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Abstract
We study a data-dependent notion of diffusion-
model generalization: when a model does not
memorize the training set, where do its generated
samples go relative to the geometry induced by
the data? To answer this, we introduce a time-
dependent family of log-density ridge manifolds
constructed from the smoothed empirical distri-
bution, and use it to characterize reverse-time in-
ference. Our main result shows that generated
samples evolve by a reach–align–slide mecha-
nism: they first enter a neighborhood of the ridge,
then their distance to the ridge is controlled by
the normal component of training error, and fi-
nally their motion along the ridge is controlled by
the tangential component. We further connect this
geometric picture to training dynamics through di-
rectional decompositions of the learned error, and
make this link explicit for random feature models,
where architectural bias and optimization error
can be separated quantitatively. Experiments on
synthetic multimodal data and MNIST latent dif-
fusion support the predicted geometric behavior
in both low and high dimensions.

1. Introduction
Diffusion models (Sohl-Dickstein et al., 2015; Ho et al.,
2020; Song et al., 2021) now achieve state-of-the-art sample
quality across a wide range of generative tasks, making them
a central tool for image, audio, and video generation (Dhari-
wal & Nichol, 2021; Kong et al., 2021; Brooks et al., 2024).
At the same time, it is increasingly important to understand
how innovative these models actually are, that is, what they
generate beyond the training data. A central concern is mem-
orization: in some regimes, diffusion models can behave
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like stochastic parrots that simply reproduce training data,
raising both scientific and practical concerns, including pri-
vacy and safety risks (Carlini et al., 2023; Somepalli et al.,
2023; Duan et al., 2023; Liu et al., 2024). Recent theory
and empirical evidence suggest that non-memorizing behav-
ior arises from various sources of error inside the learned
diffusion model (e.g., Ye et al., 2025), and in literature the
term generalization is often used in precisely this sense of
non-memorization (e.g., Kadkhodaie et al., 2023; Zhang
et al., 2023).

This leads to the central question of the paper:
When a diffusion model does not memorize the training set,

where do its generated samples go?
Equivalently, once non-memorization has occurred, what
geometric structure organizes the new samples produced by
reverse-time inference? Our goal is to answer this question
explicitly and quantitatively. In particular, we seek not
merely to say that generated samples differ from the training
data, but to describe where they are located relative to the
geometry induced by the data.

This question should be understood in a fully data-dependent
sense. Rather than taking an unknown population distribu-
tion as the primary reference, we take the finite training
dataset itself as the object that defines the relevant geome-
try, and ask how generation departs from that geometry. In
this sense, our focus is different from classical population-
level generalization: we are not primarily asking how close
the generated distribution is to an unknown population law,
but how the model generates new samples relative to the
observed data. This viewpoint is especially natural when
one wants to understand structured intermediate generations
between training samples, since the key issue is not only
distributional discrepancy, but also the spatial organization
of generated samples. We defer a more detailed comparison
with related notions of generalization to Appendix A.

Our answer is geometric. We construct a time-indexed fam-
ily of log-density ridge manifolds from the smoothed em-
pirical distribution, and use this family as the reference ge-
ometry for reverse-time inference. Relative to these ridges,
generated samples follow a reach–align–slide mechanism:
after an initial transient they enter a neighborhood of the
ridge, then move toward it in normal directions, and finally
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evolve along it in tangent directions. This perspective goes
beyond only locating generation near a low-dimensional
geometric object: while the reach and align stages explain
where generation concentrates, the slide stage provides addi-
tional information about how generation is organized along
that geometry through tangential motion relative to nearby
data-induced centers. At the same time, this description re-
mains appropriately partial: our analysis predicts tangential
components toward nearby data, rather than fully character-
izing the generated configuration inside the tangent space.
Moreover, this geometric picture is directly tied to train-
ing: the normal component of training error governs how
closely samples align with the ridge, while the tangential
component governs how far they slide along it.

Figure 1 illustrates this picture on a simple semi-circular
dataset. After an initial phase, the generated samples reach a
neighborhood of the log-density ridge, which then becomes
the natural reference set for the remainder of inference. They
subsequently align toward the ridge in normal directions,
although the residual distance need not vanish and is con-
trolled by the normal component of training error. At the
same time, they slide along the ridge in tangent directions
toward the training data, and the extent of this sliding is con-
trolled by the tangential component of training error. In this
way, the reach–align–slide decomposition gives a geometric
description not only of where non-memorizing generation
occurs, but also of part of its internal organization along the
data-induced geometry.

A particularly tractable setting in which this training-to-
geometry link becomes explicit is random feature neural
networks (RFNNs) trained by gradient descent. In that
setting, we derive directional decompositions of training
error and show how approximation and optimization errors
translate into quantitatively different alignment and sliding
behaviors during inference. This RFNN analysis is not
meant to model all practical architectures faithfully; rather,
it serves as an explicit nonasymptotic example showing
how architectural bias and training accuracy can jointly
determine the geometry of diffusion generation. In this
way, the RFNN case makes concrete the broader message
of the paper: training affects generation through direction-
dependent geometric effects relative to the ridge family.

Our perspective is most closely related to recent theoretical
work that seeks to explain why diffusion models generate
non-memorizing samples. One line of work studies whether
generalization can already arise from the stochasticity or
structure of the finite training target itself (Vastola, 2025;
Bertrand et al., 2025); in contrast, we take the empirical
training set as given and ask how the learned model gener-
ates relative to the geometry induced by that set. Another
closely related direction analyzes training-induced bias, fo-
cusing on how model class, feature learning, or optimiza-

tion shape the learned scores (Kamb & Ganguli, 2024; Shah
et al., 2025; Wu et al., 2025; Bonnaire et al., 2025). Our
contribution is complementary: rather than only asking what
bias training creates, we quantify how that bias appears dur-
ing inference through distinct normal and tangential effects
relative to a data-dependent ridge family. Finally, several re-
cent works study inference-time behavior under structured
settings or geometry-adaptive smoothing (Baptista et al.,
2025; Farghly et al., 2025; Li et al., 2025). Our work is
closest in spirit to this direction, but differs in three ways.
First, we make the relevant geometric object explicit from
the empirical data through a time-dependent ridge family.
Second, we characterize reverse-time inference relative to
this geometry in a way that goes beyond concentration near
a low-dimensional set: the reach–align–slide analysis also
captures part of the tangential organization of generation
relative to nearby data. Third, we connect this geometry
back to directional components of training error.

Taken together, this paper connects training architecture
and optimization choices to the data-dependent generation
geometry of diffusion models in three steps: we

(1) introduce a time-dependent log-density ridge geometry
induced by the smoothed empirical distribution, which
provides the reference object for describing where gen-
eration occurs (Section 3.1).

(2) show that reverse-time inference evolves relative to this
geometry by a reach–align–slide mechanism: the reach
and align stages explain concentration toward the ridge,
while the slide stage captures tangential organization
relative to nearby data, yielding a geometric description
of non-memorizing generation beyond mere concentra-
tion near a low-dimensional set (Sections 3.2–3.4).

(3) connect these geometric behaviors back to training
by identifying directional error components that con-
trol alignment and sliding, and make this link ex-
plicit in a nonasymptotic RFNN+GD setting through
architecture- and optimization-driven decompositions
(Sections 4.1–4.2).

Empirical support for this training-to-geometry picture is
provided in Section 5.

2. Preliminaries
SDE-based Diffusion Models. To generate samples in Rd

from data samples x(1)0 , · · · , x(n)0 ∈ Rd, we consider the
variance-preserving (VP) forward process dXt = −Xtdt+√
2dBt for all t ∈ [0, T ], with marginals pt = Law(Xt)

and p0 = p. The corresponding reverse process is

dYt =
(
Yt + 2∇ log pT−t(Yt)

)
dt+

√
2dB̄t. (1)

Write at := e−t, ht = 1− e−2t so that Xt = atX0+
√
htz

in distribution with z ∼ N (o, Id) independent to X0. We
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(a) early phase (b) reach (c) align (d) slide
Figure 1. Reach-align-slide on semi-circular dataset: 9 unevenly spaced data points (red crosses) lie on a semi-circle of radius 4
centered at the origin. Generated samples (blue dots) evolve relative to the log-density ridge (green curve), exhibiting the reach–align–slide
pattern. The zoom-in boxes in (c),(d) show region-dependent sliding: red arrows denote sliding directions and green arrows denote
directions of continuation of alignment phase, with arrow lengths indicating intensity.

introduce the early stopping time 0 < δ ≪ 1 so that the
score ∇ log pt is used only on [δ, T ].

Denoising Mean Matching Loss. We consider learning the
posterior mean instead of the score. By Tweedie’s formula,

∇ log pt(x) = −
x

ht
+

1

ht
Ex0∼p0|t(·|x)[atx0], (2)

where p0|t(·|x) denotes the law ofX0 givenXt = x. Define

m(t, x) := Ex0∼p0|t(·|x)[atx0], (3)

Thus learning the score is equivalent to learning the posterior
mean, which we use throughout the paper. We measure
approximation error through the mean matching loss

LMM =

∫ T

δ

w(t)

h2t
E
[
∥mA(t,Xt)−m(t,Xt)∥2

]
dt, (4)

where mA(t, x) is the learned posterior mean. In practice
we train using its denoising version

LDMM =

∫ T

δ

w(t)

h2t
E
[
∥ − atX0 +mA(t,Xt)∥2

]
dt. (5)

More details on LDMM are discussed in Appendix B. The
simulated reverse process, initialized at Gaussian, is

dỸt =
(
Ỹt +

2(mA(T − t, Ỹt)− Ỹt)
hT−t

)
dt+

√
2dB̃t. (6)

Random Feature Neural Network and Gradient Descent.
We parametrize the posterior mean by a RFNN:

mA(t, x) :=
A
√
p
σ(
Wxx√
d

+
Wtφt√
2Kt + 1

+ b) :=
A
√
p
σt(x)

where Wx ∈ Rp×d,Wt ∈ Rp×(2Kt+1) are Gaussian ran-
dom matrices. φt ∈ R2Kt+1 consists of Fourier basis on
[0, T ] and b ∼ N (0, Ip) is the bias feature. σ is the acti-
vation function and A ∈ Rd×p is the trainable parameter
matrix. The corresponding denoising mean matching loss is

LDMM(A) =

∫ T

δ

w(t)

h2t
E[∥ − atX0 +

A
√
p
σt(Xt)∥2]dt.

We optimize the loss LDMM(A) by gradient descent with
constant learning rate η, which yields

Ak+1 −Ak = −2ηAkŨ + 2ηṼ , (7)

with Ũ =

∫ T

δ

w(t)

h2t

E[σt(Xt)σt(Xt)
⊺]

p
dt ∈ Rp×p,

Ṽ =

∫ T

δ

w(t)

h2t

Ez[atX0σt(Xt)
⊺]

√
p

dt ∈ Rd×p.

3. Geometric Properties of the Inference
Process

In this section, we introduce the data-dependent ridge ge-
ometry that characterizes non-memorizing generation and
study reverse-time inference relative to it. This yields the
three-stage picture from the introduction: generated samples
first reach a neighborhood of the ridge, then align toward
it in normal directions and slide along it in tangent direc-
tions. Throughout the paper, we work under the following
empirical-data setting.

Assumption 3.1. Data points {x(i)0 }ni=1 are well-separated
and bounded, i.e., ∆ := mini̸=j ∥x(i)0 − x

(j)
0 ∥ > 0 and

R := maxi ∥x(i)0 ∥ < ∞. The data distribution p is the
empirical distribution of the data, i.e., p = 1

n

∑n
i=1 δx(i)

0
.

3.1. Data-dependent Manifolds - Log-density Ridge Sets
For the smoothed empirical distribution pt, log-density
ridge is a geometric object that reflects the structure in-
duced by the training data and serves as the reference object
for describing generation; see Figure 1 for a visual exam-
ple. Intuitively, it is a low-dimensional set along which the
log-density is locally flat in normal directions and curved
downward away from the set. In this sense, ridges general-
ize local modes: 0-dimensional ridges are isolated modes,
1-dimensional ridges trace connecting curves, and higher-
dimensional ridges capture broader structures in the data.
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Definition 3.2 (Log-density Ridge Sets). For any smooth
probability density p ∈ P(Rd) and any positive integer
d∗ < d, the d∗-dimensional log-density ridge set of p with
threshold β > 0, denoted asRd∗(p;β), is defined by{
x ∈ Rd|E(x)E(x)⊺∇ log p(x) = 0, λd∗+1(x) ≤ −β

}
where E(x) = (vd∗+1(x), · · · , vd(x)) ∈ Rd×(d−d∗) with
{(λi(x), vi(x))}di=1 being the eigenvalues/eigenvectors of
∇2 log p(x) in descending order, i.e., λ1(x) ≥ λ2(x) · · · ≥
λd∗(x) > λd∗+1(x) ≥ · · · ≥ λd(x), for all x ∈ Rd.

The definition identifies a d∗-dimensional set on which the
log-density is locally maximal in the normal directions given
by the bottom (d−d∗)-eigenspace of∇2 log p(x): the condi-
tion E(x)E(x)⊺∇ log p(x) = 0 requires stationarity along
them; the threshold λd∗+1(x) ≤ −β enforces sufficient con-
cavity in those directions, making the ridge geometrically
identifiable at scale β.

Classical density ridges have been studied in statistics and
geometry (Genovese et al., 2014; Chen et al., 2015). Here
we instead introduce the ridge in log-density space, which is
more natural for diffusion models: the reverse-time dynam-
ics is governed by the score∇ log pt, and the local geometry
relevant for our analysis is determined by ∇2 log pt. For
this reason, log-density ridges are better suited than classical
density ridges for describing diffusion generation.

For each t ∈ [δ, T ], we apply Definition 3.2 to forward
marginal pt and denote the ridge by Rt. This yields a
family of ridges varying with the noise level, which serves as
the evolving reference geometry for reverse-time inference.
The threshold is chosen at scale βt = Θ(1/ht), the natural
curvature scale near the data, and also the scale needed for
the later alignment estimates. See Remark D.6 for details.

Tube neighborhood and projection map. To analyze in-
ference relative to Rt, we need a notion of distance to the
ridge (denoted by dist(·,Rt)). For this purpose, we work in
a tube neighborhood aroundRt where the nearest-point pro-
jection onto the ridge is well-defined. This in turn requires
geometric regularity of the ridge family, which we express
through the following smoothness-and-reach assumption.

Assumption 3.3 (Smoothness and positive reach). For any
t ∈ [δ, T ], there exists rt > 0 such thatRt is a (piecewise)
C2-embedded submanifold in Rd with a reach no smaller
than rt > 0, i.e., for all x ∈ Rd with dist(x,Rt) ≤ rt,
there exists a unique nearest point onRt.
The following proposition provides the projection estimates
needed for the later dynamical analysis.

Proposition 3.4. Under Assumption 3.1, the log-density
ridge family {Rt}δ≤t≤T satisfies Assumption 3.3. More
precisely, as t → δ+ ≪ 1, the reach satisfies rt =
Ω(h2t θ

−1
t R−3) for arbitrary θt = exp(−o(h−1t )). For any

radius ρt ∈ (0, rt), define the tube neighborhood

Tt(ρt) := {x ∈ Rd|dist(x,Rt) ≤ ρt}. (8)

Then the nearest-point projection Πt : Tt(ρt) → Rt is
well-defined, and

(1) for all x ∈ Tt(ρt), the displacement nt(x) := x −
Πt(x) lies in the normal space ofRt at Πt(x);

(2) Πt is C1 on Tt(ρt) and supx∈Tt(ρt) ∥∇Πt(x)∥ ≤
1

1−ρt/rt ;

(3) if ρt = Θ(rt), the ridge motion is uniformly bounded:
supx∈Tt(ρt) ∥∂tΠt(x)∥ = O (R).

In particular, this proposition gives a well-defined projection
onto the ridge inside a tube neighborhood, identifies projec-
tion residuals as normal directions, and controls both the
spatial stability of the projection map and the time variation
of the ridge family.

3.2. Stage 1 - Reaching the Tube Neighborhood

We first ask whether the inference trajectory enters the ridge
tube, since the later normal/tangent analysis is meaningful
only after projection becomes well-defined. We therefore
introduce the first entrance time into the tube neighborhood
and ask whether it occurs before inference ends.

Define t̃in := inf{0 ≤ t ≤ T − δ | Ỹt ∈ TT−t(ρT−t)}. The
following theorem shows that, with high probability, the
trajectory enters the tube before the end of inference.

Theorem 3.5 (Informal, formal one in Theorem E.1). Under
Assumption 3.1, we have

P(t̃in ≤ T − δ) ≥ 1− eδ − ε(T )−
√
εA(T, δ)/8,

where limδ→0+ eδ = 0, limT→∞ ε(T ) = 0 and
εA(T, δ) :=

∫ T
δ
h−2t E[∥m(t,Xt)−mA(t,Xt)∥2]dt.

Thus, with high probability, the learned process reaches
the ridge neighborhood before inference ends; the failure
probability is controlled by early-stopping, large-time ap-
proximation, and global posterior-mean error.

3.3. Stage 2 - Aligning along Normal Directions

Once the inference trajectory enters the tube, we measure the
off-ridge displacement through the squared normal distance
to the ridge: DT−t(x) := ∥x−ΠT−t(x)∥2 = ∥nT−t(x)∥2.
The key mechanism is contraction of this quantity along
time after entry into the tube. In the main text, we state only
the resulting bound at the final inference time T − δ; the full
time-resolved contraction estimate is given in Appendix F.

Theorem 3.6. Under Assumption 3.1, let e⊥A(t, x) :=
P⊥(Πt(x))eA(t, x) with eA = mA−m. Choose βt = c/ht
for c ∈ [ 12 , 1)

1. Then for δ ≪ 1, E[Dδ(ỸT−δ)] is of order

1c can be chosen arbitrarily between [ 1
2
, 1) due to the property

of ∇2 log pt(x) as explained in Remark D.6.

4



Diffusion Model’s Generalization Can Be Characterized by Inductive Biases toward a Data-Dependent Ridge Manifold

O
(
dδc + δc

∫ T−δ

t̃in

h−1−cT−u E[∥e⊥A(T − u, Ỹu)∥2]du
)
.

This theorem shows that the final squared distance to the
ridge is controlled by a training-independent geometric term
dδc and a cumulative contribution from the normal com-
ponent of training residual. Thus, good normal alignment
follows when the learned model has small error in directions
transverse to the ridge.

3.4. Stage 3 - Sliding along Tangent Directions

The final stage concerns motion along the ridge rather than
toward it. Near the end of inference, the smoothed em-
pirical density pT−t is a Gaussian mixture centered at the
transported training points {m(i)

T−t := aT−tx
(i)
0 }ni=1. In

this regime, a trajectory typically enters a region where one
mixture component is dominant. Inside such a region, the
local tangent space of the ridge can be approximated using
the top eigendirections of∇2 log pT−t, which allows us to
define tangent coordinates relative to the nearby center.

Define the ith center-dominant region B(i)s (θs) := {x ∈
Rd | Softmax(−∥x−ms∥2

2hs
)i ≥ 1 − θs} where θs =

exp(−o(h−1s )) as s → 0+. For Ỹt ∈ B(i)
T−t(θT−t), define

the tangent coordinate

ũ
(i)
t := (U

(i)
T−t)

⊺(Ỹt −m(i)
T−t) ∈ Rd

∗
, (9)

where U (i)
T−t ∈ Rd×d∗ consists of orthonormal columns as

the top-d∗ eigenvectors of∇2 log pT−t(m
(i)
T−t). The vector

ũ
(i)
t measures the displacement of the sample along the

local tangent directions of the ridge, relative to the nearby
center m(i)

T−t. As in the normal-direction analysis, the key
mechanism is a time-evolution estimate along inference; in
the main text we state only its consequence at the terminal
time T − δ. The full time-dependent estimate is deferred to
Appendix G.

Theorem 3.7. Under Assumption 3.1, let e∥,iA (t, x) =

(U
(i)
t )⊺eA(t, x) with eA = mA −m. If Ỹt ∈ B(i)T−t(θT−t),

then for δ ≪ 1, E[∥ũ(i)T−δ∥2] is of order

O
(
d
√
δ +
√
δ

∫ T−δ

t̃in

h
− 3

2

T−uE[∥e
∥,i
A (T − u, Ỹu)∥2]du

)
.

