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Abstract

Language models based on discrete diffusion have
attracted widespread interest for their potential to
provide faster generation than autoregressive mod-
els. In practice, however, they exhibit a sharp
degradation of sample quality in the few-step
regime, failing to realize this promise. Here we
show that language models leveraging flow-based
continuous denoising can outperform discrete dif-
fusion in both quality and speed. By revisiting the
fundamentals of flows over discrete modalities,
we build a flow-based language model (FLM) that
performs Euclidean denoising over one-hot token
encodings. We show that the model can be trained
by predicting the clean data via a cross entropy
objective, where we introduce a simple time repa-
rameterization that greatly improves training sta-
bility and generation quality. By distilling FLM
into its associated flow map, we obtain a distilled
flow map language model (FMLM) capable of
few-step generation. On the LM1B and OWT
language datasets, FLM attains generation quality
matching state-of-the-art discrete diffusion mod-
els. With FMLM, our approach outperforms re-
cent few-step language models across the board,
with one-step generation exceeding their 8-step
quality. Our work calls into question the widely
held hypothesis that discrete diffusion processes
are necessary for generative modeling over dis-
crete modalities, and paves the way toward accel-
erated flow-based language modeling at scale.

1. Introduction

Today’s frontier language models (LMs) are based on an
autoregressive process that produces one subword (token)
per step (Achiam et al., 2023; Anil et al., 2023; Guo et al.,
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Figure 1. Our flow map language model (FMLM) outperforms
discrete diffusion models (gray) and matches the 8-step generation
performance of few-step distilled discrete diffusion models (blue)
in only one step, achieving an ~ 8.3 x speedup on LM1B.

2025). While these models leverage parallelism during
training through teacher forcing and a transformer-based
architecture, their sampling is inherently serial in nature,
posing a bottleneck in generation speed. Recently, language
models based on discrete diffusions and flows have attracted
interest as a possible solution (Khanna et al., 2025; Google
DeepMind, 2025; Song et al., 2025). By learning to reverse
a noising process on full sequences, such models can output
multiple tokens in parallel at each sampling step, thereby
holding the potential for accelerated generation.

Despite their promise, discrete diffusion language models
have significant practical limitations. In particular, they suf-
fer from a rapid drop-off of quality in the few-step generative
regime (Deschenaux & Gulcehre, 2024). This is critical as
diffusion models process the full sequence at each infer-
ence step, so that sampling steps need to be substantially
reduced to compensate for the associated cost compared to
their autoregressive counterparts (Dieleman, 2023; Zheng
et al., 2024). This difficulty arises from a fundamental com-
putational constraint: the state space over full sequences is
combinatorially large, necessitating a factorized approxima-
tion of the transition probability that neglects inter-token
correlations (Wu et al., 2025; Kang et al., 2025). While this
approximation makes discrete diffusion computationally
feasible, empirically it requires many steps to accurately
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Figure 2. Overview. Left: We leverage continuous interpolation between Gaussian noise and one-hot language encoding. Middle: Our
flow-based language model (FLM) learns a denoiser that predicts clean data, which we convert into a flow for sampling. Right: Our
distilled flow map language model (FMLM) directly transports states between distant timepoints, enabling few-step generation.

capture full sequence structure, implying a fundamental
rigidity that limits practical use.

In contrast, continuous diffusion language models, which
represent and denoise subwords in a continuous space, do
not rely on such approximations (Li et al., 2022; Dieleman
et al., 2022). As a result, they can perform accurate parallel
generation through a deterministic evolution driven by a ve-
locity or score function (Lipman et al., 2022; Albergo et al.,
2023; Song et al., 2020b). Perhaps most interestingly, this
makes them compatible with recent advances in few-step
distillation methods that learn the flow map, an operator
that directly transports noise to data in as few as one func-
tion evaluation (Boffi et al., 2025a;b). Yet, despite their
potential advantages, a widely held belief is that continu-
ous diffusion language models underperform their discrete
counterparts (Sahoo et al., 2025; Pynadath et al., 2025),
leading practitioners to prioritize discrete methods in recent
years (Nie et al., 2025; Khanna et al., 2025).

In this work, we challenge this widespread belief, showing
that continuous diffusion language models formulated via
flow matching and flow maps can be higher-performing and
faster than previously believed (Fig. 1). We argue that their
observed weak performance stems from suboptimal design,
such as the choice of temporal weighting, rather than an
inherent limitation of the model class. In particular, our
approach (Fig. 2) reaches the performance of state-of-the-
art (SoTA) discrete diffusion models and exceeds them in
the few-step regime.

Overall, our main contributions are:
* We build FLM, a powerful flow-based language model,

via a principled reexamination of design choices that
reveals the root of underperformance in prior methods.

* We introduce FMLM, a flow map language model ca-

pable of few-step generation, by expanding FLM via
efficient distillation methods.

* We validate our approach empirically on the One Bil-
lion Word (LM1B) and OpenWebText (OWT) datasets.
FLM is competitive in generation quality with SoTA
discrete diffusion LMs, while FMLM beats recent few-
step LMs, nearing their 8-step quality at one step.

2. Background & Related Work

In this section, we provide an overview of the background
and related work. An extended discussion is in App. A. Let
V be a vocabulary of subwords, treated as integers [|V|]
without loss of generality. We denote language data with
length L by y = (y')E, € VL. The goal of language
modeling is to estimate the data distribution p(y) on VL.

Autoregressive language models factorize the data distri-
bution over length, p(y) = p(y')p(y*[y") ... p(y [y ="),
and learn the conditional distribution p(y'|y<!) over sub-
words given a prefix (Jordan, 1986; Elman, 1990; Bengio
et al., 2003). They generate text by sequentially sampling
each token conditioned on the past generation. This process
is serialized, with each token awaiting all previous tokens,
limiting efficiency (Gu et al., 2017; Stern et al., 2018).

Discrete diffusion language models aim to achieve faster
generation by producing several tokens in parallel at each
step (Austin et al., 2021; Lou et al., 2023). They employ a
discrete noising process such as masking (Sahoo et al., 2024)
or uniform randomization (Lou et al., 2023; Schiff et al.,
2024) of multiple tokens, and model its reversal p;(y;),
which transports an initial distribution pg to the data distri-
bution p; = p. To do so, the model must learn the transition
probabilities p;|s(y¢|ys) (Austin et al., 2021; Gat et al.,
2024) so that generation can be performed via ancestral
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Figure 3. Factorization error in discrete diffusion. A toy dataset with two correlated modes new-york and san-diego. Left: In
many-step sampling, both continuous flow and discrete diffusion generate valid data. Right: In few-step sampling, the factorized transition
of discrete diffusion yields a spurious mixture of all possible combinations (including invalid pairings new-diego and san-york).

sampling over a temporal grid 0 = tp < ... < ty = 1.
Since each step updates multiple tokens simultaneously, sub-
stantial speedups could be achieved in principle if few-step
generation were possible.

In practice, however, discrete diffusion models often fail
catastrophically in the few-step regime (Deschenaux & Gul-
cehre, 2024). This failure is rooted in a fundamental compu-
tational challenge: since the transition probability is defined
over the full text space V', learning it accurately requires a
model with an intractable |V ¥| — 1 output dimensionality.
To sidestep this problem, discrete methods employ a factor-
ized approximation p:‘s A2 py| Of the transition probability:

ey

where p!(y') is the probability of the I-th token marginal-
ized over the others. While this approximation makes learn-
ing tractable, it makes a restrictive assumption that the de-
noised tokens y;, ..., ytL are conditionally independent of
each other given the earlier denoised state. This assump-
tion only holds in the infinitesimal limit ¢ — s (Campbell
et al., 2022), which implies that one needs a large number
of sampling steps for accurate generation. With reduced
steps, the approximation causes the model to produce un-
natural text by neglecting correlations over tokens (Fig. 3)
(Wu et al., 2025; Kang et al., 2025). Unfortunately, this is
a model misspecification issue that cannot be resolved by
improving model quality alone. Our work addresses this
fundamental challenge with a continuous flow-based formu-
lation (Lipman et al., 2022; Albergo et al., 2023), which
learns a deterministic transport map that need not make
such a factorized approximation. As a result, our approach
directly enables scalable one-step language modeling.

3. Theoretical Framework

In this section, we describe our formulation of a continuous
flow-based language model (FLM), as well as its few-step
flow map (FMLM). To do so, we develop a generative
model over one-hot encodings of language, leveraging flow
matching over stochastic interpolants. Full details of the
framework can be found in App. B and C, where we give
a complete background on flow maps and describe both
distillation and direct training algorithms for FMLMs.

3.1. A continuous representation of language

A natural way to build a continuous flow over language data
y € V¥ is to first construct a continuous representation of
the data, and then to apply flow-based modeling. Formally,
we choose a continuous representation f : y — x and a
decoder g : x — y satisfying g(f(y)) =y, and we model
the induced distribution p(x) on the continuous space:

@

Inference can be performed by first generating X ~ p(x),
and then decoding into discrete language through y = g(%).

p(x) = p(y = 9(x)).

Several choices of continuous representation have been ex-
plored in prior work, including learned embeddings (Li et al.,
2022; Dieleman et al., 2022; Gulrajani & Hashimoto, 2023)
and pretrained embeddings (Strudel et al., 2022; Lovelace
et al., 2023). However, learned embeddings require care-
ful regularization to prevent collapse or explosion, while
pretrained embeddings may not be optimal for the flow.

Here, we adopt a simple and canonical tokenwise one-hot
representation f : VL — REXIVI with an argmax decoder
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g : REXIVI 5 V'L that are pre-specified and frozen:

f :y + [onehot(y?), ..., onehot(y©)] T, 3)

g :x — [argmax(x!), ..., argmax(x)]. @)

This choice offers a lossless representation of discrete to-
kens, and requires neither regularization nor auxiliary train-
ing. Similar representations have been explored in prior
work on continuous diffusion for language (Chen et al.,
2022; Han et al., 2023; Mahabadi et al., 2024), though often
with additional constraints such as simplex projection. As
we elaborate upon below, our approach operates in an un-
constrained Euclidean space, which we find to be simpler
and more effective in practice.

3.2. Interpolants and flows for language modeling

Given a choice of continuous representation, the language
modeling problem becomes that of learning a continuous
data distribution p(x). To build a high-performance model,
we follow Lipman et al. (2022) and Albergo et al. (2023),
leveraging flow matching over a stochastic interpolant. This
leads to a simple formulation of our method and matches
the design of state-of-the-art flows for continuous data (Li
& He, 2025; Zheng et al., 2025a).

In the stochastic interpolant framework, we specify a proba-
bility path p;(x;) as the density of an interpolant between
noise xo ~ po = N(0, I) and data x; ~ p;:

I = (1 —t)xo +tx1, I ~ps. ®

Above, we choose a simple and canonical linear stochastic
interpolant, but many choices are possible in practice. By
choosing different interpolants, our discussion can extend
to variance-exploding (Song & Ermon, 2019) and variance-
preserving (Ho et al., 2020) diffusions (Lipman et al., 2022).

This probability path admits a deterministic representation
that can be used to produce a sample x; ~ py,

).(t = bt(xt)a X0 ~ Po, te [07 1]7 (6)

where b is the velocity field of the probability flow,
bi(x) = K[|, =x] = E[x; —xo|l; =x]. ()

Above, the expectation is with respect to the random draws
of xg ~ po and x; ~ p; that are used to construct the
interpolant. The conditional expectation form (7) means that
the velocity can be learned efficiently by solving a square
loss regression problem b = argmin; EMSE(B), where:

1
Luse(b) = / E|by () — L|*dt. ®)
0

In practice, (8) is estimated by sampling ¢, for example
uniformly over the interval ¢ ~ U[0, 1]. After minimizing

(8) over a parametric class of neural networks, a sample
approximately following p; can be obtained by using the
estimate by in the numerical integration of (6). Integration
is performed over a choice of temporal grid 0 = tg < t; <
... <ty =1, for example with the forward Euler method.

