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Cross-Perception and
Cross-Behavior Knowledge Transfer
for Object Categorization
Gyan Tatiya*, Ramtin Hosseini, Michael C. Hughes and Jivko Sinapov

Department of Computer Science, Tufts University, Medford, MA, United States

From an early age, humans learn to develop an intuition for the physical nature of

the objects around them by using exploratory behaviors. Such exploration provides

observations of how objects feel, sound, look, and move as a result of actions applied on

them. Previous works in robotics have shown that robots can also use such behaviors

(e.g., lifting, pressing, shaking) to infer object properties that camera input alone cannot

detect. Such learned representations are specific to each individual robot and cannot

currently be transferred directly to another robot with different sensors and actions.

Moreover, sensor failure can cause a robot to lose a specific sensory modality which

may prevent it from using perceptual models that require it as input. To address these

limitations, we propose a framework for knowledge transfer across behaviors and

sensory modalities such that: (1) knowledge can be transferred from one or more robots

to another, and, (2) knowledge can be transferred from one or more sensory modalities to

another. We propose two different models for transfer based on variational auto-encoders

and encoder-decoder networks. The main hypothesis behind our approach is that if two

or more robots share multi-sensory object observations of a shared set of objects, then

those observations can be used to establishmappings betweenmultiple features spaces,

each corresponding to a combination of an exploratory behavior and a sensory modality.

We evaluate our approach on a category recognition task using a dataset in which a

robot used 9 behaviors, coupled with 4 sensory modalities, performed multiple times

on 100 objects. The results indicate that sensorimotor knowledge about objects can

be transferred both across behaviors and across sensory modalities, such that a new

robot (or the same robot, but with a different set of sensors) can bootstrap its category

recognition models without having to exhaustively explore the full set of objects.

Keywords: multimodal perception and integration, haptic and tactile perception, category learning and

recognition, grounding of knowledge, development of representations

1. INTRODUCTION

From an early stage in cognitive development, humans, as well as other species, use exploratory
behaviors (e.g., shaking, lifting, pushing) to learn about the objects around them (Power, 1999).
Such behaviors produce visual, auditory, haptic, and tactile sensory feedback (Shams and Seitz,
2008), which is fundamental for learning object properties and grounding the meaning of linguistic
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FIGURE 3 | (Left) 100 objects, grouped in 20 object categories. (Right) The interactive behaviors that the robot performed on the objects. From top to bottom and

from left to right: (1) press, (2) grasp, (3) hold, (4) lift, (5) drop, (6) poke, (7) push, (8) shake, and (9) tap.

FIGURE 4 | Audio features using shake behavior performed on an object from the medicine bottles category.

context. The robot performed each behavior 5 times on each of
the 100 objects, thus there were 4,500 interactions (9 behaviors x
5 trials x 100 objects). We used the auditory, haptic, and visual
features as described by Sinapov et al. (2014a). The parameters
regarding the feature extraction routines (e.g., the number of
frequency bins) were left identical to those in the original dataset
as to be consistent with other papers that use the same dataset.
Next, we briefly discuss the feature extraction methodology used
by Sinapov et al. (2014a) to compute features from the raw
sensory signal.

For audio, first, the spectrogram was computed by Discrete
Fourier Transformation using 129 log-spaced frequency
bins. Then, a spectro-temporal histogram was produced by
discretizing both time and frequencies into 10 equally spaced
bins, thus producing a 100-dimensional feature vector. An
example spectrogram of a detected sound, and the resulting
low-dimensional feature representation are shown in Figure 4.

Similar to audio, haptic data was discretized into 10 equally
spaced temporal bins, resulting in a 70-dimensional feature

vector (the arm had 7 joints). Figure 5 shows an example
raw joint-torque data and the resulting feature representation.
Vibrotactile features were computed from the raw data using
frequency-domain analysis as described by Sinapov et al. (2011b).
The 3-axis accelerometer time series were converted into a
univariate magnitude deviation series, on which the Discrete
Fourier Transform was performed, resulting in a spectrogram
with 129 frequency bins denoting intensities of different
frequencies over time. This spectrogram was discretized into 5
temporal bins, and 20 frequency bins (an example representation
is shown in Figure 6).

The robot also recorded the raw RGB images from its
camera as it performed a behavior on an object. For each
interaction, the Speeded-Up Robust Features (SURF) features
were computed on each image (a sample set of SURF features
detected over an image are shown in Figure 7). SURF consisted
of 128-dimensional feature vector representing the distribution
of the first order Haar wavelet responses within the interest
point neighborhood.
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FIGURE 5 | Haptic features produced when the robot performed the shake behavior on an object from the medicine bottles category.

FIGURE 6 | Vibrotactile features produced when the robot performed the shake behavior on an object from the medicine bottles category.

FIGURE 7 | Visual (SURF) features detected when the tap behavior was performed on an object from the large stuffed animals category. The feature descriptors of the

detected interest points over the entire interaction were represented using bag-of-words.

