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ABSTRACT

Sampling from generative models has become a crucial tool for applications like
data synthesis and augmentation. Diffusion, Flow Matching and Continuous Nor-
malising Flows have shown effectiveness across various modalities, and rely on
latent variables for generation. For experimental design or creative applications that
require more control over the generation process, it has become common to manip-
ulate the latent variable directly. However, existing approaches for performing such
manipulations (e.g. interpolation or forming low-dimensional representations) only
work well in special cases or are network or data-modality specific. We propose
Latent Optimal Linear combinations (LOL) as a general-purpose method to form
linear combinations of latent variables that adhere to the assumptions of the gener-
ative model. As LOL is easy to implement and naturally addresses the broader task
of forming any linear combinations, e.g. the construction of subspaces of the latent
space, LOL dramatically simplifies the creation of expressive low-dimensional
representations of high-dimensional objects.

1 INTRODUCTION

Generative models are a cornerstone of machine learning, with diverse applications including image
synthesis, data augmentation, and creative content generation. Diffusion models (Ho et al., 2020;
Song et al., 2020a;b) have emerged as a particularly effective approach to generative modeling for
various modalities, such as for images (Ho et al., 2020), audio (Kong et al., 2020), video (Ho et al.,
2022), and 3D models (Luo & Hu, 2021). A yet more recent approach to generative modelling is
Flow Matching (Lipman et al., 2022), built upon Continuous Normalising Flows (Chen et al., 2018),
that generalises diffusion to allow for different probability paths between data and latent distribution,
e.g. defined through optimal transport (Gulrajani et al., 2017; Villani et al., 2009).

As well as generation, these models allow inversion where, by running the generative procedure
in the opposite direction, data objects can be transformed deterministically into a corresponding
realisation in the latent space. Such invertible connections between latent and data space provide a
convenient mechanism for controlling generated objects by manipulating their latent vectors. The
most common manipulation is to attempt semantically meaningful interpolation of two generated
objects (Song et al., 2020a;b; Luo & Hu, 2021) by interpolating their corresponding latent vectors.
However, the optimal choice of interpolant remains an open question, with simple approaches like
linear interpolation leading to intermediates for which the model fails to generate plausible objects.

White (2016) argues that poor quality generation under linear interpolation is due to a mismatch
between the norms of the intermediate vectors and those of the Gaussian vectors that the model
has been trained to expect. Indeed, it is well-known that the squared norm of a D-dimensional unit
Gaussian follows the chi-squared distribution. Consequently, likely samples are concentrated in a tight
annulus around a radius

√
D — a set which is not closed under linear interpolation. Because of this it

is common to rely instead on spherical interpolation (Shoemake, 1985) (SLERP) that maintains similar
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norms as the endpoints. Motivated by poor performance of interpolation between the latent vectors
provided by inverting natural images, alternatives to SLERP have recently been proposed (Samuel
et al., 2023; Zheng et al., 2024). However, these procedures are costly, have parameters to tune, and
— like SLERP — are challenging to generalise to other types of manipulations beyond interpolation,
such as constructing the subspaces needed for latent space optimisation methods (Gómez-Bombarelli
et al., 2018), or adapting to more diverse latent distributions beyond Gaussian.

In this work, we demonstrate that successful generation from latent vectors is strongly dependent on
whether their broader statistical characteristics match those of samples — a stronger condition than
just having e.g. likely norms. We show that effective manipulation of latent spaces can be achieved
by following the simple guiding principle of adhering to the modelling assumptions of the generation
process. Our primary contributions are as follows:

• We show that even if a latent leads to a valid object upon generation, it can fail to provide
effective interpolation if it lacks the typical characteristics of samples from the latent
distribution — as diagnosed by statistical distribution tests.

• We introduce Latent Optimal Linear combinations (LOL) — an easy-to-implement method
for ensuring that interpolation intermediates continue to match the latent distribution.

• We show that LOL — a closed-form transform that makes no assumptions about the
network structure or data modality — constitutes a Monge optimal transport map for linear
combinations to a general class of latent distributions.