This is the tangent analogue of Stage 2: the final amount
of sliding along the ridge is controlled by a training-
independent term d

√
δ and a cumulative contribution from

the tangential training residual. Hence samples may align
closely with the ridge without collapsing onto the training
points, leaving structured intermediate generations.
Remark 3.8 (Effect of training weight on generation). Com-
bining the normal and tangential bounds gives a simple

interpretation of the role of training weight w(t). Sup-
pose the per-time contribution satisfies w(t)h−2t E[∥eA(T −
t, Ỹt)∥2] = O(1), then the cumulative mean-error terms in
the normal and tangential bounds scale as

δc
∫ T−t̃in

δ

h1−ct /w(t)dt and δ
1
2

∫ T−t̃in

δ

h
1
2
t /w(t)dt,

respectively. Hence placing larger weight on small t sup-
presses end-stage errors in both directions, which pushes
the model toward memorization by reducing both off-
ridge deviation and along-ridge spread. In particular, for
w(t) = h2t , ht, 1, the resulting mean-error scalings in both
directions are O(1), O(δ), and O(δ2), respectively, leading
to different inductive biases in generation.

4. How Training Affects Generation: General
Theory + an Explicit RF Example

Section 3 showed that non-memorizing generation is gov-
erned by directional errors: normal error controls alignment
to the ridge, while tangential error controls spread along
it. In this section, we connect these geometric quantities
back to training. We first show that they can be controlled
by corresponding directional components of the posterior
mean matching loss, and then make this connection explicit
in RFNN, where the same directional errors further split
into architecture-driven and optimization-driven parts.

4.1. Directional Decomposition of Training Loss

Since the reverse-time dynamics depends linearly on the
learned posterior mean, the posterior mean matching loss
decomposes naturally into normal and tangential parts:
LMM = L⊥MM + L∥MM s.t. for † ∈ {⊥, ∥},

L†MM(A) :=

∫ T

δ

w(t)E[∥P †t (Xt)eA(t,Xt)∥2]
h2
t

dt

with eA := mA − m. L⊥MM measures training error in
directions normal to the ridge and L∥MM measures training
error in tangent directions.

Theorem 4.1. Under mild assumptions, the normal and
tangential errors in Theorems 3.6 and 3.7 can be estimated
by projected posterior mean matching loss in corresponding
directions:

normal-error bound ≲ C⊥δ L⊥MM + dδc + C⊥δ (
√
d+R)e−T ,

tangent-error bound ≲ C
∥
δL
∥
MM + dδ + C

∥
δ (
√
d+R)e−T ,

where C⊥δ := δc
(
1 ∨ δ1−c

w(δ)

)
, C∥δ := δ

1
2

(
1 ∨ δ

1
2

w(δ)

)
and

c = limt→δ htβt is arbitrary in [ 12 , 1).

Theorem 4.1, proved in Appendix H, shows that the geomet-
ric errors from Section 3 are controlled by projected training
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losses, up to training-independent remainders that vanish
as δ → 0 and T →∞. Thus normal training loss predicts
alignment, while tangential training loss predicts sliding.

4.2. RFNN: Architecture and Optimization Effects on
Generation

We now specialize this training-to-geometry connection to
RFNN trained by gradient descent. In this setting, the di-
rectional training losses become explicit and can be further
decomposed into two qualitatively different parts: an ar-
chitecture term, reflecting the finite-width approximation
floor, and an optimization term, reflecting incomplete train-
ing from initialization. This decomposition allows us to
distinguish how model class and training procedure affect
alignment and sliding.

Theorem 4.2. Assume the conditions in Theorem 4.1 hold.
Let {Ak}k≥0 be the GD iterates in (7) with learning rate
η < 2

λ1
, then up to remainders controlled by δ, T ,

• the normal error at training step k is bounded by
C⊥δ (Err

⊥
arc + Err⊥train(k));

• the tangential error at training step k is bounded by
C
∥
δ (Err

∥
arc + Err

∥
train(k)).

For each † ∈ {⊥, ∥}, Err†arc is the architecture-driven term
and Err†train(k) is the optimization-driven term; their ex-
plicit formulas are given in Appendix I.

Theorem 4.2 makes the training-to-geometry connection ex-
plicit in RFNN by showing that both normal and tangential
generation errors split into an architecture-driven part and
an optimization-driven part. Thus, the ridge-based analysis
does more than say that training matters: it separates how
model class and training procedure contribute to generation,
and does so differently in normal and tangential directions.
The explicit form of this split, and its dependence on initial-
ization and spectrum, becomes especially transparent in the
two-point example below.

Fully Explicit Results of Two-point Data. WLOG as-
sume that x(1)0 = (−µ, 0) and x(2)0 = (µ, 0). Then the
ridge Rt ≡ {x2 = 0} and the posterior mean m(t, x) =
(atµ tanh(

atµ
ht
x1), 0). The initialization of GD writes as

A0 = (A0,1, A0,2)
⊺.

In this setting, the optimization-driven errors can be written
explicitly, making the role of initialization and spectral bias
fully visible: with {(λi, ui)}ri=1 the spectrum of Ũ and ṽ
the first row of Ṽ for Ũ , Ṽ in (7),

Err
∥
train(k) =

r∑
i=1

λi(1− 2ηλi)
2k(A⊺

0,1ui − ṽ⊺ui/λi)2

Err⊥train(k) =

r∑
i=1

λi(1− 2ηλi)
2k(A⊺

0,2ui)
2.

These expressions reveal a strong directional asymmetry.
In particular, the normal optimization error depends only
on the second row of the initialization. If that component
vanishes, then Err⊥train(k) ≡ 0, so the theory predicts essen-
tially immediate alignment to the ridge. By contrast, if the
initialization is aligned with the slowest spectral mode, then
Err⊥train(k) decays only at the rate determined by the small-
est positive eigenvalue, so normal alignment can remain
poor for a long time.

In contrast, the architecture-driven error is purely tangential:
Err⊥arc = 0, while

Err∥arc =

∫ T

δ

w(t)
h2
t
Ex∼pt [a2tµ2 tanh(atµht

x1)
2]dt− ṽ⊺Ũ+ṽ

is strictly positive at finite p. Hence samples can align
strongly to the ridge while still spreading along it, produc-
ing edge-like interpolation between the two data points. As
width increases, this tangential floor shrinks, and the behav-
ior becomes increasingly memorization-like.

This example isolates the two core mechanisms of the paper:
optimization error can delay normal alignment, especially
through slow spectral modes, while finite-width architec-
ture error can sustain tangential spreading along the ridge.
Their combination yields non-memorizing generation with
strong ridge alignment but persistent along-ridge spread.
Numerical illustrations are given in Section 5.2.

5. Experiments
In this section, we evaluate the proposed geometric frame-
work from three complementary perspectives. We begin
with simple 2D examples that illustrate the role of the log-
density ridge in characterizing non-memorizing generation.
We then turn to the 2D two-point problem, where the ridge is
explicit and the theoretical quantities can be checked quan-
titatively against the generated samples. Finally, we study
MNIST latent diffusion and show that the same reach-align-
slide picture remains informative in higher dimensions. Ex-
perimental details are deferred to Appendix J, and additional
experiments are presented in Appendix K.

5.1. 2D Illustrations of the Role of Ridge

We first consider two simple 2D examples to illustrate that
the ridge geometry explains generation even when the rele-
vant low-dimensional structure is more complicated than a
straight line. The goal here is not quantitative verification,
but to show that the proposed log-density ridge captures
nontrivial generation patterns from the data.

Our first example uses four training points at (±1,±1). As
shown in Figure 2, the generated samples concentrate along
edge-like structures that are not part of the training set. The
moving ridge tracks this behavior closely, indicating that it
correctly predicts where non-memorizing generation occurs.
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The second example shows that this phenomenon is not lim-
ited to straight-line interpolation. Here the training distribu-
tion is supported on the three points (0, 0), (3, 0), and (0, 5).
In Figure 3, the corresponding ridge is visibly bent, and the
generated samples follow this curved geometry rather than
concentrating on a straight segment between modes. This
shows that the proposed ridge can capture genuinely curved
low-dimensional structures induced by the data.

3 2 1 0 1 2 33

2

1

0

1

2

3 Step 0 (t  10.000)
Ridge (d * = 1)
Samples
Centers

3 2 1 0 1 2 33

2

1

0

1

2

3 Step 1200 (t  0.040)

3 2 1 0 1 2 33

2

1

0

1

2

3 Step 1600 (t  0.006)

3 2 1 0 1 2 33

2

1

0

1

2

3 Step 2000 (t  0.001)

Figure 2. Generalization from 4
training points.

0 2 4 61

0

1

2

3

4

5

6 Step 0 (t  10.000)
Ridge (d * = 1)
Samples
Centers

0 2 4 61

0

1

2

3

4

5

6 Step 1200 (t  0.040)

0 2 4 61

0

1

2

3

4

5

6 Step 1600 (t  0.006)

0 2 4 61

0

1

2

3

4

5

6 Step 2000 (t  0.001)

Figure 3. Generalization from 3
training points.

5.2. Synthetic Data - Two Points in 2D Plane

We next turn to the simplest setting in which the geometry
is completely explicit:: a two-point dataset {(±3, 0)}. In
this case, the ridge is exactly the horizontal axis, so the
tangent and normal directions are simply e1 = (1, 0) and
e2 = (0, 1). This makes the example ideal for quantitatively
testing both the geometric predictions of Section 3 and
the training-to-geometry mechanism of Section 4. We use
RFNN in this subsection; the MLP results show the same
qualitative behavior and are deferred to Appendix K.

Directional geometry and its training origin. In this ex-
plicit two-point setting, we can directly compare the pre-
dicted directional quantities with the observed sample ge-
ometry. Figure 4 shows the generated samples under three
weighting schedules w(t) ∈ {1, ht, h2t}, while Figure 5(a)
reports the corresponding normal and tangential geometric
errors in Section 3 and Figure 5(b) reports the corresponding
directional training losses in Section 4.

(a) w(t) = 1 (b) w(t) = ht (c) w(t) = h2
t

Figure 4. Generated samples with RFNN. (a)–(c) Comparison of
generated sample configurations under different weight schedules.
Boxed numbers indicate sample counts around the target modes
(radius = 0.5). The background color represents the KDE plot.

The geometric pattern is clear when Figure 4 is read to-

gether with Figure 5(a). Across all schedules, the normal
error in Figure 5(a) remains extremely small, and corre-
spondingly the generated samples in Figure 4 stay tightly
concentrated near the ridge y = 0. The tangential configura-
tions, however, differ substantially across schedules and are
consistent with the tangential errors reported in Figure 5(a):
for w(t) = 1, the tangential error is smallest and the sam-
ples are concentrated almost entirely around the two data
points; for w(t) = h2t , the tangential error is largest and the
samples exhibit a pronounced edge structure; the geometry
for w(t) = ht lies between these two extremes. This is
exactly the trend predicted by the theory: once normal align-
ment is achieved, the remaining tangential error determines
how strongly the generated samples spread along the ridge.

Figure 5(b) explains where this behavior comes from at
the training level. The normal loss remains small across
all schedules, consistent with the uniformly strong nor-
mal alignment in Figure 5(a). The tangential behavior is
more subtle and highlights why Theorem 4.1 is needed:
w(t) = h2t yields a relatively small tangential training loss
while still producing a large tangential geometric effect,
because the coefficient C∥δ strongly amplifies end-stage tan-
gential error when w(δ) is small. Conversely, w(t) = 1
has a larger tangential training loss but still induce smaller
tangential spread because the corresponding amplification
factor is much weaker. Thus, the experiment validates The-
orem 4.1: directional training losses control directional geo-
metric errors, which in turn determine the observed sample
geometry. This is also consistent with the effect of w(t)
predicted by Remark 3.8.

(a) Error Dynamics (b) Loss Decomposition

Figure 5. Error dynamics and training loss decomposition of
RFNN. (a) Evolution of tangent- and normal- errors (b) Evolution
of tangent- and normal- loss components. Both under weights
1, ht, h

2
t , with solid lines, linear scale on left axis for tangent di-

rection; dash-dot lines, log scale on right axis for normal direction.

Biases of Different Initializations. We next test the ini-
tialization effects predicted by the RFNN analysis in Sec-
tion 4.2. Figure 6 compares finite-training-time generation
under three initialization schemes: zero, all-ones, and slow-
spectrum. The zero initialization yields samples that remain
essentially on the horizontal ridge, while the other two pro-
duce a visible arch before full alignment is reached.

This is consistent with the RFNN analysis in Section 4.2:

7



Diffusion Model’s Generalization Can Be Characterized by Inductive Biases toward a Data-Dependent Ridge Manifold

(a) Zero (b) Ones (c) Slow-Spec

Figure 6. Initialization Effects (Epoch 40k). Comparison of
generated sample configurations under different initializations.
The colored shading denotes the KDE of the distribution.

initialization mainly affects how quickly normal alignment
is achieved. When the relevant slow modes are weak, align-
ment is nearly immediate; when they are emphasized, the
approach to the ridge is much slower, producing the tran-
sient arch-shaped geometry seen in the figure.

5.3. Higher Dimension Data - MNIST

We next test whether the same geometric picture remains
meaningful in higher dimensions. We study a binary MNIST
problem in latent space and ask whether the generated sam-
ples exhibit the two behaviors predicted by the theory: nor-
mal alignment toward the ridge geometry and limited tan-
gential sliding toward the training data.

Experimental setup. We consider the digits 4 and 8 from
MNIST. To simplify the problem, we first train a VAE to
embed the images into a 32-dimensional latent space, and
then train a time-conditioned MLP score model in that latent
space with weight w(t) = 1. Full architectural and training
details are deferred to Appendix J.3.

Qualitative Visualization. Figure 7 provides a qualitative
view of the generation dynamics through UMAP. At the
beginning of inference, the generated samples are far from
the ridge structure; as reverse-time inference proceeds, they
move toward the global geometry captured by the ridge.
This supports the ridge-based description of inference, al-
though only at a qualitative level, since UMAP does not
preserve the normal/tangent decomposition needed for a
precise test of the theory.

Quantitative normal and tangential behavior. We next
examine the two directional effects quantitatively. Since the
true latent distribution is unknown, we estimate distance
to the ridge by numerically solving the corresponding con-
strained optimization problem, with details in Appendix J.4.
Figure 8(a) plots the mean distance to the ridge over 200
inference trajectories. The distance decreases steadily over
most of inference and then stabilizes at a small floor near
the end, matching the predicted normal-alignment stage.

Tangential motion behaves differently. Figure 8(b) shows
the tangent error over the full inference horizon, and Fig-
ure 8(c) zooms in on the final stage. Compared to the nor-
mal distance, tangential motion decreases more slowly and

Figure 7. UMAP visualization of generated samples and ridge.
Red points represent the underlying ridge structure Rt with t =
0.001, and blue points represent the generated samples at different
time steps. The ridge accurately captures the sample distribution.

becomes negligible only near the end of inference. This tem-
poral imbalance is the key observation: most of inference
is spent aligning toward the ridge, leaving limited time for
substantial sliding toward the exact training examples. As a
result, the generated samples organize around the ridge with-
out fully collapsing onto the training set, which is precisely
the non-memorizing mechanism predicted by the theory.

(a) distance to ridge (b) tangent error(full) (c) tangent error(zoom)

Figure 8. Evolution of Ridge Manifold metrics during inference.
(a) Mean distance versus sampling steps for d∗ from step 200. (b)
Tangential error trajectories from step 200. (c) Zoom-in of the
tangential error in the final 200 steps.

6. Conclusions and Limitations
This work gives a data-dependent geometric perspective on
diffusion models’ generation. We show that when memo-
rization does not occur, generated samples are organized
by a time-dependent log-density ridge geometry induced by
the training data, and that reverse-time inference follows
a reach–align–slide mechanism relative to this geometry.
The analysis also clarifies how training affects generation:
normal training error controls alignment to the ridge, while
tangential training error controls spread along it.

Our analysis has several limitations. We do not study errors
induced by time discretization, which could alter both nor-
mal and tangential geometry, although prior discretization
results suggest these effects should remain limited unless
the step sizes are very large (Lee et al., 2022; De Bortoli,
2022; Chen et al., 2023b;a; Benton et al., 2024; Conforti
et al., 2023; Wang et al., 2024). In addition, our explicit
training-level decomposition is developed in the RFNN set-
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ting, which serves as a tractable nonasymptotic example
rather than a full model of modern diffusion architectures.
Extending the present framework to discretized samplers
and richer learning models would be natural next steps.

Impact Statement
This paper presents work whose goal is to advance the field
of machine learning. There are many potential societal
consequences of our work, none of which we feel must be
specifically highlighted here.
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A. Related Work
This appendix expands the brief discussion in the introduction and clarifies how our notion of generalization and our
ridge-based analysis relate to several nearby directions in the diffusion-model literature. Our goal is not to survey the entire
area, but to explain more precisely which question our paper addresses and how it connects to existing viewpoints.

Population-level generalization versus our data-dependent question. A substantial line of work (e.g. Wang et al.,
2024; Bertrand et al., 2025; Ye et al., 2025; Bonnaire et al., 2025) studies diffusion-model generalization by comparing
the generated distribution to an unknown population distribution and deriving bounds in global discrepancy metrics. This
perspective is natural when the goal is population-level recovery or distributional approximation. Our paper addresses a
different question. We take the finite training dataset itself as the primary reference object and ask where generated samples
go relative to the geometry induced by that dataset. In this sense, our focus is not primarily on global closeness to an
unknown population law, but on the geometric organization of non-memorizing generations relative to the observed data.
This viewpoint is especially useful when the phenomenon of interest is structured intermediate generation between training
samples, since the relevant issue is not only how different two distributions are, but also how generated samples are spatially
arranged.

Target-side stochasticity and finite-data target structure. One line of work (e.g., Vastola, 2025; Bertrand et al., 2025)
asks whether generalization can already arise from the stochasticity or structure of the finite-data training target itself. From
this viewpoint, the learned diffusion model may generate non-memorizing samples not only because of imperfections in
training or inference, but also because the empirical target differs from a population-level object in a structured way. Our
framework is related to this direction in that it also adopts a fully finite-data viewpoint. However, our emphasis is different:
rather than analyzing the stochastic gap between empirical and population targets, we take the empirical dataset as given and
study how reverse-time inference organizes samples relative to the geometry induced by that dataset.

Training-induced bias. A closely related direction studies the inductive bias created during training, for example through
model class, feature learning, optimization dynamics, or finite training time (e.g., Kamb & Ganguli, 2024; Shah et al.,
2025; Wu et al., 2025; Bonnaire et al., 2025). This literature explains how the learned score or posterior mean differs from
the ideal one and how such differences depend on architecture and optimization. Our contribution is complementary in
two ways. First, rather than stopping at aggregate training or test error, we identify directional components of training
error relative to a data-dependent geometric object. Second, in the RFNN setting, building on random-feature analyses of
diffusion training (George et al., 2025; Bonnaire et al., 2025), we show how limited expressivity due to finite width and
incomplete optimization translate into different geometric effects during inference: normal components of error control
alignment to the ridge, while tangential components control spreading along it. In this sense, our framework explains not
only what bias training creates, but also how that bias appears geometrically during sampling.

Inference-time bias accumulation: metric and geometric viewpoints. Another broad perspective studies how errors
accumulate through inference. One version of this literature (e.g., Lee et al., 2022; Chen et al., 2023a; Benton et al., 2024;
Wang et al., 2024) characterizes the gap between exact and learned reverse processes through divergence-type quantities
such as KL or TV. Such results are useful for quantifying distributional discrepancy, but by themselves they say relatively
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little about the geometry of generated samples or how those samples are organized relative to the training data beyond a
global metric.

