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Abstract

Diffusion models have achieved remarkable success across a wide range of gener-
ative tasks. A key challenge is understanding the mechanisms that prevent their
memorization of training data and allow generalization. In this work, we inves-
tigate the role of the training dynamics in the transition from generalization to
memorization. Through extensive experiments and theoretical analysis, we identify
two distinct timescales: an early time 74, at which models begin to generate
high-quality samples, and a later time T,en, beyond which memorization emerges.
Crucially, we find that 7,0, increases linearly with the training set size n, while
Tgen T€mains constant. This creates a growing window of training times with n
where models generalize effectively, despite showing strong memorization if train-
ing continues beyond it. It is only when n becomes larger than a model-dependent
threshold that overfitting disappears at infinite training times. These findings reveal
a form of implicit dynamical regularization in the training dynamics, which allow
to avoid memorization even in highly overparameterized settings. Our results are
supported by numerical experiments with standard U-Net architectures on realis-
tic and synthetic datasets, and by a theoretical analysis using a tractable random
features model studied in the high-dimensional limit.

1 Introduction

Diffusion Models [DMs, 43, 17, 48, 49] achieve state-of-the-art performance in a wide variety of
Al tasks such as the generation of images [40], audios [57], videos [29], and scientific data [27, 35].
This class of generative models, inspired by out-of-equilibrium thermodynamics [43], corresponds
to a two-stage process: the first one, called forward, gradually adds noise to a data, whereas the
second one, called backward, generates new data by denoising Gaussian white noise samples. In
DMs, the reverse process typically involves solving a stochastic differential equation (SDE) with a
force field called score. However, it is also possible to define a deterministic transport through an
ordinary differential equation (ODE), treating the score as a velocity field, an approach that is for
instance followed in flow matching [28].

Understanding the generalization properties of score-based generative methods is a central issue
in machine learning, and a particularly important question is how memorization of the training set
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Figure 1: Qualitative summary of our contributions. (Left) Illustration of the training dynamics
of a diffusion model. Depending on the training time 7, we identify three regimes measured by the
inverse quality of the generated samples (blue curve) and their memorization fraction (red curve).
The generalization regime extends over a large window of training times which increases with the
training set size n. On top, we show a one dimensional example of the learned score function during
training (orange). The gray line gives the exact empirical score, at a given noise level, while the black
dashed line corresponds to the true (population) score. (Right) Phase diagram in the (n,p) plane
illustrating three regimes of diffusion models: Memorization when n is sufficiently small at fixed p,
Architectural Regularization for n > n*(p) (which is model and dataset dependent, as discussed in
[12, 22]), and Dynamical Regularization, corresponding to a large intermediate generalization regime
obtained when the training dynamics is stopped early, i.e. 7 € [Tgen, Tmem)-

is avoided in practice. A model without regularization achieving zero training loss only learns the
empirical score, and is bound to reproduce samples of the training dataset at the end of the backward
process. This memorization regime [26, 4] is empirically observed when the training set is small
and disappears when it increases beyond a model-dependent threshold [21]. Understanding the
mechanisms controlling this change of regimes from memorization to generalization is a central
challenge for both theory and applications. Model regularization and inductive biases imposed by the
network architecture were shown to play a role [22, 42], as well as a dynamical regularization due
to the finiteness of the learning rate [55]. However, the regime shift described above is consistently
observed even in models where all these regularization mechanisms are present. This suggests that
the core mechanism behind the transition from memorization to generalization lies elsewhere. In this
work, we demonstrate — first through numerical experiments, and then via the theoretical analysis of
a simplified model — that this transition is driven by an implicit dynamical bias towards generalizing
solutions emerging in the training, which allows to avoid the memorization phase.

