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Abstract

Understanding when language diffusion mod-
els memorize training data versus generalize
remains an open challenge. We address it
by framing Uniform-based Discrete Diffusion
Models (UDDMs) as Associative Memories
(AMs) where both memorization and creativity
coexist. Unlike Hopfield networks, which re-
quire an energy function to produce attractors,
we show that attractors can be formed via con-
ditional likelihood maximization. We observe
that UDDMs treat both training and unseen test
sequences as fixed points for denoising while
retaining the capacity to synthesize novel texts.
We demonstrate that, as training set size in-
creases, attractor basins around training sam-
ples shrink while those around unseen test sam-
ples expand until they become indistinguish-
able. This transition can be detected via the
conditional entropy of tokens, which vanishes
during memorization. Our framework provides
both a theoretical foundation and a practical
metric to elucidate the generative regimes of
UDDMs1.

1 Introduction

Generative diffusion models (Sohl-Dickstein et al.,
2015) have set new standards for image and video
generation (Ho et al., 2020; Song and Ermon,
2019; Song et al., 2021; Rombach et al., 2022).
Yet, alongside their remarkable generative power,
these models exhibit a well-documented tendency
to reproduce their training data (Somepalli et al.,
2023a,b; Carlini et al., 2023; Webster, 2023). Al-
though recent studies have addressed the interplay
between memorization and generalization in diffu-
sion models (DMs), they predominantly focus on
the continuous image domain (Yoon et al., 2023;
Kadkhodaie et al., 2023; Biroli et al., 2024; Kamb
and Ganguli, 2024; Achilli et al., 2024; Wen et al.,
2024; Jeon et al., 2024; Pham et al., 2025; Achilli

1Code is available at the following link.

et al., 2025). Their mechanics in the discrete do-
main, particularly for language modeling, remain
poorly investigated.

A particularly compelling instance of these ques-
tions arises in the context of large language models.
For instance, Brown et al. (2020) and Kojima et al.
(2022) have found that these models are capable of
few-shot and even zero-shot capabilities, referring
to the model’s ability to perform novel tasks with
minimal or even no task-specific examples, or al-
ternatively 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 generalization
means in this regime.

Motivated by these phenomena, this work stud-
ies Uniform-based Discrete Diffusion Models (UD-
DMs) (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, by producing distinct basins
around them (Hopfield, 1982; Gardner, 1988). His-
torically, attempting to overload these systems with
too many data points leads to a catastrophic mem-
ory blackout, where all meaningful attractors are
destroyed (Amit et al., 1987). However, Kalaj
et al. (2025) has recently revealed a counterintu-
itive regime: overloading an AM can instead trig-
ger a generalization phase where new attractors
spontaneously form near unseen examples from
the underlying data distribution, while the mem-
orization 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 in AMs. For this reason, it is useful
to describe the generalization phase of UDDMs
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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 (∼ 24M) 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 sequences and alters all tokens. With a larger training set, the tokens of unseen
sequences however become stable and recoverable by 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 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 training set
sizes (red curves) marks the transition from memorization to generalization. Note: Deterministic (greedy) sampling
was used across these experiments to isolate from stochastic noise.

from the perspective of AMs, by focusing on the
retrieval of seen and unseen data points. Notably,
the co-existence of these two seemingly contra-
dicting capabilities has been studied in an analyti-
cally tractable teacher-student setting (Farné et al.,
2026).

Typically, AMs are characterized with an explicit
and well-defined energy function, as seen in Hop-
field networks (Hopfield, 1982; Amari, 1972) and
Dense Associative Memories (Krotov and Hopfield,
2016, 2021). However, this reliance on an energy
function is not strictly necessary to guarantee at-
tractor dynamics. As shown by (D’Amico et al.,
2026), conditional likelihood maximization alone
produces basins around the data points. Impor-
tantly, dropping the energy requirement is concep-
tually essential for extending the AM framework
to deep feed-forward architectures. There is no rea-

son to expect that a generic feed-forward network
can be written as an energy-based model, since this
interpretation restricts the class of admissible ar-
chitectures due to its constraints on the symmetry
of the network’s weights (Krotov, 2021; Hoover
et al., 2023a; Kozachkov et al., 2025). On the con-
trary, 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
dynamics, our work establishes a connection be-
tween UDDMs and AMs by showing that attractor
basins can be formed through conditional likeli-
hood 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
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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 sequences (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.

likelihood implicitly enforces Hebbian learning
(Hebb, 1949) on data points while maximizing their
classification margins, providing a formal bridge
between AM and generative models (like 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 language modeling.

