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Abstract

Masked Diffusion Models (MDMs) provide an
efficient non-causal alternative to autoregressive
generation but often struggle with token depen-
dencies and semantic incoherence due to their
reliance on discrete marginal distributions. We
address these limitations by shifting the diffusion
process into a continuous sentence-level seman-
tic space. We propose CRoCoDiL — Continuous
and Robust Conditioned Diffusion for Language —
a unified fine-tuning approach that jointly trains
an encoder—demasker architecture, grounding the
MDM demasking in continuous latent represen-
tations. This leads to the formation of a novel au-
toencoder in which the decoding is obtained by an
MDM algorithm. Relying on the same framework,
we proceed by introducing two unconditional text
synthesis algorithms: Continuous-Then-Discrete
(ConThenDisc), a hybrid-diffusion approach that
first generates latent representations in continu-
ous space and then decodes these to tokens via
an MDM, and Continuous-Within-Discrete (Con-
WithinDisc), a multi-diffusion strategy that refines
latent representations throughout the discrete sam-
pling process. Experiments using LLaDA show
that our methods achieve superior generation qual-
ity and more than x 10 faster sampling speeds in
an unconditional setting.

1. Introduction

Diffusion-based alternatives to autoregressive large lan-
guage models have been drawing much attention re-
cently (Li et al., 2022; Yi et al., 2024). Such methods
encompass an appealing potential to break the causal, one-
token-at-a-time, paradigm of autoregressive machines, with
the general hope to lead to faster and improved quality text
synthesis. The main challenge in bringing diffusion models
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to text is the evident gap between the continuous formula-
tion of classical diffusion algorithms and the discrete nature
of language (Lou et al., 2024).

Earlier work addressed the discrete-continuum gap in a wide
variety of ways; Among these, the commonly used ones are
based on masked diffusion models (Sahoo et al., 2024; Nie
et al., 2025; Ye et al., 2025). This breadth of algorithms
relies on a forward degradation process that masks tokens
gradually until the whole sequence is masked-out. Text
generation is based on a reversed process, in which a de-
masker iteratively revives tokens, constituting the Masked
Diffusion Models (MDMs), such as MDLM (Sahoo et al.,
2024), LLaDA (Nie et al., 2025), Dream (Ye et al., 2025),
and their many followups, e.g. (Arriola et al., 2025a; Wu
et al., 2025; Liu et al., 2025b;c).

MDMs rely on a demasking model that is trained on partially
masked sequences to estimate discrete logits for the missing
tokens, representing one-dimensional marginal distributions
that lack information on statistical cross-dependencies be-
tween tokens. When sampling from these logits, reveal-
ing multiple tokens in parallel necessarily produces flawed
samples that degrade generation quality (Liu et al., 2025a).
Nevertheless, as synthesis speed depends on parallel token
sampling, existing algorithms compromise speed for quality.

Another, related yet different, weakness of MDM algorithms
has to do with their core modus-operandi of constructing
the generated text by sampling individual tokens (separately
or jointly) sequentially, and such that they are committed
to be part of the final sequence. While appealing due to its
resemblance to the autoregressive strategy, having no global
guidance to drive this overall synthesis, MDM necessarily
struggle in forming coherent eventual sentences.

In this paper we propose a novel extension to MDMs that
addresses these limitations. Our approach operates in the
continuum, using a continuous diffusion model to generate
sentence-level semantic representations, while the MDM
algorithm serves as a decoder translating these latent vectors
into token sequences. This way, the burden of capturing
long-range, cross-token structure is shifted to a lightweight
classical diffusion in the latent space. This representation is
then used to guide the MDM for token decoding, enabling
effective multi-token sampling per step by yielding better
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Figure 1. The CRoCoDiL framework: Building on a learned en-
coder of text sequences and a demasker guided by this continuous
representation, we introduce (a) an autoencoder and (b,c) two text
generation algorithms, ConThenDisc and ConWithinDisc. A regu-
lar MDM serves in all cases as a decoder that converts the latent zg
into a sequence Xo. The text generation algorithms rely on learned
diffusion models that operate in the representation domain.

efficiency-quality tradeoffs in text synthesis. We name this
methodology CRoCoDiL: Continuous and Robust Condi-
tioned Diffusion for Language.

Building on this framework, we introduce a unified encoder-
demasker training scheme that encodes sequences into la-
tent representations for effective token decoding. We then
present two text synthesis algorithms: (1) Continuous-Then-
Discrete (ConThenDisc) that generates embeddings via
continuous diffusion and uses MDM to decode the latent
vector into tokens; (2) Continuous-Within-Discrete (Con-
WithinDisc), that updates the guidance vector during the
demasking steps using a continuous diffusion trained to re-
cover valid latent vectors from partially masked sequences.
We emphasize that the proposed algorithms are focused on
unconditional text generation, leaving conditional synthesis
across benchmarks for future work.

We conduct an extensive experimental study using LLaDA-
8B (Nie et al., 2025) as the base MDM and Qwen-
embedding-0.6B (Ren & et al., 2025) as an initial encoder,
all jointly retrained with our decoder-demasker framework.
We first validate the effectiveness of the continuous guid-
ance for MDM by autoencoding, demonstrating faithful
reconstruction. We then evaluate our two proposed algo-
rithms for unconditional code synthesis, showing that our
methods achieve much faster sampling without quality loss.

To summarize, the following are the main contributions of
this work, as depicted in Figure 1:

* We propose CRoCoDiL, a framework that guides dis-
crete MDMs using a continuous, sentence-level se-
mantic guidance, bridging the gap between global co-
herence and local token dependencies, thus enabling
faithful parallel token sampling.

* We introduce a general purpose autoencoder that maps
accurately sequences to the continuum and back, lean-
ing on MDM as a decoder.

* Consequently, two text synthesis algorithms are pro-
posed: ConThenDisc and ConWithinDisc, both shift
the core generative process into a continuous sentence-
level semantic space that serves as a global sketched
guide for an MDM.

* We demonstrate superior generation quality and sam-
pling speed with LLaDA with significant gains in un-
conditional text generation setting.

2. Related Work

In Appendix A we provide a broad overview on the field of
diffusion models for text generation. In this section we dive
into specific recent work that has a direct relevance to this
paper’s contributions.

The work reported in (Meshchaninov et al., 2025) presents
COSMOS, a language generation algorithm that relies on a
continuous latent space diffusion. While similar to the main
theme of our work, COSMOS differs from it substantially.
In particular, the decoder that converts the embedding to
tokens in COSMOS has no generative capabilities, which
implies that the latent representation must be fully infor-
mative in order to enable proper text synthesis. In contrast,
our latent representation serves as a sketch guide that condi-
tions an iterative MDM-based decoding process, and thus
even partially informative representations can lead to valid
and high quality generated text, as MDM compliments and
refines the synthesis process.

Indeed, in the spirit of the main contrast between COSMOS
and our paradigm, the work of (Morris et al., 2023) argues
that when using embedding representations, decoding must
be performed iteratively rather than in a single step, which
supports our proposed fusion of continuum and MDM. That
said, (Morris et al., 2023) is distinct from our work as it
focuses on text correction tasks rather than their generation.

Another related work is reported in (Arriola et al., 2025b),
presenting an autoencoding framework, referred to as E2D2.
Under a conditional synthesis setup in which the model
receives a prompt and is required to provide an answer,
E2D2 encodes the prompt to a continuous vector and uses it
to guide a fully discrete MDM decoder that constructs the
response. As the synthesis of the answer relies on a plain
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MDM, the statistical cross-token dependencies are not taken
into account — a problem that we tackle in this work.

The algorithms reported in (Liu et al., 2025a; Xu et al., 2025;
Xie et al., 2025) tackle the problem of joint token sampling
in MDM, as in our work. The first handles the missing
dependencies by incorporating a copula model, the second
augments the demasker with a learned energy model, and
the third introduces a Gaussian-distributed latent variable
for accounting for the token dependencies. All concentrate
on small scale base models for offering improvements in
text synthesis speed or quality. A related yet different line of
reasoning towards the very same goal appears in (Azangulov
et al., 2025; Luxembourg et al., 2025), presenting inference-
only strategies for prioritizing the order of unmasked tokens
so as to avoid too-dependent ones to be sampled jointly.
These methods are inherently limited, as they seek weakly
correlated tokens, which do not necessarily exist. In ad-
dition, these inference algorithms are tightly coupled with
their base models, operating semi auto-regressively with
small block-sizes, thus limiting their achievable gain. In
contrast to the above, our work aims to fully harness the
potential of diffusion models for language, aiming to over-
ride the speed and text-quality barriers of MDM. This is
achieved by injecting informative guidance to MDM such
that it can both handle cross-token dependencies, while also
providing a synthesized sketch for the text to be generated.

3. Problem Formulation and Background

Let x = (x!,22,...,2™) be a discrete random vector of
n tokens, where each z° belongs to a vocabulary V. We
assume text sequences are sampled from an unknown joint
data distribution gga, and our objective is to learn a genera-
tive model capable of synthesizing samples from qgg¢,.

Following recent work on discrete diffusion methods, we
adopt the masked diffusion modeling (MDM) (Sahoo et al.,
2024) framework. We augment the vocabulary with a spe-
cial mask token [M] and define the fully masked vector as
m = (m',m?,...,m"), where m® := [M] for all i. The
generative algorithm begins with a forward diffusion pro-
cess that gradually degrades a clean sequence. In MDM, this

occurs via progressive masking, factorized across tokens as
n
q(xe|xo) = [ [ (i), (1)
i=1

where each g(z%|zf) defines an independent categorical
corruption process interpolating between a clean sample
X0 ~ (gata and the masked vector m:

q(zl|zh) == ey + (1 —ag)ep. 2)

Here, a; € [0, 1] is a strictly decreasing noise schedule over
time ¢ € [0, 1], with g ~ 1 and o; ~ 0. The notation e;
denotes the one-hot encoding of the j-th vocabulary index.

Generative sampling is achieved by reversing the above-
described forward process. For any pair of time-steps
0 < s <t <1, knowledge of the posterior distribution
q(xs|x;) would have enabled synthesis. However, this re-
verse conditional is intractable. Following prior work (Ho
et al., 2020; Sahoo et al., 2024), we consider the conditional
reverse transition q(x|X¢, X ), assuming xo is known. With
the knowledge of x, this reverse conditional admits a fac-
torized form without loss of generality,

n

q(xslxe,%0) := [ [ (e}, 2), 3)

=1

and q(z%|z%, x})) has a closed-form solution. For example,
for MDLM (Sahoo et al., 2024), it is given via

q(zl|x), z) = P i # 1),
s t20/) - l—ag s~ . ] A
173” €[] + Oéliaﬂt’t exa if J,‘]Zf = [M].

