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A Project webpage

We’ve provided a webpage for our dataset, which contains a link to the dataset. We also provide
additional examples from our dataset (c.f., Fig 2 of the main paper).

B Dataset file structure

Our dataset is currently available through our webpage (and directly via this link). For long-term
maintenance, we will upload our dataset to University of Michigan’s EECS web servers after
acceptance.

The touch_and_go directory contains a dataset directory of raw videos,
extract_frame.py that convert raw videos to frames, label.txt of material labels
for frames within the press, and category_reference. txt of the name for each category in
label.txt.

Each raw video folder in the Dataset folder consists of six items:
* video.mp4: Raw RGB video recording the interaction of human probing objects.
* gelsight .mp4: Raw GelSight (tactile) video for objects.
* timel.npy: The recording time for each frame in “video.mp4”.
* time2.npy: The recording time for each frame in “gelsight .mp4”.

* video_frame: The folder containing all the frames in “video.mp4”. (Generated after
running extract_frame.py)

* gelsight_frame: The folder containing all the frames in “gelsight .mp4”. (Gener-
ated after running extract_frame.py)

We have provided qualitative examples of the videos on our project page. To view the videos at full
resolution, please download them.

C Egocentric recording setup

As shown in Fig. 1, we use a webcam to record the RGB video and a GelSight sensor to capture the
tactile signals, which are both connected to one laptop computer. To obtain images that show clear,
zoomed-in images of the objects being touched, two people collected data at once: one who presses
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Material Scene Quantity Label Num.
Synthetic Fabric  Indoor 1.65K 8
Concrete Indoor/Outdoor  1.40K 0
‘Wood Indoor/Outdoor  1.24K 3
Rock Indoor/Outdoor  1.08K 15
Tree Outdoor 0.91K 12
Plastic Indoor/Outdoor  0.80K 1
Plants Outdoor 0.78K 18
Metal Indoor/Outdoor  0.76K 4
Gravel Indoor/Outdoor 0.71K 16
Sand Outdoor 0.70K 17
Tile Indoor 0.63K 6
Rubber Indoor/Outdoor  0.62K 10
Grass Outdoor 0.61K 13
Brick Indoor/Outdoor  0.60K 5
Paper Indoor 0.45K 11
Leather Indoor 0.38K 7
Glass Indoor/Outdoor 0.23K 2
Natural Fabric Indoor/Outdoor  0.22K 9
Soil Indoor/Outdoor  0.16K 14
Others Indoor/Outdoor  0.09K 19

Table 1: We provide statistics for different material categories.

the tactile sensor onto an object, and another who records an “approximately egocentric” video.
Alternatively, one person may record both signals, while another holds the computer, providing them
with a view of what they are pressing via the screen. In this way, they can ensure that the objects they
are probing appear approximately in the center of the recorded images and increase the stability of
the recording.
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Figure 1: A photo of two humans collecting data in the wild.

D Category list

We conclude the objects appeared in our dataset into 20 categories according to their material property.
All these categories are listed with decreasing number of quantities in terms of the number of touches.
Label Num. denotes the number in the 1abel . t xt representing each category.

E Implementation details for self-supervised learning

When training the contrastive multiview coding (CMC) model, we use a learning rate of 0.03 and
train for 240 epochs. We use SGD as our optimizer and set the weight decay to be 10  10~* and the
momentum to be 0.9. We use a batch size of 128 on 4 Nvidia 2080-Ti GPUs. For the linear probing



stage in both downstream tasks, we fixed the weight of our pretrained backbone and adopt the global
average pooling at the last layer followed by a linear classifier. We use a learning rate of 0.01 for
ResNet-18 and 0.1 for ResNet-50. For both material classification and robot grasping, we train the
linear classifiers with 60 epochs and a batch size of 256.

