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Abstract

Memorization in generative text-to-image diffusion models is a phenomenon where instead
of valid image generations, the model outputs near-verbatim reproductions of training
images. This poses privacy and copyright risks, and remains difficult to prevent with-
out harming prompt fidelity. We present a mid-generation, geometry-informed criterion
that detects, and then helps avoid (mitigate), memorized outputs. Our method analyzes
the natural image distribution manifold as learnt by the diffusion model. We analyze
a memorization criterion that has a local curvature interpretation. Thus we can track
the generative process, and our criterion’s trajectory throughout it, to understand typical
geometrical structures traversed throughout this process. This is harnessed as a geometry-
aware indicator that distinguishes memorized from valid generations. Notably, our criterion
uses only the direction of the normalized score field, unlike prior magnitude-based meth-
ods; combining direction and magnitude we improve mid-generation detection SOTA by
∼ 5%. Beyond detecting memorization, we use this indicator as a plug-in to a mitiga-
tion policy to steer trajectories away from memorized basins while preserving alignment to
the text. Empirically, this demonstrates improved fidelity–memorization trade-off over the
competitors. By linking memorization to magnitude-invariant geometric signatures of the
generative process, our work opens a new direction for understanding—and systematically
mitigating—failure modes in diffusion models.

1. Introduction

Understanding the geometry of natural-image distributions has been studied for almost
a century Simoncelli (2024), where its roots lie in power-spectrum/statistical regularities
and multiscale structure Field (1987); Ruderman and Bialek (1994); van der Schaaf and van
Hateren (1996); Huang and Mumford (1999); Portilla and Simoncelli (2000); Simoncelli and
Olshausen (2001); Zoran and Weiss (2012); Wainwright and Simoncelli (2000). In today’s
age of generative AI, diffusion models enable sampling from this probability with unprece-
dented quality. They do so by approximating the probability’s score field, and simulating a
multi-step reverse diffusion generative process Hyvärinen (2005); Vincent (2011); Song and
Ermon (2019); Ho et al. (2020); Song et al. (2021); Dhariwal and Nichol (2021); Rombach
et al. (2022). In accordance, a growing body of work develops theory and analyses of this
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approximated manifold Bortoli et al. (2022); Brokman et al. (2024b); Kadkhodaie et al.
(2024); Benton et al. (2024); Sakamoto and Suzuki (2024); Tang et al. (2024a); Potaptchik
et al. (2024). Both high-quality sampling as well as score-function analysis of the learned
natural image manifold are prominent features of memorization research.

Alongside the success of di�usion models came the prominent risk of memorization:
near-verbatim reproduction of training images, which pose copyright and privacy risks Car-
lini et al. (2023); Webster (2023); Hu and Pang (2023); Tang et al. (2024b); Zhai et al.
(2024); Pang et al. (2025). Recently, approaches analyzing the manifold geometry around
points of memorization have shown signi�cant potential in understanding and mitigating
this phenomenon Wen et al. (2024); Jeon et al. (2025); Brokman et al. (2025). The former
two emphasize the importance of geometry of memorization from mid-generation signals, so
that it can be detected to steer away generation from memorized outcomes while sampling.
Both o�er methods that incorporate magnitude of score-functions.

This work advances the geometry-aware research of these phenomena. Our main con-
tributions are as follows: 1

ˆ A novel magnitude-invariant mid-generation detection criterion based on the
direction (not the size) of the classi�er-free-guidance (CFG) guiding score �eld. This
criterion, � � , approximates a high-dimensional generalization of the surface mean
curvature - thus providing direct geometric interpretability.

ˆ Shifting-geometry observations. Tracking � � over generation steps reveals a
clear phase-structured behavior: memorized prompts start in an attracting region
(� � > 0) and grow rapidly toward a dominant mid{late concavity peak, whereas
non-memorized prompts typically begin in a repelling convex regime (�� < 0) before
gradually crossing into a weaker concave regime that peaks around the same time. The
separation is therefore governed by early sign-geometry and later concavity strength.

