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Abstract

Musicians are using neural audio models to synthesize new sounds,
but the sound space accessible through such models is often con-
strained to essentially interpolated approximations of existing train-
ing data, limiting the true sonic novelty musicians can elicit from
generative models. To address this problem, we present Latent
Novelification (LN), a machine learning method which learns to
transform vectors in any generative model’s latent space into new,
contrasting vectors according to an objective function which we
define. The LN objective enforces that these contrasting vectors
explicitly diverge from existing training data while remaining se-
mantically meaningful to the generative model, facilitating genera-
tive novelty beyond simple interpolation. LN supports divergent
creativity by helping musicians generate new and novel sounds,
integrating into any neural audio model interface to controllably
and interactively expand accessible sound space. This work con-
tributes a new algorithmic method—implemented in open-source
software—which musicians working with neural audio synthesis
can use to synthesize new sounds to incorporate into their art.
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1 Introduction

Musicians want to synthesize novel sounds to incorporate into
their work [17] [16] [21]. Neural audio models can facilitate this
[28] [12], but interfaces for using them often map to limited sub-
sets of their generative range closely aligned with or interpolating
existing sounds [25] [34], limiting output novelty and divergent
creative applications [4] [32]. Latent Novelification (LN) addresses
this problem by applying active divergence principles [2] to find
diverse sounds outside of a training distribution. Given a latent
control space, LN learns a contrasting one which can be interac-
tively interpolated with the original to expand accessible generative
range, supporting divergent creative applications. We contribute
a method for defining complex transformations of latent space,
and provide an effective architecture and training procedure, open-
source software implementation [23] integrated with RAVE [5], and
Max interface using LN for movement sonification tuning.

2 Background
2.1 Generating Novel Neural Network Outputs

Prior work has explored elicitation of novel outputs from neural
networks. Network bending [3] [19] inserts mathematical opera-
tions into a generative neural network so that it diverges from its
training distribution—a practice termed “active divergence” [2]. LN
is a more customizable form of network bending which isolates and
manipulates objective-defined latent subspaces to generate novel
content.

Creative Adversarial Networks (CANs) [9] optimize a gener-
ator network to produce output which a discriminator network
classifies as “art” (as opposed to “not art”) but cannot confidently
categorize into genre labels. LN similarly balances divergence and
interpretability, but transforms embeddings instead of generating
content directly. This provides different affordances, making it more
useful for integrating into other generative models.

Novelty search [20] [18] optimizes a sparseness objective to
find novel content. It has been used to generate novel embeddings,
including for RAVE [13]. LN adapts these principles to transform
existing control spaces, expanding the expressive range of any
latent-based generative interface.
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2.2 Neural Audio Models and Interfaces

Neural audio models generate raw waveforms or spectrograms.
Many are autoencoder-based [11], mapping a latent control space
to sound. RAVE [5] is an open-source implementation popular for
digital instrument design [26] [33] [6].

Musicians are using neural audio models to generate new sounds
for their art. Holly Herndon used ML to synthesize glitchy voices
on her album “Proto” [15], and her gallery exhibition “The Call”
[14]. Canblaster and Bjork have also used neural synthesis in their
work [7] [8].

Researchers have developed a variety of strategies for mapping
human control to a neural audio model’s latent control space, en-
abling interactive manipulation of generated audio. Zheng et al.
embedded existing sounds into interactively navigable terrain, us-
ing supervised learning to extrapolate sonic interpolations [34].
Vigliensoni and Fiebrink [30] used interactive ML to map inter-
action space to generative latent space. Meyer et al. [24] mapped
embodied movement to RAVE’s latent space with unsupervised
learning, via multimodal autoencoder. LN expands the expressive
range of such systems, augmenting their control spaces to access
novel sounds.

Researchers have also experimented with network bending neu-
ral audio models. Yee-King & McCallum [31] applied network bend-
ing to DDSP [10], proposing and analyzing a set of audio-specific
bending operations. Manz and Grierson [19] applied traditional
network bending to RAVE, enabling interactive audio manipulation
via virtual sliders. LN extends this approach, using machine learn-
ing to define more complex custom bending functions mapping to
contrasting latent subspaces, as described below.

3 LN Method
3.1 High-Level Explanation

Latent Novelification (LN) entails training a “novelifier” neural
network to compute a “novelification” function N that maps any
embedding vector in the generative model’s latent control space to
a different, contrasting vector in the latent control space (Figure 1).
Audio can then be generated by applying the generative model’s
decoder to any novelified embedding vector. Further, because novel-
ified and original embeddings are both vectors in the latent control
space of the original generative model, they can be interactively
interpolated between along any combination of dimensions, as
shown in Figure 2.

