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Abstract

It can be shown that Stable Diffusion has a permutation-invariance property with
respect to the rows of Contrastive Language-Image Pretraining (CLIP) embedding
matrices. This inspired the novel observation that these embeddings can naturally
be interpreted as point clouds in a Wasserstein space rather than as matrices in a
Euclidean space. This perspective opens up new possibilities for understanding
the geometry of embedding space. For example, when interpolating between em-
beddings of two distinct prompts, we propose reframing the interpolation problem
as an optimal transport problem. By solving this optimal transport problem, we
compute a shortest path (or geodesic) between embeddings that captures a more
natural and geometrically smooth transition through the embedding space. This
results in smoother and more coherent intermediate (interpolated) images when
rendered by the Stable Diffusion generative model. We conduct experiments to
investigate this effect, comparing the quality of interpolated images produced using
optimal transport to those generated by other standard interpolation methods. The
novel optimal transport–based approach presented indeed gives smoother image
interpolations, suggesting that viewing the embeddings as point clouds (rather than
as matrices) better reflects and leverages the geometry of the embedding space.

1 Introduction

The study of the manipulation and interpolation of the inputs to and outputs of generative diffusion-
based text-to-image models like Stable Diffusion and latent diffusion models (Rombach et al., 2022;
Esser et al., 2024) has attracted increased attention in recent years. These models produce novel
images by denoising a random noise latent conditioned on a prompt input (Ho et al., 2020). The
prompt embeddings obtained from the raw prompt text, such as those obtained by CLIP (Radford
et al., 2021), are the input observed by the model and used for training and sampling. Understanding
these prompt embedding spaces is desirable for a variety of creative and functional applications,
including prompt optimization (Gal et al., 2022; Wang et al., 2024; Zhu et al., 2007), improved
sampling diversity (Deckers et al., 2024), image and prompt inversion (Zhang et al., 2024b; Li et al.,
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2025a), concept ablation and unlearning (Li et al., 2023; Kumari et al., 2023), and image interpolation
(Wang and Golland, 2023).

Specifically, interest in image interpolation in the context of diffusion models has grown. Applications
include anticipated domains such as video transitions (Zhang et al., 2025), but also extend to a variety
of unexpected use-cases, such as improving echocardiography image quality (Sivaanpu et al., 2024)
or classifying plant health (Lee, 2025). Methods to obtain smooth image interpolations in the
context of generative diffusion models include latent-space interpolation (Yu et al., 2025; Saito and
Matsubara, 2025) a mixture of latent and prompt embedding interpolation (Wang and Golland, 2023;
Yang et al., 2023; Zhang et al., 2024a), and even attention interpolation (He et al., 2024). Most of
these approaches (excepting He et al. (2024)) focus on starting with real images, inverting to the
embedding space, interpolating between embeddings, and then generating images for the interpolated
embeddings.

In parallel, there has been a growing interest in the geometry of learned latent spaces for frontier
models like the work of Balestriero et al. (2025); Lee (2023); Arvanitidis et al. (2017); Sakamoto et al.
(2024), and even for movement and interpolation between images in Park et al. (2023). Geometric
perspectives are being leveraged extensively in the the interpretability literature Voynov and Babenko
(2020); Balestriero and Baraniuk (2020). Additionally, there is research in the broader community
looking at how geometric properties are connected to topics like hallucination Yeats et al. (2025);
Phillips et al. (2025) and deep-fake Xie et al. (2025); Barnabò et al. (2023); Sivabalamurugan and
Swapna (2024) detection. Much of this work focuses on clustering, structure, and dominant modes or
directions within the learned embedding space where the representations of the data are vectors or
matrices.

Rather than focus on the geometry of latent space as in, e.g., Park et al. (2023), we look to connect
geometric perspectives on the textual embedding space with the image interpolation task in Stable
Diffusion. This novel work leverages a permutation invariance property of the embedding-to-image
generator used in Stable Diffusion to produce a new way of exploiting the geometry of embeddings
in image interpolation. Rather than understanding relationships between prompts based on Euclidean
or matrix-based relationships, we consider learned embeddings as unordered point-clouds. This
point-cloud provides a different way to interpolate between embeddings using optimal transport.
While optimal transport techniques have been incorporated into diffusion frameworks for concept
optimization (Li et al., 2025b), as well as interpolation methods (Zhu et al., 2007; Yang et al., 2023),
to the best of our knowledge, no studies explore the effect of using optimal transport to pair prompt
embedding tokens for interpolation within a diffusion framework.