In practice, xg is unknown and must be estimated from
X, and the way to do so necessarily passes through the
approximation of the joint distribution g(x¢|x;). However,
directly modeling this distribution is intractable as well, due
to the combinatorial explosion of token options, covering

O(|V|") possible combinations.

To address this, MDM employs a demasking model fy :
(VU {mM}" x R — R™ VI that estimates marginal
distributions for masked tokens. Formally, fj(x¢,t) =
po(z|x;) approximates g(x}|x;) when i = [M], and
returns e, otherwise. Given these estimated marginals, we
obtain a clean sequence prediction by sampling the tokens
independently through 2} ~ fj(x:,t). These predicted
tokens are then substituted into Equation (3), yielding the
effective reverse posterior:

n
po(xslxr) = [ [ aallat, o = 29). @)

i=1
The factorized approximation in Equation (4) has a well-
known fundamental limitation (Liu et al., 2025a): As the
demasking model only estimates marginal distributions
q(z|x¢), independent sampling from these marginals fails
to capture cross-token dependencies and semantic correla-
tions across multiple masked positions. In Appendix B we
characterize these limitations in recovering the true joint
distribution ¢(x¢|x;) even under optimal demasking model.

4. Continuously Guided MDM

We now turn to introduce the CRoCoDiL framework that
aims to bridge the modeling gap between the desired re-
versed in Equation (3) and the practical approximation
posed in Equation (4). Another benefit of our strategy is the
introduction of a sketched guidance to the discrete genera-
tion process, which further boosts synthesis quality.
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Our solution relies on a guidance mechanism for the demask-
ing model, derived from a continuous latent representation
of the clean sample x(. This approach enables the model to
incorporate global context and cross-token statistical depen-
dencies, bypassing the dimensionality barrier of modeling
the joint conditional ¢(xq|x;) explicitly. We start by intro-
ducing a training framework that constructs an embedding
model for turning a token sequence X into a corresponding
continuum latent vector, and allowing the MDM’s demasker
to be effectively guided by it. Equipped with this machinery,
we present three guided and fast MDM algorithms:

(1) A general-purpose autoencoder scheme that converts
sequences of tokens to the continuum and back, where the
encoder is the one described above and the decoder is an
MDM algorithm;

(i) A novel text synthesis algorithm, ConThenDisc
(Continuous-Then-Discrete), that generates a valid embed-
ding vector via a continuous diffusion and decodes it by a
fast MDM, as in the above autoencoder scheme; and

(iii) A refined ConThenDisc in which the guidance vector is
updated within the MDM steps by a conditional diffusion
that operates in the embedding domain. We term this method
ConWithinDisc (Continuous-Within-Discrete).

Common to all three methods is the fact that the MDM may
operate in a multi-token sampling regime per step, enabled
due to the continuum guidance, and thus becoming much
faster than the vanilla MDM alternative. The continuous
diffusion and the encoding within ConThenDisc and Con-
WithinDisc are relatively lightweight, baring small impact
on the overall generation complexity.

4.1. Continuously Guided Demasking

Consider an encoder model that maps a discrete sequence
X, into a continuous latent representation zo € R%. Assume
further that this continuous latent vector is learned so as to
serve as an informative guidance for the demasking process
in MDM, enabling the recovery of cross-token dependen-
cies among multiple masked positions. Herein we offer a
training framework for this constellation.

Encoder. We define an encoder hy : V" — R4, parameter-
ized by ¢, that maps a clean sequence xg € V" to a continu-
ous representation zo € R, denoted as zg = h(xo). This
encoder is trained to capture the essential information of the
input sequence in continuous form, so as to enable (even a
partial) reconstruction back to its discrete form.

Guided Demasker. We propose a conditional demask-
ing model fy : (VU {[M]1})" x R x R? — R»*IVI,
parametrized by 6, that predicts a clean data sample x( from

'In our work zo does not have to be a one-to-one representation
of xg, as in COSMOS (Meshchaninov et al., 2025).

a partially masked sequence x;, conditioned on a latent rep-
resentation zg € RY of the very same clean sequence xg.
The decoder outputs the distributions® f§(x¢, ¢, o) that ap-
proximate the true marginals ¢(x}|x¢, zo) when i = [M],
and f§(x:,t,20) := e,; otherwise.

Training Objective. The encoder and demasker are jointly
trained to minimize the following loss:

‘C(ea ¢) = Et,xo,xt [_th' (5)

% Z log [fé(xm t, h¢(XO))} xzy |
i=1

where wy, denotes the weight that prioritizes clean se-
quences over corrupted ones. For example, in LLaDA (Nie
et al., 2025), the weights are defined as w;t =1/cy.

The proposed loss in Equation 5 is constructed by the follow-
ing chain of steps: We start by sampling a clean sequence
X from the training set, then choose ¢ at random from the
uniform [0, 1] distribution, and generating x; by randomly
masking appropriate portion from xg. The demasker oper-
ates on xy, ¢, and hg(xg) (the embedding of the original
sequence Xg). Its output at each location ¢ is a logit, in
which its z{) location should be as high as possible to indi-
cate a preference to the true token. Optimizing over both
the parameters of the embedder and the demasker, we drive
the output of the demasker to be as close as possible to the
original xg. Note that the same expression as in Equation 5
applies to regular MDM with one difference: there is no con-
ditioning on h4(x0). As such, the guided machine provides
better predictions of the true tokens, implicitly accounting
for their statistical cross-dependencies.

Figure 2 illustrates the training framework for the embed-
ding and the guided demasker. Algorithm 1 provides a
summary of one training step. Observe a slight change in
lines 5-6 of this algorithm: A random Gaussian noise is
added to z(, setting its variance via a target value for the
cosine-similarity, C'S(zo, zo + €) = 0.8. As shown in Ap-
pendix D, this step is critical to the success of the training
results, as it introduces a robustification of the embedding
obtained and its influence on the demasker predictions.

This encoder-demasker framework recovers the essential
cross-token dependencies during unmasking, enabling the
effective factorized reverse transition in Equation (4). Theo-
rem B.1 in Appendix B formally justifies this claim.

4.2. MDM-Based Autoencoder

We now utilize the trained encoder-demasker framework
to bridge between discrete and continuous representations.

*We allow for a slightly abused notations by using fs to refer
to both the original demasker and the guided one. The difference
between the two is whether the guidance zo is an additional input.
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Algorithm 1 Robust Encoder-Demasker Training Step

1: Input: Clean sequence Xg ~ Ddata

Sample timestep ¢ ~ U([0, 1])

Generate x; by masking x( according to noise o
Encode latent representation zg = hy(xo)

Draw a random white Gaussian noise e

Compute £(6, ¢) = e S log fi(xe,t,z0 + €)
Update parameters via Vg 4L (6, ¢) using optimizer

NI AW

10 0 0 (0 ) 0 0

X0
MWW 9 9 [ £ O 9 20

l->--l

partially masked
sequence X¢

Encoder h¢()

Demasker: fg(X¢, t, o)
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Figure 2. The training framework for the embedding network zo =
he(x0) and the guided demasker fo(x¢,t, Zo). Flame indicates a
trained network.

Specifically, we aim to transform a clean discrete sequence
X into a continuous representation and reconstruct it back
as accurately as possible to its original discrete form.

Given a clean input sequence Xg ~ Pqaa, We first encode
it into the continuous latent via zg = hg(xg). To recon-
struct it, we deploy a full yet fast (using fewer demasker
activations) MDM process, in which the demasker fy itera-
tively refines the sequence, initialized by the fully masked
vector m, and applying T discrete diffusion steps, all condi-
tioned on the representation zgy. As in regular MDM, at each
timestep ¢, the demasker predicts the clean tokens indepen-
dently, X, ~ f4(xt,t,20), which are then masked according
to the forward diffusion process for the next iteration.

This general purpose autoencoder enables flexible process-
ing of sequences in the continuous domain for generation,
interpolation, or other downstream tasks, while maintain-
ing the capability to recover faithful discrete outputs. In
the context of the discussion in this paper, this autoencoder
serves as a stepping stone towards the following hybrid text
synthesis algorithms, which build on it.

4.3. Hybrid Text Generation Strategies

We now turn to the main contribution of this section: intro-
ducing two hybrid (fusion of continuous and discrete) text
generative strategies that take advantage of core MDM while
also leaning on the availability of the newly formed contin-
uously guided demasker. We start with ConThenDisc, and
proceed with it’s improvement, the ConWithinDisc method,
both targeting unconditional text synthesis.

4.3.1. CONTINUOUS-THEN-DISCRETE

In Algorithm 6, which describes the proposed autoencoder,
a given sentence X is converted to a continuous latent rep-
resentation zg, followed by a decoding stage that relies on
a full MDM, aiming to recover the original xq. Building
on this very configuration, the ConThenDisc algorithm sug-
gests producing z, differently; Rather than leaning on a
given sentence Xg, we suggest to generate it by randomly
drawing from it’s corresponding distribution zy ~ P(z).
In practice, z is synthesized via a pre-trained continuous
diffusion generator.

Algorithm 2 describes the ConThenDisc text synthesis
method. Activating the continuous diffusion algorithm?,
Gy (€), we obtain a valid latent sample zo ~ P(z). We
proceed by decoding it to a sequence of tokens by applying
a complete MDM algorithm — represented by the green lines
in Algorithm 2. Note that in generating the latent zg, a
knowledge of the desired sequence length can be injected.
This can be done by a slightly different design of the con-
tinuous diffusion that includes a conditioning on this length.
In this work we do not implement this option, and allow any
generation length, dictated by the MDM.