Contributions and theoretical picture. We investigate the dynamics of score learning using
gradient descent, both numerically and analytically, and study the generation properties of the score
depending on the time 7 at which the training is stopped. The theoretical picture built from our
results and combining several findings from the recent literature is illustrated in Fig. 1. The two main
parameters are the size of the training set n and the expressivity of the class of score functions on
which one trains the model, characterized by a number of parameters p; when both n and p are large
one can identify three main regimes. Given p, if n is larger than n*(p) (which depends on the training
set and on the class of scores), the score model is not expressive enough to represent the empirical
score associated to n data, and instead provides a smooth interpolation, approximately independent
of the training set. In this regime, even with a very large training time 7 — oo, memorization does
not occur because the model is regularized by its architecture and the finite number of parameters.
When n < n*(p) the model is expressive enough to memorize, and two timescales emerge during
training: one, Tgen, is the minimum training time required to achieve high-quality data generation; the
second, Tiem > Tgen, Signals when further training induces memorization, and causes the model to



increasingly reproduce the training samples (left panel). The first timescale, Tgen, is found independent
of n, whereas the second, Tyem, grows approximately linearly with n, thus opening a large window
of training times during which the model generalizes if early stopped when 7 € [Tgen, Tmem]. Our
results shows that implicit dynamical regularization in training plays a crucial role in score-based
generative models, substantially enlarging the generalization regime (see right panel of Fig. 1), and
hence allowing to avoid memorization even in highly overparameterized settings. We find that the key
mechanism behind the widening gap between Ty, and Tiem i the irregularity of the empirical score
at low noise level and large n. In this regime the models used to approximate the score provide a
smooth interpolation that remains stable for a long period of training times and closely approximates
the population score, a behavior likely rooted in the spectral bias of neural networks [37]. Only at
very long training times do the dynamics converge to the low lying minimum corresponding to the
empirical score, leading to memorization (as illustrated in the 1D examples in the left panel of Fig. 1).

The theoretical picture described above is based on our numerical and analytical results, and builds up
on previous works, in particular numerical analysis characterizing the memorization—generalization
transition [15, 56], analytical works on memorization of DMs [12, 22, 21], and studies on the spectral
bias of deep neural networks [37]. Our numerical experiments’ use a class of scores based on a
realistic U-Net [41] trained on downscaled images of the CelebA dataset [30]. By varying n and p, we
measure the evolution of the sample quality (through FID) and the fraction of memorization during
learning, which support the theoretical scenario presented in Fig. 1. Additional experimental results
on synthetic data are provided in Supplemental Material (SM, Sects. A and B). On the analytical
side, we focus on a class of scores constructed from random features and simplified models of data,
following [12]. In this setting, the timescales of training dynamics correspond directly to the inverse
eigenvalues of the random feature correlation matrix. Leveraging tools from random matrix theory,
we compute the spectrum in the limit of large datasets, high-dimensional data, and overparameterized
models. This analysis reveals, in a fully tractable way, how the theoretical picture of Fig. 1 emerges
within the random feature framework.

Related works.

* The memorization transition in DMs has been the subject of several recent empirical investiga-
tions [7, 44, 45] which have demonstrated that state-of-the-art image DMs — including Stable
Diffusion and DALL-E — can reproduce a non-negligible portion of their training data, indicat-
ing a form of memorization. Several additional works [15, 56] examined how this phenomenon
is influenced by factors such as data distribution, model configuration, and training procedure,
and provide a strong basis for the numerical part of our work.

* A series of theoretical studies in the high-dimensional regime have analyzed the memorization—
generalization transition during the generative dynamics under the empirical score assumption
[4, 1, 51], showing how trajectories are attracted to the training samples. Within this high-
dimensional framework, [8, 9, 54, 12] study the score learning for various model classes.
In particular, [12] uses a Random Feature Neural Network [38]. The authors compute the
asymptotic training and test losses for 7 — oo and relate it to memorization. The theoretical
part of our work generalizes this approach to study the role of training dynamics and early
stopping in the memorization—generalization transition.