In our work, we compare the performance gained by using optimal transport for interpolation between
prompt embeddings from a point-cloud view. Although there is evidence that interpolating only
between prompt embeddings results in sub-par interpolations (He et al., 2024), by fixing the latent
seed and focusing only on prompt embedding interpolation, we are able to isolate properties and
features of the prompt embedding space which otherwise might be masked by interpolating the latents
and the prompts simultaneously. Beyond simply improving interpolation methods, this research
provides a potential mechanism to improve foundational understanding of the prompt embedding
space and emergent behavior.

In Section 2 we present the diffusion and embedding models used, underlying cross attention
permutation invariance assumptions required for the application of optimal transport, and the optimal
transport methodology. Our novel approach and experimental hypotheses are shared in Section 3.
Section 4 establishes our experimental design and presents our results of probing the effect of optimal
transport for embedding interpolation. A discussion of the results and potential future work are
provided in Section 5.

2 Preliminaries and theoretical motivation

In this section we present a high-level overview of relevant concepts. We begin with diffusion models,
stable diffusion, and Contrastive Language-Image Pretraining (CLIP) in Section 2.1 followed by
discussions of CLIP permutation invariance and optimal transport in Sections 2.2 and 2.3, respectively.
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2.1 Diffusion models, stable diffusion, and CLIP

Diffusion models are a class of probabilistic generative models that have garnered significant attention
for their ability to produce high-quality images that closely adhere to user-specified criteria, unlocking
applications that range from automating artistic content creation to aiding researchers in synthetic
data generation, design and modeling complex systems and processes (Corso et al., 2023; Mazé and
Ahmed, 2022). At their core, diffusion models operate through two complementary processes: (i) a
forward “diffusion” process where an original image is corrupted through the iterative addition of
Gaussian noise, and (ii) a reverse-diffusion process that reconstructs the original image by estimating
and removing the noise added at each diffusion step. More formally, in the diffusion process, the data
x0 are perturbed at each step t through the Markov chain

q(xt|xt−1) = N (xt;
√
1− βtxt−1, βtI),

where βt ∈ (0, 1) is a variance schedule determining the amount of noise added at step t, and
N (·;µ, σ2) is a Gaussian distribution with mean µ and variance σ2. The reverse-diffusion process to
recover x0 through xT is modeled by a separate Markov chain

pθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(t)),

where µθ(xt, t) is the predicted mean (typically learned using a neural network (U-Net)), and Σθ(t)
is the variance (often fixed, but can be learned).

While several variations of diffusion models have been developed (Cao et al., 2023; Ho et al., 2020;
Dhariwal and Nichol, 2021; Rombach et al., 2022; Song et al., 2021, 2022), our interest lies in the
widely studied latent diffusion model Stable Diffusion 1.5 (SD) by Stability AI (Rombach et al.,
2022). Like traditional diffusion models, SD employs a forward and reverse diffusion process, but
for SD, these processes operate in a latent space rather than the original data space. A pre-trained
variational autoencoder (VAE) first maps input data x0 to a lower-dimensional latent representation
z0 via an encoder E, which substantially improves computational efficiency of the diffusion/reverse-
diffusion processes since the latent space is much lower dimensional than that of the original data.
The reconstructed representation obtained through the latent reverse-diffusion process is then decoded
back into the data space through the VAE decoder D.

The U-Net architecture of the reverse-diffusion process in SD differs from traditional diffusion in
that it has been enhanced with attention mechanisms, and in particular cross-attention between the
latent space and a textual embedding space. SD uses the Contrastive Language-Image Pretraining
(CLIP) model developed by OpenAI Radford et al. (2021), which maps images and text strings to a
shared embedding space in such a way that paired texts and images are nearby and unrelated pairs
are farther apart. Thus, the Stable Diffusion 1.5 pipeline for producing an image corresponding to a
particular prompt string is to compute a CLIP embedding of the string (padded if necessary), which
yields a collection of 77 tokens vectors in R768, canonically packaged as a matrix in R77×768. This is
the textual embedding space that is used in the cross-attention blocks in the U-Net architecture for
image generation.