This theoretical link of conditional likeli-
hood maximization and AM allows us to in-
terpret UDDMs as AM systems and reveals a
sharp memorization-to-generalization transition
governed by the training dataset size. As the train-
ing set gets bigger, basins around training examples
shrink while (partial) basins around unseen test ex-
amples expand, eventually converging to a regime
where novel samples become stable attractors (see
Figs. 1 and 2). During memorization, the UDDM
fails to recognize tokens of unseen test sequences
as stable points, frequently altering them during
the reverse process. Once generalized, however,
the model is likely to maintain these tokens, pre-
serving 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 detect this transition using to-
ken recovery rates and conditional entropy as
complementary probes for token stability and the
memorization-to-generalization transition. Cru-

cially, token-level conditional entropy distinguishes
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 distri-
butions of training and synthetic sequences align
perfectly once the transition is reached (see Fig. 4).
Notably, conditional entropy has also been found
to be crucial for scaling laws in autoregressive lan-
guage models (Cagnetta et al., 2026), suggesting
the versatility and usefulness of this metric in lan-
guage modeling.

Finally, we validate our proposed metrics via the
typical measurement of perplexity using an exter-
nal critic model as commonly done in language
modeling (Radford et al., 2019). We observe a
strong alignment between these metrics, not just
in the detection of memorization-to-generalization
transition point, but also in the estimation of sample
quality (see Fig. 5). The success of this validation
indicates that our metrics are effective for assessing
the generative capabilities of UDDMs, while also
providing a principled geometric interpretation of
such capabilities.

2 Uniform-State Discrete diffusion

Consider a clean token x ∈ V drawn from the data
distribution 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
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that is somewhat akin to the continuous diffusion
framework (Austin et al., 2021; Gat et al., 2024;
Sahoo et al., 2024, 2025):

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

where π ∈ ∆, Cat(·) denotes categorical distribu-
tion, 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; g(zt,x)

)
, (2)

where g(zt,x) parameterizes the categorical transi-
tion probabilities for the reverse step by combining
zt, x, and uniform noise according to the schedule
coefficients. Here, we have a uniform prior over
V(π = 1/K) (Sahoo et al., 2024, 2025).

Since the true clean token x is unknown dur-
ing the generative process (2), the approximate
reverse posterior is defined as pθs|t(zs|zt) =

qs|t(zs|zt,x = xθ(zt, t)). The neural network
xθ(zt, t) ≈ x is trained to predict the clean to-
ken x at any time t according to Eq. (2), which we
can formally define as the conditional probability
distribution pθ(x|zt) = xθ(zt, t). The network’s
parameters θ are optimized via the Negative Evi-
dence Lower Bound (NELBO) objective (Austin
et al., 2021; Sahoo et al., 2024):

LNELBO = Eq

[
Lreconstruction + Ldiffusion + Lprior

]
(3)

By framing the network’s prediction as a cate-
gorical probability distribution, the cross-entropy
terms within LNELBO naturally enforce a finite clas-
sification 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 sys-
tems. Lastly, the form of UDDMs we used is based
on (Sahoo et al., 2025). Please see Appx. (C) for
more details on this form of UDDMs, Eq. (2), and
NELBO (3).

3 Associative Memories from Conditional
Sampling

To establish a connection between AMs and UD-
DMs, we rely on a specific aspect that emerges

from modeling sequences of discrete variables in
DMs: the core assumption 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)

where ψθ
s|t denotes the conditional probability:

ψθ
s|t(z

ℓ
s | z1:Lt ) = Cat

(
zℓs; f

ℓ
θ(z

1:L
t )
)
. (5)

Here, f ℓθ(z
1:L
t ) = softmaxK

[
β(t)uℓ

θ(z
1:L
t )
]
,

where uℓ(z1:Lt ) maps the sequence z1:Lt to raw log-
its via a diffusion transformer (Peebles and Xie,
2023), and the softmax is applied over the K-
categories per position ℓ. The inverse tempera-
ture β(t) depends on the diffusion schedule α(t)
and typically increases as t → 0. These condi-
tional probabilities enter the cross-entropy terms
in NELBO (3). This reliance on cross-entropy es-
tablishes the connection to AMs, where minimiz-
ing this loss implicitly creates basins of attraction
around data points during conditional sampling
(D’Amico et al., 2026), and translates with mini-
mal changes to UDDMs.