A second version (Chen, 2025; Baptista et al., 2025; Farghly et al., 2025; Li et al., 2025) takes a more geometric viewpoint,
often under manifold-type assumptions on the data distribution. Our work is closest in spirit to this line, but differs in several
important respects. First, we make the relevant data structure explicit by constructing a time-indexed family of log-density
ridge sets directly from the smoothed empirical distribution, rather than assuming an underlying manifold a priori. This
differs from Farghly et al. (2025), which motivates log-density smoothing as a useful analytical lens but does not study
simulated inference trajectories or provide a data-dependent ridge-manifold description. It is also complementary to Baptista
et al. (2025), which analyzes memorization through the reverse dynamics induced by the empirical-loss minimizer using
Voronoi geometry, whereas our focus is the complementary non-memorizing regime, where we identify a time-dependent
ridge geometry from the smoothed empirical distribution and analyze how inference evolves relative to it. Second, we
analyze how inference trajectories evolve relative to this geometry through a reach–align–slide mechanism. This goes
beyond concentration near a low-dimensional set by capturing part of the tangential organization of generation relative
to nearby data, while remaining intentionally partial: the analysis predicts tangential motion toward nearby data-induced
centers rather than fully characterizing the generated configuration inside the tangent space. Third, our setting complements
Li et al. (2025), which studies the transition between sampling uniformly from a low-dimensional manifold and sampling
a target distribution supported on that manifold. In contrast, we study full denoising diffusion, where the noise level is
time-dependent and vanishes as sampling approaches the data, and we explicitly quantify how the learned score or posterior
mean estimator drives inference around the geometric object governing generation. Finally, compared with analytical
explanations of interpolation bias in stylized settings or under imposed error ansatz (e.g., Chen, 2025), our conclusions are
derived under verifiable regularity conditions and connect the resulting geometric bias explicitly to both the dataset and the
training parameters.

How our framework combines these perspectives. Viewed together, our framework combines several of the above
viewpoints in a single data-driven analysis. We work directly with the empirical data distribution, avoiding any need
to assume an underlying smooth population distribution or a fixed manifold known in advance. We then construct a
time-dependent ridge family adapted to the diffusion noise level and prove that reverse-time inference evolves relative to this
family through a reach–align–slide mechanism. Finally, in the RFNN+GD setting, we decompose the relevant directional
training errors into architecture-driven and optimization-driven terms, making explicit how model class, training procedure,
and inference geometry interact. Throughout, the analysis is nonasymptotic: the dataset is finite, and in the RFNN example
the data dimension, sample size, network width, and training time are all kept finite rather than taken to infinity.

Summary. Relative to nearby work, the main distinction of our paper is therefore not a single isolated technical improve-
ment, but a shift in viewpoint. We study non-memorizing generation in a fully data-dependent setting, identify an explicit
time-dependent geometric object from the empirical data, analyze reverse-time inference relative to that object through
reach-align-slide, and connect the resulting geometry back to directional components of training error.

B. Denoising Mean Matching Loss
In this section, we introduce the detailed derivation of the posterior mean-matching loss LMM and the denoising posterior
mean-matching loss LDMM. According to Tweedie’s formula that

∇ log pt(x) = −
x

ht
+

E[atX0|Xt = x]

ht
= − x

ht
+
m(t, x)

ht
,

to parametrize the score, it suffices to parametrize the posterior mean m. We denote the parametrization by mA. Then the
posterior mean matching loss LMM defined in (4) is equivalent to the score matching loss:

LMM =

∫ T

δ

w(t)

h2t
E
[
∥mA(t,Xt)−m(t,Xt)∥2

]
dt

=

∫ T

δ

w(t)E
[
∥−Xt +mA(t,Xt)

ht
− −Xt +m(t,Xt)

ht
∥2
]
dt

=

∫ T

δ

w(t)E
[
∥sA(t,Xt)−∇ log pt(Xt)∥2

]
dt.
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However, LMM can’t be evaluated directly using data from X0. We can apply the same denoising trick as what’s done for
score matching loss.

LMM =

∫ T

δ

w(t)

h2t
E
[
∥mA(t,Xt)−m(t,Xt)∥2

]
dt

=

∫ T

δ

w(t)

h2t
E
[
∥mA(t,Xt)− atX0 + atX0 −m(t,Xt)∥2

]
dt

=

∫ T

δ

w(t)

h2t
E
[
∥mA(t,Xt)− atX0∥2

]
dt+

∫ T

δ

w(t)

h2t
E
[
∥m(t,Xt)− atX0∥2

]
dt

−

hhhhhhhhhhhhhhhhhhhhhhhh

2

∫ T

δ

w(t)

h2t
E
[
⟨mA(t,Xt)− atX0,m(t,Xt)− atX0⟩

]
dt

= LDMM + C,

where the last term in the third identity is canceled due to the definition of m and tower property. The second term in the
third identity is a constant independent to the trained parameter A. Therefore, we can train to optimize LDMM directly. The
DMM loss evolves two expectations and one integral:

LDMM =

∫ T

δ

w(t)

h2t
EX0

Ez
[
∥ − atX0 +mA(t, atX0 +

√
htz)∥2

]
dt.

Under data assumption 3.1 that p = 1
n

∑n
i=1 δx(i)

0
, the expectation EX0

can be exactly evaluated through empirical average
over all training data, i.e.,

LDMM =
1

n

n∑
i=1

∫ T

δ

w(t)

h2t
Ez

[
∥ − atx(i)0 +mA(t, atx

(i)
0 +

√
htz)∥2

]
dt. (10)

For the convenience of analysis, we focus on analyzing the loss defined in (10), which corresponds to exact evaluations for
Ez and integral in t.

In practice, the loss in (10) is used after further numerical approximations for Ez and integral in t. The practical DMM loss
is given by

Lm,NDMM =
1

nm

n,m∑
i,j=1

N∑
k=1

tk − tk−1
h2tk

∥ − atkx
(i)
0 +mA(tk, atkx

(i)
0 +

√
htkz

(i,j))∥2

where {z(i,j)}1≤i≤n,1≤j≤m is a sequence of i.i.d. standard Gaussian vectors in Rd and δ = t0 < t1 < · · · < tN = T are
the time grids for numerical integration on [δ, T ].

C. Data-Independent Properties of the Log-density Ridge Sets
In this section, we introduce properties of the log-density ridges that are independent to our data assumptions. We summarize
them in the following Proposition.

Proposition C.1. Under Assumption 3.3, for any ρt ∈ (0, rt] and the tube neighborhood Tt(ρt) given below

Tt(ρt) := {x ∈ Rd|dist(x,Rt) ≤ ρt}, (11)

the nearest-point projection Πt : Tt(ρt)→ Rt is well-defined and we have

(1) Πt is C1 on Tt(ρt);

(2) ∀x ∈ Tt(ρt), nt(x) := x−Πt(x) is in the normal space at Πt(x), i.e, nt(x) ∈ NΠt(x)(Rt);

(3) supx∈Tt(ρt) ∥∇Πt(x)∥ ≤
1

1−ρt/rt ;

14
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(4) the motion of Πt is bounded: for any z ∈ Rt, there exists a velocity field vt ∈ Nz(Rt) s.t. supx∈Tt(ρt) ∥∂tΠt∥ ≤
Vt +

ρt
1−ρt/rtWt where

Vt = sup
z∈Rt

∥vt(z)∥, Wt = sup
z∈Rt,∥u∥=1

∥P ∥(z)(∇vt(z)u)∥2.

Proof of Proposition C.1. That Πt is well-defined on Tt(ρt) directly follows from Assumption 3.3. The C1 smoothness
of Πt in space follows from Leobacher & Steinicke (2021, Theorem 2). Property (2) follows from the optimality of the
nearest-point: z = Πt(x) minimizes ∥x− z′∥2 over z′ ∈ Rt. Therefore, differentiating z′ 7→ ∥x− z′∥2 along any tangent
direction u ∈ Tz(Rt) yields

D
(
∥x− z′∥2

)
[u]|z′=z = −2⟨x− z, u⟩ = −2⟨nt(x), u⟩ = 0.

Therefore, nt(x) ∈ Nz(Rt).

To prove (3), we first apply the explicit expression of ∇Πt(x) in Leobacher & Steinicke (2021, Theorem C):

∇Πt(x) =
(
idTΠt(x)(Rt) − ∥x−Πt(x)∥St,Πt(x),v

)−1
P ∥(Πt(x)), θ =

x−Πt(x)

∥x−Πt(x)∥
,

where St,Πt(x),θ is the shape operator in the normal direction θ. According to Lemma C.3 and the linearity of St,Πt(x),θ in
θ, we have

∥∇Πt(x)∥ ≤ ∥
(
idTΠt(x)(Rt) − ∥x−Πt(x)∥St,Πt(x),v

)−1
P ∥(Πt(x))∥

≤ ∥
(
idTΠt(x)(Rt) − St,Πt(x),∥x−Πt(x)∥v

)−1∥ ≤ 1

1− ∥x−Πt(x)∥/rt
≤ 1

1− ρt/rt
.

Last, to prove (4), we first apply Lemma C.4 to show existence of the normal velocity field vt. Then the estimation of
∥∂tΠt∥ follows from the definition of Vt and Lemma C.5.

Definition C.2 (Shape Operator). Let IIt,z be the second fundamental form ofRt at z ∈ Rt. For θ ∈ Nz(Rt), the shape
operator in the direction of θ is defined as St,z,θ : Tz(Rt)→ Tz(Rt) is then defined as

⟨St,z,θu, v⟩ = ⟨IIt,z(u, v), θ⟩, ∀u, v ∈ Tz(Rt).

Lemma C.3. Under Assumption 3.3, for any z ∈ Rt and θ ∈ Nz(Rt), we have

(1) the shape operator is bounded: ∥St,z,θ∥ ≤ ∥θ∥/rt;

(2) if ∥θ∥ ≤ ρt < rt, the operator Lt,z,θ := idTz(Rt) − St,z,θ is invertible and

∥L−1t,z,θ∥ ≤
1

1− ∥θ∥/rt
.

Proof of Lemma C.3. According to Niyogi et al. (2008, Proposition 6.1), under Assumption 3.3, ∥IIt,z∥ ≤ 1/rt for all t.
Therefore, ∥St,z,θ∥ ≤ ∥θ∥/rt and hence ∥L−1t,z,θ∥ = ∥(idTz(Rt) − St,z,θ)−1∥ ≤ 1

1−∥θ∥/rt .

Lemma C.4. Fix t ∈ [δ, T ]. Let U ⊂ Rd∗ be open and Φ̃t : U → Rd be a C1-family of C2 embeddings such that
Φ̃t(U) ⊂ Rt and Φ̃t is a local parametrization ofRt along a given C1-curve z(t) ∈ Rt. Assume that z(t) = Φ̃t(ũ(t)) for
some C1-curve ũ(t) ∈ U . Then there exists a C1-family of local diffeomorphisms ψt : U ′ → U Then there exists a family of
diffeomorphism ψt : U

′ → U such that

Φt := Φ̃t ◦ ψt : U ′ → Rt, ∂tΦt(u) ⊥ TΦt(u)(Rt), ∀(t, u) ∈ [δ, T ]× U ′.

Consequently, the velocity field vt(z) := ∂tΦt(u) for z = Φt(u) is a well-defined C0 normal velocity field on Φ(U ′), i.e.,
vt(z) ∈ Nz(Rt). Moreover, vt is intrinsic in the sense that it equals to the normal component of ∂tΦ̃t: vt(Φt(u)) =
PNΦt(u)

(∂tΦ̃t(ψt(u))), and is therefore independent of the tangent reparametrization of the chart.
2For any z ∈ Rt, we use P ∥(z) (or P⊥(z)) to represent the orthogonal projection from Rd to Tz(Rt) (or Nz(Rt)).

15



Diffusion Model’s Generalization Can Be Characterized by Inductive Biases toward a Data-Dependent Ridge Manifold

Proof of Lemma C.4. Define ṽt(u) := ∂tΦ̃t(u). Since Φ̃t is an embedding, ∇Φ̃t(u) : Rd∗ → TΦ̃t(u)
(Rt) is a linear

isomorphism for each (t, u). Let P ∥(Φ̃t(u)) denote orthogonal projection onto TΦ̃t(u)
(Rt). Define a time-dependent vector

field at on U by

∇Φ̃t(u)at(u) = −P ∥(Φ̃t(u))ṽt(u) ∈ TΦ̃t(u)
(Rt). (12)

Since ∇Φ̃t(u) is invertible on TΦ̃t(u)
(Rt), at(u) in (12) is uniquely defined. Furthermore, under our assumptions,

(t, u) 7→ ∇Φ̃t(u) and (t, u) 7→ P ∥(Φ̃t(u))ṽt(u) are continuous in t and smooth in u, hence (t, u) 7→ at(u) is also
continuous in t and smooth in u.

Pick an open set U ′ ⊂ U that contains ũ(t) for all t ∈ [δ, T ]. Consider the ODE

∂tψt(u) = at(ψt(u)), ψδ(u) = u ∈ U ′. (13)

Due to the regularity of at(·), there exists a unique solution ψt for all t ∈ [δ, T ] and ψt is a diffeomorphism for each t.

Now apply chain rule and we get

∂tΦt(u) = ∂t(Φ̃t ◦ ψt)(u) = ṽt(ψt(u)) +∇Φ̃t(ψt(u))∂tψt(u)
= ṽt(ψt(u)) +∇Φ̃t(ψt(u))at(ψt(u)) = ṽt(ψt(u))− P ∥(Φ̃t(ψt(u)))ṽt(ψt(u))
= P⊥(Φ̃t(ψt(u)))ṽt(ψt(u)),

where the second last identity follows from (12) and P⊥(Φ̃t(ψt(u))) = I − P ∥(Φ̃t(ψt(u))) is the normal projection.
Therefore, ∂Φt(u) ⊥ TΦ̃t(ψt(u))

(Rt). Last, vt(z) := ∂Φt(u) ∈ NΦ̃t(ψt(u))
(Rt) with z = Φt(u) is well-defined on Φt(U

′)

and we can check that vt(Φt(u)) is exactly the normal component of ∂tΦ̃t(ψt(u)), hence independent to the tangent
reparametrization.

Lemma C.5. For t ∈ [δ, T ], let x ∈ Tt(ρt) and z(t) := Πt(x). Under conditions in Lemma C.4 and Assumption 3.3, there
exists a reparametrization chart Φt in normal gauge and a C1 curve u(t) ∈ U ⊂ Rd∗ such that z(t) = Φt(u(t)) and

∂tΠt(x) = vt(z(t)) + τt, vt(z(t)) ∈ Nz(t)(Rt) and τt := ∇uΦt(u(t))∂tu(t) ∈ Tz(t)(Rt).

Furthermore, ∥τt∥ ≤ ρt
1−ρt/rtWt.

Proof of Lemma C.5. The existence of Φt follows from Lemma C.4. Next, differentiate z(t) = Φt(u(t)) and we get

∂tz(t) = ∂tΦt(u(t)) +∇uΦt(u(t))∂tu(t) = vt(z) + τt.

To prove the bound for ∥τt∥, we consider the local tangent frame {Ei(t)}d
∗

i=1 along z(t) induced by the chart u 7→ Φt(u).
Since nt(x) = x− z(t) ⊥ Tz(t)(Rt), we have ⟨nt(x), Ei(t)⟩ = 0 for all 1 ≤ i ≤ d∗. Differentiate wrt t on both sides and
we get

0 = −⟨∂tz(t), Ei(t)⟩+ ⟨nt(x), ∂tEi(t)⟩.

Decompose ∂tz(t) = vt(z(t)) + τt and use the fact that vt(z(t)) ⊥ Tz(t)(Rt), and we get

⟨τt, Ei(t)⟩ = ⟨nt(x), ∂tEi(t)⟩. (14)

Using the local frame we can compute ∂tEi(t) as follows. Since Ei(t) = ∂ui
Φt(u(t)), we have

∂tEi(t) = ∂ui
∂tΦt(u(t)) +

d∗∑
j=1

∂2uiuj
Φt(u(t))∂ju(t)

= ∂ui
(vt ◦ Φt)(u(t)) +

d∗∑
j=1

P⊥(z)(∂2uiuj
Φt(u(t)))∂tuj(t) +

d∗∑
j=1

P ∥(z)(∂2uiuj
Φt(u(t)))∂tuj(t)

= ∇vt(z)Ei(t) +
d∗∑
j=1

IIt,z(Ei(t), Ej(t))∂tuj(t) +
d∗∑
j=1

P ∥(z)(∂2uiuj
Φt(u(t)))∂tuj(t).
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Since nt(x) ∈ Nz(t)(Rt), we have

⟨nt(x), ∂tEi(t)⟩ = ⟨nt(x),∇vt(z(t))Ei(t)⟩+ ⟨nt(x), IIt,z(Ei(t),
∑
j

∂tuj(t)Ej(t))⟩

= ⟨nt(x),∇vt(z(t))Ei(t)⟩+ ⟨St,z,nt(x)τt, Ei(t)⟩,

where the last identity follows from the definition of shape operator and τt =
∑
j ∂tuj(t)Ej(t). Plug the above equation

into (14) and we get that restricted to the tangent space Tz(t)(Rt),

(I − St,z,nt(x))τt = P ∥(z(t))(∇vt(z(t)))⊺nt(x).

Therefore, according to Lemma C.3, the definition of Wt and the fact that x ∈ Tt(ρt),

∥τt∥ ≤ ∥L−1t,z,nt(x)
∥∥∇vt(z(t))∥∥nt(x)∥ ≤

ρt
1− ρt/rt

Wt.

D. Data dependent Ridge Motion Estimations
In this section, we provided some data-dependent estimations for quantities related to dynamical properties of the log-density
ridges.

Proposition D.1. Under Assumption 3.1, the log-density ridge sets satisfy Assumption 3.3. Furthermore, when t→ δ+ ≪ 1,
we have the following order estimations:

rt = Ω(βth
3
t θ
−1
t R−3), Vt = O(β−1t h−1t R), Wt = O(β−1t h−1t Rr−1t ),

where θt is arbitrarily with order θt = exp(−o(h−1t )).

Remark D.2 (Order estimation of ridge motion). Combining Propositions C.1 and D.1, picking ρt = Θ(rt) and βt =
Θ(1/ht), we proved Proposition 3.4-(3): supx∈Tt(ρt) ∥∂tΠt(x)∥ = O (R).

To study the relation between the data Assumption 3.1 and properties of the data-dependent manifold Rt. The key is to
estimate the derivatives of the score∇ log pT−t(·) in different regions dominated by centers {m(i)

T−t := aT−tx
(i)
0 }ni=1. For

each i ∈ [n] and |θs| < 1 for any ζ > 0 when s→ 0+, define the center-i dominate region

B(i)T−t(θT−t) := {x ∈ Rd | Softmax(−∥x− aT−tx0∥
2

2hT−t
)i ≥ 1− θT−t}. (15)

Next, we introduce a sufficient condition for x ∈ B(i)
T−t(θT−t).

Lemma D.3. For any x ∈ Rd and θT−t ∈ (0, 12 ), if

∥x−m(j)
T−t∥

2 − ∥x−m(i)
T−t∥

2 ≥ 2hT−t log
( (1− θT−t)(n− 1)

θT−t

)
, ∀j ̸= i, (16)

then x ∈ B(i)T−t(θT−t).

Remark D.4. As t → T−, if hT−t = o(1) and θT−t = exp(−o(h−1T−t)), then RHS of (16) is of order o(1). Therefore,

Yt (or Ỹt) satisfies the (16) with probability 1 as t → T−. As a consequence of Lemma D.3, Yt ∈ B(i)T−t(θT−t) (or

Ỹt ∈ B(i)T−t(θT−t)) with probability 1 as t→ T−.

Proof of Lemma D.3. Under (16), we have that for all j ̸= i,

Softmax(−∥x−mT−t∥2
2hT−t

)j

Softmax(−∥x−mT−t∥2
2hT−t

)i
= exp

(
−
∥x−m(j)

T−t∥2 − ∥x−m
(i)
T−t∥2

2hT−t

)
≤ θT−t

(1− θT−t)(n− 1)
.
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Therefore,

1− Softmax(−∥x−mT−t∥2

2hT−t
)i

=
∑
j ̸=i

Softmax(−∥x−mT−t∥2

2hT−t
)j ≤

θT−t
(1− θT−t)

Softmax(−∥x−mT−t∥2

2hT−t
)i.

The statement follows from the definition of B(i)T−t(ηT−t).

Now we provide estimates of derivatives of the score on the center-dominate regions.

Lemma D.5. For any t ∈ [δ, T ], we have

sup
x∈∪n

i=1B
(i)
t (θt)

∥∇m(t, x)∥ ≤ 20a2t θtR
2

ht
, sup

x∈∪n
i=1B

(i)
t (θt)

∥∇3 log pt(x)∥ ≤
80a3t θtR

3

h3t
,

where B(i)t (θt) is defined in (15) with any θt = exp(−o(h−1t )).

