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This document supplements our submission DiffFacto: Controllable Part-Based 3D Point Cloud Generation with Cross
Diffusion. In particular, we provide detailed derivations and proofs of our training objective (Sec 1) and generalized forward
kernel (Sec 2), additional experiment comparisons and results (Sec 3), and additional details on our network (Sec 4),
implementation (Sec 5) and experiment set-ups (Sec 6).
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1. Objective Derivation
We derive the evidence lower bound presented in Sec. 4.1 of our main paper. Let Q’(Z;TjS) be a variational family with

the following factorization

Q’ (Z;TjS) = Q’ (ZjS)Q (TjS) = Q (TjS)

mY
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where we learn independentQ’j

�
Zj jŜj

�
8j, i.e. our part stylizers, as a variational encoder that is parameterized as a Gaussian

distribution with learnable mean and diagonal variance. Since given an input segmented shape S, its corresponding part
transformations T is known, then the distribution Q (TjS) is deterministic. Furthermore, we highlight that each of the
encoders Q’j

only takes in the canonicalized part Ŝj as input, which enables us to model the prior distribution P (Zj) to only
encode information about the part style and not of its size and scale. With this variational family, we can write the evidence
lower bound as:
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�
3535

By Jensen’s Inequality,
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As detailed in the main paper, each term in the final objective corresponds to the training loss for each of our components
(part stylizers, transformation sampler, and cross diffusion network). The first term is the reconstruction error given prior
information z; � , and its maximization is done by the cross diffusion network, which is a Denoising Diffusion Probabilistic
Model with a generalized forward diffusion kernel. We elaborate on the derivation of the generalized forward kernel in Sec. 2,
and the cross diffusion network in Sec. 4.3. The second term is the KL divergence regularization loss for each of the part style
latent distribution P j

(Zj). We implement each of the part style latent distributions with a prior flow model. For specifics,



please refer to Sec. 4.1. Lastly, the third/final term corresponds to the part transformations, where the cIMLE training strategy
maximizes this the objective, as explained in Sec. 4.2.

2. Generalized Forward Diffusion Kernel
We derive the forward diffusion process with the proposed generalized forward kernel in our Cross Diffusion Network

(Sec. 4.3 of the main paper). Given a probability distribution Q(X(0)) with X(0) 2 Rd that we want to model, we can define a
forward diffusion process with a mean � 2 Rd and a variance � 2 Rd�d>0 such that
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for each t = 1; : : : ; T . �t = 1� �t are variance scheduling parameters. Notice that by setting � = I and � = 0 we recover
the classical diffusion kernel. Similar to the classical kernel, we can efficiently sample from Q

�
X(t)jx(0); �;�

�
using the

reparameterization trick:
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Here, �t =
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approaches the Gaussian distributionN (�;�) with mean � and variance �. By doing so, we can incorporate prior information
in the forward diffusion process in terms of � and �. We can also show that for each t > 1, the posterior distribution
Q(X(t�1)jX(t); X(0); �;�) is also a Gaussian distribution, given by
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We can further simplify the expression for �t by substituting
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where " � N (0; I) and
p

� is the Cholesky decomposition of �. Thus, similar to the classical diffusion parameterizations,
we can define a reverse diffusion process P�(X(0:T )j�;�) that is also a Markov chain so that
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where each P�(X(t�1)jx(t); �;�) is a Gaussian distribution parameterized by weights � and tries to approximate the ground
truth posterior distribution Q
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. Specifically, as in classical diffusion models [6], we can parameterize

each reverse kernel as a Gaussian distribution with learnable mean and fixed variance:
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for each t > 1. In practice, instead of directly learning ��, we can parameterize �� using Eq (3) and learn a noise approximator



Chair Airplane
MMD-P (#) COV-P (") 1NNA-P MMD-P (#) COV-P (") 1NNA-P

SP-GAN [12] 4.43 31.7 87.77 5.27 26.2 91.03
SPAG [5] 4.53 36.3 78.94 5.73 26.3 90.17
NW [7] 4.77 34.0 83.36 4.77 34.0 83.36

DiffFacto (Ours) 3.27 42.5 65.23 3.20 46.2 68.72

Table 1: Intra-part evaluation with additional baselines. MMD-P score is multiplied by 10�2. COV-P and 1NNA-P are
reported in %

.
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Doing so, the training objective of the generalized diffusion process simplifies to an L2 losss with noise, as we discussed in
our main paper.