Denoiser. Despite its simplicity, learning the velocity di-
rectly incurs a potential difficulty in our setuw. Velocity pre-
diction requires regressing onto a noised target I, = x1—xo,
which inherits the full-rank structure of Gaussian noise sam-
ples xo € REXIVI, When the dimensionality |V| is much
larger than the internal feature dimension d of the network,
this can lead to underfitting due to a rank bottleneck (Li &
He, 2025; Zheng et al., 2025a). To avoid this issue, we pre-
dict the clean data x;, which also lies in RE* V1 but is con-
strained to one-hot encodings that form a highly structured,
low-entropy target. We therefore predict the conditional
expectation of the clean data, which relates to the velocity
through a linear change of variables (Albergo et al., 2023;
Li & He, 2025):

7Dt(x)fx
1=t

The function D;, called the “denoiser”, can be learned via

another regression D = argmin 5, Lumse (D), where:

Dy(x) = E[xq|I; = x|, b(x) )

1
Luse(D) = / E|D,(I,) — x1|?dt. (10)
0

Importantly, in our discrete generative modeling setting the
denoiser admits a simple probabilistic interpretation:

Lemma 3.1. At each token position [, the optimal denoiser
output equals the posterior probability over the vocabulary:

Dy(x)" = ply, (-1 = x). (11)

A proof is in App. D.1. Since the optimal denoiser lies
on the probability simplex AlVI=1, it is advantageous to
parameterize D via a tokenwise softmax. This restricts the
hypothesis space to valid probability distributions, allowing
the model to focus on estimating the correct posterior rather
than also learning the simplex structure. Furthermore, this
enables training through a categorical cross-entropy loss
(Dieleman et al., 2022; Eijkelboom et al., 2024), which is
more adapted to the one-hot geometry:

Proposition 3.2. With the change of variables in (11), the
denoiser can be learned via D = argmin s, Lcg (D) where:

Lce(D) = /01 E

L
St a2
=1

A proof is in App. D.2. In practice, cross-entropy provides
a well-conditioned loss landscape for learning on the sim-
plex, yielding stronger gradients than squared loss when
predictions are far from the target (Golik et al., 2013).
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Relationship with discrete diffusion. Lemma 3.1 sug-
gests that the optimal denoiser implicitly learns the factor-
ized posterior p*{lt(x1|xt) (1). This reveals an interesting
connection with discrete diffusion models, which also often
learn p7,, via a tokenwise cross-entropy objective (Austin
et al., 2021; Campbell et al., 2022; Gat et al., 2024). While
discrete models use the learned pf‘ , to perform ancestral
sampling, requiring the joint probability and thus suffering
from factorization errors, continuous models use the learned
p’l“ , to infer the exact velocity based on (11) and (9).

3.3. Flow maps for few-step language modeling

The framework in Sec. 3.2 does not immediately allow for
few-step language modeling, since the numerical solvers
used to integrate (6) typically become inexact at large step
sizes. Here we overcome this challenge by leveraging the
flow map X : REXIVI 5 REXIVI The flow map is the
solution operator of (6), and by definition directly transports
between any two timepoints (Boffi et al., 2025a;b):

X, 4(xs) =%, forall (s,t) € [0,1]% (13)
Without loss of generality, we may parameterize it as:
Xopt(x) =x 4 (t — 5)vs,4(x), (14)

where v is called the average velocity or “mean flow” (Geng
et al., 2025a;b). Given a flow map, sampling X; ~ p; can
be done by choosing a temporal grid 0 =tg < ... <ty =1
and sequentially evaluating X;,, , = Xy, 1,,, (X,). Unlike
numerical integration of (6), this approach is accurate for an
arbitrary time grid by definition, enabling sampling in as few
as one function evaluation via X; = Xy 1(Xo). In practice,
leveraging a few steps typically improves performance.

Methods for learning flow maps (Boffi et al., 2025a;b) lever-
age the following mathematical properties, which fully char-
acterize the flow map under standard regularity conditions:

X, = id,
lim 8th.t = bt,
s—t ’

(boundary condition)

(tangent condition)

Xt (Xsu(x)) = X5 0(x). (semigroup condition)

The last condition can be replaced with alternatives based on
a differential characterization of the flow map, which lead to
learning objectives that require the computation of Jacobian-
vector products, such as MeanFlow (Geng et al., 2025a;b)
and Lagrangian self-distillation (Boffi et al., 2025a;b; Zhou
et al., 2025) (see App. B.1). We use the semigroup condition
due to its simplicity, which is related to progressive distil-
lation (Salimans & Ho, 2022) and shortcut models (Frans
et al., 2024). The alternatives can also be directly used in
our framework, and we leave their study to future work.

Using the semigroup condition, the flow map X ; can be

learned via an optimization X = argmin ¢ Lysg(X) sub-
ject to the boundary and tangent conditions, where:

Luse(X) = Alét /:]E)A(s,t(ls)

— 5g(Xut(Xsu(l)))|Pdudsdt, (15)

with sg(-) denoting the stop-gradient operator.

The two-time denoiser. In Sec. 3.2, we introduced the
denoiser D, to reparameterize the velocity b; into a simplex-
valued clean-data predictor, enabling training via cross en-
tropy. We now develop an analogous reparameterization for
the flow map. To do so, we observe a rearrangement of (9)
into Dy(x) = x + (1 — ¢t)b(x), showing that the denoiser
equals a single Euler step of size 1 — ¢ with the velocity
field. Mirroring this relationship, we define a new quantity
we refer to as the two-time denoiser:

05,4 (x) = x4 (1 = s)vs4(x), (16)

which takes a single step of the average velocity v, ; using
the full remaining time 1 — s. From (14), we can see that the
flow map is expressed as the following convex combination:

1-1¢ t—s
= X+ —

1-s 1-s
Hence, the properties characterizing the flow map can be
converted into those on the two-time denoiser. The boundary

condition is satisfied by construction, and the tangent and
semigroup conditions translate respectively into:

55,3(){) - Ds(x)v
6S,t(x) = Vés,u(x) + (1 - 7)6u,t(Xs,u(X))a

Xs’t(X) 55775()(). (17)

(18)

(19)
(A=Blu=s) ¢ [0 1]. A proofis given in App. C.1
A=) (i=s) 1. AP g pp. C.1.
We refer to (18) as the diagonal condition.

where v =

Importantly, we find that at each token position, the out-
put of the two-time denoiser § always lies in the simplex
AlVI=1 analogous to the one-time denoiser D. A proof is
in App. C.1. This motivates learning ¢ using the semigroup
condition (19) via cross entropy subject to the diagonal con-
dition (18), by optimizing § = argmin; Lce(8) (App. C.3):

Lee(8) = /O 1 /O t / tE[£CE(5M(IS),sg(yés,u(fs)
+(1- 7)5u,t(Xs,u(Is))))}dudsdt. (20)

Similarly to D, learning § using cross entropy may benefit
from a well-behaved loss landscape, so we test it alongside
the average velocity (14) and squared loss (15) formulation.
In App. C, we give a complete characterize of the two-time
denoiser d, ;, where we explain how to build both distillation
and direct training algorithms via self-distillation for the
flow map that respect the one-hot geometry of discrete data.
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Figure 4. Decoding error rate over time across vocabulary sizes.
Our time reparameterization 7(¢) redistributes time so each step
contributes uniformly to the denoising signal.

Flow maps in discrete diffusion. Given our discussions,
a natural question is whether discrete diffusion models can
potentially leverage a flow map. While they admit a de-
terministic evolution at the distribution level p; = Qup;
for a rate matrix Q; (Campbell et al., 2022), and hence a
flow map exists, it acts on the space of distributions over
sequences p; € AlVI" | of dimension |[VE| — 1. Computing
or representing this object is intractable, necessitating the
factorized approximations discussed in Sec. 2. Continu-
ous flows admit a flow map at the sample level, making it
tractable to learn and evaluate (see also App. D.3).

4. Algorithmic Aspects

We now describe the practical implementation of our flow-
based language model (FLM) and its distillation into a few-
step flow map language model (FMLM). We aim to provide
principled design choices that work robustly in practice.

4.1. Flow-based language model (FLM)

To build a high-performing FLM, we find that two partic-
ularly important choices are (i) how to sample timepoints
during training, and (ii) how to choose a time grid during
generation. A naive approach would be to use uniform
sampling ¢ ~ U[0, 1] for training and an equispaced grid
t, = n/N for generation, which typically works well for
continuous modalities such as images. However, we find
this to be suboptimal for interpolants defined over one-hot
encodings, as the generative process concentrates its “deci-
sions” in a narrow time interval, especially for large vocabu-
laries. To understand this, we consider the decoding error
rate P, (Sahoo et al., 2025; Pynadath et al., 2025):

L
Pty = 3 Plox) £ gla)) @D
=1

This quantity measures the expected fraction of tokens that
would be incorrectly decoded if we were to stop the flow

at time ¢, starting at P.(0) = 1 — ﬁ and decreasing to

P,(1) = 0. The rate of decrease | P, (t)| captures how much
“progress” the flow makes in determining subwords at time ¢.
For large | V|, the decoding error concentrates acutely near
t = 1 (Fig. 4), implying that most times do not contribute
significantly towards decoding, with token identities only
being resolved in a narrow window. Uniform sampling
t ~ U0, 1] therefore wastes training signal on regions where
little denoising occurs, while undersampling the critical
interval where subwords are actually determined. Similarly,
an equispaced grid t,, = n/N allocates most sampling steps
to regions that contribute minimally to generation quality.

Following Dieleman et al. (2022) and Stancevic et al. (2025),
we address this using a time reparameterization 7(t), which
is a differentiable, monotonically increasing function with
endpoints (0, 0), (1,1) and inverse ¢(7). We train and gen-
erate uniformly in 7, sampling ¢ via 7(t) ~ U[0, 1] during
training, and using a grid ¢,, = ¢(7,,) with 7,, = n/N for
generation. This reweights which regions in ¢ receive more
training signal and are discretized more finely. We propose
to choose 7(¢) so that uniform steps in 7 correspond to uni-
form progress in determining subwords. As P, (t) measures
the remaining decoding error at time ¢, we view its decrease
from P,(0) as cumulative progress. Standardizing to [0, 1]:

_ 1V
V-1

P.(t). (22

By construction, this reparameterization redistributes time
so that each step contributes equally to reducing the decod-
ing error. We find this choice critical for stable training and
generation, enabling FLM to scale to |V| = 50, 000.

4.2. Flow map language model (FMLM)

In this section, we detail the design choices needed to build
an effective FMLM. Flow maps can be learned through
either self-distillation, where a flow and flow map are trained
jointly, or distillation from a pretrained flow (Boffi et al.,
2025a;b). For simplicity, here we adopt the latter approach,
which decouples the two training phases. Full details on
self-distillation algorithms are given in App. B and C.

Existing work parameterizes the flow map via the average
velocity 9, + (14), noting that by = v, ; by the tangent condi-
tion, and jointly trains 9, ; and Bt = 0, with the respective
losses (Boffi et al., 2025a;b). In contrast, we develop a novel
two-stage distillation scheme that we empirically find more
stable: the first stage learns a correction to the trained FLM
that converts Euler steps into accurate flow map jumps, and
the second stage compresses this into a single flow map
model for improved inference-time efficiency.
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First stage. Recall that a single Euler step computes x +
(t — $)bs(x), which incurs discretization error for large
steps. We learn a correction model 1[)8,t which predicts the
correction needed to convert the Euler estimate into the true
flow map. Specifically, we parameterize the flow map as:

X+ (t— 8) by (x) + %(t —)2hi(x), (23)

where b is an FLM trained following Sec. 4.1, possibly as
a denoiser D based on (9). This parameterization was pro-
posed by Boffi et al. (2025a) but not empirically tested. By
construction, it satisfies the boundary condition and tangent
condition, so we only need to enforce the semigroup condi-
tion through training. We initialize 1@ from the parameters
of b and train using the semigroup loss (15) (see App. D.4
for details). Since b is frozen and 1& only learns the residual
correction, the training is efficient and converges quickly.

If the two-time denoiser parametrization (16) is used instead,
we learn a log-space correction model ¢ ; that converts the

one-time denoiser FLM D, into the two-time denoiser Sw
that characterizes the flow map X ; through (17). Assum-

ing that D outputs tokenwise classification logits (Sec. 3.2),
D, (x) = softmax(D{*¢"(x)), we parameterize § as:

0s,(X)

This satisfies the diagonal condition (18) by construction.
Hence, we initialize d) from the parameters of D and train it
using the cross-entropy-based semigroup loss (20).

= softmax (D) (x) + (t — 8)bs +(x)).  (24)

Second stage. The two-model flow map X, composed of
band 1 (or ¢), doubles the memory cost at inference. We
distill it into a single-model flow map Y parameterized as:

Y1 (x) =x+ (t — s)hs,¢(x). (25)
We initialize @ from FLM b by removing the output softmax,
and train by solving a simple regression problem onto the
two-model teacher X which is frozen throughout:

/ / BV, 1,

This has several desirable properties that yield fast and sta-
ble convergence. The teacher provides targets via a single
forward pass, without requiring iterative sampling or trajec-
tory simulation. The loss is lower-bounded by zero with a
unique global minimizer at Y =X, allowing us to directly
track distillation quality during training. Lastly, it is strongly
convex in Y, ensuring well-conditioned optimization.

Lwse(Y X (I,)2dsdt. (26)

Time reparameterization. As in Sec. 4.1, we leverage
the time reparameterization 7(¢) from (22) for the flow maps

X and Y. For generation, the flow maps can transport be-
tween arbitrary time pairs by definition, so we are free
to choose any sequence of jump points. We use the grid
t, = t(n/N), which spaces the jumps uniformly in repa-
rameterized time. This allocates finer steps to regions where
token resolution occurs. For the first-stage distillation, we
sample time triplets (s,u,t) as follows: we first draw a
step size h ~ U[0, 1] and a start point 7(s) ~ U[0,1 — A,
then set the endpoint 7(¢t) = 7(s) + h and the midpoint
7(u) = (7(s) + 7(t))/2. Since we sample (s,t) contin-
uously, our approach differs from shortcut models (Frans
et al., 2024). The continuous sampling allows the model
to learn over all timescales, and the midpoint choice for u
provides a balanced partition of the interval for the semi-
group condition. The second-stage distillation uses the same
sampling scheme, but without the need to sample u.

Learned loss weighting. During both stages, we follow
Boffi et al. (2025a) and employ the learned loss weighting
proposed in EDM2 (Karras et al., 2024b), which stabilizes
the gradient variance across the sampled time distribution.

