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Abstract
When do language diffusion models memorize
their training data, and how to quantitatively as-
sess their true generative regime? We address
these questions by establishing that Uniform-
based Discrete Diffusion Models (UDDMs) fun-
damentally behave as Associative Memories
(AMs) with emergent creative capabilities. The
core idea of an AM is to reliably recover stored
data points as memories by establishing distinct
basins of attraction around them. Historically,
models like Hopfield networks use an explicit en-
ergy function to guarantee these stable attractors.
We broaden this perspective by leveraging that
energy is not strictly necessary, as basins of attrac-
tion can also be formed via conditional likelihood
maximization. This usage of conditional dynam-
ics enables a co-existence of factual recall, where
the UDDM can recognize unseen test sequences
as fixed points and recover their original tokens
given their partially corrupted version, alongside
the capability of synthesizing novel sentences.
We show that, as the training dataset size in-
creases, basins around training data points shrink
while basins around unseen test data points ex-
pand, eventually becoming indistinguishable from
one another. This memorization-to-generalization
transition can be also detected also using the con-
ditional entropy of predicted tokens, which vanish
in the memorization regime.

1. Introduction
Generative diffusion models (Sohl-Dickstein et al., 2015)
have set new standards for image and video generation (Ho
et al., 2020; Song & Ermon, 2019; Song et al., 2021; Rom-
bach et al., 2022). Yet, alongside their remarkable generative
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power, these models exhibit a well-documented tendency
to reproduce their training data (Somepalli et al., 2023a;b;
Carlini et al., 2023; Webster, 2023). Although recent stud-
ies have addressed the interplay between memorization and
generation in diffusion models (DMs), they predominantly
focus on the continuous image domain (Yoon et al., 2023;
Kadkhodaie et al., 2023; Biroli et al., 2024; Kamb & Gan-
guli, 2024; Achilli et al., 2024; Wen et al., 2024; Jeon et al.,
2024; Pham et al., 2025; Achilli et al., 2025). Their me-
chanics in the discrete domain, particularly for language
modeling, remain poorly investigated.

A particularly compelling instance of these questions arises
in the context of large language models. Works like (Brown
et al., 2020) and (Kojima et al., 2022) have found that these
models are capable of few-shot and even zero-shot capabili-
ties, referring to the model’s ability to perform novel tasks
with minimal or even no task-specific examples, or alter-
natively the possibility of retrieving appropriate responses
never encountered during training. The reasons behind the
emergence of these capabilities remain unclear, and the
push for models capable of both factual recall and creative
behaviors makes it difficult to define and assess what gener-
alization means in this regime.

Motivated by these phenomena, this work studies Uniform-
based Discrete Diffusion Models (UDDMs) (Austin et al.,
2021; Campbell et al., 2024; Gat et al., 2024; Sahoo et al.,
2024) through the theoretical lens of Associative Memories
(AMs) (Krotov et al., 2025). Fundamentally, a generative
system functions as an AM by reliably retrieving stored data
points, via producing distinct basins of attraction around
them (Hopfield, 1982; Gardner, 1988). Historically, attempt-
ing to overload these systems with too many data points
leads to a catastrophic memory blackout, where all mean-
ingful attractors are destroyed (Amit et al., 1987). However,
(Kalaj et al., 2025) has recently revealed a counterintuitive
regime: overloading an AM can instead trigger a gener-
alization phase where new attractors spontaneously form
near unseen examples from the underlying data distribu-
tion, while the memorization of the training data points
persists. The desired capability of language modeling of
having both factual recall and creative behaviors resembles
the co-existence of memory attractors and novel attractors
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Language Diffusion Models are Associative Memories Capable of Retrieving Unseen Data

Figure 1. Basins around training examples shrink and basins around test examples expand as the training dataset size increases. (A)
Textual examples showing two Tiny UDDMs’ token recovery at noise level t = 0.2, where each is trained on two different training
dataset sizes. With a small training dataset, the model fails to recognize unseen test tokens and alters them. With a larger training set,
these unseen tokens however become stable and remain intact after the sampling process. (B) Average total token recovery rates (%),
including both non-corrupt and corrupted tokens, for training and test sequences across varying corruption levels. Line colors indicate
the fractions of the training dataset used (ranging from small to large). As data scales, the model’s ability to flawlessly recover explicit
training examples drops (indicating shrinking basins), while its recovery rate of unseen test examples improves (indicating expanding
basins). The convergence of these rates at large dataset sizes (red curves) marks the sharp transition from memorization to generalization.
Note: Deterministic (greedy) sampling was used across these experiments to isolate from stochastic noise.

in AMs. For this reason, it seems useful to describe the
generalization phase of UDDMs from the perspective of
AMs, by focusing on the retrieval of seen and unseen test
examples. Notably, the co-existence of these two seemingly
contradicting capabilities has been studied in an analytically
tractable teacher-student setting (Farné et al., 2026).

Typically, AMs are characterized with an explicit and well-
defined energy functions, as seen in the Hopfield networks
(Hopfield, 1982; Amari, 1972) and Dense Associative Mem-
ories (Krotov & Hopfield, 2016; Ramsauer et al., 2021; Kro-
tov & Hopfield, 2021). However, this reliance on an explicit
and well-defined energy function is not strictly necessary to
guarantee attractor dynamics. As shown by (D’Amico et al.,
2026), conditional likelihood maximization alone produces
basins of attraction around the data points. Dropping the en-
ergy requirement is conceptually essential for extending the
AM framework to deep feed-forward architectures: there is
no reason to expect that a generic feed-forward network can

be written as an energy-based model, since this interpreta-
tion restricts the class of admissible architectures due to its
constraints on the symmetry of network’s weights (Krotov,
2021; Hoover et al., 2023a; Kozachkov et al., 2025). On the
contrary, the conditional likelihood structure already exists
in many widely used architectures (such as the Transformer
(Vaswani et al., 2017)), making it a natural connection with
AMs.