In summary, the Stable Diffusion pipeline has two essential “functions” around which we will center
our focus: (i) the textual prompt embedding via CLIP and (ii) a reverse-diffusion processes wherein
embeddings are denoised and decoded into an image influenced by the CLIP-encoded text. These
two functions can be described as

• f : {strings} → R77×768, where s 7→ f(s), the CLIP embedding of the prompt s,

• g : R77×768 → {images}, where e 7→ g(e), the image generated from embedding e

Note that the image generation function g is hiding a tremendous amount of computational com-
plexity. In particular, it contains the entire U-Net and cross-attention architecture that underlies the
“denoising” process, which involves many more initial parameters than just the CLIP embedding
matrix. Throughout this paper, we will consider all other parameters of this architecture fixed (e.g.,
the initial “noisy” latent zT ), meaning we are only interested in how the image that results from the
overall pipeline (i.e., the image that results from decoding the final denoised latent) changes as a
function of the CLIP embedding input. Thus, while the underlying architecture is extremely intricate,
it is helpful to consider it as a single function g that takes as input a 77× 768 embedding matrix and
returns an image.
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2.2 Permutation invariance

We briefly detail two observations that give rise to an important permutation-invariance property of
the function g above.

The first is a general property about the ubiquitous attention operation. Given two matrices of arbitrary
dimension, X and X

′
, a common formulation of the attention operation (Vaswani et al., 2017) is

A(Q,K, V ) = softmaxrow

(
QKT

√
D

)
V (1)

where the input matrices are a query (Q = XWQ), key (K = X
′
WK), and value (V = X

′
WV )

matrix constructed as the product of X or X
′

and a matrix of learned weights. Equation (1) describes
self-attention when X = X ′ and cross-attention when X ̸= X ′. It is a known property that cross-
attention is invariant under joint permutation of the rows of K and V , and hence also of X ′. At a
high level, this is because softmax operates row-wise, and permuting the columns simply permutes
the probabilities in the same way; for more detail, we defer to (Fleuret, 2021; Ji et al., 2019).

The second critical observation is that the U-Net backbone of Stable Diffusion 1.5 is constructed as
a series of self-attention blocks on the image latent and cross-attention blocks between the image
latent and the CLIP embedding matrix (Rombach et al., 2022). In the cross-attention blocks, the
image latent z corresponds to X and the CLIP embedding e corresponds to X

′
. That is, the function

g defined in 2.1, as a function of the CLIP embeddings e, is nothing but a series of cross-attention
blocks with X ′ = e. Together with the fact that cross-attention is permutation-invariant on the rows
of X ′, we conclude that the function g is permutation-invariant on the rows of e.

This means that the order of the 77 token vectors is not relevant, only the tokens themselves as points
in R768, which suggests that one can view these embeddings not as matrices but instead as point
clouds. That is, we can view g as a function g : Punif

77 (R768) → {images}, where Punif
N (Rd) denotes

the set of uniform measures on N (possibly nondistinct) discrete points in Rd (i.e., measures of the
form 1

N

∑N
i=1 δxi , where xi ∈ Rd). For notational clarity, when viewing embeddings as matrices,

we will denote them with Roman letters (e.g., e0 or e1), and when viewing them as point clouds, we
will use Greek letters (e.g., µ0 or µ1). Note that there is a many-to-one equivalence between matrices
and point clouds, where a matrix e and point cloud µ are equivalent if the rows of e are exactly the
points in µ.