4.2. Knowledge Transfer Model
Implementation
The β-VED network consisted of a multilayer perceptron (MLP)
architecture with three hidden layers for both the encoder and
the decoder, with 1,000, 500, 250 hidden units respectively,
Exponential Linear Units (ELU) (Clevert et al., 2016) as an
activation function, and a 125-dimensional latent code vector
as shown in Figure 1. The latent layer and the output layer
used a linear activation function. The network parameters are

initialized using Glorot uniform initializer (Glorot and Bengio,
2010) and updated for 1,000 training epochs using the Adam

optimizer (Kingma and Ba, 2014) with a learning rate of 10−4,

implemented using TensorFlow 1.12 (Abadi et al., 2016). The

prior distribution of the latent representation used a normal

distribution with a mean of zero and a standard deviation set

to one. The β value was set to 10−4. We performed network
hyper-parameter tuning by trying different numbers of layers in
the network within the range of 1 to 5 and different numbers
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of units in each layer within the range of 100 to 1,000. Then,
we choose the minimum number of layers and units after
which increasing them did not improve the performance. We
performed this network hyper-parameter tuning experiments
on 10 randomly selected projections (e.g. shake-haptic to hold-
haptic, poke-vision to poke-haptic) and then used the selected
hyper-parameters for the entire set of projections. Note that the
hyper-parameters and the network architecture we used may not
be optimal for a different dataset that may have a much larger
input dimensionality and/or a larger set of datapoints.

For β-VAE (shown in Figure 2), we used the same network
architecture for all the private encoders and decoders as of
β-VED discussed above. The output of all the encoders were
concatenated and connected to the mean and the standard
deviation vector. The sampled latent vector was used as an input
to the decoders. The rest of the implementation details and the
hyper-parameters of β-VAE are same as of β-VED.

4.3. Category Recognition Model
Implementation
At test time, we used multi-class Support Vector Machine (SVM)
(Burges, 1998) to classify objects into the categories from the
set Ytarget. SVM uses the kernel trick to map the training
examples to a high-dimensional feature space where the data
points from different classes may be linearly separable. We used
the SVM implementation in the open-source scikit-learn package
(Pedregosa et al., 2011), with the Radial Basis Function (RBF)
kernel and default hyperparameters.

4.4. Evaluation
We consider the setting where the source robot interacts with
all 20 object categories, while the target robot interacts with 15
randomly selected object categories. The objects of the shared
15 categories experienced by both robots are used to train the
knowledge transfer model that projects the sensory signals of the
source robot to that of the target robot. Subsequently, the trained
knowledge transfer model is used to generate “reconstructed”
sensory signals of the other 5 object categories in Ytarget that
the target robot never interacted with. Each sensory signal
experienced by the source robot from objects in these categories
is thus “transferred” to a target feature vector. Since the dataset
we used has only one robot, we evaluated our framework in two
scenarios: cross-perception knowledge transfer, in which one of
the robot’s sensors fail and its signal is recovered from the set of
available sensors, and cross-behavior knowledge transfer, in which
the source and the target robots are physically identical, but they
perform different behaviors on shared objects1.

We consider three possible category recognition training
cases: (1) our proposed transfer-learning framework using the
generated data from the source context (i.e., how well the target
robot performs if it uses transferred knowledge from the source
robot), (2) a domain adaption method, KEMA (kernel manifold

1Note that the proposed transfer learning methodology does not make

this assumption and is applicable in situations where the two robots are

morphologically different and/or use different sensors and feature representations

for a given modality.

alignment) (Tuia and Camps-Valls, 2016; Tatiya et al., 2020)
that aligns two different robots’ feature space into a common
space and train the target robot using the aligned features, and
(3) a non-transfer baseline using the target robot’s ground truth
features produced by actual interaction (i.e., the best the target
robot could perform if it had experienced all the objects itself
during the training phase). In all three cases, ground truth
features detected by the target robot are used as inputs to the
category recognition model when testing. We used 5-fold object-
based cross-validation, where each training fold consisted of 4
objects from each of the 5 object categories in Ytarget that the
target robot never interacted with, while the test fold consisted of
the remaining objects. Since the robot interacted with each object
for a total of 5 times, there were 100 (5 categories x 4 objects x
5 trials) data points in the training set, and 25 (5 categories x
1 objects x 5 trials) data points in the test set. This process was
repeated 5 times, such that each object occurred 4 times in the
training set and once in the test set.

The performance of the target robot at recognizing novel
categories of objects it never explored was evaluated using two
metrics. The first, accuracy, is defined as:

% Recognition Accuracy =
Correct predictions

Total predictions
.

The process of selecting the 15 random categories to train
the knowledge transfer model, generating the features of
the remaining 5 categories, training the two classifiers using
generated and ground truth features, and calculating accuracy for
both classifiers on ground truth observations by 5-fold object-
based cross validation was repeated for a total of 10 times to
produce an accuracy estimate.