Contributions. Leveraging conditional likelihood dynam-
ics, our work establishes a connection between UDDMs and
AMs by showing that basins of attraction can be formed
through conditional likelihood maximization alone (via
pseudo-likelihood (Besag, 1974)) and provide a benefit for
AM. Specifically, in a simplified setting detailed in Sec. (3),
we establish that maximizing conditional likelihood implic-
itly enforces Hebbian learning (Hebb, 1949) on data points
while maximizing their classification margins, providing
a formal bridge between AM and generative models (like
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Figure 2. The convergence of corrupted training and test token recovery rates marks the phase transition from memorization to
generalization. The plots display the average token recovery rate (%) as the fraction of the training dataset grows, comparing the model’s
ability to denoise perturbed tokens (using stochastic sampling) from the training set (solid lines) against unseen test samples (dashed
lines) across various perturbation levels based on time t on the LM1B dataset (Chelba et al., 2013). In the limited-data regime, the model
exhibits memorization, perfectly recovering training samples while failing on test data. As the dataset expands, the recovery rates for
training and test sequences converge to an identical recovery rate, demonstrating that unseen samples have become stable attractors.
Notably, the model’s size dictates the timing of this shift, where the Medium model requires a significantly larger fraction of data to trigger
the transition, effectively prolonging the memorization phase.

UDDMs) which rely on conditional likelihood. Moreover,
unlike previous works which connect continuous DMs and
AMs (Hoover et al., 2023b; Ambrogioni, 2024; Pham et al.,
2025), we extend their results to the discrete setting of lan-
guage modeling.

This theoretical link of conditional likelihood maximization
and AM allows us to interpret UDDMs as AM systems and
reveals a sharp memorization-to-generalization transition
governed by training dataset size. As the training set gets
bigger, basins around training examples shrink while (par-
tial) basins around unseen test examples expand, eventually
converging to a regime where novel samples become stable
attractors (see Figs. 1 and 2). During memorization, the
UDDM fails to recognize unseen test tokens as stable points,
frequently altering them during the reverse process. Once
generalized, however, the model is likely to maintain these
tokens, preserving them if unperturbed and successfully re-
covering them from partially corrupted sequences via the
reverse process (see Figs. 1A and 3A for visual examples of
test and training points’ token recovery).

Empirically, we validate this transition using token recov-
ery rates and conditional entropy as complementary probes
for token stability and the memorization-to-generalization
transition. Crucially, token-level conditional entropy distin-
guishes between different token recovery behaviors, with
successfully recovered tokens exhibiting near-zero entropy
(see Fig. 3). Meanwhile, sequence-level conditional entropy
serves as a practical metric for detecting generalization, as
the entropy distributions of training and synthetic sequences
align perfectly once the transition is reached (see Fig. 4).
Furthermore, we reveal that while scaling up the model’s
parameter count delays the onset of this phase transition, it
ultimately narrows the average conditional “entropy gap” be-

tween training and synthetic (or generated) data, effectively
increasing the model’s confidence in its novel generations
(see Fig. 5). Interestingly, conditional entropy has also been
found to be crucial for scaling laws in autoregressive lan-
guage models (Cagnetta et al., 2026), which suggests a wide
range of usefulness of this metric in language modeling.

2. Uniform-State Discrete diffusion
Consider a clean token x ∈ V drawn from the data dis-
tribution qdata with the vocabulary V = {x ∈ {0, 1}K :∑K

i=1 xi = 1}. In the DDM framework, qdata is mapped
into a simple distribution through a sequence of Markov
states via a forward process that is somewhat akin to the
continuous diffusion framework (Austin et al., 2021; Sahoo
et al., 2024; 2025):

zt ∼ qt(zt|x;αt) = Cat(zt;αtx+ (1− αt)π), (1)

where π ∈ ∆, Cat(·) denotes categorical distribution, and
∆ denotes K-simplex. Here, zt denotes the perturbed token
at a time t ∈ (0, 1], where z0 = x. The diffusion parameter
αt ∈ [0, 1] is a strictly decreasing t-dependent function with
the boundary conditions: αt=0 ≈ 1 and αt=1 ≈ 0.

In UDDM, as shown by (Austin et al., 2021) and (Campbell
et al., 2024), the true reverse posterior of a previous timestep
s < t corresponding to the forward process (1) is

zs ∼ qs|t(zs|zt,x) = Cat

(
zs;

Kαtzt ⊙ x+ (αt|s − αt)zt

Kαt⟨zt,x⟩+ (1− αt)

+
(αs − αt)x+ (1− αt|s)

1
K

Kαt⟨zt,x⟩+ (1− αt)

)
, (2)

where ⟨·, ·⟩ denotes the dot product, ⊙ denotes Hadamard
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Figure 3. Token-level conditional entropy highlights different token recovery behaviors. (A) Textual examples showing how two
Medium UDDMs, trained on two different training dataset sizes, recover corrupted training sequences at noise level t = 0.5. The model
trained on a small training set perfectly memorizes and restores the original text. In contrast, the model trained on a large training set
recovers some original words but actively alters others to synthesize a novel sentence. (B) Density histograms of conditional entropy for
individual tokens from Fig. (2). Successfully recovered tokens consistently demonstrate much lower entropy, indicating higher model
confidence. While this gap between recovered and unrecovered tokens narrows in larger models, a surprising number of highly stable,
low-entropy tokens persists even during the generalization phase. Note: The y-axis is clipped to better contrast these two token types.

product, the relative diffusion parameter is αt|s =
αt

αs
, and

we have a uniform prior over V(π = 1/K) (Sahoo et al.,
2024; 2025).

Since the true clean token x is unknown during the genera-
tive process (2), the approximate reverse posterior is defined
as pθs|t(zs|zt) = qs|t(zs|zt,x = xθ(zt, t)). The neural net-
work xθ(zt, t) ≈ x is trained to predict the clean token x
at any time t according to Eq. (2), where we can formally
define this output as the conditional probability distribution
pθ(x|zt) = xθ(zt, t). The network’s parameters θ are opti-
mized via the Negative Evidence Lower Bound (NELBO)
objective (Austin et al., 2021; Sahoo et al., 2024):

LNELBO =

Eq

[
− log pθ(x|z0)︸ ︷︷ ︸

Lreconstruction

+
∑
s<t

DKL
[
q(zs|zt,x) || pθ(zs|zt)

]
︸ ︷︷ ︸

Ldiffusion

]

+DKL
[
q(z1|x) || pθ(z1)

]︸ ︷︷ ︸
Lprior

. (3)

By framing the network’s prediction as a categorical proba-

bility distribution, the cross-entropy terms within LNELBO
naturally enforce a finite classification margin and therefore
store training data points. As we will explore next, this
reliance on cross-entropy provides a mathematical link be-
tween discrete diffusion dynamics and AM systems. Lastly,
the form of UDDMs we used is based on (Sahoo et al.,
2025). Please see Appx. (B) for more details on this form
of UDDMs.