Remark D.6 (Choice of βt). Lemma D.5 also validates the choice of ridge threshold βt = Θ(1/ht) when t→ 0+. According
to Lemma D.7,∇2 log pt(x) = − 1

ht
Id +

1
h2
t
Σ(t, x). According to estimations in Lemma D.5, each eigenvalue λj(t, x) of

∇2 log pt(x) satisfies

λj(t, x) ≤ −
1

ht
+

20a2t θtR
2

h2t
≤ − c

ht
,

1

2
< c < 1,

under some choice of θt = exp(−o(h−1t )). Therefore, as t→ 0+, the choice of βt = c/ht makes the second condition in
the log-density ridge definition automatically satisfied.

Proof of Lemma D.5. According to Lemma D.7, for all x ∈ B(i)
t (θt)

∥∇m(t, x)∥ = 1

ht
∥Σ(t, x)∥ ≤ 1

ht

n∑
j=1

Softmax(−∥x− atx0∥
2

2ht
)j∥atx(j)0 −m(t, x)∥2.

Notice that for j = i,

∥atx(i)0 −m(t, x)∥ = ∥atx(i)0 −
n∑

j′=1

Softmax(−∥x− atx0∥
2

2ht
)j′atx

(j′)
0 ∥

≤
∑
j′ ̸=i

Softmax(−∥x− atx0∥
2

2ht
)j′∥atx(j

′)
0 − atx(i)0 ∥ ≤ 2atθtR.

For j ̸= i, we have

∥atx(j)0 −m(t, x)∥ ≤ ∥atx(i)0 −m(t, x)∥+ ∥atx(i)0 − atx
(j)
0 ∥ ≤ 2at(θt + 1)R ≤ 4atR.

Combining the above estimations and we get

∥∇m(t, x)∥

≤ 1

ht
Softmax(−∥x− atx0∥

2

2ht
)i(2atθtR)

2 +
1

ht
(
∑
j ̸=i

Softmax(−∥x− atx0∥
2

2ht
)j)(4atR)

2

≤ 20a2t θtR
2

ht
.
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Following the same approach, we can bound ∥∇3 log pt(x)∥ for x ∈ B(i)t (θt):

∥∇3 log pt(x)∥

≤ 1

h3t

n∑
j=1

Softmax(−∥x− atx0∥
2

2ht
)j∥atx(j)0 −m(t, x)∥3

≤ 1

h3t
(Softmax(−∥x− atx0∥

2

2ht
)i)(2atθtR)

3 +
1

h3t
(
∑
j ̸=i

Softmax(−∥x− atx0∥
2

2ht
)j)(4atR)

3

≤ 80a3t θtR
3

h3t
.

Now we introduce the proof of Proposition D.1.

Proof of Proposition D.1. According to Lemma D.8, we have

sup
z∈Rt

∥IIt,z∥ ≤
1

βt
sup
z∈Rt

∥∇3 log pt(z)∥.

Since reach is at least the reciprocal of maximal curvature, we derive that

rt ≳ βt( sup
z∈Rt

∥∇3 log pt(z)∥)−1.

As t→ 0+, according to Lemma D.3 and definition of B(i)t (θt), x ∈ ∪ni=1B
(i)
t (θt) with probability 1 and ∪ni=1B

(i)
t (θt))→

Rd. Therefore, as t→ 0+, we have

rt ≳ βt( sup
z∈Rt

∥∇3 log pt(z)∥)−1 ≳ βt( sup

x∈∪n
i=1B

(i)
t (θt)

∥∇3 log pt(x)∥)−1 = Ω(
βth

3
t

θtR3
),

for any θt = exp(−o(h−1t )) and the last estimation follows from Lemma D.5.

To bound Vt, recall that Vt = supz∈Rt
∥vt(z)∥ with vt(z) being the velocity field induced by the normal gauge in Lemma

C.4.

According to Lemma D.9,

vt(z) = −(Et(z)∇2 log pt(z)Et(z))
−1Et(z)

⊺∂t∇ log pt(z)

= −(Et(z)∇2 log pt(z)Et(z))
−1 1

ht
Et(z)

⊺∂tm(t, z),

where the last identity follows from Lemma D.10. Therefore,

Vt ≤ sup
z∈Rt

∥vt(z)∥

≤ 1

ht
sup
z∈Rt

∥(Et(z)∇2 log pt(z)Et(z))
−1∥∥Et(z)⊺∂tm(t, z)∥

≤ 1

βtht
sup
z∈Rt

∥Et(z)⊺∂tm(t, z)∥,

where the last inequality follows form the estimate in the proof of Lemma D.9. Hence according to Lemma D.11,
Vt = O( R

htβt
).

Last, to bound Wt, recall that Wt = supz∈Rt,∥u∥=1 ∥P ∥(z)(∇vt(z)u)∥. Notice that vt(z) ∈ Nz(Rt). Hence
P⊥(z)vt(z) = vt(z). Differentiate both sides of the equation at z along direction u, we have

(∇uP⊥(z))vt(z) + P⊥(z)∇uvt(z) = ∇uvt(z)
=⇒ (∇uP⊥(z))vt(z) = (I − P⊥(z))∇uvt(z) = P ∥(z)∇uvt(z).
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Therefore, we immediately obtain

Wt ≤
(

sup
z∈Rt,∥u∥=1

∥∇uP⊥(z)∥
)
Vt

Next, we bound ∥∇uP ∥(z)∥. Notice that P ∥(z) + P⊥(z) = Id, hence ∥∇uP ∥(z)∥ = ∥∇uP⊥(z)∥. Now we start from
P⊥(z)2 = P⊥(z), taking the directional derivative on both side, left multiplying P ∥(z) and right multiplying P ∥(z),

P ∥(z)(∇uP ∥(z))P ∥(z) + P ∥(z)(∇uP ∥(z))P ∥(z) = P ∥(z)∇uP ∥(z)P ∥(z),

Hence P ∥(z)∇uP ∥(z)P ∥(z) = 0. Similarly, we start from P⊥(z)2 = P⊥(z), taking the directional derivative on both
side, left multiplying P⊥(z) and right multiplying P⊥(z), and get

P⊥(z)(∇uP ∥(z))P ∥(z)P⊥(z) + P⊥(z)P ∥(z)(∇uP ∥(z))P⊥(z) = P⊥(z)(∇uP ∥(z))P⊥(z).

Since P ∥(z)P⊥(z) = P⊥(z)P ∥(z), we can express ∇uP ∥(z) on Tz(Rt)⊕Nz(Rt) as

∇uP ∥(z) =
(
0 B⊺

B 0

)
,

with B = P⊥(z)(∇uP ∥(z))P ∥(z) : Tz(Rt)→ Nz(Rt). Therefore,

∥∇uP⊥(z)∥ = ∥∇uP ∥(z)∥ = ∥B∥ = ∥IIt,z(u, ·)∥Tz(Rt)→Nz(Rt) ≲
1

rt
.

where the last inequality follows from Aamari et al. (2019, Theorem 3.4). Therefore, we have

Wt ≲ Vt/rt.

Hence we proved Proposition D.1-(3).

Lemma D.7 (Explicit formulas). Under Assumption 3.1, we have that for all t ∈ [δ, T ],

∇ log pt(x) = −
x

ht
+
m(t, x)

ht
, ∇2 log pt(x) = −

Id
ht

+
Σ(t, x)

h2t
,

∇3 log pt(x) =
E[(U(t, x)−m(t, x))⊗3]

h3t
,

where U(t, x) ∈ Rd is a random vector taking values {atx(i)0 }ni=1 with probabilities {Softmax(−∥x−atx0∥2
2ht

)i}ni=1 and

m(t, x) = E[U(t, x)], Σ(t, x) = Cov(U(t, x)),

with x0 = (x
(1)
0 , x

(2)
0 , · · · , x(n)0 ). Furthermore, ∇m(t, x) = Σ(t, x)/ht.

Lemma D.8 (Second Fundamental Form Bound). For any t ∈ [δ, T ] and z ∈ Rt, we have

∥IIt,z∥ ≤
1

βt
∥∇3 log pt(z)∥.

Proof of Lemma D.8. For any z ∈ Rt, we consider T ∈ Rd×d∗ and N ∈ Rd×(d−d∗) to be the orthonormal basis spanning
the spaces Tz(Rt) and Nz(Rt) respectively. We use coordinates (u, v) ∈ Rd∗ × Rd−d∗ via x(u, v) = z + Tu+Nv. We
can define the function

F (u, v) := N⊺∇ log pt(x(u, v)) ∈ Rd−d
∗
.

Since z ∈ Rt, the definition of ridge setRt includes the normal component of the score∇ log pt(x) is zero, i.e., F (0, 0) = 0.
The partial derivatives along the normal direction is

∂vF (u, v) = N⊺∇2 log pt(x(u, v))N, ∂vF (0, 0) = N⊺∇2 log pt(z)N.
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Since ∇2 log pt is invertible, we have

∥(∂vF (0, 0))−1∥ = ∥(N⊺∇2 log pt(z)N)−1∥ ≤ 1

βt
,

where the inequality follows from the second condition in the definition of Rt. Therefore, apply the implicit function
theorem and we get: there exists a neighborhood 0 ∈ U ⊂ Rd∗ and a C2 map ϕ : U → Rd−d∗ with ϕ(0) = 0 such that the
local solution set to F (u, v) = 0 is the set {(u, v) | v = ϕ(u)}. Therefore, a local parametrization of the manifold is

γ(u) = z + Tu+Nϕ(u).

And differentiating F (u, ϕ(u)) = 0 at u = 0 implies∇ϕ(0) = 0. Now differentiate F (u, ϕ(u)) = 0 twice and evaluate at
u = 0 and use the fact that ∇ϕ(0) = 0, we get

∂uuF (0, 0) + ∂vF (0, 0)∇2ϕ(0) = 0.

Since F (u, v) = N⊺∇ log pt(x(u, v)), we have that for all ξ ∈ Rd∗ ,

∂uuF (0, 0)[ξ, ξ] = N⊺(∇3 log pt(z))[Tξ, Tξ] =⇒ ∥∂uuF (0, 0)∥ ≤ ∥∇3 log pt(z)∥.

Therefore, we have

∥∇2ϕ(0)∥ = ∥ − (∂vF (0, 0))
−1∂uuF (0, 0)∥ ≤ ∥ − (∂vF (0, 0))

−1∥∥∂uuF (0, 0)∥ ≤
1

βt
∥∇3 log pt(z)∥.

Last, along the local parametrization γ(u) = z + Tu+Nϕ(u), we have

∂2ijγ(0) = N∂2ijϕ(0).

Therefore, apply the definition of II and we get

IIt,z(∇γ(0)ξ,∇γ(0)θ) = P⊥(z)∇2γ(0)[ξ, θ] = N∇2ϕ(0)[ξ, θ].

Since N is isotropic (orthonormal), we prove the Lemma.

Lemma D.9 (Normal velocity field expression). For all fixed t ∈ [δ, T ] and z ∈ Rt, let Et ∈ Rd×(d−d∗) be the normal
eigen-matrix in the definition ofRt. The normal velocity field in Lemma C.4 can be expressed as

vt(z) = −(Et(z)∇2 log pt(z)Et(z))
−1Et(z)∂t∇ log pt(z) ∈ Nz(Rt). (17)

Proof of Lemma D.9. Fix t0 ∈ (δ, T ) and z0 ∈ Rt0 , consider the normal gauge parametrization near (t0, z0). we define
F (t, x) := Et0(z0)

⊺∇ log pt(x) ∈ Rd−d∗ with Et0 being the orthonormal basis of Nz0(Rt0). Since z0 ∈ Rt0 , we have
F (t0, z0) = 0. Taking partial derivatives of F and evaluating at (t0, z0), we get

∂tF (t0, z0) = Et0(z0)
⊺∂t∇ log pt(z0)|t=t0 ,

∇F (t0, z0) = Et0(z0)
⊺∇2 log pt0(z0).

Pick a normal gauge curve t 7→ z(t) ∈ Rt with z(t0) = z0 and ∂tz(t)|t=t0 ∈ Nz0(Rt0). We have F (z, z(t)) = 0. Taking
derivative wrt. t to both sides of the equation, we get

0 = ∂tF (t0, z0) +∇F (t0, z0)∂tz
= Et0(z0)

⊺∂t∇ log pt(z0)|t=t0 + Et0(z0)
⊺∇2 log pt0(z0)∂tz(t)|t=t0

= Et0(z0)
⊺∂t∇ log pt(z0)|t=t0 + Et0(z0)

⊺∇2 log pt0(z0)Et0(z0)θ0,

In the last identity, due to the fact that ∂tz(t)|t=t0 ∈ Nz0(Rt0), we write ∂tz(t)|t=t0 = Et0(z0)θ0 for some θ0 ∈ Rd−d∗ .
According to the definition ofRt0 , all eigenvalues of Et0(z0)

⊺∇2 log pt0(z0)Et0(z0) ∈ R(d−d∗)×(d−d∗) are less than −βt0 .
Therefore, Et0(z0)

⊺∇2 log pt0(z0)Et0(z0) is invertible and

∥(Et0(z0)⊺∇2 log pt0(z0)Et0(z0))
−1∥ ≤ 1/βt0 .
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Hence the normal velocity field vt0(z0) is unique and

vt0(z0) = Et0(z0)θ0

= Et0(z0)(Et0(z0)
⊺∇2 log pt0(z0)Et0(z0))

−1Et0(z0)
⊺∂t∇ log pt(z0)|t=t0

= (Et0(z0)
⊺∇2 log pt0(z0)Et0(z0))

−1Et0(z0)
⊺∂t∇ log pt(z0)|t=t0 .

Therefore, the Lemma is proved by varying t0 and z0.

Lemma D.10 (Expression of ridge motion). Let Et ∈ Rd×(d−d∗) be the normal eigen-matrix in the definition ofRt, i.e.,
Rt = {x ∈ Rd | Et(x)∇ log pt(x) = 0, , λd∗+1 ≤ −βt}. Then we have

Et(z)
⊺∂t∇ log pt(z) =

1

ht
Et(z)

⊺∂tm(t, z).

Proof of Lemma D.10. According to Tweedie’s formula, we have

Et(x)∇ log pt(x) =
1

ht
Et(x)(m(t, x)− x),

=⇒ Et(x)∂t∇ log pt(x) =
1

ht
Et(x)∂tm(t, x)− ∂tht

h2t
Et(x)(m(t, x)− x). (18)

For x = z ∈ Rt, we have

Et(x)∇ log pt(x) =
1

ht
Et(x)(m(t, x)− x) = 0.

Therefore, the last term in (18) cancels. The Lemma is proved.

Lemma D.11. For any z ∈ Rt, let Et(z) be the eigen-matrix in Definition 3.2. We have

∥Et(z)⊺∂tm(t, z)∥ ≲ (1 + ḣt)atR.

Proof of Lemma D.11. By Lemma D.7,

∂tm(t, z)

= ∂t(ht∇ log pt(z) + htz)

= ḣt∇ log pt(z) + ht∇(
∂tpt(z)

pt(z)
) + ḣtz

= ḣt∇ log pt(z) + ht∇(
z · ∇pt(z) + ∆pt(z) + dpt(z)

pt(z)
) + ḣtz

= ḣt∇ log pt(z) + ht∇2 log pt(z)z + dht∇ log pt(z) + ht∇(
∆pt(z)

pt(z)
) + ḣtz

= (ḣt + dht)∇ log pt(z) + ht∇2 log pt(z)z + ḣtz

+ ht(cont23∇3 log pt(z) + 2∇2 log pt(z)∇ log pt(z)).

Since Et(z)⊺∇ log pt(x) = 0 and Et(z)⊺∇2 log pt(z)∇ log pt(z) = 0 for all z ∈ Rt, we have

Et(z)
⊺∂tm(t, z) = htEt(z)

⊺∇2 log pt(z)z + ḣtEt(z)
⊺z + htEt(z)

⊺cont23∇3 log pt(z).

Next we bound the three terms on the RHS. First, according to Lemma D.7 and the fact that Et(z)⊺∇ log pt(z) = 0,

∥Et(z)⊺z∥ = ∥Et(z)⊺m(t, z)∥ ≤ ∥m(t, z)∥ ≤ atR.

Next, according to Lemma D.7, ∇2 log pt = − 1
ht
Id +

Σ(t,z)
h2
t

with Σ(t, z) ⪰ 0. Therefore, all negative eigenvalues of

∇2 log pt are at least − 1
ht

. On the other hand, Et(z)⊺ only preserve eigenvalues that are smaller than −βt. Therefore,
∇2 log pt(z) only contributes eigenvalues that are smaller than −βt, hence negative, in Et(z)⊺∇2 log pt(z)z. We have

∥Et(z)⊺∇2 log pt(z)z∥ ≤
1

ht
∥Et(z)⊺z∥ ≤

atR

ht
.
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Regarding the last term, according to Lemma D.5,

∥Et(z)⊺cont23∇3 log pt(z)∥ = ∥Et(z)⊺(∇3 log pt(z) : I)∥ ≤
√
d∥∇3 log pt(z)∥ = O(

√
dθtR

3

h3t
).

Since θt can be arbitrarily chosen with order exp(−o(h−1t )), the last term is negligible in the final order estimation. Hence
we proved Lemma D.11.

E. Analysis of Stage 1
In this section, we analyze the first stage: the reverse-time inference process enters the tube neighborhood of the log-density
ridge with high probability. The formal version of Theorem 3.5 is derived from considering exactly the reverse OU process
as the reference process:

dX←t =
(
(1− 2

hT−t
)X←t +

2

hT−t
m(T − t,X←t )

)
dt+

√
2dB←t , X←0 ∼ pT ,

and X←t ∼ pT−t for all 0 ≤ t ≤ Tδ . We define the entering time of X←t :

t←in := inf{0 ≤ t ≤ T − δ|X←t ∈ TT−t(ρT−t)}.

And we also analyze the reverse-time inference dynamics Yt with

tin := inf{0 ≤ t ≤ T − δ | Yt ∈ TT−t(ρT−t)}.

Then the formal Theorem that describing our stage 1 states as follows:

Theorem E.1. Under Assumption 3.1, we have

(1) P(t←in ≤ T − δ) ≥ 1− eδ;

(2) P(tin ≤ T − δ) ≥ 1− eδ − ε(T );

(3) P(t̃in ≤ T − δ) ≥ 1− eδ − ε(T )−
√
εA(T, δ)/8,

where eδ = hζδ for any ζ > 0 and eδ → 0 at any polynomial order as δ → 0+. ε(T ) = aT
2 (

√
d√
hT

+R)→ 0 exponentially
fast as T →∞.

Proof of Theorem E.1. First, for the exact reverse OU process, we have

P(X←T−δ ∈ Tδ(ρδ)) = P(Xδ ∈ Tδ(ρδ)) = P(dist(Xδ,Rδ) ≤ ρδ) ≥ P(dist(aδX0,Rδ) +
√
hδ∥z∥ ≤ ρδ).

We will first show dist(aδX0,Rδ) is very small when δ ≪ 1, and then apply the concentration of d-dimensional Gaussian
to bound the probability.

According to Lemma E.2, if δ is small enough such that h−1δ > 2
a2δ∆

2 ln(
4a2δR

2(n−1)
ρδ

), then

dist(aδX0,Rδ) ≤ ∥zi − aδx(i)0 ∥ ≤ ρδ/2.

Then we have

P(X←T−δ ∈ Tδ(ρδ)) ≥ P(
√
hδ∥z∥ ≤ ρδ) = P(∥z∥2 ≤ ρ2δ/hδ)

According to the order estimation of rt in Proposition D.1, we can pick δ small such that ρ2δ/hδ ≤ d+ 2
√
dζ log(1/hδ) +

2ζ log(1/hδ) for any ζ > 0. Then according to the LMI inequality (Moshksar, 2024), we have

P(X←T−δ ∈ Tδ(ρδ)) ≥ P(∥z∥2 ≤ d+ 2
√
dζ log(1/hδ) + 2ζ log(1/hδ)) ≥ 1− hζδ .
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Next, for the reverse-time inference process Yt. Notice that Yt and X←t have the same generator but with different
initializations: Y0 ∼ N (0, Id) while X←0 ∼ pT . Therefore, we have

|P(YT−δ ∈ Tδ(ρδ))− P(X←T−δ ∈ Tδ(ρδ))| ≤ TV(Law(YT−δ), pδ) ≤ TV(N (0, Id), pT )

≤
√

KL(pT |N (0, Id))

2
≤ aT

2
(

√
d√
hT

+R),

where the second inequality follows from data processing inequality. The third inequality follows from Pinsker’s inequality.
The last inequality follows from property of OU process, see He et al. (2024, Proposition C.1). Therefore, we proved

P(YT−δ ∈ Tδ(ρδ)) ≥ P(X←T−δ ∈ Tδ(ρδ))−
aT
2
(

√
d√
hT

+R) ≥ 1− hζδ −
aT
2
(

√
d√
hT

+R).