The second metric that we used was accuracy delta (%), which
measures the loss in recognition accuracy as a result of using
the generated features for training when compared to using the
ground-truth features. We define this loss as:

Accuracy Delta = Accuracytruth − Accuracygenerated

where Accuracytruth and Accuracyprojected are the accuracies
obtained when using ground truth and generated features,
respectively. Smaller accuracy delta suggests that the features
generated by the learned mapping are similar to the target
robot’s real features, and that the target robot can use these
generated features to learn a classifier that achieves comparable
performance as if the target robot learned by actually exploring
the objects.

4.5. Results
4.5.1. Cross-Perception Sensorimotor Transfer
First, we consider the case where a robot is tasked with learning
a mapping from one of its sensory modalities (e.g., vision) to
another (e.g., haptic) for the same behavior. Such a mapping
would be needed if the modality sensor associated with the target
context ct fails at test time, or if a new sensor is added such that
there is limited data produced with objects with that sensor.
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FIGURE 8 | Visualizations of: (A) the source robot’s features; (B) the target robot’s projected features using β-VED, and (C) the corresponding ground truth features

captures by performing tap behavior on an object from the bottles category.

FIGURE 9 | Accuracy achieved by the projected features of the robot for different number of shared objects classifier for β-VAE push-audio and push-vision to

push-haptic projection, β-VED push-vision to push-haptic projection, and β-VED push-audio to push-haptic projection.

4.5.1.1. Illustrative example
Consider the case where the robot performs poke behavior while
the haptic sensor is not working. Projecting haptic features from
vision, enables the robot to achieve 42.5% recognition accuracy
using β-VED and 35.6% using β-VAE, compared with 49.6%
when using features from real interactions (shown in Figure 10).
In other words, the robot’s category recognition model trained
on the reconstructed signal of a failed sensor performs very
close to the model that been trained on real signal. Chance
recognition accuracy for 5 categories is 20% and the accuracies
of individual sensorimotor contexts are typically in the 40–
60% range. Note that the overall recognition accuracy can be
boosted to nearly 100% by using multiple behaviors and sensory
modalities (Sinapov and Stoytchev, 2010) but this is out of scope
for this paper.

To visualize how the projected features look as compared to
the ground truth features, we plotted an example of tap-vibro
to tap-haptic projection using β-VED. Figure 8 shows a feature
vector from the source feature space, the projected observation
in the target features, and a ground truth feature vector captured
by performing the tap behavior on the same object. The projected
and the ground truth features are very similar. Note that this is a
special case and there are certainly pairs of source-target contexts
which do not produce accurate projections.

Now, consider a case where the robot performs push behavior
while the haptic sensor is not working. Generating haptic features
using audio and vision by β-VAE as two sources, enables the
robot to achieve 38.6% recognition accuracy. This is a significant
boost in accuracy as projecting vision alone achieves 27.8%, and
projecting audio alone achieves 23.9%.

To find the effect of the amount of data used to train a
two sources β-VAE and corresponding two single source β-
VEDs on the recognition performance, we varied the number
of shared object categories for a projection. Figure 9 shows
the recognition performance for different number of number
of shared categories for β-VAE push-audio and push-vision
to push-haptic projection, β-VED push-vision to push-haptic
projection and β-VED push-audio to push-haptic projection. As
demonstrated combining vision and audio features improves
the generation of haptic features for most number of shared
categories, and the performance of two sources β-VAE reaches
very close to the baseline accuracy.

4.5.1.2. Accuracy results of category recognition
Since there are 4 modalities (audio, haptic, vibro,and vision), if
a sensor fails, there are 3 possible mappings that take a single
sensory modality as input, each from an available sensor to
a failed sensor, so there are 4 × 3 = 12 possible mappings

Frontiers in Robotics and AI | www.frontiersin.org 10 October 2020 | Volume 7 | Article 522141

https://www.frontiersin.org/journals/robotics-and-AI
https://www.frontiersin.org
https://www.frontiersin.org/journals/robotics-and-AI#articles


Tatiya et al. Cross-Perception and Cross-Behavior Knowledge Transfer

FIGURE 10 | β-VED cross-perception projections where the Accuracy Delta is minimum and corresponding β-VAE projections and KEMA projections.

(e.g., if the haptic sensor fails, the 3 possible mapping would be
audio to haptic, vibro to haptic, vision to haptic). There are 9
behaviors, so there are 12×9 = 108 projections (e.g., poke-vision
to poke-haptic, tap-vision to vision-haptic). Figure 10 shows the
5 β-VED cross-perception projections with the least accuracy
delta and corresponding single source β-VAE projections and
KEMA projections. Recovering haptic features from vibrotactile
and vision was the easiest task indicating that knowing what
an object’s surface feels and looks like when interacting with
it can inform how much force would be felt when performing
that behavior. Figure 10 also shows that the single source β-VAE
produce comparable recognition rates as β-VED.

