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Abstract

Generative models and vision encoders have largely ad-
vanced on separate tracks, optimized for different goals and
grounded in different mathematical principles. Yet, they
share a fundamental property: latent space Gaussianity.
Generative models map Gaussian noise to images, while en-
coders map images to semantic embeddings whose coordi-
nates empirically behave as Gaussian. We hypothesize that
both are views of a shared latent source, the Universal Nor-
mal Embedding (UNE): an approximately Gaussian latent
space from which encoder embeddings and DDIM-inverted
noise arise as noisy linear projections. To test our hypoth-
esis, we introduce NoiseZoo, a dataset of per-image latents
comprising DDIM-inverted diffusion noise and matching
encoder representations (CLIP, DINO). On CelebA, linear
probes in both spaces yield strong, aligned attribute predic-
tions, indicating that generative noise encodes meaningful
semantics along linear directions. These directions further
enable faithful, controllable edits (e.g., smile, gender, age)
without architectural changes, where simple orthogonaliza-
tion mitigates spurious entanglements. Taken together, our
results provide empirical support for the UNE hypothesis
and reveal a shared Gaussian-like latent geometry that con-
cretely links encoding and generation. Code and data are
available here.

1. Introduction

Generative modeling has reshaped visual computing, en-
abling high-fidelity synthesis, reconstruction, and edit-
ing [20, 25, 29, 49]. In parallel, foundation models
have learned highly semantic representations through self-
supervision, where simple linear heads achieve strong clas-
sification, retrieval, and zero-shot recognition [13, 15, 45].
Together, these advances shifted vision from passive recog-
nition to general-purpose creation and understanding, now
spanning diverse visual domains [3, 44].
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Figure 1. UNE conceptual illustration. Different encoders (e.g.,
CLIP, DINO) and generative models (e.g., SD, LCM) provide dif-
ferent views of the same underlying Gaussian latent structure. Al-
though trained for different objectives, their latents can be inter-
preted as noisy linear projections of a shared ideal Gaussian space.

Prior work reveals surprising linearity and even shared
geometry across deep latent spaces [4, 63]. First, within
generative families, independently trained VAEs, GANSs,
flows, and diffusion models can be “stitched” (i.e., their la-
tent spaces can be linearly aligned so that codes from one
model can be decoded by another) via simple linear maps
between their latents [2, 4, 32, 39, 63]. Similarly, within
representation families, vision encoders likewise “stitch”
across architectures and modalities. Single-projection text-
image alignment and shallow model-stitching show that in-
dependently trained encoders can operate in a shared latent
space [7, 30, 36, 40, 59].

Motivated by the Platonic Representation Hypothesis
and embedding-translation results [26, 27], and by identi-
fiability showing that contrastive encoders invert the data-
generating process [64], we unify the encoder and genera-
tor worlds by directly linking generative noise to encoder
representations. We posit a shared, approximately Gaus-
sian latent space, the Universal Normal Embedding (UNE),
from which both families arise as noisy linear projections.
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Figure 2. Universal Normal Embedding (UNE). A multivariate standard Gaussian latent space representing the encoded data distribution,
in which linear directions align with semantics: classes are separable by hyperplanes, and continuous attributes (e.g., “smile”) can be edited

by perturbing along a single latent direction.

UNE refers to an ideal Gaussian latent space whose linear
projections approximate the latent spaces of both generative
models and vision encoders (see illustration in Figure 1). In
this geometry, semantic variation aligns with linear direc-
tions [12], making UNE actionable for linear probes and
controllable edits (illustrated in Figure 2).

Evidence motivating UNE comes from both sides. Gen-
erative models sample from Gaussian priors, while encoder
representations (e.g., CLIP [45], DINO [13]) empirically
behave as approximately Gaussian [11, 23]. Contrastive-
learning theory shows that encoders can recover the la-
tent generative factors [64], and follow-up work estab-
lishes identifiability of encoder representations up to lin-
ear transformations [18, 47]. In parallel, large models con-
verge toward shared latent geometry across architectures
and modalities [26, 27, 34, 57]. Recent theoretical work fur-
ther formalizes different regimes in which representations
exhibit Gaussian behavior [5, 10]. These results suggest
that encoder latents and generative noise reflect the same
underlying factors. We show that these factors admit an ap-
proximately Gaussian shared latent space in practice, with
encoders and generators aligning as noisy linear projections
of that space.