3.1 Simpler Setting: Binary Variables and
Linear Logits

Consider 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 discrete 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 ex-
amples. To create such basins, a stronger condition
is instead needed:

xℓ = sgn

( L∑

m=1

Wℓmxm + κ

)
, ∀ℓ = 1, . . . , L

(7)
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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 persist even during the generalization phase. Note: The y-axis is clipped to
better contrast these two token types.

where the 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 and Derrida, 1988; For-
rest, 1988; Benedetti et al., 2022). Larger κ implies
larger basins. Given the load γ = P/L, there ex-
ists a maximum margin κmax(γ). As shown by
Soudry et al. (2018) and Montanari et al. (2024),
training a Perceptron 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 deterministic 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
conditional distribution (between position ℓ and
its neighborhood or 1 . . . L positions in the binary

vector excluding ℓ2):

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=1W

ℓm smτ+1 with a
fixed inverse temperature β3. For binary vari-
ables, Eq. (9) yields a logistic form. However, for
generic categorical variables, fℓ(s1: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 neg-
ative logarithm of the conditional-likelihood that is

2Since the diagonal entries of our coupling matrix W are
zeroed, position ℓ does not attend to itself.

3Eq. (9) is obtained using ψ(sℓ|s1:L) ∝
exp(βsℓ

∑
m Wℓmsm).
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also called pseudo-likelihood (Besag, 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 training data points in the dynamics of
the conditional sampling. Unlike classical AM, the
couplings W induced by conditional 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) pro-
motes 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)

Here, we denote the local classification margin
as M ℓ(x1:L) = xℓf ℓW(x1:L). The Hebbian term
is factored out via identity tanh(f ℓW(x1:L)) =
tanh(xℓM ℓ(x1:L)) = xℓ tanh(M ℓ(x1:L)), given
xℓxℓ = 1. This yields two distinct gradient terms:
a classical Hebbian learning (Hebb, 1949) compo-
nent for pattern storage and a margin-modifying
component. Because the gradient penalty 1 −
tanh(M ℓ(x1:L)) ≈ 2e−2Mℓ(x1:L) decays exponen-
tially for correctly classified patterns with wide
margins, the objective concentrates learning on
samples with the smallest margins. The loss is
thus minimized when all margins are maximized,
driving weight magnitudes to diverge in the separa-
ble regime (Soudry et al., 2018).

Furthermore, we verify numerically that the opti-
mization of loss Eq. (10) leads to basins around
training examples in Sec. (E) of the Appendix.
Specifically, we confirm the results of (Soudry
et al., 2018) by reporting the lower bound com-
puted from the idealized κmax(γ) and the one com-
puted from the empirically achieved κachieved(γ) in
Fig. (6) of the Appendix. Notably, the shrinking of
basins demonstrated in Fig. (2) for UDDMs is also

exhibited within the simple model trained using
pseudo-likelihood (10), supporting that the funda-
mental AM properties in UDDMs do not depend
on the NELBO objective but on the underlying
conditional-likelihood structure.

Main differences with UDDMs. The above ob-
jective (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 during its dynamics. By follow-
ing this analogy, the reverse diffusion process can
be interpreted as a stochastic AM retrieval dynam-
ics for categorical variables where we also anneal
the temperature, similarly to the continuous setting
(Ambrogioni, 2024; Pham et al., 2025). From this
perspective, we suspect that the additional terms
in Eq. (3) are useful to enlarge basins of attraction
when conditional probabilities are parametrized
with deep architectures (like a transformer), but we
leave this study for future work.