A statistical analysis of the projections shown in Figure 10

was performed using a two-sample t-test. The t-test produced
a p-value when a knowledge transfer method is compared
with another, and p-value < 0.05 was considered statistically
significant. For all the projections the p-value is less than 0.05
when KEMA is compared with β-VED and β-VAE except lift-
haptic to lift-audio, where the p-value is 0.94 for KEMA and
β-VED, and 0.11 for KEMA and β-VAE. This shows that the
performance of encoder-decode methods is significantly better
than KEMA in most cases.

For 2 sources β-VAE, we evaluated 3 mappings: audio and
vision to haptic, audio and vision to vibro, and haptic and vibro
to vision. Results in Figure 11 indicate that by knowing how an
object looks like and sounds like when performing a behavior
gives a good idea of how its surface would feel and how much
force would be felt performing that behavior. However, it is hard
to predict how an object looks like by knowing its haptic and vibro
signal, which is intuitive as objects in different category may have
similar weights, but look very different. For all projections shown
in Figure 11, the p-value is less than 0.05 when β-VAE (2 sources)
is compared with the better performing source robot among the
two corresponding source robots using β-VED method.

4.5.1.3. Accuracy delta results
Figure 12 shows the accuracy delta for all 9 behaviors for β-VED
model. Darker color indicates lower accuracy delta, and thus the
diagonal is black. If a particular sensor fails Figure 12 informs
which source sensor would be better to recover its sensory signal,
depending on the behavior. For example for the poke behavior,
if the haptic sensor fails, using the vision sensor to recover its
signal would be better than other source contexts as it achieves
the smallest accuracy delta. Similarity, for the hold behavior, if
the audio sensor fails, the vibrotactile sensor is a good source
context to recover its signal. These results also show that the
best source modality for reconstructing features from another
modality varies by behavior. The recognition accuracy of some
of these projections is shown in Figure 10.

4.5.2. Cross-Behavioral Sensorimotor Transfer
Next, we consider the case where a robot is tasked with learning
a mapping from one of its behaviors (e.g., shake) to another
(e.g., hold) for different or same modality. Such a mapping
would be useful if a new robot that has limited experience with
objects needs to learn from more experienced robots that have
thoroughly explored the objects in the domain.

4.5.2.1. Illustrative example
Suppose the source robot performs shake while the target robot
performs hold. Projecting the haptic features from shake to hold,
allows the target robot to attain 63.3% recognition accuracy
compared with 62.5% when using ground truth features from
real interactions (shown in Figure 13). In other words, the target
robot’s recognition model is as good as it could have been if it
were trained on real data.

To visualize the projection between the shake-haptic and
hold-haptic contexts, we reduced the dimensionality of the
generated and the ground truth features of the 5 categories the
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FIGURE 11 | Two sources β-VAE cross-perception projections where the recognition accuracy improves as compared with corresponding β-VED projections.

FIGURE 12 | Cross-perception Accuracy Delta for 9 behaviors using β-VED. From top to bottom and from left to right: (1) press, (2) grasp, (3) hold, (4) lift, (5) drop, (6)

poke, (7) push, (8) shake, and (9) tap. Darker color means lower Accuracy Delta (better) and lighter color means higher Accuracy Delta (worse).

target robot never interacted with to 2 (shown in Figure 14)
using Principal Component Analysis (Tipping and Bishop, 1999)
implemented in scikit-learn (Pedregosa et al., 2011). Figure 14
shows the clusters of the ground truth features (top-left) and
five plots that show β-VED projected features for different
β values (in increasing order from top to bottom and left
to right). The plots clearly show that, as the model was
less constrained, the model learned better representations of
the 5 categories indicated by the 5 clusters. The clusters of
projected features (β = 0.0001) look structurally very similar

to the ground truth data, indicating that the “reconstructed”
features generated by the source robot are realistic. In the
remaining experiments, we used 0.0001 as the β value for β-VED
and β-VAE.

Now, consider a case of two source robots: one performs lift
behavior and another performs press behavior, while the target
robot performs poke behavior. Projecting lift-haptic and press-
haptic features to poke-haptic by β-VAE as two sources, enables
the target robot to achieve 39.3% recognition accuracy. This is
a significant boost in accuracy as projecting lift-haptic alone to
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FIGURE 13 | β-VED cross-behavior projections where the Accuracy Delta is minimum and corresponding β-VAE projections and KEMA projections.

FIGURE 14 | 2D visualizations using Principal Component Analysis of the target robot’s hold-haptic ground truth features (top-left) and five β-VED projected features’

(from shake-haptic) clusters for different β values (in increasing order from top to bottom and left to right).

poke-haptic achieves 30.2%, and projecting press-haptic alone to
poke-haptic achieves 28.7% (shown in Figure 15).

To find the effect of the amount of data used to train a
two sources β-VAE and corresponding two β-VEDs on the
recognition performance, we varied the number of shared
categories used to learn a projection. Figure 16 shows the

recognition performance for different numbers of shared object
categories for β-VAE lift-haptic and press-haptic to poke-haptic
projection, β-VED lift-haptic to poke-haptic projection and β-
VED press-haptic to poke-haptic projection. Combining lift-
haptic and press-haptic features improves the generation of poke-
haptic features, especially with more shared categories, and the
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FIGURE 15 | Two sources β-VAE cross-behavior projections where the recognition accuracy improves as compared with corresponding β-VED projections.

