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Dejan Stančević * and Luca Ambrogioni *

Donders Institute for Brain, Cognition and Behaviour, Radboud University
* Correspondence: dejan.stancevic@donders.ru.nl (D.S.); luca.ambrogioni@donders.ru.nl (L.A.)

Abstract

Generative diffusion models have emerged as a powerful class of models in machine learning, yet
a unified theoretical understanding of their operation is still developing. This paper provides an
integrated perspective on generative diffusion by connecting the information-theoretic, dynamical,
and thermodynamic aspects. We demonstrate that the rate of conditional entropy production during
generation (i.e. the generative bandwidth) is directly governed by the expected divergence of the score
function’s vector field. This divergence, in turn, is linked to the branching of trajectories and generative
bifurcations, which we characterize as symmetry-breaking phase transitions in the energy landscape.
Beyond ensemble averages, we demonstrate that symmetry-breaking decisions are revealed by peaks
in the variance of pathwise conditional entropy, capturing heterogeneity in how individual trajectories
resolve uncertainty. Together, these results establish generative diffusion as a process of controlled,
noise-induced symmetry breaking, in which the score function acts as a dynamic nonlinear filter that
regulates both the rate and variability of information flow from noise to data.

Keywords: generative diffusion models; stochastic thermodynamics; information theory; entropy
production; symmetry breaking; phase transition

1. Introduction
Generative diffusion models have rapidly become one of the most successful frameworks for

high-dimensional generative modeling. They were introduced in Sohl-Dickstein et al. [1] in analogy
with stochastic thermodynamics. Several works elucidated the theoretical foundations of the method
[2–4] and their practical implementation procedures [3,5]. Despite these efforts, a unified conceptual
understanding of their behavior is still emerging. Several perspectives on information theory, stochastic
thermodynamics, and the statistical physics of symmetry breaking have each shed light on different
aspects of diffusion models, but their interrelations remain fragmented. The purpose of this perspective
paper is to integrate these viewpoints into a single coherent theoretical picture.

Our central thesis is that generation in diffusion models proceeds through a sequence of noise-driven
symmetry-breaking transitions. These transitions determine when and how the model commits to a
specific generative outcome, structure the flow of information, regulate entropy production, and shape
the geometry of trajectories in state space. We refer to this synthesis as the information thermodynamics
of generative diffusion.

Information Theory and Entropy-Based Perspectives

A growing line of work has examined diffusion models from the standpoint of information
theory, focusing especially on how information about the clean sample x0 is progressively revealed
as noise is removed. Recent works have proposed information-theoretic decompositions of diffusion
dynamics [6,7] and have explored the role of conditional entropy in designing improved training
and sampling schedules [8,9]. Furthermore, Franzese et al. [10] show how information-theoretic tools
reveal the mechanisms by which latent abstractions guide generation. These approaches treat diffusion
as a sequential information transfer process and highlight that the effectiveness of generation depends
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on how rapidly uncertainty about x0 can be reduced. Central to these results is the observation that
the conditional entropy rate is directly linked to geometric quantities such as the divergence of the
score and the curvature of the log-density. This suggests that information flow is deeply connected to
the underlying dynamical and geometric structure of the generative process.

Phase Transitions, Associative Memories, and Symmetry Breaking

Parallel developments in statistical physics have revealed that diffusion models exhibit noise-
driven symmetry-breaking events, where the score field undergoes bifurcations and the generative
trajectories split into distinct modes [11,12]. High-dimensional analyses have linked these transitions
to mean-field phase transitions [13] and to dynamical behavior captured by stochastic localization [14–
17]. These bifurcations correlate with sharp changes in the Hessian of the log-density, revealing a
connection between symmetry breaking and information geometry. Similar mechanisms have been
studied in hierarchical generative settings [18,19] and in analyses of memorization, mode formation,
and semantic emergence [20–23]. Generative diffusion models have also been directly connected to
modern Hopfield networks and other associative memory networks [24–27], where generalization has
been associated with the emergence of spurious states [28]. Across these domains, the key unifying
insight is that the Hessian (or score Jacobian) mediates both stability of generative trajectories and the
structure of the data manifold.

Thermodynamics and the Role of Inferential Entropy

The connection between diffusion models and stochastic thermodynamics was first made explicit
in Sohl-Dickstein et al. [1], motivating a thermodynamic view of generation. Furthermore, this
connection was strengthened with a mathematical framework based on stochastic differential equations
(SDEs) formulated in Song et al. [2], Rombach et al. [29] and is central to the modern understanding of
diffusion models. However, the notion of entropy that is commonly used in stochastic thermodynamics
[30,31] measures the irreversibility of the forward process. While such quantities yield elegant speed-
accuracy tradeoffs [32], they characterize the evolution of the distribution of trajectories rather than
the uncertainty relevant for generating a single sample. Instead, we argue that what matters during
generation is the uncertainty about the clean sample x0.

For this reason, it is more natural to study the conditional entropy H[x0|xt] and, at the trajectory
level, the pathwise conditional entropy ht(xt), whose fluctuations capture the temporary multimodality
experienced by individual generative paths. As in stochastic thermodynamics, such pathwise entropies
can increase along single trajectories, even when the average conditional entropy decreases. We show
that these fluctuations reveal symmetry-breaking events; the model becomes momentarily undecided
among competing hypotheses for x0, leading to spikes in conditional entropy variance and amplified
sensitivity to noise.

Our Perspective

We unify these threads by showing that information flow, symmetry breaking, and dynamical
instability are different manifestations of the same underlying mechanism governing diffusion models.
In particular, we show that:

1. Entropy as a detector of symmetry breaking: Symmetry-breaking transitions are accompanied
by pronounced changes in ensemble-level information measures. In particular, the conditional
entropy rate Ḣ[x0 | xt] exhibits sharp peaks around bifurcation points, reflecting an increased
sensitivity of the generative process to noise. These peaks provide direct information-theoretic
signatures of symmetry-breaking transitions.

