ON USING BACKPROPAGATION FOR SPEECH TEXTURE GENERATION AND VOICE CONVERSION

Jan Chorowski, Ron J. Weiss, Rif A. Saurous, Samy Bengio

Google Brain

{chorowski,ronw,rif,bengio}@google.com

ABSTRACT

Inspired by recent work on neural network image generation which rely on backpropagation towards the network inputs, we present a proof-of-concept system for speech texture synthesis and voice conversion based on two mechanisms: approximate inversion of the representation learned by a speech recognition neural network, and on matching statistics of neuron activations between different source and target utterances. Similar to image texture synthesis and neural style transfer, the system works by optimizing a cost function with respect to the input waveform samples. To this end we use a differentiable mel-filterbank feature extraction pipeline and train a convolutional CTC speech recognition network. Our system is able to extract speaker characteristics from very limited amounts of target speaker data, as little as a few seconds, and can be used to generate realistic speech babble or reconstruct an utterance in a different voice.

Index Terms— Texture synthesis, voice conversion, style transfer, deep neural networks, convolutional networks, CTC

1. INTRODUCTION

Deep neural networks are a family of flexible and powerful machine learning models. Trained discriminatively, they have become the technique of choice in many applications, including image recognition [1], speech recognition [2, 3], and machine translation [4, 5, 6]. Additionally, neural networks can be used to generate new data, having been applied to speech synthesis [7, 8], image generation [9], and image inpainting and superresolution [10].

The representation learned by a discriminatively trained deep neural network can be approximately inverted, turning a classification model into a generator. While exact inversion is impossible, the backpropagation algorithm can be used to find inputs which activate the network in the desired manner. This technique has been applied to the computer vision domain in order to gain insights into network operation [11], find adversarial examples which make imperceptible modifications to image inputs in order to change the network’s predictions [12], synthesize textures [13], and regenerate an image according to the style (essentially matching the low-level texture) of another, referred to as style transfer [14].

In this work we investigate the possibility of converting a discriminatively trained CTC speech recognition network into a generator. In particular, we investigate: (i) generating waveforms based solely on the activations of selected network layers, giving insights into the nature of the network’s internal representations, (ii) speech texture synthesis by generating waveforms which result in neuron activations in shallow layers whose statistics are similar to those of real speech, and (iii) voice conversion, the speech analog of image style transfer, where the previous two methods are combined to generate waveforms which match the high level network activations from a content utterance while simultaneously matching low level statistics computed from lower level activations from a style (identity) utterance.

2. BACKGROUND

2.1. Texture synthesis based on matching statistics

Julesz [15] proposed that visual texture discrimination is a function of an image’s low level statistical properties. McDermott et al. [16, 17] applied the same idea to sound, showing that perception of sound textures relies on matching certain low level signal statistics. Furthermore, following earlier work on image texture synthesis [18], they demonstrated that simple sound textures, such as rain or fire, can be synthesized using a gradient-based optimization procedure to iteratively update a white noise signal to match the statistics of observed texture signals.

Recently, Gatys el al. [13] proposed a similar statistic matching algorithm to synthesize visual textures. However, instead of manually designing the relevant statistics as a function of the image pixels, they utilized a deep convolutional neural network discriminatively trained on an image classification task. Specifically, they proposed to match uncentered correlations between neuron activations in a selected network layer. Formally, let C^{(n)} ∈ R^{W ×H×D} denote the activations of the n-th convolutional layer, where W is the width of the layer, H is its height, and D is the number of filters. The Gram matrix of uncentered correlations G^{(n)} ∈ R^{D×D} is defined as:

G^{(n)}_{i,j} = 1 W H W∑ w=1 H∑ h=1 C^{(n)}_{whi} C^{(n)}_{whj} . (1)

Gatys et al. demonstrated that realistic visual textures can be synthesized by matching the Gram matrices. In other words, the statistics necessary for texture synthesis are the correlations between the values of two convolutional filters taken over all the pixels in a given convolutional filter map. We note that the Gram features in equation (1) are averaged over all image pixels, and therefore are stationary with respect to the pixel location.