3. Associative Memories from Conditional
Sampling

Conditional sampling in UDDMs. To establish a connec-
tion between AMs and UDDMs, we rely on a specific aspect
that emerges from modeling sequences of discrete variables
in DMs: the core assumption (Austin et al., 2021; Hooge-
boom et al., 2021; Lou et al., 2024; Sahoo et al., 2024) is
that the denoising process of a sequence z1:L of length L
factorizes for each token zℓ as

pθs|t(z
1:L
s | z1:Lt ) =

L∏
ℓ=1

ψθ
s|t(z

ℓ
s | z1:Lt ), (4)
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where ψθ
s|t denotes the conditional probability

ψθ
s|t(z

ℓ
s | z1:Lt ) = Cat

(
zℓs; softmaxK

[
β(t) f ℓθ(z

1:L
t )

])
,
(5)

with f ℓθ(·) being the logits produced from a diffusion trans-
former (Vaswani et al., 2017; Peebles & Xie, 2023) and the
softmax is applied over the K-categories, which produces
a probability distribution per position ℓ. Here, β(t) is a
time-dependent inverse temperature, dependent on the dif-
fusion variable α(t), typically increasing as t → 0. These
conditional probabilities enter the cross-entropy terms of
NELBO (3) and are also used in practice during the denois-
ing process. This reliance on cross-entropy is what provides
the connection to AMs: as shown below and by (D’Amico
et al., 2026), the cross-entropy loss produces basins of at-
traction around the training data points in the dynamics of
conditional sampling for a basic AM, and translates with
minimal changes to UDDMs.

3.1. Simpler Setting: Binary Variables and Linear
Logits

Associative Memory using classification margins. Con-
sider an AM of L binary neurons sℓ ∈ {±1} with a non-
symmetric coupling matrix W ∈ RL×L, where its diagonal
entries are zero, we have the following deterministic update
rule:

sℓτ = sgn

( L∑
m=1

Wℓm smτ+1

)
, (6)

where we adopted the notation of the time τ running
backwards to highlight the connection with the backward
dynamics of DMs. Consider also a set of P examples
Ξ ∈ {±1}P×L, where x1:L ∈ Ξ is a binary vector of
length L. To build an AM, it is not sufficient to find an
optimal coupling matrix W∗ such that ∀x1:L ∈ Ξ is a fixed
point of Eq. (6), because it would not guarantee finite basins
of attraction around the examples. To create such basins, a
stronger condition is needed:

xℓ = sgn

( L∑
m=1

Wℓmxm + κ

)
, ∀ℓ = 1, . . . , L (7)

so that a classification margin κ ∈ R+ ensures that each
fixed point is robust to a finite amount of variable flips from
the deterministic update rule (Gardner, 1988; Gardner &
Derrida, 1988; Forrest, 1988; Benedetti et al., 2022). Larger
κ implies larger basins. Given the load γ = P/L, there
exists a maximum margin κmax(γ). As shown by (Soudry
et al., 2018) and (Montanari et al., 2024), training a Per-
ceptron with the cross-entropy loss in the separable regime
implicitly solves Eq. (7) with κ = κmax(γ), suggesting how
to produce large basins of attraction around the training
examples.

Conditional sampling. To connect the cross-entropy loss
with conditional sampling, it is useful to interpret this deter-
ministic update (6) as:

sℓτ = argmax
sℓ

ψτ |τ+1

(
sℓτ | s1:Lτ+1;W

ℓ
)

(8)

where we select the most probable state under the condi-
tional distribution (between position ℓ and its neighborhood
or 1 . . . L positions in the spin vector excluding ℓ1):

ψτ |τ+1(s
ℓ
τ | s1:Lτ+1;W

ℓ) =
exp

(
sℓτf

ℓ
W(s1:Lτ+1)

)
2 cosh

(
f ℓW(s1:Lτ+1)

) , (9)

where f ℓW(s1:Lτ+1) = β
∑L

m=1 W
ℓm smτ+1 with the inverse

temperature β2. For binary variables, Eq. (9) yields a lo-
gistic form. However, for generic categorical variables,
fℓ(s

1:L) are logits inside softmax(·) like that of Eq. (5).

Conditional-likelihood maximizes classification margins.
Eq. (9) suggests a way to train the model: by minimizing
the following loss function (the negative logarithm of the
conditional-likelihood, also called pseudo-likelihood (Be-
sag, 1974)):

L(W) = − 1

P

∑
x ∈ Ξ

log

L∏
ℓ=1

ψ(xℓ|x1:L;Wℓ)

= − 1

P

∑
x ∈ Ξ

L∑
ℓ=1

[
xℓf ℓW(x1:L)− log 2 cosh(f ℓW(x1:L))

]
.

(10)

It has been shown by (D’Amico et al., 2026) that the above
objective (10) produces basins of attraction around the train-
ing data points in the dynamics of the conditional sampling.
Unlike classical AM, the couplings W induced by condi-
tional likelihood do not need to be symmetric, and therefore
no explicit global energy function is required. The existence
of attractor-like behavior follows directly from the structure
of the conditional probabilities. To have an intuition on why
the loss (10) promotes classification margins, we can derive
it with respect to the coupling matrix W:

dL(W)

dWℓm
∝ − 1

P

∑
x ∈ Ξ

xℓxm︸ ︷︷ ︸
Hebbian

[
1− tanh(M ℓ(x1:L))︸ ︷︷ ︸

Penalty

]
,

(11)
where we highlighted the local classification margin
M ℓ(x1:L) = xℓf ℓW(x1:L) and factored out the Hebbian
term using tanh(f ℓW(x1:L)) = tanh(xℓM ℓ(x1:L)) =
xℓ tanh(M ℓ(x1:L)) and xℓxℓ = 1. We have two gradi-
ent terms, one that involves the typical Hebbian learning

1Since the diagonal entries of our coupling matrix W are ze-
roed, position ℓ does not attend to itself.

2Eq. (9) is obtained using ψ(sℓ|s1:L) ∝
exp(βsℓ

∑
m Wℓmsm).
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(Hebb, 1949) used for storing training data points in the
Hopfield network, while the other involves modifying the
classification margin around those points. The gradient
penalty 1− tanh(M ℓ(x1:L)) ≈ 2e−2Mℓ(x1:L) decays expo-
nentially for correctly classified patterns with wide margins.
Consequently, objective (10) concentrates learning on pat-
terns with the smallest margins, and it is minimized when
all margins are as large as possible (the weight magnitudes
diverge in the separable regime (Soudry et al., 2018)).