• We demonstrate that LOL can be applied to define general linear combinations beyond
interpolations, including centroids (Figure 2) and, in particular, to define meaningful low-
dimensional latent representations (Figure 1) — a goal achieved previously with significant
expense and only for specific architectures.
Implementation and examples: https://github.com/bodin-e/linear-combinations-of-latents
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Figure 1: Low-dimensional latent subspaces. A 5-dimensional subspace from the flow matching
model Stable Diffusion 3 (Esser et al., 2024) extracted using LOL (left) from the latents corresponding
to images x1, . . . ,x5. The left plot show generations from uniform grid points across an axis-aligned
slice of the subspace coordinate system, centered around the coordinate for x1. Each coordinate in
the subspace correspond to a linear combination of latents, which define basis vectors. The right plot
shows the corresponding subspace without the proposed LOL transformation. See Figure 6, Figure 7
and Section G in the appendix for additional examples.

2 BACKGROUND

2.1 GENERATIVE MODELLING WITH LATENT VARIABLES

The methodology in this paper applies to any generative model that transforms samples from a known
distribution in order to model another distribution — typically, a complicated distribution of high-
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Figure 2:Centroid determination. Generation using Stable Diffusion 2.1 (Rombach et al., 2022)
from the centroid of the latents corresponding to imagesx 1, x 2, x 3 using different methods. Note
that our proposed method removes several artifacts, such as unrealistic headlights and chassi texture.

dimensional objects. For clarity of exposition, we focus on popular Diffusion and Flow Matching
models using Gaussian latents, and then extend to general latent distributions in the appendix.

Diffusion modelslearn a process that reverses the effect of gradually adding noise to training data (Ho
et al., 2020). The noise level is governed by a schedule designed so that the noised samples at the �nal
time indexT follow the latent distributionx (T ) � p(x ). To sample from the diffusion model, one
starts by drawing a sample from the latent distribution before iteratively evaluating the reverse process
with learnt parameters� , denoising step-by-step, generating a sequencef x (T ) ; x (T � 1) ; : : : ; x (0) g

x ( t � 1) � p� (x ( t � 1) j x ( t ) );

�nally producing a generated objectx (0) . Diffusion has also been extended to the continuous time
setting by Song et al. (2020b), where the diffusion is expressed as a stochastic differential equation.
Note that, by using the Denoising Diffusion Implicit Model (DDIM) (Song et al., 2020a) or the
probability �ow formulation in Song et al. (2020b), the generation process can be made deterministic,
i.e. the latent representationx (T ) � p(x ) completely speci�es the generated objectx (0) .

Flow Matching Lipman et al. (2022) is an ef�cient approach to train Continuous Normalising Flows
(CNF) Chen et al. (2018) — an alternative class of generative models that builds complicated distribu-
tions from simple latent distributions using differential equations. CNFs model the evolution of data
points over continuous time using an ordinary differential equation (ODE) parameterized by a neural
network, providing a deterministic relationship between latent and object space. Mathematically,
the transformation of a latent samplex (T ) � p(x ) at timet = T to x ( t ) at timet is governed
by f (x ( t ) ; t; � ), wheref (�; � ) is a neural network with parameters� . Flow matching allows the
transformation dynamics of the CNF to be learnt without needing to simulate the entire forward
process during training, which improves stability and scalability.

Note that both diffusion and �ow matching models can generate in a deterministic manner, where
the realisation of the latent variable completely speci�es the generated data object, e.g. the image.
Moreover, by running their deterministic generation formulation in reverse, one can obtain the
corresponding latent representation associated with a known object, referred to as “inversion”. In
this paper we focus on the effect of properties of the latent vectors, and their manipulation, on the
generation process. For simplicity of notation, henceforth we drop the time index and refer to the
latent variablex (T ) asx , and use subscript indexing to denote realisations of the latent variable.

