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S.1. Generative Cellular Automata

The following section provides a full description of GCA (Section S.1.1), followed by details about its training strategy
(Section S.1.2). Finally, we discuss the limitations of GCA’s training strategy, which we encountered when adapting it to our
method, and propose ways to mitigate them (Section S.1.3).

S.1.1. Full description of GCA

Generative Cellular Automata (GCA) [18, 19] represent shapes as a sparse grid of voxels V = {pi}Ni=1 with pi ∈ Z3 the
positional index of an occupied voxel. Additionally, continuous GCA [19] augment features Z = {zi}Ni=1 for each voxel,
effectively modeling the joint distribution X = (V,Z). GCA generates shapes according to a learnable transition kernel:

Xt+1 ∼ pθ(· |Xt)

which is factorized into a term predicting first the position of new voxels, and then their corresponding features:

pθ(X
t+1 |Xt) = pθ(V

t+1 |Xt) pθ(Z
t+1 |Xt,Vt+1)

At a given time step t, only transitions in the direct neighborhood of occupied voxels are considered. The neighborhood
of a set of voxels V is defined as N (V) = {p′ ∈ Z3 | d(p,p′) ≤ k, p ∈ V} where d is the L1 distance and k defines the
size of the chosen neighborhood.

To keep inference tractable, GCA builds on the intuition behind cellular automata by factorizing transition kernels inde-
pendently for each voxel and only allowing transitions in the local neighborhood of existing states. Under these assumptions,
Equation (S.1.1) can be rewritten:

p(Xt+1 |Xt) =
∏

p∈N (Vt)

pθ(op |Xt) pθ(zp |Xt, op) (1)

where the occupancy op ∈ {0, 1} specifies whether a voxel with coordinate p ∈ Z3 will be part of the next voxel set at time
t+ 1 i.e., p ∈ Vt+1. Binary occupancy transition kernels are parameterized as Bernoulli distributions while feature kernels
are parameterized as Gaussian distributions if the voxel is occupied:

pθ(op|Xt) = Ber(λθ,p),

pθ(zp|Xt, op) =

{
δ0 if op = 0

N(µθ,p, σ
tI) if op = 1.

*Work done at Seoul National University and ETH Zurich.
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where λθ,p ∈ [0, 1] and µθ,p are directly predicted by the U-Net and σt is progressively annealed during sampling. In
practice, Equation (1) is implemented with generalized convolutions [4].

S.1.2. Infusion Training and Loss

GCA is trained through a process called Infusion [2]. Intuitively, starting from a state X0, Infusion supervises the learned
transition kernel pθ(Xt+1 |Xt) to stay close to an “infused kernel” qtθ biased towards a target shape X which is factorized
similarly to the transition kernel in Equation (1):

qtθ(X
t+1 |Xt, X) =

∏
p∈N (Vt)

qtθ(op |Xt, X) qtθ(zp |Xt, op, X)

Intuitively, the conditional distributions of p and z are gradually biased towards the ground truth final shape X according
to an infusion rate αt which increases linearly with time step t, i.e., αt = min(α1t+ α0, 1), where α1 > 0:

qtθ(op |Xt, X) = Ber((1− αt)λθ,p + αt1[p ∈ X]), (2)

qtθ(zp |Xt,p, X) =

{
δ0 if op = 0

N((1− αt)µθ,p + αtzXp , σtI) if op = 1.
(3)

where 1 designates the indicator function and I the identity matrix.
To learn to generate X ∼ XT from an initial state X0, intermediate states X1:T are recursively sampled from the infused

kernel qθ(Xt+1 |Xt, X). For each time step t, GCA is trained by minimizing the loss Lt defined as the KL divergence
between the infused kernel and the transition kernel [19], which following the factorization defined in Equation (1) can be
decomposed into:

Lt = DKL(qθ(op, zp) || pθ(op, zp))

=
∑

p∈N (Xt)

DKL(qθ(op |Xt, X) || pθ(op |Xt))︸ ︷︷ ︸
Lo

+

qθ(op = 1 |Xt, X)DKL(qθ(zp |Xt, X, op = 1) || pθ(zp |Xt, op = 1))︸ ︷︷ ︸
Lz

.