Having established the motivation and formulation of
UNE, we investigate it empirically by analyzing latent rep-
resentations from multiple diffusion models and vision en-
coders using a unified per-image dataset. We evaluate ob-
servable consequences predicted by the hypothesis: Gaus-
sianity of coordinates, linear separability of semantic at-
tributes, cross-model latent alignment, and linear control-
lability of semantic directions. We further examine multi-
view intersections of these latent spaces to study whether
they preserve a consistent shared structure. Together, these
evaluations suggest that encoder and generative latents be-
have as noisy linear views of a common, approximately

Gaussian latent source.

Our main contributions are:

¢ Universal Normal Embedding (UNE). We formalize the
UNE hypothesis of a shared, approximately Gaussian la-
tent space linking encoders and generators, and relate it to
real latents; as a proof of concept, we also explore a multi-
view estimator that recovers a shared k-dimensional inter-
section subspace across models.

¢ Semantic structure in generative noise. We show
that DDIM-inverted noise encodes rich semantics: linear
probes on noise alone achieve strong attribute prediction
across multiple diffusion models, closely matching foun-
dation encoders.

¢ Controllable editing via linear directions. We en-
able faithful, interpretable edits by shifting along probe-
derived directions in noise space, and show that a sim-
ple orthogonalization mitigates spurious entanglements,
without architectural changes or fine-tuning.

¢ NoiseZoo dataset. We release NoiseZoo: per-image
DDIM-inverted noise paired with matched encoder em-
beddings for real images, enabling studies of generative-
semantic correspondence.

2. Related Work

Latent alignment and shared geometry. Despite ar-
chitectural and objective differences, the latent spaces of
VAEs [29], GANSs [20], normalizing flows [48], and dif-
fusion models [25, 56] often exhibit surprising alignment.
Empirically, several works show that simple linear map-
pings can translate between latent spaces [2, 4, 32, 39, 63],
even across models trained independently or with different
dimensionalities. Other studies observe that cross-modal or
cross-architecture representations remain compatible under
shallow linear transforms [7, 30, 36, 40, 59]. A comple-
mentary direction seeks theoretical explanations for such
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alignment. Conceptual frameworks like the Platonic Rep-
resentation Hypothesis [26] and embedding translation [27]
argue that diverse models converge toward a shared latent
description of the scene. On the identifiability side, it was
shown that InfoNCE can recover latent generative factors up
to component-wise invertible transforms [64], with follow-
up work tightening this to linear identifiability and cross-
encoder alignment [ 18, 47].

However, these theoretical accounts assume a shared

space without specifying its geometry, while empirical
alignment works reveal compatibility but offer no opera-
tional mechanism for using the shared latent. We instead
propose that this shared space is not only present but ap-
proximately Gaussian, making simple linear classification,
semantic manipulation, and shared-space constructions nat-
ural operations that explicitly exploit its geometry.
Gaussianity of representation spaces. Self-supervised
learning implicitly encourages isotropy: contrastive learn-
ing spreads features uniformly on the hypersphere [60],
while redundancy-reduction methods decorrelate fea-
tures [8, 62]. Whitening-based methods further produce
Gaussianized embeddings [19], and foundation model rep-
resentations exhibit approximately Gaussian statistics [9,
33]. Theory helps explain this trend: both contrastive and
supervised training can recover latent factors up to lin-
ear transforms [18, 43, 47]. Additional work characterizes
when representations exhibit Gaussian behavior [5, 6, 10].
Prior work has shown that multi-modal representations ex-
hibit a modality gap and often lie in lower-dimensional,
anisotropic subspaces rather than being uniformly dis-
tributed [35, 50, 53, 61]. In this work, we focus on a single
modality, namely the image modality. These works, how-
ever, focus on encoder geometry only, whereas we place
both encoders and generative models under the same ap-
proximately Gaussian latent space.
Semantic editing in generative latents. GANs enable edit-
ing along latent directions [22, 52], but diffusion models
lack a persistent latent code. Recent approaches introduce
editable subspaces [31, 58], or find directions via PCA, Ja-
cobians or contrastive objectives [14, 17, 21]. Null-text in-
version [42] and prompt-based manipulation [24] improve
controllability but do not expose explicit latent semantics.
Recent work exploits approximate linearity of diffusion out-
puts for controllable sampling [55]. Unlike these methods,
we operate directly in the noise space, showing that it en-
codes semantic structure comparable to representation em-
beddings and enabling simple linear edits in noise space
without prompt engineering or model fine-tuning.

