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Abstract

Diffusion models achieve remarkable generation quality,
yet face a fundamental challenge known as memorization,
where generated samples can replicate training samples ex-
actly. We develop a theoretical framework to explain this
phenomenon by showing that the empirical score function
(the score function corresponding to the empirical distri-
bution) is a weighted sum of the score functions of Gaus-
sian distributions, in which the weights are sharp softmax
functions. This structure causes individual training sam-
ples to dominate the score function, resulting in sampling
collapse. In practice, approximating the empirical score
function with a neural network can partially alleviate this
issue and improve generalization. Our theoretical frame-
work explains why: In training, the neural network learns a
smoother approximation of the weighted sum, allowing the
sampling process to be influenced by local manifolds rather
than single points. Leveraging this insight, we propose two
novel methods to further enhance generalization: (1) Noise
Unconditioning enables each training sample to adap-
tively determine its score function weight to increase the
effect of more training samples, thereby preventing single-
point dominance and mitigating collapse. (2) Temperature
Smoothing introduces an explicit parameter to control the
smoothness. By increasing the temperature in the softmax
weights, we naturally reduce the dominance of any single
training sample and mitigate memorization. Experiments
across multiple datasets validate our theoretical analysis
and demonstrate the effectiveness of the proposed methods
in improving generalization while maintaining high gener-
ation quality. Code and models are publicly available at
https://github.com/XinyuZhou2001/smoothing the score.

1. Introduction
Diffusion models [8, 21] have emerged as a leading frame-
work in generative modeling, achieving state-of-the-art re-
sults across various applications, from text-to-image gener-
ation [4, 17] to discovery of protein structures [23, 25] and

solving optimization problems [12, 27]. The core mecha-
nism of diffusion models involves gradually perturbing data
with Gaussian noise and learning to reverse this process
through score-based denoising. But in high dimensions, the
data distribution generally occupies a limited region under
the Manifold Hypothesis [5], which means that the score
matching [22] will be ineffective due to inaccurate gradient
estimation in low-density regions [19]. Consequently, dif-
fusion modeling has been proposed to estimate a series of
marginal distributions (with wider support) via neural net-
work approximations, ensuring that the score function can
be accurately learned along the entire sampling path, and
enabling reliable generation through iterative denoising.

However, a growing body of research [2, 16, 18, 24]
reveals that although diffusion models can generate high-
quality samples, some of these samples are identical to
training examples. This problem is called memorization.
Memorization can be explained theoretically from the dis-
tribution evolution perspective [14], as follows. The Fokker
-Planck equation for a diffusion process indicates that if we
use the empirical score function to solve the reversed pro-
cess, each sampled marginal distribution will be the same
as its corresponding forward one. Thus, we will eventu-
ally go back to the training distribution and cannot produce
any new samples once the neural network learns the empir-
ical score function perfectly. Although this theory suggests
that perfect learning of the objective function would limit
the approach to replicating, novel samples are obtained in
practice. This inconsistency motivates us to explore a fun-
damental question:

How can neural networks partially resolve the
memorization issue?

This question is crucial since it is directly related to how
we can further improve the generalization properties of the
diffusion approach.

The first thing to note is that the score function sθ(x, σ)
learned by a neural network will be slightly different from
the empirical score function s∗(x, σ). So, a study of the
difference could be key to answering this question. To
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Figure 1. Illustration of sampling behaviors with different score
functions. (a) Standard diffusion empirical score function leads
to memorization, where trajectories collapse directly to training
points. (b) The neural network-learned score function enables gen-
eralization. (Interpolation experiment) (c) The noise uncondition-
ing allows smoother score function weights and delayed collapse.
(d) The temperature-based score function promotes manifold ex-
ploration and prevents premature collapse to training points.

be more precise, let pdata(x) be the ground-truth distribu-
tion, and {µj}Mj=1 be a set of i.i.d samples drawn from
it. The empirical distribution can be represented as a delta
distribution p∗(x) ≜ 1

M

∑M
j=1 δ(x − µj), where we have

pdata(x) ≈ p∗(x) if M is sufficiently large. The noise-
perturbed distribution then will be a series of Gaussian mix-
ture distributions

p∗i (x) :=
1

M

M∑
j=1

N (x;µj , σ
2
i I), i ∈ [N ],

where {σi}Ni=1 is the noise schedule. For this setting we can
explicitly calculate the empirical score functions

∇x log p
∗
i (x) = −

M∑
j=1

wj(x)
x− µj

σ2
i

, i ∈ [N ],

where wij(x) =
N (x;µj ,σ

2
i I)∑M

l=1 N (x;µl,σ2
i I)

is the score function
weight, which also represents the probability that x is gen-
erated by the Gaussian component centered at µj .