2. Noise-driven decisions: These information-theoretic signatures arise when the score field be-
comes weak along a low-curvature direction, temporarily losing its ability to suppress stochastic
fluctuations. In such regimes, noise plays an active role in selecting which generative branch the
trajectory follows, effectively making the generative decision.
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3. Path divergence via Lyapunov instability: The same loss of curvature is reflected in the Jacobian
of the score, whose spectrum develops positive eigenvalues along the unstable directions. As a
result, nearby generative trajectories diverge exponentially, leading to macroscopic separation
between paths that correspond to different generative outcomes.

4. Non-monotonic pathwise entropy: At the level of individual trajectories, this divergence mani-
fests as heterogeneous resolution of uncertainty about x0. Consequently, the pathwise conditional
entropy need not evolve monotonically along single paths and may transiently increase, reflecting
temporary ambiguity during the symmetry-breaking decision process. This results in the variance
of pathwise conditional entropies peaking.

Together, these results establish a conceptual framework in which entropy production, posterior
geometry, and dynamical stability are unified through the lens of noise-driven symmetry breaking.
This perspective clarifies the mechanisms by which diffusion models transform noise into structured
data and highlights the central role of symmetry in shaping generative dynamics.

2. Information Theory
We start by presenting an introduction to the information theory of sequential generative model-

ing, which will open the door to the analysis of generative diffusion.
Consider a game of Twenty Questions where an interrogator player may ask twenty binary ques-

tions concerning a set to an "oracle" player in order to gradually reveal the identity of a predeter-
mined element y∗ in a finite set Ω = {y1, . . . , yN0} with N0 elements. We denote the size of the
possible set Ωj−1(a1:j−1) after j − 1 questions as Nj−1(a1:j−1). The answer aj to the j-th question
qj then divides the set into two possible subsets with sizes N1

j (a1:j−1) = Nj(aj = 1, a1:j−1) and

N0
j (a1:j−1) = Nj−1(a1:j−1)− Nj(aj = 1, a1:j−1). Assuming a fixed set of questions, the expected uncer-

tainty experienced by the player after the j-th question can be quantified by the conditional entropy:

H(y∗ | a1:j) = −Ey∗ ,a1:j

[
log2 p(y | a1:j)

]
= Ea1:j

[
log2 Nj(a1:j)

]
(1)

where y∗ is sampled uniformly from Ω. Under these conditions, the expected entropy reduction
associated to a given question is given by

∆Hj = Ea1:j

[
log2 Nj−1 −

N0
j

Nj−1
log2 N0

j +
N1

j

Nj−1
log2 N1

j

]
, (2)

where we left the dependence on the set of answers implicit to unclutter the notation. It is easy to see
that the maximum bit rate is 1, which is achieved when N0

j = Nj−1/2. Assuming that 20 questions
are enough to fully identify the value of y∗, we can encode each y in the string of binary values a1:20,
which makes clear that the question answering process consists of gradually filling in this string. Using
the language of generative diffusion, we can re-frame this process in terms of a ’forward’ process,
where the string a1:20 corresponding to an element of Ω is sampled in advance and then transmitted to
the j-th ’time point’ through the following non-injective forward process

Rj(a1:20) = a1:j , (3)

which deterministically suppresses information by masking the values of the string. The solution
of a Twenty Question game can then be seen as inverting this ’forward process’. Note that the
forward process leads to a sequence of monotonically non-decreasing marginal conditional entropies
H(y∗ | a1:j) < H(y∗ | a1:j−1), which is a fundamental feature of a forward process in diffusion models
that captures the fact that information is lost by the forward transformation.

Now consider the case where a lazy oracle forgot to select a word in advance and decides instead
to answer the questions at random under the probability determined by the sizes N0

j and N1
j , which

we assume to be fixed given the questions. Strikingly, this reformulation does not make any observable
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difference from the point of view of the interrogator as each (randomly sampled) answer equally
reduces the space of possible words and it results in the same entropy reduction, until a final guess
can be offered. Therefore, the game of Twenty Questions with a random oracle can be interpreted as a
sequential generative process where the state at ’time’ j is given by a binary string a1:j with Markov
transition probabilities

p(aj+1 = 0 | a1:j) =
N0

j+1(a1:j)

Nj(a1:j)
(4)

The conditional entropy rate ∆Hj determines how much information is transferred from ’time’ j
to the final generation.

As we shall see, the reverse diffusion process can be seen as analogous to this ’generative game’
with the score function playing the part of the interrogator and the noise ϵt playing the role of the
oracle. Like in the interrogator in the generative Twenty Questions game, the score function can reduce
the information transfer by tilting the probabilities of the stochastic increments out of uniformity,
which reduces the impact of the noise. This phenomenon is related to the divergence of the vector field
induced by the score function, which causes amplification of small perturbations during the generative
dynamics. We will also see that the phenomenon is connected to the branching of paths of fixed-points
of the score and consequently to the phenomenon of generative phase transitions and spontaneous
symmetry breaking [11].

2.1. Score-Matching Generative Diffusion Models

The sequential generation example outlined above is analogous to the masked diffusion models
[33,34]. On the other hand, score-matching generative diffusion models are continuous-time sequential
generative models where the forward process is given by a diffusion process such as

dxt = ν(t) dW t , (5)

which is initialized with the data source p(x0) = ρ(y). Generation in score-matching diffusion consists
of integrating the ’reverse equation’ [2]:

dxt = −ν2(t)∇ log pt(xt)dt + ν(t) dW t , (6)

where, for notational simplicity, we restrict our attention to the forward process given in Eq. 5. Note
that Eq. 6 must be integrated backward with initial condition determined by the stationary distribution
of the forward process.

The fundamental mathematical object that determines the reverse dynamics is the score function,
which in this case can be expressed as ∇ log pt(xt) = Ey|xt

[
y−xt
σ2(t)

]
, where σ2(t) =

∫ t
0 ν2(τ)dτ is

the total variance of the noise at time t and the expectation is taken with respect of the conditional
distribution p(y | xt) ∝ p(xt | y)ρ(y). This expression can be further simplified by noticing that
xt = y + σ(t)zt:

∇ log pt(xt) = −Ezt |xt

[
zt

σ(t)

]
(7)

where z is a standard normal vector. In other words, the score is the negative of the average (rescaled)
noise and it therefore provides the optimal (infinitesimal) denoising direction.