3. Universal Normal Embedding (UNE)

Generative models and vision encoders share a key prop-
erty: their latents exhibit approximately Gaussian structure.
Yet their capabilities differ, with encoders excelling at high-

level semantic representations that support linear recogni-
tion and retrieval; in contrast, generative models carry pre-
cise pixel-level information and can synthesize or recon-
struct images. For example, DDIM inversion can recover
image-specific noise codes for a given diffusion model, but
semantic editing in these models typically relies on external
guidance (e.g., text prompts, architectural changes, or ex-
tra training) and remains limited without it. Despite these
differences in objective and usage, both families access the
same data distribution (e.g., natural images) and, empiri-
cally, produce Gaussianized latent variables. This comple-
mentarity motivates our central view: encoding and gener-
ation are two related directions over a shared latent Gaus-
sian geometry, which we formalize as the Universal Normal
Embedding (UNE) hypothesis.

Hypothesis 1: Universal Normal Embedding (UNE)

Let S be the data domain (e.g., natural images) with data

sampled from a distribution p. We posit that there exists

a Gaussian latent space, the Universal Normal Embed-

ding (UNE), which is N(0, Ip) of unknown dimension

D € N such that:

1. There exists an invertible, information-preserving
mapping between S and the UNE.

2. The UNE representation is simple in the sense that
there exists a set of semantic properties of the data,
where each property is linearly separable.

3.1. Induced Normal Embeddings

In practice, models do not recover the full UNE for sev-
eral reasons. First, their latent dimensionalities differ, often
chosen heuristically to balance performance and computa-
tional cost. Second, variations in training objectives and ar-
chitectures lead models to encode different aspects of the
underlying information. Third, the data modalities vary:
for instance, CLIP is trained on paired image-text data,
whereas DINO and most generative models are not. Ac-
cordingly, both encoders and generative models realize an
Induced Normal Embedding: a model-specific latent space
that is well-approximated by a noisy linear projection of the
ideal UNE. Some of the true latent structure is preserved,
some dimensions may be discarded, and additional model-
specific noise or redundancy may be injected.

Hence, all models are exposed to different parts of the
“true” representation, varying due to different transforms
and model-specific noise. An immediate consequence of
our Hypotheses is that in the noiseless case (¢; = 0 in Equa-
tion (1)), if C; is invertible, any semantic property which is
linearly separable in the UNE is also linearly separable in
the INE. Moreover, linear separability across multiple INEs
suggests a shared low-dimensional space given by their in-
tersection, preserving separability under linear projections.
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Table 1. Gaussianity measured via random 1D projections. For each model, we evaluate 5,000 projections of 250-sample subsets using
Anderson-Darling (AD), D’ Agostino-Pearson (DP), and Shapiro-Wilk (SW) tests (AD: lower is better |; DP, SW: higher is better 1).
AD%, DP% and SW% denote the fraction of projections classified as Gaussian (AD < 0.752; DP and SW p-value > 0.05). Generative
models approach the theoretical 95% acceptance rate of Gaussian samples, encoders remain high, and non-Gaussian references perform

substantially worse.

Model Anderson-Darling (AD) | D’Agostino—Pearson (DP) Shapiro-Wilk (SW)
Avg. AD | AD % T Avg. DP 1 DP % 1 Avg. SW*T  SW % 1

SD 1.5 0.387 96.00 0.504 95.16 0.491 95.02
SD 2.1 0.381 95.80 0.496 94.76 0.497 94.96
LCMv7 0.382 95.58 0.504 94.56 0.500 94.44
CLIP B16 0.451 89.50 0.430 88.88 0.424 88.22
CLIPL14 0.429 91.90 0.441 90.62 0.442 90.16
OpenCLIP B16 0.451 90.92 0.421 89.20 0.419 88.26
OpenCLIP L14 0.429 92.20 0.443 90.80 0.440 90.04
DINOv3 0.513 84.48 0.362 81.56 0.361 80.80
Delta 171.73 0.00 0.001 0.12 0.089 8.58