3. Additional Experimental Results
We provide additional experiment results in this section. We show additional quantitative comparisons in Sec. 3.1. In

Sec. 3.2, we evaluate DiffFacto’s autoencoding quality compared with state-of-the-art point cloud reconstruction networks, as
well as demonstrate the advantage of the generalized forward kernel in our Cross Diffusion Network in modeling complex
part geometry and topology. In Sec. 3.3, we ablate the prior flows in our part style sampler. In Sec. 3.4 and Sec. 3.5, we
showcase shape mixing and part-level interpolation results compared with control-enabled baselines. In Sec. 3.6 and Sec. 3.7,
we showcase additional qualitative results on part-level and transformation sampling. Lastly, in Sec. ??, we qualitatively
evaluate our transformation sampler trained with conditional Maximum Likelihood Estimation (cIMLE) against other types of
implicit methods.

3.1. Additional Quantitative Comparison
We provide additional quantitative comparisons for DiffFacto on part-level generation as shown in Tab. 1. Specifically, we

include two state-of-the-art mesh-based generative networks SPAGHETTI [5] and Neural Wavelets [7]. As shown, although
these methods require 3D mesh supervision, our approach is able to achieve better part-level generative scores compared
to these works. Additionally, we also compare with SP-GAN [12], which is a GAN-based point cloud generative network.
We also note that unlike the other point cloud baselines, SP-GAN does not allow for encoding of an existing shape, making
shape editing non-trivial if not infeasible. We used pre-trained weights for the three networks and follow the same evaluation
procedure as for the other baselines.

3.2. Autoencoding
We report autoencoding performance of DiffFacto in Tab. 2 compared to DPM [13] and ShapeGF [1]. We further modify

the two baselines to model part latents by also encoding each segmented part. We also report their reconstruction score denoted
by y superscript. We see that DiffFacto outperforms all baselines by a margin due to our novel cross diffusion network and
generalized forward kernel. We also note that there is an increase in performance for both baselines with the additional part
latent modification y. We also report the reconstruction score for our model without the generalized forward kernel, marked as
Ours�. Notice that there is a larger gap between our approach with and without the generalized forward kernel in the lamp
category in which parts exhibit more complex geometrical and topological structures.



Dataset Metrics DPM DPMy ShapeGF ShapeGFy Ours� Ours (DiffFacto)

Airplane
CD (#) 2.266 1.70 2.082 1.599 1.460 1.413
EMD (#) 1.96 1.72 2.258 1.722 1.337 1.333

Car
CD (#) 7.686 7.013 7.016 6.735 6.559 6.538
EMD (#) 3.229 3.179 3.283 3.323 2.782 2.788

Chair
CD (#) 5.297 4.39 4.521 3.928 3.746 3.701
EMD (#) 2.83 2.64 3.181 2.646 2.222 2.214

Lamp
CD (#) 8.334 5.55 8.243 5.100 3.787 3.481
EMD (#) 3.395 2.899 4.504 2.983 1.959 1.951

Table 2: Comparison of point cloud auto-encoding performance.y represents a modi�cation of baselines to incorporate part
latents.� represents our framework without modi�cation of the forward kernel. Reported CD and EMD are multiplied by104

and102 respectively.

MMD-P COV-P 1NNA

VAE 3.47 44.3 72.59
CNF (Ours) 3.27 42.5 65.23

Table 3:Ablation on Part Stylizer. Individual-part level metrics ablating our part stylizer (MMD-P� 10� 2).

3.3. Ablation on Part Stylizer

We replace the CNF in our part stylizer by directly using a standard Gaussian as the prior,i.e. VAE. Tab.3 shows intra-part
evaluation metrics comparing CNF with standard VAE. With the lower 1NNA and MMD-P, we note that CNF gives an overall
better performance in capturing the part-style distribution than with vanilla VAE. We also observe that shapes generated
with CNF are overall much clearer and with less noise than with VAE. This is because the prior �ow relaxes the latent space
regularization constraint by allowing the prior distribution to be transformed into a more complex distribution. For details of
the prior �ow, see Sec. 4.1.