5. Experiments

We test our approach using the One Billion Word (LM1B)
(Chelba et al., 2013) and OpenWebText (OWT) (Gokaslan &
Cohen, 2019) datasets, which are widely used for language
modeling. We preprocess each dataset by packing sequences
to length L = 128 and L = 1024, respectively. We tokenize
the data using bert-base-uncased and the gpt-2
tokenizer, resulting in vocabulary sizes |V| = 30,522
and |V| = 50,257, respectively. Following the settings
of recent works (Sahoo et al., 2024; 2025), we adopt a
170M-parameter diffusion transformer (DiT) (Peebles &
Xie, 2023) with 12 transformer blocks, equipped with ro-
tary positional embeddings (RoPE) (Su et al., 2024), and
adaptive layer normalization (AdaLLN) for time conditioning.
Further implementation details can be found in App. E.

Training. We train our flow-based language model (FLM)
following Sec. 4.1 for 1M steps with a batch size of 512
using the Adam optimizer (Kingma & Ba, 2014) with a
learning rate 3 X 10—%. Based on the trained FLM, we train
our flow map language model (FMLM) following Sec. 4.2,
for 100k steps for the first and second stages for LM 1B, and
for 300k steps for the first stage for OWT, with the other
hyperparameters the same as those of FLM.

Evaluation. We evaluate our models and baselines based
on sample quality'. We generate 1,024 samples from each
model and measure the generative perplexity (Gen. PPL )

'While validation perplexity is also used in prior work, measur-
ing it for our method requires auxiliary training (Ai et al., 2025).
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Figure 5. Generation performance of FLM on LM1B (fop) and
OWT (bottom) compared to diffusion baselines.

Table 1. Generation performance of FLM at 1024 sampling steps.

LMI1B OWT
Model
Gen. PPL () Entropy Gen. PPL (|) Entropy

Dataset - 4.31 - 5.44
RDLM 268.21 433 - -
CANDI 120.99 4.35 143.13 5.71
MDLM 109.21 4.32 121.09 5.65
Duo 98.14 4.31 77.69 5.55
FLM (Ours) 96.91 4.29 62.23 5.33

using pretrained GPT-2 Large (Radford et al., 2019). Since
generative perplexity can have low but misleading values if
a model generates repetitive tokens (Zheng et al., 2024), we
also report the average of per-sample unigram entropy, with
low values (e.g., < 4) indicating low-quality repetitions.
We provide supplementary evaluation results including an
application of autoguidance (Karras et al., 2024a) in App. F.

5.1. Flow-based language model (FLM)

We compare FLM with recent methods: Duo (Sahoo et al.,
2025) and MDLM (Sahoo et al., 2024), representing uni-
form and masked discrete diffusion, respectively. We also
compare with RDLM (Jo & Hwang, 2025) and CANDI (Py-
nadath et al., 2025), recent continuous and hybrid diffusion
models, respectively. All baselines are trained for the same
IM iterations with the same hyperparameters as ours. In

Tab. 1, we show the 1024-step sampling results. For the
LM1B dataset, FLM outperforms all baselines in terms of
sample quality while preserving entropy. For OWT, while
FLM achieves the best sample quality, there is a slight trade-
off in entropy; nonetheless, it remains within £0.1 of the
data entropy, similar to the discrete baselines. Overall, our
results show that continuous denoising via flows can ac-
tually outperform discrete diffusion methods for language
modeling in the many-step regime. Furthermore, it shows
that simple Euclidean interpolants can outperform complex
methods involving Riemannian manifold structure or hy-
brid diffusion. Fig. 5 shows the performance curves as the
number of sampling steps is varied from 8 to 1024, demon-
strating that FLM is competitive across a wide range.

5.2. Flow map language model (FMLM)

We now compare the few-step generation performance of
FMLM with recent few-step distilled discrete diffusion
baselines: Duo with DCD (Sahoo et al., 2025), MDLM
with SDTT (Deschenaux & Gulcehre, 2024), and both with
Di4C (Hayakawa et al., 2024). The results are shown in
Fig. 6 and Tab. 2. Even after distillation, discrete meth-
ods suffer from catastrophic degradation in the extremely
few-step regime, with PPL spiking above 1,000 (MDLM +
SDTT/Di4C) or collapsing entropy (Duo + DCD/Di4C) for
both datasets. This supports the claim that the factorization
error of discrete diffusion is rooted in model misspecifica-
tion, such that distillation cannot fully correct it. In contrast,
FMLM remains stable, delivering SoTA (104.37) one-step
generation quality in LM 1B that matches baselines at §-16
steps. In OWT, FMLM produces one-step generation quality
(129.32) comparable to the baselines at 4-8 steps. We note
that it retains a reasonable entropy (4.53), while distilled
Duo baselines show low PPL with collapsed entropy (2.80
and 3.36), implying that they output repeated subwords.
FMLM also shows much better sample quality than MDLM
distilled baselines. Qualitative results in Fig. 7 and App. G
highlight these failure modes of the baselines. Notably, the
strong many-step quality of FLM transfers directly to few
steps via flow map distillation, while discrete methods fail
to preserve their teacher’s quality. This highlights the ad-
vantage of continuous flows, which admit well-defined flow
maps that enable principled few-step distillation.

Checking mode collapse. To ensure that FMLM does not
mode collapse onto a few samples, in Tab. 4 (appendix)
we report the Self-BLEU (Zhu et al., 2018) score, which
quantifies the n-gram diversity within generations. FMLM
clearly does not show mode-collapsing behavior, which
would be indicated by a Self-BLEU score ~1.0, as it attains
only a slightly lower score than real data.
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Figure 6. Few-step generation performance of FMLM on LM1B (left) and OWT (right) compared to distilled discrete diffusion. Black

dashed line denotes the reference score from the dataset samples.

Table 2. Generation performance of FMLM and few-step distilled discrete diffusion models in the extreme few-step regime.

LMI1B Duo + DCD Duo + Di4C MDLM + SDTT MDLM + Di4C FMLM (Ours)
Steps  Gen. PPL (]) Ent. Gen.PPL(}) Ent. Gen.PPL({) Ent. Gen PPL(}) Ent. Gen PPL(]) Ent.
1 180.02 3.14 292.94 3.79 1429.48 4.31 1217.10 4.38 104.37 4.12
2 146.67 3.65 247.69 3.87 602.14 4.28 621.59 4.37 95.42 4.15
4 118.40 3.94 150.67 4.00 241.01 4.28 247.32 4.00 90.90 4.16
OWT Duo + DCD Duo + Di4C MDLM + SDTT MDLM + Di4C FMLM (Ours)
Steps  Gen. PPL (}) Ent. Gen.PPL(}]) Ent. Gen. PPL(]) Ent. Gen. PPL(}) Ent. Gen PPL(}) Ent
1 47.13 2.80 91.71 3.36 1260.86 5.26 1298.80 5.29 129.32 4.53
2 96.59 3.77 165.81 4.65 877.22 5.34 758.23 5.35 134.26 5.07
4 108.21 4.82 150.67 4.81 339.73 5.38 239.27 5.40 76.37 5.05

Qualitative results. Fig. 7 shows one-step samples from
FMLM and baselines trained on LM1B. While baselines
generate unnatural samples with missing inter-token corre-
lations (MDLM + SDTT/Di4C) or repeated subwords (Duo
+ DCD/Di4C), our model captures proper sentence structure
without subword repetition, as reflected in its quantitative
scores. More results including OWT are in App. G.

5.3. Ablation study

In Tab. 3, we study the impact of core design choices under-
lying FLM and FMLM using the LM 1B dataset.

Parameterization and training. Velocity prediction (8)
fails to converge, confirming the rank bottleneck for high-
dimensional one-hot space. While clean data prediction (9)
with MSE loss (10) enables learning, further constraining

predictions to the simplex via softmax and minimizing CE
loss (12) yields the best result.

Time reparameterization. Our proposed time reparam-
eterization based on decoding error rate (22) significantly
outperforms uniform sampling, learned entropic time (Diele-
man et al., 2022), and rank-based reparameterization (Pyna-
dath et al., 2025), validating that our approach follows the
most effective denoising schedule despite its simplicity.

Continuous representation. Our one-hot representation
outperforms embedding diffusions, whether learned with L2
normalization to prevent explosion (Dieleman et al., 2022),
or taken from BERT (Devlin et al., 2019) and frozen.

Diffusion framework. Our unconstrained Euclidean ap-
proach outperforms Riemannian diffusion (Jo & Hwang,
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Figure 7. One-step samples generated by FMLM and few-step
distilled discrete diffusion baselines trained on LM1B.

2025), and simplex diffusion (Han et al., 2023; Mahabadi
et al., 2024; Tae et al., 2025) implemented via softmax pro-
jection at input. Notably, simplex diffusion suffers from
severe entropy collapse (3.76), which is presumably due to
softmax erasing the information of the per-token mean.

Parameterization and training for flow map. The Euler-
step correction (23) combined with MSE-based semigroup
loss (15) yields a better result than the denoiser correction
(24) combined with CE-based semigroup loss (20). We find
that the latter experiences substantially lower gradient norm,
implying that the logit-space correction parameterization
has room for improvement in subsequent work.

Time sampling for flow map. Sampling the timepoint
triplet (s, u,t) via step size h and midpoint u yields better
results than randomly chosen w or sorting (s, u,t) after
sampling each independently (Geng et al., 2025a).
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Table 3. Ablation results on the LM1B dataset. * denotes 300k
training steps. All embedding ablation models use learned time
reparameterization from Dieleman et al. (2022).

FLM, 1024-step generation

Category Method / Configuration Gen. PPL () Ent.
Velocity prediction (7) + MSE (8) 3801.36 4.85

Param. x1-prediction (9) + MSE (10) 129.04 3.97
& training  x;-prediction (9) + softmax + MSE (10) 120.16 4.28
x1-prediction (9) + softmax + CE (12) 96.91 4.29

No reparameterization 149.18 4.29

Time Learned (Dieleman et al., 2022) 130.42 4.27
reparam.*  Rank (Pynadath et al., 2025) 121.28 4.23
Decoding error rate (22) 106.98 4.30

Learned (embedding diffusion) 324.66 4.19

+ L2Norm (Dieleman et al., 2022) 243.42 4.30

Continuous  Frozen, random embeddings 400.17 4.35
repr.* Frozen, BERT-base 375.77 4.39
Frozen, BERT-large 262.92 4.30

One-hot encodings (3) 130.42 4.27

Diffusion Riemannian (Jo & Hwang, 2025) 268.21 4.33
framework Simplex (Tae et al., 2025) 85.07 3.76
Euclidean (5) 96.91 4.29

FMLM, one-step generation

Category Method / Configuration Gen. PPL (|) Ent.
Param. Denoiser correction (24) + CE (20) 162.28 4.20
& training  Euler-step correction (23) + MSE (15) 102.49 4.13
Time Independent (Geng et al., 2025a) 126.73 4.04
samplin Step h + random u 102.76 4.09
PUME  Step h + midpoint v 10249 413
Loss No weighting 127.90 4.05
weighting  EDM2 weighting 102.49 4.13

Loss weighting for flow map. EDM2-style learned loss
weighting (Karras et al., 2024b) stabilizes gradient variance
and brings a substantial improvement.

6. Conclusion

In this work, we presented FLM, a continuous flow-based
language model, and its flow-map-distilled counterpart
FMLM which is capable of few-step generation. Our results
challenge the prevailing belief that discrete diffusion is nec-
essary for language modeling: FLM matches state-of-the-
art discrete diffusion models in the many-step regime, and
FMLM substantially outperforms distilled discrete methods
in the few-step regime including one-step generation.

Our method does have limitations. The one-hot represen-
tation requires evaluating and backpropagating through the
full |[V| x d embedding matrix at each training step, incur-
ring around 30% higher time and memory costs compared to
embedding diffusion methods that update only the relevant
embedding vectors. Future work could address this using
sparse gradient techniques or structured representations.

More broadly, our findings open the door to leveraging the
extensive toolkit developed for continuous generative mod-
els, including guidance, editing, and inversion, for language
modeling, and motivate scaling flow-based approaches to
larger models and datasets.
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A. Extended related work

Discrete diffusion language models (Austin et al., 2021; Campbell et al., 2022; Gat et al., 2024) learn to reverse discrete
noising process such as masking (Zheng et al., 2024; Sahoo et al., 2024) or uniform randomization of subwords (Li et al.,
2022; Schiff et al., 2024; Sahoo et al., 2025). Tractable inference in these models requires approximating the reverse
transition with a factorized distribution, which introduces an irreducible error that hinders few-step generation (Deschenaux
& Gulcehre, 2024; Kang et al., 2025). Some recent work proposed to combine discrete and continuous diffusions (Pynadath
et al., 2025; Zheng et al., 2025b), while we find that purely continuous method may suffice.

Continuous diffusion language models apply denoising on a continuous representation of language. For the representation,
most utilize learned embeddings (Gong et al., 2022; Li et al., 2022; Gulrajani & Hashimoto, 2023) or frozen pretrained
embeddings (Strudel et al., 2022; Lovelace et al., 2023). A line of work applies diffusion on one-hot representation (Chen
et al., 2022), but mostly takes a simplex viewpoint (Han et al., 2023; Mahabadi et al., 2024; Tae et al., 2025) or considers
Riemannian settings (Cheng et al., 2024; Davis et al., 2024; Jo & Hwang, 2025), while we consider the unconstrained
Euclidean setting. Most related to our approach is CDCD (Dieleman et al., 2022), which operates on learned embeddings
and uses a time reparameterization based on training loss that requires online estimation.