5D Uniform 0.623 76.06 0.200 58.04 0.237 69.30
Bimodal Gaussian 16.380 15.88 0.074 16.36 0.068 15.16

Hypothesis 2: Induced Normal Embeddings (INE)

Let Z ~ N(0,Ip) be a random variable defined on
the UNE. We hypothesize that latent representations
learned by modern encoders and generative models are
induced by the UNE: for each model 7 there exists a lin-
ear map C; € R%*P and a noise term ¢; such that its
latent code Zi satisfies

Consequently, each Z; is (approximately) Gaussian and
can be viewed as a noisy linear projection of Z.

The UNE and INE hypotheses align with the Platonic
Representation Hypothesis [26], but extend it in several im-
portant ways. First, they explicitly state the Gaussianity
of the underlying distribution, and state the correlation be-
tween the real distribution and the distribution of observa-
tions. Second, they unify not only encoders but both fami-
lies of encoders and generative models. Lastly, since INEs
are noisy linear projections of the UNE, and we have ac-
cess to them, we can extrapolate properties such as linear
separability.

Relation between INEs and UNE. INEs do not achieve the
ideal Gaussian latent space. However, they contain a strong
normal core: many latent directions behave as nearly Gaus-
sian, while others capture redundancy or noise. While gen-
erative models (e.g., diffusion models) are trained to sam-
ple from a Gaussian latent prior, for representation models
this happens without explicit normality constraints. Foun-
dation encoders (CLIP, OpenCLIP, DINOvV3 [41, 45, 54])
empirically push embeddings toward smooth and isotropic
distributions. Consequently, both representation models
and generative models naturally form latent spaces where

“Gaussian-like” directions coexist with nuisance dimen-
sions. This phenomenon is experimentally verified in Ta-
ble 1, where we assess eight models: three generators
from the Stable Diffusion family [38, 49] and five encoders
(two CLIP variants, two OpenCLIP variants, and DINOv3).
Across most models, more than 90% of latent dimensions
satisfy Gaussianity according to standard normality tests
(Anderson-Darling and D’ Agostino-Pearson [1, 16]), con-
firming that learned latents already approximate the normal
structure predicted by the UNE hypothesis. Experimental
details are provided in Section 4.1.

3.2. Semantic directions

A key property of Gaussian latent spaces is that Gaussian
variables interact linearly. If a latent code Z € R¢ is stan-
dard normal and a semantic attribute Y € R is jointly Gaus-
sian with Z, then the conditional expectation of Y given the
code is linear:

E[Y | Z]=w"Z +b, )

for some w € R? and b € R. This follows directly from the
closed form of the multivariate Gaussian conditional distri-
bution [12]. In this case, semantic variation corresponds to
a linear direction in the latent space.

Many semantic attributes (e.g., age, height, smile inten-
sity) behave approximately Gaussian when observed over a
population: real-world measurements that arise from many
small sources of variation tend to cluster around a mean
and spread smoothly. In a Gaussianized latent space, such
attributes align with linear directions w, making them ef-
fectively modeled by linear probes. This motivates linear
classifiers or regressors in latent space, which is well es-
tablished for representation models (e.g., CLIP). We further
find that the same linear separability emerges in generative
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Figure 3. Classification probing in latent spaces. We train linear attribute classifiers (logistic regression) on latent representations from
different models and evaluate accuracy on 40 CelebA attributes. (a) CLIP variants, OpenCLIP variants, and DINOv3 achieve nearly
identical performance across attributes, demonstrating that semantic information is linearly accessible. (b) DDIM-inverted noise latents
from SD 1.5, SD 2.1, and LCM achieve accuracy highly correlated with a strong encoder baseline (CLIP-B/16), despite originating from

diffusion noise rather than semantic encoders. For clarity, only 10 representative attribute names are displayed.

latent spaces such as DDIM-inverted noise, validated em-
pirically in Figure 3; details in Section 4.2.