The novelifier neural network is trained through unsupervised
learning to maximize its output’s mathematical novelty relative to
a “novelifier training set” of reference embeddings. The following
sections detail LN objectives and training procedure.

3.2 Objective Functions

In this section, we define LN training objectives for divergence and
stability.

3.2.1 Divergence Objectives. A novelified sound should be different
from its original non-novelified sound, from other non-novelified
sounds, from other novelified sounds, and from silence. These cri-
teria are reflected, respectively, in the four objectives below, for
a novelification function N, audio encoder E, and non-novelified
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Original Embeddings Novelified Embeddings

Figure 1: LN learns a mapping function N from an exist-
ing latent control space to a contrasting one. N transforms
embeddings (shown here as points in 2D space with latent
dimensions C1 and C2), moving them around within a gen-
erative model’s latent space.

Originsl Embodcing x Novalfd Emboding N

Figure 2: A user can apply the mapping function N directly to
any embedding (top). Or, the user can interpoloate between
the original and the novelified embedding along each latent
dimension, or along a combination of latent dimensions (bot-
tom).

embeddings x and y randomly sampled from novelifier training
data:

e Transformation Depth := R(N(x), x);
Magnitude of LN transformation, i.e. the difference before and
after novelification
e Novelty := R(N(x),v);
Difference between novelified embeddings and other un-novelified
embeddings
e Diversity := R(N(x), N(y));
Difference between pairs of novelified embeddings
o Audibility := R(N(x), E(0));
Difference between novelified embeddings and encoded silence
Using empirical experimentation guided by our intuition and
aesthetic preferences!, we designed a custom reward function R
to use in these objective functions, which increases quickly when
similar embeddings start to diverge, and more slowly as embeddings
become further apart (illustrated in red in Figure 3). This reward
is smallest for identical embeddings, and progressively larger as
embeddings become more distant.
In particular, for audio embeddings a and b (either of which may
be novelified, or not), we define this reward function?:

R(a,b) := R’ (a,b) + R (abs(a), abs(b))

Istarting with simple distance metrics and building out complexity incrementally
based on subjective evaluation of effects on audio output

2MAE is mean absolute error, and k is a configurable parameter indicating instability
tolerance (higher k will yield more divergence relative to stability). Based on empirical
experimentation, the default instability tolerance is set to k = 1.2.
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where
1

VMAE(q,b) + 1

3.2.2  Stability Objective. To avoid uninteresting output (e.g. noise),
novelified embeddings should also capture semantically meaningful
audio features, which we enforce by proxy as reproducibility by
the generative model:

e Stability := —MSE(N(x), E(D(N(x))));
How unchanged a novelified embedding is when decoded to
audio and re-encoded back to latent space

R'(a,b) ==k - log(MAE(a,b) + 1) —

for novelifier N, un-novelified embedding x, decoder model D, and
encoder model E.

As in the divergence objective computation, we compute this
function for random samples of x from the novelifier training set
during the novelifier training optimization process.

Illustrated in Figure 3 in blue, this stability objective function
is designed to yield low stability incentive (i.e. slope) when N(x)
changes little across decoding and re-encoding, and high stabil-
ity incentive when decoding and re-encoding N (x) yields a vastly
different embedding E(D(N(x)))). Stability reward (i.e., f(x)) is
highest when novelified embeddings do not change at all when de-
coded and re-encoded, and progressively lower the more decoding
and re-encoding embeddings changes them.

Figure 3: Graph of the divergence reward function R’ (red) and
stability objective (blue) computed as f(x) where x :=z — 2’
for embeddings z, z’. Both functions are symmetric across
the y-axis. Traversing away from x = 0, the divergence re-
ward rises sharply then levels off, while the stability reward
declines gradually then steepens. Thus the divergence in-
centive overpowers the stability incentive as x — 0, and as
x — =*oo the stability incentive dominates.

3.3 Novelifier Architecture and Training
Procedure

Our novelifier architecture, illustrated in Figure 4, consists of three
neural network modules: a divergence maximization module, a sta-
bility maximization module, and a supermodule. The input to the
divergence maximization module and stability maximization mod-
ule is an un-novelified embedding vector, x. Each of these modules
outputs an intermediary vector of the same length as the original
embedding, i.e., len(x). The supermodule takes an input of size 3x
len(x); its input is a concatenation of the original embedding with
the intermediary embeddings produced by the first two modules.
The supermodule outputs the novelified embedding vector whose
length is the same as the original, i.e. len(x).
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During training, each of these modules’ parameters are adjusted
via three parallel optimizers, each with a different objective func-
tion. A divergence optimizer trains the divergence module to yield
embeddings that, when processed by the supermodule, maximize
the sum of the divergence objectives. A stability optimizer trains the
stability module to yield embeddings that, when processed by the
supermodule, maximize the stability objective. The super-optimizer
trains the supermodule and the submodules to optimize both di-
vergence and stability. During training, gradient updates alternate
between these three optimizers.