(4)

Since Lo and Lz are the KL divergence between Bernoulli and normal distributions, respectively, Lt can be derived in
closed form. In practice, the scale of Lz is much larger than that of Lo and Lz is downweighted by a factor λz . We follow
Zhang et al. [19] and use λz = 0.01.

S.1.3. Discussion on GCA Training

While experimenting with GCA for single-exemplar training, we realized two main caveats of the loss defined by Equa-
tion (4).

Invalid variational lower bound. Zhang et al. [19] derived Lt through the evidence lower bound (ELBO). In what follows,
we show that this holds, but the corresponding proposal distribution is intractable and not the one used during training. Let
X be the target exemplar shape, we can bound the log-likelihood as follows:

log pθ(X) ≥ Eqθ(X0:T−1|X)

[
log

pθ(X
0:T−1, X)

qθ(X0:T−1|X)

]
(5)

= Eqθ(X0:T−1|X)

[
log

p(X0)

q(X0)

]
+ Eqθ(X0:T−1|X)

[
T−2∑
t=0

log
pθ(X

t+1|Xt)

qθ(Xt+1|Xt, X)

]
+ Eqθ(X0:T−1|X)

[
log p(X|XT−1)

]
(6)

= Eqθ(X0|X)

[
log

p(X0)

q(X0)

]
︸ ︷︷ ︸

(a)

+

T−2∑
t=0

Eqθ(Xt,Xt+1|X)

[
log

pθ(X
t+1|Xt)

qθ(Xt+1|Xt, X)

]
︸ ︷︷ ︸

(b)

+ Eqθ(XT−1|X)

[
log p(X|XT−1)

]︸ ︷︷ ︸
(c)

(7)



where Equation (5) is obtained with Jensen’s inequality, Equation (6) from the factorized state transitions and Equation (7)
by the assumption of independence between states.

In Equation (7), (a) is constant with the definition of qθ and we ignore (c) in the discussion that follows. If we focus on
(b) for an arbitrary t, we see that it can be rewritten according to Equation (8).

(b) = Eqθ(Xt|X)

[ ∑
Xt+1∈S

qθ(X
t+1|Xt, X) log

pθ(X
t+1|Xt)

qθ(Xt+1|Xt, X)

]
= −Eqθ(Xt|X)

[
DKL

(
qθ(X

t+1|Xt, X) || pθ(Xt+1|Xt)
)]

(8)

This is consistent with the loss term in Equation (4). However, contrary to the proof given by Zhang et al. [19], our expectation
is rigorously derived. The problem with this expectation lies in the fact that qθ(Xt |X) is intractable. In the formalism of
diffusion models, an analogous derivation would be solved by using the reversal of the diffusion process. Unfortunately,
in the case of infusion, there is no closed-form forward process from the complete shape X to Xt. Furthermore, the way
samples are drawn when applying loss Lt does not follow the distribution over which the conditional expectation is taken,
namely qθ(X

t |X). Nevertheless, this loss remains intuitively consistent as it guides the optimized distribution to a target
distribution, a scheme that has been proposed in previous works [11].

Degeneracy of the loss. As training progresses the joint distribution modeled by the learned transition kernel pθ(op, zp)
gets closer to qθ(op, zp). However, qθ(op, zp) depends directly on θ as it is a mixture of the latter and the exemplar as
defined in Equation (2) and Equation (3). When training with a single exemplar, this distribution is very narrow and thus
causes the loss to be unstable as training converges. This phenomenon is exacerbated considering that GCA uses a single
network pθ agnostic of the value of t to model state transitions. This is in stark contrast to diffusion models for which t is
given as an additional parameter to the denoising network [7, 13]. In the case of GCA, this is however not conceivable as
there is no fixed “forward process”. In other words, the proposal distribution qθ is both data-dependent and changes during
training because it depends directly on the transition kernel pθ that is being optimized. It is also worth noting that, for the
same reason, there is no way to control variance in a principled manner in contrast to diffusion models for which the forward
process is fixed and determined by the noise schedule. Furthermore, using Bernoulli transition kernels to model occupancy
precludes simultaneous control over both mean and variance at the same time.

