
Appendix A Networks
Architectures

A.1 Mesh Network
Our 3D mesh disentangled variational autoencoder
(β-VAE) uses a graph Convolutional autoencoder
(CoMA) architecture, which leverages Fourier
transformations to extract spectral information
from the mesh graph. This information is then pro-
cessed using Chebyshev filters, enabling localized
convolution operations (Defferrard et al. 2016).
The encoder module consists of four graph convo-
lutional layers, each with filter sizes of [16, 16, 16,
32] and a kernel size of 6. Downsampling opera-
tions with a factor of 2 progressively reduce the
mesh’s spatial dimensions. We use ReLU activa-
tion functions. The latent space is parameterized
by two parallel linear layers, each with 128 units.
They compute the mean (µ) and log variance
(log(σ2)) of a normal distribution. The decoder
mirrors the encoder, but replaces downsampling
with upsampling. This symmetric enables efficient
mesh reconstruction. The network is trained using
the Adam optimization algorithm with an initial
learning rate of 0.001, which decays linearly with
a factor of 0.99, and a batch size of 128 meshes
is used during training. To balance reconstruc-
tion accuracy and latent space complexity, the KL
divergence term is weighted by a factor of 0.005.
We minimize the following loss function:

ℓM = MSE(M−M̂)+βM KL (f (ZMesh | M) ∥N (0, 1)) ,
(A1)

where f is the encoder of the mesh β-VAE, βM is
the weight of the KL divergence loss to control the
influence of that term on the overall loss. ZMesh

is the sampled latent vector given the input mesh
Mi. The mean-squared error (MSE) between the
original and reconstructed meshes is calculated,
considering all 3D vertices and batch samples. We
implement early stopping and restrict training to
300 epochs to mitigate overfitting.

A.2 Image Network
Our image β-VAE model employs a convolutional
neural network (CNN) architecture, comprising
ResNet blocks, to learn a robust and compact rep-
resentation of input images. The normalized input
images have dimensions of 320 × 240 × 3. The

encoder consists of multiple ResNet blocks with
varying layer configurations: [3, 3, 5, 5, 3, 3], each
followed by downsampling layers with factors of
2, 2, 2, 2, and 5. This hierarchical design allows
the model to capture a wide range of features. The
decoder mirrors the encoder’s architecture, replac-
ing downsampling with upsampling to reconstruct
the original image. Throughout the network, we
employ the tanh activation function. For hyperpa-
rameter settings, we annealed β over 50 epochs to a
final value of 0.001. The latent dimension ZImage is
fixed at 256, allowing for a compact representation
of the input images. We initialize the learning rate
to 0.001 and apply linear decay with a factor of
0.99, and weight decay with factor 0.00001, which
help stabilize training and prevent overfitting. We
train our model for up to 300 epochs, implement-
ing early stopping to monitor performance on the
validation set and prevent overfitting. This setup
enables our image β-VAE model to effectively learn
a compact representation of the input images while
preserving their essential features. We minimize
the following loss function:

ℓI = MSE(I−Î)+βI KL (g (ZImage | I) ∥N (0, 1)) ,
(A2)

where g is the encoder of the image β-VAE and
βI is the weight of the KL divergence loss.

A.3 Projection Network
We train two distinct latent space projection net-
works: one for projecting meshes’ latent space
vectors to images’ latent space vectors (Mesh-to-
Image) and one for the reverse (Image-to-Mesh).
Both networks are implemented as Multilayer
Perceptrons (MLPs), consisting of 4 layers. The
number of neurons in each layer is as follows: [512,
1024, 1024, 256], utilizing the ELU activation func-
tion. Dropout regularization is applied after the
first two layers, with dropout rates of 0.2 and 0.4,
to prevent overfitting. This strategy helps the net-
works to learn robust representations of the input
data. Both networks use a batch size of 512 and
minimize the MSE between the predicted and the
target values. The architecture of our latent space
projection networks is designed to effectively cap-
ture the complex relationships between meshes
and images, allowing for accurate projections and
reconstructions.
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A.4 Force Prediction Network
We utilize a unified architecture for all force esti-
mation tasks presented in this paper. The network
is implemented as a four-layer MLP with layer
sizes of [128, 512, 512, 128]. We employ the ELU
activation function across all layers. To prevent
overfitting and encourage robust representation
learning, dropout regularization is applied after
the first two layers with a rate of 0.2. The network
is trained using a batch size of 512 and a learning
rate of 0.001, minimizing the MSE between the
predicted and ground-truth force vectors.

Appendix B Analysis of
Visual Artifacts
in GelSight
Reconstruction

While the cross-sensor generalization to GelSight
R1.5 demonstrates strong structural alignment,
closer inspection of some of the generated sam-
ples reveals artifacts resembling surface ripples
(see Figure B1, third row). In real-world Gel-
Sight imagery, such ripples are typically caused
by lateral shear forces deforming the elastomeric
coating (Lengiewicz et al. 2020). However, in our
generated results, the orientation and magnitude of
these ripples do not strictly align with the applied
shear forces. We attribute this discrepancy to the
distribution of the training data used for fine-
tuning. The ObjectFolder-Real dataset (Gao et al.
2023) contains recordings rich in shear-induced
deformations. Since our fine-tuning process relies
on a β-VAE to adapt the decoder to this visual
domain, the model learns to reconstruct these tex-
tures as intrinsic features of the GelSight style.
Consequently, the network hallucinates these rip-
ple patterns to match the statistical distribution of
the target domain, rather than explicitly deriving
them from the input physics. While this enhances
the photorealism of the texture, the ripples should
be interpreted as a learned dataset bias rather than
a physically accurate simulation of shear dynamics
in this specific transfer setting.
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