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1 Additional visual results

We show full size results of our method compared to the other methods in Fig. 1,
Fig. 2, Fig. 3, Fig. 4, Fig. 5. Please also find high resolution video stylizations
of our model on the project page.

2 Sinkhorn Iteration algorithm

We want to estimate the Wasserstein-2 distance

W2pps, pcq :“
”

inf
πPΠpps,pcq

ĳ

MˆM

dpx, yq2dπpx, yq

ı
1
2

(1)

on a distributions ps and pc given with two sets of points N and M points
respectively. We opt for optimizing entropy regularized Wasserstein-2 distance

W2
2,γpps, pcq :“

”

inf
πPΠpps,pcq

ĳ

MˆM

dpx, yq2dπpx, yq ´ γHpπq

ı

, (2)

since it has better convergence properties and leas to better results for our prob-
lem as shown in Sec. 3.

In this case we compute first a cost matrix of the transportation plan:

C “ pdpxi, yjqqij @i P t1, Nu, xi P ps

@j P t1,Mu, xj P pc
(3)

and the transport plan π P RNˆM
` . As a distance function dpx, yq :“ }x´ y}2 we

use the L2 norm.
With that computation of the Wasserstein-2 distance can be formulated as

a linear optimization problem with linear constraints:

https://compvis.github.io/wast3d/
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min xπ,Cy ´ γ
ÿ

ij

πij logpπij ´ 1q

s.t. π1M “ ps

πJ1N “ pc

πij ě 0 @i P t1, Nu, @j P t1,Mu.

(4)

The Lagrangian of the constrained optimization objective is:

Lpπ, α, βq “
ÿ

ij

pπijCij ´ γπij logpπij ´ 1qq `

` αJpπ1M ´ psq`

` βJpπJ1N ´ pcq.

(5)

To solve this we can compute the derivative of the Lagrangian with respect
to the transport plan π:

δL
δπij

“ Cij ´ γlogpπij ´ 1qγ ` πij ´
1

πij
αi ` βj . (6)

By setting this value to zero ans simplifying the expression we find the values
for the transport plan:

logpπijq “ ´
1

γ
pαi ` Cij ` βjq ùñ

πij “ exp
ˆ

´
αi

γ

˙

loooooomoooooon

ui

exp
ˆ

´
Cij

γ

˙

loooooomoooooon

Kij

exp
ˆ

´
βj

γ

˙

loooooomoooooon

vj

. (7)

Combining values ui,Kij , vj in matrix form we obtain a new formulation for
the transport plan:

π “ diagpuq K diagpvq (8)

in which we know only the kernel matrix K. Parameters u and v are unknown
and depend on the Lagrange multipliers α and β respectively. By plugging in
constraints π1M “ ps and πJ1N “ pc from the original objective formulation 4
we obtain:

π1 “ u d Kv “ ps

π1J “ v d Ku “ pc.
(9)
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Let’s express unknown u and v. By this we obtain an ultimate form of the
Sinkhorn iterations:

u “ps c Kv

v “pc c Ku
(10)

where d and c stand for element-wise multiplication and division respectively.
By alternating between computation of two terms defined in Eq. (10) it is pos-
sible to converge to some values of u and v, which are used for the computation
of the transport plan π as Eq. (8) suggests. For more details please see other
works on computational optimal transport with applications to Wasserstein-2
distance [4, 5].

3 Entropy regularization

The Wasserstein-2 loss has one essential component, denoted as γ, which controls
amount of entropy regularization. This factor plays a crucial role in smoothing
the transportation plan, thereby influencing the visual results. We observe that
low values of γ result in poor preservation of style scene details, while high
values can aid in preserving style geometry and appearance but may cause it
to deviate significantly from tightly following the content shape. By default, we
utilize γ “ 0.07 across all our experiments. In Fig. 6, we present two additional
stylizations with low entropy regularization (γ “ 0.007) and high regularization
(γ “ 0.7), showcasing the impact of different regularization levels.

4 Anisotropic representation.

We pointed out in the paper that our model relies on the clustering and warping
procedure implemented by minimizing the Sinkhorn divergence between the style
cluster and the content cluster. Since we optimize only the coordinate component
gx and the color component gc but leave out the scaling gS component this may
result in visually unsavvory results, as Fig. 7 illustrates.

Please note that this problems stams from the original 3D gaussian splatting
paper [1] which only tries to optimize for pixel similarity between the rendered
image and the target image. Typically, the original training protocol results in
needle-shaped gaussians as illustrated in Fig. 8.

5 Number of content clusters

Our approach consists of two three main components: splitting the content scenes
into individual clusters C “ Y

iPt1,..,Nu
Ci, finding best fitting cluster for each

content cluster Ci using the function Di from Eq. 10 the main script and then
minimizing each Ci The number of clusters we use in our stylization directly
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Fig. 1: Comparison of WaSt-3D against three di�erent approaches: ARF [6], SNeRF [3],
and StyleRF [2] on NeRF Synthetic scene hotdog and style scenegrass.
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Fig. 2: Comparison of WaSt-3D against three di�erent approaches: ARF [6], SNeRF [3],
and StyleRF [2] on NeRF Synthetic scene lego and style scenepebbles.
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Fig. 3: Comparison of WaSt-3D against three di�erent approaches: ARF [6], SNeRF [3],
and StyleRF [2] on NeRF Synthetic scene chair and style scenebasket.
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