To mitigate these issues, we observed that it is crucial to train GCA with as few steps as necessary to reach the target
distribution. As suggested by the original Infusion work [2], it is possible to sample more steps at inference than used during
training. For our conditional generation task analogous to a form of completion, we thus choose T = 5 during training and
T = 7 for generation.

S.2. Additional Implementation Details

All reported experiments were performed on a desktop with an AMD Ryzen 7 7700 CPU (8 cores), 32 GiB of RAM, and
an NVIDIA GeForce RTX 4090 (24 GiB of VRAM). We use Linux kernel 6.5.0, Python 3.11.8, CUDA 11.8, and NVIDIA
driver 550.

S.2.1. 3D Gaussian Splatting

Our implementation of 3D Gaussian Splatting is based on a standalone re-implementation of the splatfacto model in
nerfstudio [14]. It uses gsplat v.0.1.11 for differentiable rendering routines. We use the default parameters of the splatfacto
model with a few exceptions. To avoid large 3D Gaussians, we use the scale regularization of PhysGaussian [16] with a
maximum Poisson ratio of 10.0. When pre-processing scenes, we clip the scale of 3D Gaussians so that their scale does not
exceed twice the size of a voxel at the target voxel resolution rt.

Our datasets were processed with COLMAP through nerfstudio. For challenging datasets, we used Superpoint descrip-
tors [5] and SuperGlue [12] for matching. To extract DINO features, we relied on the implementation of EmerNeRF [17].

DINO features have high dimensions by default, typically 756, which would induce a significant memory and computa-
tional cost with a large number of Gaussians and be a more complicated signal to model in the generative task. Consequently,
we reduce their dimension by applying a joint PCA across all the feature maps extracted from the training images. For
simplicity and efficiency, we choose d = 8. We use DINOv1 features [3] as we observed artifacts when extracting DINOv2
features [10] as reported in previous works [17]. Contrary to colors, we distill DINO features as view-independent.

When applying affine transformation to 3D Gaussians during editing, we properly transform their mean, scale, and rotation
components. Additionally, we rotate spherical harmonics as Gaussians often “bake” appearance into view-dependent effects.



S.2.2. Generative Cellular Automata

Our implementation of Generative Cellular Automata is based on the original codebase of Zhang et al. [18, 19] and uses
MinkowskiEngine [4] for sparse tensor computations. However, we introduce a number of key modifications that we describe
in this section.

We use the standard neighborhood over the generalized one GX(Xt) introduced in cGCA [19]. The reason is that our
task can be seen as an inpainting task, where connectivity is ensured due to our choice of initialization: X0 is obtained by
downsampling the coarse conditioning voxels from resolution rc to rt. In practice, we use a neighborhood of size 2 w.r.t. L1
distance for our transition kernel. Our infusion schedule follows Zhang et al. [18, 19] and grows linearly from α0 = 0.1 to
αT = 0.25. Similarly, σt follows σt = e−1−0.01t.

To mitigate the degeneracy of the KL loss described in Appendix S.1.3 and considering that we can see the task of the
GCA as an inpainting task starting from the upsampled coarse conditioning voxels, we use a low value for T . In practice,
we choose T = 5 during training. At inference, we use T = 7 as it allows the GCA to self-correct itself for a couple of
additional steps. We additionally perform one mode-seeking step as proposed by Zhang et al. [19].

Our model is a lightweight U-Net with two downsampling stages, each consisting of a single ResNet block with 16 base
channels, doubling the number of channels at each resolution. Note that as we discussed previously, we don’t condition the
network on t. We use batch normalization instead of group normalization and ReLU activation instead of SiLU. We noticed
that the implementation of Zhang et al. [19] does not input op to pθ, which contradicts the factorization in Equation (1). We
therefore reinstated op as an input to pθ. We use AdamW [9] with a learning rate of 5× 10−4 and weight decay of 1× 10−6.
We train for only 10,000 iterations as convergence is reached quickly and longer training leads to overfitting due to the limited
capacity of our model and data scarcity. We removed most implementation-level performance bottlenecks by batching every
possible operation. Note that training and inference speed could certainly be improved with more advanced sparse tensor
libraries and support for half-precision (e.g., fVDB [15]). We leave this for future works.