* Recent works have also uncovered complementary sources of implicit regularization explaining
how DMs avoid memorization. Architectural biases and limited network capacity were for
instance shown to constrain memorization in [22, 21], and finiteness of the learning rate
prevents the model from learning the empirical score in [55]. Also related to our analysis, [25]
provides general bounds showing the beneficial role of early stopping the training dynamics to
enhance generalization for finitely supported target distributions, as well as a study of its effect
for one-dimensional gaussian mixtures.

* Finally, previous studies on supervised learning [37, 58], and more recently on DMs [53], have
shown that deep neural networks display a frequency-dependent learning speed, and hence a
learning bias towards low frequency functions. This fact plays an important role in the results
we present since the empirical score contains a low frequency part that is close to the population
score, and a high-frequency part that is dataset-dependent. To the best of our knowledge, the
training time to learn the high-frequency part and hence memorize, that we find to scale with n,
has not been studied from this perspective in the context of score-based generative methods.

TCode available at github.com/tbonnair/Why-Diffusion-Models-Don-t-Memorize.
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Setting: generative diffusion and score learning. Standard DMs define a transport from a target
distribution Py in R? to a Gaussian white noise A (0, I;) through a forward process defined as an
Ornstein-Uhlenbeck (OU) stochastic differential equation (SDE):

dx = —x(t)dt + dB(t), ()

where dB () is square root of two times a Wiener process. Generation is performed by time-reversing
the SDE (1) using the score function s(x,t) = Vx log P;(x),

—dx = [x(t) + 2s(x, t)] dt + dB(¢), 2)

where P;(x) is the probability density at time ¢ along the forward process, and the noise dB(t) is
also the square root of two times a Wiener process. As shown in the seminal works [20, 52], s(x, t)
can be obtained by minimizing the score matching loss

8(x,t) = arg msinEx~Po,£~N(0,Id) {H\/Ats(x(t),t) + §||2} , 3)

where A; = 1 — e~ 2%, In practice, the optimization problem is restricted to a parametrized class of
functions sg(x(t), t) defined, for example, by a neural network with parameters 6. The expectation
over x is replaced by the empirical average over the training set (n iid samples x” drawn from F),

Lo(0, " ZEM(o ro [V so (e (1) + €17 @

where x7 (€) = e~tx” + /A;£. The loss in (4) can be minimized with standard optimizers, such as
stochastic gradient descent [SGD, 39] or Adam [24]. In practice, a single model conditioned on the
diffusion time ¢ is trained by integrating (4) over time [23]. The solution of the minimization of (4) is
the so-called empirical score (e.g. [4, 26]), defined as Semp (X, ) = Vi log PP (x), with

B0 = n(@2rA)"? Ze eI, (5)
TA)

v=1

This solution is known to inevitably recreate samples of the training set at the end of the generative
process (i.e., it perfectly memorizes), unless n grows exponentially with the dimension d [4]. However,
this is not the case in many practical applications where memorization is only observed for relatively
small values of n, and disappears well before n becomes exponentially large in d. The empirical
minimization performed in practice, within a given class of models and a given minimization
procedure, does not drive the optimization to the global minimum of (4), but instead to a smoother
estimate of the score that is independent of the training set with good generalization properties [21],
as the global minimum of (3) would do. Understanding how it is possible, and in particular the role
played by the training dynamics to avoid memorization, is the central aim of the present work.

2 Generalization and memorization during training of diffusion models

Data & architecture. We conduct our experiments on the CelebA face dataset [30], which we
convert to grayscale downsampled images of size d = 32 x 32, and vary the training set size n from
128 up to 32768. Our score model has a U-Net architecture [41] with three resolution levels and a
base channel width of W with multipliers 1, 2 and 3 respectively. All our networks are DDPMs [17]
trained to predict the injected noise at diffusion time ¢ using SGD with momentum at fixed batch size
min(n, 512). The models are all conditioned on ¢, i.e. a single model approximates the score at all
times, and make use of a standard sinusoidal position embedding [50] that is added to the features of
each resolution. More details about the numerical setup can be found in SM (Sect. A).