Main differences with UDDMs. The conditional-
likelihood objective (10) is directly related only to the term
Lreconstruction in Eq. (3), since AMs traditionally rely on a
fixed temperature rather than annealing the temperature dur-
ing its dynamics. By following this analogy, the reverse
diffusion process can be interpreted as a stochastic AM re-
trieval dynamics for categorical variables where we also
anneal the temperature, similarly in the continuous setting
(Ambrogioni, 2024; Pham et al., 2025). From this perspec-
tive, we conjecture that the additional terms in Eq. (3) are
useful to enlarge basins of attraction when conditional prob-
abilities are parametrized with deep architectures (like a
transformer), but we leave this study for future work.

4. Memorization to Generalization
From the previous section, the AM produced by conditional-
likelihood (10) is capable of generalization (and memoriza-
tion) (D’Amico et al., 2026; Kalaj et al., 2025). When
trained on a sufficiently large dataset, the system is able to
create new attractors that are strongly correlated with both
training and test examples. In this section, taking inspira-
tions from these results, we can ask whether similar regimes
of memorization and generalization can appear in UDDMs.

To understand how deep the AM analogy is, we designed
three experiments of increasing realism from the UDDM
perspective, progressively bridging the gap between the
AM retrieval setting and the standard generative process
of a UDDM. Across these experiments, we explore the
memorization-to-generalization transition as a function of
the training dataset size and model scale. We analyze these
experiments on the LM1B dataset (Chelba et al., 2013)
via two metrics, as a function of the training dataset size:
token recovery rate and conditional entropy, which serve
as proxies for the stability and geometry of the attractors,
respectively. For more details and results, please refer to
Appx. (A).

Corrupt Token Recovery. We define the corrupt token
recovery rate as the accuracy with which the model recovers
a target or original sequence of length L, either a training or
a test example, via applying the reverse process on a noisy

sequence defined at time t ∈ (0, 1]:

R(x1:L, x̂1:L) =
1

|M|
∑
j∈M

δ(xj , x̂j
)
, (12)

where x1:L is the original sequence, x̂1:L is the recovered
sequence after running a denoising process (either greedy or
stochastic), M = {j : δ(xj , zjt ) = 0} is the set of indices
in the input sequence z1:Lt denoting the positions where
the tokens of x1:L have been changed after applying the
forward process (1), and δ(·, ·) denotes the Kronecker delta
function.

Conditional Entropy. While token recovery rates indi-
cate whether the system successfully returns to an attractor,
UDDMs uniquely provide direct access to conditional like-
lihood, allowing us to probe some information about the
local geometry and sharpness of these basins. In the more
common setting where AM have an energy landscape, the
sharpness of the basin dictates retrieval dynamics (Krotov
& Hopfield, 2016; Krotov, 2023; Krotov et al., 2025). Low
entropy implies more deterministic attractors (memoriza-
tion), while high entropy signals a flatter landscape with dis-
tributed probability mass (Biroli et al., 2024). This flatness
facilitates generalization, where basins widen and merge to
capture the underlying data manifold, enabling the synthesis
of novel patterns (Pham et al., 2025). See Appx. (C) for
further discussion on the relationship between conditional
entropy and energy curvature. The conditional entropy of
an individual token xℓ in a sequence, given its associated
perturbed sequence z1:Lt at some time t, is defined as:

H(xℓ|z1:Lt ) = −
K∑

k=1

[
pθ(x

ℓ | z1:Lt )
]
k
log
[
pθ(x

ℓ | z1:Lt )
]
k

= −
K∑

k=1

[
xℓ
θ(z

1:L
t , t)

]
k
log
[
xℓ
θ(z

1:L
t , t)

]
k
, (13)

where xℓ
θ(z

1:L
t , t) is the output of the diffusion transformer

for position ℓ of the sequence over a vocabulary of size K.
Meanwhile, the conditional entropy of a sequence is the
sum of each token’s conditional entropy for all positions
from 1 to L, i.e., H(x1:L | z1:Lt ) =

∑L
ℓ=1 H(xℓ | z1:Lt ).

Experiment 1: Deterministic retrieval from reference
examples shown in Fig. (1). In the setting closest to a clas-
sical AM, we initialize the reverse process from corrupted
training and test examples, and replace the standard stochas-
tic sampling with a deterministic greedy dynamics: at each
step, we take the argmax of the conditional probabilities
rather than sampling from them. In this setting, the pertur-
bation level is decoupled from the diffusion time, which is
always set to t = 1 while the fraction of corrupted input to-
kens is varied. Specifically, we measure the token recovery
rate as a function of the input noise level, while emulating
the zero-temperature retrieval dynamics of an AM.
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Figure 4. Sequence conditional entropy highlights the memorization to generalization transition. The histograms compare the
sequence entropy distributions of training and synthetic (or generated) sequences respectively, for three hand-selected fractions of the
training set for the Medium UDDMs. At a very low fraction of the training set, the conditional entropy of training sequences is near zero,
aligning very well alongside the conditional entropy of many generated sequences, indicating the regime of memorization. However, as
the fraction of the training set reaches the total, the synthetic and training distributions of the sequence conditional entropy converge,
signifying generalization.

Experiment 2: Stochastic retrieval from reference exam-
ples shown in Figs. (2) and (3). We retain the initialization
from training and test examples, but restore the standard
stochastic reverse dynamics. The perturbation level is now
tied to the diffusion time t as in the UDDM scheme: each
value of t determines both the fraction of corrupted tokens
and the time step at which the reverse process is initialized.
We again measure the token recovery rate across varying
levels of input noise.

Experiment 3: Standard generative process shown in
Figs. (4) and (5). In this final setting, we run the full stan-
dard reverse dynamics starting from a random initial condi-
tion, independent of any reference sequences (e.g., training
or test examples). Because ground-truth configurations are
unavailable, token recovery rate is no longer a defined met-
ric. Instead, we analyze the conditional entropy of both
training and generated sequences. This experiment evalu-
ates the UDDM’s standard generative behavior, demonstrat-
ing that conditional entropy serves as a practical probe for
the memorization-to-generalization transition, eliminating
the need to explicitly verify whether generated samples are
duplicates of the training dataset as its size increases.