2.3 Optimal transport and Wasserstein space

This new point-cloud interpretation of the embedding space comes with a new natural distance metric:
the Wasserstein distance. For two point clouds µ = 1

N

∑N
i=1 δxi and ν = 1

N

∑N
i=1 δyi in Punif

N (Rd),
we define the Wasserstein distance between µ and ν to be

W2(µ, ν) := min
σ∈SN

(
N∑
i=1

∥xi − yσ(i)∥22

)1/2

, (2)

where the optimization is over all permutations σ ∈ SN , the symmetric group on N elements.3 A
map T that satisfies T (xi) = yσ∗(i) for some optimal permutation σ∗ is called an “optimal transport
map” from µ to ν and is denoted T ν

µ . When the support of µ is N distinct points (which in practice is
almost always true for our CLIP embeddings), then at least one such optimal transport map exists
(Proposition 2.1 in Peyré and Cuturi (2020)). Though not necessarily unique, the notation T ν

µ will
refer to a particular choice of an optimal map, which we will call “the” optimal transport map.

While we lose the Euclidean space structure that comes with the matrix perspective, the point-cloud
perspective comes with an analogous mathematical structure of a (formal) Riemannian manifold

3In general, one typically needs to define the Wasserstein distance between discrete measures using the
Kantorovich formulation, which allows for the possibility that the optimal “plan” may not be induced by a “map”.
However, Proposition 2.1 in Peyré and Cuturi (2020) guarantees that, in the case of uniform discrete measures
on the same number of points, there exists a permutation that is optimal. This is the only case of interest in this
paper, so we make the definition of Wasserstein distance using permutations, rather than more general plans.
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(Ambrosio et al., 2008; Otto, 2001) Specifically, W2 is a metric on Punif
N (Rd), and Punif

N (Rd) is a
subset of the “Wasserstein manifold” of measures with finite second moment, which itself comes
with some useful geometric properties. As we begin to explore the landscape of embedding space
with this new perspective, the key geometric property of interest to this paper is the nice relationship
between barycenters and geodesics. Specifically, if Tµ1

µ0
is an optimal transport map between µ0, µ1 ∈

Punif
N (Rd), then there is an explicit expression for a “constant-speed geodesic” µ : [0, 1] → Punif

N (Rd)
from µ0 to µ1 given by t 7→ µt with

µt = ((1− t) id+tTµ1
µ0

)#µ0 =
1

N

N∑
i=1

δ(1−t)xi+tyσ∗(i)
, (3)

where the notation T#µ denotes the pushforward of µ by the map T : Rd → Rd (Ambrosio et al.,
2008). In particular, for t ∈ [0, 1], µt is the weighted Wasserstein barycenter; i.e., µt satisfies

µt = argmin
µ∈Punif

N (Rd)

[
(1− t)W2(µ0, µ)

2 + tW2(µ1, µ)
2
]
. (4)

This barycenter definition is exactly analogous to a “weighted average” in Euclidean space, which
means these geodesics between point clouds on the Wasserstein manifold are exactly analogous to
straight lines — they trace out the shortest path between two points in the space. Thus, in essence, this
says that the OT-inspired way to interpolate two N -point clouds µ0, µ1 is to pair off points in µ0 with
points in µ1 using the optimal transport “coupling” (i.e., the pairing of xi with Tµ1

µ0
(xi) = yσ∗(i))

and then to linearly interpolate between each pair simultaneously. Despite losing the nice structure
of the vector space of matrices, the point-cloud interpretation of the embedding space still exhibits
a natural way to interpolate between embeddings. Exploiting the point-cloud interpretation of the
learned embedding space provides the basis for our novel, geometrically-informed image interpolation
technique presented in Section 3

3 Geometry-informed Image Interpolation Approach

In this work we explore how the permutation-invariance property described in Section 2.2 can inform
novel image interpolation techniques by operating on the embeddings. Specifically, the discussion
above suggests that the natural way to interpolate between embeddings (viewed as point clouds) is
to use (3) with the optimal coupling σ∗. This gives the shortest path through the embedding space
between the two prompts, meaning that any other method of interpolating the embeddings gives a
longer (or at least not shorter) path through Wasserstein space. For example, there is a natural way to
interpolate between embeddings e0, e1 viewed as matrices, which is to linearly interpolate by setting
et = (1 − t)e0 + te1. By viewing et now as a point cloud, this method traces out a path through
Wasserstein space also described by (3), except instead of using the optimal coupling σ∗, it uses the
coupling induced by the order of the rows in the CLIP matrices, which we call the “CLIP coupling.”
In fact, the length of this path is exactly the cost of the associated coupling (consequence of Theorem
8.3.1 in Ambrosio et al. (2008)), and for the CLIP coupling, that cost is the standard 2-norm of the
difference of corresponding rows. Thus, not only do we know that the CLIP interpolating path is
longer (since the optimal coupling cost is at least as small as the CLIP coupling cost), we know
precisely how much longer.