Evaluation metrics. To study the transition from generalization to memorization during training,
we monitor the loss (4) during training using a fixed diffusion time ¢ = 0.01. At various numbers
of SGD updates 7, we compute the loss on all n training examples (training loss) and on a held-out
test set of 2048 images (test loss). To characterize the score obtained after a training time 7, we
assess the originality and quality of samples by generating 10K samples using a DDIM accelerated
sampling [46]. We compute (i) the Fréchet-Inception Distance [FID, 16] against 10K test samples
which we use to identify the generalization time 74y, ; and (ii) the fraction of memorized generated
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Figure 2: Memorization transition as a function of the training set size n for U-Net score models
on CelebA. (Left) FID (solid lines, left axis) and memorization fraction fi,e, (dashed lines, right axis)
against training time 7 for various n. Inset: normalized memorization fraction fiem (7)/ fmem (Tmax)
with the rescaled time 7/n. (Middle) Training (solid lines) and test (dashed lines) loss with 7 for
several n at fixed ¢ = 0.01. Inset: both losses plotted against 7/n. Error bars on the losses are
imperceptible. (Right) Generated samples from the model trained with n = 1024 for 7 = 100K or
7 = 1.62M steps, along with their nearest neighbors in the training set.

samples fiem(7) granting access to Tyem, the memorization time. Following previous numerical
studies [56, 15], a generated sample x, is considered memorized if

_ gt
x. {”XTa”ﬂ <k, (6)

%7 —ar=|l
where a'*' and a#? are the nearest and second nearest neighbors of x; in the training set in the Lo
sense. In what follows, we choose to work with k = 1/3 [56, 15], but we checked that varying k& to
1/2 or 1/4 does not impact the claims about the scaling. Error bars in the figures correspond to twice
the standard deviation over 5 different test sets for FIDs, and 5 noise realizations for Liyqin and Liegt.
For fiem, we report the 95% Cls on the mean evaluated with 1,000 bootstrap samples.

Role of training set size on the learning dynamics. At fixed model capacity (p = 4 x 10°, base
width W = 32), we investigate how the training set size n impacts the previous metrics. In the left
panel of Fig. 2, we first report the FID (solid lines) and fiem(7) (dashed lines) for various n. All
trainings dynamics exhibit two phases. First, the FID quickly decreases to reach a minimum value on
a timescale Tz, (= 100K) that does not depend on n. In the right panel, the generated samples at
7 = 100K clearly differ from their nearest neighbors in the training set, indicating that the model
generalizes correctly. Beyond this time, the FID remains flat. fi,om (7) iS zero until a later time Typem
after which it increases, clearly signaling the entrance into a memorization regime, as illustrated
by the generated samples in the right-most panel of Fig. 2, very close to their nearest neighbors.
Both the transition time 7ie, and the value of the final fraction fiem (Tmax) (With Tyax being one to
four million SGD steps) vary with n. The inset plot shows the normalized memorization fraction
Smem (T)/ fmem (Tmax ) against the rescaled time 7/n, making all curves collapse and increase at
around 7/n ~ 300, showing that Ty,em o m, and demonstrating the existence of a generalization
window for 7 € [Tgen, Tmem] that widens linearly with n, as illustrated in the left panel of Fig. 1.