Algorithm 2 Continuous-Then-Discrete Text Synthesis

1: Input:
e~ N(0,I)
Zo < Gw(G)
t=1
Xt =1
while t > 0 do
%o ~ fo(xt,t,20)
t«—t—1/T
= Forward (%o, t)
end while
return X,

—_ =
P B AR L o

4.3.2. CONTINUOUS-WITHIN-DISCRETE

A delicate weakness (and thus an unexploited opportunity)
in Algorithm 2 is the fact that the guidance is kept fixed
throughout the T iterations, even though the sequence x;

3Appendix E describes G (¢) in more details.
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is available, giving additional yet partial information about
the text to be created. The ConWithinDisc algorithm aims
to leverage this opportunity, by updating the guidance vec-
tor within the MDM steps. More specifically, within each
demasking step, the guidance vector can be updated by draw-
ing from the conditional distribution zy ~ P(z|he(x¢)). In
words, the guidance vector is sharpened to take into account
the currently held temporal sequence x;. Algorithm 3 pro-
vides a description of this variant, and Figure 3 presents
ConThenDisc and ConWithinDisc, highlighting their differ-
ence.

Few comments are in order: (i) The update of zy can
be done in a pre-selected subset of the overall T steps,
in order to benefit from the improved guidance while re-
ducing the overall complexity of the generative algorithm;
(i1) In drawing the guidance vector, the conditioning we
present leans on the embedding of the partially masked
sequence X, i.e. zg ~ P(z]he(x¢)). Rather, we could
have conditioned the distribution directly on x;; (iii) In
training the conditional diffusion (Algorithm 4), we use
hg(x;) for embedding the partially masked sentence. How-
ever, this encoder was not trained for such masked con-
tent. An improved strategy would be to define a second
encoder h,(x;) to be used in Line 7, defining the loss as
L, ) = |9y (s, by (x:) — 20]|3, and optimizing it w.r.t.
both p and v; and (iv) Drawing samples from the condi-
tional distribution zg ~ P(z|hs(x¢)) can be interpreted
as a solution of an inverse problem. Given a prior P(z),
and given measurements hy(x;), our goal is to produce
posterior samples that recover the zg that led to the given
measurements.

Regular MDM as a Decoder

Xt Xr
All Masks

Continuous
Diffusion in the
embedding
Space

Demasker

Logits

e

0
Xt—1

Embedding

Remasker

(0 0 0 ) 0 0 G0 G

Figure 3. The ConThenDisc and ConWithinDisc text generation
algorithms. In both, a continuous diffusion model generates a
starting latent zo, which is decoded to tokens by a regular MDM.
ConWithinDisc includes a refinement of the latent (the purple part)
based on the partially synthesized text.

Algorithm 3 Continuous-Within-Discrete

1: Input:
2:t=1
3: X4 :=m
4: while ¢ > 0 do
50 e~N(0,I)
6: 2o < Gyle hg(xy))
7. )A{O ~ fG(Xtat7Z0)
8 t«t—1/T
9:  x; = Forward (%o, t)
10: end while
11: return X,

Algorithm 4 Continuous-Within-Discrete Training

Input: data xg ~ P(x),

zo = h(x0)

Sample s ~ U([0,1])

z, = Forward(zg, s)

Sample t ~ U([0, 1])

x; < mask each token with probability ¢
£(6,6) = l|go (2o, holxz) — 203

Backpropagate on V., L(¢, 1) and run optimizer

IR AR A

5. Experimental Results
Guided-Demasker

In all the reported experiments hereafter we worked with
LLaDA, tuned to generate Python programs. Pre-training
their demasker fp(x¢,t) was done with 12 million Python
programs of varying lengths in the range [0, 4096] tokens
taken from Python subset of the StarCoder Dataset (Li et al.,
2023), initializing the training with the open-source base
version. This model thus generates similar programs of
varying lengths, with BOS and EOS tokens to indicate their
beginning and ending, correspondingly.

Building on the above as a baseline, we trained fy(x¢,t,2o)
and zg = hg(xo) as described in Section 4.1. The embed-
ding h(-) was initialized with a Qwen embedding (Ren &
et al., 2025), and refined via the training. The latent output
of this model is of size d = 1024 x K, where 1 < k£ < 128
represent a number of representation registers. A dropout
training strategy was applied with preference to the first reg-
isters in order to enable varying size latent representations.
More details on this process are found in Appendix C.

Figure 4 presents the obtained Cross-Entropy and the proba-
bility of recovering the true tokens, evaluated on a validation
set of 1000 programs of lengths [0, 4096] tokens, covering
the base LLaDA model demasker and three conditioned
versions of it fed with K = 8, 64 and 128 embedding regis-
ters. The horizontal axis shows the mask probability, were
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Figure 4. Guided-Demasker: Cross-Entropy (top) and top-1
token prediction performance versus masking probability (0 for
no-mask), measured on a validation set of 1000 sequences.

0 stands for no masking and 1 for fully masked sentences.
As expected, the Cross-Entropy deteriorates for all models
with more aggressive masks. The conditioning improves the
overall performance, with a gap that grows with more latent
registers. Very similar conclusions can be drawn for the bot-
tom graph: conditioning improves the obtained accuracies,
and more latent registers are beneficial.

MDM-Based Autoencoder

Equipped with a trained conditioned demasker fy(x:,t,2¢)
and an embedding model zg = hy(xg), we now turn to eval-
uate the autoencoder scheme, in which a Python program xg
is encoded to a continuum latent, and an MDM algorithm
decodes it back to tokens. The hyper-parameters governing
the MDM are the sequence length, the block-size, and the
NFE (Neural Function Evaluations) - the overall number
of demasker activations, which is governed by number of
unmasked tokens per step. For example, for a generated
length of 256 tokens, block size= 32 implies that there are
8 blocks, and NFE=32 means that we apply 4 demasking
steps within each block, thus reviving 8 tokens in each step.
Figure 5 show an example source program and its encoded-
decoded result, which is a nearly perfectly reconstructed,
even if the MDM is applied with few NFE.

Table 1 brings representative results for the performance
of this autoencoder, operating on sequences of length 256
tokens using a latent of size 1024 x 128, and varying the
MDM'’s hyper-parameters. The table reports Generative Per-

plexity (Gen-PPL) that measures how coherent or “likely”
the generated text is. Also reported are Bert scores and
Character Error Rate (CER). The first evaluates semantic
code similarity using CodeBERTScore (Zhou et al., 2023),
an embedding-based metric that aligns contextual token rep-
resentations from a pretrained model via cosine similarity.
Character Error Rate (CER) (Jurafsky & Martin, 2009) is
defined as the normalized Levenshtein edit distance between
the generated code string and the reference code string at the
character level. CER counts the minimum number of single-
character insertions, deletions, and substitutions required to
transform the prediction into the reference, divided by the
number of characters in the reference.

As can be see in in this table, varying LLaDA’s block-size
and overall number of NFE, nearly perfect synthesized text
is obtained, even for very low NFE, and surprisingly, this
behavior strengthens with larger block-size. Increasing the
number of demasking steps steadily improves reconstruc-
tion, reaching CER around 0.10 and CodeBERTScore F1
around 0.96 to 0.97. The combination of low CER and high
“CodeBERTScore” suggests that the remaining differences
are concentrated on whitespace, formatting, or identifier
naming, rather than major semantic changes.

More details and results referring to this autoencoder are
brought in Appendix F.

Table 1. Autoencoder: Performance measured via Generative Per-
plexity, and recovery error evaluated via Bert-Score and Character
Error Rate (CER). The Table explores varying hyper-parameters
of the MDM decoder, for a generative length of 256 tokens.

Block NFE  Gen-PPL  Bert-Score CER
32 3 59.538 0901 0422
32 16 20.263 0.936  0.210
32 32 13.525 0.957  0.150
32 64 11.301 0.968  0.130
32 128 10.401 0970  0.123
32 256 10.085 0972 0.118
64 8 28.172 0.925  0.265
64 16 15.553 0951  0.171
64 32 12.463 0.963  0.140
64 64 10.971 0970  0.124
128 3 18.027 0.946  0.190
128 16 13.244 0.960  0.149
128 32 11.566 0.968  0.130
128 64 10.639 0971  0.122
256 4 19.221 0.939  0.205
256 8 13.937 0.957  0.155
256 16 11.981 0.965  0.132
256 32 10.962 0970  0.123
256 64 10.458 0973  0.118

Unconditional Text Generation

Given the trained embedding network, h4(xo), we used the
2 million text sequences of varying lengths, and converted
them to latent matrices of size 1024 x 128. These were used
for training a denoiser for the continuous diffusion. More
details on this training, the diffusion algorithm used, and its
overall performance evaluation are brought in Appendix E.

ConThenDisc generates text sequences by synthesizing an
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Figure 5. Autoencoder: A source program and its encoded-decoded outcome (Gen-Length=256 tokens as one block). The two outcomes

correspond to NFE=4 (CER=0.12) and NFE=16 (CER=0.03).

embedding vector, and then decoding it to tokens via an
MDM. ConWithinDisc generalizes the above by updating
the guidance latent vector within the MDM iterations. This
involves an additional training of the continuous diffusion,
conditioning its denoiser on the embedding of the tempo-
rally available sequence. More details on this training are
brought in Appendix E. The main hyper-parameters gov-
erning these processes are the dimension of the latent vec-
tor generated, and the MDM parameters (sequence length,
block-size, number of unmasked tokens in each step, NFE).
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Figure 6. Text Generation: MAUVE and Gen. Perplexity for
base LLaDA, ConThenDisc and ConWithinDisc, vs. complexity
(NFE). n = 512, K = 8 (top) and n = 1024, K = 16 (bottom).
In all cases, the whole sequence is treated as one block.

Figure 6 presents the results obtained for varying generation
lengths (512 and 1024), while sweeping through NFE* and

“NFE accounts for the continuous diffusion: The denoiser
(400M parameters) is activated 128 times, leading to an overall
load of =~ 6 demasker (8B) activations. The conditioned diffusion

referring to all the text as one block, which was found best
for the base model. As can be seen, ConThenDisc and Con-
WithinDisc perform much better than the LLaDA baseline
across a wide range of NFE and generation lengths, reflected
by both the MAUVE and the Gen-PPL measures.

For example, generating sequences of length 512 with a
base-LLaDA model that uses NFE= 512 (MAUVE=0.62,
Gen-PPL=19.4) parallels ConWithinDisc with NFE= 40
(MAUVE=0.6, Gen-PPL=14.3), implying a speedup of x13.
Similarly, for sequences of length 1024, base-LLaDA with
NFE= 1024 (MAUVE=0.76, Gen-PPL=23.5) is 14 times
slower than a comparable and even better ConWithinDisc
(NFE=72, MAUVE=0.8, Gen-PPL=12.5).