We obtain further insights by combining algebraic and
geometric methods. In high dimensions (x ∈ Rd for large
d), most of the probability mass of a Gaussian distribution
concentrates in a thin shell. Given an empirical marginal
distribution p∗i (x) =

1
M

∑M
j=1 N (x;µj , σ

2
i I), we can inter-

pret it geometrically as a collection of M ring shells. Each
shell is centered at a training point µj with radius approx-
imately σi

√
d and thickness 3

√
2σi. Since the sampling

point x can be regarded as drawn from one of the marginal

distributions p∗i , it should be contained in at least one shell
with the noise level σi. Moreover, at late stages of sam-
pling, the value of σi is small enough that x is unlikely to
be in the overlap of different shells, so the score function
weight will be dominated by a single Gaussian component
(Sec. 3.1). Thus, ∇x log p

∗
i (x) ≈ −x−µj

σ2
i

for a particular
value of j, so that subsequent denoising steps collapse to
the corresponding center µj — the memorization issue.

We also find that even a small perturbation to x can sig-
nificantly alter the empirical score function, as its weight
concentration may transfer from one center µj to another.
This function is extremely sharp in regions where the shells
overlap (Sec. 3.2), as illustrated in Fig. 1 (a). However, due
to capacity and regularizations [1, 26], the neural network
tends to learn a smoother function than the spiky empirical
score function. This claim is also supported by the interpo-
lation experiments in diffusion models [8, 21], illustrated in
Fig. 1 (b). Specifically, two training points µ0 and µ1 are
first corrupted with noise to obtain perturbed versions µ′

0

and µ′
1. The interpolated sampling points are then created

by taking linear combinations x1 = λ1µ
′
0 + (1 − λ1)µ

′
1

and x2 = λ2µ
′
0 + (1 − λ2)µ

′
1, where λ1, λ2 ∈ (0, 1)

are coefficients sufficiently away from the endpoints. After
denoising sampling, the interpolated points will converge
to the manifold between µ0 and µ1 rather than collapsing to
either of them. Based on these observations, we believe that
we can resolve the question posed earlier as follows:

The neural network can resolve the memorization
since it smooths out the weights of the empirical
score function. Thus, in the late sampling stages,
the score function is determined by local man-
ifolds approximated by several nearby training
samples, rather than by a single training point.

We justify this claim in the remainder of the paper.
Nevertheless, as the model capacity increases, the neural

network is more able to capture the “spikiness” of the em-
pirical score function. Therefore, if a collapse point is iso-
lated or replicated in the dataset, memorization may still oc-
cur. These are several explanations as to why memorization
consistently happens in large models and why memorized
samples are typically either far from other training points or
repeated in the dataset [6, 26]. It follows that by relaxing
the objective constraints and smoothing the objective score
function weights, we may be able to improve generalization
(and decrease memorization). Based on the formula of the
empirical score, we propose two approaches for smoothing.

Noise Unconditioning. In most diffusion models, the
noise levels are designed as continuous, which means the
shells pack the space. Therefore, we know from Sec. 3.1
that for the fixed center µ and position x, there is an “opti-
mal shell” corresponding to some noise level σ∗ that will
dominate the score function weight over all noise levels.
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However, in standard diffusion models, the noise level is
fixed at each sampling stage, which means the sampling
point may not lie on the optimal shells around most training
points, leading to sub-optimal score function weights (much
smaller) for these points. So, our first smoothing method
is to remove conditioning on noise, allowing each training
point to adaptively find its optimal shell at the given posi-
tion x. This ensures that other training points can contribute
to the score function, preventing a single point from domi-
nating, and thus mitigating memorization. In addition, this
noise unconditioning enables us to regard the sampling as a
gradient ascent process, where the optimal solutions are the
training points. In this case, even though the sampling may
still collapse to the centers, the “collapse time” to a particu-
lar center µj will be delayed, since other centers still make
significant contributions during the sampling. For illustra-
tion, compare Fig. 1 (c) to Fig. 1 (a).