As highlighted in the introduction, memorization in DMs is ultimately driven by the overfitting of
the empirical score Spem (X, t). The evolution of Li;ain (7) and Liest (7) at fixed ¢ = 0.01 are shown
in the middle panel of Fig. 2 for n ranging from 512 to 32768. Initially, the two losses remain
nearly indistinguishable, indicating that the learned score sg(x, t) does not depend on the training
set. Beyond a critical time, Ly,,i, continues to decrease while L5 increases, leading to a nonzero
generalization loss whose magnitude depends on n. As n increases, this critical time also increases
and, eventually, the training and test loss gap shrinks: for n = 32768, the test loss remains close
to the training loss, even after 11 million SGD steps. The inset shows the evolution of both losses
with 7/n, demonstrating that the overfitting time scales linearly with the training set size n, just like
Tmem identified in the left panel. Moreover, there is a consistent lag between the overfitting time and
Tmem at fixed n, reflecting the additional training required for the model to overfit the empirical score
sufficiently to reproduce the training samples, and therefore to impact the memorization fraction.
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Figure 3: Effect of the number of parameters in the U-Net architecture on the timescales
of the training dynamics. (Left) FID (panels A, B) and normalized memorization fraction
fmem (7)/ fmem (Tmax) (panels C, D) for various n and W during training. In panels B and D,
time is rescaled such that all curves collapse. (Right) (n,p) phase diagram of generalization vs
memorization for U-Nets trained on CelebA. Curves show, for 7 € {Tgen, 3Tgen, 8Tgen }» the minimal
dataset size n(p) satisfying fmem(7) = 0. The shaded background indicates the memorization—
generalization boundary for 7 = 7gep.

Memorization is not due to data repetition. We must stress that this delayed memorization with
n is not due to the mere repetition of training samples, as a first intuition could suggest. In SM
Sects. A and B, we show that full-batch updates still yield 7y,em o< 1. In other words, even if at fixed
7 all models have processed each sample equally often, larger n consistently postpone memorization.
This confirms that memorization in DMs is driven by a fundamental n-dependent change in the loss
landscape — not by a sample repetition during training.

Effect of the model capacity. To study more precisely the role of the model capacity on the
memorization—generalization transition, we vary the number of parameters p by changing the U-Nets
base width W € {8, 16, 32, 48, 64}, resulting in a total of p € {0.26,1,4,9,16} x 10° parameters.
In the left panel of Fig. 3, we plot both the FID (top row) and the normalized memorization fraction
(bottom row) as functions of 7 for several width W and training set sizes n. Panels A and C
demonstrate that higher-capacity networks (larger W) achieve high-quality generation and begin to
memorize earlier than smaller ones. Panels B and D show that the two characteristic timescales
simply scale as Tgen X W1 and Typem o< nW L. In particular, this implies that, for W > 8, the
critical training set size ngm (p) at which Tmem = Tgen is approximately independent of p (at least on
the limited values of p we focused on).When n > ngy, (p), the interval [Tgen, Tmem| Opens up, so that
early stopping within this window yields high quality samples without memorization. In the right
panel of Fig. 3, we display this boundary (solid line) in the (n, p) plane by fixing the training time to
T = Tgen, that we identify numerically using the collapse of all FIDs at around W 7ge, & 3 x 10° (see
panel B), and computing the smallest n such that fi,em(7) = 0. The resulting solid curve delineates
two regimes: below the curve, memorization already starts at 7ge,; above the curve, the models
generalize perfectly under early stopping. We repeat this experiment for 7 = 37gen and 7 = 87gen,
showing saturation to larger and larger p as 7 increases. Eventually, for 7 — oo, we expect these
successive boundaries to converge to the architectural regularization threshold n*(p), i.e. the point
beyond which the network avoids memorization because it is not expressive enough, as found in
[12] and highlighted in the right panel of Fig. 1. In order to estimate n*(p), we measure for a given
7 the largest n(7) yielding finem & 0. The curve n(7) approaches n*(p) for large 7. We therefore
estimate n* (p) by measuring the asymptotic values of n(7), which in practice is reached already at
T = Tmax = 2M updates for the values of W we focus on.



3 Training dynamics of a Random Features Network

Notations. We use bold symbols for vectors and matrices. The L? norm of a vector X is denoted by

x| = (32;x%)'/2. We write f = O(g) to mean that in the limit 7, p — oo, there exists a constant
C'such that | f| < Clg]|.