Few-step generative modeling has built upon early work on improving sampling efficiency of continuous diffusion
models (Song et al., 2023; Liu et al., 2022; Salimans & Ho, 2022), recently often leveraging flow maps that can jump
between any timepoints (Boffi et al., 2025a;b). These methods include Eulerian, Lagrangian (Geng et al., 2025a;b; Zhou
et al., 2025), and semigroup-based approaches (Frans et al., 2024; Hafner et al., 2025); we adopt the latter for computational
simplicity, while all three methods are compatible. Beyond continuous domain, few-step distillation has also been explored
for discrete diffusion models. These methods utilizes consistency losses over denoising trajectories (Deschenaux & Gulcehre,
2024; Hayakawa et al., 2024; Sahoo et al., 2025). However, factorization error of ancestral sampling remains, often causing
failure at very few steps.
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B. Background on flow maps

In this section, we provide a self-contained overview of flow maps, which serve as the theoretical foundation for our few-step
language model FMLM.

Definition B.1 (Flow map). The flow map X ; : R? — R for the probability flow (6) is the unique map satisfying the
jump condition
Xot(xs) =% forall (s,t)€]0,1)? (27)

where (x¢)¢c[0,1] is any trajectory of the probability flow.

The flow map can be viewed as the solution operator of the probability flow equation, taking “steps” of arbitrary size t — s
along trajectories. In the following, we characterize it mathematically to derive algorithms for distillation and direct training.

Proposition B.2 (Flow map characterizations). The flow map satisfies the following conditions:

(i) The flow map is the unique solution to the Lagrangian equation: for all x € R? and (s,t) € [0,1)%,

0 X1 (x) = b(Xs0(x)), Xss(x)=x. (28)

(ii) The flow map is the unique solution to the Eulerian equation: for all x € R% and (s,t) € [0, 1)?,

('9SXS¢(X) + bs (X) . VXS,t(X) = O, Xt,t(X) = X. (29)

(iii) The flow map satisfies the semigroup condition: for all x € R and (s,t,u) € [0,1]3,
X u(x) = Xt (Xs,t(x)). (30)

For proofs, see Boffi et al. (2025b).

For each x € RY, the Lagrangian equation is an ODE in ¢ with parameter s, describing forward evolution along trajectories.
The Eulerian equation is a PDE in s describing how the map changes as the starting time varies. The semigroup condition
states that two successive jumps can be replaced by a single direct jump, and is the basis for consistency models (Song et al.,
2023) and shortcut models (Frans et al., 2024).

The following result demonstrates that the flow map contains a flow implicitly, which we use to derive direct training
algorithms.

Corollary B.3 (Tangent condition). The flow map encodes the velocity field b, on its diagonal:

lllg 8th7t(x) = bt(X) (31)

The proof follows by a direct application of the Lagrangian equation (28). The condition (31) motivates the parameterization
Xot(x) =x+ (t — s)vs (%), (32)

where v : [0,1]2 x R? — R? is a learned function satisfying v; +(x) = b;(x), which follows from the tangent condi-
tion (31) (Boffi et al., 2025a). Geometrically, v ; represents the average velocity along the trajectory from x, to x;. The
tangent condition demonstrates that the flow is encoded on the diagonal s = ¢, while the off-diagonal s # ¢ corresponds to
the flow map. We show below how this can be learned in two-phases via distillation techniques or simultaneously with the
flow via a single self-distillation approach.

Sampling. In the context of flow-based generative models, the flow map enables efficient one-step sampling: given
Xg ~ po, a single application x; = Xy 1(xo) produces a sample from p;, avoiding iterative numerical integration. For
additional refinement, one can compose maps over a grid 0 =g < t; <--- <ty =1viax,, , = Xy 1., (X¢,), trading
compute for quality.

B.1. Direct training versus distillation for learning flow maps

Flow maps can be learned either by distillation from a pre-trained velocity model, or by direct training (self-distillation)
without a pre-trained teacher. We summarize both approaches below.
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Distillation from a pre-trained velocity. Given a pre-trained velocity field by, we can distill it into a flow map X st by
minimizing objectives derived from the characterizations in Theorem B.2.

Proposition B.4 (Map distillation). Given a pre-trained velocity by, the flow map is the unique minimizer of the following
losses:

(i) The Lagrangian map distillation (LMD) loss:

Covp (X / / EJ0Xos(1) — by(Xoy (1)) 2ds dt. (33)
(ii) The Eulerian map distillation (EMD) loss:
Lemp (X / / E|0s X o (I,) + bs(I,) - VX, 1 (I,)[2ds dt. (34)
(iii) The progressive map distillation (PMD) loss:

1 t t
EPMD(X):/ / / E|Xs(ls) — Xp.u(Xs (1)) *ds dt du. (35)
0 0 s

For proofs, see Boffi et al. (2025b).

These objectives enable converting a pre-trained velocity field b, into a flow map X s,t- Distillation is typically faster and
requires less compute than self-distillation, making it particularly useful when large-scale pre-trained models are available.
Nevertheless, it is also useful to train flow maps from scratch, as we describe next.

Direct training via self-distillation. One of the core difficulties in developing direct training algorithms for flow maps is
the lack of an obvious target for learning, and hence it is unclear a-priori how to design an appropriate objective function. To
obtain a target, one key insight is the tangent condition (31), which shows that the diagonal 9 ; can be trained systematically

via flow matching. Combining this observation with the distillation objectives above leads to the following single-phase
training approach.

Proposition B.5 (Self-distillation). The flow map is the unique minimizer of
Lsp(0) = Ly(0) + La(0), (36)

where L, (0) is the standard flow matching loss on the diagonal:

1
Ly(9) :/ B, (I;) — I;2dt, (37)
0
and Ly is one of the following off-diagonal objectives:

(i) The Lagrangian self-distillation (LSD) loss:
Lisolo / / E|0 X 1(L) = b1.e(Kia (1) s (38)
(ii) The Eulerian self-distillation (ESD):
1t A .
LCeso(8) = / / E|0, Ko i (L) + VXoa(Is)is.s (1) *ds dt. (39)
o Jo
(iii) The progressive self-distillation (PSD) loss:

Lpsp (v ///E\Xst wit(Xsw(lo))2duds dt. (40)
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For proofs, we refer the reader to Boffi et al. (2025a). LSD has recently been scaled and engineered under the name Terminal
Velocity Matching (Zhou et al., 2025), demonstrating its performance in text-to-image applications. ESD is equivalent to
the Improved MeanFlow algorithm (Geng et al., 2025b), and PSD can be viewed as a continuous-time limit of shortcut
models (Frans et al., 2024).

In practice, we apply a stop-gradient operator sg(-) to the “teacher” terms to improve training stability:
1 gt
Li%p(0) = / / |0 Xst(I) — sg(0e,e(Xs (1)) *ds dt,
01 Ot
£o(0) = [ [ EORuL) 4 s8(VXus(L) - 50(L) st @)
01 Ot t
Li%p (D) = /0 /0 / E|X, () — sg(Xut(Xsu(Ls)))Pduds dt.

For PSD, the two smaller steps X s,u and X u,t serve as the teacher. For ESD, the stop-gradient operator prevents backpropa-
gation through the spatial Jacobian, which can be computationally demanding and numerically unstable in practice.
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C. Denoiser flow maps

In Sec. 3.2, we introduced the denoiser D; in (9). In the discrete context considered here, this approach reparameterizes
the instantaneous velocity b, into a simplex-valued clean-data predictor, enabling training via cross-entropy (12). We now
develop an analogous reparameterization for the flow map. To do so, we define a new quantity J, ;(x) := x+ (1 — s)v, (%),
which we show converts the mean flow v, ; into a clean-data predictor that lies on the simplex. This extends the single-time
denoiser-velocity relation to the two-time setting, and will make it possible for us to leverage training objectives based on
Cross entropy.

General setup. In this section, we consider the general stochastic interpolant, going beyond the standard flow matching
setting considered in the main text. To this end, we consider

I = oyxo + Bix1, 42)

where a, 3 : [0,1] — [0, 1] are continuous functions satisfying the boundary conditions ag = 1, &1 =0, By =0, 81 = 1.
Definition C.1 (Endpoint denoiser). The endpoint denoiser D; : R — R¢ is defined as:

Dy (x) := E[x1|I; = x]. (43)

The endpoint denoiser is the posterior mean of the clean data given the current noisy point. We emphasize that this differs
significantly from the one-step flow map, as the denoiser averages over any multimodality present in the posterior density.
Nevertheless, because it matches the geometry of the clean data x4, it is useful to learn the endpoint denoiser as we do in the
main text. As we now show, it can be directly related to the flow.

Lemma C.2 (Denoiser-velocity relation). For general interpolant coefficients o, B, the velocity field and endpoint denoiser
are related by:

By . atBt x — B Dy(x)
bi(x) = = D¢(x) + | o — . (44)
t(x) Bt t(x) ' Bt O

Proof. Conditioning on I; = x gives x = a;E[xo|l; = x] + 8;D;(x). The velocity field is b;(x) = E[L,|I; = x] =
& E[xo|l; = x] 4+ B, Dy (x). Solving for E[x¢|l; = x] = (x — 5;D;(x))/cv and substituting yields (44). O

This relation first appeared in Albergo et al. (2023). For oy = 1 — ¢ and 3; = t as in the main text, (44) simplifies to:

D _
i) = P 45)
Rearranging gives:

Di(x) =x+ (1 — t)be(x). (46)

The above equation reveals a natural interpretation: the denoiser Dy (x) corresponds to a single Euler step of size (1 — t)
starting from x with the velocity field b;. This also makes clear its relationship to the flow map, which corresponds to the
exact solution of the ODE rather than a single Euler step.

C.1. The two-time denoiser.

We now extend the aforementioned relationship to the flow map, enabling us to define a “two-time denoiser” that, in
our one-hot encoded discrete context, pushes computations onto the simplex. The advantage of this approach is that it
enables network parameterizations leveraging a softmax output layer, which can then be learned using cross entropy to more
accurately respect the geometry of discrete data. We define the two-time denoiser analogously, in terms of a single step of the
mean flow from x using the full remaining time 1 — s. To this end, we recall parameterization X, ;(x) = x + (¢ — $)vs ¢(%)
from (32), where v, ; is the average velocity along the trajectory from time s to time ¢.

Lemma C.3 (Two-time denoiser). Define the two-time denoiser:
Jst(x) i=x+ (1 — s)vs 4 (x). (47)

Then the following two properties hold:
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(i) The flow map (32) is a convex combination of the current state and 8 ;:

1-—t¢ t—s
Xsi(x) = . Sx + T Sés,t(x)- (48)

(ii) On the diagonal, the two-time denoiser recovers the standard denoiser
ds,5(x) = Dg(x). (49)
Proof. By direct computation,
Js,s(x) =x+ (1 — 8)bs(x) = Ds(x), (50)
giving (ii). Substituting v, ; = (s — x)/(1 — s) into (32):

t—s 1—1¢ t—s
= +

Xoi(x) =x+ 1—5(5S’t(x)_x) X TS

ds,1(x), (D
giving (i). O

The convex combination (48) interpolates between the current state x and the prediction d, (x) with weight (t — s)/(1 —s),
the fraction of remaining time covered by the step.

At the boundaries, d5 s = Dj is a probability vector (by Theorem 3.1) and d5 1 = X, 1 (x) maps to one-hot data. Remarkably,
we now show that J, ; lies on the probability simplex for all intermediate ¢ as well.

Proposition C.4 ( ; lies on the simplex). For all (s,t) € [0,1]% x € RY, and each token position | € [L]:

(i) The components of § sum to one:

V]
D aix) =1 (52)
v=1
(ii) The components of § are non-negative:
500(x) >0 forallve{l,...,|[V]}. (53)

In particular, §, ; lies on the probability simplex AWVI=1 at each token position.

The above proposition means that we can parameterize J5 ; with a tokenwise softmax without introducing model misspecifi-
cation, because the true J, ; lies on the simplex. This stands in contrast to the flow map X ; itself, which inherits negativity
from the Gaussian initialization x4 and is non-negative only at ¢t = 1, where it represents one-hot data.