In dynamical term, the score function determines the vector field (i.e. the drift) that guides the
generative paths towards the distribution of the data.

In practice, a normalized score network s(xt; θ) should be trained to minimize the rescaled
score-matching loss:

Lsm(θ, t) = Ext

[
∥σ(t)∇ log pt(xt)− s(xt; θ)∥2

]
(8)
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This loss function cannot be computed directly because the true score is not available. However, Eq. 8
can be re-written using Eq. 7 and expanding the square:

Lsm(θ, t) = Ext

[∥∥∥Ezt |xt [zt] + s(xt; θ)
∥∥∥2
]

(9)

= Ezt ,y

[
∥zt + s(y + σ(t)zt; θ)∥2

]
−Ezt ,y

[
∥zt + σ(t)∇ log pt(y + σ(t)zt)∥2

]
.

Note that the second term is constant in θ, which means that the gradient solely depends on the
denoising loss:

Ld(θ, t) = Ezt ,y

[
∥zt + s(y + σ(t)zt; θ)∥2

]
. (10)

The constant term
Ct = Ezt ,y

[
∥zt + σ(t)∇ log pt(y + σ(t)zt)∥2

]
(11)

is of high importance for our current purposes. It quantifies the loss of the denoiser obtained from the
score function. This is therefore the unavoidable part of the denoising error that is still present given a
perfectly trained network. With a few manipulations, it is possible to show that this term is in fact
equal to the variance of the posterior denoising distribution:

Ct = Ey,xt [var(y | xt)] , (12)

which allows us to interpret this term as a measure of uncertainty at time t on the final outcome of the
generative trajectory.

3. Generative Information Transfer in Score Matching Diffusion
To characterize the generative information transfer we need to compute the conditional entropy

rate Ḣ[y | xt], which is the analogous of the discrete entropy reduction we gave in Eq. 2. The conditional
entropy is defined as

H[y | xt] = −Ey,xt [log p(y | xt)] (13)

To find the entropy rate, we can take the temporal derivative of Eq. 13 and use the Fokker-Planck
equation, which in our case is just the heat equation:

∂t pt(xt) =
1
2

ν2(t)∇2 pt(xt) . (14)

Using integration by parts, this results in

Ḣ[y|xt] =
ν2(t)

2

(
Ep(xt ,x0)

[∥∇ log p(xt|x0)∥2]−Ept(xt)[∥∇ log p(xt)∥2]
)

=
ν2(t)

2

(
D

σ2(t)
−Ept(xt)[∥∇ log p(xt)∥2]

)
,

(15)

where D is the dimensionality of the ambient space. From this formula, we can see that the maximal
bandwidth is reached when the Euclidean norm of the score function is minimized.

3.1. Score Norm and Posterior Concentration

To gain some insight on the significance of the square norm and the expression for the con-
ditional entropy we will consider the following case. We assume a discrete data distribution
p0(y) = 1

N ∑N
i=1 δ(y − yi) with empirical mean equal to zero.
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At time t, the marginal density is given by a Gaussian smoothing of the data,

pt(x) =
1
N

N

∑
i=1

φσ(t)(x − yi), (16)

where φσ(t) denotes an isotropic Gaussian with variance σ2(t). The posterior distribution over data-
points is

p(yi | xt) =
φσ(t)(xt − yi)

∑N
k=1 φσ(t)(xt − yk)

. (17)

The score function can then be written as the posterior average

∇ log pt(xt) = Ey|xt

[
y − xt

σ2(t)

]
=

1
σ2(t)

(
µ(xt)− xt

)
, µ(xt) := E[y | xt]. (18)

We now assume that the data vectors satisfy

y⊤i yj ≈ 0 (i ̸= j), ∥yi∥2 ≈ R2, (19)

i.e. datapoints are approximately orthogonal and lie at a common distance R from the mean. Under
this assumption, the squared norm of the posterior mean simplifies to

∥µ(xt)∥2 =
∥∥∥ N

∑
i=1

p(yi | xt) yi

∥∥∥2
≈ R2

N

∑
i=1

p(yi | xt)
2. (20)

Taking expectations with respect to pt(xt), we obtain

Ext

[
∥∇ log pt(xt)∥2

]
=

1
σ4(t)

(
Ext

[
∥µ(xt)∥2

]
− 2Ext [x

⊤
t µ(xt)] +Ext [∥xt∥2]

)
. (21)

The first term captures the data-dependent structure of the score and, using Eq. (20), can be
written as

Ext

[
∥µ(xt)∥2

]
≈ R2 Ext

[
N

∑
i=1

p(yi | xt)
2

]
. (22)

The quantity ∑i p(yi | xt)2 measures the concentration of the posterior over datapoints. It satisfies
1/N ≤ ∑i p(yi | xt)2 ≤ 1, interpolating between a fully diffuse posterior and complete concentration
on a single datapoint.

The remaining two terms in Eq. (21) can be estimated explicitly under the forward model xt =

y + σ(t)z, where z ∼ N (0, I) is independent of y. We have

Ext [x
⊤
t µ(xt)] = Ext

[
x⊤t E[y | xt]

]
= Ext ,y[x

⊤
t y] = E∥y∥2 ≈ R2, (23)

Ext

[
∥xt∥2

]
= E∥y∥2 + σ2(t)E∥z∥2 ≈ R2 + Dσ2(t), (24)

where D denotes the ambient dimensionality.
Substituting Eqs. (22), (23), and (24) into Eq. (21) yields

Ext

[
∥∇ log pt(xt)∥2

]
≈ R2

σ4(t)

(
Ext

[
N

∑
i=1

p(yi | xt)
2

]
− 1

)
+

D
σ2(t)

. (25)

The second term coincides with the expected squared norm of the score of the forward Gaussian
kernel and therefore represents a data-independent baseline contribution. The first term encodes
the deviation from pure diffusion induced by the structure of the dataset and depends solely on the
posterior distribution over datapoints.
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Using the bound 1/N ≤ ∑N
i=1 p(yi | xt)2 ≤ 1, we obtain the inequality

− (N − 1)R2

Nσ4(t)
≤ R2

σ4(t)

(
Ext

[
N

∑
i=1

p(yi | xt)
2

]
− 1

)
≤ 0. (26)

As a consequence, the expected squared norm of the score is always bounded above by the forward
kernel contribution, ensuring that the marginal entropy remains a monotonically increasing function
of time.