Last, for the inference process Ỹt, except for initialization error, there are extra trajectory error from X←t due to the
approximate posterior mean mA. We have

|P(ỸT−δ ∈ Tδ(ρδ))− P(X←T−δ ∈ Tδ(ρδ))| ≤ TV(Law(ỸT−δ), pδ) ≤

√
KL(P←|P̃)

2
,

where P← is the path measure of X←t and P̃ is the path measure of Ỹt. Then we can apply the traditional analysis of the
inference process via Girsanov’s Theorem. We get

|P(ỸT−δ ∈ Tδ(ρδ))− P(X←T−δ ∈ Tδ(ρδ))|

≤

√
KL(pT |N (0, Id))

2
+

1

8

∫ T

δ

h−2t E[∥m(t,Xt)−mA(t,Xt)∥2]dt

≤ aT
2
(

√
d√
hT

+R) +

√
1

8

∫ T

δ

h−2t E[∥m(t,Xt)−mA(t,Xt)∥2]dt.

The statements follows from transferring the probability to the defined stopping times.

Lemma E.2. Under Assumption 3.1, when δ ≪ 1, for each i ∈ [n], there exists a point zi ∈ Rδ such that

∥zi − aδx(i)0 ∥ ≤ 2aδR(n− 1) exp(−a
2
δ∆

2

2hδ
).

Proof of Lemma E.2. According to Lemma D.7, we know

∇ log pδ(x) = −
x

hδ
+

1

hδ

n∑
i=1

Softmax(−∥x− aδx0∥
2

2hδ
)iaδx

(i)
0

∇2 log pδ(x) = −
1

hδ
Id +

1

h2δ

n∑
i=1

Softmax(−∥x− aδx0∥
2

2hδ
)i(aδx

(i)
0 −m(δ, x))(aδx

(i)
0 −m(δ, x))⊺.

Next, we find critical points of ∇ log pδ(x) and show that they are on the log-density ridgeRδ .

According to the expression of ∇ log pδ(x), the critical points are fixed points of

x =

n∑
i=1

Softmax(−∥x− aδx0∥
2

2hδ
)iaδx

(i)
0 = m(δ, x).

We claim: for each i ∈ [n], within B(aδx
(i)
0 , aδ∆/4), there exists a unique fixed point, denoted as zi. We prove the claim

by the contraction mapping theorem. First, B(aδx
(i)
0 , aδ∆/4) ⊂ Rd is a closed ball. Second, for all x ∈ B(aδx

(i)
0 , aδ∆/4),
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for all j ̸= i, we have

Softmax(−∥x−aδx0∥
2hδ

)j

Softmax(−∥x−aδx0∥
2hδ

)i
= exp(−∥x− aδx

(j)
0 ∥

2hδ
+
∥x− aδx(i)0 ∥

2hδ
) ≤ exp(−a

2
δ∆

2

2hδ
),

=⇒
∑
j ̸=i

Softmax(−∥x− aδx0∥
2hδ

)j ≤ (n− 1) exp(−a
2
δ∆

2

2hδ
).

Hence, we can show m(δ, ·) : B(aδx
(i)
0 , aδ∆/4)→ B(aδx

(i)
0 , aδ∆/4), i.e., for all x ∈ B(aδx

(i)
0 , aδ∆/4),

∥m(δ, x)− aδx(i)0 ∥ ≤
∑
j ̸=i

Softmax(−∥x− aδx0∥
2hδ

)jaδ∥x(j)0 − x
(i)
0 ∥

≤ 2aδR(n− 1) exp(−a
2
δ∆

2

2hδ
) < aδ∆/4,

given the early stopping time is small enough such that h−1δ > 2
a2δ∆

2 ln(
8R(n−1)

∆ ). Meanwhile, for x ∈ B(aδx
(i)
0 , aδ∆/4),

similar to the proof of Lemma D.5,

∥∇m(δ, x)∥ ≤ 1

hδ

∑
j ̸=i

Softmax(−∥x− aδx0∥
2hδ

)ja
2
δ∥x

(j)
0 − x

(i)
0 ∥2

≤ a2δR
2(n− 1)

hδ
exp(−a

2
δ∆

2

2hδ
) < 1,

given the early stopping time is small enough such that h−1δ > 2
a2δ∆

2 ln(
a2δR

2(n−1)
hδ

). Therefore, according to the contraction

mapping theorem, there exists a unique fixed point zi ∈ B(aδx
(i)
0 , aδ∆/4). At each zi, according to Lemma D.7, we have

∇2 log pδ(zi) = −
1

hδ
Id +

Cov(U(δ, x))

h2δ

⪯ − 1

hδ
Id +

1

h2δ
a2δR

2(n− 1) exp(−a
2
δ∆

2

2hδ
)Id

⪯ − 1

2hδ
Id,

given the early stopping time is small enough such that h−1δ > 2
a2δ∆

2 ln(
a2δR

2(n−1)
2hδ

). Therefore, we proved that zi ∈ Rδ
with βδ = Θ( 1

hδ
). Last, we estimate the distance from zi to aδx

(i)
0 .

∥zi − aδx(i)0 ∥ = ∥m(t, zi)− x(i)0 ∥ ≤
∑
j ̸=i

Softmax(−∥zi − aδx0∥
2hδ

)jaδ∥x(j)0 − x
(i)
0 ∥

≤ 2aδR(n− 1) exp(−a
2
δ∆

2

2hδ
).

F. Analysis of Stage 2
In this section, we analyze the stage 2 - align along normal directions. We start from stating the formal version of Theorem
3.6 which includes the dynamical property of the squared normal distance to the ridge.

Theorem F.1. Under Assumption 3.1, define κs,t = 2
∫ t
s
(βT−u − 1)du, Bs,t(d,R) =

∫ t
s
e−κu,t(ρT−uR + d)du and

e⊥A(t, x) := P⊥(Πt(x))eA(t, x) with eA = mA −m. Then for any t ∈ [t̃in, T − δ],

E[DT−t(Ỹt)] ≲ e−κt̃in,tρT−t̃in +Bt̃in,t(d,R) +

∫ t

t̃in

e−κu,t
E[∥e⊥A(T − u, Ỹu)∥2]

h2T−uβT−u
du.
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Furthermore, picking picking βt = c/ht for any c ∈ [ 12 , 1)
3, when δ ≪ 1, we have

E[Dδ(ỸT−δ)] = O(dδc + δc
∫ T−δ

t̃in

h−1−cT−u E[∥e⊥A(T − u, Ỹu)∥2]du).

We will prove Theorem F.1 and Theorem 3.6 naturally follows from it. The proof relies on a property of the square-normal
distance, which simply follows from the log-density ridge property proved in Appendix D.

Corollary F.2. As a consequence of Proposition C.1, the following properties hold for the square-distance function
Dt(x) := ∥x−Πt(x)∥2:

(1) Dt ∈ C2(Tt(ρt)) and ∇Dt(x) = 2nt(x);

(2) supx ∥∇2Dt(x)∥ ≤ 2
1−ρt/rt . As a consequence, supx∆Dt(x) ≤ 2d

1−ρt/rt .

We now prove Theorem F.1 for both Yt and Ỹt, given below

dYt = (Yt −
2

hT−t
Yt +

2

hT−t
m(T − t, Yt)︸ ︷︷ ︸

:=b(T−t,Yt)

dt+
√
2dB̄t, Y0 ∼ N (0, Id),

dỸt = (Ỹt −
2

hT−t
Ỹt +

2

hT−t
mA(T − t, Ỹt))︸ ︷︷ ︸

:=bA(T−t,Ỹt)

dt+
√
2dB̃t, Ỹ0 ∼ N (0, Id).

Note that for Yt, it is differed from exact reverse-time OU only in initialization. Therefore, we would like to highlight the
relation between reverse OU-dynamics and the log-density ridge geometry through analysis of Yt. The gap between Yt and
Ỹt lies in the approximation error of the posterior mean. Therefore, our analysis for Ỹt will highlight the effect of posterior
mean approximation error.

Proof of Theorem F.1. For any t ∈ [0, T − δ], x ∈ TT−t(ρt), recall that DT−t(x) = ∥nT−t(x)∥2 and nT−t(x) =
x−ΠT−t(x). Once the processes enter TT−t(ρt), we can track the evolution of DT−t via Itô’s formula. For the reverse
process Yt, we have

dDT−t(Yt) =
(
∂tDT−t(Yt) + 2⟨nT−t(Yt), b(T − t, Yt)⟩+ 2trace(∇2DT−t(Yt))

)
dt

+ 2
√
2⟨nT−t(Yt), dB̄t⟩,

where we have the following estimations for the drift terms:

(1) According to Corollary F.2, 2trace(∇2DT−t(Yt)) ≤ 4d
1−ρT−t/rT−t

. Picking ρt = rt/2 for all t and we get
2trace(∇2DT−t(Yt)) ≤ 8d.

(2) According to Remark D.2,

∂tDT−t(Yt) = −∂sDs(Yt)|s=T−t = 2⟨nT−t(Yt), ∂sΠs(Yt)|s=T−t⟩
≤ 2ρT−t sup

x∈TT−t(ρT−t)

∥∂sΠs(x)|s=T−t∥ := 2ρT−tST−t,

and ST−t = O(R) when T − t→ 0+.

(3) if we denote z = zT−t := ΠT−t(Yt), nT−t(Yt) ⊥ Tz(RT−t) and we have

2⟨nT−t(Yt), b(T − t, Yt)⟩ = 2⟨nT−t(Yt), Yt⟩+ 4⟨nT−t(Yt),∇ log pT−t(Yt)⟩
= 2∥nT−t(Yt)∥2 + 4⟨nT−t(Yt),∇ log pT−t(Yt)⟩,

3c can be chosen arbitrarily between [ 1
2
, 1) due to the property of ∇2 log pt(x) as explained in Remark D.6.
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In the last term, we can write Yt = z + nT−t(Yt) and expand ∇ log pT−t(Yt) at z ∈ RT−t. Then we have

⟨nT−t(Yt),∇ log pT−t(Yt)⟩
= ⟨nT−t(Yt),∇ log pT−t(z)⟩+ ⟨nT−t(Yt),∇2 log pT−t(z)nT−t(Yt)⟩

+
1

2
⟨nT−t(Yt),∇3 log pT−t(z

′)nT−t(Yt)
⊗2⟩,

where

⟨nT−t(Yt),∇ log pT−t(z)⟩ = 0, definition ofRT−t,
⟨nT−t(Yt),∇2 log pT−t(z)nT−t(Yt)⟩

=⟨nT−t(Yt), P⊥(z)∇2 log pT−t(z)nT−t(Yt)⟩ ≤ −βT−t∥nT−t(Yt)∥2, definition ofRT−t,
⟨nT−t(Yt),∇3 log pT−t(z

′)nT−t(Yt)
⊗2⟩

≤ sup
x
∥∇ log pT−t(x)∥∥nT−t(Yt)∥3 ≤

80a3T−tR
3

h3T−t
ρT−t∥nT−t(Yt)∥2 Lemma D.5

≤
a3T−tβT−t

2
DT−t(Yt) Proposition D.1

The last identity follows from Proposition D.1 by picking θt such that rt = βth
3
tR
−3/80 and ρt = rt/2. Combining

the above inequalities, we have

⟨nT−t(Yt),∇ log pT−t(Yt)⟩ ≤ −βT−t(1− a3T−t/4)∥nT−t(Yt)∥2 ≤ −
3

4
βT−tDT−t(Yt).

Therefore, we have

2⟨nT−t(Yt), b(T − t, Yt)⟩ ≤ −(3βT−t − 2)DT−t(Yt).

Combining all the estimations and taking expectations of DT−t, we obtain the following inequality

d

dt
E[DT−t(Yt)] ≤ −(3βT−t − 2)E[DT−t(Yt)] + 2ρT−tST−t + 8d.

Last, apply Gronwall’s inequality, for any tin ∈ (0, T − δ) and t ∈ (tin, T − δ], we obtain

E[DT−t(Yt)] ≤ exp
(
−
∫ t

tin

3βT−u − 2du
)
E[Dt−tin(Ytin)]

+

∫ t

tin

exp
(
−
∫ t

u

3βT−s − 2ds
)(
2ρT−uST−u + 8d

)
du.

When t = T − δ, βt = c/ht and δ ≪ 1, we have∫ T−δ

tin

exp
(
−
∫ T−δ

u

3βT−s − 2ds
)(
2ρT−uST−u + 8d

)
du = O(dδ 3c

2 ).

For the reverse-time inference process Ỹt, we have

dDT−t(Ỹt) =
(
∂tDT−t(Ỹt) + 2⟨nT−t(Ỹt), bA(T − t, Ỹt)⟩

+ 2trace(∇2DT−t(Ỹt))
)
dt+ 2

√
2⟨nT−t(Ỹt), dB̃t⟩.

Notice that the only difference to that of Yt is the error eA(t, ·) = m(t, ·) − mA(t, ·) within the normal space, i.e.,
e⊥A(t, x) := P⊥(Πt(x))eA(t, x). Similarly, we have the inequality

d

dt
E[DT−t(Ỹt)]

≤ −(3βT−t − 2)E[DT−t(Ỹt)] + 2ρT−tST−t + 8d+ 2E[⟨nT−t(Ỹt),
1

hT−t
eA(T − t, Ỹt)⟩]

≤ −2(βT−t − 1)E[DT−t(Ỹt)] + 2ρT−tST−t + 8d+
E[∥e⊥A(T − t, Ỹt)∥2]

h2T−tβT−t
,
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where the last inequality follows from Young’s inequality. Therefore, according to the Gronwall’s inequality,

E[DT−t(Ỹt)] ≤ exp
(
− 2

∫ t

t̃in

βT−u − 1du
)
E[Dt−t̃in(Ỹt̃in)]

+

∫ t

t̃in

exp
(
− 2

∫ t

u

βT−s − 1ds
)(
2ρT−uST−u +

E[∥e⊥A(T − u, Ỹu)∥2]
h2T−uβT−u

+ 8d
)
du.

When t = T − δ, βt = c/ht and δ ≪ 1, we have∫ T−δ

t̃in

exp
(
− 2

∫ T−δ

u

βT−s − 1ds
)
du = O(δc),∫ T−δ

t̃in

exp
(
− 2

∫ T−δ

u

βT−s − 1ds
)
h−2T−uβ

−1
T−uE[∥e

⊥
A(T − u, Ỹu)∥2]du

= O(δc
∫ T−δ

t̃in

h−1−cT−u E[∥e⊥A(T − u, Ỹu)∥2]du).

G. Analysis of Stage 3
In this section, we analyze Stage 3, namely the tangential sliding behavior of both the ideal reverse process Yt and the learned
reverse process Ỹt relative to the log-density ridge geometry. We first state a formal dynamical version of Theorem 3.7, which
controls the evolution of the squared tangential residual along inference. The terminal-time estimate stated in Theorem 3.7
in the main text follows directly by integrating this formal bound.

Theorem G.1. Under Assumption 3.1, for any t ∈ [t̃in, T − δ], define e∥,iA (t, x) = (U
(i)
t )⊺eA(t, x) with eA = mA −m. If

Ỹt ∈ B(i)T−t(θT−t), then we have

d

dt
E[∥ũ(i)t ∥2] ≤− (

1

hT−t
− 2)E[∥ũ(i)t ∥2] + ϵ̃

(i)
T−t +

4

hT−t
∥e∥,iA (T − t, Ỹt)∥2,

where ϵ̃(i)T−t = O(d). Furthermore, with δ ≪ 1, we have

E[∥ũ(i)T−δ∥
2] = O(d

√
δ +
√
δ

∫ T−δ

t̃in

h
− 3

2

T−uE[∥e
∥,i
A (T − u, Ỹu)∥2]du).

We now introduce the objects used in the proof. Recall that the ideal and learned reverse processes satisfy

dYt = (Yt −
2

hT−t
Yt +

2

hT−t
m(T − t, Yt)︸ ︷︷ ︸

:=b(T−t,Yt)

dt+
√
2dB̄t, Y0 ∼ N (0, Id),

dỸt = (Ỹt −
2

hT−t
Ỹt +

2

hT−t
mA(T − t, Ỹt))︸ ︷︷ ︸

:=bA(T−t,Ỹt)

dt+
√
2dB̃t, Ỹ0 ∼ N (0, Id).

In Section 3.4, we introduced the tangent frame U (i)
T−t ∈ Rd×d∗ at the center m(i)

T−t, whose columns are the top-d∗

eigenvectors of∇ log pT−t(m
(i)
T−t). For trajectories lying in the tube neighborhood and the ith center-dominant region, the

natural residuals relative to the local center are r(i)t = Yt −m(i)
T−t and r̃(i)t = Ỹt −m(i)

T−t. We then define the corresponding

tangential coordinates ũ(i)t := (U
(i)
T−t)

⊺r
(i)
t ∈ Rd∗ and u(i)t := (U

(i)
T−t)

⊺r̃
(i)
t ∈ Rd∗ . These are the appropriate quantities to

study because Stage 3 concerns motion along the ridge rather than distance to the ridge. Strictly speaking, the ideal tangent
frame wold be taken at the projected ridge point Πt(m

(i)
T−t), not at the center m(i)

T−t itself. However, Lemma E.2 shows that
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m
(i)
T−t is exponentially close to Πt(m

(i)
T−t) as T − t→ δ+ ≪ 1. Therefore, u(i)t and ũ(i)t provide accurate local proxies for

the tangential components of the residuals, while keeping the analysis explicit and tractable.

We next prove the formal tangential contraction theorem.

Proof of Theorem 3.7. Apply Itô’s formula to u(i)t and we get

du
(i)
t = ∂t(U

(i)
T−t)

⊺(Yt −m(i)
T−t)dt+ (U

(i)
T−t)

⊺
(
b(T − t, Yt)dt− ∂taT−tx(i)0 dt+

√
2dB̄t

)
= −( 2

hT−t
− 1)u

(i)
t dt+ ∂t(U

(i)
T−t)

⊺(Yt −m(i)
T−t)dt+

√
2(U

(i)
T−t)

⊺dB̄t

+ (U
(i)
T−t)

⊺
(
b(T − t, Yt)− (Yt +

2

hT−t
(m

(i)
T−t − Yt))

)
dt.

