shapes without any semantic correspondences (t = , ., .4, ., . ,1).
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EFIS ( wrs)
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Fig. 6. Comparison with existing approaches. NeuralFlow™ corresponds to the adaptation of the Neural Flows architecture to Lipschitz implicit surfaces and

supervision with our losses. ADADIV, Nise, LipMLP are produced using the authors available implementation (t = , . , . 1).
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EFIS ( wrs)

Fig. 7. Comparison with other methods on the Faust dataset, without using
landmarks (t =, . , ., .",1)

Fig. 8. Interpolations between shapes of higher genus (t = , . , .,

1)
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Fig. 9. Interpolation between shapes from the FAUST dataset without land-
marks vs with using landmarks (¢ = , . , ., ." ,1).

Fig. 10. Interpolation between several FAUST shapes with various amounts
of landmarks, given in percentage of vertex numbers in the original mesh
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Table 2. Evaluation of the error, computation times and memory cost (average and standard deviation) of our flow computation with RealNVP as a backbone
compared to our flow with iResNet, Neural Flow (NF) [Bilo3 et al. 2021], Neural Conjugate Flow (NCF) [Bizzi et al. 2024], NODE and Adjoint-NODE [Chen
et al. 2019] with models of similar size (best in bold, second best underlined). Our method exhibits the best trade-off between error, computation time and

memory cost. Evaluations are averaged over inputs (networks are not trained).
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Table 3. Average mean square error and deviation between target landmarks
and advected landmarks
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Table 4. Average deviation to the groundtruth over time: Chamfer distance
(X1e ) | Hausdorff Distance (X 1e ) on the Bear dataset.

|EFIS P s » P S
wor|4.34 . ' ’ 1
ws  xff|6.03 1 .
WP WS s rom W 1 wmwmrs »
Fig. 11. Advection of the input mesh using EFIS. From top to bottom: Faust ¥ SHT ®MAr SS W s TSP M MS
1to3,Faust 1to 5, Faust Tto7(t=, . , ., . ,1). rrowwg Wp X WEE SM S I S
S W mMm ¥ mowrs(T ) w RXRS ¥ ogu ¥
wrox wr n WM RS S M O WINg X MWg I
w s weoor Wz W wr ss s W Tgur 4 W » room S O i m
x WP P rEMR W WS w ox B ogr WS WA W gwWIr ZSPp ¥ WeS W W WX S
» W ®W SS S Xg S PS K W S » ur T auw » Oy ) S PSsS rm
Twr oxwa x o sgn Ss wapp s swg pp r T ST WW 1w pr OIS N B S qu W us TURR Mg
Wp X rew Xz WS M sar S ns m TR R XM wamg Tl mgs4 s [ 1]
S WA ¥  WSWr S SWa wrw sar S MSSS M S qu W S S s r sps WS
» we X g rz M S ® WK PIrWMS s x X » XXSp W W S KX W pr
» x XoSW Wl oW W SW P wZ WS W s »m ® P r xrw US MG KX SP WM WS W
n rg »ws n nNg ¥ su s » » i.e. us ng » XXSp W NP WSS W rmwm m
Sp MmMg S rsmsS S fl x oy » s » S ws XX SP W M S
S «x x RRowr W rpr s w ORI 3 o wayp » » P wm SSuws » »
m wg Sem s ®m T s x s ar » e S P xrspwm ®m sT s xxspms SPr rmNgSs We
roowr ppr s wap r ng »s oz x W s T XX SP M M S WSS s s
wp L S O 3y R We WS SP 1 sex oS rm TR NG WAL S S WP x
qQur mg W sur ff r w n T gur s S mowmoxp S PSS W saem T rrxs x  wpu » xS
» B S PSKPrsw G wuss » s's “ww swp s( r er wm  xu . RS W™ W)
nS wnfim  swpp T rsus x sp »nT 4
o b 2O W W |1 ar wa » m wrs powoxp m s s g PR R R
s ST s sm »r Sgr wm  xw XXSpRW W S ¥ » i s ®s wp x w7 gur ™ SW S



115:12 « Camille Buonomo, Julie Digne, and Raphaélle Chaine

EFIS ( wrs)
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Fig. 12. Comparison on the Faust dataset with other methods leveraging shape semantics in the matching: INSD [Sang et al. 2025] (50% landmarks) and
Eisenberger et al. [2019] who compute both deformation and correspondences jointly. Our result uses only 1% landmarks (50 landmarks) (¢ = , . , ., ." ,1).
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Fig. 15. Pairwise-to-any interpolation via various canonical shapes (a perfect
sphere, a bunny and a noisy sphere) (t = .1, . , ., . , . )

Fig. 16. Pairwise-to-any interpolation with a T-pose as canonical shape
(faust1). First row: faust 3 to 5, 2nd row: faust 2 to 7 (t = 0, 0.25, 0.5, 0.75, 1).

Fig. 17. Advection of the input mesh using our flow in the pairwise-to-any
case. First row: Faust 3 to 5, 2nd row: Faust 2to 8 (t =, . , ., .” ,1).
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Fig. 18. Pairwise-to-any of a rotation of faust1 via a sphere (t =
, - » -, - ,1). Weuse 5 landmarks, one at the end of each limb and
one on the head, matched to 5 coplanar sphere points.

Fig. 19. Shape editing with our flow: a few vertices final positions are given.
For NFGP, we use the code provided by[Yang et al. 2021] and the Open3D
library for ARAP [Zhou et al. 2018]. Our method is able to handle larger
deformations providing more intuitive and consistent deformation, at a
lower computation time than NFGP.
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Fig. 20. Comparison of the optimization steps for our method and NFGP, for the shape editing task. We show the result obtained after various optimization

times.

Fig. 21.

EFIS ( wrs)

Our method allows us to recover a smooth transition between the input and the edited shape (t = , 1", . , ., . , . 1)

Fig. 22. Results for shape interpolation in 2D with various methods:
EFIS (Ours), neural flows, neural conjugate flows and NODE. We dis-
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Appendices
A Link between flows, vector fields and ODEs
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is unique as long asV is smooth. ¢ is mathematically a flow as defined
in Definition 1.
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E More details on Neural Flows [Bilos et al. 2021]
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