2.2 INTERPOLATION OFLATENTS

Linear Interpolation . The most common latent space manipulation is interpolation, where we are
given two latent vectorsx 1 andx 2, referred to asseed latents(or seeds), and obtain intermediate
latent vectors. The simplest approach is to interpolate linearly between the seeds to get intermediates

y w
lin = wx 1 + (1 � w)x 2 for w 2 [0; 1]:

Spherical Interpolation. However, as discussed in (White, 2016) in the context of Variational
Autoencoders (Kingma, 2013) and Generative Adversarial Networks (Goodfellow et al., 2014), linear
interpolation yields intermediates with unlikely norms for Gaussian samples and results in highly
implausible generated objects (e.g. all-green images). Consequently, it is common to instead use
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spherical interpolation (SLERP) (Shoemake, 1985), which instead builds interpolants via

y w
SLERP =

sinw�
sin �

x 1 +
sin((1 � w)� )

sin �
x 2 for w 2 [0; 1] cos� =

hx 1; x 2i
jj x 1jjjj x 2jj

;

to maintain similar norms for the intermediates as the endpoints. SLERP has become popular and is
the standard method for interpolation also in the more recent models (Song et al., 2020a;b).

Norm-aware Optimisation. Motivated by poor performance of SLERP when interpolating between
the latent vectors corresponding to inverted natural images (rather than using those sampled directly
from the model's latent distribution), Zheng et al. (2024) propose to add additional Gaussian noise
to interpolants via the inversion procedure to control a trade-off between generation quality and
adherence to the seed images (i.e. the images corresponding to the latents at the interpolation end-
points). Alternatively, Samuel et al. (2023) advocate for Norm-Aware Optimisation (NAO) which
uses back-propagation to identify interpolation paths
 : [0; 1] ! Rd that solve

inf



�
Z

logP(
 (s))ds s.t. 
 (0) = x 1; 
 (1) = x 2;

wherelogP : Rd ! R is the log likelihood of the squared norm under its sampling distribution
� 2(D ) for unit Gaussian samples. NAO can also calculate centroids ofK latents by simultaneous
optimisation of paths between the centroid and each respective latent.

All the proposed interpolation methods above aim to make the intermediates adhere to statistics of
Gaussian samples, however, require signi�cant computation, have hyperparameters to tune, or lack
theoretical guarantees. Moreover — in common with spherical interpolation — they are dif�cult to
generalise beyond Gaussian latent variables or to more general expressions of the latents beyond
interpolation, such as building subspaces based on their span — as required to build expressive
low-dimensional representations.

In this work we will propose a simple technique that guarantees that interpolations follow the latent
distribution if the original (seed) latents do, applies to a general class of latent distributions, and
enables us go beyond interpolation. Moreover, we will address how to assess the distributional
assumption of the seed latents, to simplify the diagnosis of errors at the source.

SD2.1 (diffusion) SD3 (�ow matching)
x ( i ) � N ( � ; � )

1

argmaxp( jj � jj )
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argmaxp( jj � jj )
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N ( x � ; � ; � ) x ( i ) � N ( � ; � )
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Figure 3:Likelihood and norm insuf�cient . Column (1) of each panel shows an image generated
using a random sample from the associated Gaussian latent distribution for the diffusion model
of Rombach et al. (2022) (left side) and the �ow matching model of Esser et al. (2024) (right side).
Columns (2) and (3) both show images generated from latents with the most likely norm according
to their respective latent distribution. Columns (2) use the same Gaussian samples as in columns
(1) but rescaled to have this norm, also yielding realistic images. Meanwhile, columns (3) show
the failed generation from constant vectorssI scaled to have the most likely norm according to the
latent distribution but lacking other characteristics (e.g. not having all-equal values) that the network
was trained to expect, even though its likelihoodN (sI ; � ; � ) is typical of real samples. Moreover,
the distribution mode� , which also lacks needed characteristics , has vastly higher log likelihood
than any realistic sample; -33875 and -135503 for the two models, respectively. See Table 2 for an
example of failed generation using the mode� .

3 ASSESSING VALIDITY OF LATENTS VIA DISTRIBUTION TESTING

Before introducing our proposed method, we �rst explore evidence for our central hypothesis that
tackles a misconception underpinning current interpolation methods for Gaussian latents:

Having a latent vector with a norm that is likely for a sample from the latent distributionN (� ; � )
is not a suf�cient condition for plausible sample generation. Rather, plausible generation requires
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