Now apply Itô’s formula again to ∥u(i)t ∥2 and we get,

d∥u(i)t ∥2 = 2⟨u(i)t , du
(i)
t ⟩+ 2trace((U

(i)
T−t)

⊺U
(i)
T−t)dt

= −2( 2

hT−t
− 1)∥u(i)t ∥2dt+ 2⟨u(i)t , ∂t(U

(i)
T−t)

⊺(Yt −m(i)
T−t)⟩dt

+ 2⟨u(i)t , (U
(i)
T−t)

⊺
(
b(T − t, Yt)− (Yt +

2

hT−t
(m

(i)
T−t − Yt))

)
⟩dt

+ 2d∗dt+ 2
√
2⟨u(i)t , (U

(i)
T−t)

⊺dB̄t⟩,

where according to Lemma G.4,

⟨u(i)t , ∂t(U
(i)
T−t)

⊺(Yt −m(i)
T−t)⟩

= ⟨u(i)t , ∂t(U
(i)
T−t)

⊺U
(i)
T−tu

(i)
t ⟩+ ⟨u

(i)
t , ∂t(U

(i)
T−t)

⊺(Id − U (i)
T−t(U

(i)
T−t)

⊺)(Yt −m(i)
T−t)⟩

≤ 0 +
1

hT−t
∥u(i)t ∥2 + hT−t∥P (m(i)

T−t)∂tP (m
(i)
T−t)(Id − P (m

(i)
T−t))∥

2∥r(i)t ∥2,

and according to Lemma G.3 and Assumption 3.1,

⟨u(i)t , (U
(i)
T−t)

⊺
(
b(T − t, Yt)− (Yt +

2

hT−t
(m

(i)
T−t − Yt))

)
⟩

≤ ∥b(T − t, Yt)− (Yt +
2

hT−t
(m

(i)
T−t − Yt))∥∥Yt − aT−tx

(i)
0 ∥

≤ 8R2a2T−th
−1
T−tθT−t,

Therefore, taking expectations on both sides of the SDE for ∥u(i)t ∥2, we have

d

dt
E[∥u(i)t ∥2] ≤ −2(

1

hT−t
− 1)E[∥u(i)t ∥2] + 2hT−t∥P (m(i)

T−t)∂tP (m
(i)
T−t)(Id − P (m

(i)
T−t))∥

2∥r(i)t ∥2

+ 8R2a2T−th
2
T−tηT−t + 2d∗,

where as T − t→ δ+ ≪ 1,

(1) −2( 1
hT−t

− 1)E[∥u(i)t ∥2] is a strict contraction term with infinite force;

(2) 2hT−t∥P (m(i)
T−t)∂tP (m

(i)
T−t)(Id − P (m

(i)
T−t))∥2∥r

(i)
t ∥2 = O(1):

(i) Under Assumption 3.1, ∥r(i)t ∥2 = O(R2);

(ii) According to the definition of P (m(i)
T−t) and estimations Lemma D.5,

∥P (m(i)
T−t)∂tP (m

(i)
T−t)(Id − P (m

(i)
T−t))∥ = O(θT−tpoly(R, h

−1
t ))

for any θT−t = exp(−o( 1
hT−t

));
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Combining the two estimations, we have the whole term is O(1).

(3) 8R2a2T−th
2
T−tθT−t = O(1) since we can choose θT−t = exp(−o( 1

hT−t
)) as discussed in Remark D.4.

Therefore, we obtain that d
dtE[∥u

(i)
t ∥2] ≤ −2( 1

hT−t
− 1)E[∥u(i)t ∥2] + ϵ

(i)
T−t with ϵ(i)T−t = O(d) as t→ T−. By Gronwall’s

inequality,

E[∥u(i)t ∥2] ≤ exp
(
− 2

∫ t

tin

1

hT−u
− 1du

)
E[∥u(i)tin∥

2] +

∫ t

tin

exp
(
− 2

∫ t

u

1

hT−s
− 1ds

)
ϵ
(i)
T−udu.

When t = T − δ and δ ≪ 1, we have∫ T−δ

tin

exp
(
− 2

∫ T−δ

u

1

hT−s
− 1ds

)
ϵ
(i)
T−udu = O(dδ log(1/δ)).

Hence we prove that as t→ T − δ, with high probability (tends to 1 as δ → 0+), Yt will enter some region dominated by
one of the center B(i)T−t(θT−t) and then be pulled towards the center aT−tx

(i)
0 . Furthermore, quantitatively, the expected

square-norm of Yt−δ − aδx(i)0 is of order O(δ).

For the reverse-time inference process Ỹt, we utilize the same idea. Define

r̃
(i)
t = Ỹt −m(i)

T−t, ũ
(i)
t := (U

(i)
T−t)

⊺(Ỹt −m(i)
T−t).

The following the same estimations, we have

d

dt
E[∥ũ(i)t ∥2] ≤ −2(

1

hT−t
− 1)E[∥ũ(i)t ∥2]−

4

hT−t
⟨ũ(i)t , (U

(i)
T−t)

⊺eA(T − t, Ỹt)⟩+ ϵ̃
(i)
T−t,

where ϵ̃(i)T−t = O(1) as t→ T−. Apply Young’s inequality, we have 4
hT−t
⟨ũ(i)t , (U

(i)
T−t)

⊺eA(T − t, Ỹt)⟩ ≤ 1
hT−t
∥ũ(i)t ∥2 +

4
hT−t
∥(U (i)

T−t)
⊺eA(T − t, Ỹt)∥2. Therefore,

d

dt
E[∥ũ(i)t ∥2] ≤ −(

1

hT−t
− 2)E[∥ũ(i)t ∥2] +

4

hT−t
∥(U (i)

T−t)
⊺eA(T − t, Ỹt)∥2 + ϵ̃

(i)
T−t.

Apply Gronwall’s inequality and we get

E[∥ũ(i)t ∥2] ≤ exp
(
−
∫ t

t̃in

1

hT−u
− 2du

)
E[∥ũ(i)

t̃in
∥2] +

∫ t

t̃in

exp
(
−

∫ t

u

1

hT−s
− 2ds

)
ϵ
(i)
T−udu

+

∫ t

t̃in

exp
(
−
∫ t

u

1

hT−s
− 2ds

) 4

hT−u
∥(U (i)

T−u)
⊺eA(T − u, Ỹu)∥2du.

When t = T − δ and δ ≪ 1, we have∫ T−δ

t̃in

exp
(
−
∫ T−δ

u

1

hT−s
− 2ds

)
ϵ
(i)
T−udu = O(

√
δ),∫ T−δ

t̃in

exp
(
−
∫ T−δ

u

1

hT−s
− 2ds

) 4

hT−u
∥(U (i)

T−u)
⊺eA(T − u, Ỹu)∥2du

= O(
√
δ

∫ T−δ

t̃in

h
− 3

2

T−t∥(U
(i)
T−u)

⊺eA(T − u, Ỹu)∥2du).
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Remark G.2 (Tangential distribution of the residual). To study the distribution of residual ỸT−δ −m(i)
δ along the tangent

direction, we look at the SDE of ∥ũ(i)t ∥2 and only look at the leading order drift as t→ T− and the diffusion term:

d∥ũ(i)t ∥2 = −2( 2

hT−t
− 1)∥ũ(i)t ∥2dt+ 2⟨u(i)t , ∂t(U

(i)
T−t)

⊺(Yt −m(i)
T−t)⟩dt

+ 2⟨ũ(i)t , (U
(i)
T−t)

⊺
(
bA(T − t, Ỹt)− (Ỹt +

2

hT−t
(m

(i)
T−t − Ỹt))

)
⟩dt

+ 2d∗dt+ 2
√
2⟨ũ(i)t , (U

(i)
T−t)

⊺dB̃t⟩

= − 4

hT−t
∥ũ(i)t ∥2dt−

4

hT−t
⟨ũ(i)t , (U

(i)
T−t)

⊺eA(T − t, Ỹt)⟩dt

+O(1)dt+ 2
√
2⟨ũ(i)t , (U

(i)
T−t)

⊺dB̃t⟩

which implies

dũ
(i)
t = − 2

hT−t

(
ũ
(i)
t + (U

(i)
T−t)

⊺eA(T − t, Ỹt)
)
dt︸ ︷︷ ︸

dominant drift

+
√
2dB̃t +O(1)dt.

Notice that

Ỹt = m
(i)
T−t + U

(i)
T−tũ

(i)
t + (Id − U (i)

T−t(U
(i)
T−t)

⊺)(Yt −m(i)
T−t)︸ ︷︷ ︸

normal component

Assume the normal component is negligible, then we have

(U
(i)
T−t)

⊺eA(T − t, Ỹt) ≈ (U
(i)
T−t)

⊺eA(T − t,m(i)
T−t + U

(i)
T−tũ

(i)
t ).

Then the approximate SDE for ũ(i)t is given by

dũ
(i)
t = − 2

hT−t

(
ũ
(i)
t + (U

(i)
T−t)

⊺eA(T − t,m(i)
T−t + U

(i)
T−tũ

(i)
t )

)
dt+

√
2dB̃t. (19)

Lemma G.3. Under Assumption 3.1, if x ∈ B(i)T−t(ηT−t), then

∥b(T − t, x)−
(
x+

2

hT−t
(m

(i)
T−t − x)

)
∥ ≤ 4RaT−th

−1
T−tθT−t.

Proof of Lemma G.3. According to Lemma D.7, we have

m(T − t, x)−m(i)
T−t =

∑
j ̸=i

Softmax(−∥x−mT−t∥2

2hT−t
)jaT−t(x

(i)
0 − x

(i)
0 ).

Under Assumption 3.1 and the definition of B(i)T−t(ηT−t), we immediately have ∥m(T − t, x)−m(i)
T−t∥ ≤ 2RaT−tθT−t.

Therefore,

∥b(T − t, x)−
(
x+

2

hT−t
(m

(i)
T−t − x)

)
∥

= ∥x+
2

hT−t
(m(T − t, x)− x)−

(
x+

2

hT−t
(m

(i)
T−t − x)

)
∥

=
2

hT−t
∥m(T − t, x)−m(i)

T−t∥ ≤ 4RaT−th
−1
T−tθT−t.

Lemma G.4. The local tangent frame U (i)
t satisfies that ⟨u, (∂tU (i)

t )⊺U
(i)
t u⟩ = 0 for any u ∈ Rd∗ .

Proof of Lemma G.4. Starting from (U
(i)
t )⊺U

(i)
t = Id∗ and take derivative wrt. t on both side and we get

(∂tU
(i)
t )⊺U

(i)
t = −

(
(∂tU

(i)
t )⊺U

(i)
t

)⊺
.

Therefore, (∂tU
(i)
t )⊺U

(i)
t is skew-symmetric. Hence we proved (1).
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H. From Inference to Training
This section converts the error-bound terms in Theorems 3.6 and 3.7, which are expectations along the simulated inference
path Ỹt, into quantities that depend only on the exact reverse-time OU path X←t . The key tool is a change of measure
(Girsanov’s theorem). A minor technical issue is that Ỹ0 ∼ N (0, Id) while X←0 ∼ pT . To isolate the initialization error, we
introduce an auxiliary process Ŷt that shares the transition kernel with Ỹt but starts from the correct initialization pT .

Reverse-time processes. Let eA(t, x) := mA(t, x)−m(t, x). Consider the following reverse-time processes on [0, T − δ]:

dX←t = (X←t −
2

hT−t
X←t +

2

hT−t
m(T − t,X←t ))︸ ︷︷ ︸

b(T−t,X←t )

dt+
√
2dB←t , X←0 ∼ pT ,

dŶt = (Ŷt −
2

hT−t
Ŷt +

2

hT−t
mA(T − t, Ŷt))︸ ︷︷ ︸

:=bA(T−t,Ŷt)

dt+
√
2dB̃t, Ŷ0 ∼ pT ,

dỸt = (Ỹt −
2

hT−t
Ỹt +

2

hT−t
mA(T − t, Ỹt))︸ ︷︷ ︸

:=bA(T−t,Ỹt)

dt+
√
2dB̃t, Ỹ0 ∼ N (0, Id).

We denote the path measures of X←t and Ŷt respectively by P and Q. Since X0 ← and Ŷ0 have the same initial distribution,
we can apply Girsanov’s theorem without evolving extra initial-density ratio factor. The remaining gap between Ỹt and Ŷt is
purely from initialization, and it will be controlled since pT is close to N (0, Id) when T is large.

Assumption H.1. We assume the following hold:

(0) Novikov’s condition: exp
(
2
∫ T−δ
0

∥eA(T−s,X←t )∥2
h2
T−s

ds
)
<∞;

(1) Bound χ2 along trajectory: supt∈[0,T−δ] χ
2(Qt|Pt) ≤ C2

χ = O(1);

(2) Normal/tangent posterior mean error satisfies: for any † ∈ {⊥, ∥}, E[∥e†A(T−t,X←t )∥4] 12 ≤ CmE[∥e†A(T−t,X←t )∥2]
for some Cm = O(1);

(3) Uniform boundedness of the weighted posterior mean error:

sup
t∈[0,T−δ]

sup
x∈TT−t(ρT−t)

w(T−t)∥eA(T−t,x)∥2
h2
T−t

≤ Cu

T−δ

for some Cu = O(1) and decreasing weight t 7→ w(t).

Theorem H.2. Under Assumption H.1, the normal/tangent-error floors in Theorems 3.6 and 3.7 can be estimated by the
projected posterior mean matching loss in normal/tangent direction, i.e.,

normal-error floor ≲ C⊥δ

∫ T

δ

w(t)E[∥e⊥A(t,Xt)∥2]
h2t

dt+ C⊥δ (
√
d+R)e−T + dδc, (20)

tangent-error floor ≲ C
∥
δ

∫ T

δ

E[w(t)∥e∥A(t,Xt)∥2]
h2t

dt+ C
∥
δ (
√
d+R)e−T + dδ

1
2 . (21)

where C⊥δ := δc
(
1 ∨ δ1−c

w(δ)

)
(c = limt→δ+ htβt) and C∥δ =

√
δ
(
1 ∨

√
δ

w(δ)

)
.

Proof of Theorem H.2. Applying Girsanov’s Theorem, define Lt :=
√
2
∫ t
0
eA(T−s,X←s )

hT−s
dB←s and according to Assumption

H.1-(0), we have E(L)t := exp
(
Lt − 1

2 [L]t
)

is a P-martingale and

t 7→ B←t −
√
2

∫ t

0

eA(T − s,X←s )

hT−s
ds
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is a Brownina motion under E(L)T−δP and Q = E(L)T−δP. Therefore, we can change the path measure from Q to P,
hence relating the inference bounds to the training error.

Recall that with eA(t, x) = mA(t, x) −m(t, x) and e⊥A(t, x) = P⊥t (x)eA(t, x). When βt = c/ht for some c ∈ [1/2, 1),
the normal-error term related to training in Theorem 3.6 is∫ T−δ

t̃in

exp(−2
∫ T−δ

u

(βT−s − 1)ds)
E[∥e⊥A(T − u, Ỹu)∥2]

h2T−uβT−u
du

≲ δc
∫ T−δ

t̃in

h1−cT−t
w(T − t)

w(T − t)E[∥e⊥A(T − t, Ỹt)∥2]
h2T−t

dt

≲ δc
(
1 ∨ δ

1−c

w(δ)

) ∫ T−δ

t̃in

w(T − t)E[∥e⊥A(T − t, Ỹt)∥2]
h2T−t

dt,

WLOG, assume that t̃in = 0. According to Girsanov’s theorem,∫ T−δ

0

E[w(T − t)∥e⊥A(T − t, Ỹt)∥2]
h2T−t

dt

=

∫ T−δ

0

w(T − t)E[∥e⊥A(T − t, Ỹt)∥2]− ∥e⊥A(T − t, Ŷt)∥2]
h2T−t

dt

+

∫ T−δ

0

w(T − t)E[E(L)t∥e⊥A(T − t,X←t )∥2]
h2T−t

dt.

Notice that

E[E(L)t∥e⊥A(T − t,X←t )∥2] = E[∥e⊥A(T − t,X←t )∥2] + E[(E(L)t − 1)∥e⊥A(T − t,X←t )∥2]

≤ E[∥e⊥A(T − t,X←t )∥2] + E[(E(L)t − 1)2]
1
2E[∥e⊥A(T − t,X←t )∥4] 12

= E[∥e⊥A(T − t,X←t )∥2] +
√
χ2(Qt|Pt)E[∥e⊥A(T − t,X←t )∥4] 12

Under Assumption H.1-(1)(2), we have∫ T−δ

0

w(T − t)E[E(L)t∥e⊥A(T − t,X←t )∥2]
h2T−t

dt ≤ (1 + CχCm)

∫ T−δ

0

w(T − t)E[∥e⊥A(T − t,X←t )∥2]
h2T−t

dt.

Meanwhile, under Assumption H.1-(3), we have∫ T−δ

0

w(T − t)E[∥e⊥A(T − t, Ỹt)∥2]− ∥e⊥A(T − t, Ŷt)∥2]
h2T−t

dt ≤ CuTV(N (0, Id), pT ) ≲ (
√
d+R)e−T .

Therefore, the normal-error floor for aligning can be estimated as

δc
(
1 ∨ δ

1−c

w(δ)

) ∫ T−δ

0

E[∥e⊥A(T − u, Ỹu)∥2]
h2T−u

du

≲ δc
(
1 ∨ δ

1−c

w(δ)

) ∫ T−δ

0

w(T − t)E[∥e⊥A(T − t,X←t )∥2]
h2T−t

dt+ δc
(
1 ∨ δ

1−c

w(δ)

)
(
√
d+R)e−T .

Similarly, along the tangent direction, the tangent floor is of the form∫ T−δ

t̃in

exp
(
−
∫ T−δ

u

1

hT−s
− 2ds

) 4

hT−u
∥(U (i)

T−u)
⊺eA(T − u, Ỹu)∥2du

≲
√
δ
(
1 ∨

√
δ

w(δ)

) ∫ T−δ

t̃in

w(T − u)E[∥(U (i)
T−u)

⊺eA(T − u, Ỹu)∥2]
h2T−u

du,
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where the order estimation follows from the choice of βt = Θ(1/ht). When Ỹt ∈ TT−t(ρT−t)∩B(i)(θT−t) and t→ T − δ,
we have U (i)

T−t(U
(i)
T−t)

⊺ ≈ P ∥T−t(m
(i)
T−t) ≈ P

∥
T−t(Ỹt). Hence we can use the following tangent error to reflect the tangent-

floor of the sliding phase:

√
δ
(
1 ∨

√
δ

w(δ)

) ∫ T−δ

t̃in

w(T − t)E[∥P ∥T−t(Ỹt)eA(T − t, Ỹt)∥2]
h2T−t

dt

:=
√
δ
(
1 ∨

√
δ

w(δ)

) ∫ T−δ

t̃in

w(T − t)E[∥e∥A(T − t, Ỹt)∥2]
h2T−t

dt.

Then following the same change of measure discussion, the tangent-error floor for sliding can be estimated as

√
δ
(
1 ∨

√
δ

w(δ)

) ∫ T−δ

0

w(T − u)E[∥e∥A(T − u, Ỹu)∥2]
h2T−u

du

≲
√
δ
(
1 ∨

√
δ

w(δ)

) ∫ T−δ

0

w(T − t)E[∥e∥A(T − t,X←t )∥2]
h2T−t

dt+
√
δ
(
1 ∨

√
δ

w(δ)

)
(
√
d+R)e−T .

Last, the theorem follows from writing the reverse-time OU X←t into the forward-time OU Xt and adding the contraction
terms depending on d,R in Theorems 3.6 and 3.7.

I. Analysis of the Training Process
Recall from (7) that

Ak+1 = Ak(Ip − 2ηŨ) + 2ηṼ ,

with Ut = E[σt(Xt(z))σt(Xt(z))
⊺] ∈ Rp×p and Vt = Ez[atX0σt(Xt(z))

⊺] ∈ Rd×p

Ũ =

∫ T

δ

w(t)

h2t

E[σt(Xt(z))σt(Xt(z))
⊺]

p
dt, Ṽ =

∫ T

δ

w(t)

h2t

E[atX0σt(Xt(z))
⊺]

√
p

dt.

Ũ is the RFNN kernel matrix in (7) with rank r ≤ p and eigen-decomposition Ũ =
∑r
j=1 λjuju

⊺
j with {uj}j∈[r] being a

set of orthonormal vectors in Rp and λ1 > λ2 > · · · > λr > 0.

We first provide initialization-dependent expressions for Ak and the equilibrium of gradient descent.

Apply the iteration recursively and we get

Ak = A0(Ip − 2ηŨ)k + 2ηṼ

k−1∑
j=0

(Ip − 2ηŨ)j .

If 2η∥Ũ∥ ≤ 1, the gradient descent is stable. As k →∞,

Ak → A∞ = A0(Ip − Ũ Ũ+) + Ṽ Ũ+,

where Ũ+ is the pseudo-inverse of Ũ .

Next, we present the error decomposition of LMM(Ak) into architecture-driven error and optimization-driven error.
Proposition I.1. Let {Ak} be the matrix iterates from gradient descent (7) with learning rate η < 2/λ1 and initialization
A0, then the LMM can be decomposed as

LMM(Ak) = Errarc + Errtrain(k), LMM(A∞) = Errarc,

with

Errarc =

∫ T

δ

w(t)

h2t
E[∥m(t,Xt(z))−

Ṽ Ũ+

√
p
σt(Xt(z))∥2]dt.