FIGURE 16 | Accuracy achieved by the projected features of the target robot for different number of shared objects for β-VAE lift-haptic and press-haptic to poke-haptic

projection, β-VED lift-haptic to poke-haptic projection and β-VED press-haptic to poke-haptic projection.

performance of two sources β-VAE reaches very close to the
accuracy achieved when using ground truth features.

4.5.2.2. Accuracy results of category recognition
Since there are 4 modalities (audio, haptic, vibro, and vision)
there are 4 × 4 = 16 possible mappings from the
source to the target robot (e.g., audio to audio, audio to
haptic, audio to vibro, audio to vision, etc.). Each of the
9 behaviors are projected to all the other 8 behaviors, so
for each mapping, there are 9 × 8 = 72 projections.
Figure 13 shows the 5 projections where the accuracy delta
is minimum among all 16 × 72 = 1, 152 projections.

Generally, mappings within the same modality (e.g., haptic to
haptic, vision to vision) achieve higher accuracy than mappings
between different modalities. This indicates that knowing
what an object feels like when performing a behavior can
help to predict what it would feel like better than what it
would sound like or look like given another behavior. Similar
to cross-perception projection results, the single source β-
VAE achieves similar recognition rates as β-VED. For all
the projections shown in Figure 13, the p-value is less than
0.05 when KEMA is compared with β-VED and β-VAE
indicating that encoder-decode methods perform significantly
better than KEMA.
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FIGURE 17 | Two sources β-VAE cross-behavior projections trained with zeros for target robot where the Accuracy Delta is minimum and corresponding β-VAE

projections trained with target robot’s features.

FIGURE 18 | Accuracy Delta for 4 mappings using β-VED: haptic to haptic, vibro to haptic, vision to haptic, audio to haptic. Darker color means lower Accuracy Delta

(better) and lighter color means higher Accuracy Delta (worse).

The β-VAE architecture requires the target robot’s features as
input as well as output. Since we assume that the target robot
did not explore objects from the 5 novel categories, we cannot
provide its features as input. Therefore, while training with the
15 categories we compared feeding zero as target robot input
and feeding actual target robot’s features. We found that the
performance is better when we feed in zero (shown in Figure 17).
It may be due to the different training and test conditions that
causes feeding actual features as target robot’s input to perform
poor as compared to feeding it zero. Thus, while training as well
as testing we feed in zero as input for the target robot and the
β-VAE learns to generate the target robot’s features. For the first
four projections shown in Figure 17, the p-value is less than 0.05
when β-VAE trained using zero as features is compared with
β-VAE trained using actual features.

For 2 sources β-VAE, we evaluated haptic and haptic to haptic
mapping because haptic to haptic is the best performing mapping
for the single source robot scenario. Results in Figure 15 indicate
by knowing how an object feels like when performing two

different behaviors provides a better prediction of how it would
feel like when a third behavior is performed. In Figure 15,
for the first projection the p-value is less than 0.05 when β-
VAE (2 sources) is compared with the better performing source
robot among the two corresponding source robots using β-
VED method.

4.5.2.3. Accuracy delta results
Comparatively, mappings with target modality as haptic achieve
smallest accuracy delta. The accuracy delta for β-VED of all the
four possible mappings with target modality as haptic are shown
in Figure 18. This result indicates that it is easier to predict what
an object would feel like when performing a behavior by knowing
what it looks like or what it sounds like when performing another
behavior. In addition, when both robots perform behaviors that
capture similar object properties, the generated features are more
realistic. For example, holding an object provides a good idea
about how it would feel like to lift that object as indicated by
smaller accuracy delta. Generating hold-audio features frommost
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FIGURE 19 | Two dimensional ISOMAP embedding of the accuracy delta matrix. Each point represents a sensorimotor context (i.e., a combination of a behavior and

sensory modality). Points close in this space represent contexts between which information can be transferred effectively.

of the source robot’s features is relatively easier possibly because
holding an object would not produce much sound. However,
when the target modality is vibro, the accuracy delta is relatively
higher, indicating that it is hardest to predict what an object’s
surface feels like when performing a behavior by knowing what
it sounds like or what it looks like when performing another
behavior. For example, grasp-audio to push-vibro and drop-vibro
to push-vibro are the two projections where the accuracy delta is
the highest.