4 Methods

As shown in D’Amico et al. (2026) and Kalaj
et al. (2025), the AM produced by conditional-
likelihood (10) is capable of generalization: when
trained on a sufficiently large dataset, the system
creates new attractors that are strongly correlated
with both training and test examples. In this sec-
tion, taking inspirations from these results, we can
ask whether similar regimes of memorization and
generalization, found in AMs, can appear in UD-
DMs. Consequently, we design three experiments
of increasing realism from the UDDM perspective,
progressively bridging the gap between the AM
retrieval setting and the standard generative pro-
cess of a UDDM. Across these experiments, we
explore the memorization-to-generalization transi-
tion as a function of the training dataset size and
model scale.

Experiment 1: Deterministic retrieval from ref-
erence examples. To emulate the zero-temperature
retrieval dynamics of an AM without the confound-
ing effects of stochastic generation noise, we es-
tablish a specialized baseline setting. As reported
in Fig. (1), we initialize the reverse process from
corrupted training and test examples, and replace
the standard stochastic sampling with determin-
istic greedy dynamics. At each step, we take the
argmax of the conditional probabilities rather than
sampling from them. In this setting, the perturba-
tion level is decoupled from the diffusion time,
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Figure 4: Sequence conditional entropy highlights the memorization to generalization transition. The his-
tograms compare the sequence entropy distributions of training and synthetic (or generated) sequences respectively,
for three 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.
See Appx. (F) for the full range of histograms across various model sizes.

which is always set to t = 1 while the fraction
of corrupted input tokens is varied, allowing us
to cleanly measure the token recovery rate as a
function of the input noise level.

Experiment 2: Stochastic retrieval from refer-
ence examples. To understand how the standard
diffusion dynamics alter the stability and structural
boundaries of these basins under realistic operating
conditions, we introduce stochasticity back into the
UDDMs. In Figs. (2) and (3) we retain the initial-
ization from training and test examples, but restore
the standard stochastic reverse dynamics. The per-
turbation level is now tied to the diffusion time t
as in the typical UDDM scheme, where each value
of t determines both the fraction of corrupted to-
kens and the time step at which the reverse process
is initialized, providing a dynamic look at token
recovery across varying levels of input noise.

Experiment 3: Standard generative process.
Finally, we run the full standard reverse dynam-
ics starting from noise, independent of any refer-
ence sequences, e.g., training or test sequences, in
Figs. (4) and (5). Because ground-truth samples
are unavailable, token recovery rate is no longer a
viable metric. Instead, we use conditional entropy
(13) as our metric. In Fig. (5) we validate the per-
formance of UDDM across the memorization-to-
generalization transition by measuring the perplex-
ity of the generated sequences with GPT-2 Large
(Radford et al., 2019) used as the critic model.

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 prox-
ies for the stability and geometry of the attractors,
respectively. For more details and results, please
refer to Appx. (A) and Appx. (F), respectively.

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 pro-
cess (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 to-
kens of x1:L have been changed after applying the
forward process (1), and δ(·, ·) denotes the Kro-
necker delta function.

Conditional Entropy. While token recovery rates
indicate whether the system successfully returns
to an attractor, UDDMs also provide direct access
to conditional likelihood, allowing us to probe the
local geometry and sharpness of these basins. Here,
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

[
xℓ
θ(z

1:L
t , t)

]
k
log
[
xℓ
θ(z

1:L
t , t)

]
k
,

(13)
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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=1H(xℓ | z1:Lt ). Please

refer to Appx. (D) for our discussion on the rela-
tionship between conditional entropy and energy
curvature (or sharpness).

5 Results

Our empirical analysis demonstrates that, as the
training set size increases, basins around training
examples shrink and basins around test examples
expand (see Fig. 1). Changes in the structure of
basins are reflected in token recovery rates: for
larger datasets the token recovery rate for train-
ing examples drops (see Fig. 2, solid lines), while
the recovery rate for unseen test samples increases
(dashed lines in Fig. 2). For a certain size onward,
the retrieval behaviors of both seen and unseen se-
quences converge to an identical recovery rate, mir-
roring the convergence of training and test basins
and completing the transition from memorization
to generalization. Scaling up the model size delays
this transition, consistently with continuous DMs
(Yoon et al., 2023; Pham et al., 2025).