Temperature Smoothing. Given that the score function
weights wij(x) are defined as softmax functions, another
smoothing approach becomes apparent: Modify the defini-
tion of these weights by introducing a temperature parame-
ter to smooth them. The effect of smoothing is to delay the
collapse of the denoising process; see Fig. 1 (d). By using
higher temperatures at smaller noise levels, the sampling
will have chances to continuously explore the local mani-
fold rather than collapsing to a single point. This enables
the neural network to sample from combinations over local
manifold containing nearby samples, making it more likely
to generalize rather than memorize. If the temperature is
not sufficiently high, collapse may still occur eventually, but
early stopping may prevent full collapse while maintaining
the exploration benefits (see the red regions in Fig. 1 (d)).
However, we must also avoid excessively high temperatures
as this would introduce influence from training points in an
excessively large neighborhood, causing the generated point
to deviate significantly from the image manifold.
Overall, we make the following contributions.
• We theoretically prove that memorization stems from

the sharpness of empirical score functions, and experi-
mentally verify that neural networks achieve generaliza-
tion by implicitly smoothing the score-function weights
across different centers, i.e., increasing the influence of
samples other than the nearest one.

• We propose two novel methods to mitigate memoriza-
tion: (1) Noise Unconditioning, a framework that unifies
distributions across noise levels and is equivalent to ex-
plicit score matching on a unified Gaussian mixture, so
that sampling can be interpreted as gradient ascent on
this fixed objective, enabling optimization-based strate-
gies for generation. (2) Temperature Smoothing, a plug-
and-play modification of the training objective that ex-
plicitly controls the smoothness of score weights and im-
proves generalization with only modest extra cost.

• Our explanation framework bridges the gap between dif-
fusion theory and practice, providing theoretical founda-
tions for many previously confusing experimental phe-
nomena. This theoretical grounding may facilitate further
advances in generative modeling.

2. Preliminaries

2.1. Forward SDEs and Backward ODEs
Stochastic differential equations (SDEs) provide a power-
ful framework for describing diffusion processes [21]. A
general forward SDE in Rd can be written as:

dxt = µ(xt, t) dt+ σ(t) dwt, (1)

where xt ∈ Rd is the state of the system at time t ∈ [0, T ],
µ(·, ·) and σ(·) are the drift and diffusion coefficients re-
spectively, and wt represents the standard Brownian mo-
tion. This forward SDE describes how data is progressively
perturbed into a noise-like distribution as t increases. A
remarkable property of this SDE is the existence of an or-
dinary differential equation (ODE), dubbed the Probability
Flow ODE [21], whose solution trajectories sampled at t are
distributed according to:

dxt =

[
µ(xt, t)−

1

2
σ(t)2∇x log pt(x)

]
dt, (2)

where ∇x log pt(x) is the score function of the perturbed
distribution at time t, namely the learning target of a neural
network sθ(x, t) via score matching [9, 19, 22].

2.2. Noise Unconditioning: ODE as Gradient Flow
Note that we let µ(x, t) = 0 and σ(t) =

√
2t follow-

ing the variance exploding SDE [11, 21]. This choice
ensures that we have pt(x) = p∗(x) ⊗ N (0, t2I), i.e.,
p∗i (x) = p∗(x) ⊗ N (0, σ2

i I), where ⊗ denotes the convo-
lution operation. When we remove the noise conditioning,
i.e., sθ(x, t) → sθ(x), all marginal distributions will be uni-
fied into one space. This unified distribution can be approx-
imated by an M × N Gaussian mixture (Appendix A.1):

pMN(x) =
1

ZMN

M∑
j=1

N∑
i=1

λ(σi)N (x;µj , σ
2
i I), (3)

where Z is the normalization constant and λ(σi) represents
the weighting function for different noise levels. Following
standard practice in diffusion models [19, 21], we choose
λ(σi) = σ2

i during training.
For the unified distribution pMN, the regions close to

training points (Gaussian centers) naturally exhibit the high-
est probability density in high dimensions. So sampling
these centers can be regarded as maximizing log pMN(x),
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thereby the sampling process can be reformulated as gra-
dient ascent flow of this fixed objective function log pMN:

dx

dt
=

η

2
∇x log pMN(x), (4)

where dt now parameterizes the optimization trajectory
(rather than reversed diffusion time, since log pMN(x) is
time-independent) and η > 0 is the step size. This ODE
represents continuous gradient flow on log pMN(x) to max-
imize the likelihood.

3. From Memorization to Generalization
We now analyze why memorization occurs and how it is re-
lated to the sharpness of the score functions. Furthermore,
we explain how the neural networks and our methods can
generalize through comparing the expansiveness of the gra-
dient ascent operators associated with their score functions.