There are 36 sensorimotor contexts (9 behaviors x 4
modalities). To find the combination of source and target
contexts that is good for knowledge transfer, we computed
accuracy delta matrix, which has an average of accuracy delta
values for each pair of contexts. For example, for the projection
lift-haptic to hold-haptic the accuracy delta is 3% and hold-haptic
to lift-haptic the accuracy delta is 5.5%, so the average accuracy
delta of this pair of context is 4.2%. The size of the accuracy delta
matrix is 36 x 36 and the accuracy delta value of identical contexts
is 0. Figure 19 shows a two dimensional ISOMAP (Tenenbaum
et al., 2000) embedding of the accuracy delta matrix. Each dot in
the plot corresponds to a context and the distance between a pair
of context indicate the efficiency of the transfer (i.e. a pair that is
closer to each other is better for knowledge transfer than a pair
that is farther). Contexts with the same modality appear closer to
each other suggesting that projections within the same modality
comparatively perform better. Some of the most efficient pair of
behaviors are hold and lift, shake and hold, and drop and lift. This
shows that behaviors that capture similar object properties are
better for knowledge transfer as each of these pairs of behavior
require the robot to keep the object between its grippers for some
moment and capture the force felt and images observed in a
similar manner by performing both behaviors.

A surprising result is that the hold-audio and lift-audio
contexts are clustered closely with the haptic contexts, far away
from other audio contexts. Upon closer examination, the volume

of the sounds produced by the robot’s motors when holding
or lifting an object was correlated with the object’s weight, and
thus, the audio data served as a proxy haptic sensor for those
two behaviors. The results can also be used to detect redundant
behaviors—e.g., the hold and lift behaviors are close to each other
in the haptic, audio, and vision modalities, suggesting that they
provide essentially the same information. It is important to note
that these findings are likely specific to the particular robot,
behaviors, and sensory modalities used in this dataset. We expect
that the relationships between such sensorimotor contexts will
vary depending on the robot and its means of perceiving and
interacting with objects in its domain.

4.5.2.4. Object selection for calibration
In many situations it is possible that the source and the target
robots have limited time to build the mapping function for
knowledge transfer. Therefore, it is important to efficiently select
the calibration set of objects explored by both robots to maximize
the quality of the learned mapping in a limited time. Here we
propose one such procedure.

Let D
cs
source be the dataset of observed features by the source

robot in context cs. These include features with objects from all
categories Y . The goal is to select a set of N objects Ocalibration

with category labels in Yshared which can then be explored by the
target robot in some context ct in order to learn the source to
target mapping function.

1. Cluster the data points in D
cs
source into J clusters

2. For each cluster vj, compute a weight wj according to:

wj =
# of vj data points with labels in Ytarget

Total # of data points in cluster vj

3. Sample a cluster vj with probability proportional to its weight,
and then uniformly sample an object with label in Yshared for
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FIGURE 20 | Comparison of three different methods of selecting 5 objects for training β-VED. Note that each method selects 25 data-points for training β-VED.

which a data point falls into vj in the clustering. RepeatN times
(without replacement).

We tested this procedure with K-means (Lloyd, 1982) to cluster
500 data-points (100 objects x 5 trials with each object) of the
source robot into J = 100 clusters, and select objects from
clusters that capture similar object properties that aremore useful
for calibration. We limited the size of Ocalibration to N = 5,
substantially less than in results reported so far.

Figure 20 compares the method to two naive baselines: (1)
randomly selecting a category in Yshared and then using data with
all 5 objects in that category; and (2) randomly sampling 5 objects
with labels Yshared. As demonstrated, selecting 5 objects using
the clustering method achieves higher accuracy than randomly
selecting 5 objects or a category. This means that the clustering
method selects objects that are similar to the 5 target categories,
and can be useful when there is a budget of the number of objects
both robots are allowed to interact with.

4.6. Validation on a Second Dataset
We validated our knowledge transfer framework on another
dataset, which is described below along with the evaluation
methodology and experimental results.

4.6.1. Dataset Description
We used another publicly available dataset collected by Sinapov
et al. (2016), in which a Kinova MICO arm with 6-DOF explored
32 objects using 8 behaviors: grasp, lift, hold, look, lower, drop,
push, and press. During the execution of each action (other
than look) the robot recorded the sensory perceptions from
the haptic and the auditory sensory modalities. The haptic
signals were recorded for the robot’s 6 joints at 15 Hz while
the auditory signals was represented as the Discrete Fourier
Transform computed with 65 frequency bins. Before grasping

the object, the look behavior was performed, which produced
three different types of visual sensory modalities: (1) an RGB
color histogram using 8 bins per channel; (2) Fast point feature
histogram (fpfh) shape features and (3) deep visual features
produced by feeding the image to the 16-layer VGG network. For
additional details on the visual feature extraction pipelines, please
consult (Thomason et al., 2016). Each behavior was executed 5
times on each of the 32 objects, resulting in 1,280 interactions (8
behaviors x 5 trials x 32 objects). For additional details regarding
the dataset, readers can refer to Sinapov et al. (2016).