Setting. We study analytically a model introduced in [12], where the data lie in d dimensions. We
parametrize the score with a Random Features Neural Network [RFNN, 38]

a(0) = oo (%) @

An RFNN, illustrated in Fig. 4 (left), is a two-layer neural-network whose first layer weights
(W € RP*9) are drawn from a Gaussian distribution and remain frozen while the second layer weights
(A € R%*P) are learned during training. This model has already served as theoretical framework for
studying several behaviors of deep neural network such as the double descent phenomenon [31, 10].
o is an element-wise non-linear activation function. We consider a training set of n iid samples
x” ~ Py forv =1,...,n and we focus on the high-dimensional limit d, p, n — oo with the ratios
p = p/d, Y, = n/d kept fixed. We study the training dynamics associated to the minimization of
the empirical score matching loss defined in (4) at a fixed diffusion time ¢. This is a simplification
compared to practical methods, which use a single model for all £. It has been already studied in
previous theoretical works [8, 12]. The loss (4) is rescaled by a factor 1/d in order to ensure a finite
limit at large d. We also study the evolution of the test loss evaluated on test points and the distance
to the exact score s(x) = Vlog Px,

1
Etest - 75 ,E |:H V SA Xt + 6” ] gscore = g]Ex [HSA(X) - VIOg Px||2] 5 (8)

where the expectations Ex ¢ are computed over x ~ Py and & ~ N(0, I;). The generalization
loss, defined as Lyen = Liest — Lirain, indicates the degree of overfitting in the model while the
distance to the exact score Escore measures the quality of the generation as it is an upper bound on the
Kullback-Leibler divergence between the target and generated distributions [47, 6]. The weights A
are updated via gradient descent

AR = A T A Liain (AP, ©9)

where 7 is the learning rate. In the high-dimensional limit, as the learning rate  — 0, and after
rescaling time as 7 = k7 /d?, the discrete-time dynamics converges to the following continuous-time
gradient flow:

dv/ A

. d 2
A(T) = —d’V A Lyain(A(T)) = —2A,—AU — vT, 10
(1) ALtrain (A(T)) o N (10)

with
SERECE ()] v () o

Assumptions. For our analytical results to hold, we make the following mathematical assumptions
which are standard when studying Random Features [36, 14 19] namely (i) the activation function
o admits a Hermite polynomial expansion o(x) = Y °° ;% Hey(x); and (ii) the data distribution

Py has zero mean, sub-Gaussian tails and a covariance X = Ep_[xx”] with bounded spectrum. We
assume that the empirical distribution of eigenvalues of 3 converges weakly in the high dimensional
limit to a deterministic density ps;(\) and that Tr(3X)/d converges to a finite limit (for a more precise
mathematical statement see SM Sect. C.3). Moreover, we make additional assumptions that are
not essential to the proofs but which simplify the analysis: (iii) the activation function o verifies
o = E.[o(2)] = 0 for z standard Gaussian; and (iv) the second layer A is initialized with zero
weights A(7 = 0) = 0. In numerical applications, unless specified, we use o(z) = tanh(z) and
Pe = N (0, I).
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Figure 4: (Left) Illustration of an RFNN. (Middle/Right) Spectrum of U. Density p(\) from
Theorem 3.1 in the overparameterized Regime I described in Theorem 3.2, with ¢, = 64, v, = 8,
t = 0.01, and ps;(A) = 6(X — 1). The bulk of the spectrum (orange) is between A ~ 10 and A = 45.
The histogram shows the eigenvalues from a single realization of U at d = 100. Inset: zoom near
A = 0 (in blue) showing the first bulk p; and the delta peak at A = sf. (Right) Same as (Middle), but
with px;(A) = $6(A — 0.5) + £6(X — 1.5). The first bulk in blue remains unchanged, as it depends
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Figure 5: Evolution of the training and test losses for the RFNN. (A) Distance to the true score
Escore against training time 7 for +,, = 4,8, 16, 32,30, = 64,t = 0.1 and d = 100. In the inset, the
training time is rescaled by Tmem = ¥p/A¢Amin. (B) Training (solid) and test (dashed) losses for
various ,,. The inset shows both losses rescaled by Tynem. (C) Heatmaps of Ly, for 7 = 103 (top)
and 7 = 10* (bottom) as a function of ),, and 1. All the curves use Pytorch [34] gradient descent.
More numerical details can be found in SM Sect. D.