Linear editing in latent spaces. With Gaussian latents and
approximately Gaussian attributes, semantic changes often
correspond to moving along linear directions. This behav-
ior is not limited to ideal UNEs: representation and gen-
erative models whose latents only approximate Gaussianity
(e.g., diffusion noise through DDIM inversion) exhibit the
same effect: linear probes reveal interpretable semantic di-
rections. In this setting, semantic editing corresponds to
moving along a linear path:

Z=z+aw, 3)

where w is the normal of the learned linear decision bound-
ary and « controls edit strength. We demonstrate this sim-
ple linear editing in the DDIM-inverted space in Figure 4;
details in Section 4.3.

Mitigating spurious features. Semantic directions are not
always perfectly disentangled: a direction estimated for
one attribute may partially align with another, causing ed-
its to change unintended properties. To mitigate this, we
edit along an orthogonalized direction that removes the ob-
served unintended changes by projecting the semantic di-
rection into the null space of the spurious direction. For-
mally, let wy,ws € R¢ be linear directions for two at-
tributes. Changing attribute B; without affecting attribute
By can be formalized as:

wgw;

w1. 4
w;—wz 1 ( )

11)1:’101—

An illustration and examples of this simple mitigation strat-
egy are presented in Figure 5; see details in Section 4.3.

3.3. Mapping between models and shared spaces

Mapping between models. Each INE can be viewed con-
ceptually as a noisy linear transformation of the same under-
lying normal latent space. Under this view, different models
do not learn unrelated representations, they learn different
linear embeddings of the same latent geometry. Therefore,
moving from one model’s latent space to another should re-
quire only a linear mapping, with deviations attributable to
noise or unused dimensions rather than fundamentally dif-
ferent structure. While prior work has separately reported
linear mapping within model families (encoders and gener-
ators), our hypotheses link both within a single latent frame-
work. This suggests a direct correspondence between gen-
erative latents (e.g., DDIM-inverted diffusion noise) and
representation embeddings (e.g., encoders). We demon-
strate this cross-family alignment in Table 2; experimental
details are in Section 4.2.

Recovering the shared subspace of multiple INEs. Given
m models, each produces a learned latent representation of
the same n images. Although these representations differ in
dimensionality and contain noise or redundant directions,
they are assumed to originate from the same underlying la-
tent structure, the UNE (see Equation (1)). Our goal is to
recover a shared k-dimensional latent space that all models
“agree on”.

Let Zi € R™*% denote the latent codes of model i (rows
are samples, columns are centered features). We seek a
shared k-dimensional representation X € R"™** such that
each model can linearly explain this same latent structure
via some matrix A; € R%*k;

Z A ~ X Yi=1,...,m. 5)
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Figure 4. Linear latent editing across semantic attributes. For DDIM-inverted SD 1.5 latents, we move along linear classifier-derived
semantic directions (Z = z 4+ aw). Each row shows decreasing (left) and increasing (right) attribute intensity as « varies, middle image in
each triplet is the original image. No prompts or model tuning are used; edits are controlled solely by linear shifts in the latent space.

Under the INE hypothesis (Equation (1)), each Z; is an
approximately linear projection of the UNE. We therefore
treat X as a k-dimensional proxy for this core space, and
the A; as approximate “inverse” projections that recover X
from each INE. This leads to the following objective:

min Zi A — X |5+ N A2
x5, ;H 2 [ Aill% ©
st XTX =1 1"X=0.

The constraints X' X = [ and 1T X = 0 enforce cen-
tered features and identity covariance (up to scale) for the
shared space, making X an approximate instance of the
form predicted by the UNE hypothesis. A; > 0 are chosen
regularization parameters. This objective corresponds to
the MAXVAR formulation of Generalized Canonical Cor-
relation Analysis (GCCA) [28]. It admits a closed-form
solution: the matrix X is obtained as the k eigenvectors
corresponding to the smallest eigenvalues of a matrix con-
structed from {Z;} and {)\;}. We note that the simplest
form of GCCA sets A\; = 0 and drops the centering con-
straint 17 X = 0, but these nuances do not change the es-
sential solution method. Our particular implementation is
a hybrid approach that first optimizes A; in Equation (6)
in closed form in terms of X, and then optimizes X with
A; = 0 for all 7.