3.1. Why Memorize?
For a Gaussian mixture distribution pMN as in Eq. (3), we
can explicitly calculate its score function:

∇x log pMN(x) = −
M∑
j=1

N∑
i=1

wij(x)
x− µj

σ2
i

.

where

wij(x) =
σ2
iN (x;µj , σ

2
i I)∑M

l=1

∑N
k=1 σ

2
kN (x;µl, σ2

kI)
.

and this score function weight can be written as a function
f(x, µj , σi) ≜ −(d− 2) lnσi − ||x−µj ||2

2σ2
i

with softmax:

wij(x) =
exp(f(x, µj , σi))∑M

l=1

∑N
k=1 exp(f(x, µl, σk))

= Softmaxj,i(f(x, µj , σi)).

We have the following conclusion for this score function:
Proposition 2. In high dimensions d, given a position x
that is not far from any Gaussian centers, the score function
∇x log pMN(x) is predominantly determined by the Gaus-
sian component N (x;µ∗, σ

2
∗I), where µ∗ and σ∗ are de-

fined as follows:

µ∗ = argmin
µj

∥x− µj∥2, j = 1, . . . ,M,

σ∗ = arg min
σ1,σ2,...,σN

∣∣∣∣∣σ2
opt

σ2
i

− 1

∣∣∣∣∣ .
where σopt :=

∥x−µ∗∥√
d−2

≈ ∥x−µ∗∥√
d

.
The proposition can be proved according to two proper-

ties of the score function weights:

Property 1. σ domination: Given a certain position x
and any fixed center µj , there exists an optimal noise level
σ∗
j such that its corresponding Gaussian component domi-

nates the score function weight over all other noise levels.
Mathematically, σ∗

j is the global maximum of the function

f(σ) = −(d−2) lnσ− ||x−µj ||2
2σ2 , with f(σ) demonstrating

pronounced sensitivity to deviations from σ∗
j .

Under the noise scheduling that the boundaries of Gaus-
sian shells touch (Appendix A.3), namely a kind of log-
uniform distribution as in [20], the ratio of the maximum to
second-maximum score function weights across noise lev-
els is (derivation in Appendix A.4.1):

γσ =
wij(x)

wi+1,j(x)
≈ e18(1−2α), for some α ∈ [0, 0.5).

We give an example to build intuition about how large the
ratio can be even for modest values of α. For the case of
α = 1

3 (that is, σopt is only slightly closer to σi than to
σi+1), we have γσ ≈ e6 ≈ 403, so wij(x) dominates its
closest neighbor. Its dominance over all other weights will
be even greater. Based on this property, we can then sim-
plify the score function, representing the weight of a center
µj by only using its optimal noise level σ∗

j :

w∗
j (x) :=

σ∗2
j N (x;µj , σ

∗2
j I)∑M

l=1 σ
∗2
l N (x;µl, σ∗2

l I)
. (5)

Property 2. µ domination: Given a position x, the score
function weight of a center decreases exponentially as the
distance between the center and x increases. We have the
following conclusion for the case that two training points
µj and µl are a similar distance from x, namely σ∗

j = σ∗
l

but ∥x− µl∥ ≥ ∥x− µj∥:

γµ ≈
w∗

j

w∗
l

= exp

(
δ||µj − µl||2

σ∗2
j

)
(6)

where δ :=
||x−µl|| cos∠xµlµj

||µj−µl|| − 1
2 ≥ 0 represents the rela-

tive distance advantage of µj over µl with respect to x (see
derivation in Appendix A.4.2) and γµ captures the ratio of
the weights corresponding to the two centers µj and µl.
Typically, δ ≲ O( 1√

d
) maintains the condition σ∗

j = σ∗
l .

However, during the sampling, the progressive reduction of
σ∗
j causes γµ to grow. When σ∗

j is sufficiently small, the
single center µj will dominate the score function weight,
resulting in collapse and subsequent memorization.

3.2. Generalization Evaluation
From Property 2 in Sec. 3.1, we know that memorization oc-
curs when σ is small because the closest training point dom-
inates the score function weight, even when it is not much
closer than other points. However, in practice, we generate
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samples using neural networks to approximate the empiri-
cal score function, and this often results in novel samples.
These observations suggest that the score function learned
by the neural network must differ from the empirical score
function. A natural explanation is that the neural network
fits the score function quite well, but implicitly smooths its
weights at small noise levels, preventing the dominance of
individual training points and avoiding sampling collapse.
Following this insight, we analyze the generalization ability
of neural networks, standard diffusion, noise uncondition-
ing, and temperature smoothing by comparing the expan-
siveness of their sampling process at points where the shells
from different training points overlap. We simplify the anal-
ysis by considering only the two training points closest to x,
which is sufficient for our purposes because Proposition 2
indicates that the closest training samples have the greatest
(dominant) influence on the flow.