F Details for Tactile-driven image stylization

Architecture. Our model consists of a multi-modal generator, a tactile-visual texture discriminator
and a patch-wise structure discriminator. We can further break up our multi-modal generator into
three components, an image encoder Gy, 1, a tactile encoder Gy T and a decoder Ggec. Given our
dataset that contains unpaired instances .S,, = fxy,x/.g, the output image &; can be expressed as

kI = G(XIa X/T) = Gdec(concat(GenCJ(XI)a Gench(X’/T)))'

Structure preserving loss (Lcyr). Our goal in this tactile-guided image stylization is to restyle
the source image with the textures that are associated with the target tactile input while preserving the
source structure. Following previous approaches [7, 5], we introduce an a noise contrastive estimation
(NCE) loss [7] on the image encoder G, 1 that helps preserve the structural information between
the visual input x; and the generated image X;.

This loss is motivated by recent contrastive learning to maximize the probability for the neural
network to select the corresponding patch in both the original image x; and the generated image
X 1. Specifically, we select a query patch from the generated X7, one positive patch and N negative
patches from the original image x;. Then we encode these patches into a K dimensional vectors by a
MLP so that query vector g, positive vector v belong to R and negative vectors v~ 2 RV*K:
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where 7 is the temperature parameter.

Since our image encoder is a multi-layer convolutional network, we take advantage of multiple
feature stacks generated from different layers. Specifically, we select L layers of feature stacks
and pass them into a MLP M and the output is M(G" . (x1)) = fv},v?, ..., v, v} "'g, where
12F1,..,L 1,Lg.Here, wedenotes G {(x) as the feature stacks at layer /. Similarity, we apply
this to the generated image X so that we get our query vector for each layer, which can be represented

as fq},q?,...,q, g T'g. Thus, for each sample index n at layer I, we let v]* 2 RV*C ag the

positive samples and other features vl(NH)\" 2 RN *C a5 negative samples, where C; indicates the
channel of the layer /. Thus our multi-layer NCE loss can be represented as the following:

L N+l
Leut = Ex;~s, Z Z (g}, vp, v T (2)

=1 n=1

where S,, contains mismatched image-tactile pairs fx;,x’.g, as defined in our main text.

Implementation details. Our image encoder and decoder of the generator are fully convolutional
neural networks consisting of 9 blocks of ResNet-based CNN bottlenecks. The first convolution layer
issetto7 7andtherestaresetto3 3. For the tactile encoder, we adopt a ResNet-18 [3] backbone
pretrained on the ImageNet [1]. For the discriminator we adopt the PatchGAN architecture [4]. To
compute the NCE loss, we extract features from five different layers: the input image layer, the first
and second downsampling convolution layer and the first and fifth residual blocks. We train our
model on 4 Nvidia 2080-Ti GPUs for 100 epochs with the batch size of 8 and learning rate of 0.0002.
For input visual images, we use a random crop and horizontal flip.



G More results for tactile-drive image stylization

Figure 2: More visualizations of our model on tactile-driven image stylization. For each row, we show an input
image (left) and the manipulated image (to its right) obtained by stylizing with a given tactile input (right side).
For reference, we also show the image that corresponds to the tactile example at rightmost (not used by the
model). Zoom in for better view.

H Details for multimodal future touch prediction

Overall Architecture Following [2], our model adopts widely-used residual network from [8]
while replacing the 2D convolution to 3D convolution, which utilizes a encoder-decoder architecture.
To adapt for multimodal prediction, we introduce two encoders for tactile inputs and visual inputs
with identical structures but different weights. Then we concatenate these features along the channel
and feed them into the decoder consisting of transposed convolution layers, similar to the architecture
of tactile-driven stylization.

Training details For the video prediction task, we train our model using Adam Optimizer with
the learning rate of 2 10~* for all experiments. We utilize the batch size of 8 on 4 Nvidia 2080-Ti
GPUs and train for 30 epochs. We initialize the weights from a Gaussian distribution with the mean
0 and std of 0.02. To obtain multi-frame prediction, we recursively feed our output images back to
the original model. During this process, the loss are backward through the entire chain of recursive
functions and gradients are accumulated, following [2, 6].

Evaluation Metrics Following [2], we adopt three evaluation metrics: MAE, SSIM and LPIPS.
Structural similarity (SSIM) is a similarity metric to quantify image quality degradation. The higher
the SSIM, the better the generated frame. Learned Perceptual Image Patch Similarity (LPIPS)
measures the distance between image patches. The lower the LPIPS, the higher the similarity.
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