In these graphs, ConWithinDisc has been implemented such
that it uses only one additional continuous diffusion in
the middle of the MDM steps in order to update the la-
tent guidance, offering an evident improvement over Con-
ThenDisc, at the cost of adding less than 2 to the NFE.
More results on these experiments with a wider coverage
the hyper-parameters are brought in Appendix G.

6. Conclusion

While Masked Diffusion Models (MDMs) offer a com-
pelling approach to text generation, they face inherent per-
formance hurdles. We introduce CRoCoDiL, a framework
that overcomes these bottlenecks to provide a substantial
boost in synthesis speed and text quality. By first gener-
ating a “sketched” latent representation in a continuous
space and then converting it into tokens via a guided MDM,
CRoCoDiL achieves superior results, as demonstrated in
our experiments with LLaDA (Nie et al., 2025). Our future
research will focus on extending the proposed algorithms to
handle conditional (prompt-based) text synthesis (see Ap-
pendix H), optimizing the continuous diffusion processes
via distillation, and exploring more efficient latent designs.
Additionally, we aim to improve conditional generation
by training prompt embeddings and testing our framework
against a wider variety of baseline models.

uses 32 time steps, leading to < 2 NFE.
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Impact Statement

This paper presents work whose goal is to advance the fields
of Machine Learning and Generative-Al. There are many
potential societal consequences of our work, none of which
we feel must be specifically highlighted here.
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A. Diffusion Models for Language — Background

In the past five years, diffusion models have taken the lead in image, video and audio synthesis tasks (Ho et al., 2020;
Dhariwal & Nichol, 2021; Rombach et al., 2022; Ho et al., 2022; Kong et al., 2021; Yang et al., 2023; Croitoru et al.,
2023). These algorithms all rely on a continuous formulation of diffusion algorithms, mostly assuming a Gaussian noise
contamination and a corresponding denoising network, serving as foundational elements. Bringing these methods to handle
language is far from trivial, as text is discrete and unordered. This gap poses a challenge that many recent papers have
attempted to resolve. Roughly speaking, there are three general strategies in constructing a bridge between continuum-based
diffusion models and language:

* Go Discrete: The rationale of diffusion algorithms can be brought to the discrete domain, by intuitively replacing the
Gaussian noise contamination by a masking operation or via random replacements of tokens. This line of work has been
drawing much attention recently, exhibiting a tendency to appealing results. MDM methods, such as MDLM (Sahoo
et al., 2024), LLaDA (Nie et al., 2025) and Dream (Ye et al., 2025), belong to this thread of work. The following papers
are additional representatives of this group: (Austin et al., 2021; Hoogeboom et al., 2021; Shi et al., 2024; 2025).

* Go Continuum: Text synthesis can be performed with classical (continuous) diffusion models, assuming that text
could be embedded to the continuum, and decoding it back to tokens is within reach. This approach has been explored
in a series of papers, with partial success — the following are few representatives of this group: (Li et al., 2022; Dieleman
et al., 2022; Gulrajani & Hashimoto, 2024; Gao et al., 2024).

* Go Midway: Diffusion models can be reformulated thoroughly and rigorously while focusing on discrete data. This,
for example, is the approach taken by the work on the Concrete-Score, which leans on ratios of probabilities. Another
related option operates in the logits domain, forming simplex-based diffusion alternatives. Examples of this approach
are the work reported in (Zhang et al., 2022; Han et al., 2023; Lou et al., 2024; Karimi Mahabadi et al., 2024).

For newcomers to this domain, the impression is likely to be that Masked-based Diffusion Models (MDM) are the preferred
algorithms, as they have taken the lead in bringing diffusion models to language. We argue that “the jury is still out” on this
question, as MDM still faces critical challenges, while the above-described alternatives are underexplored to a large extent.
Our work offers a novel fusion of continuum and discrete, which preserves the core essence of MDM algorithms, while
boosting them via a continuum embedding. This brings us to describe several closely related papers in Section 3 that take a
similar, yet different, path towards addressing similar goals.

B. Theoretical Analysis
B.1. Limitations of the Factorized Approximation of Joint Token Distributions

In this section, we formally characterize the gap between the true joint distribution ¢(xo|x;) and the factorized approximation
po(xo|x¢) := [1i; po(x§|x;) typically employed in MDMs. Here, py(x{|x;) represents the demasking model whose task
is to recover masked tokens within the corrupted sequence x;.

Independence Gap: We demonstrate that even if one is equipped with an optimal demasking model, pg- (7§ |x;) = q(z}|x:),
the assumption of conditional independence inherently results in a loss of structural information.

Let pg- (xo|x¢) = [}, q(z§|x:) denote the optimal factorized approximation of the true joint distribution ¢(x¢|x;). The
Independence Gap, which corresponds to the conditional total correlation of the tokens x( given the partially masked
sequence X, is defined as:

C(xolxt) = Dyw <q<xO|xt> I q<x3|xt>> (©)
i=1

Since natural language is governed by high-order dependencies (e.g., long-range syntactic constraints and local semantic
coherence), the term C(x¢|x;) is strictly positive. This implies that the factorized model py is theoretically incapable of
perfectly recovering the true data distribution g unless the tokens are truly conditionally independent.

Semantic Incoherence: Consider a simple case where the data distribution consists of two equally likely sequences:
s1 = (cat, meows) and sy = (dog, barks). If at time ¢ both tokens are masked (x; = ([M], [M])), the true joint is:

q(x0|x:) = 0.56(xg —s1) + 0.56(xp — S2). 7

11
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The optimal marginals are ¢(z$ = cat|x;) = 0.5 and q(x3 = meows|x;) = 0.5, and similarly for the other pair. However,
the factorized model py~ yields:

Do+ (XO|Xt) = (O'5ecal + 0~5edog) & (0~59meows + 0~5ebarks)' ®)

This assigns a 25% probability to (cat, barks) and (dog, meows), which are out-of-distribution (OOD) sequences. This
“marginal drift” forces the generative process to navigate through regions of the token space that do not correspond to valid
language, often leading to a loss of global coherence in long-form synthesis.

Propagation of Error in Reverse Sampling: In the iterative reverse process, we sample X ~ pg(Xo|x;) and use it to
compute the next step x,. Because py ignores the token dependencies as described above, X is likely to be incoherent.
When this incoherent Xy is plugged into the effective reverse transition pg(xs|x;), defined in Equation (4), it is guided
towards an inconsistent clean sequence, accumulating the error across the sampling trajectory.

B.2. Formal Justification for Guided Factorization

In this section, we provide the formal justification for the factorized reverse transition used in the CRoCoDiL framework.
We demonstrate that by conditioning on an appropriate continuous latent representation z, € R%, we can sample multiple
tokens independently without losing the structural dependencies of the sequence.

Theorem B.1. Let xo € V" be a discrete sequence and zy € R? be its continuous representation that contains the
information on the cross-token dependencies in X, such that the clean tokens are conditionally independent given z:

po(Xolzo) : Hpe wp|zo).- €))

Then, the reverse transition conditioned on z factorizes over the token positions:
Po(Xs|x1,20) = Hpe Lxi,20). (10)

Proof. Let s < t be arbitrary diffusion timestamps. In the following proof we rely on the standard assumption in diffusion
models that the forward noise process factorizes over dimensions (tokens) and is Markovian. Specifically:

1. Forward Independence: q(x¢|xs) = [[—, q(zi|z?).

2. Markov Property: q(x:|Xs,Zo) = q(X¢|xs).
We start by a factorization of the marginal probability py(xs|zo), by integrating out x:
po(efzn) = [ aGxelan.xo)pa(xol o) dx an

- / a{xs|%0)ps (%o|20) dxo

-/ [Hquyxa)] [T po(ailzo) | dxo
i=1 j=1

IT( [ atetlebim(oblan) dsf

=1
n
[T po(eilzo).
=1

In the first transition in the above derivation, we omitted the appearance of z( from g(x|zo, Xo) due to the Markov property.
In the fourth transition that interchanges the order between the integral and the multiplication, we rely on the fact that the
integrand is separable (Fubini’s Theorem (Rudin, 1987)).
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We proceed by factorizing the Reverse Transition, via Bayes’ rule:

q(Xt|xs, 20)po(Xs|20)
o (xt|z0)

po(Xs|x¢,z0) =

Using the forward independence assumption and the result from Equation 11 (applied to both s and ¢), we substitute the
terms:

(ITi=y aailz})) (IT7, po(ailzo))
H?:1 po(x}|20)

i)

i=1

Po(Xs|x¢, 20)

The term inside the product corresponds exactly to the single-token posterior pg (2% |¢, zo) derived via Bayes’ rule for the
i-th dimension. Thus,

n
po(Xs|x¢,20) = Hpe(iﬂi\xt» Z).
i=1

and this concludes the proof. O

C. Additional Details on the Guided-Demasker Training

In training the conditioned demasker, we jointly learn the parameters of an encoder iy and a demasking decoder fy to obtain
a compact continuous representation that preserves the global constraints needed to reconstruct the discrete sequence, while
remaining well-structured for the continuous generative model in the next stage. Given a clean sequence Xy, the encoder
produces a bank of continuous registers zo = hy(Xo), and the demasker is trained to reconstruct x, from a corrupted state
x; while conditioning on these registers.

We instantiate hg with a Qwen embedding backbone, but depart from standard single-vector pooling by introducing a small
bank of learned suffix registers. Specifically, we append K — 1 learned token embedding to the input, and additionally
retain the single summary vector corresponding to the final valid token position as usually used in Qwen, resulting in K
embedding layers
Zg = (zél),...,zéK)), z(()J) e R

Note that in the original Qwen embedder only one vector is used, but this may not be enough for our needs: A multi-vector
bottleneck distributes capacity across coarse and fine-grained attributes of the sequence, whereas a single vector often forces
an overly lossy compression. To better align these embedding with the later-applied continuous diffusion, we normalize
each register to unit length and rescale by v/d:

(4)

() Z
Z; : - .
1252

as done in previous work (Uziel et al., 2025). While alternative normalizations are possible — e.g., applying LayerNorm with
learned affine parameters (Gao et al., 2024) — this changes the scale of the register distribution and, in turn, the effective
noise magnitude in the continuous diffusion stage. In practice, adopting such learned scaling typically requires additional
calibration, either via a dedicated hyperparameter search over the noise/rescaling schedule or by estimating the appropriate
normalization statistics (mean and variance) on a held-out set.