Proof. Write X -(x) for the flow map starting at x at time s. The flow ODE

D- (XS,T (x)) — Xs,r (%)

1—7

8, Xy 1 (x) =

)

; (54)

can be rearranged as:

Xor () De(Xar(x))

0 X+ =
() + 1—7 1—7

(55)
Multiplying both sides by the integrating factor 1/(1 — 7):
1
1—-7

0, X o r () + oz e, (56)

and recognizing the left-hand side as a total derivative:

9 (Kerle)) _ Do)

or\ 1—r7

(57)



One-step Language Modeling via Continuous Denoising

Integrating from s to ¢ and using the initial condition X (x) = x:

X5 t( / D, (
- d 58
1-1¢ 1 —7) T (58)
so that:
Xst(x) = +(1—1%) / D d (59)
s, — x - T.
¢ 1— . (1-7)2
Comparing with the convex combination (48), X, t(x) 1-tx + 1=54, ,(x), and matching the terms beyond 1=tx gives:
(1-s)(1-1) D, (
s d T. 60
(%) = t—s / (I1-7) (60)

By Theorem 3.1, each D, (X ,(x)) is non-negative at every token position, (1 — s)(1 —¢)/(1 — 7)? > 0, and the operator
. For sum-to-one at

s,t
each token position /, we use > D1:?(X, ;(x)) = 1, sum both sides of the above over v, and evaluate the integral:

St - 120 [t
:(1_3)(1_75){ 1 T

t—s 1—-7],

(61)
DY 1
N t—s (1 —t 1- 5>
(I =s)(1—1) t—s B
T t—s  (1-tHl-s)
This completes the proof. ]

C.2. Characterizing the two-time denoiser

Since 6, ; lies on the simplex, it is natural to design objective functions that are entirely simplex-valued, for which cross-
entropy can be used. To this end, we now translate the flow map characterizations from Theorem B.2 into conditions on d ¢,
and identify which remain simplex-valued.

Proposition C.5 (Flow map characterizations in § space). The flow map characterizations from Theorem B.2 translate into
the following conditions on 6 ;:

(i) The Lagrangian condition. For all x € R% and (s,t) € [0, 1]?:

1—t)(t—s

balo) + L= 05 00 = 6 (X (). 62

(ii) The Eulerian condition. For all x € R and (s,t) € [0,1]2:

CORE RN

Os0s,t(x) + =7 St = T i)

(85.4(%) = 65,5(x)). (63)

(iii) The semigroup condition. For all x € R¢ and (s, u,t) € [0,1]3,

0s,t(X) =7+ 05,0 (%) + (1 =) - 6, (X5 u(X)),
(1=t (u—s) (64)
(A —u)(t—s)

When s < u < t, the coefficients satisfy v,1 — v > 0, so this is a convex combination. At the midpoint u = (s +t)/2,
the weights simplifytoy = (1—1)/(2—s—t)and1 —y=(1—35)/(2 — s —1).
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Proof. (i) Lagrangian. Differentiating the convex combination (48) in ¢:

1 1 t—s
— SX + 17_8557,5(X) + 1— 83t587t(x). (65)

W Xsi(x) =— 7

By the Lagrangian equation (28), 0, X ;(x) = b;(X5,+(x)). Rewriting b; via the denoiser-velocity relation (45):

X (x) = Dt(Xs’t(f)_) t_ Xs’t(x)~ (66)

Multiplying both sides by (1 — t), adding X ¢, and substituting (48):

Dt(Xs,t(X)) = Xs7t(x) + (1 - t)@tX&t(x)

1—t  1—t t—s 1—¢ (1—t)(t—s)
=X 1% 1_86‘37t(x)—|—:5s7t(x)+7

=0 )

= 0,0(x) + W@tas,t(x).

(67)

Since 0, = D, on the diagonal (Theorem C.3), the left-hand side is J; , (X ¢ (x)), giving (62).

(ii) Eulerian. We substitute (48) into the Eulerian equation (29). Differentiating (48) in s:

1— _
et st)2 (x — bs.0(x)) + %_‘Zas(ss,t(x). (68)

0s X5 4(x) =

The spatial Jacobian of (48) is:
1—t t—s
VX (%) = EId + T SV(Ss,t(x). (69)

By the denoiser-velocity relation (45), the advection velocity is bs(x) = (d5,5(x) — x)/(1 — s). Substituting into (29) and
expanding b, - VX ¢:

1-1 t—s
0= Ao~ sl + 7=00s4(x) 70
(1 —1)(0s,5(x) — x) n (t —5)(0s,s(x) = %) V..(x) (70)
(1—s)? (1—s)? v
The first and third terms combine to (11_;:)2 (85,5(x) — 05,4(x)). Dividing through by £=% and rearranging gives (63).
(iii) Semigroup. We express each side of X, ;(x) = X, (X5, (x)) using (48). The left-hand side is:
1—-1 t—s
Xsﬂg(X) = 1 — SX —|— E(Ss,t(x). (71)
For the right-hand side, define z := X ,,(x) = 1=%x + %=24, ,,(x). Then:
1-t t—u
Xu’t(Z) = 1_ uZ méu’t(Z)
1—-t|1—-u u—s t—u
T1-u lst 175(55,u(x) +E6u’t(z) (72)
1—t (1—=t)(u—2s) t—u
= Osu Ou,t(2).
T T vy LG Rl pr )
Equating with the left-hand side and cancelling %x:
t—s (1—=t)(u—2s) t—u
s = s ——u.t(2). 73
1-3s (%) I-—w)(@d—-s) " (X)+1fu +(2) (73)
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Multiplying both sides by (1 — s)/(t — s):

(I—=¢t)(u—2s) (t—u)(l—s)(s

R (D e R (BN

(74)

Define v := (1 —t)(u—s)/((1 — u)(t — s)). When s < u < ¢ < 1, every factor is non-negative, so y > 0. To show the
second coefficient equals 1 — ~y, we verify the two coefficients sum to one:

1-t(u—9)+(t—u)(l—8)=u—s—tu+ts+t—ts—u+us

=(t—s)—u(t—-s) (75)
=(t—s)(1 —u).
Dividing by (1 — u)(t — s) confirms the coefficients sum to one, giving (64). O

The right-hand side of the Lagrangian condition (62) equals D; (X +(x)) and lies on the simplex, providing a natural
teacher as we describe below. The Eulerian characterization (63) is self-contained in J, but we were unable to identify a
teacher-student decomposition that clearly lives on the simplex. By Theorem C.4, both §, ,, and d,, + lie on the simplex,
so for s < u < t the semigroup condition (64) is a convex combination of simplex elements, making it amenable to a
teacher-student decomposition.

Remark C.6 (The composite denoiser). The object D ;(x) := D;(X;+(x)), which flows from s to ¢ and then applies
the single-time denoiser, appears in two places above: as the integrand D, (X, -(x)) in the simplex proof (60), and as
the Lagrangian teacher 6; (X, ¢(x)) = D¢(X;(x)). Using the Lagrangian equation and the convex combination (48), it
can be expressed as D, (x) = J54(x) + %@dﬁ(x), which is precisely the student in the Lagrangian loss (79).
On the diagonal, the prefactor (¢t — s) vanishes, recovering D 4(x) = &5 s(x) = Dy(x). The composite denoiser also
satisfies a composition property Ds ., (x) = Dy, (X, (x)) (immediate from the semigroup) and an Eulerian equation
05D 1(x) + bs(x) - VD, 4(x) = 0 (by the chain rule and the Eulerian equation for the flow map). Unlike the two-time
denoiser J, ;(x), the composite denoiser cannot be composed for multi-step sampling: it always predicts the endpoint x;,
and recovering the flow map from D, ,(x) requires integrating an ODE. The two-time denoiser avoids this by recovering
the flow map algebraically via (48).

C.3. Learning the two-time denoiser

The characterizations of J, ; developed above can be reformulated as training objectives. Since 6S7t(x) lies on the simplex,
it is natural to use cross-entropy, as we do for the single-time denoiser in the main text (12). These objectives can be used in
two modes: distillation from a pre-trained denoiser, or self-distillation (direct training) without a pre-trained teacher.

Distillation from a pre-trained denoiser. Given a pre-trained denoiser ﬁs, we can distill it into a two-time denoiser Ss}t
by minimizing objectives derived from the characterizations in Theorem C.5.

Proposition C.7 (Denoiser distillation). The two-time denoiser d ; is the unique minimizer of
Ls5(8) = L3*(5) + £ (5), (76)

where the diagonal loss is the cross-entropy against the pre-trained denoiser ﬁs.‘
1
s (§) — / E[fce (5 (1), D (1)) ds, )
0
and Lgﬁ is one of the following off-diagonal objectives:
(i) The progressive (PMD) loss:
A 1 st gt . . A .
Lowo(5) = / / / E[lceGor(1)y - San(l) + (1= ) - Bu(Ke(Le))] duds dr, (78)
0 0 s
where 7y is defined in (64) and Xs’u(x) is recovered from 5S7u via (48).
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(ii) The Lagrangian (LMD) loss:
2 vt R 1—)(t 2 A
Livp(0) = / / IEVCE (5s,t(fs) + %_(573)@5&1&([3)7 Dt(XS,t(Is)))]dS dt, (79)
o Jo
where )A(s,t is recovered from 537,5 via (48).

Proof. Each term is a cross-entropy against a fixed target, hence non-negative, with equality if and only if the prediction
matches the target. The diagonal is zero if and only if 05 s = Dj; the off-diagonal is zero if and only if the corresponding
characterization from Theorem C.5 holds. Together, L5 = 0 if and only if § = J, giving uniqueness. O

Self-distillation.  As with the flow map, it is also useful to train the two-time denoiser from scratch. The key insight is that
the diagonal d5 s = D can be trained via cross-entropy against one-hot targets x; (Theorem 3.1). Combining this with
self-consistent versions of the off-diagonal objectives above leads to a single-phase training approach.

Proposition C.8 (Denoiser self-distillation). The two-time denoiser Js + is the unique minimizer of
£31(0) = £56) + £3(0), (80)

where the diagonal loss is the standard flow matching cross-entropy:

1
odios a5y — / E (e (Bon(L,), x1)]ds, 81)
0
and Lgﬁ is one of the following off-diagonal objectives:

(i) The progressive (PSD) loss (78) from Theorem C.7:

Lpsp(d) = /0 /O / E[lce(0s,0(Ls),y - dsu(Ls) + (1 =) - 0y t(Xs,u ()] duds dt. (82)

(ii) The Lagrangian (LSD) loss:
Liso(d / / eCE (I,) + L=0C=9) 5,5, (1), be.u(X. (s)))}dsdt. (83)

Proof. The off-diagonal terms are cross-entropies, hence non-negative, with equality if and only if the characterization holds.
The diagonal cross-entropy against one-hot targets x; is bounded below by the conditional entropy H (x; | I), achieved

when 5575 = D,. The total loss is therefore bounded below by fol E[H (x; | I,)]ds, with equality if and only if § = 5. [

The progressive loss is naturally well-defined when training with cross-entropy: parameterizing § with a softmax output
layer ensures the student is simplex-valued, and the teacher is a convex combination of simplex elements by (64). By
contrast, the Lagrangian loss is more subtle. The teacher lies on the simplex since d;+ = D; by Theorem C.3, but the
student Ss 4(x) + wat 0s,t(x) is simplex-valued only at optimality, and there is no obvious network architecture
that enforces this constraint by construction. Despite this difficulty, cross-entropy acts as a barrier function that prevents
departure from the simplex interior. To leverage this property, clipping gradients during initial optimization to drive an
off-simplex student to the interior of the simplex suffices to ensure well-defined training.

In practice, we apply a stop-gradient operator sg(-) to the teacher terms to ensure a well-defined separation between
the teacher and student when they share parameters. The progressive teacher involves 4 terms in both distillation and
self-distillation, so stop-gradient is always required. The distillation Lagrangian teacher Dy is already frozen; stop-gradient
is only needed in the self-distillation variant, leading to the objectives

1 t t
Lp(0) = / / / E[Cce(8s,0(15),58(7 - b, (Ls) + (1= 7) - ue (X u(11))))] duds dt,
(84)

Li%p(9) / / ZCE oo(Ly) + =055, (1), Sg(st,t(f(s,t([s))))}det-
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D. Auxiliary results
D.1. Proof of Lemma 3.1

We prove that the optimal denoiser output at each token position equals the posterior probability over the vocabulary.

Proof. From (9), we have that for the [-th token position:
Dy(x)! = B[x}|I, = x]. (85)

Let e; € RV the one-hot encoding of the i-th subword in the vocabulary V. Since x| is a one-hot vector, it takes values in

{e1,...ejy}. Then the conditional expectation above can be expanded as follows:

\4 P (xi = el| = x)
Dy(x)! =E[x||L =x] =) e; - pl,(x} =ei|, =x) = (86)
i=1 plllt(xl1 = e‘v||It =x)
This is the vector of posterior probability over the vocabulary, pl1| L = x). O

D.2. Proof of Theorem 3.2

We prove that the minimizers of Lysg (ﬁ) (10) and CCE(ﬁ) (12) when D uses tokenwise softmax at the output are identical.
This result has been known in Dieleman et al. (2022) and Eijkelboom et al. (2024), but we write out a proof for completeness.

Proof. By Lemma 3.1, the optimal prediction target for Lysg (D) at each token position is given as Dy (x)! = pl1| L = x).

Now consider the cross-entropy loss ECE(ﬁ) (12) and its minimizer DCE:

1
'CCE(D) :/ Ex()yxl
0

L 1 L
—Zlogﬁé“(xilft)} dt = / Er, Y By, [—log pl ), (xi|1,)]dt. (87)
=1 0 1=1

The inner term is the cross-entropy between the true token-wise posterior pll‘ . (-|1;) and the predicted distribution ﬁll‘ () =

Dy(I)", which is minimized when the two are equal:

P, (k= eI, = x)
DCE(x)! = Lo ) (88)
p’llt(x1 = e‘V‘|It = Xx)

By comparing this with (11), we obtain that the optimal denoiser can be learned via cross-entropy loss. O

D.3. Sample-level transport maps for discrete diffusion

We provide a supplementary result that, unlike continuous diffusion processes that admit a sample-level flow map, it is not
generally possible in discrete diffusion processes to find a sample-level deterministic map that accurately transports noise to
data in one step. Fundamentally, this limitation arises because deterministic maps can never split probability mass (Villani
et al., 2008). We show a general argument:

Proposition D.1. Let S be a finite set. For any probability distribution 1 on S, there always exists a distribution v on S that
cannot be reached from p through deterministic samplewise transport f : S — S.