2.2. Style transfer

Approximate network inversions and statistic-matching texture synthesis both generate images by minimizing a loss function with backpropagation towards the inputs. These two approaches can be combined to sample images whose content is similar to a seed image, and whose texture is similar to another one [14]. This approach to style transfer is attractive because it leverages a pretrained neural network which has learned the distribution of natural images, and therefore does not require a large dataset at generation time – a single image of

arXiv:1712.08363v1 [cs.SD] 22 Dec 2017

6. ACKNOWLEDGMENTS

The authors thank Colin Raffel, Matt Hoffman, Joseph Antognini, and Navdeep Jaitly for helpful discussions and inspirations, RJ Skerry- Ryan for signal processing routines in TensorFlow, and Aren Jansen and Sourish Chaudhuri for help with the speaker identification system.

7. REFERENCES

[1] A. Krizhevsky, I. Sutskever, and G. E. Hinton, “Imagenet classification with deep convolutional neural networks,” in Advances in Neural Information Processing Systems, 2012.

[2] A. Graves and N. Jaitly, “Towards end-to-end speech recognition with recurrent neural networks,” in Proc. ICML, 2014, pp. 1764–1772.

[3] J. K. Chorowski, D. Bahdanau, D. Serdyuk, K. Cho, and Y. Bengio, “Attention-based models for speech recognition,” in Advances in Neural Information Processing Systems, 2015.

[4] D. Bahdanau, K. Cho, and Y. Bengio, “Neural machine translation by jointly learning to align and translate,” arXiv:1409.0473, 2014.

[5] I. Sutskever, O. Vinyals, and Q. V. Le, “Sequence to sequence learning with neural networks,” in Advances in Neural Information Processing Systems, 2014, pp. 3104–3112.

[6] Y. Wu, M. Schuster, Z. Chen, et al., “Google’s neural machine translation system: Bridging the gap between human and machine translation,” arXiv:1609.08144, 2016.

[7] H. Zen, Y. Agiomyrgiannakis, N. Egberts, F. Henderson, and P. Szczepaniak, “Fast, compact, and high quality lstm-rnn based statistical parametric speech synthesizers for mobile devices,” arXiv:1606.06061, 2016.

[8] A. v. d. Oord, S. Dieleman, H. Zen, et al., “Wavenet: A generative model for raw audio,” arXiv:1609.03499, 2016.

[9] A. Radford, L. Metz, and S. Chintala, “Unsupervised representation learning with deep convolutional generative adversarial networks,” arXiv:1511.06434, 2015.

[10] C. Dong, C. C. Loy, K. He, and X. Tang, “Learning a deep convolutional network for image super-resolution,” in European Conference on Computer Vision. Springer, 2014, pp. 184–199.

[11] K. Simonyan, A. Vedaldi, and A. Zisserman, “Deep inside convolutional networks: Visualising image classification models and saliency maps,” arXiv:1312.6034, 2013.

[12] I. J. Goodfellow, J. Shlens, and C. Szegedy, “Explaining and harnessing adversarial examples,” arXiv:1412.6572, 2014.

[13] L. Gatys, A. S. Ecker, and M. Bethge, “Texture synthesis using convolutional neural networks,” in Advances in Neural Information Processing Systems, 2015, pp. 262–270.

[14] L. A. Gatys, A. S. Ecker, and M. Bethge, “A neural algorithm of artistic style,” arXiv:1508.06576, 2015.

[15] B. Julesz, “Visual pattern discrimination,” IRE Transactions on Information Theory, vol. 8, no. 2, pp. 84–92, 1962.

[16] J. H. McDermott, A. J. Oxenham, and E. P. Simoncelli, “Sound texture synthesis via filter statistics,” in IEEE Workshop on Applications of Signal Processing to Audio and Acoustics, 2009.

[17] J. H. McDermott and E. P. Simoncelli, “Sound texture perception via statistics of the auditory periphery: evidence from sound synthesis,” Neuron, vol. 71, no. 5, pp. 926–940, 2011.

[18] J. Portilla and E. P. Simoncelli, “A parametric texture model based on joint statistics of complex wavelet coefficients,” International Journal of Computer Vision, vol. 40, no. 1, 2000.