A key requirement for the subsequent latent diffusion model is that z is progressively organized: earlier registers should
remain informative even when later registers are absent. We enforce this property using nested dropout over registers
(Bachmann et al., 2025). For each example we sample & € {1, ..., K} and expose only the first k registers to the demasker,
withholding the rest. This induces an ordered decomposition in which global “core” information concentrates in early
registers while residual details are delegated to later ones. Empirically, removing nested dropout typically has limited effect
on reconstruction quality, but substantially harms unconditional generation after fitting a continuous diffusion prior over zg
(e.g., higher perplexity), indicating that the structured bottleneck primarily regularizes latent geometry for the continuous
generative stage rather than improving raw auto-encoding fidelity.
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We use LLaDA’s demasker fy to predict masked tokens. Conditioning is implemented by prepending the available register
prefix as continuous embeddings. Given a corrupted state x;, we form the demasker input as

[ (START), z",....2{", (END), E(x;) ],

where (START) and (END) are learned boundary embeddings that delimit the conditioning channel, and E|(-) is the token
embedding lookup. A common failure mode in conditional demasking is that the demasker under-utilizes the conditioning
signal whenever sufficient local context is available. To explicitly prevent this collapse, we employ an all-mask utilization
schedule: with probability of 0.25 we set x; to the fully-masked sequence (all tokens replaced by [M]) while still providing
7, forcing fy to reconstruct from the register prefix rather than from token-to-token correlations.

Prepending continuous registers changes the positional layout seen by the Transformer. We therefore keep RoPE as the
base positional encoding and introduce a lightweight two-axis variant inspired by MRoPE (Wang et al., 2024). The model
marks each input position as belonging either to the register prefix (including the boundary tokens) or to the text stream,
and applies rotary embeddings accordingly. Text tokens use the standard RoPE rotation with a global absolute position
index. For prefix tokens, we additionally define a prefix-local index that resets at the beginning of the prefix block (i.e.,
counts positions within the register segment). We then allocate a small subset of rotary frequency pairs to use the additional
axis inside the prefix, while the remaining channels continue to use the global axis. This cleanly separates “where” within
the register block from absolute positions in the text, stabilizing prefix—text attention and reducing positional shift artifacts
under continuous-prefix conditioning.

Finally, we train hy and f jointly under the standard masked-diffusion corruption process: we sample a masking level ¢,
construct x; by masking a subset of tokens, compute zy = h4(xg), and optimize cross-entropy on masked positions, i.e.,
maximize the conditional likelihood py(x¢ | X, 20)-

Referring to the technical side of this training process, we optimize using AdamW with learning rate 2.5 x 10~° and weight
decay 0.1, for a total of 3 epochs with global batch size 512. Training is staged for stability: we first warm up the encoder
by updating only hy for the first 4000 optimization steps while keeping the decoder fg frozen, and then unfreeze fy and
continue training both components jointly for the remainder of training.

D. The Role of Robustness in Training the Encoder-Demasker

Our guided demasker is conditioned on a continuous register bank z,. Since this conditioning channel is later driven by
synthesized latents in our hybrid generators, it is important that decoding does not hinge on an overly precise register
configuration. We therefore test how performance changes when the registers are perturbed at inference. Concretely,
for each held-out sequence xo we compute zg = hy(Xo) and add i.i.d. Gaussian noise e ~ N (0,021) to the registers
before feeding them to the demasker. We sweep o and report masked-token prediction quality (Top-1 accuracy and mean
cross-entropy) for two training variants: (i) our default Guided Demasker, trained with register-noise augmentation (Alg. 1),
and (ii) an otherwise identical ablation trained without this augmentation. Figure 7 shows that noise-augmented training
yields a markedly smoother degradation as ¢ increases, while the no-augmentation variant deteriorates much earlier and
more sharply. Overall, these results indicate that latent-noise augmentation makes the conditioning interface more stable to
perturbations in register space.

We also examine how the learned register space behaves along continuous paths between real samples. We sample 1000

random program pairs (each ~ 256 tokens), encode each program into registers zéa) and zéb), and form linear interpolations

Zo = (1 — a)z((fl) + az(()b) for aw € {0,0.25,0.5,0.75, 1}, followed by the same per-register normalization used throughout.
Each z,, is decoded with the MDM decoder, and we compute MAUVE and generation perplexity, aggregating over the
1000 decoded samples per . Figure 8 summarizes the results. Quality remains high across the entire interpolation path:
even at the midpoint between two random programs (o = 0.5), the decoded samples retain strong MAUVE and only a
moderate increase in perplexity (numbers). The endpoints are, unsurprisingly, the easiest points to decode, but the overall
curve indicates that linear mixing of two unrelated register banks still lands in a region that the decoder can map to fluent,
diverse code. This supports the view that the register representation is well-behaved under continuous changes and that
decoding is not fragile to such latent perturbations.
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Figure 7. Stability under latent perturbations. We add i.i.d. Gaussian noise of standard deviation o to the conditioning register bank
at evaluation time and report masked-token Top-1 accuracy (top) and mean cross-entropy (bottom). The Guided Demasker trained
with register-noise augmentation degrades gradually as o increases, while the variant trained without this augmentation deteriorates
substantially earlier and more sharply. These results refer to 90% masking.
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Figure 8. Register-space interpolation aggregated over 1000 program pairs. We linearly interpolate between two encoded register banks
and decode at o € {0,0.25,0.5,0.75,1}. We report MAUVE (higher is better); numbers denote Generative Perplexity (lower is better),
averaged over the same decoded sets. Quality remains high across the interpolation path, including at the midpoint between two random
programs.
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E. Additional Details on the Continuous Diffusion

Given the trained encoder h4(-), each discrete sequence X, is mapped by it into a register bank zg = hy(xo) € RE*4,
where nested dropout encourages a progressive organization across the register index. We model the distribution of these
registers by training a continuous diffusion model directly in this domain. Algorithm 5 provides a description of this training
procedure.

More concretely, we define a standard forward noising process ¢(z; | zo) over the register bank, producing z; at diffusion
time ¢ € [0, 1], and learn a DiT-style denoiser g,,. As the denoiser backbone we use a PixArt-style Transformer adapted to
1D sequences of register tokens: a compact 28-layer variant with roughly 400M parameters (Chen et al., 2023). We adopt
the xg-prediction parameterization, where the denoiser directly predicts the clean register bank,

20 = gw(ztvt)v
and train with a mean-squared error objective averaged over registers,
2

Econt(w) = ]Ezo,t|: ng(ztvt) - ZOH2]a Zy ~ Q( ‘ ZO)‘

We use the standard DDPM (Ho et al., 2020) objective with a cosine noise schedule, and sample using DDIM (Song et al.,
2021).

Algorithm 5 Continuous-Then-Discrete Training

Input: data xg ~ P(x),

Sample ¢ ~ U([0,1])

Zy — h¢ (Xo)

z; = Forward(zo, t)

L(¢, %) = llgw(ze,t) — 2zoll3

Backpropagate on V., L(¢, 1)) and run optimizer

AR AN A T

Nested dropout induces a progressive ordering over registers: early registers must remain informative even when later
ones are absent, while later registers provide refinements. We mirror this structure in the continuous diffusion stage using
block-wise timestep offsets aligned with the same geometric grouping used by nested dropout. Concretely, we partition the
K registers into contiguous blocks whose sizes grow geometrically (e.g., 1,2, 4,8, ...). For a sampled base diffusion time ¢,
we add a block-dependent offset A, (increasing with the block index) and train all registers in block b at the effective time

t®) = clip(t+ Ay), Al <Ay<--<Ap.

Importantly, all blocks are trained across the full range of diffusion times; the offsets do not restrict a block to a narrower
noise regime. Rather, they impose a consistent relative ordering of effective times across blocks for the same base ¢: later
blocks are always evaluated at a larger effective time than earlier blocks. This aligns the continuous diffusion objective with
the progressive register ordering induced by nested dropout, encouraging the denoiser to recover the information carried by
early registers before relying on later registers for refinements.

ConThenDisc uses an unconditional continuous diffusion prior over register banks. We first construct a dataset of clean
registers zg = hg(xo) from the frozen encoder, and train a DDPM in register space with x-prediction: we sample ¢ € [0, 1],
draw z; ~ q(z; | o), and optimize
2
Econt(w) =E [”gw (Ztv t) - ZO”Q] .

At generation time, we sample zy by running the reverse process from Gaussian noise, and decode it into tokens using the
guided demasker conditioned on Zg.

ConWithinDisc trains a conditional continuous diffusion model that produces register banks consistent with a partially
observed sequence. Training proceeds as follows: Given a clean sequence X, we sample a masking ratio r» ~ Unif([0, 1]
and construct a partially masked sequence x(") by masking an r fraction of tokens. We then reuse the same encoder
hg to compute a conditioning embedding from x("), but apply an attention mask that blocks information flow through
masked positions so that the conditioning signal depends only on visible tokens. The diffusion model is conditioned on this
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embedding through cross-attention layers, while the diffusion state is a noisy version of the clean register bank zy = h(x).
Concretely, we sample ¢ € [0, 1], draw z; ~ (2 | zo), and train

Leona(¥) = E[llgy(ze,t | ho(x"))) — zo]3].

This objective teaches the model to denoise registers while respecting the partial evidence provided by visible tokens. At
inference, we fix the masking ratio to 7 = 0.5 to form the conditioning input, sample a register bank from the conditional
diffusion model, and pass it to the guided demasker to complete the sequence.

To compare the unconditional (ConThenDisc) and conditional (ConWithinDisc) continuous diffusion models, we report
precision—recall statistics using the PRDC framework of (Naeem et al., 2020). Specifically, we generate 5,000 samples and
represent each sample by K =128 register vectors. We treat each register position as an independent feature space: for every
register index j € {1,..., K}, we compute PRDC between generated and real samples using the corresponding vectors

{z((f ) }, and report the final score by averaging each PRDC metric across all 128 registers. For the unconditional model,
we obtain precision = 0.956 + 0.010, recall = 0.651 4 0.048, density = 1.105 4= 0.099, and coverage = 0.870 % 0.021.
The conditional model substantially improves recall to ~= 0.74 (with similar precision), indicating better coverage of the
real-data manifold.

To directly verify that conditioning improves denoising, we measure reconstruction quality across diffusion times by
computing PSNR between the denoiser prediction and the ground-truth registers as a function of ¢. Specifically, we compare
PSNR(gy (24, t),20) for the unconditional model against PSNR(gy, (2, t | hy(x()),20) for the conditional model. As
shown in Figure 9, the conditional denoiser attains higher PSNR over a wide range of timesteps, indicating that it effectively
leverages the partial-token evidence provided through h¢(x(r)).