Intuitively, this procedure identifies the intersection of
multiple INEs. While it may not recover the full UNE, it

extracts the portion of the latent structure consistently ex-
pressed across all models, and should be viewed as an initial
construction among many possible alternatives.

4. Experiments

We curate NoiseZoo, a dataset of per-image latents, and
evaluate along three axes: (i) linear classification within
and across latent spaces; (ii) controllable linear editing
along probe-derived directions; (iii) recovery of a shared
k-dimensional core via a multi-view estimator.

4.1. NoiseZoo construction

We use the CelebA [37] validation set (~ 19k images,
split into 15k training and 4k test samples). For each im-
age, we extract latent representations from five vision en-
coders: CLIP ViT-L/14, CLIP ViT-B/16, OpenCLIP ViT-
L/14, OpenCLIP ViT-B/16, and DINOv3 [54]. CLIP and
OpenCLIP are contrastive image-text models trained on
large-scale captioned datasets, whereas DINOV3 is trained
purely on images using a self-supervised objective. In ad-
dition, we obtain DDIM-inverted noise latents from three
generative models in the Stable Diffusion family: SD 1.5,
SD 2.1, and LCMv7 [38, 49]. SD 1.5 and SD 2.1 differ
in training data and text encoders, while LCMv7 is trained
under the Latent Consistency Model objective, which en-
ables few-step sampling and induces a different geome-
try in the noise latent space. Across models, encoder la-
tents are moderately sized (500-1% dimensions), whereas
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Figure 5. Removing spurious attribute correlations. Edits performed using the raw semantic direction (bottom) unintentionally modify a
correlated attribute (e.g., adding a goatee also changes facial structure). Using the orthogonalized direction (top) from Equation (4) isolates
the target attribute while suppressing the spurious one, yielding clean, disentangled edits.

Table 2. Transferred latent evaluations. For each generative model, we linearly transfer its latents into encoder latent spaces and evaluate
(i) geometric similarity (MSE, cosine similarity) and (ii) downstream attribute prediction accuracy using fixed encoder-trained classifiers.
An insignificant drop in accuracy (less than 0.3%) and high similarity (high cosine similarity, low MSE) confirm that generative noise
latents can be linearly aligned to encoder spaces while preserving predictive structure.

| MSE | | Cosine Similarity 1 | Accuracy Drop (pp) |
Model | CLIPB16 OpenCLIPL14 DINOv3 | CLIPB16 OpenCLIPL14 DINOv3 | CLIPB16 OpenCLIPL14 DINOv3
SD 1.5 0.072 0.215 0.143 0.8 0.73 0.55 0.20 0.23 0.23
SD 2.1 0.073 0.219 0.146 0.80 0.72 0.54 0.14 0.19 0.20
LCM 0.07 0.21 0.137 0.81 0.74 0.57 0.00 0.00 0.00

DDIM-inverted diffusion latents have much higher dimen-
sionality (~ 16k). Together, these models provide diverse
generative and representation embeddings for the same un-
derlying images. This yields NoiseZoo: a set of latents for
every image. Details and examples are in Supp. Section A.

Assessing Gaussianity. We evaluate Gaussianity using
Anderson-Darling, D’ Agostino-Pearson, and Shapiro-Wilk
tests on random 1D projections of the latent space [1, 16,
51]. For each model, we sample 250 data points, compute
5,000 random projections, and report: (i) the average test
statistic; and (ii) the fraction of projections that do not re-
ject normality. As shown in Table 1, generative models
approach the theoretical 95% acceptance rate of Gaussian
samples and encoder representations score slightly lower
but remain high. We additionally examine non-Gaussian
reference distributions (delta distributions, low-dimensional
uniform distributions, and bimodal Gaussians) as controls.
These references perform substantially worse than both

generative model and encoder representation spaces.