For these results, please note that a high recovery
rate on test sequences does not imply that a basin
has formed around them, since it could also be ex-
plained just by a correct conditional prediction. We
keep the naming of ‘basin’ for two reasons. First,
the denoising is still non-trivial: the rate remains
well above the injected noise, so the dynamics re-
turns close to the original sequence rather than
to an unrelated one. Second, a sentence admits
many valid completions, and a rate below 100%
is what we should expect, since valid alternatives
are counted as unrecovered tokens. Both are com-
patible with the attractor being flat, with the flat
directions corresponding to the equivalent formu-
lations of a given sentence, which also accounts
for the dependence on the noise level: without cor-
ruption the greedy reverse process initialized on
a test sequence stays on it, giving 100% recovery,
while any finite corruption drops it below 100%
(see Fig. 1B), because the state can be moved to a
different point of the same basin. Consistently, the
unrecovered tokens in the generalization phase are
usually grammatically and semantically valid (see
Figs. 1A, 9, and 10).

Moreover, as shown in Fig. (3), successful to-
ken recovery is characterized by near-zero condi-
tional entropy, whereas unrecovered tokens exhibit
higher and non-zero conditional entropy value. In-
terestingly, a distinct fraction of highly stable and
low-entropy tokens persists even at the later gen-
eralization phase, suggesting that there are tokens
which are very stable and less likely to change
through the generative process. Using the aver-
age sequence-level conditional entropy of training
and generated sequences, we observe a conditional
entropy gap at the intermediate regime of the tran-
sition (see Fig. 4): at very low fractions of the
training set, the conditional entropy distributions
of training and generated sequences coincide and
peak near zero. In the intermediate regime, these
distributions however separate from each other un-
til the training set size is large enough, and once
again overlap each other (but at non-zero values of
conditional entropy).

Perplexity benchmarks using GPT-2 Large vali-
date these phase transitions (see Fig. 5): we observe
that the region where perplexity increases (to the
left of the transition) corresponds to the memoriza-
tion phase, which suggest that the perplexity is ini-
tially low due to the model’s duplication of training
sequences. Conversely, the region where perplex-
ity decreases (to the right of the transition) corre-
sponds to the generalization phase where basins
around test sequences start forming, suggesting
that these novel basins are related to the generative
capabilities of the model.

The correspondence between token recovery rate
in Fig. (2) and perplexity in Fig. (5) also holds for
the rightmost region where the perplexity plateaus:
the length of the plateaus is similar in both figure.
The plateaus of lower perplexity correspond to the
converging token recovery rates, see Fig. (17) in
Appx. (F) for a combined version of Figs. (2) and
(5). This alignment suggests that token recovery
rate captures the same underlying phenomenon: it
identifies the generative regime without an exter-
nal model and offers a geometrical interpretation,
where generalization is defined by the evolution of
basins around training and test sequences.

Note that recovery under denoising is not the
same as training-data extraction (Carlini et al.,
2023; Webster, 2023). Our metrics probe the sta-
bility of the dynamics near a given sequence, and
carry no information on the probability of reaching
a specific training or test sequence starting from
noise. The non-monotonic perplexity of Fig. (5)
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Figure 5: Perplexity trends during the memorization-to-generalization transition. Evaluation of UDDMs across
different model sizes as the fraction of the training set increases. The vertical dashed lines roughly illustrate the
transition point where the model switches from memorization to generalization: perplexity starts at a very low value
during the memorization regime, increases as the training dataset size grows, and it then decreases to a lower value
upon reaching generalization. The horizontal dashed lines highlight the converging perplexity value, showing that
scaling up the model leads to improved perplexity at the end of this transition. The precise position of each vertical
line is the last point where the recovery rate is 100% for training tokens in Fig. (2). Note: Perplexity is computed
using GPT-2 Large (Radford et al., 2019) as the critic model.

is only indirect evidence in this direction: the low
perplexity at small fractions is compatible with the
model duplicating training sequences, while the
plateau after the transition we can only interpret as
good in-distribution generation.

6 Conclusion

By framing UDDMs as AMs, we show that an
explicit energy function is not required to guar-
antee attractor dynamics. Instead, basins can
form through conditional likelihood maximiza-
tion alone, which reveals a sharp memorization-
to-generalization transition governed by the train-
ing set size. As training dataset scales up, basins
around training examples shrink while basins
around unseen test sequences expand until they be-
come indistinguishable. This evolution allows the
model to recover both seen and unseen sequences
from perturbations, showing a form of co-existence
of memory and creativity.