Errtrain(k) =

r∑
i=1

λi(1− 2ηλi)
2k∥ai∥2,

and aj = (A0 − Ṽ Ũ+)uj ∈ Rd for all j ∈ [r].
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Proof of Proposition I.1. Based on the dynamics of {Ak}k≥0, we can study the dynamics of the DMM loss
{LDMM(Ak)}k≥0. According to (5), we have

LDMM(A) =

∫ T

δ

w(t)

h2t
E[∥ − atX0 +

A
√
p
σt(Xt(z))∥2]dt

=

∫ T

δ

w(t)

h2t
E[∥ − atX0∥2]dt+

∫ T

δ

w(t)

h2t
E[∥ A√

p
σt(Xt(z))∥2]dt

− 2

∫ T

δ

w(t)

h2t
E[⟨atX0,

A
√
p
σt(Xt(z))⟩]dt

= C + trace(AŨA⊺)− 2trace(AṼ ⊺), (22)

where the constant C =
∫ T
δ

w(t)
h2
t
E[∥atX0∥2]dt is independent to A. Notice that∇ALDMM(A) = 2(AŨ − Ṽ ). Therefore,

the equilibrium satisfy A∗ satisfy A∗Ũ = Ṽ and they share the same DMM loss value LDMM(A∗). Next, we study the
decay of DMM loss along gradient descent by tracking LDMM(Ak)− LDMM(A∗). Define ∆Ak = Ak −A∗, according to
(22), we have

LDMM(Ak) = C + trace
(
(A∗ +∆Ak)Ũ(A∗ +∆Ak)

⊺
)
− 2trace

(
(A∗ +∆Ak)Ṽ

⊺
)

= C + trace(A∗Ũ(A∗)⊺)− 2trace(A∗Ṽ ⊺) + trace(∆AkŨ∆A⊺
k)

+ 2
(hhhhhhhhhhhhhhhhh
trace(∆AkŨ(A∗)⊺)− trace(∆AkṼ

⊺)
)

= LDMM(A∗) + trace(∆AkŨ∆A⊺
k)

= LDMM(A∗) + ∥∆AkŨ
1
2 ∥2F ,

where the last part in the second equation cancel due to the property of the equilibrium A∗. Meanwhile, according to the
iteration formula, we can easily get that

∆Ak+1 = Ak+1 −A∗ = ∆Ak(Ip − 2ηŨ) + 2η(A∗Ũ + Ṽ ) = ∆Ak(Ip − 2ηŨ),

where the last identity follows from the property of the equilibrium A∗. Combined with our equation of LDMM(Ak), we
have

LDMM(Ak) = LDMM(A∗) + ∥∆AkŨ
1
2 ∥2F = LDMM(A∗) + ∥∆A0(Ip − 2ηŨ)kŨ

1
2 ∥2F .

Therefore, based on the spectral information of Ũ and A0, we can represent the DMM loss along gradient descent as follows

LDMM(Ak) = LDMM(A∗) +

r∑
i=1

λi(1− 2ηλi)
2k∥ai∥2. (23)

In order to look at a loss with minimum strictly zero, we need to go back to the (non-denoising) posterior mean matching
loss, i.e., LMM(A) =

∫ T
δ

w(t)
h2
t
E[∥ −m(t,Xt(z)) +

A√
pσt(Xt(z))∥2]dt. The DMM loss LDMM can be easily related to

LMM:

LDMM(A) =

∫ T

δ

w(t)

h2t
E[∥ − atX0 +

A
√
p
σt(Xt(z))∥2]dt

=

∫ T

δ

w(t)

h2t
E[∥ −m(t,Xt(z)) +

A
√
p
σt(Xt(z))∥2]dt

+

∫ T

δ

w(t)

h2t
E[∥ − atX0 +m(t,Xt(z))∥2]dt

+

hhhhhhhhhhhhhhhhhhhhhhh

2

∫ T

δ

w(t)

h2t
E[⟨m(t,Xt(z))− atX0,

A
√
p
σt(Xt(z))⟩]dt

= LMM(A) +

∫ T

δ

w(t)

h2t
E[∥ − atX0 +m(t,Xt(z))∥2]dt,
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where the cross term is canceled based on definition of m(t, x) = E[atX0|Xt = x] and the tower property. Therefore, we
can derive a decomposition of LMM(Ak) along the gradient descent dynamics:

LMM(Ak) (24)

= LDMM(Ak)−
∫ T

δ

w(t)

h2t
E[∥ − atX0 +m(t,Xt(z))∥2]dt

=

r∑
i=1

λi(1− 2ηλi)
2k∥ai∥2 + LDMM(A∗)−

∫ T

δ

w(t)

h2t
E[∥ − atX0 +m(t,Xt(z))∥2]dt

=

r∑
i=1

λi(1− 2ηλi)
2k∥ai∥2 +

∫ T

δ

w(t)

h2t
E[⟨atX0, atX0 −

A∗
√
p
σt(Xt(z))⟩]dt

−
∫ T

δ

w(t)

h2t
E[∥ − atX0 +m(t,Xt(z))∥2]dt

=

r∑
i=1

λi(1− 2ηλi)
2k∥ai∥2 +

∫ T

δ

w(t)

h2t
E[⟨m(t,Xt(z)),m(t,Xt(z))−

A∗
√
p
σt(Xt(z))⟩]dt

=

r∑
i=1

λi(1− 2ηλi)
2k∥ai∥2 +

∫ T

δ

w(t)

h2t
E[∥m(t,Xt(z))−

A∗
√
p
σt(Xt(z))∥2]dt, (25)

where the second last property follows from the tower property and the last identity follows from the property of A∗ and the
tower property. Therefore, Equation (24) decompose the posterior mean error into two parts which induce different type of
implicit bias.

(1) Architecture Implicit Bias: the term
∫ T
δ

w(t)
h2
t
E[∥m(t,Xt(z)) − A∗√

pσt(Xt(z))∥2]dt orients from the inadequate rep-
resentation ability of the RFNN with finite p. Even though the equilibrium A∗ can be any matrix of the form
A0(Ip − Ũ Ũ+) + Ṽ Ũ+ (depending on initialization), the value of the architecture implicit bias stays the same.
Therefore, we can pick a special A∗ = Ṽ Ũ+ to represent it, i.e.,

Errarc =

∫ T

δ

w(t)

h2t
E[∥m(t,Xt(z))−

Ṽ Ũ+

√
p
σt(Xt(z))∥2]dt.

(2) Training Dynamical Implicit Bias: the term
∑r
i=1 λi(1 − 2ηλi)

2k∥ai∥2 is produced by running the optimization
algorithm for finite time. If we can ideally run the gradient descent for infinite many step, this bias will vanish. We
represent the training dynamical bias as follows

Errtrain(k) =

r∑
i=1

λi(1− 2ηλi)
2k∥ai∥2.

Based on Proposition I.1, we can proceed to prove Theorem 4.2.

Proof of Theorem 4.2. The decomposition of training dynamical/architecture implicit bias requires to repeat our analysis to
the total DMM loss.

L⊥DMM(A) :=

∫ T

δ

w(t)

h2t
E[∥P⊥t (Xt(z))

(
− atX0 +

A
√
p
σt(Xt(z))

)
∥2]dt

=

∫ T

δ

w(t)

h2t
E[∥P⊥t (Xt(z))(−atX0)∥2]dt︸ ︷︷ ︸

:=C⊥

+

∫ T

δ

w(t)

h2t
E[∥P⊥t (Xt(z))(

A
√
p
σt(Xt(z)))∥2]dt︸ ︷︷ ︸

quadratic inA

− 2

∫ T

δ

w(t)

h2t
E[⟨P⊥t (Xt(z))(atX0),

A
√
p
σt(Xt(z))⟩]dt︸ ︷︷ ︸

linear inA

.
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Then we have

L⊥DMM(Ak) = L⊥DMM(A∗ +∆Ak)

= C⊥ +

∫ T

δ

w(t)

h2t
E[∥P⊥t (Xt(z))(

A∗ +∆Ak√
p

σt(Xt(z)))∥2]dt

− 2

∫ T

δ

w(t)

h2t
E[⟨P⊥t (Xt(z))(atX0),

A∗ +∆Ak√
p

σt(Xt(z))⟩]dt

= L⊥DMM(A∗) +

∫ T

δ

w(t)

h2t
E[∥P⊥t (Xt(z))(

∆Ak√
p
σt(Xt(z)))∥2]dt

+ 2

∫ T

δ

w(t)

h2t
E[⟨P⊥t (Xt(z))(

A∗
√
p
σt(Xt(z))− atX0),

∆Ak√
p
σt(Xt(z))⟩]dt.

Therefore, the posterior mean loss is

L⊥MM(Ak) = L⊥DMM(Ak)−
∫ T

δ

w(t)

h2t
E[∥P⊥t (Xt(z))

(
− atX0 +m(t,Xt(z))

)
∥2]dt

= L⊥DMM(A∗) +

∫ T

δ

w(t)

h2t
E[∥P⊥t (Xt(z))(

∆Ak√
p
σt(Xt(z)))∥2]dt

+ 2

∫ T

δ

w(t)

h2t
E[⟨P⊥t (Xt(z))(

A∗
√
p
σt(Xt(z))− atX0),

∆Ak√
p
σt(Xt(z))⟩]dt

−
∫ T

δ

w(t)

h2t
E[∥P⊥t (Xt(z))

(
− atX0 +m(t,Xt(z))

)
∥2]dt

=

∫ T

δ

w(t)

h2t
E[∥P⊥t (Xt(z))

(
m(t,Xt(z))−

A∗
√
p
σt(Xt(z))

)
∥2]dt

+

∫ T

δ

w(t)

h2t
E[∥P⊥t (Xt(z))(

∆Ak√
p
σt(Xt(z)))∥2]dt

+ 2

∫ T

δ

w(t)

h2t
E[⟨P⊥t (Xt(z))(

A∗
√
p
σt(Xt(z))−m(t,Xt(z)),

∆Ak√
p
σt(Xt(z))⟩]dt.

Similarly, along the tangent directions, we have

L∥MM(Ak) =

∫ T

δ

w(t)

h2t
E[∥P ∥t (Xt(z))

(
m(t,Xt(z))−

A∗
√
p
σt(Xt(z))

)
∥2]dt

+

∫ T

δ

w(t)

h2t
E[∥P ∥t (Xt(z))(

∆Ak√
p
σt(Xt(z)))∥2]dt

+ 2

∫ T

δ

w(t)

h2t
E[⟨P ∥t (Xt(z))(

A∗
√
p
σt(Xt(z))−m(t,Xt(z)),

∆Ak√
p
σt(Xt(z))⟩]dt.

Then along the normal and tangent directions, the architecture implicit bias are

Err⊥arc =

∫ T

δ

w(t)

h2t
E[∥P⊥t (Xt(z))

(
m(t,Xt(z))−

A∗
√
p
σt(Xt(z))

)
∥2]dt,

Err∥arc =

∫ T

δ

w(t)

h2t
E[∥P ∥t (Xt(z))

(
m(t,Xt(z))−

A∗
√
p
σt(Xt(z))

)
∥2]dt.
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The training dynamical implicit bias along the tangent directions are

Err⊥train(k) =

∫ T

δ

w(t)

h2t
E[∥P⊥t (Xt(z))(

∆Ak√
p
σt(Xt(z)))∥2]dt

+ 2

∫ T

δ

w(t)

h2t
E[⟨P⊥t (Xt(z))(

A∗
√
p
σt(Xt(z))−m(t,Xt(z)),

∆Ak√
p
σt(Xt(z))⟩]dt,

Err
∥
train(k) =

∫ T

δ

w(t)

h2t
E[∥P ∥t (Xt(z))(

∆Ak√
p
σt(Xt(z)))∥2]dt

+ 2

∫ T

δ

w(t)

h2t
E[⟨P ∥t (Xt(z))(

A∗
√
p
σt(Xt(z))−m(t,Xt(z)),

∆Ak√
p
σt(Xt(z))⟩]dt.

Again, since ∆Ak = ∆A0(1 − 2ηŨ)k, we have ∆Ak√
p σt(Xt(z)) =

∑r
j=1(1 − 2ηλj)

k u
⊺
j σt(Xt(z))√

p aj :=
∑r
j=1(1 −

2ηλj)
kσt,uj

aj . Then we have∫ T

δ

w(t)

h2t
E[∥P⊥t (Xt(z))(

∆Ak√
p
σt(Xt(z)))∥2]dt

=

r∑
j,l=1

(1− 2ηλj)
k(1− 2ηλl)

ka⊺j

∫ T

δ

w(t)

h2t
E[σt,uj

σt,ul
P⊥t (Xt(z))]al

:=

r∑
j,l=1

(1− 2ηλj)
k(1− 2ηλl)

ka⊺jP
⊥
jl al

2

∫ T

δ

w(t)

h2t
E[⟨P⊥t (Xt(z))(

A∗
√
p
σt(Xt(z))−m(t,Xt(z)),

∆Ak√
p
σt(Xt(z))⟩]dt

=2

r∑
j=1

(1− 2ηλj)
ka⊺j

∫ T

δ

w(t)

h2t
E[σt,ujP

⊥
t (Xt(z))(

A∗
√
p
σt(Xt(z))−m(t,Xt(z))]dt

:=2

r∑
j=1

(1− 2ηλj)
ka⊺j b

⊥
j .

We can work on the tangent directions similarly. Therefore, we have

Err⊥train(k) =

r∑
j,l=1

(1− 2ηλj)
k(1− 2ηλl)

ka⊺jP
⊥
jl al + 2

r∑
j=1

(1− 2ηλj)
ka⊺j b

⊥
j ,

Err
∥
train(k) =

r∑
j,l=1

(1− 2ηλj)
k(1− 2ηλl)

ka⊺jP
∥
jlal + 2

r∑
j=1

(1− 2ηλj)
ka⊺j b

∥
j ,

where

P⊥jl =

∫ T

δ

w(t)

h2t
E[σt,ujσt,ul

P⊥t (Xt(z))]dt, b⊥j =

∫ T

δ

w(t)

h2t
E[σt,ujP

⊥
t (Xt(z))(

A∗
√
p
σt(Xt(z))−m(t,Xt(z))]dt,

P
∥
jl =

∫ T

δ

w(t)

h2t
E[σt,uj

σt,ul
P
∥
t (Xt(z))]dt, b

∥
j =

∫ T

δ

w(t)

h2t
E[σt,uj

P
∥
t (Xt(z))(

A∗
√
p
σt(Xt(z))−m(t,Xt(z))]dt (26)

and recall σt,uj
=

u⊺
j σt(Xt(z))√

p for all j ∈ [r]. It is worth mentioning that

P⊥jl + P
∥
jl =

∫ T

δ

w(t)

h2t
E[σt,ujσt,ul

]dt = λj1j=l, b⊥j + b
∥
l = 0.

Hence Errtrain(k) = Err⊥train(k) + Err
∥
train(k).
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J. Experimental Details
In this section, we list the specific model architectures and hyperparameters that were not included in the main text.

J.1. Two Points in 2D Plane

Model Architectures Our RFNN model strictly follows the architecture defined in Section 2, with a model width of
p = 2000 and a temporal embedding dimension of Kt = 128.

Training and Loss Computation We optimize the model via gradient descent for 107 epochs with a learning rate of
5 × 10−4. The gradient descent is performed using the full-batch SGD optimizer in PyTorch and loss function (5). We
numerically evaluate the integral in the loss function (5) using the trapezoidal rule with 2,000 discretization points.

SDE and Sampling Details We model the diffusion process using a stochastic differential equation (SDE) with a drift
coefficient of f(x, t) = −x and a constant diffusion coefficient of g(t) =

√
2. For generation, we employ the Euler-

Maruyama sampler with N = 1000 discrete time steps. The time schedule follows a geometric progression decaying from
T = 10 down to δ = tmin = 10−3. Specifically, the time points are defined as ti = T · (tmin/T )i/N for i = 0, . . . , N .

J.2. More Points in 2D Plane

We use the RFNN model with the same architecture, training, and sampling settings as described in Section J.1. The only
differences are the training epochs: for the four-point case (Figure 2), we train for 5,000,000 epochs with lr = 0.0005; for
the three-point case (Figure 3), we train for 3,000,000 epochs with lr = 0.0005.

J.3. MNIST

Model Architectures We utilize Multi-Layer Perceptrons (MLPs) for all components of our framework.

• VAE Architecture: The encoder maps the flattened input image (R784) to the latent space through two hidden layers
with 400 and 200 units, respectively. It uses ReLU activations and outputs the mean and log-variance parameters. The
decoder mirrors this structure (latent→ 200→ 400→ 784) and uses a Sigmoid activation at the final layer to ensure
pixel values lie within [0, 1].

• Latent Score Network: The score model is a time-conditioned MLP. The time step t is first mapped to a 128-
dimensional feature vector using Sinusoidal Embedding. This embedding is concatenated with the input vector and
passed through three fully connected layers (sizes: input→ 256→ 256→ latent dimension) with ReLU activations to
estimate the score function.

Training Configuration All models are trained on a single GPU using the Adam optimizer with a batch size of 1024.

• VAE Training: The VAE is trained for 100 epochs with a learning rate of 10−3. It minimizes the standard Evidence
Lower Bound loss.

• Score Model Training: The latent diffusion model is trained for 300 epochs with a learning rate of 10−4. The loss
function follows the denoising score matching objective (5). The weight schedule in the loss function is set to a constant
w(t) = 1.

SDE and Sampling Details We model the diffusion process using a stochastic differential equation (SDE) with a drift
coefficient of f(x, t) = −x and a constant diffusion coefficient of g(t) =

√
2. For generation, we employ the Euler-

Maruyama sampler with N = 1000 discrete time steps. The time schedule follows a geometric progression decaying from
T = 10 down to δ = tmin = 10−3. Specifically, the time points are defined as ti = T · (tmin/T )i/N for i = 0, . . . , N .

J.4. Projection onto Log-density Ridge Sets

During the reverse sampling process, given a sample x0 ∈ Rd generated by the diffusion model at a specific time step, our
objective is to find its exact projection y∗ onto the ridge manifold Rd∗(p;β). This naturally formulates as a constrained
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non-linear optimization problem:

min
y∈Rd

1

2
|y − x0|2

s.t. F (y) := E(y)⊺∇ log p(y) = 0,

λd+1(y) ≤ −β

(27)

where F (y) ∈ Rd−d∗ represents the residual projection of the score function onto the normal space. To solve this projection
problem, we introduce the Lagrange multiplier ν ∈ Rd−d∗ for the equality constraint F (y) = 0. The unconstrained
Lagrangian function is given by:

L(y, ν) = 1

2
|y − x0|2 + ν⊺F (y) (28)

According to the KKT conditions, the exact projection point must satisfy the following stationarity conditions:{
∇yL(y, ν) = (y − x0) + J(y)⊺ν = 0

F (y) = 0
(29)

where J(y) := ∇yF (y) ∈ R(d−d∗)×d is the Jacobian matrix of the normal residual. In high-dimensional spaces, approxi-
mating J(y) via finite differences introduces severe numerical instability. Instead, we construct the Jacobian analytically.
Applying the product rule to F (y), we obtain:

J(y) = E(y)⊺∇2 log p(y) +
(
∇yE(y)

)⊺∇ log p(y) (30)

LetH(y) := ∇2 log p(y) denote the Hessian matrix. Since the column vectors ofE(y) are precisely the eigenvectors ofH(y)
spanning the normal space, the first term simplifies directly to Λ⊥(y)E(y)⊺, where Λ⊥(y) = diag(λd∗+1, . . . , λd).For the
second term, which involves the derivative of the invariant subspace, we use matrix perturbation theory. Let T (y) ∈ Rd×d∗

be the orthogonal basis of the tangent space, and Λ∥(y) be the corresponding diagonal matrix of the tangent eigenvalues.
The normal basis E(y) satisfies the eigenvalue equation H(y)E(y) = E(y)Λ⊥(y). Differentiating both sides with respect
to the coordinate component y(ℓ) yields:

∂H(y)

∂y(ℓ)
E(y) +H(y)

∂E(y)

∂y(ℓ)
=
∂E(y)

∂y(ℓ)
Λ⊥(y) + E(y)

∂Λ⊥(y)

∂y(ℓ)

To isolate the variation of the normal space that alters the manifold’s geometry—namely, its ”tilt” towards the tangent
space—we pre-multiply both sides by T (y)⊺. Utilizing the orthogonality T (y)⊺E(y) = 0 and the symmetry T (y)⊺H(y) =
Λ∥(y)T (y)

⊺, the equation simplifies to a standard Sylvester equation:

Λ∥(y)

(
T (y)⊺

∂E(y)

∂y(ℓ)

)
−
(
T (y)⊺

∂E(y)

∂y(ℓ)

)
Λ⊥(y) = −T (y)⊺

∂H(y)

∂y(ℓ)
E(y)

Given the strict eigengap λd∗(y) > λd∗+1(y), the spectra of Λ∥(y) and Λ⊥(y) are disjoint, guaranteeing a unique solution.
Using the Kronecker sum ⊕, the projection of the derivative onto the tangent space can be solved analytically. By mapping
this tangent projection back to the ambient space, the correction term induced by the partial derivative of E(y) can be
explicitly expressed as:

∂E(y)

∂y(ℓ)
= −T (y)

(
Λ∥(y)⊕ (−Λ⊥(y))

)−1
T (y)⊺

∂H(y)

∂y(ℓ)
E(y)

By aggregating this correction term across all dimensions ℓ ∈ {1, . . . , d}, we compute the exact Jacobian matrix J(y).
This analytical construction effectively avoids the systematic biases inherent in second-order root-finding processes when
tracking the ”tilt” of the normal space.