5. Results
Based on our results, we observe that, as the training set
size grows, the recovery rate for training examples drops
(Fig. 2, solid lines), reflecting a shrinkage of the basins of
attraction around such points shown in Fig. (1A). Simultane-
ously, the recovery rate for unseen test samples improves (as
seen in Fig. 2, dashed lines), demonstrating an expansion of
basins around test examples examples shown in Fig. (1B).
Crucially, the recovery rate of test and training examples, as
well as the basins, converge for large datasets. For exam-
ple, in Fig. (2), the recovery rate approaches zero at t = 1,

whereas at t = 0.25, the model can recover roughly 50%
of the corrupted (training and unseen test) tokens for the
Tiny UDDM. Scaling up the model’s parameter size delays
this transition: larger models require a significantly greater
fraction of the training set to trigger the transition, prolong-
ing the memorization phase. This aspect is also similarly
observed in (Yoon et al., 2023; Pham et al., 2025) for the
continuous DM setting. For textual examples of token re-
covery, please refer to Fig. (3A). Also, see Appx. (D) for
more textual examples of token recovery alongside addi-
tional figures illustrating the shrinkage of the basins across
various UDDMs’ sizes.

In Fig. (3B), we observe that successful token recovery is
characterized by near-zero conditional entropy, whereas
much of the unsuccessfully recovered tokens are character-
ized by non-zero conditional entropy. We note that, in the
generalization phase, there is a surprising fraction of low-
entropy tokens, suggesting that there are tokens which are
very stable and less likely to change through the generative
process.

Meanwhile, we compare the conditional entropy of training
examples and generated samples in Fig. (4). We see that
the sequence conditional entropy detects the memorization-
to-generalization transition for UDDMs: when the fraction
of the training set is sufficiently small for memorization,
conditional entropy of both training and generated samples
is distributed near zero. As the fraction of the training set
increases, the two distributions differentiate from each other
and shift to positive values. When the training dataset size
becomes sufficiently large enough for generalization, these
two distributions overlap again, now centering on large
positive values.

Finally, we compare the average conditional entropy of
training and synthetic sequences for the whole range of
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Figure 5. Average conditional entropy for training versus synthetic sequences. As the training dataset size increases, the average
conditional entropy for both training and synthetic (or generated) sequences naturally rises. Here, we plot the dashed horizontal line in
each plot to show the location of the separation between the average conditional entropies of training and synthetic sequences. Initially,
there exists an “entropy gap” which separates these two sample types given small fractions of the training set, depicting the UDDM’s
uncertainty during generation. However, scaling up the model’s size narrows this entropy gap, demonstrating that higher parameter counts
increase the model’s confidence in its own generated text during the generalization regime.

training dataset sizes in Fig. (5). Here, we averaged condi-
tional entropy values across all tokens and sequences. We
observe an “entropy gap” as the dataset size increases, im-
plying that the model’s uncertainty of generated samples
is higher than that of the training examples. As we scale
up the model’s size, this entropy gap is reduced and the
average conditional entropy at the full training dataset size
is lower. Please refer to Appx. (D) for similar histograms
alongside those which display the conditional entropy of the
unrecoverable and recoverable tokens.

6. Conclusion
By interpreting UDDMs through the lens of AMs, we show
that an explicit energy function is not necessary to guarantee
attractor dynamics: basins of attraction can form through
conditional likelihood maximization alone, which naturally
extends the AM framework to architectures like the diffusion
transformer. This perspective reveals a memorization-to-
generalization transition governed by training dataset size:
as the dataset grows, basins around training examples shrink
while basins around unseen test examples expand, until both
converge.

Token recovery rate and conditional entropy serve as com-
plementary probes of this transition: the former tracks basin
stability directly, the latter provides access to basin geometry.
In the memorization regime, conditional entropy vanishes.
But, in the generalization regime, it remains finite, produc-
ing a measurable entropy gap between training and synthetic
sequences that narrows with model scale. Larger models de-
lay the transition, requiring more data before generalization
emerges, and both metrics stabilize past that point, possibly
suggesting diminishing returns from further training. Since
conditional entropy is rather efficient to compute, it offers a
practical diagnostic for deployed models.

This work opens several directions for future investigation.
First, we proposed a notion of generalization (and an as-
sociated metric) that is task-independent and applicable to
individual samples. How good these are in practical cases
remains an open question: while we showed some promis-
ing results, an extensive analysis of how token recovery rate
and conditional entropy correlate with standard evaluation
metrics would be needed to establish their validity as proxies
for generalization. Second, UDDMs provide a convenient
and tractable setting for this study, but extending these ideas
to regimes where factual recall appears in practice would
require significantly larger models, up to and including large
language models, which would introduce both conceptual
and practical challenges beyond the scope of this work.
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Ramsauer, H., Schäfl, B., Lehner, J., Seidl, P., Widrich,
M., Gruber, L., Holzleitner, M., Adler, T., Kreil, D.,
Kopp, M. K., Klambauer, G., Brandstetter, J., and Hochre-
iter, S. Hopfield networks is all you need. In In-
ternational Conference on Learning Representations,
2021. URL https://openreview.net/forum?
id=tL89RnzIiCd.

Rombach, R., Blattmann, A., Lorenz, D., Esser, P., and
Ommer, B. High-resolution image synthesis with latent
diffusion models. In Proceedings of the IEEE/CVF con-
ference on computer vision and pattern recognition, pp.
10684–10695, 2022.

Sahoo, S., Arriola, M., Schiff, Y., Gokaslan, A., Marroquin,
E., Chiu, J., Rush, A., and Kuleshov, V. Simple and
effective masked diffusion language models. Advances
in Neural Information Processing Systems, 37:130136–
130184, 2024.

Sahoo, S. S., Deschenaux, J., Gokaslan, A., Wang, G.,
Chiu, J. T., and Kuleshov, V. The diffusion dual-
ity. International Conference on Machine Learning, 42,
2025. URL https://openreview.net/forum?
id=9P9Y8FOSOk.

Sohl-Dickstein, J., Weiss, E., Maheswaranathan, N., and
Ganguli, S. Deep unsupervised learning using nonequi-
librium thermodynamics. In International Conference on
Machine Learning, 2015.