Further insight can be gained by rewriting the purity term as

Ext

[
N

∑
i=1

p(yi | xt)
2

]
=

1
N

N

∑
i=1

∫
p(yi | xt) p(xt | yi) dxt. (27)

This expression makes explicit that the deviation from the diffusion baseline is controlled by the overlap
of the forward kernels. If, at time t, the datapoints have effectively merged into m indistinguishable
groups (with identical posteriors), the purity evaluates to m/N, yielding

Ext

[
N

∑
i=1

p(yi | xt)
2

]
− 1 =

m − N
N

. (28)

Therefore, increasing mixing among datapoints (smaller m) makes the data-dependent term more
negative, reducing the expected score norm and increasing the conditional entropy rate.

This result allows us to interpret the magnitude of the score vector as a quantitative estimate of
uncertainty in the denoising process: when multiple datapoints are compatible with the noisy state xt,
posterior averaging suppresses the score, leading to enhanced entropy production (equation 15). As we
shall see in the rest of the paper, we can associate peaks in the entropy rates with symmetry-breaking
bifurcations that correspond to noise-induced ’choices’ between possible data points.

3.2. Conditional Entropy Production as Optimal Error

The conditional entropy rate quantifies the instantaneous generative information transfer at any
given moment in time. It can be shown (see [8]) that this quantity is closely connected to the optimal
denoising squared error, which is the variance of the denoising distribution:

Ḣ[y|xt] =
1
2

ν2(t)
σ4(t)

Ey,xt [var(y | xt)] . (29)

Intuitively, this means that the information rate is directly related to the denoising uncertainty at a
given time.

Using this relation, we can now re-express the denoising score matching formula in Eq. 9 in terms
of the conditional entropy rate:

Ext

[∥∥∥Ezt |xt [z]− s(xt; θ)
∥∥∥2
]
+

2σ4(t)
ν2(t)

Ḣ[y|xt] = Ezt ,y

[
∥zt − s(y + σ(t)zt; θ)∥2

]
, (30)

which implies that the entropy rate can be estimated from the training loss if we assume that the
network is well-trained.

3.3. Generative Bandwidth

It is insightful to investigate under what circumstances the score-matching diffusion model can
achieve the maximum possible generative bandwidth. From equation 15, it is clear that this happens
when E[∥∇ log pt(xt)∥] = 0, which in turn is obtained if the score vanishes almost everywhere.
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To realize this situation, we can consider a data distribution ph(y) to be a centered multivariate
normal with variance h2. In this case, the score function is just:

∇ log pt(xt) = − xt

σ2(t) + h2 , (31)

which vanishes everywhere for h → ∞, giving a maximum entropy rate:

Ḣ[x0 | xt] =
1
2

Dν2(t)
σ2(t)

. (32)

This corresponds to a setting where the particles are free to diffuse since every possible generation is
equally likely. From this, we can conclude that the score function has the negative role of suppressing
fluctuations along ’unwanted directions’ to preserve the statistics of the data and that peaks in the
information transfer comes from periods where noise fluctuations are not suppressed. Note that the
maximum bandwidth scales with the dimensionality D.

Now consider the case where the distribution of the data is a centered Gaussian in a Ddata-
dimensional subspace with Ddata ≤ D. In this case, the expected norm of the score decomposes as
follows

E
[
∥∇ log pt(xt)∥2

]
=

Ddata

σ2(t) + h2 +
D − Ddata

σ2(t)
→ D − Ddata

σ2(t)
(33)

which leads to the entropy rate

Ḣ[x0 | xt] =
1
2

Ddataν2(t)
σ2(t)

. (34)

In this case, the score function suppresses entropy reduction in the subspace orthogonal to the data
and therefore acts as a linear analog filter. Note that the entropy rate is zero when Ddata is equal to zero
since all the distribution is in this case collapsed into a single point and no ’decision’ needs to be made.

4. Statistical Physics, Order Parameters and Phase Transitions
In this section, we will connect the information theoretical concepts we outlined above with con-

cepts from statistical physics such as order parameters, phase transitions and spontaneous symmetry
breaking. We will start by studying the paths of fixed-points of the score function and use them to
track ’generative decisions’ (i.e. bifurcations) along the denoising trajectories. As we will see, the
stability of these fixed-points paths is regulated by the Jacobian of the score and it is deeply connected
with the conditional entropy production.

4.1. Branching Paths of Fixed-Points and Spontaneous Symmetry Breaking

The fixed-points of the score function are defined by the equation:

∇ log pt(x∗t ) = 0. (35)

We denote the set of fixed-points at time t as Ψt. The solutions of this fixed-point equation can be
organized in a set Ω of piecewise continuous paths γ : R+ → Rd ∈ Ω. To remove ambiguities,
we assume that, if γ(τ) is discontinuous at τ0, then the one-sided limit exists and γ(τ0) is equal to
limt→τ+0

γ(t) = arg minx∈Ψτ0
limt→τ+0

[∥x − γ(t)∥]. We know that limt→∞ γ(t) = 0 for all paths since
the zero vector is the only fixed-point of the score of the asymptotic Gaussian distribution. Any two
paths γ1(t) and γ2(t) can be proven to overlap for a finite range of time, meaning that γ1(t) = γ2(t) if
t ≥ τ1,2 ∈ R+ (this follows from the results in [35–37] on the number of modes of mixture of normal
distributions). We refer to τ1,2 as the branching time of the two paths. The branching time of two paths
of fixed points can roughly be interpreted as a decision time in the generative process, where the sample
will be ’pushed’ by the noise in either one or the other path during the reverse dynamics. It is therefore
insightful to study the behavior of the paths at the branching times. In general, this can happen if
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there is a discontinuous jump in a path γ(t). Perhaps more interestingly, two paths can also branch
continuously at a finite time. This can be studied by analyzing the Jacobian matrix of the score function:

Jt(x∗t ) = ∇T∇ log pt(x∗t ). (36)