Because J(y) can become ill-conditioned when the initial point is far from the manifold, we employ a Levenberg-Marquardt
(LM) approach with a damping parameter σ > 0 to solve the KKT system. At the k-th iteration, given the current point
yk, we linearize the constraint as F (yk + s) ≈ F (yk) + J(yk)s. We then solve the following regularized linear system to
obtain the dual variable ν and the primal step s:(

J(yk)J(yk)
⊺
)
ν = (1 + σ)F (yk)− J(yk)(yk − x0)

s = − (yk − x0) + J(yk)
⊺ν

1 + σ

(31)
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To ensure that the iteration sequence strictly converges to a point within the valid ridge manifold boundaries (i.e., satisfying
the strict curvature condition λd∗+1(y) ≤ −β defined in Definition 3.2), we design a merit function with boundary penalties
to guide the line search:

M(y) =
1

2
|y − x0|2 +

c

2
|F (y)|2 + γmax

(
0, λd∗+1(y) + β

)2
(32)

where c > 0 is the penalty weight for the equality constraint, and γ > 0 is the penalty factor for curvature violations. During
each iteration, if the trial step ytrial = yk+s yields a decrease in the merit function (M(ytrial) < M(yk)), the step is accepted,
and the damping parameter σ is reduced. Otherwise, the step is rejected, σ is increased, and the LM system is solved again.
This procedure is repeated until the convergence criteria ∥F (y)∥ ≤ ϵtol and λd∗+1(y) ≤ −β are simultaneously met.

In our experiments, to find the exact projection of generated samples onto the log-density ridge manifold during the reverse
sampling phase, we set the intrinsic manifold dimension to d∗ = 3, 5, 8, 12 and enforce a strict normal curvature margin
of β = 10−3. For solving the KKT system, we employ Levenberg-Marquardt optimization algorithm with a maximum
of 30 iterations and a convergence tolerance of ϵtol = 10−6. A diagonal perturbation of ϵreg = 10−6 is introduced during
the Jacobian inversion to ensure numerical stability, and the penalty weights for both the equality constraint and curvature
violation in the merit function are set to c = γ = 100.0. Throughout the 1000-step diffusion generative trajectory, we
dynamically monitor the geometric distance to the manifold every 100 time steps using 200 samples.
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Algorithm 1 Projection onto Log-density Ridge Sets via Regularized LM

1: Input: Initial sample x0 ∈ Rd, score function ∇ log p(·), intrinsic dimension d∗.
2: Parameters: Curvature margin β = 10−3, tolerance ϵtol = 10−6, max iterationsNmax = 30, initial damping σ = 10−3,

KKT regularization ϵreg = 10−6, merit weights c = 100, γ = 100.
3: Initialize: y ← x0
4: for k = 0 to Nmax − 1 do
5: Compute score g ← ∇ log p(y) and Hessian H ← ∇2 log p(y)
6: Compute eigendecomposition of H to yield tangent basis T ∈ Rd×d∗ , normal basis E ∈ Rd×(d−d∗), and eigenvalue

matrices Λ∥,Λ⊥
7: Evaluate normal residual F (y)← E⊺g
8: if ∥F (y)∥ ≤ ϵtol and λd∗+1 ≤ −β then
9: return y Converged to exact ridge manifold

10: Construct analytical Jacobian J(y) ∈ R(d−d∗)×d via matrix perturbation
11: end if
12: for ℓ = 1 to d do
13: Compute normal basis derivative: ∂E

∂y(ℓ)
← −T

(
Λ∥ ⊕ (−Λ⊥)

)−1
T ⊺ ∂H

∂y(ℓ)
E

14: end for
15: Assemble Jacobian via column aggregation: J(y)← Λ⊥E

⊺ +
[(

∂E
∂y(1)

)⊺
g, . . . ,

(
∂E
∂y(d)

)⊺
g
]

16: Solve the regularized KKT system for dual variable ν and primal step s
17: Update dual variable: ν ← (J(y)J(y)⊺ + ϵregI)

−1((1 + σ)F (y)− J(y)(y − x0)
)

18: Compute primal step: s← − 1
1+σ

(
(y − x0) + J(y)⊺ν

)
19: Define trial step: ytrial ← y + s
20: Evaluate merit function to ensure constraints and boundary penalties
21: Evaluate trial merit: M(z) = 1

2∥z − x0∥
2 + c

2∥F (z)∥
2 + γmax

(
0, λd∗+1(z) + β

)2
22: if M(ytrial) < M(y) then
23: Accept step and decrease damping: y ← ytrial, σ ← max(σ/2, ϵreg)
24: else
25: Reject step and increase damping: σ ← 10 · σ
26: end if
27: end for
28: return y Return best approximation if max iterations reached
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J.5. Stability

In the tables below, we track the dynamic geometric relationship between the generated samples and the local ridge manifold
during the reverse sampling process. The columns are defined as follows: Step and t represent the iteration step and the
corresponding noise scale. Mean Dist. is the average geometric projection distance from the samples to the ridge manifold.
Curv. OK counts the samples that strictly meet the negative curvature condition (λd∗+1 ≤ −β). Mean Resid. shows the
initial normal score residual norm (∥F (xt)∥) before projection. Mean Gap is the average eigengap between the tangent
and normal spaces, which measures how well the manifold structure is separated. Failures counts how many times the
Levenberg-Marquardt projection algorithm failed to converge in 30 steps.

Importantly, the Reliable column counts samples that successfully converged with an eigengap strictly greater than zero
(λd∗ > λd∗+1). However, we must note a numerical behavior in the very early stages of generation (e.g., Steps 0 and
100). Although these samples are counted as ”Reliable” because their gap is technically > 0, their actual eigengaps are
extremely small (typically < 10−6). Physically, this means the local geometry is very close to random isotropic Gaussian
noise, causing the tangent and normal spaces to blend together. Because a clear manifold structure has not yet formed in
this high-noise phase, the algorithm’s numerical stability is weak. Therefore, the projection distances measured at these
earliest steps have limited geometric meaning. Based on this observation , we deliberately omit the initial high-noise stages
at t = 10.0 and t = 4.67 (i.e., Steps 0 and 100) in Figure 8(a).

Step t Mean Dist. Reliable Curv. OK Mean Resid. Mean Gap Failures

0 10.00000 5.373256 200 200 5.373264 0.000000 0
100 4.67624 3.108178 200 200 3.108809 0.000005 0
200 2.18672 3.038782 200 200 3.072826 0.000740 0
300 1.02257 2.805413 200 200 3.141728 0.014021 0
400 0.47818 2.339501 200 200 3.570831 0.081940 0
500 0.22361 1.990165 180 180 4.398019 0.275265 0
600 0.10456 1.927771 68 80 6.084632 1.476575 12
700 0.04890 1.191260 128 128 10.155400 5.755606 0
800 0.02287 0.971192 196 196 19.608429 4.012766 0
900 0.01069 0.919455 200 200 40.914448 1.886402 0

1000 0.00500 0.911901 200 200 86.183301 0.003698 0
Table 1. Dynamic manifold distance monitoring data during the reverse sampling process of the diffusion model (intrinsic dimension
d∗ = 3).

Step t Mean Dist. Reliable Curv. OK Mean Resid. Mean Gap Failures

0 10.00000 5.130307 200 200 5.130310 0.000000 0
100 4.67624 2.989573 200 200 2.989411 0.000007 0
200 2.18672 2.882148 200 200 2.919268 0.001082 0
300 1.02257 2.724726 200 200 3.124859 0.013572 0
400 0.47818 2.207066 200 200 3.423936 0.058334 0
500 0.22361 1.710056 200 200 4.212194 0.196339 0
600 0.10456 1.407467 180 180 5.857416 0.852296 0
700 0.04890 1.058827 192 192 9.560239 2.028122 0
800 0.02287 0.799892 200 200 16.567018 0.794553 0
900 0.01069 0.741769 200 200 32.952072 0.029825 0

1000 0.00500 0.664260 200 200 65.937224 0.001428 0
Table 2. Dynamic manifold distance monitoring data during the reverse sampling process of the diffusion model (intrinsic dimension
d∗ = 5).
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Step t Mean Dist. Reliable Curv. OK Mean Resid. Mean Gap Failures

0 10.00000 4.770034 200 200 4.770048 0.000000 0
100 4.67624 2.750176 200 200 2.750356 0.000002 0
200 2.18672 2.737994 200 200 2.785426 0.000339 0
300 1.02257 2.592569 200 200 3.022125 0.008972 0
400 0.47818 2.179726 200 200 3.496142 0.052296 0
500 0.22361 1.609191 200 200 4.321711 0.142764 0
600 0.10456 1.086982 200 200 5.644727 0.440631 0
700 0.04890 0.790139 200 200 8.168482 0.438126 0
800 0.02287 0.602685 200 200 13.046494 0.033540 0
900 0.01069 0.446253 200 200 20.609062 0.003741 0

1000 0.00500 0.394242 200 200 37.758054 0.000013 0
Table 3. Dynamic manifold distance monitoring data during the reverse sampling process of the diffusion model (intrinsic dimension
d∗ = 8).

Step t Mean Dist. Reliable Curv. OK Mean Resid. Mean Gap Failures

0 10.00000 4.487469 200 200 4.487473 0.000000 0
100 4.67624 2.584268 200 200 2.584496 0.000000 0
200 2.18672 2.636067 200 200 2.669750 0.000021 0
300 1.02257 2.265963 200 200 2.603463 0.000262 0
400 0.47818 1.901320 200 200 3.089631 0.001413 0
500 0.22361 1.445835 200 200 4.017063 0.006943 0
600 0.10456 1.017067 200 200 5.483668 0.024523 0
700 0.04890 0.690710 200 200 7.568390 0.013740 0
800 0.02287 0.493879 200 200 11.140062 0.000369 0
900 0.01069 0.344695 200 200 16.157481 0.000003 0

1000 0.00500 0.356638 200 200 32.602336 0.000000 0
Table 4. Dynamic manifold distance monitoring data during the reverse sampling process of the diffusion model (intrinsic dimension
d∗ = 12).
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K. More Experiment Results
K.1. Numerical Verification of Geometric Biases for Two-Point on MLP

We also verify the two-point example in the main text using a standard MLP in place of RFNN. The purpose of this
experiment is to check that the geometric picture from Section 3 is not specific to the RFNN parametrization. As in
Section 5.2, the dataset is D = {(−3, 0), (3, 0)} ⊂ R2, for which the ridge is the horizontal axis and the normal and tangent
directions are explicit.

Model Architectures We employ a two-layer MLP formA(x, t). The scalar t is first transformed via a sinusoidal embedding
of dimension 32. This embedding is concatenated with the input x ∈ R2, passed through a hidden layer of 128 units with
ReLU activation, and finally projected to R2.

Training and Loss Computation We trained for 3× 104 epochs with a learning rate of 1× 10−4. The gradient descent is
performed using the full-batch SGD optimizer in PyTorch and loss function (5). We numerically evaluate the integral in the
loss function (5) using the trapezoidal rule with 2,000 discretization points.

SDE and Sampling Details We model the diffusion process using a stochastic differential equation (SDE) with a drift
coefficient of f(x, t) = −x and a constant diffusion coefficient of g(t) =

√
2. For generation, we employ the Euler-

Maruyama sampler with N = 1000 discrete time steps. The time schedule follows a geometric progression decaying from
T = 10 down to δ = tmin = 10−3. Specifically, the time points are defined as ti = T · (tmin/T )i/N for i = 0, . . . , N .

Figure 9 shows that the same directional geometric pattern observed in RFNN also appears in MLP. The normal error
remains very small throughout training, and the generated samples stay tightly concentrated near the ridge y = 0. By
contrast, the tangential error settles at a visibly larger floor, and the generated samples spread along the line segment between
the two data points. Thus, even for MLP, the generated geometry is well explained by strong normal alignment together
with persistent tangential spread.

The weighting schedule again mainly affects the tangential geometry rather than the normal geometry. In particular,
w(t) = 1 yields the smallest tangential error and the strongest concentration near the two training points, while w(t) = ht
and w(t) = h2t produce progressively larger tangential floors and more pronounced edge-like interpolation. This is fully
consistent with the interpretation in Remark 3.8 and shows that the directional geometric picture is not tied to the RFNN
setting.

(a) Error Dynamics (b) w(t) = 1 (c) w(t) = ht (d) w(t) = h2
t

Figure 9. Error dynamics and generated samples of MLP. (a) Evolution of tangential errors (solid lines, left axis, linear scale) and
normal errors (dash-dot lines, right axis, log scale) during training. (b)–(d) Comparison of generated sample configurations under different
weighting schedules. Boxed numbers indicate sample counts around the target modes (radius = 0.5). The background color represents
the KDE plot.

K.2. RFNN on Different Sets
We consider additional 2D examples to illustrate that the ridge geometry continues to explain generation even when the
geometry is no longer as simple as in the two-point case. The purpose of these experiments is not primarily quantitative
verification, but to show that the proposed log-density ridge captures nontrivial low-dimensional generation patterns beyond
a single straight line.

TWO-POINT CASE: (-3,0), (3,0)

We compare three distinct weight schedules: w(t) = 1 (Figure 10), w(t) = ht (Figure 11), and w(t) = h2t (Figure 12).
Across all three cases, the same qualitative three-stage evolution is visible, but the later tangential behavior changes
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substantially with the weight schedule.
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Figure 10. Evolution of generated samples under the proposed sampling dynamics with weight schedule w(t) = 1. The visualization
displays snapshots of N = 2000 particles in a 2D plane during the sampling process. The background contours depict the kernel density
estimation (KDE) of the particle distribution. Samples reach the ridge neighborhood at Step 800. Steps 800–1800 illustrates Normal
Alignment. Steps 1800–2000 demonstrate Tangent Sliding.
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Figure 11. Evolution of generated samples under the proposed sampling dynamics with weight schedule w(t) = ht. The
visualization displays snapshots of N = 2000 particles in a 2D plane during the sampling process. The background contours depict
the kernel density estimation (KDE) of the particle distribution. Samples reach the ridge neighborhood at Step 800. Steps 800–1800
illustrates Normal Alignment. Steps 1800–2000 demonstrate Tangent Sliding.
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Figure 12. Evolution of generated samples under the proposed sampling dynamics with weight schedule w(t) = h2
t . The

visualization displays snapshots of N = 2000 particles in a 2D plane during the sampling process. The background contours depict the
kernel density estimation (KDE) of the particle distribution. Samples reach the ridge neighborhood at Step 1200. Steps 1200–1800
illustrates Normal Alignment. Steps 1800–2000 demonstrate Tangent Sliding.
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THREE-POINT CASE: (0,0), (5,0), (0,5)

This example shows that the theory is not limited to straight-line interpolation between two modes. Here the relevant ridge
geometry is asymmetric and bent, so the figures illustrate how the same reach–align–slide mechanism persists even when
the low-dimensional structure is no longer a single line segment. In particular, Figures 13, 14, and 15 show that for all
three weight schedules w(t) = 1, w(t) = ht, and w(t) = h2t , the late-stage motion follows the curved ridge induced by the
three-point configuration rather than collapsing onto a straight interpolation path.
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Figure 13. Evolution of generated samples under the proposed sampling dynamics with weight schedule w(t) = 1. The visualization
displays snapshots of N = 2000 particles in a 2D plane during the sampling process. The background contours depict the kernel density
estimation (KDE) of the particle distribution. Samples reach the ridge neighborhood at Step 800. Steps 800–1400 illustrates Normal
Alignment. Steps 1400–2000 demonstrate Tangent Sliding.
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Figure 14. Evolution of generated samples under the proposed sampling dynamics with weight schedule w(t) = ht. The
visualization displays snapshots of N = 2000 particles in a 2D plane during the sampling process. The background contours depict the
kernel density estimation (KDE) of the particle distribution. Samples reach the ridge neighborhood at Step 1000. Steps 1000–1600
illustrates Normal Alignment. Steps 1600–2000 demonstrate Tangent Sliding.
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Figure 15. Evolution of generated samples under the proposed sampling dynamics with weight schedule w(t) = h2
t . The

visualization displays snapshots of N = 2000 particles in a 2D plane during the sampling process. The background contours depict the
kernel density estimation (KDE) of the particle distribution. Samples reach the ridge neighborhood at Step 1200. Steps 1200–1600
illustrates Normal Alignment. Steps 1600–2000 demonstrate Tangent Sliding.

FOUR-POINT CASES

These examples probe more complicated ridge structures generated by four-point configurations. Figure 16 corresponds to
the symmetric configuration (±2,±2), where the ridge geometry is comparatively regular and the resulting sample evolution
is correspondingly structured. Figure 17 shows an unsymmetric four-point configuration, where the ridge becomes more
distorted and locally less regular. Figure 18 considers a qualitatively different arrangement in which three points form a
triangle and the fourth lies inside that triangle, producing a more intricate interior geometry. Taken together, these examples
show that the proposed ridge remains a useful reference object even when the local data structure becomes substantially
more complicated than in the two- and three-point cases, and that the qualitative reach–align–slide behavior is still visible
across these different configurations.
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Figure 16. Evolution of generated samples under the proposed sampling dynamics with weight schedule w(t) = ht. The
visualization displays snapshots of N = 2000 particles in a 2D plane during the sampling process. The background contours depict the
kernel density estimation (KDE) of the particle distribution. Samples reach the ridge neighborhood at Step 1200. Steps 1200–1600
illustrates Normal Alignment. Steps 1600–2000 demonstrate Tangent Sliding.
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Figure 17. Evolution of generated samples under the proposed sampling dynamics with weight schedule w(t) = ht. The
visualization displays snapshots of N = 2000 particles in a 2D plane during the sampling process. The background contours depict the
kernel density estimation (KDE) of the particle distribution. Samples reach the ridge neighborhood at Step 1200. Steps 1200–1600
illustrates Normal Alignment. Steps 1600–2000 demonstrate Tangent Sliding.
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Figure 18. Evolution of generated samples under the proposed sampling dynamics with weight schedule w(t) = ht. The
visualization displays snapshots of N = 2000 particles in a 2D plane during the sampling process. The background contours depict the
kernel density estimation (KDE) of the particle distribution. Samples reach the ridge neighborhood at Step 1200. Steps 1200–1600
illustrates Normal Alignment. Steps 1600–2000 demonstrate Tangent Sliding.

K.3. MNIST Trajectories

The figures in this subsection complement the quantitative MNIST results in the main text by showing the full visual
evolution of generated samples. Figure 19 displays the overall sampling process, while Figure 20 focuses on the final 200
steps. The main point is that the large-scale semantic structure emerges relatively early, whereas the final stage of sampling
produces only minor refinements. This is consistent with the main-text observation that normal alignment occupies most of
inference, while late-stage tangential motion becomes very limited.
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Figure 19. Visualization of the full sampling evolution for 10 independent trajectories. The process initiates from standard Gaussian
noise at Step 0. Distinct geometric structures begin to emerge around Step 200 as the samples are pulled towards the ridge manifold. By
Step 800, the digits (4 or 8) are clearly formed, showing that the semantic content has stabilized.

Figure 20. Evolution during the final sampling phase (Steps 800–1000). In this regime, the visual changes are negligible, restricted to
minor high-frequency refinements. This visual stability corroborates our quantitative finding that the tangent direction error plateaus,
indicating that the generated samples remain stationary on the manifold rather than drifting towards specific training data points.
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