Furthermore, token recovery rate and conditional
entropy serve as complementary geometric probes
of this transition: conditional entropy vanishes dur-
ing memorization but remains finite during gen-
eralization, providing a measurable entropy gap
between training and synthetic sequences that nar-
rows with model scale. Larger models delay this
transition, requiring more data to generalize be-
fore both metrics stabilize past the phase boundary.
In this picture the attractors in the generalization
phase are flat, where the flat directions correspond
to equivalent formulations of a sentence. We leave
the study of these directions, which requires assess-

ing semantic equivalence, to future work.
Finally, a distinct fraction of highly stable, low-

entropy tokens persists even during the general-
ization phase, when novel text is being synthe-
sized. We hypothesize that these tokens correspond
to rigid syntactic structures, predictable function
words, or common idioms that must remain stable
to preserve linguistic fluency, and that act therefore
as micro-attractors within an otherwise novel se-
quence. This leaves an interesting question for us
and the community to explore.

Limitations

This work opens some directions for future investi-
gation. First, how good the new proposed metrics
are in practically relevant cases remains an open
question: while we showed a promising consistent
picture with the perplexity measurement, an exten-
sive analysis of how token recovery rate and con-
ditional entropy correlate with standard evaluation
metrics would be needed to consolidate their valid-
ity 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 sig-
nificantly larger models, up to and including large
language models, which would introduce concep-
tual and practical challenges beyond the scope of
this work.
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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 ap-
proach of Sahoo et al. (2025)4. For more details on
this variant of UDDMs, please refer to the discus-
sion in Appx. (C) below. Meanwhile, the backbone
of our trained UDDMs is the diffusion transformer
architecture from (Peebles and Xie, 2023). The
configurations of our three variations of UDDMs
are described in Tab. (1) 5.

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 mil-
lion 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 in-
crement it by ∆n = 0.03 all the way to the full
dataset. However, to further magnify the memo-
rization phase, we train more points using linear
spacing (of 17 points, inclusively) starting at 10−4

to 10−2, and another set of points using linear spac-
ing (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 analy-
sis of randomly chosen 5 × 103 samples belong-
ing 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 for-
ward process (20) 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 mea-
sure our recovery rate, we applied Eq. (12) from
the main text, which measures the rate of perturbed

4The code-base used in our experiments is publicly avail-
able at https://github.com/s-sahoo/duo under the Apache 2.0
license, and we use it solely for research purposes consistent
with its intended use.

5The LM1B dataset (Chelba et al., 2013) is publicly avail-
able at https://www.statmt.org/lm-benchmark/ and is intended
for research purposes in statistical language modeling, which
is consistent with our use.

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 deter-
ministic sampling dynamics instead. Specifically,
in Eq. (2), to obtain zs as we traverse back in time,
we are effectively sampling from a categorical dis-
tribution Cat(·). To convert this stochastic process
to a deterministic one, we simply replaced Cat(·)
with the argmax(·) operation. Similarly to the pre-
vious experiment, we applied perturbation using
the forward process (20), 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. (7),
we generated a synthetic set of 105 samples for
each of the trained models and performed our anal-
yses – alongside using at most 105 sequences be-
longing to the training set that each model was
trained with. It is important to note that the re-
sults in Fig. (7) are the average conditional entropy
computed across sequences and their respective
tokens, while Fig. (4) showcases the sequence con-
ditional entropy, which is the sum of all of the
tokens’ conditional entropy in a given sequence.
Please see Figs. (14)-(16) for the full histograms
of conditional entropy on training versus generated
samples, and Figs. (11)-(13) for more conditional
entropy histograms of the unrecovered versus re-
covered tokens shown in Fig. (2).

Textual Examples. In Figs. (1) and (8), we are
interested in studying the stability of unseen test to-
kens 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 utilize different sam-
pling dynamics (i.e., greedy versues stochastic), in
general we do not spot much differences between
the greedy and stochastic processes for our token

19389

https://github.com/s-sahoo/duo
https://www.statmt.org/lm-benchmark/


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.

recovery experiments. Please see Figs. (3A), (9),
and (10) for the textual examples that collected
using the typical stochastic process.