4.2. Classification in latent spaces

For each model, we train logistic-regression classifiers
(training details in Supp. Section A) for the 40 CelebA at-
tributes using its training latents, and evaluate them on the
corresponding test latents. Attribute-wise accuracies for en-
coders and generative models are shown in Figure 3, with
CLIP ViT-B/16 overlaid on the generative panel for refer-
ence. Overall, DDIM-inverted noise latents yield attribute
separability only slightly below that of leading encoders,
with highly correlated per-attribute behavior across models.
Cross-space transfer. To evaluate transferability, we learn
ridge-regularized linear maps (Supp. Section A) from each
generative latent space into three encoder spaces using the
training split, and apply the fixed encoder-trained classi-
fiers to the mapped latents of the test set. Post-transfer per-
formance is nearly unchanged, indicating that linear align-
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Figure 6. Classification accuracy in shared latent spaces. X 1-X4 denote shared spaces computed from four latent sources, and X5
from six, with combinations detailed in Section 4.4. (a) Attribute classification accuracy as a function of latent dimension for shared spaces
X1-X5, showing strong performance even at low dimensions. (b) Linear-probe accuracy at 16 dimensions in the PCA-reduced latent
spaces of each model and in the low-dimensional shared spaces X 1-X 5, indicating that the shared space intersections retain comparable
attribute information. (c) Retrieval-based analysis: pairwise correlations (Spearman rank correlation) of similarity vectors (computed over
10k latents) between the shared spaces X 1-X 5, demonstrating that they encode highly similar underlying structure.

ment suffices for downstream prediction. Mean square error
(MSE), cosine similarity, and accuracy drops are reported
in Table 2, showing low error, high similarity, and minimal
degradation. Additional results appear in Supp. Section B.

4.3. Linear editing

Using the semantic directions from our linear classifiers, we
edit DDIM-inverted latents and decode the modified sam-
ples. Figure 4 shows edits across six CelebA attributes
(SD 1.5), where varying intensity (« in Equation (3))
smoothly increases or decreases attribute strength. Edits are
local, controllable, and require no prompts or fine-tuning.
To mitigate attribute entanglement, we use the orthogonal-
ization in Equation (4); Figure 5 demonstrates that it iso-
lates the target attribute and suppresses spurious changes.
We apply this procedure across all generative models and
to CLIP ViT-L/14 (usable for synthesis guidance via Un-
CLIP [46]). Quantitative and additional qualitative results
are provided in Supp. Section B.

4.4. Shared latent spaces

We compute shared latent spaces X+¢ using the multi-view
intersection method in Section 3.3. We consider four shared
spaces constructed from four sources each and one from
six sources; in every case, each shared space combines
an equal number of encoder and generative model latents
(see exact splits in Supp. Section A). Figure 6a shows
that all shared spaces achieve strong attribute classification
in medium to high dimensions (32-512) and degrade in a
similar manner when the dimension is reduced below 16.
We additionally apply PCA to each latent space individu-
ally; Figure 6b shows that, at 16 dimensions, these PCA-
reduced spaces reach similar classification performance to
the shared spaces. Since each shared space is the inter-
section of its sources, it cannot contain more information

than any single latent space. This suggests that attribute in-
formation concentrates in a small set of shared directions.
To further test similarity between shared spaces, we per-
form a retrieval analysis on a subset of 10k images: for
each test latent, we measure its cosine similarity to all other
latents and obtain a similarity vector. Figure 6¢ reports
Spearman rank correlations between these vectors across
shared spaces, which are consistently high, indicating simi-
lar neighborhood structure. Overall, these results provide a
preliminary proof of concept for the UNE hypothesis, sug-
gesting that latent representations from both encoders and
generative models retain highly similar underlying informa-
tion.

5. Conclusions

We introduced the Universal Normal Embedding hypoth-
esis, proposing that generative and representation models
approximate a shared Gaussian latent geometry where se-
mantic factors correspond to linear directions. An immedi-
ate consequence of the UNE is that generators hold linearly
separable semantics, in a similar manner to encoders. Em-
pirically, we demonstrated that DDIM-inverted noise codes
and representation embeddings encode comparable seman-
tic structure: attributes are linearly decodable in both, their
probe predictions strongly agree, and noise-space classifier
directions enable controllable edits without retraining or ar-
chitectural changes. Current work primarily bridges the hy-
pothesis with empirical findings. We plan to characterize
the mechanisms that drive models toward UNE-like geom-
etry in future studies. This work is a step toward a unifi-
cation of representation learning and generative modeling,
suggesting a shared geometric framework. We believe this
viewpoint can guide both theoretical advances and the de-
sign of principled, interpretable generative systems.
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