One way to assess whether our point-cloud perspective on embedding space is “more natural” than the
matrix perspective is to investigate how these path lengths through embedding space relate to notions
of similarity in image space. Specifically, for a particular interpolation path through embedding space,
there is an associated path through image space obtained by generating the image that corresponds
to each interpolated embedding along the embedding path. For any embedding-interpolation path,
the start and end embeddings are fixed, and this means that the associated image path connects
the images corresponding to the start and end embeddings. If one embedding-interpolation path
is “better” than another, its associated image-interpolation path should be smoother, more natural-
looking, and contain images which are more similar. In short, the path through image space should
be “shorter.” Thus, if considering the CLIP embeddings as point clouds really is a more faithful
geometric interpretation of embedding space, we hypothesize that:

1. The geodesic path through embedding space is shorter for prompts which are more similar
(i.e., embeddings are closer in Wasserstein distance when the prompts are more similar),
and the associated image paths have lower PPL scores,
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2. suboptimal couplings give relatively worse embedding interpolations for prompts which are
more similar (because suboptimal couplings are relatively more costly when embeddings
are close in Wasserstein distance)

3. for a fixed pair of prompt embeddings, a shorter interpolating path between them gives a
better associated image interpolation, and

4. this effect increases for prompts which are more similar because the relative path-length
increase is less severe.

To properly test these hypotheses, we need a suitable notion of path length in image space. Rather
than use a pixel-wise metric, which promotes structurally smooth but unrealistic image interpolations,
we seek an image-similarity score that promotes smooth image transitions while retaining realism and
context shifts. To this end, we use Perceptual Path Length (PPL) Karras et al. (2019) as a surrogate
for path length. PPL is defined as the average of image similarity scores between consecutive equally-
spaced images along a path, with the intuition that equally spaced points are closer if the overall
path is shorter. The standard image similarity score used for PPL is Learned Perceptual Image Patch
Similarity (LPIPS) Zhang et al. (2018), which is a standard method for judging image similarity.

Thus, our high-level approach is as follows, as illustrated in Figure 1. Two embedding matrices are
obtained from two prompt pairs using CLIP. The embedding matrices are treated as point clouds, and
three interpolation couplings (OT, CLIP, and a random coupling) are used to define a path between
the embedding point clouds. The interpolated path in embedding space is sampled along a grid, and
resultant embedding point clouds are obtained. Both the original embeddings and the interpolated
embeddings are used to produce a corresponding trajectory of images in image space. For each grid
sample along the interpolated path in embedding space, we produce a corresponding image with a
diffusion model (Stable Diffusion), and the resultant images are compared using PPL, based on the
LPIPS scores between the kth and (k+1)th image denoted ℓk. In Section 4, we present experimental
results that use this pipeline to explore the validity of the hypotheses listed above.

Figure 1: Embedding interpolation workflow where SD indicates use of the Stable Diffusion model
to produce the associated image.

4 Experimental Design and Results

4.1 Experimental setup

To evaluate the impact of capturing the geometric structure of CLIP embeddings in image interpolation,
we consider many pairs of prompts (see below for more details about how the prompt pairs were
selected). For each pair, we follow the pipeline illustrated in Figure 1 for each of three couplings —
OT, CLIP, and a random coupling (to create the random coupling, we fix the first row of the CLIP
matrices — this row is always the same for any prompt — and randomly pair the last 76 rows in each
CLIP matrix). We compute the cost of each coupling and the resulting PPL score for each coupling’s
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image interpolation (we use the AlexNet architecture when computing LPIPS scores for PPL). We
note that LPIPS gives lower scores to images that are more similar, and so a smaller PPL score means
that the given path through image space is “shorter”. Since the OT interpolation method produces
a geodesic µOT

t through embedding space, and each of the other two interpolations µclip
t and µrand

t
are longer paths, we hypothesize that the LPIPS/PPL scores for the OT method ℓot

k will be lower on
average than the other methods.