28.0
=e-: ConThenDisc

%0{  ==2 . @~ ConWithinDisc

25.0 S

24.0 ~

23.0 S

22.0 S

21.0 ‘\ s
20.0 N - o a
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Noise level (o)

Figure 9. PSNR of denoiser predictions against ground-truth registers across diffusion time. Conditioning (ConWithinDisc) yields
consistently higher PSNR than the unconditional model (ConThenDisc), demonstrating improved reconstruction from noisy registers.

F. Additional Details on the MDM-based AutoEncoder

Figure 10 and Algorithm 6 present the MDM-based autoencoding procedure. Note that lines 3-9 in this algorithm represent
a regular MDM, empowered by the zy guidance.

Table 2 is similar to Table 1, referring to sequences of length 512 tokens. The conclusions drawn from both tables are quite
similar: Nearly perfect synthesized text is obtained, even for very low NFE and for larger block sizes.

G. More on ConThenDisc and ConWithinDisc

Figure 11 summarizes three ablations that characterize the interaction between our continuous-register conditioning and the
discrete LLaDA demasking stage, all referring to sequence length of 512 tokens. More specifically,

(i) Varying the number of registers (ConThenDisc baseline). We first vary the number of registers used to represent the
continuous conditioning under ConThenDisc, taking K =8 as the default setting. Increasing the register budget degrades the
performance: K =16 remains close to the baseline, while larger settings (/=32 and K =64) consistently degrade generation
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Regular MDM as a Decoder
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Figure 10. The proposed autoencoder: a token sequence Xy is encoded to a latent representation zo, and its decoding is done via a regular
MDM.

Algorithm 6 Discrete-Continuum-Discrete Autoencoder

—_

Input: Clean sequence X ~ Pgaw, €ncoder hy, demasker fy, number of steps 1"
Encode to continuous latent space: zg < hy(Xo)
Initialize from fully masked vector: ¢ <— 1, x; <— m
while ¢ > 0 do
Predict clean sample: Xo ~ fo(x¢,t,20)
Decrement time: ¢ < ¢t — 1/T
Apply forward masking: x; < Forward(Xg, t)
end while
return Reconstructed sequence X

AR e A A R o

quality. A plausible explanation is that learning additional fine registers is harder and does not necessarily benefit the
downstream demasking process. Once early registers capture the dominant global signal, later registers are expected to
encode residual refinements; however, these higher-index registers are more weakly constrained, can become redundant
or noisy, and may fail to provide complementary guidance. In this regime, adding registers can dilute the conditioning or
introduce instability rather than improving the final sample quality.

(ii) When to refresh the conditioning (ConWithinDisc). Next, we ablate the timing of refreshing the continuous embedding
during discrete demasking by updating after a fraction o € {0,0.25,0.50,0.75} of the LLaDA steps. We include @0 as
a no-refresh reference corresponding to ConThenDisc (plotted with a small horizontal shift for readability). The results
indicate that the midpoint update (@0 . 50) is the most effective operating point. Updating too early (@0 . 25) behaves closer
to @0: at the beginning of demasking, the discrete trajectory has not yet accumulated sufficient structure for a refreshed
embedding to provide meaningfully different guidance. Updating too late (@0 . 75) offers limited benefit because fewer
decisions remain; by that stage many tokens are already committed, and committed tokens remain unchanged during
LLaDA demasking, reducing the degrees of freedom through which refreshed conditioning can influence the final generation.
Overall, the midpoint refresh provides the best trade-off between having enough structure to exploit and still having sufficient
flexibility to steer the remaining undecided tokens.

(iii) Block-wise timestep offsets. Finally, we evaluate block-wise timestep offsets in the continuous diffusion stage,
introduced to promote a clearer hierarchical organization across registers and to better align training with the progressive
ordering induced by nested dropout. Empirically, these offsets are important for stable training and for strengthening
the intended coarse-to-fine relationship among registers, while their effect at inference is moderate (approximately 0.03
MAUVE in our ablations).
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Table 2. Autoencoder: Performance measured via Generative Perplexity, and recovery error evaluated via Bert-Score and Character Error
Rate (CER). The Table explores varying hyper-parameters of the MDM decoder, for a generative length of 512 tokens.

Block NFE Gen-PPL  Bert-Score CER

32 16 35.477 0.833 1.149
32 32 15.554 0.877  0.237
32 64 9.630 0904  0.146
32 128 8.170 0959  0.118
32 256 7.583 0.960  0.105
64 8 33.738 0.764 1.100
64 16 29.314 0.821 1.196
64 32 11.834 0935 0.183
64 64 8.989 0948  0.132
64 128 7.989 0955 0.113
64 256 7.534 0.959  0.103
128 8 35.547 0.856 1.180
128 16 18.715 0.945 1.229
128 32 10.806 0.953 1.218
128 64 7.497 0.957 1.152
256 8 22.527 0.935 1.240
256 16 11.828 0948  0.218
256 32 9.277 0955 0.176
256 64 8.178 0.959  0.158
256 128 7.646 0.960  0.149
512 8 13.146 0.877 1.337
512 16 9.820 0.904  0.189
512 32 8.447 0959  0.163
512 64 7.832 0960  0.152
512 128 7.517 0.957  0.145
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Figure 11. Ablations at length 512. Top: register-count ablation under ConThenDisc (varying K). Increasing the number of registers
beyond the baseline does not improve and can degrade performance, suggesting that learning and exploiting additional fine registers
is challenging and not necessarily beneficial for discrete demasking. Bottom: conditioning refresh ablation, updating after a fraction
a of LLaDA steps. The midpoint update (@0 .50) is most effective; updating too early resembles the no-refresh baseline (@0, i.e.,
ConThenDisc), while updating too late leaves limited room to affect generation as more tokens are already committed and remain
unchanged during demasking.

Figure 12 adds to the content of Figure 6, covering the case of generated sequences of length 256 tokens. The conclusions
drawn from this graph are quite similar to the ones drawn earlier, namely, ConThenDisc improves substantially over the base
LLaDA, and ConWithinDisc further adds to this improvement. In this case, base LLaDA that uses 256 NFE produces (i.e.
generating one token at a time) parallels ConWithinDisc that uses 40 NFE, offering a x6 speedup and beyond.
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Figure 12. Text Generation: MAUVE and Generative Perplexity of generated text with base LLaDA, ConThenDisc and ConWithinDisc.
The sequence generated is of length 256 tokens, handled as one block, and the number of registers in the embedding is K = 8.

Sample 2

import urllib
import base64
import copy

import numpy as np

Sample 1
class silverman(bplugin.bplugin):
#

import sys
sys.path.append(" .. ")
from tests.advanced.make_test_data_01 import def outbir(self):

from modules.AddConstant import *
read in silverman's calc

from modules.SimpleFactory import *
from ModuleLogTable import x
import unittest

class TestAddConstanti(unittest.TestCase):
def setUp(self):
test_data = [self.H]
for param in self.H.params:
submodule = self.H.submodules['test_' + param + 'nu']
test_data.append(submodule
self.C = AddConstant(test_data, 'test_output')

@staticmethod

def test_output():

Test that audio sequence expects to use the output,
day = datetime(year=2013, month=1, day=30).iso_yday()

s = get_factory(day)
s.draw_layout()

if 'invl' not in self.modname:
return np.zeros(0

from StringI0 import Stringro
i = open(self.modname)

o = stringIo()

result = i.read(2040)

results = self.parseResults(result)
i.seek(0)

return results

#
def shaderdir(self):
result = self.outdir()

logger.debug("reading output {} ... *.format(result))
result = self.parseResults(result)
result.append("mListResults ::+=({});".format(self.mListResults()))

if self.mergeResults:

mlt = ModuleLogTable()
mit. tk().draw() copybata = result
# Test that output variable has been installed else:
copybata = copy.deepcopy(result)

It's not, so we

can't use our output Feature

copybatal ‘metadata’] = copy.deepcopy(copyData)

mit.shutdown()
if _name_ = '_main_': data = urllib.quote(base64.b64encode(copybata))
unittest.main() return data

(a) Sample 1 (b) Sample 2

Figure 13. Qualitative code generations (length 256), samples 1-2. Continuous registers are sampled with ConThenDisc (128 DDIM
steps) and decoded with LLaDA (256 discrete denoising steps, single block).

‘We now turn to present qualitative results, presenting programs generated by our ConThenDisc pipeline. Figures 13, 14, 15, 16
focus on programs of length 256 tokens, while Figures 17, 18, 19, 20 show 512-length programs. For all experiments, we
first sample continuous registers using DDIM for 128 steps. We then decode the resulting continuous registers into code
using the LLaDA demasking decoder with a single block (full-length block size), conditioning the decoder on 8 continuous
registers. We vary the number of discrete demasking steps and compare 256, 128, 64, and 32 discrete denoising steps for

each target length (256 and 512 tokens), reporting two samples per setting.
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Sample 4

import pulumi
import pulumi_aws as aws
from pulumi_aws import *

pulumi.Input(
name="project_id",
description="AWS Project ID",
required=True,

)

pulumi.Input(
name="s3_bucket_name",
description="S3 Bucket Name",
required=True,

)
dc = = pulumi.DatacCatalog(
e,
"grouping",
“checker_vars",
pulumi.Input( Sample 5
name="url", . .
description="URL of the document, rom atomix.robot.utils.representation.representation_base import RepresentationBase
pulumi.Input( class MemoryFamily(RepresentationBase):
- " __name__ = 'memory: "'
name .crgate? ! " def _init_ (self):
) descrlptlcn: Date of the creation ’ super(MemoryFamily, self).__init_ ()
, self.chem_fourd = '
puluml.l[\eut( ted” def _del_ ((self):
name="created”, Self.chem_fourd = '
description="Type of the request",
required=True, .
) class MemoryLength(RepresentationBase):
oo _len_ =32
pulumi.Input( def fn_module_memory_length(self):
name="dc-%s", self.chem_fourd = self.chem_fourd.read(self.chem_fourd._len_())
description="Identifier for the file",
) ), def test():

with tempfile.TemporaryFile() as memory_file:
with pytest.raises(Exception):
memory_file.remove()
def app(): Togging.error("memory %s was removed® % memory_file)
"""Returns html string for file_url."""
with tempfile.TemporaryFile() as memory_file:
2 = memory_file.read()
R table_length = len(f2)
def main(): if table_length > 1:

ulumi.app.run(path=app.path num2_file.append()
p pp (p pp.path) assert table_length = num2_file, 'memory removed {} # {}'.format(table_length, num2_file) )

(a) Sample 1 (b) Sample 2

Figure 14. Qualitative code generations (length 256), samples 1-2. Continuous registers are sampled with ConThenDisc (128 DDIM
steps) and decoded with LLaDA (128 discrete denoising steps, single block).