S.2.3. Patch Consistency Step

The dot product Fe · Fg in Equation 4 of the manuscript can be directly interpreted as a “masked” cosine similarity
between the corresponding features. This holds because these features are normalized as presented in Section 3.2 of the
manuscript (i.e., with values in [−1, 1]) and because we give unoccupied voxels within a patch a zero feature. In practice,
we independently normalize each component of our mixture of features introduced in Section 3.2 of the manuscript, i.e.,
appearance and semantic features. Consequently, we implement dfeat as two independent distances that we simply average.
The re-normalization term in Equation 4 of the manuscript guarantees that we don’t prioritize patches with fewer intersecting
voxels but consistent matching features.

S.3. Additional Ablations

S.3.1. Choice of Resolution

In Section 3.2 of the manuscript, we introduced a sparse volume of voxels with a specific resolution. In Figure S.3, we
highlight the trade-offs between each resolution for conditioning and generation. The relative scale between the conditioning
input and the target output is crucial for balancing fidelity and diversity Based on these observations, we choose rt = 643

and rc = 163 as a compromise, corresponding to a generation-to-conditioning ratio of 4.

S.3.2. Sparse Patch Consistency Step

In Figure S.4, we show the impact of each parameter of our sparse patch consistency operation. In the first row, we illustrate
the impact of patch size p = l3. A small patch size length (i.e., l = 3) matches local statistics and ignores structure. A large
patch size leads to more intensive computations (especially for a large number of voxels) without significant improvements.
Our patch consistency is evaluated by combining the occupancy docc and the feature distance dfeat as presented in Equation
3 of the manuscript. Biasing the total distance towards the occupancy term docc causes the algorithm to match dominant
geometric statistics, which results in local flattening and repetitions. On the other hand, biasing it towards the feature term
dfeat leads to severe artifacts. The expansion distance λpatch defines the possible deviation range from the original generated
voxels. The last row shows that a small λpatch may severely confine the patch consistency step to the possibly erroneous
output of GCA and lead to incomplete objects. On the other hand, a large value leads to spurious and uncontrolled expanded
regions. Note that by default, we always use a patch size of length l = 5, 7 iterations, w = 0.5 for the weight between the
occupancy distance docc and the feature distance dfeat, and a maximum expansion distance λpatch = 2.0.



Plenoxels [Fridovich-Keil et al. 2022]
reconstruction

Density-based mesh 

Figure S.1. Sin3DGen [8] reconstructs input scenes using Plenoxels [6]. Even after manual cropping, real-world scenes often contain
significant artifacts that, when meshed from the radiance field density, yield an ill-defined SDF. This leads to unreliable generations and
prevents proper conditioning, as Sin3DGen relies on the SDF to control generation (see Section 4 and Appendix B of [8]).

Treating appearance and geometry as fixed-size voxels that are only resampled from the exemplar naturally introduces
discontinuities, as shown in Figure 15 of the manuscript. This can occur because the selection bounding box is not perfectly
aligned with the structure of interest, the practical size of a voxel does not match the local structure of the exemplar, or
because there is simply no way to bind two such regions of the scene. This phenomenon becomes particularly noticeable
when training on very large distributions, as shown on the right of Figure 15 of the manuscript.

S.4. Key differences with Sin3DGen

In what follows we highlight the key differences between our patch-based consistency step introduced in Section 3.4 of
the manuscript and the patch-based synthesis algorithm proposed by Sin3DGen [8].

Consistency step & controllable generation Our patch-based consistency step targets a different objective than
Sin3DGen: it enforces consistency on the GCA’s predictions as shown in Figure 4 of the manuscript. As a consequence,
we use patch-based optimization at a single resolution (i.e., the target resolution rt), whereas Sin3DGen generates patches
hierarchically, and reproduces multi-scale patch statistics. By offloading the controllable generation task to GCA, we ensure
explicit control over the generated scenes, even when they contain semantically structured objects. For editing, Sin3DGen [8]
initializes coarser levels with a geometric proxy — analogous to our coarse conditioning voxels — and then synthesizes finer
levels from that initialization. In Figure 8 and Section 4.3 of the manuscript, we show that trying to adapt this hierarchical
patch-based synthesis strategy to our sparse formulation by ablating away GCA fails to respect the initial conditioning con-
straints, cannot handle semantically complex distributions and leads to repetitive patterns. Note that, as emphasized in the
next paragraph, the two approaches behave differently due to the sparsity of our formulation.