4.2 Dataset

To properly test the efficacy of the three interpolation methods, we must produce interpolated images
from each method for many pairs. The structure of our hypothesis requires a dataset with prompt
pairs that carry a known similarity score. To create such a dataset, we leverage the Crisscrossed
Captions dataset (Parekh et al., 2021), which contains captioned images from the the MS-COCO
dataset (Lin et al., 2015) that have been manually scored according to their similarity on a scale
from 0 to 5, with 5 being most similar. We assume that the similarity score between two images
can be extended as a similarity score the associated pair of captions. We discretize the range of
similarity scores into bins of width 0.5 and randomly select 1,000 pairs from each similarity group
(excluding any pairs where the two captions were identical). These captions are then used as prompts
in the SD model with a fixed seed. The results shown reflect the experiment described in Section 4.1
applied to 10,000 caption/prompt pairs. The Crisscrossed Captions dataset has a custom, open source
license at https://github.com/google-research-datasets/Crisscrossed-Captions/blob/master/LICENSE.
The MS-COCO dataset has a Creative Commons Attribution 4.0 License, and the SD model has a
CreativeML Open RAIL-M License. CPU and GPU workers were used on an internal cluster and the
total compute cost for the experiments was 1, 094 CPU hours and 2, 172 GPU hours. Preliminary
and failed experiments accounted for an additional approximately 7, 000 CPU hours and 575 GPU
hours of compute resources.

4.3 Results

Figure 2: Image interpolations for each method across four selected prompt pairs of varying similarity.

To help build the reader’s intuition, we start by showing the qualitative impact of the geometric
relationships being considered. Figure 2 shows a selection of interpolated images, where for each
of the four panels, the sub-images on the far left and far right correspond to the images produced
for each prompt pair, i.e., the endpoints of our path in image space. For each panel, the rows of
sub-figures are ordered from top to bottom as OT, CLIP, and random. Examination of the image
trajectories shows cases where the CLIP and/or random method appears to hallucinate objects in
the interpolated trajectory. The prompt pairs shown were selected based on having quantitatively
larger differences in the associated path lengths for illustration purposes. However, as will be shown
subsequently, the OT path is found to perform comparably or above the CLIP or random couplings
across the board.
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For a quantitative evaluation, we compute the perceptual path length (PPL) (as defined above in
Section 4.1) (Karras et al., 2019) for each interpolation method (OT, CLIP, random) as a measurement
of transition smoothness between the trajectory of interpolated images for all 10,000 pairs of prompts.
Smaller PPL values are desirable and correspond to higher smoothness across the interpolated image
trajectories. In the subsequent plots, we report PPL and coupling costs over the collection of all 1000
prompt pairs of each similarity level.

The boxplots of PPL scores and coupling costs are plotted for each method and similarity group in
Figure 3. To test our hypothesis, we assess the statistical significance of both the difference in median
PPL and the difference in median coupling cost between the OT interpolation results and the CLIP
or random couplings, respectively within each similarity group. Significance of p-values for testing
the difference in median PPL within each interpolation method and similarity group are reported
in Table 1. As hypothesized, the impact of embedding path is more significant for more similar
pairs of prompts. All tests for the difference in median coupling cost between optimal transport
and each other interpolation method are highly significantly different, p < 0.0001, for all similarity
groups. Additionally, the path length decreases as a function of similarity and the significance of
an optimal coupling grows as the similarity increases as hypothesized based on geometric intuition.
The PPL scores and coupling costs were determined to be not normally distributed, so for both
sets of tests we employed a Wilcoxon signed-rank test to test the null hypothesis that the median
of the difference is zero. In addition to the typical assumptions of independence and randomness,
the Wilcoxon signed-rank test assumes continuous data distributed symmetrically about the median
(Ramachandran and Tsokos, 2021).

Figure 3: PPL (left) and coupling cost (right) by interpolation method and similarity group.