We call a path point γ(t) stable at time t if Jt(γ(t)) is negative-definite. We say that the path is stable
if this is true for all t ∈ R+ except for a countable set of time points tj where the Jacobian is negative
semi-definite. Now consider two stable paths γ1(t) and γ2(t) that branch continuously at time τ1,2.
Given the asymptotic separation vector

v1,2 = lim
t→τ−1,2

(γ2(t)− γ1(t))
∥γ2(t)− γ1(t)∥

,

it can be shown that vT Jt(γ(t))v < 0 in a finite interval (τ1,2, τ1,2 + ϵ) and that

lim
t→τ+1,2

vT Jt(γ1(t))v = 0 ,

which implies that the second directional derivative of D2
v log pt(xt) along v vanishes at the branching

point.
Consider now a generative diffusion with an initial distribution given as

p0(y) =
1
K

K

∑
j=1

δ(y(j) − y) , (37)

with K distinct data-points y(j) ∈ Rd. In this case, there are exactly K distinct stable fixed-point paths
γj(t), with γj(0) = y(j). Again, any two paths branch at a finite time τj,k. For a given t, we can partition

the set of data-points in equivalence classes, where two data-points y(j) and y(k) share the same class if
their associated path coincide at t. Importantly. Each equivalence class corresponds to an individual
fixed-point, which allows us to associate each fixed-point x∗ ∈ Ψt to a sub-set of data-points that are,
using colorful language, fused together. More precisely, we can express the fixed-points as weighted
averages of data-points obtained by solving the self-consistency equation:

x∗ =
K

∑
j=1

wj(x∗)y(j) (38)

where

wj(x) =
e
(
−∥y(j)∥2

/2+xTy(j)
)

/σ2(t)

∑K
k=1 e

(
−∥y(k)∥2

/2+xTy(k)
)

/σ2(t)
. (39)

Note that this average has non-zero weight on all data points, which is why we cannot find the location
of the fixed-point solely based on its equivalence class. However, usually the weights corresponding
to data-points in the equivalence class will be substantially larger than the other weights and will
therefore dominate the average. In summary, we can interpret the set of fixed-points as a decision tree
where each branching point roughly coincides with a split between two sets of data points.

An example of spontaneous symmetry breaking happens when the generative path needs to ’de-
cide’ between two isolated data-points. Consider again the mixture of delta case and two neighboring
data-points y1 = v and y2 = −v. If the distance between the center of mass of these two points and
the nearest external data-point is much larger than σ(t), there will be a fixed point approximately
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located along the line segment connecting the two points. In these conditions, we can consider the
fixed-point equation restricted to the projections on v:

x∗v = tanh
(

x∗v + ϕ(x∗v , t)
σ2(t)

)
(40)

where ϕ(x∗v, t) encapsulates the interference due to all other data-points, which we, in this example,
we assume to be small relative to the norm of the separation vector:

ϕ(x∗v , t) =
σ2(t)

2

(
log

(
ex∗v +

K

∑
j ̸=1,2

y(k)v e
(
−∥y(k)∥2

/2+xvy(k)v

)
/σ2(t)

)
− x∗v

)
.

If we approximate the interference function with constant ϕ using a zero-th order Taylor expansion,
Eq. 40 becomes the self-consistency equation of a Curie-Weiss model of magnetism, with temperature
T = σ2(t) and external magnetic field ϕ. The solutions of this equation can be visualized as intersection
points between a straight line and a hyperbolic tangent (see [12] and [11] for a detail analysis). When ϕ

is finite, the system transitions discontinuously from one to two fixed-points, which corresponds to a
first-order phase transition in the magnetic system. However, the size of the discontinuity vanishes
when ϕ = 0, when there is an exact symmetry between the two data-points (see Figure 1). This gives
rise to a so called critical phase transition, where a single fixed-point at x∗ = 0 continuously splits
into two paths x1(t) and x2(t) with x1,2(t − tc) ∼ ±(t − tc)1/2 for t → 0. The loss of stability of the
fixed-point at the origin corresponds to the vanishing of the quadratic well around the point:

∂2

∂x2
v

log ptc(x∗tc) = 0, (41)

where, in this case, x∗tc
= 0 for t < tc. The analysis we just carried out involves the breaking of

the permutation symmetry between two isolated data-points. On the other hand, if the symmetry is
broken along all directions like in the case where the data manifold is a sphere centered at x∗t , Eq. 41
implies that

Tr
[
∇T∇ log pt(x∗tc)

]
= ∇ · ∇ log pt(x∗tc) = 0 (42)
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Figure 1. Conditional entropy profile (left) and paths of fixed-points (right) for a mixture of two delta distributions.
The color in the background visualizes the (log)density of the process.

Therefore, the change in stability condition can be reformulated as the local vanishing (or suppres-
sion in a less symmetric case) of the divergence of the vector field that drives the generative dynamics.
The transition from the super-critical (t > tc) and the sub-critical (t < tc) phases then corresponds to a
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sign change in the divergence of the vector field (i,e, the score) in the spherically-symmetric case, or a
sign change of the divergence restricted to a sub-space in the general case, with the sub-critical regime
being characterized by positive eigenvalues of the Jacobi matrix that lead to divergent local trajectories
(see Figure 2).

t

x

t

x

Figure 2. Stability and instability of trajectories in different parts of a symmetry-breaking potential. Generative
branching is associated with divergent trajectories.

5. Dynamics of the Generative Trajectories
Around a point x∗, the local behavior of the generative trajectories under the deterministic ODE

flow dynamics can be characterized by its Lyapunov exponent, which quantifies the separation rate of
infinitesimally close trajectories. In particular, the minimal local exponent for a perturbation along a
unit vector w, which in the reverse dynamics can be defined as

lw(t, x) = lim
τ→∞

lim
w→0

1
τ

log
∥xt−τ(xt + w)− xt−τ(xt)∥

∥w∥ , (43)

where xt−τ(xt + w) denotes a deterministic generative trajectory with the perturbed initial condition.
Note that in reality τ cannot tend to infinity in the generative dynamics since time is only defined up
to 0. However, we will still consider this limit since we are only interested in the local asymptotic
behavior of the linearized dynamics around a bifurcation point. Under the reverse dynamics, when
the Lyapunov exponent along w is negative, infinitesimal perturbations are amplified exponentially
(at least locally) by the generative dynamics.