Proof. We remark that a deterministic map f : S — S pushes forward a distribution y to another distribution v = fxpu as:

viy)= >, wx), (89)

x€f~1(y)

where f~!(y) denotes the preimage of {y}.
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This means every probability v(y) in the output distribution must be a subset sum of the original probability {u(x) | x € S}.
For any given i, let fi,i, be the smallest nonzero probability in {u(x) | x € S}. Construct v such that an element of S has
the probability v(y) = pmin/2. Since this probability cannot be expressed as a subset sum of 1, the distribution v can never
be reached from p through pushforward by a deterministic function f. O

By choosing S = V¥ and (u1,v) = (po, p) for discrete diffusion, we can see that for any noise distribution py, there exists a
data distribution p that cannot be exactly reached via one-step transport through a deterministic map.

D.4. First-stage distillation loss
Recall our two-model parameterization (23):

Roa(%) = x + (£ — 8)bs(x) + %(t — )20, 4(x). (90)

We initialize 7,/; from the parameters of b by removing the output softmax and zeroing the final layer, and train using the
semigroup loss (15) re-written in terms of clean data prediction. For this, observe that the average velocity v is given as
follows, from (14):

. Xot(x)—x - 1 .

o) = 2OV TX g L g0 o1

t—s 2

Using the relationship between the denoiser D and velocity bin (9), the integrand of the semigroup-based loss in (15) can be
written as follows:

E|Xs’t(15) - Sg(Xu,t(Xs,u(IS)))|2 = E|ls + (t — 8)0s,4(Is) — sg(ls + (t — s)@s,t)‘Q
= (t—s)” E\vst( ) — (Ust)|2
s) —

t — S - X, — I
-y DU h oty ) B
92)
C(t—9)? |- (t—s)(1—s) - _ 2
= (175)2]}3 Dy(Is) — I, + 5 Vai(l) — sg(xy — I,)
(t—s)? |- (t—s)(1—s) - P
= E|Dy(I,) + ————= —
1-s)2 s(Ls) + D) ws t(Is) — sg(x1)
where the bootstrapped velocity ¥, ¢ and target X; are given as:
uU—S8, t—u, 5 _ _
Gs,t = mvs,u(]’s) + t — Svu,t(Xs,u(Is))v X1 = Sg(Is + (1 - s)vs,t)' (93)

Following Boffi et al. (2025a), we drop the scale term ( ) which changes the effective learning rate depending on the
step sizes t — s and 1 — s, for additional training stability. Then the final denoising loss on the correction model w becomes:

coiir= | [ [

L =s5)—s) ?

E|Dy(I,) + ———4p, o (I,) — sg(%1)| dudsdt. (94)
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E. Implementation details

Time reparameterization. To efficiently implement the time reparameterization 7(¢) described in Sec. 4.1 without
evaluating the probability sum during training, we utilize a precomputed lookup table (LUT) combined with spline
interpolation. Specifically, we approximate the cumulative density function (CDF) of (22) using Gauss-Hermite quadrature
and evaluate it on a equispaced grid of 1, 000 points over ¢ € [0, 1], obtaining (¢, 7) pairs at each point. We find that this
resolution is sufficient to capture the transition of the schedule with negligible error. From these discrete pairs, we fit a cubic
spline to obtain a continuous and differentiable mapping, and then construct both the forward map 7(¢) and the inverse map
t(7), which enables O(1) sampling of simulation times during training. Since this LUT and the associated mappings are
computed once prior to training and can be cached, our approach incurs no additional computational overhead.

Training details. Both for LM1B and OWT we train FLM from scratch for 1M training steps, with batch size of
512. Following the settings from Sahoo et al. (2025), we use 2,500 warmup steps and then a constant learning rate of
3 x 10~%. For the optimizer, we use Adam (Kingma & Ba, 2014) with §; = 0.9 and 2 = 0.999. Additionally, we utilize
softcapping (Riviere et al., 2024) which smooths out large logits in the attention activations, for additional numerical stability
of training. For FMLM, we share all the training settings with FLM including batch size and learning rate. For LM 1B, we
report the results from two-phase distillation of 100k steps for each phase. For OWT, we report the first-phase distilled
results for 300k steps, where we additionally use progressive warm-up of the distillation step size h: instead of drawing
h ~ U[0, 1] throughout training, we start with A ~ UJ[0, ﬁ] and double the upper bound every 10k steps until it reaches 1.
Lastly, we find that the reparameterization 7(¢) has a flat region near ¢ = 0 (Fig. 4), causing the start point s to rarely land
near the origin. This hinders learning of flow maps for one- or two-step generation, where the model must directly transport
from s = 0 to ¢t = 1. To address this, we fix a probability of directly sampling the boundary: (s,t) = (0, 1) for LM1B with
a probability of 1/64, and s = 0 for OWT with a probability of 1/32, ensuring the model receives sufficient training signal
for few-step generation.

Sampling details. For FLM on both LM 1B and OWT, we use Euler solver for sampling. For FMLM, on LM1B we use
the standard flow map jumps for sampling as described in the main text. For OWT, we leverage the “vy-sampling” algorithm
from Kim et al. (2024) using the optimal ~y values (Sabour et al., 2025). In addition, for OWT we find it beneficial to alter
the time reparameterization at inference time as follows: we define the reparameterized time 7’(¢) for sampling as a convex
combination with the original time, 7/(t) := a7(t) 4+ (1 — «)t, and use optimal « values within {0.5,0.75,1}.

Many-step baselines. For the LM1B experiments, we trained Duo (Sahoo et al., 2025), MDLM (Sahoo et al., 2024), and
CANDI (Pynadath et al., 2025) from scratch using identical settings, while utilizing the official 1M-step checkpoint for
RDLM (Jo & Hwang, 2025). For the OWT experiments, we relied on the official checkpoints provided by the respective
authors for CANDI, Duo, and MDLM. Due to absence of the official checkpoint and the limited resource for reproducing,
we were not able to compare with RDLM in OWT. For sampling, for all the discrete baselines we used ancestral sampler
with temperature 1.0, while for RDLM we use the SDE sampler proposed in the paper.

Few-step baselines. For LM1B experiments, we apply SDTT (Wu et al., 2025) on top of MDLM (Sahoo et al., 2024),
trained on LM1B for 1M steps. Following the default hyperparameters from the paper, we use a fixed learning rate of
6 x 10~° with 2,500 warmup steps and batch size of 128. Each distillation round consists of 10k training steps where we
perform a total of 8 rounds. We share this setting when applying DCD (Sahoo et al., 2025) on top of Duo trained for 1M
steps. For OWT, we leverage official distilled checkpoints from repective authors. For Di4C (Hayakawa et al., 2024), we
used the intermediate checkpoints with the best 32-step performance among the training, corresponding to 20k training steps
for LM1B and 50k for OWT: in both cases, additional training resulted in performance degradation.
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Table 4. Self-BLEU (Zhu et al., 2018) score of 1,024 generated samples from each baselines and FMLM in the one-step generation setting.
Lower score denotes more n-gram diversity. For reference, we report the Self-BLEU score of mode-collapsed case when all the samples
are identical, and the score of the reference samples from each dataset.

Dataset LMIB OWT
(mode collapse) 1.000 1.000
Duo + DCD 0.075 0.297

Duo + Di4C 0.054 0.272
MDLM + SDTT 0.026 0.036
MDLM +Di4C  0.023 0.031
FMLM (Ours) 0.073 0.121

Dataset 0.047 0.046

Table 5. Generation performance of the two flow map models on LM1B across 1 to 1024 sampling steps.

First-stage distilled Second-stage distilled
Steps Gen. PPL () Entropy Gen. PPL (|) Entropy

1 102.49 4.13 104.37 4.12

2 93.65 4.17 95.42 4.15

4 88.86 4.17 90.90 4.16

8 84.57 4.19 85.72 4.17
16 80.86 4.18 80.50 4.17
32 77.04 4.19 75.99 4.16
64 73.86 4.18 71.90 4.16
128 70.78 4.19 69.07 4.16
256 68.39 4.20 66.39 4.15
512 67.47 4.20 64.05 4.15
1024 67.63 4.20 62.17 4.14

F. Supplementary evaluation results

Checking mode collapse. To ensure that FMLM does not mode collapse onto a few high-quality samples, we additionally
report the Self-BLEU (Zhu et al., 2018) score which measures the n-gram diversity of generations. The results in Tab. 4
shows that FMLM clearly does not show mode-collapsing behavior in one-step generation, which would be indicated by a
Self-BLEU score /1.0, as it attains only a slightly worse score compared to real data.

Comparison of first-stage and second-stage distilled flow maps. In Tab. 5 we present the performance of FMLM across
both distillation phases. The first-stage distilled model uses the two-model parameterization of the flow map (23), while the
second-stage distilled model uses the single-model parameterization (14). As explained in Sec. 4.2, the first-stage model is
distilled from a fixed FLM via semigroup loss (15), and the second-stage model is distilled from the first-stage model using
a simple squared regression loss. We observe that the final single-model student successfully recovers the performance
of its two-model teacher across all sampling step counts, demonstrating effective knowledge transfer between the two
parameterizations of flow map. In the main results from Tab. 2 and Fig. 6, we report the performance of second-phase
distilled model to match the model size; for the ablation study we use the first-phase distilled model.

Improving sample quality via autoguidance. Many previous work motivated continuous denoising for language by
guidance algorithms that extrapolate score functions or flow velocities to amplify the influence of conditioning or generally
improve the quality of samples (Strudel et al., 2022; Dieleman et al., 2022; Jo & Hwang, 2025). However, this aspect needs
a more careful examination since it is possible to guide discrete denoising models as well by extrapolating probability logits
(Schiff et al., 2024). Due to our interest in unconditional generation, we focus on autoguidance (Karras et al., 2024a) which
guides a denoising model with a weak version of itself. For continuous denoising, guidance is implemented using:

B(guided) — I}(weak) + ,'7((; _ 6(weak))

9
for strength > 1. In clean data prediction, this becomes:

D(guided) — f)(weak) + n(ﬁ _ f)(weak)).
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Table 6. Comparison of autoguidance stability across varying guidance scales 7 and sampling steps from 128 to 1024, tested on LM1B.
We mark as red for results with Gen. PPL over 1,000, and entropy under 3.9.

. FLM (Ours) Duo MDLM
Steps Guidance scale (1))
Gen. PPL ({) Entropy Gen. PPL ({) Entropy Gen. PPL ()  Entropy
0 112.54 4.34 91.64 4.32 113.88 4.32
1 95.56 4.31 82.80 4.34 121.92 4.37
2 87.18 4.29 89.60 4.38 141.91 4.40
128 5 74.85 4.25 1671.20 4.26 851.46 4.64
10 66.85 422 3013.31 4.73 2316.15 4.67
20 60.99 4.19 3045.59 4.72 1897.82 4.57
50 62.52 4.04 2947.73 4.71 3703.24 4.60
100 13.58 2.60 2811.93 4.71 3471.61 4.39
0 104.59 4.32 97.58 4.30 112.81 4.33
1 89.42 4.29 89.14 4.23 118.97 4.36
2 81.53 4.27 81.20 4.34 141.72 441
256 5 70.23 4.23 82.98 4.37 875.76 4.64
10 62.01 4.20 1780.56 431 2064.23 4.64
20 55.43 4.16 3008.36 4.72 1690.58 4.53
50 52.69 4.06 2983.20 4.72 3333.58 4.62
100 26.28 3.05 2802.72 4.71 3489.58 4.39
0 99.75 4.30 100.41 430 111.61 4.32
1 86.48 4.27 90.06 432 116.82 4.36
2 79.06 4.26 83.13 4.35 141.62 441
512 5 68.40 4.22 78.57 4.36 878.42 4.63
10 60.93 4.19 1773.36 4.35 1985.40 4.63
20 55.31 4.14 3057.73 4.73 1461.70 4.50
50 51.77 4.02 2943.49 4.72 2932.98 4.64
100 48.00 3.52 2852.79 4.70 3455.59 4.39
0 96.91 4.29 97.91 431 108.11 4.32
1 84.37 4.27 89.48 432 115.72 4.36
2 77.78 4.25 81.70 436 141.78 4.42
1024 5 67.50 4.22 74.58 4.35 886.67 4.63
10 60.45 4.19 1916.89 442 1753.46 4.59
20 55.49 4.14 3000.66 3.73 1423.58 4.47
50 51.62 4.00 2928.61 4.72 2610.08 4.65
100 51.93 3.74 2811.92 4.71 3455.55 4.38

Both extrapolations happen in Euclidean space. We note that, although each clean data prediction lies on the embedded
simplex when using softmax, their extrapolation can exit the simplex freely.