ˆ Improving the baseline. Since our criterion holds information about the direction
of r log p(x), it holds complementary information to the previous magnitude-based
approaches. Thus, it is natural to combine it with such methods - raising AUC at
earliest generation steps from 0:925 to 0:97. Additionally - we demonstrate how
plugging our criterion, as a stand-alone, into a mitigation strategy improves the �-
delity{memorization balance over the competitors.

2. Related Work

Prior work has shown that di�usion memorization can be revealed through mid-generation
signals. Wen et al. (2024) detect memorized prompts by measuring the magnitude of
the classi�er-free guidance (CFG) score gap throughout the denoising process, demonstrat-
ing that memorization produces abnormally large conditional{unconditional score norms
even at the �rst generation step. Jeon et al. (2025) further analyze memorization via the
sharpness of the conditional probability landscape, using Hessian{score products. Both

1. O�cial implementation: https://github.com/JonathanBrok/Tracking-Memorization-Geometry-
throughout-the-Di�usion-Model-Generative-Process/tree/main
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Figure 1: Left: Memorized prompts generate near-verbatim copies of a training images,
unlike non-memorized prompts. Right: Temporal evolution of the curvature
signal � � across generation steps. Memorized prompts immediately enter an
attracting (concave) regime and steadily rise to a strong mid{late concavity peak.
Non-memorized prompts typically begin in a repelling (convex) regime with � � <
0, but later transition into a weaker positive concavity peak occurring in a similar
time window. The distinction therefore lies in early-phase geometry (sign)
and mid-phase concavity strength.

approaches rely on magnitude-dependent di�erentials of the score �eld. In contrast, our
method introduces a magnitude-invariant, geometry-aware criterion based solely on the di-
rection of the CFG di�erence. This yields a signed curvature surrogate, enabling us to
track how prompt conditioning bends the generative trajectory's local geometry and to
combine this signal with magnitude-based methods for improved early-step detection and
mitigation. Closest to our perspective, Brokman et al. (2025) propose p-Laplace{based
detectors that apply higher-order di�erentials of the �nal score �eld, including the total-
variation{based mean-curvature surrogate that we employ, in the spirit of classical image
and shape-processing methods Sochen et al. (1998); Brokman and Gilboa (2021); Brokman
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et al. (2024a). However, it is a post-hoc approach and is not suited for mid-generation steer-
ing (demonstrated in experiments below), or mitigation in general - since mitigation requires
interfering during and not after the generative process. Other less related approaches inter-
vene without modeling the geometry of the probability manifold: cross-attention analyses
reveal token-level triggers and enable editing-time mitigation Ren et al. (2024); neuron-level
methods identify and suppress memorizing units Hintersdorf et al. (2024).

In contrast to magnitude-dependent norms or post-hoc image tests, our geometry-aware
criterion is both magnitude-invariant and trajectory-aware: we normalize the conditional-
unconditional gap and track and approximate a well-known high-dimensional generalization
of the surface mean curvature along the generative path. hence - tracking its signed value
along the generative process has a direct geometrical interpretations.

3. Method

3.1. Di�usion model settings

Let X � R d be data drawn from an unknown distribution with density p. Di�usion models
learn the score function s(x) := r x log p(x) at noise level t, typically via noise prediction:
Given a noising process q(xt j x 0) = N

�
x t ;

p
�� t x0; (1 � �� t )I

�
, the MMSE noise predictor

aligns with �s t (x t ). A neural network trained to predict noise thus estimates the score over
time steps. See Miyasawa et al. (1961); Nichol and Dhariwal (2021).

Forward and reverse processes. The forward process progressively corrupts x 0 into
noise, and its evolving densities qt satisfy the Fokker{Planck equation associated with the
chosen di�usion. The reverse process inverts this evolution: starting from xT � N (0; I)
(� T = 0), it uses the learned scores to reconstruct x0 (� 0 = 1) by following the reverse-time
di�usion whose drift is de�ned by the Fokker{Planck time-reversal formula. See Anderson
(1982); Ho et al. (2020); Song et al. (2021).