Denoting the two closest training points by µ0 and µ1,
assume that the sampling point x is similarly close to both
of them, with the same shell radius σ∗

√
d for both. We

assume ∥x − µ0∥ = C∥x − µ1∥ = Cσ∗
√
d, where C ≥

1. We then slightly perturb x along the direction (µ0 −
µ1) to obtain position y, such that ∥y − µ1∥ = C∥y −
µ0∥ = Cσ∗

√
d. After one sampling step for both x and y,

we arrive at x′ and y′ respectively. We then evaluate the
expansion factor

γex :=
∥y′ − x′∥
∥y − x∥

.

This ratio serves as an indicator of generalization because
1) memorization can induce an arbitrarily large ratio (for-
mally unbounded in the limit); 2) a bounded ratio (i.e., a
locally non-expansive sampling map, in the same sense as
non-expansive updates in optimization) preserves the local
connectivity of the sampled distribution, and thus serves as
a quantitative proxy for generalization.
Empirical vs. Neural Network: Under the above assump-
tion, for the empirical score function of standard diffusion,
we have:

γex ≈ ∥η(µ0 − µ1)∥
∥y − x∥

∣∣∣∣1− 2

a+ 1

∣∣∣∣ (7)

where η is the sampling stepsize and a > 1 represents the
ratio of the dominant to subdominant score function weight
(see derivation in Appendix A.5). This result still holds for
∥y − x∥ → 0 if d → ∞, which means that a → ∞ and
the ratio could be unbounded, showing poor generalization.
However, the results of interpolation experiments in diffu-
sion models [8, 21] show that ∥y′−x′∥ → 0 if ∥y−x∥ → 0.
Our experiments (5.1.2) also show that the learned score
function has a much smaller ratio than the empirical one.
Conditioning vs. Unconditioning. Under our assumption,
the unconditioning modeling has the same ratio formula as

in Eq. (7) but with a different coefficient a. From the prop-
erty of σ-domination, we know that the unconditioning case
has a smoother score function weight, leading to a smaller
ratio γex and therefore better generalization.
Temperature. We modify the weight calculations by intro-
ducing a temperature vector T ∈ RN whose i-th component
Ti contains the temperature for shell i. We define T ∗

j to be
the value of Ti for which σi = σ∗

j . Generalizing Eq. (5), the
temperature-based score function weight is defined as:

w∗
j (x;T ) =

exp
(

f(x,µj ,σ
∗
j )

T∗
j

)
∑M

l=1 exp
(

f(x,µl,σ∗
l )

T∗
l

) .
(We recover Eq. (5) by setting Ti = 1, i = 1, 2, . . . , N .) As
the Ti increase to ∞, the temperature smoothing reduces
the dominance ratio a, resulting in smaller γex and better
generalization.

4. Learning the Smoothed Score Function
We next describe our methods for training the neural net-
work score functions sθ, parametrized by weight vector θ.
Our noise scheduling follows the variance exploding SDE
in [21], where the noise scale σ is sampled from a discrete
set of N points that approximate a log-uniform distribu-
tion over the range [σmin, σmax]. The probability of selecting
each σi is equally 1

N . We denote sampling from this noise
schedule as σi ∼ pσ .

4.1. Unconditioning Score Matching
The loss function in standard noise conditioning score-
based neural networks (NCSN) [19] is

Lc = Eσi∼pσ
Eµ∼p∗Ex∼N (µ,σ2

i I)

[
σ2
i

2

∥∥∥∥sθ(x, σi) +
x− µ

σ2
i

∥∥∥∥2
2

]
.

(8)
We have a similar objective function for the unconditioning
modeling:

Lu = Eσi∼pσ
Eµ∼p∗Ex∼N (µ,σ2

i I)

[
σ2
i

2

∥∥∥∥sθ(x) + x− µ

σ2
i

∥∥∥∥2
2

]
.

(9)
The only difference is that we remove the noise as an in-
put to the neural networks. Following the denoising score
matching [22], we show in Appendix A.6 that optimizing
this loss function is equivalent to performing explicit score
matching for the distribution pMN.