10

https://www.sciencedirect.com/science/article/pii/S0378437125005989
https://www.sciencedirect.com/science/article/pii/S0378437125005989
https://arxiv.org/abs/2107.06446
https://arxiv.org/abs/2107.06446
https://proceedings.neurips.cc/paper_files/paper/2016/file/eaae339c4d89fc102edd9dbdb6a28915-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2016/file/eaae339c4d89fc102edd9dbdb6a28915-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2016/file/eaae339c4d89fc102edd9dbdb6a28915-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2016/file/eaae339c4d89fc102edd9dbdb6a28915-Paper.pdf
https://openreview.net/forum?id=X4y_10OX-hX
https://openreview.net/forum?id=X4y_10OX-hX
https://arxiv.org/abs/2406.07524
https://arxiv.org/abs/2406.07524
https://doi.org/10.1007/s00440-023-01248-y
https://doi.org/10.1007/s00440-023-01248-y
https://openreview.net/forum?id=tL89RnzIiCd
https://openreview.net/forum?id=tL89RnzIiCd
https://openreview.net/forum?id=9P9Y8FOSOk
https://openreview.net/forum?id=9P9Y8FOSOk


550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604

Language Diffusion Models are Associative Memories Capable of Retrieving Unseen Data

Somepalli, G., Singla, V., Goldblum, M., Geiping, J., and
Goldstein, T. Diffusion art or digital forgery? investigat-
ing data replication in diffusion models. In Proceedings
of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 6048–6058, 2023a.

Somepalli, G., Singla, V., Goldblum, M., Geiping, J., and
Goldstein, T. Understanding and mitigating copying in
diffusion models. Advances in Neural Information Pro-
cessing Systems, 36:47783–47803, 2023b.

Song, Y. and Ermon, S. Generative modeling by estimating
gradients of the data distribution. Advances in neural
information processing systems, 32, 2019.

Song, Y., Sohl-Dickstein, J., Kingma, D. P., Kumar, A., Er-
mon, S., and Poole, B. Score-based generative modeling
through stochastic differential equations. In International
Conference on Learning Representations, 2021.

Soudry, D., Hoffer, E., Nacson, M. S., Gunasekar, S., and
Srebro, N. The implicit bias of gradient descent on sep-
arable data. Journal of Machine Learning Research, 19
(70):1–57, 2018.

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones,
L., Gomez, A. N., Kaiser, Ł., and Polosukhin, I. At-
tention is all you need. Advances in neural information
processing systems, 30, 2017.

Webster, R. A reproducible extraction of training images
from diffusion models. arXiv preprint arXiv:2305.08694,
2023.

Wen, Y., Liu, Y., Chen, C., and Lyu, L. Detecting, explain-
ing, and mitigating memorization in diffusion models.
In The Twelfth International Conference on Learning
Representations, 2024. URL https://openreview.
net/forum?id=84n3UwkH7b.

Yoon, T., Choi, J. Y., Kwon, S., and Ryu, E. K. Diffusion
probabilistic models generalize when they fail to memo-
rize. In ICML 2023 Workshop on Structured Probabilistic
Inference Generative Modeling, 2023.

11

https://openreview.net/forum?id=84n3UwkH7b
https://openreview.net/forum?id=84n3UwkH7b


605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659

Language Diffusion Models are Associative Memories Capable of Retrieving Unseen Data

Table 1. A table showing hyperparameters of the UDDMs for the Tiny, Small, and Medium sets. These variables are obtained from (Sahoo
et al., 2025).

Model Type

Hyperparameters Tiny Small Medium

Hidden Size 256 768 1024
Conditioning Size 128 128 128
Length 128 128 128
Num. of Blocks 8 12 24
Num. of Heads 8 12 16
Scale by Sigma1 True True True
Dropout 0.1 0.1 0.1

1 Note: scale by sigma indicates that the model takes the inverse temperature or the appropriate diffusion scheduling parameter at time
t instead of the typical approach of conditioning on t.

Appendix

A. Additional Details on Memorization to Generalization
Setup. For our experiments, showcased in Sec. (4), we trained three sets of UDDMs, labeled as Tiny, Small, and Medium,
utilizing the code base and approach of (Sahoo et al., 2025). For more details on this variant of UDDMs, please refer to the
discussion in Appx. (B) below. Meanwhile, the backbone of our trained UDDMs is the diffusion transformer architecture
from (Peebles & Xie, 2023). The configurations of our three variations of UDDMs are described in Tab. (1).

Meanwhile, there are a total of 162 models, or 54 models for each of the three UDDM sets we have trained. All models
are trained up to 1 million training iterations following the procedures detailed in (Sahoo et al., 2025). For the selection
of the fraction of the training dataset sizes, we initially start with the fraction n = 10−2 and increment it by ∆n = 0.03
all the way to the full dataset. However, to further magnify the memorization phase, we train more points using linearly
spacing (of 17 points, inclusively) starting at 10−4 to 10−2, and another set of points using linearly spacing (of 7 points,
inclusively) starting from 10−2 to 0.07. Lastly, our models are trained on the LM1B dataset (Chelba et al., 2013), using
GPT-2 tokenizer (Radford et al., 2019), where our model handles the block size (or sequence length) of 128, and all of
them are initialized from the same random seed.

Token Recovery Rate. To obtain the results in Fig. (2), we utilized our trained models, from the three sets corresponding to
Tiny, Small, and Medium UDDMs. Here, we computed the analysis of randomly chosen 5× 103 samples belonging to their
respective training set (in accordance with their fraction of training dataset size) and also 5× 103 sequences from the test
set. We performed the perturbation of these sequences using the forward process (18) at time t, and run the reverse process
(2) starting at or near the same time t back to a small terminal time ϵ = 10−5. Finally, to measure our recovery rate, we
applied Eq. (12) from the main text, which measures the rate of perturbed tokens being recovered.

Meanwhile, for Fig. (1), we are interested in the shrinkage of the basins of our training and unseen test sequences. To
obtain a more comprehensive view of this shrinkage without worrying about the stochastic noise added during each reverse
process (2) step as t → 0, we utilized the greedy or deterministic sampling dynamics instead. Specifically, in Eq. (2),
to obtain zs as we traverse back in time, we are effectively sampling from a categorical distribution Cat(·). To convert
this stochastic process to a deterministic one, we simply replaced Cat(·) with the argmax(·) operation. Similarly to the
previous experiment, we applied perturbation using the forward process (18), and utilized the greedy process to denoise our
sequences. The timesteps we used are {0.1, 0.2, 0.3, . . . , 1.0} and the same values of t we used in Fig. (2).