We can use the notion of minimal local Lyapunov exponent to formalize the phenomenon of
local divergence of trajectories after a spontaneous symmetry-breaking event at tc. To study the local
sub-critical behavior, we consider the linearization of the dynamics around the unstable fixed point for
t < tc and tc − t = ϵ:

lw(tc + ϵ, x) = lim
τ→∞

lim
w→0

1
τ

log

∥∥∥e−τ Jtc−ϵ(x∗tc−ϵ)w
∥∥∥

∥w∥ = λmin(x∗tc−ϵ, tc + ϵ) , (44)

where λmin(x∗tc−ϵ, tc + ϵ) is the smallest of the eigenvalue of the Jacobi matrix whose eigenvectors
overlap with w. In the immediate sub-critical phase of a symmetry breaking phase transition, we
know that there is a non-empty sub-space spanned by the eigenvector of the Jacobian corresponding
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to negative eigenvalues. Therefore, perturbations along this unstable eigen-space will be exponentially
amplified by the generative dynamics. In the stochastic case, this can be seen as a critical ’macroscopic
amplification’ of the infinitesimal noise input, where the noise breaks the symmetry of the generative
model. In the deterministic dynamics, the symmetry is instead broken by the amplification of small
differences between the generative trajectories.

In general, we will refer to the spectrum of Jacobian eigenvalues λj(xt, t) as the local Lyapunov
spectrum. As we shall see, this spectrum can be directly related to the conditional entropy production.

5.1. The Global Perspective on Generative Bifurcations

In the previous sections, we characterized the generative dynamics of diffusion models by
studying the associated paths of fixed-points in term of their stability and bifurcations, which led
us to establish formal connections with the statistical physics of phase transitions and symmetry
breaking. However, in high dimension, small volumes around a fixed-point have vanishingly low
probability of being visited. In fact, due to the dispersive effect of the noise, the generative trajectories
are concentrated on fixed-variance shells around the fixed points. More formally, these set of "typical"
points form tubular neighborhoods of the set of fixed-points (see 1). It is therefore unclear how a
bifurcation in a path of fixed-points affects the behavior of the generative trajectories, since the analysis
we presented in the previous sections was purely local.

To gain insight into the global behavior of the typical generative trajectories, we can study the
expected divergence of the vector field at time t

div(t) = Ext [∇ · ∇ log pt(xt)] = Ext

[
Tr
[
∇T∇ log pt(xt)

]]
. (45)

If div(t) is negative, the separation between the generative trajectories will, on average, be contracted
by the generative dynamics. The simplest example of this contractive behavior can be studied by
considering a data distribution with a single point: p0(xt) = δ(y − c). In this case, all trajectories
converge to c for t → 0, and we have

div1(t) = − D
σ2(t)

. (46)

where D is the dimensionality of the space. In the reverse dynamics, the negative sign implies that the
forward process produces a stable dynamics where the particles ’fall’ towards the data points.

In the general case, this quantity can be identified with the "trivial component" of the expected
divergence since it does not depend on the data but only on the forward process. In the general case, it
can be expressed as

div1(t) = Ext

[
Tr
[
∇T∇ log pt(xt | y)

]]
. (47)

We can therefore study the purely data-dependent part of the expected divergence by subtracting this
"trivial component":

∆div(t) = div(t)− div1(t) . (48)

Intuitively, ∆div(xt) encodes the separation of the typical trajectories in the reverse process due to
bifurcations in the generative process, which mirrors the local analysis we carried out in the previous
sections at the level of the fixed-points.

Using integration by parts, it is straightforward to connect the expected divergence with the
conditional entropy rate

Ḣ[y | xt] =
ν2(t)

2
∆div(t) (49)

Therefore, the expected data-dependent divergence of the generative trajectories directly determines
the conditional entropy rate. From this identity, we can immediately deduce that ∆div(xt) is non-
negative valued and consequently that div(t) ≥ div1(t).
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We can also show that the marginal entropy is produced by the expected divergence

Ḣ[xt] = −ν2(t)
2

div(t) , (50)

which implies that div(t) ≤ 0 since the marginal entropy is a monotonically increasing function of t
under our forward process. This reflects the fact that the forward process always lead to a dispersion
of the trajectories, regardless to the nature of the initial distribution. From this, we can conclude that
the maximum bandwidth is achieved when

div(t) = Ext

[
Tr
[
∇T∇ log pt(xt)

]]
→ 0 . (51)

This gives us a clear connection between the local vanishing of the Jacobian in spontaneous symme-
try breaking (Eq. 42) with the expected vanishing that corresponds to saturation of the generative
bandwidth.

5.2. Information Geometry

The derivation in the previous sub-section suggests a deep connection between the information
production and the geometry of the data manifold. We can further analyze this connection by using
concepts from information geometry [38]. The key connection is that conditional entropy rate is in fact
just the expected value of the trace of the Fisher information matrix, which can be defined as follows:

It(xt) = −Ey|xt

[
∇∇T log p(y | xt)

]
. (52)

This quantity quantifies the sensitivity of the posterior distribution p(y | xt) to changes in xt and can
be interpreted as a natural metric tensor on the variable xt. Using Bayes theorem and our simplified
forward process, the expression can be rewritten as

It(xt) = σ−2(t)
(

I + σ2(t)J(xt)
)

, (53)

Geometric information such as the manifold dimensionality is encoded in the spectrum of this matrix
[22,39–41]. The Fisher information metric provides information on the (local) manifold structure of the
data y as seen through the lenses of the noisy state xt. This is easy to see in the case where the data is
Gaussian with covariance matrix Σ0, which gives the formula

It = σ−2(t)I −
(

Σ0 + σ2(t)I
)−1

. (54)

When y is supported on a Ddata manifold, the (degenerate) eigenvalue λ|| corresponding to the orthog-
onal complement is equal to zero. On the other hand, in the flat limit, the tangent eigenvalues become
equal to Σ−1

0 . This implies that the dimensionality of the manifold is given by the dimensionality of the
eigenspace corresponding to the eigenvalue λ∥ = σ−2(t). In the general case, the eigen-decomposition
of I(xt) characterizes the local tangent structure of the manifold [40,41].