Sample 1

<reponame>salibm//genpy
import numpy as n
from scipy.optimize import least_squares

def activation_function(coefficients, n_bias = 1):
size = = len(coefficients) - n_bias

min_condition = = "Error: * + str(least_squares(no(size) + " definite minima is not attainable.”

if not isinstance(coefficients, np.ndarray):
raise ValueError('coefficients must be a numpy array')

Sample 8

# -x- coding: utf-8 -x-
from FWCore.ParameterSet.Config as cms
import os
import sys

# filename = 'path to .ini file''
images_path = 'cubix-std/cubix-sting/ToToAnalysis.py"

def epf(weights,_bias):
: test_path = 'cubix-std/cubix-sting/ToAnalysis.py'

if n_bias #
raise ValueError("n_bias must be 0.")

size = sun(weights) for test in test['Testfile'l:

X = weights * size #item in hypers order : o= . . ion(" "
units = split(x) if not test['nMuAvg'] = test['nMuRef']: raise Exception("Average ref length does not match!")
return units

filename = = str(test['[''])

if not os.path.exists(filename): raise Exception("Could not acquire GT-", filename,, "1")

def split(x):
#method/self should return the default method, if the method is not None gy i :
if isinstance(x, np.ndarray): for idx, image in enumerate(f'Testfile\n", 1):

assert False, "methodsresult should not return a numpy array" test_data = str(test['[]']
return eval(x assert test_data['nMu_'] <= test_data['nMuRef_']

if not os.path.exists(image): print("[ERROR] Could not find images for all groups!")

def vpaq_genpy(bc, copy=True): sys.path.append(os.path.join( images_path, image

"vpaq converter.
return bc print()

(a) Sample 1 (b) Sample 2

Figure 15. Qualitative code generations (length 256), samples 1-2. Continuous registers are sampled with ConThenDisc (128 DDIM
steps) and decoded with LLaDA (64 discrete denoising steps, single block).

H. Extending the Proposed Algorithms to Conditional Text Synthesis

The two presented text synthesis methods, ConThenDisc and ConWithinDisc, have been described in the context of
unconditional generation, to sample from P(x). Here we discuss their possible extensions to conditional synthesis P(x|c),
i.e., responding to a given prompt c.

We start with ConThenDisc, as described in Algorithm 2. Given a prompt c, the generated latent z, that initiates the
generation process must take it into account in order to lead to a valid eventual answer. Therefore, the continuous diffusion
algorithm G (€) must be conditioned on c. Here as well we propose to achieve this conditioning by embedding the
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Sample 9

from .device import Device

Sample 10 import re

. # Provides interface for for temperature devices
<reponame>Zap11/config_obj
e . classclass Temperature(Device):
E?qflg option class interval = 'temperature'

from src.main_obj.config_obj.config_option import ConfigOption
import os
import subprocess

def update(self, interval, scheduler):
result = self =('('measurement', None)

if result is None:
self =('('error', 'sync')

class ConfigScanner(ConfigOption): return result

If a value is provided, update the value

# Converts a to to
def set_value(self,(self, value): #0 = 0, Monday, Tuesday, , Wednesday,
ConfigOption.set_config_value(self, value)

def weather(self, subject, scheduler):

def set_path(self, path): sﬁbJe§§ =tsgpe;€se1f, subject, None)
self._dir_list = path 1 sgeiign) s

def _init_files(self):
for _ in os.listdir(self._dir_list):

result result = subprocess.run([self.config_process], timeout=0) # This is a valid class in '([A-Z-Ze3]+)

return result
return '([A-Z-2-2-Z-2-2-2-2?2\]%)")

def scan(self): .
"""Read all all files for CONFIG_PATH.""" def result(self, subject, date_from):
files = [] for set in self.CONFIG_PATH.keys() if not str.startswith(date_from):
member = member.split('.")
if temp_files: and len(y) # 1:

print '{} in ConfigScanner:'.format(temp_files) member = '%s' % member
for name in set_obj.append({
‘path': self.chr.get('name').encode( 'utf-g8")

b def exists(self, type, scheduler):
files = [x for x in os.listdir('/set/{}/'.'.format(name] locator = self.locator(self, scheduler)
return files raise NotImplementedError
(a) Sample 1 (b) Sample 2

Figure 16. Qualitative code generations (length 256), samples 1-2. Continuous registers are sampled with ConThenDisc (128 DDIM
steps) and decoded with LLaDA (32 discrete denoising steps, single block).

prompt instead of working with it directly, implying that the prompt should be fed as a guidance to the diffusion’s denoiser.
Therefore, the training procedure, as described Algorithm 5, changes: line 5 in this algorithm becomes

L($,9,K) = ||lgy (e, t, hie(c)) — 2013, (12)

and the training can be done with respect to both v (the denoiser parameters) and « (the prompt embedding parameters).
Training of h,(-) can be initialized with h(-) — the original embedding we started with. Indeed, we may consider also an
option of avoiding its training altogether by simply assuming h, () = hy(-).

Once the above training is done, Algorithm 2 (the ConThenDisc synthesis algorithm) should change in the following three
items:

* Line 3 should become z <— G (¢, h,(c)), so that the continuous diffusion uses the prompt to gear the synthesis of the
latent zg,

* Line 5 changes to include the prompt as the prefix of x;, i.e. x; := [c, m]. This way, the MDM part of this algorithm
operates as usual with the guidance of zg, but also includes the prefix prompt as fixed set of tokens, masking only
portions of the answer.

* Line 7 should change as well: The demasker should be retrained with a dataset of prompts and their answers, in order to
take the available prompt into account. Referring to Figure 2, this training should be done by encoding the answer (or
the prompt and the answer together) via h4(-) and feeding it to the demasker for guidance. In addition, the demasker
should get a token sequence that contains all the prompt and a partially masked answer, aiming to predict the masked
tokens.

Turning to the ConWithinDisc algorithm, a similar line of changes is in order. More specifically, the already conditioned
denoiser in the training Algorithm 4 should admit another guidance, h(c). In its inference, as described in Algorithm 3,
the prompt should be included in both line 3 as a prefix to x;, and in line 6 within the inner continuous diffusion via
zo < Gy (€, hy(x¢), hy(c)). Finally, the prompt-aware guided demasker should be used in line 7.
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Sample 1

inport datetime
import json
import logging
import os
import re
import sys
inport time

from code.flag inport flag

from code.flag import make

from code.flag import solved

from code.solution import Solution

det get_current_tine(1);
= datetime.datetime.now()
\ncxl_t)me = now.astimezone(f.timezone.utc)
Local tine = Local.tine. astinezone(f. tinezone)
return local_t:

def check_status(f, solution):
urrent_time = get_current_time(f)
status = = solution.get_status()
accepted_status = [s for s in status if s in f.accepted_status,, f.accepted_status]
if current_time in accepted_status:
return True
return False

def check_tine(f, end_time):
current_time = get_current_time(f)
if accepted_time <= current_time:
return True
return False

def q_agent(control):
control.protocol_version = ‘agent’
return
def q_maxline(f)
if len(f) >
return £'4 lines will be allowed:
return f
def g maxproc(f):
if len(f) > 1:
d ml(leu(f) /4)
return f'{f} can support {d} procs’
eturn f
def q_validation(control):
ntrol.protocol_version = ‘agent’
*http: //localhost :8000"

{f} [ ..

validBaseurl

'/api/a/a/a/a/avalid’
validBaseurl

'/api/a/a/a/a/avalid’

# agent server version

HAPT_KEY_MAX_QM = 100
APT_KEY_DEFAULT_MAX QM N
def request_time(server):
server.protocol_version = 'agent
return server.send(" /apl/xl/&]/xﬂ/ﬁ/mnnde , '/status/current’)

*4400'

def request_status(server, tier, node):
eturn server.get_response(control.validBaseUrl, tier.nane(), node.name())
def requesl status_time(server, tier,

node):
Info = server.get _response(control.validBaseUrl, tier.name(), node.name())
xeruru timeInfo.time()

(a) Sample 1

Sample 2
# Author: <NAME>
# Website: http://ww.camhlab.com

# License: Apache License 2010

from poc.algorithms import *
from poc.utils import *

class SimulatedDataset(object):
def _init_(self, n_rows, n_cols, n_workers, batch_size, train_size=None, test_size=None
Self.n_rows = n_tous
self.n_cols = n_cols
self.n_workers = n_workers
self.batch_size = batch_size
self.train_size = train_size
self.test_size = test_size

def uam _dataset(self, n wurkers 1, batch_size=800):
\f train_size is No
.train_size = .
return selfocraate _dataset(self.train_size, n_workers, batch_size)

def create_df(self, n_rows, n_workers, batch_size):
try:
df = self.create_dataset(n_rows, n_workers, batch_size).as_udf()
except:
pass
= df.withColumn(lambda c:

¢ self.create_bit(True, '', 28).as_udf)
return df

def get_dates(start_batch, start_train, end_train, n_workers=: 1, batch_size=800):
print(‘random_density:, start_batch, start_train, end_tr:
min = get_random_df(start_batch)
end_date = datetime.now()
max = round(float(end_date + start_date) / 2, 1)
start_range = min + max * (1 - start_train)
end_range = min + max * (1 - end_train)
retirn start_range, end_range

def get_random_df(start_batch, start_train, end_train, n_workers=1, batch_size=800):
print(‘random_density:', start_batch, start_train, end_train)

m = Model(
('dataset’, Randomv3),
g epoch,
(epoch’, 2),
('phase’, smf(shufﬂe)

return (

m.get_model().
get_model(n_workers).
get_activation(activmax_v3).
get_output_df(batch_size, batch_size)

(b) Sample 2

Figure 17. Qualitative code generations (length 512), samples 1-2. Continuous registers are sampled with ConThenDisc (128 DDIM

steps) and decoded with LLaDA (256 discrete denoising steps, single block).