Table 1: Significance of p-values for the Wilcoxon test comparing the median of the PPL scores.
(p < 0.05∗, p < 0.01∗∗, p < 0.001∗∗∗)

Similarity Group
0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0

OT vs. CLIP PPL - - - - ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗
OT vs. Random PPL ∗ - ∗∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗

5 Conclusions and Future Directions

In this work we observe that interpolating using the OT coupling in general results in shorter image
paths than using the linear and random couplings, and that the improvement is more substantial for
more similar prompts. Both of these observations are consistent with the hypothesis that path length
through Wasserstein space is reflected by “path length” through image space. We also notice that in
many cases where OT drastically outperforms the other two methods, it does so because the other
methods produce interpolated images which are relatively very different than either end image. This
suggests that embedding space has a “convexity” property with respect to Wasserstein distance that it
does not have when the embedding matrices are handled as matrix objects. Concretely, we find given
two embeddings of a particular class, an embedding “between” them in Wasserstein space is more
likely to be in the same class than an embedding “between” them in matrix space. Our experimental
results suggest that the point-cloud perspective indeed does a better job of capturing the “geometry”
of embedding space in ways that reflect more desirable properties in image interpolation.
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In particular, it is perhaps surprising that the random couplings, while noticeably worse than the
optimal couplings, still result in reasonably good image interpolations. Additionally, anecdotal
experiments suggest that even maximally-costly couplings (i.e., couplings that maximize the objective
quantity in (2)) still give image interpolations which are not catastrophic. In terms of the geometry of
the Wasserstein manifold, these interpolating paths using different couplings are all “straight” (even
though they are not all “geodesics”). This suggests some redundancy in the embeddings’ geometry
and raises a natural question: How far can we push the interpolating paths before they result in
catastrophic image behavior? Investigating this more general question could help shed even more
light on the geometry of embedding-space and how it interacts with the “geometry” of image-space.

There are also more general questions one could ask about interpolating between more than two
embeddings. The notion of a Wasserstein barycenter is perfectly well-defined when there are more
than two measures (the definition is exactly analogous to (4)), which means one could compute
the Wasserstein barycenter of many embeddings and observe the corresponding image outputs.
Investigating these multi-way interpolations would provide much deeper insight into the “manifold”
structure of the embedding-space, which is difficult to fully investigate with only one-parameter curves.
While computing Wasserstein barycenters of multiple measures is substantially more expensive than
computing an optimal transport map (there is no closed-form equation like (3)), one could use the
techniques of linearized optimal transport Linwu et al. (2025); Moosmüller and Cloninger (2021);
Cloninger et al. (2023) to approximate the Wasserstein barycenter much more computationally
efficiently.

Deeper exploration of these questions could uncover properties and conditions under which prompt
interpolation results in thematically consistent and smooth images, giving rise not only to improved
methods for image interpolation that rely on prompt interpolation (Wang and Golland, 2023), but also
informing scenarios where prompt interpolation or manipulation is an auxiliary step, such as variant
refinement (Deckers et al., 2024). Another area for future work is in developing additional metrics to
capture pair-wise changes in images. The path length surrogate considered in this work leverages
a standard image similarity score, LPIPS, but that score does not explicitly capture or penalize for
contextual and content shifts between image pairs. Additional work in this area would enable more
direct connections with applications like hallucination detection and associated mitigation strategies.

Finally, the scope of this work focused solely on Stable Diffusion 1.5, whose architecture differs
from the latest Stable Diffusion model (3.5) available at the time of writing. While architectural
innovations in the latest models present barriers to direct extension of the proposed approach, the
point cloud perspective may still better preserve underlying geometry and desired invariances than
performing operations like token concatenations used in Stable Diffusion 3.5. Therefore, an important
future direction would be extending and evaluating the point cloud framing for shared, multi-modal
token spaces and transformer-based denoising architectures like those of current state-of-the-art
models. However, although it is not the current “state-of-the-art” model, the fact that it can be run
locally means there is a substantial benefit to investigating Stable Diffusion 1.5 specifically. A better
understanding of the geometry underlying this model could provide insights that could be thoroughly
explored without the need for heavy resources, thus providing a theoretical framework for a large
class of geometric experiments that can still be run on an accessible testbed.
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