We can now use these expressions to cast light on the geometry of entropy production. The
conditional entropy rate is directly related to the trace of the Fisher information matrix:

Ḣ[y | xt] =
1
2

ν2(t)Ext [Tr[I(xt)]] , (55)

which reduces to Eq. 34 in the linear manifold case we just considered. From this perspective, it is clear
that the reduction in bandwidth is the result of the suppression of the eigenvalues of I(xt). This can
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also be seen in the general case by re-expressing the entropy rate in terms of the expected eigenvalues
of the Jacobi matrix:

Ḣ[y | xt] =
ν2(t)

2σ2(t)

(
D + σ2(t)∑

j
E
[
λj(xt)

])
. (56)

This equation shows that the entropy production is directly regulated by the spectrum of expected
local Lyapunov exponents, as studied in our local analysis.

We can better understand this formula by rewriting it as follows:

Ḣ[y | xt] =
ν2(t)

2 ∑
j

(
1/σ2(t) +E

[
λj(xt)

])
. (57)

From this, we can see that conditional entropy production in an eigenspace is fully suppressed when
E
[
λj(xt)

]
= −1/σ2(t), which is the eigenvalue of the Jacobian of the conditional score under the

isotropic forward process.

6. A Stochastic Thermodynamic Perspective
A central question in generative diffusion is how uncertainty about the clean sample x0 is resolved

as the model evolves from the noisy state xt toward the data manifold. As argued throughout this
paper, the appropriate notion of inferential uncertainty is the previously discussed conditional entropy
H[x0 | xt] and, more fundamentally, its pathwise realization. The study of pathwise entropy is naturally
motivated by ideas from stochastic thermodynamics. However, we believe that the commonly used
entropy in stochastic thermodynamics [30,31] is not the correct quantity for understanding generative
dynamics. It measures the irreversibility of the forward diffusion, not the uncertainty relevant to
generating a single outcome.

For a given point on the trajectory xt, we define its path-dependent conditional entropy as

ht(xt) = −
∫

p(x0 | xt) log p(x0 | xt) dx0. (58)

This quantity measures the uncertainty experienced along a single generative path. Its expectation is
the usual conditional entropy,

E[ht(xt)] = H[x0 | xt],

but its fluctuations encode a structure that is invisible to marginal entropies. In particular, as il-
lustrated in Figure 3, the pathwise conditional entropy ht(xt) can locally increase along individual
generative trajectories even as the mean conditional entropy decreases, a behavior reminiscent of
entropy fluctuations in stochastic thermodynamics. Such effects do not arise in autoregressive models,
where each generation step reduces uncertainty about the final sequence by revealing one token, since
H[xi+1:n | x1:i] ≤ H[xi+1:n | x1:i] + H[xi | x1:i−1] = H[xi:n | x1:i−1]. Whether these entropy fluctuations
in diffusion-based generation have any practical advantage, however, remains an open question.

To expose this dynamical heterogeneity, we consider the variance of the pathwise conditional
entropy,

Vh(t) := Var
[
ht(xt)

]
. (59)
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Figure 3. An example of conditional entropies and corresponding paths for a dataset of four data points.

6.1. Variance of Pathwise Conditional Entropy as a Signature of Symmetry Breaking

We find that the variance captures both symmetry-breaking transitions (see figure 3). To gain a
better understanding, we explore the general behavior of the variance and demonstrate a connection
with the speciation time [20].

Two limits are immediate. At very early times, the noise scale is negligible compared to the
curvature of the data manifold. The posterior p(x0 | xt) is effectively confined to the local tangent
plane, behaving as an isotropic Gaussian whose shape is determined solely by the intrinsic dimension
Ddata (we assume that the dimension is uniform across the manifold). Because the entropy of this
Gaussian depends on k and t but is insensitive to the specific location on the manifold,

ht(xt) ≈ const ⇒ Vh(t) ≈ 0. (60)

At very late times, the diffusion has effectively mixed the data distribution: xt carries little discrimi-
native information about the origin x0 and the posterior becomes approximately independent of xt,
again implying

ht(xt) ≈ const ⇒ Vh(t) ≈ 0. (61)

Thus, nontrivial variance can only arise in an intermediate regime where different trajectories resolve
uncertainty in different ways.

Furthermore, near a bifurcation/decision time tc, the ensemble contains a substantial fraction of
trajectories that are already decisively committed to a branch and a substantial fraction that remain
ambiguous. In this regime, ht(xt) becomes broadly distributed (some paths yield low entropy, others
high entropy), and Vh(t) is therefore maximized.

6.1.1. Connection with the Speciation Time

As already hinted, the variance of the pathwise conditional entropy can be used to locate the
speciation time for Gaussian-mixture data in the sense of Biroli et al. [20]. We provide a short argument
for why Var[ht(xt)] peaks at the speciation crossover by using a two-region picture of Biroli et al. [20]:
points where the class is effectively determined versus maximally mixed. A fully rigorous derivation
is possible, but we focus on the essential mechanism and keep the argument streamlined to make the
discussion clear and self-contained.

Recall that Biroli et al. [20] define the speciation time tS as the crossover at which (viewed in the
forward noising process) the injected noise blurs the principal “class” direction so that class identity
becomes hard to infer; equivalently, by time-reversal, it is the time in the backward process at which
trajectories start to commit to one of the classes.

We start by noticing that a single Gaussian has V(t) = 0. If p0(x0) = N (µ, Σ0) and the forward
kernel qt(xt | x0) is Gaussian, then p(x0 | xt) is Gaussian with covariance Σ0|t independent of xt, so
ht(xt) =

1
2 log det(2πe Σ0|t) is constant and the variance vanish.
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Let p0(x0) = ∑K
z=1 πz N (µz, Σ0) with latent index z ∈ {1, . . . , K}, and let qt(xt | x0) be the

(Gaussian) forward noising kernel. Define the pathwise conditional entropy

ht(xt) ≡ −
∫

p(x0 | xt) log p(x0 | xt) dx0, V(t) ≡ Varxt∼pt

[
ht(xt)

]
.