Sample 1

*<NAME>"

import re
from django.http import HttpResponse
from django.template.loader import render

class AsbGenerator(object):
def __init_(self, html):
Self.html = html

def _str_ (self):
return self.DOCTYPE
DOCTYPE = '<!DOCTYPE html PUBLIC "-//W3C//DTD XHTML 1.0 Strict//EN">'
def generate(self, request, log,
Len(self.html)
1 self.html.f)nd( <head>')
u = self.html.find('<body>')
body = self.html[1:u]]
r = self.html.find('<tr>")
for i in range(0, count):
tr_count = self.html.find('<tr>')
td_count = self.html.find('<td>")

th_count = self.html.find('<th>')
FuelRate = self.html.find('<tr>') * self.html.find('<tr>')]
FuelUsed

self.html.find('<tr>') * self.html.find('<td>')]
# FuelTotal = FuelRate * FuelUsed

def generate(self, request, log):
assis = chassis[0]
= chassis[ 1
fuel = chassis[fuel]
phore = chassis[phore]

fuelextent = '<td style="border: 0.1//0.0">' + Fuel +
total = len(self.html)

RAL

s_type = '<script type="text/f32"
title '<title>S/R/SUCCESS</title>"
root = self.html.find('//data/root]")[0
thead = [

[measurementsments],

[fueluel]

[phore],

.append(

measurementsments=measurements,
fuel=:

body = render('log/asb_mutile.html’, e)
except Exception as e)

(a) Sample 1

Sample 5

from copy import deepcopy

import numpy as np
fron refalcon.metrics.base import MetricsBase
from refalcon.settings import *

class ChurdMetr)cs(MelrlcsBase)
init_(self)
Super(ChordMetrics, self)

._init_()
# load models
self.chord_model = self.rcmhub.rcchord.rcchord()
self.rcmbone_model = self.rcmhub.rcmbone. rembone()
defproperty_reference_attributes(self):

y = self.reference._dict_["path’]

# returns full_table_name
ref_attrs = getattr(self.reference, key)
return ref_attrs
defproperty_meta_attributes(self):
= self.meta._dict_["path"] # returns meta_table_name
meta_attrs = getattr(self.meta, key)
return meta_attrs
defproperty_property_attributes(self):
y = self.properties.keys()[@] # returns ION, property_name

prop_attrs = getattr(self.properties, key)
return prop_attrs

class MissingAttributes(MetricsBase):
ATTRIBUTES = ["chord”, "

"name”, "number”]
def __init_(self, %xkwargs):
Super(ChordMetrics, self)._init_(n_asr=N_ASR, number=CHORD_NUM,

, wxkuargs)

def update_attributes(self, key):
"chord"

chord_podel, -

if key mbone”
hord_nodel -

self. chord_model
521 xenbone_model

self.chord = deepcopy(chord_model)

super(ChordMetrics, self).update_attributes({*name": {}, “path”: key})

def get_attributes(self,

kwargs = kwargs.get("")
= np.randon. choice(NP)
self chord = deepcopy(NP)

rds_instance
self.chord
self.name

np.random. choice(RDS)
deepcopy (rmds_instance)
rds_instance[ "name"]

return {"NP": NP,
"n_asr": str(self.n_asr),

self.name,
self.number}

(b) Sample 2

Figure 18. Qualitative code generations (length 512), samples 1-2. Continuous registers are sampled with ConThenDisc (128 DDIM

steps) and decoded with LLaDA (128 discrete denoising steps, single block).
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Sample 8

# Copyright 2018 Google.
#
Sample 7

# Licensed under the Apache License, Version 2.0 (the "License");

# you may not use this file except in compliance with the License
# You may obtain a copy of the License at

# Copyright 2016-2011 Fetch.AI NV

#

# Licensed under the Apache License, Version 2.0 (the "License");

# you may not use this file except in compliance with the License

# You may obtain a copy of the License at

www

http://w .apache.org/licenses/LICENSE-2.0

# Unless required by applicable law or agreed to in writing, software
# distributed under the License is distributed on an "AS IS" BASIS,

N : # WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied
http: //wwe . apache.org/licenses/LICENSE-2.0 # See the License for the specific language governing permissions and

# Unless required by applicable law or agreed to in writing, software # limitations under the License.
# distributed under the License is distributed on an "AS IS" BASIS, from dj b 4 n
# WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied rom django.contrib import autl

# See the License for the specific language governing permissions and from django.conf import models

# limitations under the License from django.urls import reverse

storage storage

store records, store records,, store record records,, update, and and delete records

def change_default_json(data):
from django.db import migrations

from django.contribsitesolvers import
fromfrom dbutils.session import _get_saved_session

fromfrom dbutils.requesthandler i

migrations.alter_colunn(auth.DefaultAnonymousAuth, 'key', models.CharField(

import VaultRequestHandler max_L =2,
fromfrom dbutils. er import Ext null=True,
fromfrom dbutils. r er lank=True,
Fronfrom storage.vaultrecord inport VaultRecord editable=False,
class VaultRecordAdd(VaultRecord): »

def __init__| (self, wxkwargs ) :

Self.user

= kwargs.get('user_id', _get_saved_session()['user_id)
self.arld kwargs get('arId', None
self.vaults_url =

migrations.alter_column(auth.DefaultServerAuth, 'key', models.CharField(
max_length=200, null=True, blank=True, editable=False
H . i tions.alter_column(auth.DefaultServerAuth, 'verkey', models.CharField(
. kwargs.get('vaults_url',) migra er. a S h, '
celf.vaults path = = kwargs.get('vaults_path',) max_length=255, null=True, blank=True, editable=False)
class VaultR Handler(| er):

AUTH = auth.DefaultAnonymousAuth
parent = VaultRecordAdd()
user_id

SERVER_AUTH = auth.DefaultServerAuth
VaultRequestHandler()

def test_default_auth(data):
errors = ExtractRequestHandler()
errors = ExtractRequestHandler()
request_handler = VaultRecord

data_obj = None
if isinstance(data, str):
data_obj = data
fields = ('rid’, 'recordrd’,) elif isinstance(data, dict):
data = {data_obj: data}
def _init(self):
VaultRecord.__init_ (self) data = = ORD_JSON(data)
self.prefix = u'r' data_path = change_default_json(data)
HashRequestHandler. _init__(self)
def getParentList(self, parent):
arl parent.arId

mappings.write(
user_id = parent.user_

True)
ladd = parent.ledger. get( ladd", None) write_pth.urite(
p = VaultRecordAdd() SERVER_AUTH,
p.data['arid'] = arId True)
p.add1(dd(ladd))
p.displayForm()
return p

auth.m_migrations(formff)
assert isinstance(auth.auth_list, list list(auth.auth_list))

(a) Sample 1 (b) Sample 2

Figure 19. Qualitative code generations (length 512), samples 1-2. Continuous registers are sampled with ConThenDisc (128 DDIM
steps) and decoded with LLaDA (64 discrete denoising steps, single block)

Sample 3

# Copyright 2019 DeepMind Technologies Limited. ALl Rights Reserved

# Licensed under the Apache License, Version 2.0 (the "License");
# you may not use this file except in compliance with the License
# You may obtain a copy of the License at

#
# http: //ww .apache.org/licenses/LICENSE-2.0

# Sample 6
# Unless required by applicable law or agreed to in writing, software

# distributed under the License is distributed on an "AS IS" BASIS,

# WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied

o <reponame>vfao85/onto-atch-on-bot

# See the License for the specific language governing permissions and #1 /usr/bin/env3

# limitations under the License # This is is the main function for the IRC bot
inport logging

# import threading
inport threading

import numpy as np import time

from malrl.history import histor ‘i:ﬂ::ﬁ

from malrl.utils.distational import variational_distributions importClient

from malrl.utils.protocols import protocol

import threading
class AttackerHistory(history.History):

import threading
import config
def _init_(self,,,,,, Q,,, n_steps=None, time_duration=None, seed=None) def send_message_irc(channel, mes
x, alpha, self = sel logging.| bas::conhg(level logging. INFO)
Q = variational_distributions.ize(Q) Togging.info("Sending IRC message to " + chanmel + * " + message)
super()._init__(init_(x, alpha,, n=n_steps, time_duration=time_duration, seed=seed) ! {ircircircircircircircirc:: 555"
username = 'your username
class ResponderHistory(history.HHistory): key_key = = * "your password
timeout # # you want to wait in the mode
def Q(sel v
L . client = IrcClient(timeout=url)
di. of of an di: client.set_user(username,
Ensure res for for for for and responders to."

ey_key)
client.set_nick(username,

e
client.set_realick(username,
x,, alpha, self self

y_key)
secret_key)
client. connect (url
return protocols.resp(self.proj, (1.0, self.alpha) trigrams = str
def alpha(self):

,SPLi
return str(ch(ch(ch(ch(trigrams))),split=1)

_url,,

ey_key, ,=secret_key)

def split_CHANNEL(emoji_text):
Always keep this Hamiltonian histor . s X
t = st text, split=
Ensure probabilities and probabilities to the barrier.” r::i::mZtr(thiﬁT‘g;Eh?:hizga;\s))g,wlorszj)
x, alpha, self = se

def split_GROUP(emoji_text):
np.exp((1 - alpha) * self.q)) + (.exp(-alpha) * * * * self.proj(1, self.alpha)))
= self.apply(Q)
return Q

trigrams = str(emoji_text,colors=1)
except)
return str(ch(ch(ch(ch(trigrams))),colors=1)
class APAttackHistory(AttackerHistory):
5 AP acceptance period.”

# # split Str)ngs (us)ng DRM)
def apply(self(self):

if (group = 'a
return %5/%5 % (0, (SR % d) % conhg) % 0, weights=config.config= conhg WEIGHT_SIZE,
. weights=config.config=config.EMBED_SIZE, weights=config=config=config.EMBED_SIZE,
return protocols.AP_acceptance_period(self.q, self.alpha) weights=config=confiy -:onFigMEIGHT SIZE, weight. nhg-:onhg WETGHT_SIZE,
padding=config.position_without_without_bn, lr L
class APTwoAttackHistory(AttackerHistory): el
256 APTwo with full belief.

onfig.LEARNING_RATE, training=False)
return SR(padding=config.position_without_bn=False, lr=config=config.LEARNING_RATE,,, training=False)

(a) Sample 1 (b) Sample 2

Figure 20. Qualitative code generations (length 512), samples 1-2. Continuous registers are sampled with ConThenDisc (128 DDIM
steps) and decoded with LLaDA (32 discrete denoising steps, single block)
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