What We Don’t C
Representations for scientific discovery beyond VAEs.
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Abstract

Accessing information in learned representations is critical for scientific discovery
in high-dimensional domains. We introduce a novel method based on latent flow
matching with classifier-free guidance that disentangles latent subspaces by explic-
itly separating information included in conditioning from information that remains
in the residual representation. Across three experiments—a synthetic 2D Gaussian
toy problem, colored MNIST, and the Galaxy10 astronomy dataset—we show that
our method enables access to meaningful features of high dimensional data. Our
results highlight a simple yet powerful mechanism for analyzing, controlling, and
repurposing latent representations, providing a pathway toward using generative
models for scientific exploration of what we don’t capture, consider, or catalog.
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Figure 1: Using a VAE data manifold, aggregated labels can be used to remove recorded factors
of variation from the latent space using a flow matching model. This enables access to features
that are less apparent in the VAE manifold but are important in describing the underlying data. By
disentangling learned manifolds from the information provided by labels, the resulting structure can
be used to iteratively discover What We Don’t C.
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1 Introduction

Once described as a ‘curse which has hung over the head of the physicist and astronomer for
many a year’ [1]], high-dimensional spaces are difficult to deal with and understand. The search for
embeddings that can provide access to the inherent structure of high-dimensional datasets has been
motivated by many applications in the physical sciences [2H6]]. Compression and disentanglement
learning using VAEs [7, 18] and the -VAE variant [9]] are an especially interesting approach to dealing
with the curse of dimensionality and increasing the interpretability of high-dimensional spaces.

It has been shown in -VAESs that using >> 1 can induce more disentangled representations [9H11]].
However, there is a fundamental trade-off between the quality of samples from the decoder and the
disentanglement of latents especially with large  values. Additionally, -VAEs do not natively
disentangle latent representations with respect to prior information about the data. Previous work
often incorporates supervised classifiers into the model architecture in order to provide stimulus for
conditional disentanglement [[12H15]]. These approaches require redefining and retraining the full
model if new conditioning information is added, making them computationally expensive.

In this work, we introduce a method to disentangle known conditioning information in latent spaces
using latent flow matching without requiring supervised classifiers or requiring full retraining of the
underlying VAE. In this paper, we:

* Demonstrate that flow models can remove or retain discrete and continuous conditioning
information using a flow model trained with conditioning dropout.

* Demonstrate the utility of the method for scientific applications by isolating, disentangling
and visualizing concepts in a dataset of real galaxy images.

* Introduce a method to enable scientific discovery without conflating the most dominant
signals that have already been thoroughly captured, considered, and catalogued, moving to
uncover meaningful representations of what we don’t see.

2 Method

For an overview of the methodology proposed in this work see Figure[I] We first train a VAE on a
given high dimensional dataset. We then learn the distribution of latents from the VAE using flow
matching [16} [17]. Flow matching provides an elegant way of transforming any pair of distributions
between each other. We use the Gaussian CondOT [[18]] probability path as the foundation for the
training objective of the vector field, Ut! , which is used to simulate the flow model
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where 0=t U[0;1];z q (zjx); N (0; 14) and vy is available conditioning information
[L8]. Additionally, we use a classifier-free guidance approach during training [[19]. By replacing
the conditioning information, Yy, at a fixed probability with a null vector, ?, we can approximate the
unconditional distribution that generates the latent samples. For a more descriptive algorithm of the
training procedure see[A.T]

Once trained, the flow model defines a continuous and deterministic trajectory between the samples
in the VAE space and the base distribution. By running the flow model backwards to t = 0, it is
possible to find a point in the base that generates a particular VAE latent sample. Our aim is to
preserve important information relevant to the VAE encoding but suppress already known information
about the data. We hypothesize that due to equation [T} the KL constraint on the VAE latents, and the
result of the data processing inequality: the flow model cannot add additional information during the
simulation unless it is directly provided [20]. As a result, information that is contained in the VAE
space should also appear in the base distribution unless explicitly conditioned on. This provides a
more computationally feasible alternative to approaches such as [[13}[15] which require additional
terms in the loss function. Importantly, if new conditioning information is discovered or introduced,
the full model requires re-training with an amended structure making this expensive for processes
that seek to control and refine representations iteratively, for example: in scientific settings where one
fundamentally wants to understand the factors of variation that describe some underlying data.



3 Results

3.1 2D Gaussians

We seed four synthetic isotropic Gaussians consisting of sam@d%2 as a rst experiment. For

this, we train a simple ow matching model to generate the target distribution. The velocity vector
eld is modeled using a simple multi-layer perceptron (MLP) which takes the positj@itime step

and the class information as input. Label dropout is used so that the data distribution can be generated
either conditionally using the class index or unconditionally using a null value, ? = 1.

Figure[2 shows the resulting ows, demonstrating how this approach can retain or remove class
structure using either condition@l {2a) or unconditiopal (2b) trajectories back to the base distribution.
In the conditional ow in Figuré Za, latents become seemingly unstructured when considering class
but preserve structure of the position of data points within a Gaussian as seen in the left slices coloured
by Euclidean distancel from the mean at= 1. However, in the unconditional ow in Figufe 2b,
latents remain structured around the most prevalent feature - the classes, while also capturing position,
but in a much more complex fashion than in Figurg 2a.

(a) Conditional ow (b) Unconditional ow

Figure 2: Visualization of the 2D Gaussian experiment colored by Gaussian class index and Euclidean
distance d of each sample to the center of its Gaussian att = 1.

3.2 Colored MNIST

We rst train a -VAE on colored MNIST [R]]

with minimal weighting on the KL penalty for
improved generation quality. Then we train a ow
matching model on the latent space of the VAE
using a simple MLP to parameterize the velocity
vector eld. This model is conditioned on the digit
class and the maximum red and green values of
the colored digit whilst blue is withheld from the
conditioning. Label dropout is used to estimate
the unconditional velocity eld.

Figure[4& shows the latent space produced by the

trained VAE using t-SNE for visualizatioi2?]

and colored by the digit type. The latent space ) )

shows clear structure concerning the digit typeigure 3:R? scores of linear regression model
With the trained ow model, we nd the latent trained to predict the r, g, and b values through-
values att = 0 for the samples from the VAE.out the conditional and unconditional ow. Note
Figure[4¢ shows what the latent values look like &at b is withheld and is consistently recovered

t = 0 when generated unconditionally: the unco#aroughout both ows.

ditional ow shown in 4c retains class structure

seen in the VAE latent space. The class structure

seen in Figures 4a and 4c is highly suppressed in the low dimensional projection of the conditioned
space, Figure 4b. From this, we conclude that the conditioning in the ow removes the need for the
conditions to be structurally present in the resulting manifold. To verify this intuition that information
not in the conditioning is maintained in the conditional representation, we linearly probe both ows
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