4.6.2. Evaluation and Results
The evaluation procedure for this dataset was the same as that
for the previous dataset except that instead of recognizing object
categories, the robot had to recognize specific objects as the
objects in this dataset did not belong to any object categories.
We assume that the source robot interacts with all 32 objects,
while the target robot interacts with only 24 randomly selected
objects. The objects experienced by both robots are used to train
the knowledge transfer model and the trained knowledge transfer
model is used to generate “reconstructed” sensory signals of
the objects that the target robot never interacted with. To train
the object recognition model, we again consider three possible
training cases previously described with a difference that here we
performed 5-fold trial-based cross-validation, where the training
phase consisted of 4 trials from each of the object that the
target robot never interacted with and the test phase consisted of
the remaining trial. Since the robot interacted with each object
5 times, there were 32 (8 objects x 4 trials) examples in the
training set, and 8 (8 objects x 1 trials) examples in the test
set. This process was repeated 5 times, such that each trial was
included in the training set 4 times and once in the test set. The
entire procedure of training the knowledge transfer model and
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FIGURE 21 | 2D visualizations using Principal Component Analysis of the target robot’s lower-haptic ground truth features and β-VED projected features’ (from

lift-haptic) for the dataset in Sinapov et al. (2016).

object recognition model is repeated 10 times to get an accuracy
estimate. Note that the hyperparameters and the structure of
the network were kept identical to those that were used for the
previous dataset without any additional tuning. The results of
cross-perception and cross-behavioral sensorimotor transfer are
discussed as follows.

4.6.3. Illustrative Example
Consider a cross-behavioral sensorimotor transfer where the
source robot uses the lift behavior while the target robot uses
the lower behavior. Projecting haptic features from lift to lower,
allows the target robot to achieve a recognition accuracy of
68% compared with 52.2% when using ground truth features
(shown in Figure 23). In other words, the target robot’s object
recognition model performs better than if it were trained on
real data.

To visualize the lift-haptic to lower-haptic projection, we
reduced the dimensionality of the generated and the ground truth
features of the 5 objects the target robot never interacted with
into 2D space by PCA (shown in Figure 21). Figure 21 shows
the clusters of both ground truth and projected features using
β-VED. The clusters of projected features not only look very
similar to the ground truth features, but also have less variance,
which may account for the higher recognition rate when using
reconstructed features.

4.6.4. Accuracy Results of Object Recognition

4.6.4.1. Cross-perception sensorimotor transfer
Since there are 2 modalities (audio and haptic), if a sensor fails,
there is 1 possible mapping from the available sensor to the
failed sensor, so there are 2 × 1 = 2 possible mappings (e.g.,
audio to haptic and haptic to audio). There are 7 interactive
behaviors, so there are 2 × 7 = 14 projections (e.g., hold-haptic
to hold-audio and lower-audio to lower-haptic, etc.). There are
also 3 vision based modalities (color, shape and vgg) only for
look behavior, so there 3 × 2 × 1 = 6 more projections (e.g.,
look-color to look-shape and look-vgg to look-color, etc.). Thus, in
total there are 20 cross-perception projections. Figure 22 shows

the 5 β-VED cross-perception projections with the least accuracy
delta and corresponding single source β-VAE projections and
KEMA projections. Note that the reconstructed features of these
5 projections achieve higher accuracy than the ground truth
features, however there are projections such as look-shape to look-
vgg and hold-audio to hold-haptic, where ground truth features
achieve higher accuracy. Recovering audio features from haptic
was the easiest task, indicating that knowing how forces felt when
performing a behavior can inform how the object would sound
when performing that behavior.

4.6.4.2. Cross-behavioral sensorimotor transfer
Since there are 2 sensory modalities (audio and haptic), there
are 2 × 2 = 4 possible mappings from the source to the
target robot (e.g., audio to haptic and haptic to audio, etc.).
Each of the 7 interactive behaviors are projected to each of
the other 6 behaviors, so for each mapping, there are 7 ×

6 = 42 projections (e.g., lift-haptic to lower-haptic and hold-
audio to lower-haptic, etc.). Thus, there are 4 × 42 = 168
projections without using vision modalities. Since there are
also 3 visual modalities (color, shape, and vgg) only for look
behavior, we projected visual modalities to non-visual modalities
3 × 2 = 6 mappings, and non-visual modalities to vision
modalities 2 × 3 = 6 mappings for look behavior to other
behaviors 1 × 7 = 7 projections and other behaviors to
look behavior 7 × 1 = 7 projections. Thus, there are
6 × 7 + 6 × 7 = 84 projections using vision modalities,
making 168 + 84 = 252 total cross-behavioral projections.
Figure 23 shows the 5 β-VED cross-behavioral projections
where the accuracy delta is minimum and corresponding
single source β-VAE projections and KEMA projections. While
the reconstructed features of these 5 projections achieve
higher accuracy than the ground truth features, there are
projections such as push-haptic to look-vgg and look-shape
to hold-haptic, where ground truth features achieve higher
accuracy. Similar to previous results, mappings within the
same modality (e.g., haptic to haptic) achieve higher accuracy
than mappings between different modalities. One interesting
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FIGURE 22 | β-VED cross-perception projections where the Accuracy Delta is minimum and corresponding β-VAE projections and KEMA projections for the dataset

in Sinapov et al. (2016).