Now, assume that the mixture is well-separated. For each fixed t, the posterior admits the standard
separated-mixture approximation

p(x0 | xt) =
K

∑
z=1

wz(xt) p(x0 | xt, z), wz(xt) = p(z | xt),

where p(x0 | xt, z) is Gaussian, hence H
(

p(x0 | xt, z)
)
= hG(t) for all z. Using the entropy decomposi-

tion for (nearly) disjoint mixtures then yields

ht(xt) ≈ hG(t) + H
(
z | Xt = xt

)
, (62)

so the fluctuations of ht(xt) are governed by those of the discrete uncertainty H(z | xt).
Let wz(xt) = p(z | xt) be the posterior class weights and fix a small ε. For each t define the two

subsets
At

.
=
{

xt : max
z

wz(xt) ≥ 1 − ε
}

, Bt
.
=
{

xt : ∥w(· | xt)− π∥1 ≤ ε
}

,

and write α(t) .
= pt(At) and β(t) .

= pt(Bt). The dynamical-regimes setting precisely corresponds to
the statement that, for the mixture-of-Gaussians class considered in Biroli et al. [20], the regions At and
Bt carry the most mass for times outside a narrow window around the speciation time, i.e. pt(At) ≈ 1
or pt(Bt) ≈ 1 except near t ≃ tS.

On At, the posterior is nearly one-hot, while on Bt, the posterior is close to π. Hence, neglecting
the small boundary region Ct

.
= (At ∪ Bt)c, the random variable H(z | xt) is approximately:

H(z | xt) ≈

0 xt ∈ At,

H(π) xt ∈ Bt.

As a consequence, the variance admits the sharp lower/upper control

V(t) ≈ Varxt

(
H(z | xt)

)
≈ α(t) β(t)

(
H(π)− 0

)2, (63)

where we used that, when Ct is negligible, β(t) ≈ 1 − α(t) and the variance of a two-point mixture is
the product of the two masses times the squared gap. Equation (63) makes the mechanism transparent:
the variance is small when essentially all points are class-diagnostic (α(t) ≈ 1) or essentially all points
are well-mixed (α(t) ≈ 0), and it is largest when the population splits nontrivially.

To connect this directly to the dynamical-regimes diagnostics, note that the cloning “same-class”
probability can be written as

P(t) .
= Ext∼pt

[ K

∑
z=1

wz(xt)
2
]
.

Pre-speciation, w(· | xt) is almost one-hot for typical xt, so P(t) ≈ 1 and thus α(t) ≈ 1, implying
V(t) ≈ 0. Post-speciation (well-mixed), w(· | xt) ≈ π for typical xt, so P(t) ≈ ∑z π2

z and thus α(t) ≈ 0,
again implying V(t) ≈ 0. Since P(t) varies continuously with t (it is an expectation of a bounded,
smooth functional of the time-marginal pt under the Gaussian kernel), it must interpolate continuously
between these limiting values; correspondingly, the mass α(t) must continuously move from ≈ 1 to
≈ 0. Therefore the product α(t)(1 − α(t)) necessarily becomes Ω(1) in the crossover window, and by
(63) V(t) must develop a peak there. Under the dynamical-regimes picture where the transition in P(t)
sharpens with dimension/separation, this peak concentrates around the speciation time tS.
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For more general distributions (e.g. strongly non-Gaussian components), Var[ht(xt)] can also
exhibit an additional early-time peak associated with rapid local “Gaussianization” of pt under the
forward kernel. This peak is absent for the ideal Gaussian case and is suppressed when each component
is close to Gaussian.

7. Discussion & Conclusions
This paper has presented a unified framework that connects the dynamics, information theory,

and statistical physics of generative diffusion. We have shown that the generative process is governed
by the conditional entropy rate, which is directly tied to the expected divergence of the score function’s
vector field and, equivalently, to the expected squared norm of the score. This quantity captures
how uncertainty about the clean sample is resolved during denoising and reveals when the score is
suppressed, allowing noise to drive the dynamics. In this view, the branching of generative trajectories
arises from noise-induced symmetry-breaking transitions that occur when multiple datapoints remain
compatible with the noisy state, and the model is forced to commit to a specific outcome.

By analyzing the fixed points of the score function and their stability, we showed that these
generative decisions are formalized as bifurcations of the score field, which can be mapped onto
classical symmetry-breaking phase transitions such as those described by mean-field models like the
Curie–Weiss magnet. Peaks in the conditional entropy rate coincide with these bifurcation points,
marking moments of maximal posterior mixing and heightened sensitivity to noise, where small
fluctuations determine the generative branch taken by the system.

Our results also clarify the relationship between generative diffusion and stochastic thermody-
namics. While stochastic thermodynamic entropy characterizes the irreversibility of the process, the
conditional entropy studied here captures the inferential uncertainty relevant to generating a single
sample. At the trajectory level, the pathwise conditional entropy and its variance reveal heterogeneity
in how different generative paths resolve uncertainty, with variance peaks emerging precisely dur-
ing symmetry-breaking events. From this perspective, entropy fluctuations are not incidental but
constitute an information-theoretic signature of generative decisions.

In conclusion, generative diffusion can be understood as a dynamical system that progressively
breaks symmetries in the energy landscape while regulating the flow of information through posterior
mixing. The score function acts as a dynamic filter that suppresses noise along resolved directions while
leaving unresolved directions weakly constrained, thereby controlling the generative bandwidth. This
perspective provides a coherent explanation of how diffusion models transform noise into structured
data and connects the learning dynamics of modern generative models to fundamental principles of
information theory and statistical physics.

Beyond conceptual unification, this framework suggests practical implications for model design
and analysis. Because entropy production and posterior mixing are directly linked to the score norm,
they offer principled signals for identifying critical periods of high information transfer, motivating
adaptive training and sampling strategies that target generative decision points [8]. More broadly, the
information-thermodynamic perspective developed here provides a natural language for studying
memorization, mode formation, and generalization, and may guide the development of future gen-
erative models that explicitly leverage controlled symmetry breaking to represent hierarchical and
semantic structure.
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