4.2. Temperature-based Score Matching
From Eq. (6) and the analysis in Section 3, we know that
when the noise level is small, training samples close to x
will dominate the score function weights. Therefore, we set
a threshold σcollapse to determine when we should introduce
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temperature scaling. When σi ≤ σcollapse, for a noisy point
x drawn from N (µ, σ2

i I) where µ ∼ p∗, µ should be the
closest training sample to x. We can then approximate the
score function using the top-K nearest training samples to
µ, denoted by µ(j), j = 1, 2, . . . ,K, as follows:

∇x log pMN(x;T ) ≈
K∑
j=1

w∗
(j)(x;T )

(
−
x− µ(j)

σ∗2
(j)

)
(10)

where

w∗
(j)(x;T ) =

exp
(

f(x,µ(j),σ
∗
(j))

T∗
(j)

)
∑K

l=1 exp
(

f(x,µ(l),σ
∗
(l)

)

T∗
(l)

) .
We thus define the score matching loss to be:

LT = Ex∼pMN

[
1

2
∥sθ(x)−∇x log pMN(x;T )∥22

]
.

where practically we use Eq. (10) to approximate
∇x log pMN(x;T ).

To sum up, the complete temperature-based training loss
adaptively combines both approaches based on the noise
level of each sample:

L = Eσi∼pσ

[{
Lu, if σi > σcollapse

LT, if σi ≤ σcollapse

]
(11)

Experimentally, we set Ti = max(
σcollapse

σi
, 1). Note that

temperature-based score matching is not rigorously learning
the score function of pMN, but its smoothed proxy version.

5. Experiments
Experimental Setup. To evaluate the effectiveness of our
smoothing methods, we adopt VE-SDE [21] as the baseline,
which is known as the first time-reverse SDE framework of
diffusion models. For fair comparison, we reproduce the
VE-SDE setup and apply our smoothing methods with the
same implementations. For example, our unconditioning
approach uses the same NN architecture as the baseline,
with only the time embedding layers removed. (see Ap-
pendix B.1 for other details) In addition to the four com-
monly used datasets, CIFAR-10 [13], CelebA 64×64 [15],
ImageNet 64×64 [3] and CelebA-HQ 256×256 [10], we
also collect a small 64×64 dataset for ablations, consisting
of 1,000 cats and 200 caracals. Caracals differ from pet cats
in having long ears and ferocious faces (see Fig. 2), so that
we can clearly see any possible generalizations.
KNN Spaces. The curvature of the image manifold in pixel
space is large, so when K is large, or the temperature is
high, the learned score function may guide samples devi-
ating from the manifold. Therefore, we also apply KNN

Figure 2. Illustration for the cat (left) and caracal (right). Note
that there are no yellow or long-eared pet cats in the dataset.

in the feature space (with significantly smaller curvature).
Specifically, we use a pre-trained ResNet-18 first to map all
samples to a 512-dimensional latent space, then calculate
the KNN and return their indexes for later explicit score
function calculation, still in the pixel space. We find that
under the same temperature and K, the feature space-based
KNN will lead to obviously better generation quality than
the pixel space-based one. This phenomenon further ver-
ifies our former explanation that neural networks achieve
generalization via learning a smoother score function de-
termined by a local manifold. Note that in this section, all
illustrated samples are obtained by pixel space-based KNN
to support our claim. We show more results and comparison
in the Appendix B.4.2.
Quality Metric. Besides calculating the Fréchet Inception
Distance (FID) [7] between generated samples G and train-
ing samples Ttr, we also calculate the FID between gener-
ated samples and test samples Ttest. We randomly select the
same number of samples per class from the training set as
in the test set to calculate FID. For CelebA, we randomly
select 10k images from both the training set and test set.
Sampling for Unconditioning. We first try the existing
samplers [21] by replacing the conditioning score function
sθ(x, t) with our unconditioning one sθ(x). We find that
SDE samplers still succeed, while ODE samplers may fail
catastrophically. Under our framework, this occurs because
at late sampling stages, the unconditional score function
adapts to the true noise level σn∗ := ||xn−µ∗||√

d
, where xn

is current sample and µ∗ is its closest training point. How-
ever, the sampling schedule still uses the predetermined
noise level σn. In ODE samplers, we empirically observe
that σn ≫ σn∗ as xn approaches training data, creating a
critical mismatch. We prove in Appendix A.7.1 that this
mismatch causes ODE samplers to take excessively large
steps ∝ σ2