FIGURE 23 | β-VED cross-behavior projections where the Accuracy Delta is minimum and corresponding β-VAE projections and KEMA projections for the dataset in

Sinapov et al. (2016).

similarity is haptic to haptic which is the best performing
mapping for the previous dataset and haptic to haptic is the
best performing mapping for this dataset. Moreover, the best
performing combination of the source and target behaviors are
also similar. For example, in the previous dataset lift-haptic to
hold-haptic projection generated very realistic features and in
this dataset lift-haptic to lower-haptic projection has a very low
accuracy delta. This shows that the source and target behavior

combination that generates realistic features can be applied to
different robots.

4.6.5. Accuracy Delta Results
There are 17 sensorimotor contexts (7 behaviors x 2 non-visual
modalities + 1 behavior x 3 visual modalities). To visualize the
combination of source and target contexts that are good for
knowledge transfer, we plotted the two dimensional ISOMAP

Frontiers in Robotics and AI | www.frontiersin.org 19 October 2020 | Volume 7 | Article 522141

https://www.frontiersin.org/journals/robotics-and-AI
https://www.frontiersin.org
https://www.frontiersin.org/journals/robotics-and-AI#articles


Tatiya et al. Cross-Perception and Cross-Behavior Knowledge Transfer

FIGURE 24 | Two dimensional ISOMAP embedding of the accuracy delta matrix for the dataset in Sinapov et al. (2016). Each point represents a sensorimotor context

(i.e., a combination of a behavior and sensory modality). Points close in this space represent contexts between which information can be transferred effectively.

(Tenenbaum et al., 2000) embedding of the accuracy delta matrix
(shown in Figure 24) as we did for the previous dataset. Some
of the most efficient pairs of behaviors are lift and lower and
grasp and drop. Similar to previous results, contexts with the same
modality appear closer to each other indicating that projections
within the same modality perform better than projections within
different modalities. Moreover, pair of behaviors such as lift
and lower that capture similar object properties are better for
knowledge transfer similar to previous dataset. Some exceptions
include the look-shape context which lies close to several of the
contexts that use the audio modality. The press-haptic context
lies slightly outside the remaining haptic contexts as unlike
behaviors such as lift and lower, the press action does not give the
robot information about the object’s mass, but rather, it captures
its compliance.

5. CONCLUSION AND FUTURE WORK

Behavior-grounded sensory object knowledge is specific to each
robot’s embodiment, sensors, and actions which makes it difficult
to transfer multisensory representations from one robot to
another. We proposed and evaluated a framework for knowledge
transfer that uses variational auto-encoder and encoder-decoder
networks to project sensory feedback from one robot to another
robot across different behaviors and modalities. The framework
enables a target robot to use knowledge from a source robot
to classify objects into categories it has never interacted with
before. In addition, using the proposed knowledge transfer
method the target robot can recover the features of a failed
sensor from the available sensors. In this way, the target robot,
instead of learning a classifier from scratch, can start immediately
with a classifier that performs nearly as good as if the target
robot learned by collecting its own labeled training set through
exploration. We also proposed a method to select a set of

objects that would be better to transfer knowledge in a time
constrained situation where the robots cannot interact with a
large number of objects to train the knowledge transfer model.
Moreover, we successfully validated the proposed knowledge
transfer framework on another dataset without any additional
hyperparameter tuning. These results address some of the major
challenges in the deployment of interaction based multisensory
models, namely that they require a large amount of interaction
data to train and cannot be directly transferred across robots.

There are several closely-related research problems that can
be addressed in the future work. First, a limitation of the our
dataset is that the sensory features are dependent on the robot’s
environment, so the transferred features would not apply to the
robot in a different environment. For instance, a pencil box would
produce different auditory and visual features when dropped on
a wooden table than when dropped on a soft cushion. Thus,
there is a need to develop a framework to transfer knowledge
that can generalize across different environments. Moreover, the
dataset used in our experiments is relatively small (for each object
category there are only 25 examples), and thus, not large enough
to answer questions like “how much data is required to reach the
optimal performance?” Thus, in future work we would collect a
relatively larger dataset that can answer this question.

Another limitation of our experiment is that the dataset
we used contains only one robot, and thus we considered the
case where the source and target robots are morphologically
identical but differ in terms of behaviors and sensory modalities.
In future work, we plan to evaluate our framework on robots
that not only perform different behaviors, but also have
different embodiment and feature representations. In addition,
the run-time complexity of the β-VAE model we presented
increases linearly with the increase in the number of source
robots used. Having a model that can scale with the number of
robots without increasing run-time complexity could improve
the proposed method. A model that can incrementally improve
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performance by learning from new data-points acquired by
one of the robots is also a promising avenue for future
exploration. Finally, in our experiments, we addressed a category
recognition task. In future work, we plan to extend the
framework to handle sensorimotor knowledge transfer for
other tasks as well, such as manipulating objects, grounding
language, etc.
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