For discrete denoising, guidance is implemented using
logﬁ*(guided) — logﬁ*(weak) + n(logﬁ* _ log Z5=c<(wealk)) + const,

for strength 7 > 1. Under factorization, this extrapolates in logit space before softmax (Schiff et al., 2024), staying within
the simplex multiplicatively. In Tab. 6, we present the sample quality and entropy while varying the guidance scale 7 from 1
to 100 for FLM, Duo (Sahoo et al., 2025) and MDLM (Sahoo et al., 2024). For the weak model, we use the final trained
model with dropout of 0.1, as proposed in Karras et al. (2024a) as one way to construct a weak model.

Despite discrete guidance remaining on the simplex while continuous guidance can leave it, we find that discrete denoising
becomes unstable at large guidance strengths while continuous denoising remains stable. We hypothesize this occurs because
discrete guidance has the form p*(€1ided) o (j*(Weak))1=n(5)n where large 7 strongly amplifies modes in $* not present
in p*(¥ea) By factorization, the mode of p*(*®) becomes dispersed in the full state space, and extrapolating away from
it removes more modes than necessary. In contrast, continuous denoising directly predicts velocities, or clean data, in
Euclidean space (9) which allows avoiding this factorization-induced issue.
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G. Supplementary qualitative results

More qualitative samples. Additional qualitative samples can be found in Figs. 8 to 13.

* Fig. 8 shows samples generated by FLM trained on LM 1B with different sampling steps (32, 128, 256, 1024).
* Fig. 9 shows samples generated by FLM trained on OWT with different sampling steps (256, 1024).

* Fig. 10 shows one-step samples generated by FMLM trained on LM1B.

* Fig. 11 shows one-step samples generated by FMLM trained on OWT.

* Fig. 12 shows one-step samples generated by few-step masked discrete diffusion baselines trained on OWT.

* Fig. 13 shows one-step samples generated by few-step uniform discrete diffusion baselines trained on OWT.

Samples from fixed initial noise. In Figs. 14 to 17, we show samples generated by FMLM, MDLM + SDTT (Wu et al.,
2025), and Duo + DCD (Sahoo et al., 2025) using different numbers of sampling steps from a fixed initial random seed,
meaning that we generate the samples from a fixed starting noise. By the deterministic sampling procedure of FLM and
FMLM, we observe that increasing the number of sampling steps recovers finer lexical details while preserving general
structure. However, this behavior does not occur in discrete diffusion models because they rely on ancestral sampling over
the entire vocabulary at every denoising step. This characteristic of FLM and FMLM leaves interesting directions of future
work, such as applying noise inversion (Song et al., 2020a) for editing applications or interpolation between generated
samples in the noise space.
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Sampling Steps: 32 Gen.PPL: 106.87 — Entropy: 4.27

[CLS]. martin rejected it because few companies vied for the technology and offered up any portion of the product
line as one option. [CLS] woods next to be pro? [CLS] when it’s up to you, get reminders out here or on the
first tee. [CLS] meanwhile, national security adviser, gen. ray fourniero, son of iraq national security gen.
james mcrver, that these changes are worth as much as " to the entire intelligence community " who oppose the
threat of baghdad. [CLS] you stand in a certain position, and in situations that includes both states, thereby
open down doors and your partner in a manner [CLS]

Sampling Steps: 128 Gen.PPL: 86.65 — Entropy: 4.28
[CLS] have a college degree. [CLS] he said that even though more than 60 percent of the area got permits that
voters held a similar advantage in other states, a few stayed behind. [CLS] there was no one here that ever

announced them, no one spent money or years at any time, except to give the two and maybempt them with another
chance, and knowing today that they are all they are is never to get any point about why they can play together.

[CLS] unalud has more than 5 % the country’s players. [CLS] a spokesman for failing to respond to the comments
can post comments. 2022 a free phone number! [CLS]"

Sampling Steps: 256 Gen.PPL: 76.74 — Entropy: 4.27
[CLS] khan said, adding that any moves by the military would remain the verdict of the people if necessary. [CLS]
the 21 - year - old fast bowler who won three of only 17 tests in australia in the build - up to the first test
and that former england captain lawrence dalirlio will be taken seriously. [CLS] 17 mins took home gerrard’s
curling shot by rooney which had the rebound. [CLS] " you are, like some us in the past, in charge of the truth.
[CLS] i expect a good living in these years or around 2010. [CLS] an independent report has written to government
ministers meeting to recommend proposals " for [CLS]

Sampling Steps: 1024 Gen.PPL: 80.53 — Entropy: 4.32
[CLS] has disappeared from the hills along the coast. [CLS] the president made a brief appearance on chicago’s
grant park before mr. bush. [CLS] mr. cuber estimated that harvard’s annual income could be of more than $ 200,
000 and bonuses could come in nearly $ 5, 000 annually. [CLS] u. s. women plead guilty to her murder seattle,
april 28 ( upi ) - - a council has sent a judge making a later date for rev regarding the case of washington
teenager elementary school knox in the response to a death she is accused of. [CLS] in capital markets, the

company’s fundamentals are clear [CLS]

Figure 8. Samples generated by FLM trained on LM 1B with different sampling steps.
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Sampling Steps: 256 Gen.PPL: 70.00 — Entropy: 5.30

<|endoftext|> companies.

Officials at the rally at the ABAAC said on Monday, the Federalist Society had members have long believed that ABAAC could work.
"Together with labor, labor, and interest groups, state attorneys general, state and business leaders, the consumer-free market value
to you more than a handful of decades of choice and association," it reads in his remarks.

Now the court could have a similar effect on Friday.<|endoftext|>Here is an email from company to read, "the next time most of us are
watching 2, and they used to mean about a second. The most accurate number? I don’t know."

The email is just part of an esc altruism and the promotion of free software that is a plan to bring new ideas into the mainstream.
Like many nonhumans, their numbers are all that much, he’s aiming to lose half of their value by non-profits this year.

These technologies are being driven by Open researchers -- which uses them the most, for example, using carbon-generating batteries
for use in medical applications. The team has found that nearly half of these devices used in science isn’t some magic feat. To
show that Big intelligence may soon need to help tap into our everyday lives.

From a SETI perspective, however, many of the attendees are now less likely to hold him to it. Science and science are a field
whose importance has grown, over the years. That’s especially so large at the TED Electronics conference in 2012, which, despite the
increased numbers, also puts more people out there more than ever, too.

"Oh, and there’s more interest," Brner said. But partly up for that is that donations are interested in numbers, until they go there
to support, say global projects, there’re way more people doing things to come.

Well, half a billion will not happen, really, either. And, until there are ways for anyone to write a (sic),’d an article on

it, that’s it no way back, it’s creating more support for further exploration.<|endoftext|>Supporters of a generation have raised
concerns about living in a remote cell in a field such as Johannesburg that can make efforts to keep people who lack means to support
the cause feel futile.

Kired bio-hugil John Lee, 40, died in Grade 3 of 15 patients in Site C without information, despite the mainstay of the cold, dilated
lungs, said Bhupab Sengupta of Sierra Canada. As cracks in the cell line go the heat and water has dried out because of drought,
said he believes there is in fact growth in the number of patients attending schoolchildren alive, but that an international process
of recognizing the value of research needs to roll out as more die.

"If reduced to 15 the number one priority; those well-boggaminated end, coll suicide with HIV another 50 million times, taking away
lives, who are trying to and end up being still a million other people could come to 15 die in the name of medical research," she
said via email.

As even Mr. Singh struggled to leave the disease, an instinct was quicklyched on and a sense that his wife was going to end a life
he was; he saw no life.

He survived on a friend and no one near her, before a battle with kidney She failed and his memory was lost. Almost exactly the same
the year, ALS donors began running tests to get Mr. Lee’s attention, though he was on low levels of survival despite many of his
loved organs.

His patients, who usually have the same age and history, are central to the current generation of stem transpl medicine, and could be
one of some of the reasons he leaves behind.

READ MORE: Why ’Plant Part of the Dead Babies with Busy Wonness’

But after years of quietly testging the body of blood deep into this field, a critically important effort to make sure that it’s not
doctors, doctors, doctors or doctors, who will also be dying in it, have been ignored.

Spenasttha Bratman, a friend of John Doe as a happy single person who had long settled into a life without hope in the northern part
of South Africa, died last week spending 20 patients at the hospital, before walking away to die.

His father, then at Mount Canada, told Global News News that his team is focused on how they’re seeing one person use in a cell for
medical research, and if he adopits the idea, he could hold as many patients for cancer patients as a day of rest with a hospital,
near freezing, for patients.

His "has an position in the name of science right now, has been the loss of a couple who are<|endoftext|>

Sampling Steps: 1024 Gen.PPL: 62.60 — Entropy: 5.37

<|endoftext|> program at the University of Utah when he said.

Meanwhile, FISUS President Tom Hickey praised the organization’s Rolexample for FIS Ratings, a rekindle of events dedicated to MLS.
However, the organization said he has been a vocal supporter of the LDS Bowl the last two years, which it said as well as corporate
campaign finance laws:

"For sure companies pay to be sure that Major Gar Soccer’s Measure Forg deal in 2011 will be the same thing forever."

The LDS organization has long been named after a Mormon gay-story building in Salt Lake City and decades of protests against gay
athletes and media outlets. Mormonah has spent years to fight gay rights in the United States. Critics have said the foundation for
the nation’s LGBT community remains the online system for LGBT discrimination.

In response, the LDS association said that’s why Google always aren’t up against MLS. "As a mayor no one has a chance to represent
their community," Susan Aylworth of Pride Business Group & group of business and American Chamber officials said. "Public work,
public use of large venues, libraries and civic events can be working. None of these factors are critical to our success."

The spokeswoman added, "It’s always my favorite publicly available," which requires that Google be removed from a later report on its
post. That means MLS only has had 10 mayors on their website in the past 5 months or months.

"Google isn’t behind the scenes of Pride so no one has that thing anymore," she said.

City leaders have been working in recent years trying to pin the plug on a piece of Orlando’s city council development Soccer’s New

York headquarters and Miami headquarters. Former state design firm Fincom also represents FIFA’s mayoral bid.
Ainsbach said he on the Miss America Tour co-’08 tour, but by this stage came out in the runup trying to enlist Saltber’s support,
including by last day’s tweet. (Glen Seson -- M&T, rights

"They really don’t laugh at us and have to pay the bills," Hales said, despite still not knowing a future future. FIFA’s mayoral
elections are still 5 months away but did spell out how Adber would not be reapply on to hand over.

"He’s smart," Smith said. "Mayorbody is able to put together a business strategy. He’s doing it just because all of it helps our
office much a little.

"I mean I don’t get the Miquel award and I don’t have. That’s a fact. Because by Jim Scheiner is a wonderful guy who had the main
issue in going the gay Rights route and then we are very that. And I've had to say percent that we all talk about it. But you know
now, general area elected officials and space said real experience with a government so you know we need to do that are tough things

for you."

(Part 2 of interview)

"I’11 check the 2016 of every three years. Same with the top 20 that we do with the MLS Cup Report. I think M&R is -- Smith said
laughing. "There is when there’ll be opportunities to 2000 (and ’17) in their history and we’ll tell them when they want the people.
Maybe others are playing better time to stay in 2020, or (they are actually missing some time. On the States, when I was on the
board of Sports Illustrated, Al McGuone is afraid to say what people in ... no doubt or whatever will have to tell them and he’s not
that. I’1l certainly try words or whatever here and there. I think one more MLS mayor than the last who has changed the league has

took this situation really seriously.

I guess there’s one?

A big one, for two reasons. The second is that the overall base isn’t small. I guess much of that has to be of the city as we’ve
got Coca-Benz doing new stuff coming million past year. It’s not small there. It’s big as well, but we didn’t work it all about
because it was a challenge. It’s not a typical Bowl take. It happened because there was willingness to pay attention and attention
to the city in these areas."

So, could you say before you were back?