n/σ
2
n∗, leading to catastrophic overshoot. In con-

trast, SDE samplers remain stable because their stochastic
noise term creates a self-correcting mechanism that keeps
σn∗ reasonably close to σn (Appendix A.7.2). To address
this mismatch, one way is to fix the implicit noise level after
every ODE step like the Predictor-Corrector (PC) sampling
in [21]. Another way is to directly replacing the predeter-
mined σn by σn∗:

xn+1 = xn + ασ2
n∗sθ(xn)

where α controls the step size. Although computing σn∗
requires finding the nearest training point which may be
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expensive for large-scale datasets, our unconditional score
function enables bigger step sizes than standard diffusion
models, resulting in significantly fewer function evaluations
(NFE) that often compensate for this overhead. This is
because the unconditioning score function is well-defined
across the entire support of pMN, and so avoids the error ac-
cumulation of large time steps in standard diffusion models.

5.1. Ablation Studies on Cat Caracal Dataset
5.1.1. Qualitative Experiments

(a) Conditioning (b) Unconditioning (c) Temperature-based

(1) (2) (3) (4)

(d)

Figure 3. Qualitative comparison with different methods. (a, b,
c) illustrates the generated images (left of red line) and their top-3
nearest neighbors of training samples in pixel space. (d) shows the
generated images (2, 3, 4) and their corresponding closest training
sample (1). (closest in both pixel and feature spaces)

Since the cat-caracal dataset uses only 1,200 images for
training, there are relatively few regions where the empirical
score function is sharp, i.e., where different training points
compete. Therefore, a neural network with sufficient capac-
ity can capture this sharpness, leading to pure memoriza-
tion, as we see in Fig. 3 (a). However, either uncondition-
ing modeling or temperature smoothing (here Ti = 7/σi

for i = 1, 2, . . . , N and K=10) can generalize well, illus-
trated by Fig. 3 (b) and (c) respectively. We can see obvious
generalization in (c), e.g., the first generated cat, which has
a caracal face but short ears and gray color. Meanwhile,
in Fig. 3 (d), we compare the generated images with their
same collapse training sample (1). Conditioning modeling
(2) can only replicate the source image. In contrast, the
unconditioning modeling (3) will not fully memorize, and
temperature smoothing (4) shows significant generalization.

5.1.2. Quantitative Experiments
To empirically support our argument in Sec. 3.2, we cal-
culate γex under different noise levels using the learned
score functions (NN Conditioning and Unconditioning), the
empirical conditioning score function, the unconditioning
(T=1), and the temperature-based ones (T=10,100,1000).
Specifically, we randomly choose 10k data pairs in the cat-
caracal dataset, and obtain x, y, x′, y′ as the assumption in
Sec. 3.2, where we let ||x− y|| = 0.2σ∗ and η = 0.1.
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Figure 4. Sampling expansiveness ratio γex at different noise lev-
els. Empirical conditioning scores are highly expansive at low
noise levels, while unconditioning, temperature smoothing, and
NN approximation all yield much smaller γex.

We can see the results in Fig. 4. They are consistent
with our predictions of the behavior of γex for the various
score functions and their NN approximations. We observe
that larger temperature values yield smaller expansion ratios
γex for the empirical score function variants, and that the
NN behavior is similar to that of the temperature-smoothed
empirical score function. Additionally, as the noise level
decreases (toward the right of the chart), γex tends to in-
crease, as the points x and y collapse more rapidly toward
their respective (different) training points. We note too the
large difference in behavior between the unconditioned em-
pirical score function and its NN approximation; the latter
has much smaller values of γex and therefore better gener-
alization properties.

5.2. Sample Quality

(a) Unconditioning (b) Ti=5/σi, K=30 (c) Ti=5/σi, K=100

Figure 5. Generated images (top to bottom) for variants of SDE
1K NFE on datasets CIFAR-10 and CelebA. (pixel space KNN)

To further verify the effectiveness of our methods,
we also implement experiments on some commonly used
datasets. We first present ablation studies evaluated by FID
on the CIFAR-10 and CelebA datasets. As shown in Tab. 1,
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although the FID score slightly deteriorates at some set-
tings, this is accompanied by observable and meaningful
generalization. As illustrated in Fig. 5 (b) and (c), for exam-
ple, the generated images on CelebA exhibit clear general-
ization: the red face in (b) and a similar countenance in (c),
both of which indicate that the NN has captured the com-
mon characteristics of training samples in the local mani-
fold. In practice, we can simply choose an appropriate tem-
perature to achieve strong generalization while maintaining
comparable quality.

Table 1. Ablation studies of our smoothing methods on the
CIFAR-10 and CelebA datasets. “→” indicates the performance
change from pixel space-based KNN to feature space-based KNN.