Perplexity. Similarly to our results on conditional
entropy, we utilized the same sets of 105 gener-
ated sequences belonging to each trained UDDM,
respectively. The code to compute perplexity is
also from Sahoo et al. (2025). Keep in mind,
the reported conditional entropy results are com-
puted from our UDDMs, unlike perplexity, which
requires the reference or critic model of the pre-
trained GPT2-Large (Radford et al., 2019) as men-
tioned previously.

Hardware. The training of the UDDMs are done
using NVIDIA Tesla V100 GPUs. Each GPU has
32GB of memory and is linked with Power9 pro-
cessors, 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 Usage Of LLM Disclaimer

LLMs were utilized in part of the writing of the
manuscript, specifically for fine-tuning sentences
and grammar correction.
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C Uniform-state Discrete Diffusion and Duality with Gaussian

Further Details on UDDMs. As mentioned in Sec. (2), 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; g(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)

)
,

(14)

where ⟨·, ·⟩ denotes the dot product, ⊙ denotes Hadamard 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 generative process (14), the approximate reverse

posterior is defined as pθs|t(zs|zt) = qs|t(zs|zt,x = xθ(zt, t)). The neural network xθ(zt, t) ≈ x is
trained to predict the clean token x at any time t according to Eq. (2), where pθ(x|zt) = xθ(zt, t). The
network’s parameters θ are optimized 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

. (15)

As discussed in Sec. (3), the term Lreconstruction is more related to our simple setting in that section due
to the fact that it only deals with a single finite temperature value (or it does not rely on temperature
annealing). However, we suspect that the other terms in NELBO (15) further help the maximization of
classification margin (or basin) of the data points.

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), (16)

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), (17)

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

)
, (18)

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

]
(19)

where ϕ(z) = exp(−z2)√
2π

is the standard Normal distribution and Φ(z) =
∫ z
−∞ ϕ(t)dt is the respective

cumulative distribution.
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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) (20)

where ∗ denotes the push-forward of the K-dimensional Gaussian density q̃t under argmax which yields
a categorical distribution of K categories. For full details, please refer to (Sahoo et al., 2025).

D Conditional Entropy and Curvature

In the more common setting, where AM have an energy landscape, the sharpness of the basin dictates
retrieval dynamics (Krotov and Hopfield, 2016; Krotov, 2023; Krotov et al., 2025). Low entropy implies
more deterministic attractors (memorization), while high entropy signals a flatter landscape with distributed
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).

In this section, inspired by Biroli et al. (2024) and D’Amico et al. (2026), we relate entropy and the
curvature (or sharpness) of the energy in the continuous setting, using local approximation, to show the
connection between these two ideas. Here, assume that the clean data x ∈ Rd and its perturbed version
zt ∈ Rd at time t.
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), (21)

where Z(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∗). (22)

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. (22) 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

(23)

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)

)]] (24)

If we substitute Eq. (22) into the term E(x; zt) in Eq. (24), 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

] (25)
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Figure 6: The implicit maximization of the margin guarantees large basins of attraction. Both panels refer to
an associative memory model trained with conditional likelihood on random bit sequences. Left Panel: Average
total bit recovery rates for training sequences across varying corruption levels. Line colors indicate the sizes of the
training datasets used. This panel captures the same qualitative memorization phenomenon of Fig. (1). Right Panel:
We plot the basin size ρc(γ) of the trained model (red curve) compared to the margin-derived lower bound, evaluated
both at the idealized κmax(γ) and at the empirically achieved κachieved(γ) (blue and green curves respectively). The
measured basin size remains above the achieved-margin bound at every load, confirming margin maximization is
sufficient to produce basins of the predicted size. The red points correspond to the critical noise level for which the
token recovery rate drops below 0.99. Each point is the average of five samples, the error bars are invisible.

where C is a constant involving the omitted terms from our substitution of Eq. (22).

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.