The architecture of the individual neural networks and the choice
of optimizer can be varied. For our base implementation, each of
the three neural networks consists of two linear layers separated
by ReLU activation trained using Adam optimization and an initial
learning rate of 0.001. We partition data into train and validation
sets, and halt training once the validation set objective stops im-
proving, saving the model with the best validation set metrics.

Figure 4: Novelifier architecture and training framework.
Input embeddings flow to parallel divergence and stability
modules, which both feed into a supermodule which outputs
novelified embeddings. A divergence optimizer optimizes the
divergence module, a stability optimizer optimizes the sta-
bility module, and a super-optimizer optimizes all modules.

4 LN Movement Sonification Interface

We integrated LN into a movement sonification system [24], and
built a Max interface, shown in Figure 5, for users to interactively
manipulate the latent control space their movements map to. Hu-
man pose keypoints (i.e. skeletal coordinates of a human body)
are extracted from live laptop camera feed, and mapped to RAVE’s
latent audio space using autoencoders trained on custom poses
and audio files [24]. LN is applied after mapping pose keypoints to
latent audio space, before decoding to audio.
We created three interface features:

e “Novelification Ratio” slider controls the ratio of interpola-
tion between novelified and un-novelified embeddings, from
0 (all un-novelified) to 1 (all novelified)

e “Latent Gain” slider controls magnitude of final latent em-
bedding (continuous scaling from 0x to 2x)
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o “Toggle Novelification Mode™ toggles between three modes:

fully novelified, only first dimension novelified, programmable
subset of dimensions novelified according to specified ratios

Three live multislider displays visualize weighted un-novelified
and novelified embeddings, and final mixed embedding.

“Start/Stop” button upon odd press enables RAVE decoder in-
ference, activates audio playback and recording; upon even press
disables RAVE decoder inference, turns off audio playback, and
saves recording.

Figure 5: User Interface for Movement Sonification with La-
tent Novelification. A programmable button toggles novelifi-
cation mode (i.e. the relative proportions of novelification
for each latent dimension), and two additional sliders control
novelification ratio and latent gain. Original embeddings are
computed by mapping from human movement, i.e. pose key-
points (shown as green dots superimposed over the person
moving).

5 Discussion

Latent Novelification may help improve the expressive range and in-
teractivity of neural audio systems, supporting divergent creativity
by enabling musicians to generate unique, interesting sounds. In a
demo video*, we show how LN interactively changes audio timbre>
[22]. We have also used LN to create a musical composition® [1],
finding that the additional generative control it offered helped us
synthesize sounds we preferred, validating its artistic applicability.

LN may be extended by matching objectives to human percep-
tual range (e.g. removing non-human-audible frequencies from
generated audio during training), interactive fine-tuning (e.g. let-
ting users reject undesirable transformations by adding their output
to novelifier training set), or network bending the novelifier itself.
LN also applies to other mediums beyond audio, including visual,
text, and choreographic modes. Its objective functions, neural ar-
chitecture, and training procedure can be customized and made

3This interface uses a toggle button for novelification control to encourage users to
manipulate sound through their movement rather than tweaking sliders. The design
frames novelification control as a mechanism to adjust the sound space the movement
can interactively generate from, similar to programmable mode presets on a keyboard
synthesizer.

4using LN trained on a few minutes of Philharmonia violin data [27] to manipulate
Bach fugues autoencoded by a RAVE model pre-trained on MusicNet data [29]

Se.g. altering frequency content and making sounds “smoother” and “bassier”

®In collaboration with musician Alessandro Bonomi (https://open.spotify.com/artist/
127aCDkq9H9veeKQQiEcbl?si=CnEA_4yIRuiOWNjg3bN6hw)
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arbitrarily more complex. LN is a powerful tool with the poten-
tial to make generative models more expressive, interactive, and
artistically useful.

6 Conclusion

We presented Latent Novelification, a new method for transforming
latent space and improving generative expressivity. We conveyed
the motivation and theory behind LN, contextualized it within exist-
ing literature, and explained how it works. We offered an effective,
open-source LN implementation, integrated into RAVE, along with
a Max interface for tuning movement sonification mappings. We
demonstrated how LN may usefully augment generative musical
interfaces to help artists synthesize novel sounds.
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