Emergence of the two timescales during training. We first show in Fig. 5 that the behavior of
training and test losses in the RF model mirrors the one found in realistic cases in Sect. 2, with a
separation of timescales Tyen and Tmem Which increases with n. Equation (10) is linear in A and
hence it can be solved exactly (see SM). The timescales of the training dynamics are given by the
inverse eigenvalues of the p x p matrix A, U /4,,. Building on the Gaussian Equivalence Principle
[GEP, 13, 14, 32] and the theory of linear pencils [5], George et al. (2025) derive a coupled system
of equations characterizing the Stieltjes transform of the eigenvalue density p(A) of U for isotropic
Gaussian data that lie in a D-dimensional subspace with D < d and D = O(d). We offer an
alternative derivation presented in SM for general variance using the replica method [33] — a heuristic
method from the statistical physics of disordered systems — yielding the more compact formulation
for obtaining the spectrum stated in Theorem 3.1. Before stating the theorem, we introduce

u

by = By plvo(e toxu + /Aw)], a; =Eyplole oxu+ /Aw) — 1 (12)
e toy

V7 =By pwlo(e toxu + VAw)o(e toxu + /Aww)] — aje *toZ, (13)

57 = B [o(Tyu)?] — a?e 02 —v? — b2, (14)



where 02 = w, [y =e 2024+ A, =1+ e (02 — 1) and the expectation is over the u, v, w
random variables which are mdependent standard Gaussian A(0, 1).

Theorem 3.1. Let q(z) = 1 Tr(U — 2I,) 7Y, 7(2) = L Te(ZV2°WH (U — 201,)"'"WX/?) and
p P
s(z) = L Te(WT (U = 21,)"'W), with z € C. Let

. 1
Sa) = by + s (15)
aZe~?
P(r,q) = a:/”’ oy B, (16)
1+ tipr + p t q
Then q(z),r(z) and s(z) satisfy the following set of three equations:
1
s= | dps(N\) 77—, a7
[
A
/dpz(k)m (18)
11— s
S S it sy, (19)
'l/}P( t ) 1+ w"Terpvtq q q2

The eigenvalue distribution of U, p()\), can then be obtained using the Sokhotski—Plemelj inversion
Sormula p(\) = lir(r)1+% Im g(X + ie).
e—

We now focus on the asymptotic regime v, 1, > 1, typical for strongly over-parameterized models
trained on large data sets. In this limit, the spectrum of U can be described analytically by the
following Theorem 3.2.

Theorem 3.2 (Informal). Let p denote the spectral density of U.

Regime I (overparametrized): 1, > 1, > 1.

1+ 4y % 1
A)=1(1- oA — A)+ — pa(A
P00 = (1= =200 =) 2 () + - (V).
Regime II (underparametrized): 1, > 1, > 1.
1 1
m#@—ﬁhw+%mn

where p1 is an atomless measure with support

2 2
st (1o i) st ot (1 /o) ]

and po coincides with the asymptotic eigenvalue bulk density of the population covariance U =
Ex[U]; po is independent of 1y, and its support is on the scale 1,,. The eigenvectors associated with
§(\ — s2) leave both training and test losses unchanged and are therefore irrelevant. In the limit
Yp > by, the supports of p1 and po are respectively on the scales Yy, /1y, and 1y, i.e. they are well
separated.

The proofs of both theorems are shown in SM (Sect. C). We recall that training timescales are directly
related to eigenvalues \ via the relation 77! = Yp/A¢Amin. Theorem 3.2 therefore demonstrates
the emergence of the two training timescales Tyem and Tgen in the overparametrized regime of the
RFNN model. They are respectively associated to the measures p; and p»2, which are well separated
in regime I, for v, > 1),, > 1, as shown in Fig. 4.