Sparse and mesh-less formulation Even though Sin3DGen starts from Plenoxels [6], a sparse representation of a radiance
field, it still synthesizes patches in a dense manner. This is key to propagate geometric changes during generation. More
precisely, Sin3DGen first converts the density field into a mesh, extracts a dense SDF, and uses the corresponding truncated
SDF as a feature to synthesize geometry. This approach works well for surface-like geometry, but fails for fuzzy regions that
abound in real-world radiance fields and for which a mesh cannot be properly extracted from the radiance field as shown for
the two scenes in Figure S.1. Furthermore, as it is prohibitively expensive, the process is made tractable by using approximate
matching with a Nearest-Neighbor Field (NNF) introduced in PatchMatch [1]. On the other hand, with our method, geometry
is already generated by the GCA and we are only interested in minor local refinements. In addition, we seek a formulation that
can map directly to (a) the output of GCA, namely sparse voxels with features, and (b) the explicit nature of the 3D Gaussians
we use to model appearance: we do not model a radiance field that can easily be converted to signed distance function values.
Note also that by keeping a sparse representation, we can match patches exhaustively without approximations. This choice
entails designing a proper distance function and a way to update geometry locally (voting mechanism).



Reference k=4 k=7 k=10 Raw selection Interactive refinement

Figure S.2. In addition to view-dependent color, we distill low-dimensional view-independent features f , namely PCA-ed DINO features.
When clustered and rendered, these features provide semantic segments that can be used to select regions within the scene. In columns 2
to 4, we show the segments that are instantly exposed to the user for different values of k. Upon selection, the corresponding 3D Gaussians
can be isolated (column 5). In column 6, we show that additional refinements can be performed using an interactive 3D selection tool
shown at the bottom of Figure 5.a of the manuscript and in the supplemental video.

Distance choice & voting mechanism In essence, our matching distance is inspired by Sin3DGen as it balances geometry
and feature consistency. However, we represent occupancy explicitly as a binary variable Oi and not a signed distance value,
and we compare features using cosine similarity instead of L2 norm. As our features are renormalized (i.e., unit norm) and
empty voxels in a patch are given zero features, this allows us to only compare features for which occupancy is matched.
Similarly to Sin3DGen, our features are based on PCA-ed spherical harmonics but we leverage additional guidance from
semantic features, namely PCA-ed DINO features. As we rely on a sparse representation, we cannot update and propagate
geometry through a continuous signed distance field. To this extent, our voting mechanism allows us to refine geometry
locally.

S.5. Additional figures
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rc = 83 rc = 163 rc = 323

Figure S.3. Illustration of the impact of the target resolution rt and conditioning resolution rc. The first row shows that generating at a
very fine resolution (i.e., rt = 1283) causes the GCA to focus on higher-frequency details and miss structure. Conversely, a coarse target
resolution (i.e., rt = 323) results in ”blocky” outputs. The relative scales between the conditioning and the target are crucial to balance
fidelity and diversity. If the difference is too high, GCA fails to recover the shape. This is due to our choice of neighborhood and the
conditioning mechanism introduced in Section 3.3.2 of the manuscript. Conversely, conditioning at a resolution too close to the target one
(middle row) results in complete overfitting on the exemplar.
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Figure S.4. Impact of the different parameters of our sparse patch consistency algorithm. For each parameter, we start from our default
configuration, namely l = 5, w = 0.5, and λpatch = 2, and vary the parameter of interest. Patch size side-length l trades off local statistics
for larger ones at the cost of increased computations. Distance weight w balances occupancy matching with patch-wise feature matching.
Maximum expansion distance λpatch enables geometric corrections but leads to artifacts when set too high.
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