Method FID(G, Ttr) FID(G, Ttest)

CIFAR-10 32×32

SDE (PC) 1K NFE
Conditioning 6.49 6.56
Unconditioning 7.33 7.34
Ti = 1/σi, K=30 8.32 → 8.08 8.25 → 8.02
Ti = 1/σi, K=100 8.67 → 7.97 8.61 → 7.89
Ti = 5/σi, K=30 8.56 → 8.12 8.60 → 8.15
Ti = 5/σi, K=100 13.25 → 8.35 13.41 → 8.30
Ti = 7/σi, K=30 21.28 → 8.26 21.34 → 8.22
Ti = 7/σi, K=100 50.81 → 7.96 51.08 → 7.98

ODE (PC) 1K NFE
Conditioning 8.48 8.50
Unconditioning 8.84 8.88
Ti = 1/σi, K=30 8.75 → 8.45 8.67 → 8.43

CelebA 64×64

SDE (PC) 1K NFE
Conditioning 7.25 7.81
Unconditioning 7.07 7.34
Ti = 5/σi, K=30 9.58 → 8.78 9.32 → 8.54
Ti = 5/σi, K=100 36.63 → 9.47 35.01 → 9.10
Ti = 10/σi, K=30 9.88 → 8.64 9.48 → 8.56
Ti = 10/σi, K=100 61.97 → 8.40 60.91 → 8.19

ODE (PC) 1K NFE
Conditioning 7.65 7.87
Unconditioning 7.71 7.88
Ti = 5/σi, K=30 9.36 → 8.67 9.50 → 8.80

Moreover, the results in Tab. 1 show that the feature
space-based KNN consistently outperforms the pixel space-
based KNN across all settings. Operating in feature space
enables more aggressive smoothing (larger temperatures
and K) while maintaining strong performance. For in-
stance, on CIFAR-10 with Ti = 7/σi and K = 100, pixel-
space KNN collapses (FID increases to 50.81), whereas
feature-space KNN still attains an FID of 7.96. This obser-
vation also supports our hypothesis that the neural network
generalizes by smoothing the local manifolds, as lower local
curvature (feature space) allows for stronger score smooth-
ing without driving samples off the manifold. The con-

sistent improvements suggest that feature space provides
a more appropriate geometric structure for our smoothing
methods. These results motivate us to extend our approach
to latent diffusion models, which may further enhance gen-
eralization while preserving computational efficiency. In
the Appendix, we present results on other high-resolution
datasets. We also provide detailed proofs, training cost anal-
ysis, and extensive experiments to validate our theoretical
approximations and claims.

6. Related Work
Memorization and Generalization. Recent work has re-
vealed memorization behaviors in diffusion models, where
generated samples can closely replicate training data [2,
18, 24]. [2] demonstrated systematic extraction of train-
ing images from large-scale models like Stable Diffusion
[17], raising privacy and copyright concerns. [18] ana-
lyzed the connection between data duplication and mem-
orization, proposing mitigation strategies through caption
diversification. To investigate the causes of memorization,
studies like [6] provided empirical evidence showing that
the optimal solution of denoising score matching can only
generate training data copies; [26] proposed the memo-
rization–generalization dichotomy, arguing that generaliza-
tion occurs when models fail to memorize, contrasting with
overfitting in supervised learning [28]. Recent work [1] fur-
ther elaborates on how neural networks learn the empirical
score function: the model first fits an approximation to the
population score and later converges to the highly irregular
empirical score that leads to exact memorization.

7. Conclusion
This work establishes a theoretical framework for under-
standing memorization in diffusion models through the
analysis of several variants of the empirical score func-
tion and its NN approximations. It reveals that memoriza-
tion arises from the dominance of individual training sam-
ples in softmax-weighted score functions, while general-
ization emerges through smoothed weight distributions that
enable local manifold exploration. By exploring the fun-
damental properties of the score function, we identify the
cause of memorization and propose two smoothing meth-
ods — Noise Unconditioning and Temperature Smoothing
— which elegantly control the concentration of the score
function weight and effectively reduce memorization while
maintaining high generation quality.

We developed mathematical analysis to explain a theory-
practice inconsistency, and made experimental validations,
revealing how neural networks achieve remarkable gener-
alization. Our framework rationalizes previously observed
memorization phenomena and unifies prior unconditioning
approaches from an optimization perspective.
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[1] Tony Bonnaire, Raphaël Urfin, Giulio Biroli, and Marc
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