SDE view in text-conditional latent di�usion. In text-conditional settings, classi�er-
free guidance (CFG) provides unconditional and conditional scores, s� (x t ) and s� (x t ; c). The
reverse dynamics can be written as an SDE driven by the score. In latent di�usion, the
SDE process runs in a learned latent zt , with decoding x0 = D(z 0). All quantities below
apply identically in latent space by replacing x with z. See Rombach et al. (2022); Ho and
Salimans (2022).

3.2. Method: Decode{encode boundary 
ux of classi�er-free guidance

We measure how prompt conditioning deforms the log-probability landscape by estimating
a mean-curvature analogue of logp(zt jc)

p(zt ) . This is done through a normalized boundary-
ux
divergence of the classi�er-free guidance score gap in latent space.

CFG score gap. For a latent z t and prompt c, let s� (zt ; c) and s� (zt ) be the conditional
and unconditional scores. Their classi�er-free guidance gap, and its normalized version are

s�
t (zt ; c) := s � (zt ; c) � s � (zt ); ŝ �

t (z) :=
s�

t (z; c)
ks�

t (z; c)k�
;

with kvk � =
p

� + kvk 2 ensuring stability (� > 0 ensures a strictly positive denominator).
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Boundary-
ux curvature. Let B R t (ct ) be a small latent ball centered at ct with radius
Rt , and let n be the outward unit normal on @BR t (ct ). The curvature-like quantity we
estimate is the normalized 
ux

� � (ct ) :=
1

jB R t j

Z

@BR t (ct )
ŝ�

t (z) � n ds;

which limits to the mean curvature analogue r�ŝ �
t (ct ) as Rt ! 0. Using N Monte Carlo

samples yi 2@BR t (ct ) with normals n i = (y i � c t )=Rt ,

b� � (ct ) �
d

Rt N

NX

i=1

ŝ�
t (yi ) � n i :

Scaled centers and decode{encode re�nement. In latent di�usion, z t �
p

�� t z0 +
noise, suggesting the geometry be probed at

ct =
p

�� t z0; Rt =
p

1 � �� t R0:

In Brokman et al. (2024b) they observed, in a di�erent context, that processing SD latent
space via a decode{encode process may improve separability. To retain this bene�t in latent
space, we optionally replace z0 by a decode{encode re�nement

ẑ0 := E(D(z t )); ct :=
p

�� t ẑ0: (1)

The estimator applies equally to z0 or ẑ0, requiring only evaluations of ŝ�
t in latent

space.

Interpretable and practical curvature aspect. Since s � (zt ; c) � r zt log p(zt j c) and
s� (zt ) � r zt log p(zt ), our estimator satis�es

� � (ct ) � r zt �

0

@
r zt log

�
p(zt jc)
p(zt )

�






 r zt log

�
p(zt jc)
p(zt )

� 






�

1

A ;

i.e. it measures a time-sensitive mean-curvature analogue of the prompt-induced defor-
mation of the latent probability geometry. Being t-sensitive, we can track � � (zt ) along
the generation trajectory to pro�le how prompt-induced curvature evolves over time. Such
trajectories were gathered in Fig. 1.

For interpretability, we can discuss the observed dynamics (Fig. 1) as if we are traversing
a 2D surface in 3D. Then �� = r� ŝ � acts as a signed mean-curvature. Let the principal
curvatures be � 1; � 2 so

M := 1
2(� 1 + � 2); G := � 1� 2:

are the mean-curvature (M), and Gaussian curvature (G). Usually, in simple 2-surface
analysis (embedded in 3D) we perform full surface analysis by combining M and G to clas-
sify elliptic, hyperbolic, or parabolic points, but since � � captures only the mean-curvature
component it cannot provide such classi�cation; nonetheless, its boundary-integral form ex-
poses whether the prompt induces elliptic-like behavior (consistent inward/outward bending
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