Conditional Entropy. In Fig. (3), we computed the token conditional entropy following Eq. (13) for unrecovered and
recovered tokens at t = 10−5 identified in Fig. (2) using 5× 103 samples (per training and per test sequences), respectively.
Meanwhile, for the results in Fig. (4) and Fig. (5), we generated a synthetic set of 105 samples for each of the trained models
and performed our analyses – alongside using at most 105 sequences belonging to the training set that each model was
trained with. It is important to note that the results in Fig. (5) are the average conditional entropy computed across sequences
and their respective tokens, while Fig. (4) showcases the sequence conditional entropy – which is the sum of all of the
tokens’ conditional entropy in a given sequence. Please see Figs. (15)-(17) for the full histograms of conditional entropy on
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training versus generated samples, and Figs. (12)-(14) for more conditional entropy histograms of the unrecovered versus
recovered tokens shown in Fig. (2).

Textual Examples. In Figs. (1) and (9), we are interested in studying the stability of unseen test tokens across different
perturbation levels (although we are much more interested in the case where there is little noise for these experiments). For
the textual examples illustrated in Figs. (1A) and (3A), we used the models that have been trained with the fractions of
the training dataset: 0.000719 and 1.0. Although these two figures are utilizing different sampling dynamics (i.e., greedy
versues stochastic), in general we do not spot much differences between the greedy and stochastic processes for our token
recovery experiments. Please see Figs. (3A), (10), and (11) for the textual examples that collected using the typical stochastic
process.

Hardware. The training of the UDDMs are done using NVIDIA Tesla V100 GPUs. Each GPU has 32GB of memory and is
linked with Power9 processors, clocking at 3.15 GHz maximum. For each model, we used 4 GPUs and an effective total (or
global) batch size of 512 samples. For each GPU, the local batch size is set as 64, requiring 2 gradient accumulation steps.

B. Uniform-state Discrete Diffusion and Duality with Gaussian
Duality of Uniform and Gaussian. In continuous diffusion modeling, we typically rely on the diffusion mapping of a
data distribution qdata to a simple prior distribution that is often the standard Gaussian distribution N (0, IK). The marginal
distribution of the noisy latent variable wt ∼ q̃t(·|x) at time t is defined as:

wt ∼ q̃t(wt|x; α̃t) = N (wt; α̃tx, (1− α̃2
t )IK), (14)

where α̃t ∈ [0, 1] is the diffusion parameter that is a monotonically decreasing function in t. The boundary conditions are
q̃t=0 ≈ qdata and q̃t=1 = N (0, IK).

However, as shown in (Sahoo et al., 2025), there exists a connection between the Gaussian and Uniform diffusion processes
for the discrete setting. Specifically, we can utilize the operator, argmax : RK → V , to map a continuous vector w ∈ RK

to the one-hot vector corresponding to argmax(w) = argmax
z∈V

z⊤w. Then, we can define the discrete marginals to be

zt = argmax(wt), (15)

and the conditional probability mass function pt(zt|x) marginalized over wt ∼ q̃t(wt|x; α̃t) such that

zt ∼ Pt

(
zt|x; T (α̃t)

)
= Cat

(
zt; T (α̃t)x+ (1− T (α̃t))

1

K

)
, (16)

where T : [0, 1] → [0, 1] is the Gaussian Diffusion Transformation operator. This operator is defined as the following
Gaussian integral:

αt = T (α̃t) =
K

K − 1

[ ∫ ∞

−∞
ϕ

(
z − α̃t√

1− α̃2
t

)
ΦK−1(z)dz − 1

K

]
(17)

where ϕ(z) = exp(−z2)√
2π

is the standard Normal distribution and Φ(z) =
∫ z

−∞ ϕ(t)dt is the respective cumulative distribution.

Overall, there exists a fundamental connection between Uniform-state discrete and Gaussian diffusion processes, shown in
(Sahoo et al., 2025). Specifically, this formal connection is expressed as

zt ∼ qt(zt|x; T (α̃t)) = [argmax]∗ q̃t(wt|x; α̃t) (18)

where ∗ denotes the push-forward of the K-dimensional Gaussian density q̃t under argmax which yields a categorical
distribution of K categories.

C. Conditional Entropy and Curvature
In this section, inspired by (Biroli et al., 2024) and (D’Amico et al., 2026), we relate entropy and the curvature of the energy
in the continuous setting, using local approximation, to show there exists a connection between these two ideas. Here,
assume that the clean data x ∈ Rd and its perturbed version zt ∈ Rd at time t.

13
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Proof Sketch. Consider the conditional distribution p(x|zt) defined by an energy function E(x; zt):

p(x|zt) =
1

Z(zt)
e−E(x; zt), (19)

whereZ(zt) =
∫
e−E(y,zt)dy is the partition function. We assume the distribution is peaked around a mode x∗, representing

the most likely clean data point given the noisy observation zt.

To analyze the local geometry, we perform a second-order Taylor expansion of the energy E(x; zt) with respect to x,
centered around the mode x∗(zt):

E(x; zt) ≈ E(x∗; zt) + (x− x∗)⊤∇xE(x∗; zt) +
1

2
(x− x∗)⊤H(zt)(x− x∗). (20)

Since x∗ is a local minimum of the energy surface defined by zt, the gradient ∇xE(x∗; zt) vanishes. The matrix
H(zt) = ∇2

xE(x∗; zt) is the Hessian of the energy, representing the local curvature or sharpness of the energy basin
conditioned on zt.

Using Eq. (20) and assuming that we are at the minimum where ∇xE(x∗; z) = 0, we can perform Laplace approximation
for the partition function Z(zt):

Z(zt) ≈
∫
e−
(
E(x∗;zt)+

1
2 (x−x∗)⊤H(zt)(x−x∗)

)
dx

= e−E(x∗;zt)

∫
e−

1
2 (x−x∗)⊤H(zt)(x−x∗)dx

= (2π)
d
2 e−E(x∗;zt) det

(
H(zt)

)− 1
2

(21)

The conditional entropy H(x|zt) can now be defined. Using the relationship log p = −E − logZ and substitute it into
H(x|zt), we have

H(x|zt) = E
x∼p(x|zt)

[
E(x; zt) + logZ(zt)

]
= E

x∼p(x|zt)

[
E(x; zt) +

d

2
log(2π)− E(x∗; zt)−

1

2
log
[
det
(
H(zt)

)]] (22)

If we substitute Eq. (20) into the term E(x; zt) in Eq. (22), we then have

H(x|zt) ≈ E
x∼p(x|zt)

[
�����E(x∗; zt) +

d

2
log(2π)�����−E(x∗; zt)−

1

2
log
[
det
(
H(zt)

)]
+ C

]
≈ E

x∼p(x|zt)

[
− 1

2
log
[
det
(
H(zt)

)]
+ C

] (23)

where C is a constant involving the omitted terms from our substitution of Eq. (20).

