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DINFO, Università degli Studi di Firenze, Via di S. Marta 3, 50139 Firenze, Italy
Simone Conforti
MUSST Design, 8400 Winterthur ZH, Switzerland

SIMONE . CONFORTI @ MUSSTDESIGN . COM

Lorenzo Brusci
MUSST Design, 8400 Winterthur ZH, Switzerland

LORENZO . BRUSCI @ MUSSTDESIGN . COM

Tijn Borghuis
Technische Universiteit Eindhoven, Postbus 513, 5600 MB Eindhoven, The Netherlands
Marco Gori
DIISM, Università degli Studi di Siena, Via Roma, 56 53100 Siena, Italy
Paolo Frasconi
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Abstract
We focus on the problem of cross-modal data
mapping in a purely unsupervised setting. Our
motivating application is the generation of sound
or music from complex input sensory data (such
as images, video, or text). We present preliminary empirical results on text-image data association and on a realistic musical scenario where the
sonic parameters of a synthesiser (such as timbre, envelope, pitch and volume) are driven by a
transcoded version of input textual data. Examples of generated sound can be found at http:
//ai.dinfo.unifi.it/transcoder/

1. Introduction
Learning with multimodal data (such as images and text,
or video and audio) has recently received considerable attention, particularly within the deep learning community.
For example Ngiam et al. (2011) trained bimodal deep autoencoders to learn joint features of audio and video for
classification purposes. Srivastava & Salakhutdinov (2012)
have applied multimodal deep Boltzmann machines to image tagging. Other authors have worked in the context of
cross-modal retrieval introducing coupled architectures for
multimodal hashing (Masci et al., 2014) or for learning correlated features of two data modalities (Feng et al., 2015).
Proceedings of the Constructive Machine Learning workshop @
ICML 2015. Copyright 2015 by the author(s).

V. A . J . BORGHUIS @ TUE . NL

MARCO . GORI @ UNISI . IT

PAOLO . FRASCONI @ UNIFI . IT

All these methods employ some form of supervision in the
learning process, either in the form of class labels or in the
form of known associations between data points belonging to different modalities. In this paper, we focus on the
problem of generating sound from data collected in a different modality such as text, images, or video, in a completely unsupervised fashion. While our approach is not
suitable where exact denoting and pertinent associations
are required, it finds a natural application in the context
of music generation, where similar representative and expressive input sensory data should originate similar representative and expressive sonic perceptual experiences, but a
precise cross-modal association is unnecessary. This could
find applications in areas such as sound and music compositional assistive technologies, automatic music generation
in gaming, design of software instruments, generation of
music contents in commercial and public platforms.

2. Cross-modal data transcoding
We are given two data sets Xin ∈ Rnin ×pin and Xout ∈
Rnout ×pout of examples, where subscripts denote input and
output modalities. No association between input and output
examples is known in our setting. Individual examples are
assumed to be sampled independently from their unknown
distributions. As it is the case in most dimensionality reduction settings, we assume that data in both modalities lie
on low-dimensional manifolds of intrinsic dimensionalities
kin  pin and kout  pout . In order to map data points
xin and xout onto their low-dimensional representations
φin (xin ) ∈ Rkin and φout (xout ) ∈ Rkout , we train two
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Figura 4.1: 2 Frame estratti dal dataset CamVid.
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Figure 1. Left: input autoencoder; middle:
output autoencoder;
Figura 4.1: 2 Frame estratti dal dataset CamVid.
right: transcoding pipeline. questo esperimento però, al fine di rendere paragonabili i risultati con quelli

esto esperimento però, al fine di rendere paragonabili i risultati con quelli
[12], si considerano solamente 11 classi associando l’etichetta other alle
tanti 21 (i pixel appartenenti alla classe other verrano esclusi da tutti gli
perimenti). CamVid è diviso nell’insieme di training, Ctrain , che conta 367
mes e nell’insieme di test, Ctest che conta 233 frames per un totale di 600
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di [12], si considerano solamente 11 classi associando l’etichetta other alle
restanti 21 (i pixel appartenenti alla classe other verrano esclusi da tutti gli
esperimenti). CamVid è diviso nell’insieme di training, Ctrain , che conta 367
frames e nell’insieme di test, Ctest che conta 233 frames per un totale di 600