Generalization: The timescale 7., on which the first relaxation takes place is associated to the
formation of the generalization regime. It is related to the bulk p and is or order 1/A;. This regime
only depends on the population covariance ¥ of the data and is independent of the specific realization



of the dataset. On this timescale, which is of order one, both the training Ly, ,;, and test Lyest losses
decrease. The generalization 10ss Lgen = Ltest — Ltrain 15 z€10, and Escore tends to a value that we
find to scale as O(¢,,") with 1) ~ 0.59 numerically (see Fig. 5).

Memorization: The timescale 7,0, on Which the second stage of the dynamics takes place, is
associated to overfitting and memorization. It is related to the bulk p;, and scales as ¥,/ A Amin,
where A\, is the left edge of p;. In the overparameterized regime p >> n, Tyem becomes large and of
order 1, /A4, thus implying a scaling of Typem With 7. On this timescale, the training loss decreases
while the test loss increases, converging to their respective asymptotic values as computed in [12].
Fig. 5 indeed shows that all training and test curves separate, correspondingly the generalization loss
Legen increases, at a time that scales with 10, /At Amin, as shown in the inset.

As n increases, the asymptotic (7 — 00) generalization loss L., decreases, indicating a reduced
overfitting. For n > n*(p) = p, although some overfitting remains (i.e., Lgen > 0), the value of
Lgen is sensibly reduced, and the model is no longer expressive enough to memorize the training
data, as shown in [12]. This regime corresponds to the Architectural Regularization phase in Fig. 1.
We show in Fig. 5 (panel C) how the generalization loss Lge,, varies in the (n, p) plane depending
on the time 7 at which training is stopped. In agreement with the above results, we find that the
generalization—memorization transition line depends on 7 and moves upward for larger values of 7,
similarly to the numerical results exposed in Fig. 3 and the illustration in Fig. 1.

4 Conclusions

We have shown that the training dynamics of neural network-based score functions display a form
of implicit regularization that prevents memorization even in highly overparameterized diffusion
models. Specifically, we have identified two well-separated timescales in the learning: Tgen, at
which models begins to generate high-quality, novel samples, and T,em, beyond which they start to
memorize the training data. The gap between these timescales grows with the size of the training
set, leading to a broad window where early stopped models generate novel samples of high-quality.
We have demonstrated that this phenomenon happens in realistic settings, for controlled synthetic
data, and in analytically tractable models. Although our analysis focuses on DMs, the underlying
score-learning mechanism we uncover is common to all score-based generative models such as
stochastic interpolants [3] or flow matching [28]; we therefore expect our results to generalize to this
broader class.

Limitations and future works.

* While we derived our results under SGD optimization, most DMs are trained in practice with
Adam [24]. In SM Sects. A.3 and D, we show that the two key timescales still arise using
Adam, although with much fewer optimization steps. Studying how different optimizers shift
these timescales would be valuable for practical usage.

¢ All experiments in Sect. 2 are conducted with unconditional DMs. We additionally verify in
SM Sect. B, using a toy Gaussian mixture dataset and classifier-free guidance [18], that the
same scaling of 7y, With n holds in the conditional settings. Understanding precisely how
the absolute timescales Tynem and Tyen depend on the conditioning remains an open question.

* Our numerical experiments cover a range of p between 1M and 16M. Exploring a wider range
is essential to map the full (n, p) phase diagram sketched in Fig. | and understand the precise
effect of expressivity on dynamical regularization.

* Finally, our theoretical analysis rely on well-controlled data and score models that reproduce
the core effects. Extending these analytical frameworks to richer data distributions (such as
Gaussian mixtures or data from the hidden manifold model) and to structured architectures
would be valuable to further characterize the implicit dynamical regularization of training
score-functions. In particular investigating how heavy-tailed data distribution [2] affect the
picture described here could be valuable.

» Although DMs trained on large and diverse datasets likely avoid the memorization regime
we study here, some industrial models were shown to exhibit partial memorization [7, 44].
Our results provide practical guidelines (early-stopping, control the network capacity) to train
DMs robustly and hence avoid memorization, which can be especially helpful in data-scarce
domains (e.g., physical sciences).
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