Discussion. Overall, this derivation highlights that the conditional entropy is inversely proportional to the log-determinant
of the Hessian at the mode, and aligns well to the findings of (Biroli et al., 2024) where a collapse in entropy corresponds to
the system getting trapped in small-disjoint regions of the configuration space. However, in this work, we are exploring
UDDMs, which are not continuous DMs. Thus, we lack the formulations that attempt to link up their conditional entropy
with the sharpness in the discrete setting of language or text modeling. But we suspect that the connection between Uniform
and Gaussian distributions in the discrete setting, laid out by (Sahoo et al., 2025), provides some clues to further this link
between conditional entropy and energy in a future work.

D. Additional Results
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D.1. Shrinkage and Expansion of Basins

(a) Training (b) TestTiny (∼ 24M)

(a) Training (b) TestSmall (∼ 135M)

(a) Training (b) TestMedium (∼ 384M)
Figure 9. Shrinkage and expansion of training and test samples’ basins of attraction during the memorization-to-generalization
transition for various UDDM sizes. Total token recovery rates (%), including non-corrupt and corrupted, are shown across varying levels
of corruption for (a) training sequences and (b) unseen test samples. The color gradient represents the fraction of the training dataset used,
ranging from small to large. As the training dataset grows, the recovery rate for training examples diminishes, reflecting a shrinkage
in the basins of attraction around explicitly memorized points. Simultaneously, the recovery rate for unseen test samples improves,
demonstrating an expansion of the basins of attraction around novel examples within the broader data distribution. The convergence of
these recovery rates at large dataset sizes (red curves) signifies that unseen test samples have effectively become stable attractors, marking
the shift from pure memorization to generalization.
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D.2. Visualizations of Text Recovery Examples

(a) Tiny (∼ 24M)

(b) Small (∼ 135M)

(c) Medium (∼ 384M)

Figure 10. An illustration of the model’s ability to recover tokens from perturbed sequences on training examples at three different
fractions of the training dataset and sizes of the UDDMs. Perturbation is computed at t = 0.5 and the typical stochastic reverse process
is performed afterwards. As the training dataset size increases, the model’s ability to recover perturbed tokens becomes worse and in
contrast, its generative ability improves. Meanwhile, there is no distinction among the various UDDMs’ sizes, where the overall trend of
memorization and generalization in relation to the training dataset size persists.
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(a) Tiny (∼ 24M)

(b) Small (∼ 135M)

(c) Medium (∼ 384M)

Figure 11. An illustration of the model’s ability to recover tokens from perturbed sequences on test examples at different fractions of the
training dataset and sizes of UDDMs. Perturbation is computed at t = 0.5 and the stochastic reverse process is performed afterwards. In
the beginning, the model is unable to recognize unperturbed unseen test tokens, where it often change them to another tokens. However,
as the training dataset size increases, the UDDM is more likely to maintain the unperturbed test tokens rather than ‘flipping’ them.
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D.3. Conditional Entropy Histograms

Figure 12. An illustration of the density of conditional entropy for two categories of tokens, recovered and unrecovered, computed at
t = 0.25 for the Tiny model. The subplots are ordered by the fraction of training dataset, ranging from 10−4 (top-left) to 1.0 (bottom-right).
As the fraction of training data increases, recovered tokens concentrate near zero entropy (high confidence), while unrecovered tokens
exhibit a broad distribution at higher entropy.
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Figure 13. An illustration of the density of conditional entropy for two categories of tokens, recovered and unrecovered, computed
at t = 0.25 for the Small model. The subplots are ordered by the fraction of training dataset, ranging from 10−4 (top-left) to 1.0
(bottom-right). As the fraction of training data increases, recovered tokens concentrate near zero entropy (high confidence), while
unrecovered tokens exhibit a broad distribution at higher entropy.

19



1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099

Language Diffusion Models are Associative Memories Capable of Retrieving Unseen Data

Figure 14. An illustration of the density of conditional entropy for two categories of tokens, recovered and unrecovered, computed
at t = 0.25 for the Medium model. The subplots are ordered by the fraction of training dataset, ranging from 10−4 (top-left) to 1.0
(bottom-right). As the fraction of training data increases, recovered tokens concentrate near zero entropy (high confidence), while
unrecovered tokens exhibit a broad distribution at higher entropy.

20



1100
1101
1102
1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154

Language Diffusion Models are Associative Memories Capable of Retrieving Unseen Data

Figure 15. An illustration of the evolution of the density of the average conditional entropy for the probabilities of training and synthetic
sequences respectively, computed at t = 10−5 using the Tiny models, as the training dataset size grows. When the fraction of training set
is small, there exists a separation in the average conditional entropies of training and synthetic samples. However, as the training dataset
size grows, this separation is reduced and the conditional entropy of synthetic samples becomes similar to that of the training samples.
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Figure 16. An illustration of the evolution of the density of the average conditional entropy for the probabilities of training and synthetic
sequences respectively, computed at t = 10−5 using the Small models, as the training dataset size grows. When the fraction of training set
is small, there exists a separation in the average conditional entropies of training and synthetic samples. However, as the training dataset
size grows, this separation is reduced and the conditional entropy of synthetic samples becomes similar to that of the training samples.

22



1210
1211
1212
1213
1214
1215
1216
1217
1218
1219
1220
1221
1222
1223
1224
1225
1226
1227
1228
1229
1230
1231
1232
1233
1234
1235
1236
1237
1238
1239
1240
1241
1242
1243
1244
1245
1246
1247
1248
1249
1250
1251
1252
1253
1254
1255
1256
1257
1258
1259
1260
1261
1262
1263
1264

Language Diffusion Models are Associative Memories Capable of Retrieving Unseen Data

Figure 17. An illustration of the evolution of the density of the average conditional entropy for the probabilities of training and synthetic
sequences respectively, computed at t = 10−5 using the Medium models, as the training dataset size grows. When the fraction of training
set is small, there exists a separation in the average conditional entropies of training and synthetic samples. However, as the training
dataset size grows, this separation is reduced and the conditional entropy of synthetic samples becomes similar to that of the training
samples. Due to larger model size, the UDDM exhibits stronger memorization (and chaotic) behaviors, where the two distributions
initially merge at certain fractions of the training dataset and later diverge. Nonetheless, with the full training set, both distributions
overlap each other at the end.
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