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The interdisciplinary framework of conceptual spaces [6] proposes a geometric
representation of conceptual knowledge through low-dimensional interpretable
similarity spaces. The similarity spaces used in this framework are often based on
psychological similarity ratings for a small set of stimuli, and are unfortunately
often incapable of generalizing to novel stimuli.
Since recent studies [4,8] have found a link between the internal representations used by deep convolutional neural networks (CNNs) and human cognitive
processes, we have proposed to use such neural networks for learning a mapping
from raw images into the psychologically grounded similarity spaces [1].
In this study, we provide an example application of this idea, focusing on the
cognitive domain of shapes, which is deemed very important for the recognition
and classification of physical objects [7]. We compare the mapping performance
of photograph-based and sketch-based CNNs on a data set of line drawings [2,3],
exploring both transfer learning and multi-task learning settings.1 .

1

General Methods

We use the shapes data set by Bechberger and Scheibel [2,3], which contains 60
line drawings that are annotated with their coordinates in similarity spaces of
varying dimensionality. As secondary data source, we employed the TU Berlin
data set [5] and the Sketchy data set [10], which contain free-hand sketches annotated with their respective class. We used several data augmentation techniques
(resizing, translation, rotation, horizontal flips, and shearing) to increase the
variety of our training examples.
In all of our experiments, we applied 10% salt and pepper noise during training, but no noise on the test set. Due to the small number of line drawings, we
make use of a five-fold cross validation scheme. We report the averaged results
across all five trained networks. We use the coefficient of determination R2 as
an evaluation metric.

2

Experiments

For our transfer learning experiment, we considered the pre-trained photographbased inception-v3 network [11] (using an internal representation with 2048 di1

Code for reproducing our results is publicly available on GitHub: https://github.
com/lbechberger/LearningPsychologicalSpaces.
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Fig. 1. Results of our mapping experiments for a four-dimensional target space (a) and
target spaces of different dimensionality (b).

mensions) and a variant of Sketch-a-Net [12] (the first CNN to reach human
level performance on the TU Berlin data set) which was trained from scratch
to correctly classify the augmented sketches of both TU Berlin and Sketchy.
We consider two variants of our sketch-based network: default (with hyperparameters set to the values reported in the literature) and small (with identical
hyperparameters but a representation size of 256 instead of 512 dimensions).
For each network configuration, we extracted the internal representation of all
augmented line drawings and trained a lasso regression on the resulting feature
space. Figure 1a shows that transfer learning from our sketch-based network was
slightly more successful than transfer learning from the photograph-based network. The best results we were able to achieve with this approach are R2 ≈ 0.52.
For our multi-task learning experiment, we only considered the two variants
of our sketch-based network. We supplemented the classification loss with an
additional incentive to use a dedicated part of the internal representation to
predict the coordinates of the image in the similarity space for all line drawings.
As we can see in Figure 1a, performance is considerably better than for the
transfer learning setup with results of up to R2 ≈ 0.58
In a final experimental step, we applied the different approaches to target
spaces of varying dimensionality, without further optimizing their hyperparameter settings. Figure 1b shows that the sketch-based network can maintain its
advantage over the photograph-based network in the transfer task across all target spaces. Moreover, for the transfer task, a two-dimensional similarity space
yields the best performance, indicating a good trade-off between representational capacity and compactness. The multi-task learning approach outperforms
the transfer learning setup on all spaces with at least four dimensions, but collapses for lower-dimensional spaces. One may however speculate that we could
improve performance on the low-dimensional target spaces through additional
hyperparameter tuning.
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Conclusion

Our experiments show that mapping images into psychological shape space with
CNNs is possible. We found advantages of sketch-based over photograph-based
networks and of multi-task learning over transfer learning. Our overall performance level is still too low for practical applications and falls behind other
related work, where levels of R2 ≈ 0.77 have been reported [9] (using however a
larger data set and a more complex network structure). Thus, further research
is needed to arrive at a more stable mapping function.
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