http://mi.eng.cam.ac.uk/research/projects/VideoRec/CamVid/

deep autoencoders. Stacked RBMs (Hinton & Salakhutdinov, 2006) or denosing autoencoders (DAEs) (Vincent
et al., 2010) are possible approaches for this step. We then
learn the mapping between φin (xin ) and φout (xout ) using a third transcoding network, as illustrated in Figure 1.
The transcoder’s weights are learned using the Stress-1
loss, commonly used in multi-dimensional scaling (Borg
& Groenen, 2005):
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Din = φin (xin ) − φin (xin )
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Dout = φ̂out (xout ; WT ) − φin (xout )
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3. Music synthesizer
To demonstrate the relationship between text analysis
and sound generation through transcoding, we developed
an application in the visual programming language Max
MSP (Puckette, 2002). Its core is an additive synthesizer
consisting of 32 sine wave oscillators which are individually controllable in frequency and amplitude. Such a synthesizer is capable of generating a wide variety of timbres, with the first oscillator producing the fundamental
frequency and the others contributing subsequent partials
to the sound signal (Roads, 1996). In our system, the fundamental pitch is defined by the notes of a tempered scale
and the ratio between the frequencies of the oscillators is
adjustable, it can be harmonic as well as inharmonic. The
synthesizer has 34 parameters: the fundamental frequency,
the ratio between the oscillator frequencies, and an amplitude for each of the oscillators. Hence, every sound it can
produce is completely characterized by an array of 34 values.

A proper assessment of the proposed methodology should
involve human subject in order to test their ability to discern similarities in the musical output due to similarities in
the input signal, and also to verify that the result is emotionally effective. In the field of cross-modal assocation studies (Deroy & Spence, 2013), several approaches exist in the
literature for this purpose (Parise & Spence, 2012; Chan
& Dyson, 2015). While such a study is beyond the scope
of the current preliminary contribution, in this Section we
also want to provide a quantitative empirical evaluation of
the algorithms, using real data, but in a domain that does
not human judgement to measure performance. In particular, we aim measure how often similar input signals are
mapped into similar output signals, using output modality
data on which performance can be objectively measured in
terms of (multiclass) classification accuracy.
4.1. Mapping text to digit images
In this experimental evaluation, we use a supervised input data set (Xin , yin ) and an output data set Xout where
class labels in yin are used for performance assessment
only and not during training. The goal is to obtain a
pseudo classification accuracy measuring how often input examples of the same class are mapped into output
data points of the same class. Since output data points
are genuinely new, measuring this kind of accuracy would
require human labeling on the generated data. To avoid
this step we use handwritten digits as the output modality,
given that classifiers with human-level accuracy are available for this type of data. We used 60000 training examples from the MNIST data set to train the output autoencoder. The input modality in this experiment is text and
we used 5954 training documents of ten distinct classes
from the 20-newsgroups dataset. The input and output deep
autoencoders both consisted of stacked RBMs, fine-tuned
by backpropagation (Hinton & Salakhutdinov, 2006). Geometries were 784-1000-500-250-4 for MNIST and 2000500-250-125-6 for newsgroups. The transcoder geometry was 6-30-30-4 using ReLU units in the hidden layers.
The overall transcoding pipeline is thus a network with 10
hidden layers. For testing, we fed the whole encodingtranscoding-decoding pipeline with 3963 test documents,
generated synthetic characters (samples shown in Fig. 2)
and classified them using a state-of-the-art convolutional
network (Goodfellow et al., 2013). A heatmap showing the
contingency matrix of predicted MNIST classes vs. true
newsgroup classes is shown in Fig. 3. The associated multiclass accuracy (using max-weigthed bipartite matching to
associate classes of the two modalities) is 47.8%. Interestingly, several “errors” occur with documents of similar
categories that cannot be easily distinguished without a supervision signal.
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the values of the parameters in the sound settings generated
from subsequent documents.

5. Conclusions
Figure 2. Synthetic digits generated from newsgroups documents.
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Cross-modal transcoding is a general unsupervised approach for generating new data and can be in principled
applied to arbitrary pairs of modality types. Our preliminary results show the viability of the method. An obvious direction for future work is to take into account the inherent temporal structure of both input and output signals
which should enable more interesting applications such as
the generation of music from video.
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4.2. Music generation
In this experiment we test the ability of the model to map
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