3.4. Additional Part Style Mixing Results

Since we sample from independent part-style distributions to generate coherent shapes, shape mixing is a direct application
where modeling the factorized latent distribution has a direct advantage. We showcase additional part style mixing results in
chairs, airplanes, and lamps categories inFig. 2, Fig. 1, andFig. 3. We also further evaluate our mixing quality compared to
our control-enabled baselines, Ctrl-LION [19] and Ctrl-ShapeGF [1], for the chair and airplane categories. Because we model
a distribution of parts' size and location given a set of part style latent codes, across all the examples, we are able to produce
coherent shapes despite the input parts having different sizes and locations in their original source shapes. In particular, when
compared to the control-enabled baselines that do not explicitly model parts sizes, the baselines' mixing results often produce
shapes with detached or interpenetrating parts as a result of incorrect part con�guration.

3.5. Additional Part Level Interpolation Results

Moreover, since we explicitly model a part-style latent space, we can also interpolate shapes on the part level. Given
two samples of part style codeszj ; z0

j � P j (Z j ); we use linear interpolation fromzj to z0
j obtain intermediate part latents

uniformly spaced in between:zk
j = zj + k

10 (z0
j � zj ). We showcase qualitative results in all four categories inFig. 4, 5, 6,

7 and 10. Notice that in all four categories, our interpolation results show smooth transitions from the source to the target
of the interpolation, as most highlighted in the chair leg interpolation inFig. 7. Moreover, the intermediate shapes are also
plausible, where discrete jumps can be observed when no intermediate con�guration is available. An example of this can
be seen in the interpolation of engines inFig. 4, where the number of engines jumps from four to two to allow a discrete
transition. Moreover, we see that the unreferenced parts (colored in grey) remain unchanged during the interpolation process
because we model independent distributions of part styles. Overall, the part-level interpolation results showcase our models'
ability to generate plausible shapes with �ne-grained control.

We also qualitatively compare DiffFacto with the control-enabled baselines, Ctrl-LION [19] and Ctrl-ShapeGF [1], on
part-level interpolation quality.Fig. 11 and 13 show part level interpolation result for Ctrl-LION andFig. 12 and 14 show part



level interpolation result for Ctrl-ShapeGF, for the chair and airplane categories. We follow the same part-level interpolation
procedure on the control-enabled baselines as described earlier for our method. Since the control enabled baselines do not
explicitly model the distribution of part transformations given their styles, the interpolation of each part may result in detached
parts. See the interpolation on chairs inFig. 13. Moreover, since Ctrl-ShapeGF generates shapes by training a cGAN directly
on its autoencoding latent space, its interpolation is less smooth as the autoencoding latent space is trained on discrete training
examples. This can also be seen from the chair interpolation inFig. 14 (see the last row where the intermediate geometry
exhibits extensive artifacts).

3.6. Additional Part Level Sampling Results

We showcase that DiffFacto enables part-based controllable generation through part-level sampling. We include additional
results on part-style sampling to supplement the left and middle column of Figure 3 in the main paper. We showcase both
samplinga part style and�xing a part style for each shape.Fig. 15, 17 and 19 show additional qualitative results forsampling
individual part styles (Figure 3 main paper -left).Fig. 16, 18 and 20 show additional qualitative results for�xing individual
part styles (Figure 3 main paper -middle).

3.7. Additional Part­Con�guration Sampling Results

We further show additional qualitative examples on our ability to enable part-con�guration sampling,i.e. generate various
plausible con�gurations of the shape with �xed part styles.Fig. 21 to 24 show additional qualitative results. This is supplement
the right column in Figure 3 of the main paper.



Figure 1:Shape Mixing: Airplanes. For each row, parts from different shapes are encoded and mixed for both our method
(Ours) and the control-enabled baselines (Ctrl-LION , Ctrl-SGF). Notice that the control-enabled baselines fail to produce
coherent shapes because it does not model the distribution of valid transformations while our method transforms each part
globally into a coherent con�guration so that the generated shapes are plausible.



Figure 2:Shape Mixing: Chairs. For each example (two examples per row, separated by the solid line), parts from different
shapes are encoded and mixed for both our method (Ours) and the control-enabled baselines (Ctrl-LION , Ctrl-SGF).
Notice that the control-enabled baselines fail to produce coherent shapes because it does not model the distribution of valid
transformations while our method transforms each part globally into a coherent con�guration so that the generated shapes are
plausible.