E Numerical Validation of Section (3)

In this section we propose a numerical verification of the binary or linear-logit analysis of Sec. 3,
specifically that optimizing the conditional likelihood in Eq. (10) implicitly leads to a maximum-margin
solution, which in turn leads to basins of attraction around training data points. Please note that these
results are all already established (Gardner and Derrida, 1988; Soudry et al., 2018; D’Amico et al., 2026),
and that we reproduce them here for convenience.

Setup. We generate P = γL random i.i.d. binary sequences (or patterns), where each sequence has a
length of L = 250, and train the recurrent coupling matrix W by minimizing the pseudo-likelihood loss
of Eq. (10) for each row independently (unregularized logistic regression), which is known to converge
in direction to the maximum-margin solution (Soudry et al., 2018). Here, γ = P

L is the load or the
ratio between the number of patterns P and their dimension L. For each load γ, we then measure the
network’s empirical basin of attraction: starting from a stored pattern, we flip a fraction ρ of its bits, run
the recurrent dynamics to a fixed point, and record the mean overlap between the recovered state and the
original pattern, averaged over multiple patterns and corruption realizations. Basin size ρc(γ) is defined
as the largest corruption level for which this overlap remains above 0.99, following the same criterion
used in D’Amico et al. (2026). The results are shown in Fig. (6).
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Theoretical comparison. We compare ρc(γ) against the noise tolerance implied by the Gardner capacity
(Gardner and Derrida, 1988):

1

γc(κ)
= (1 + κ2) Φ(κ) + κϕ(κ), (26)

with Φ the cumulative distribution function and ϕ the probability density function of the standard
normal distribution, inverted numerically to obtain κmax(γ). Here κ is normalized so that a neuron’s
pre-activation has unit variance under random patterns, i.e. κ is a signal-to-noise ratio (a z-score).
Corrupting a fraction ρ of the N inputs perturbs the pre-activation by a sum of ρN independent random
contributions, which by the central limit theorem has standard deviation ∼ 2

√
ρ. A stored pattern with

margin κ therefore remains a fixed point as long as the injected noise does not exceed the margin, i.e.
κ > 2

√
ρ. This gives a closed-form, margin-derived lower bound on basin size, which we plot alongside

the measured ρc(γ).

Slow convergence to κmax. In practice, the margin actually achieved by finite-time training, κachieved(γ),
undershoots the asymptotic optimum κmax(γ), since convergence to the max-margin direction under
logistic loss is logarithmic in training time (Soudry et al., 2018), a phenomenon also reported in D’Amico
et al. (2026). We therefore report both curves: the lower bound computed from the idealized κmax(γ), and
the one computed from the empirically achieved κachieved(γ), which is the fair comparison for a network
trained for a finite number of steps.

Result. Fig. (6) shows that the measured basin size lies consistently above the bound derived from
κachieved(γ) at every load tested, confirming that the margin does provide a quantitative guarantee on basin
size. This directly supports the mechanism claimed in Sec. (3): maximizing the margin is sufficient to
produce basins of attraction of predictable size.

F Additional Results

Figure 7: Average conditional entropy for training versus synthetic sequences. As the training dataset size
increases, the average (over sequences and tokens) 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.
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F.1 Shrinkage and Expansion of Basins

(a) Training (b) Test
Tiny (∼ 24M)

(a) Training (b) Test
Small (∼ 135M)

(a) Training (b) Test
Medium (∼ 384M)

Figure 8: 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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F.2 Visualizations of Text Recovery Examples

(a) Tiny (∼ 24M)

(b) Small (∼ 135M)

(c) Medium (∼ 384M)

Figure 9: 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 10: 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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F.3 Conditional Entropy Histograms

Figure 11: 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 12: 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.
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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 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.
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Figure 14: 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 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 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.
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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 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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Figure 17: Perplexity trends during the memorization-to-generalization transition together with corrupted
token recovery. This figure demonstrates the alignment of phase transitions across perplexity (top) and the average
corrupt token recovery rate (bottom) for three model sizes. The vertical dashed lines roughly represent the critical
transitional points where the perplexity (calculated using GPT-2 Large (Radford et al., 2019)) aligns with the initial
decrease of corrupt token recovery rate for training and the increase of test tokens’ recovery rate. This alignment of
the two metrics showcases the usefulness of the token recovery rate in determining whether generalization has been
reached in UDDMs.
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