[19] Y. Zhang, M. Pezeshki, P. Brakel, et al., “Towards end-to-end speech recognition with deep convolutional neural networks,” arXiv:1701.02720, 2017.

[20] A. Graves, S. Fernández, F. Gomez, and J. Schmidhuber, “Connectionist temporal classification: labelling unsegmented sequence data with recurrent neural networks,” in Proc. ICML. ACM, 2006, pp. 369–376.

[21] D. Kingma and J. Ba, “Adam: A method for stochastic optimization,” arXiv:1412.6980, 2014.

[22] D. Povey, A. Ghoshal, G. Boulianne, et al., “The kaldi speech recognition toolkit,” in Proc. ASRU, 2011.

[23] T. N. Sainath, R. J. Weiss, A. Senior, K. W. Wilson, and O. Vinyals, “Learning the speech front-end with raw waveform CLDNNs,” in Proc. Interspeech, 2015.

[24] M. Abadi, A. Agarwal, P. Barham, et al., “Tensorflow: Largescale machine learning on heterogeneous distributed systems,” arXiv:1603.04467, 2016.

[25] D. Griffin and J. Lim, “Signal estimation from modified shorttime Fourier transform,” IEEE Trans. on Acoustics, Speech, and Signal Processing, vol. 32, no. 2, pp. 236–243, 1984.

[26] C. Zhu, R. H. Byrd, P. Lu, and J. Nocedal, “Algorithm 778: L- BFGS-B: Fortran subroutines for large-scale bound-constrained optimization,” ACM Transactions on Mathematical Software, vol. 23, no. 4, pp. 550–560, 1997.

[27] S. Hershey, S. Chaudhuri, D. P. Ellis, et al., “CNN architectures for large-scale audio classification,” in Proc. ICASSP. IEEE, 2017, pp. 131–135.

[28] H. Bredin, “Tristounet: triplet loss for speaker turn embedding,” in Proc. ICASSP, 2017, pp. 5430–5434.

[29] J. B. Kruskal and M. Wish, Multidimensional scaling, vol. 11, Sage, 1978.

[30] K. He, Y. Wang, and J. Hopcroft, “A powerful generative model using random weights for the deep image representation,” in Advances in Neural Information Processing Systems, 2016.

[31] A. Roberts, C. Resnick, D. Ardila, and D. Eck, “Audio deepdream: Optimizing raw audio with convolutional networks,” in Proc. ISMIR, 2016.

[32] D. Ulyanov and V. Lebedev, “Audio texture synthesis and style transfer,”https://dmitryulyanov.github.io/ audio-texture-synthesis-and-style-transfer/ , 2016.

[33] L. Wyse, “Audio spectrogram representations for processing with convolutional neural networks,” arXiv:1706.09559, 2017.

[34] H. Kawahara, I. Masuda-Katsuse, and A. De Cheveigne, “Restructuring speech representations using a pitch-adaptive time– frequency smoothing and an instantaneous-frequency-based f0 extraction: Possible role of a repetitive structure in sounds,” Speech Communication, vol. 27, no. 3, pp. 187–207, 1999.

[35] T. Toda, L.-H. Chen, D. Saito, et al., “The voice conversion challenge 2016.,” in Proc. Interspeech, 2016, pp. 1632–1636.

[36] D. Ulyanov, V. Lebedev, A. Vedaldi, and V. S. Lempitsky, “Texture networks: Feed-forward synthesis of textures and stylized images.,” in Proc. ICML, 2016, pp. 1349–1357.

[37] J. Johnson, A. Alahi, and L. Fei-Fei, “Perceptual losses for real-time style transfer and super-resolution,” in European Conference on Computer Vision. Springer, 2016, pp. 694–711.

[38] V. Dumoulin, J. Shlens, and M. Kudlur, “A learned representation for artistic style,” in Proc. ICLR, 2017.

[39] Y. Wang, R. Skerry-Ryan, D. Stanton, et al., “Tacotron: A fully end-to-end text-to-speech synthesis model,” in Proc. Interspeech, 2017.