It’s not. Before that in certain areas, it was a concern -- an issue on the national LGBT community in U.S.<|endoftext|>

Figure 9. Samples generated by FLM trained on OWT with different sampling steps.
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Sampling Steps: 1 Gen.PPL: 90.94 — Entropy: 4.13
[CLS] be that people in the community, now this would give me for less. [CLS] it’s that but the second of the
film will have been them there while some of them are not get them for week. [CLS] at any in his own country, he

was no one who had working money, if there had be no at the first of two of what real not think that’s life in
white is the best, i think, don’t the right of his, but they can could make it not for or for a high - business
team. [CLS] if she said that women, many years she was not expected to say [CLS]

Sampling Steps: 1 Gen.PPL: 94.71 — Entropy: 4.19

[CLS] the public and private sectors, especially the condition that they’be in on. [CLS] i was on tour and i’m
trying to tell myself he was no 8 ; he won just one against how to the people to get to the finals and yes, the
rest of ireland - - youon also have senior people in the american squad. [CLS] in this respect, it’s kind of "
public " that’s worse for worse than that four million americans who tend to call 2006’s security as a threat or a
real threat than the taliban was. [CLS] he might have found him on, that he should, that there [CLS]

Sampling Steps: 1 Gen.PPL: 82.46 — Entropy: 4.11

[CLS] was to be to the rescue, but there’s no doubt that we could offer to help. " [CLS] all the facts are not
known. [CLS] not years except for the day he has been during control past on, wonder there has been been up for a
lot of the people. [CLS] the 10, are after this that it needs to be with what you have a fire’s. [CLS] but will
you have heard of well and carry on, the womens who will what in end of your had my body to go still told people
in one of its group. [CLS] she was the double - being for just because we went [CLS]

Sampling Steps: 1 Gen.PPL: 97.42 — Entropy: 4.19

[CLS] never - hard victory that could top two place because of time over the weekend to respond to the head of the
judges, who said which presided over by both players had to put themselves in charge of the nation. [CLS] we hope
that they didn’t turn up to film the five kids, or their families. [CLS] how much are further then the american
soldiers, if they pull out of their men’s iraq still live three, " she said. [CLS] they also plan to pass on the
ball back, and the investigation is long. [CLS] toyota said its first exports to china in the early 1990s. [CLS]
no court to change that [CLS]

Sampling Steps: 1 Gen.PPL: 115.36 — Entropy: 4.16

[CLS] began when the florida department of had and wildlife issued the report. [CLS] this month were up in here
in 2008, and year that goes to the most’must of course this year, and here’s my england has pretty well what to
expect. [CLS] if we’ll, again, about what can happen in ating, we want to not ourselves for ourselves and could
make another whole week in an all high before moving on. [CLS] news, where, in public if they wish, defense
officials said. [CLS] within there and maybe not they have interfered with his time. [CLS] sales in support -
which has been rising through [CLS]

Figure 10. One-step samples generated by FMLM trained on LM1B.
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Sampling Steps: 1 Gen.PPL: 88.97 — Entropy: 4.87
<|endoftext|> to be there to him, there is a the next, something days and bit that is good before last. (A second come and with a
good one). We have a few questions to take, and he what these things there, and some of the now of why a country is, because since

the age of change to great part of life and even so as one with a case or not, you are still in for the people us and at the people,
a part of everything.
In the world things will on just the history of I here.

This think is supposed to need the money. But it is. 4 time, and now this is about on to it, all like a bit of a little more that
brings me back on the big picture, this was something many we must also have to get in up of, of us who have From the rest of money
on and run to the South with must go and really on a newsbidbate. In the woman many of us, he make a call for more, have a fraction

of the value of a car, or make it
s, or its time, with office-up it was, when the whole, and they for said. of the value of a city, is added to a lot of people and,
and we know, no time-s would years of can value in the
We want to to,
on the country and a form country to find need some way in all the next generation of the rule of law. And we just things as all
things equal, I can tell.
[ he is
and becausee last very, a very small- of things and the on that can put in in in a way too things.
Well, and will not give you a long high that we have not:
that] is the work’s end problem, and in general, so far many peoples the most!

is there is a problem. I and some don’re a going into it. And many of the people don’t need for a head of government to come
with war. The majority of him are over.
is opposed to a degree who are on has a game up against them, and he a the. And of these parts of the world. If to millions of
people, they can at least each many who of it, become too good. All me well, you many away?
This thing would be. There’s a little, of course, the fact of some. The idea of this for he is, not really there, for The big two
only or more in it, that for a life that some one of its and some., us, you come there. As a consequence, this can really about or
people want to be to be your there is to be in this city. You might come out. E. And nowos and all part of the world few have some
this go of his world. This work of him actually great. He was this one of them that he has not a chance to say, to, the idea of the
family to get rid of the land and to live in her, to use it. And this can get it behind, and who’s still going to make up it. But
in many ways seem to take a on
And D’. Buting this one. And what’s?
And, is what good things in life: I here that we have, lost their company and keep the of of some. I just might be a bit surprised
to work that he would, but it is long and very difficult. I about this country. But be about something or people?
I am in London and there were in the next office, as though it was very well to me something. It was a stain on it. Think about it
and no other a country to look like that say we are going. So I was surprised. I wish I had a hand in him and said that many more I
look at people of working here, I wish there wasn’t a him. of left, that kind was things to do to
did. And they know point off that way of thought, the... they know people, who don’t in this form of the world or the today. The
first thing is little and’s not as a people. -- did not we a nation-state, the at both that we, and on
is had from our, by our health, to -- the 1, because, the country or down. And where this will get as a U.S. story. put no from
where they were, and that number of 20, for instance,000, had. million- Mr.<|endoftext|> than all those small. at year and then
went on a publicth, playing; and in a big filled with 1<|endoftext|>

Sampling Steps: 1 Gen.PPL: 90.02 — Entropy: 4.78

<|endoftext|> during the end of Gl: to see the very number of not more I was not to come on and you all him in and out with. In the
still, part is my life. the fact that he is my own way. So in the most 2. about one on, you and Ill not really have, as having, to
down this:; - that his It is how that every person was life-. That is what happened so often for me he was he who at you. But to
help him out, the I in my world were as to get only on those and P you would -- come in on a mission. We have so much enough that
you were un in.

H2T said it is a good man here, are from it. And some us are in the theers of the so and not, which is in it was the beginning. But
it was because of the about the work in his 2, and through it was a well or into the America’s political, of a group of people, so we
will in people and to those in God. But they are actually in the world up to as to work, in the know that we more through a be day.
The things that, or, for that first time, and our able to help is that to live, and that can has the different work he can do.

Now, that you have only children these children, of most people, and two are the people G he, to me. And (on’s his) work’s it is a
very and we could first look at things every year. It is how you of all the and people, to change the our by and see of city and our
history.

"We be used to that. I ( this is the money that all they want, many see that have been all that the ones that were all the old are
the ones who did the end. And were there through the ones that do all life." And, he reallyWe get so all, at’s work at manyle!

"I well said that, we are also far from any of them. In both, the way you think work as a model for P- to children and you have to
be in a So that some of you didn’t know of the great and/ in children in the world." We she is talking about the these and things
they people for our very while, and also about us.

I have, life with has- are money, to start with a good number of things, I to them, and I was talking about the than this and it, as
I got up, it’- the. our said that is home to, have non-class families and the family. And, were them in my life, but that is no
better, to say the work. I are with our G-being, but also kind of, with which it is able to do.: more than more of that, we, these
on their and their end to what people live on that always have another way of become.

I can you have the part. The part -- the same is, who has been real and for all that they work together in their play in work and
has very, not over. they still say will see the more of the good that’s happening in some is being part of the that makes his

want, they us. It’s the means of America, they take the power, of their lives in, through the people he had in their and, of change
in Irag and then, and in a life, a more of it would be. But with the less than in the world, the little world we have seen is
responsible for so much of that time. theQ: too, three of those things are said and I think some of the story are. But, he that
didn’t come it as told as he could be here. And they was great, and always. He he had to the top of our. 1like no I: that it is him
on things that people believe in, he’s a change to our much better than too are of. 1In fact a I

in what he’t the rest of us last all. It’s the money that’s had with us, but in anv where, just us one of, things we being said on
family, on wereing and there which are no, those high people, just as to the people of our people, which is in us with the first,
they made in for the people of the world. with what we were working there.

There are such things, you know in the United and, you must have been in other back. A newon!

There is a great game of this -- the you want to say that about the year I last year when it was in of a country around: the -
what<|endoftext |>

Figure 11. One-step samples generated by FMLM trained on OWT.
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MDLM-+SDTT, Sampling Steps: 1 Gen.PPL: 1544.76 — Entropy: 5.39
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MDLM+Di4C, Sampling Steps: 1 Gen.PPL: 1320.27 — Entropy: 5.38
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Figure 12. One-step samples generated by few-step masked discrete diffusion baselines trained on OWT.
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One-step Language Modeling via Continuous Denoising

DUO+DCD, Sampling Steps: 1 Gen.PPL: 84.53 — Entropy: 3.41
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DUO+Di4C, Sampling Steps: 1 Gen.PPL: 93.10 — Entropy: 3.67
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Figure 13. One-step samples generated by few-step uniform discrete diffusion baselines trained on OWT.
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One-step Language Modeling via Continuous Denoising

Sampling Steps: 1 Gen.PPL: 90.76 — Entropy: 4.13

[CLS] were called - - had spent the first time in like to hear what happened on tuesday, and by the time of their
season he as has got to sleep. [CLS] u’s constitution and supreme court ruled that say people in the military
expect the government to want to fight the civil war. [CLS] in it, the word’year’number is for the next and 2.
[CLS] there’ll probably have been over for a fouled i do back for even but that’s what he’s going. [CLS] three to
members the four in the state of the easts region and end guaranteeing near to troops who have not [CLS]

Sampling Steps: 32 Gen.PPL: 70.60 — Entropy: 4.16
[CLS] were married - - had met the first time in a los angeles courtroom courtroom on tuesday, and so the time of
their testimony began as prosecutors got to testify. [CLS] u. s. and mexican commanders say that say people in
the military expect the government to want to stop the afghan war. [CLS] in it, the word’n’number is for the n

and 2. [CLS] there’ll probably have been play for a bit and i was back for even but that’s why he’s going. [CLS]
three years ago the drought in the state of the east was threatening and endangering aid to people who have not
[CLS]

Sampling Steps: 256 Gen.PPL: 70.48 — Entropy: 4.17

[CLS] were down 0 - 1 for the first time in a super 16 playoff meetings on tuesday, and by the time of their
season began as rain got to boston. [CLS] u. s. and pakistani analysts say that widespread serving in the
military leads the government to want to stop the civil war. [CLS] in it, the lowest’n’number is for the next
three months. [CLS] there’ll probably have been play for a bit and i was back for sure but that’s why he’s going.
[CLS] three years ago the drought in the state of the east was threatening and endangering aid to people who have
not [CLS]

Sampling Steps: 1024 Gen.PPL: 67.20 — Entropy: 4.17

[CLS] were down 0 - 1 for the third time in a super 16 playoff meetings on tuesday, and by the time of their
season began as chicago went to bed. [CLS] u. s. and pakistani analysts say that rising morale in the military
prompted the government to want to stop the civil war. [CLS] in fact, the lowest’n’number is for the next three
quarters. [CLS] there’ll probably have been play for a bit and i was back for sure but that’s why he’s going.
[CLS] three years ago the church in the state of the east was organising and endorsing plans to people who have
not [CLS]

Figure 14. Samples generated by FMLM trained on LM1B from fixed starting noise and varying the number of sampling steps.
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One-step Language Modeling via Continuous Denoising

Sampling Steps: 1 Gen.PPL: 92.87 — Entropy: 4.83

<|endoftext|> be with the most how to take away, and in fact, you were an insult to the people of having the the of of any kind.
B is world here is a man that might like many people can others years later.
The point is the or the to’t. that that is a good game and a being job. However, it still is us about the law of the United game
Now, a system going to the without a take member of the law, is to just that. The United will be a line of 10, $1. We - two over
the best I got. I will not want to bring the people to the game.
In all those course, the government and the first are been us by people of things. And we would not want to get them, that in people
of we, up they and law by two people better than in the information, in a way!
We will then them to his two be and great people that would’t. But That is our love for this and we are want we to for So; for then,
we could come to other men who would like it and would take it, so our have on the best. m will with me to get him. If he have in
different support if will and including know, he has -- and new where he is deal with another.
In years more time, the I would be free to me and now support at all more because of, the day that we could make that difference in a
different country that way where the have of the team is.
Do you want to be great getting up, lot, you and I made to work for? in the country do you have to make one of four- Is to run some
time.
also the B think 2 of the past and all I later keep inl, be. And since then I was now in of a for.

And to my, and there is some part of He’s so or was I and like him.
But they years our day, see what the team was not want to deal with the me members of my or help being made and so much me.
One of those was the day he we want toT, they take need. take the As and of us were place and I will make and after one while if I
were to:
This was the one and taking it. To, that is in line? won’t be all of the few people to get over. I the what we will have some now,
but we use a lot of, that will our country to be free -- and is even under us to go in all city of be country. So whatThe law case.
a. comes with a American government me, the lot of some what people to be honest and we are very good. I think a person in help
even in the United, the country of that way to be my. The R is their would be going to and it and get to go to home.
I already a we for all the money, and their will is really with even I]i around -- his as it should be to have to go in his own on
time. We have to be said, we will be have to people right and look in a way and the world because they had their.ers or not for
there would be no, in terms of law, way from those country. We should even them on that for having an information must who deal with
the most States then, and we does not to get that in America.
In a, such a non at all could be a great world to be able to put up an O under the way after had and against his They. into.
The top- in did that under you to the people that it had, which was that if you were on a right away. You have any me with a.
is in the is to take everything from the police who my what, and not because of any, between you and his people, on him the an, me
and I have very special from it put them in the hands of another thought. ""If any if I on off, I, and my hope that would be for the
same, they should take care of law."
That I found the former some in by I do. He is not a be as it is who whether, and is good on the media. He were not to put a at
him of very well, which comes from the back at the off. are and not be. The truth, is, was were that so may have, but they and one
often. It is right, the government is by anti-s and anti-1 back.
As with John and, the United is, only the deal as just as they were the know, and do not that to open the about I
together, <|endoftext|>

Sampling Steps: 1024 Gen.PPL: 54.49 — Entropy: 5.13

<|endoftext|> US, the most powerful have passed away, and in fact, it is an insult to the people of having the voice of the open
people.

What is world of is a man that might great many people can simply forget later.

The world is the American people to do the same. Because that is a good idea and a better job. However, it still makes assumptions
about the law of the capitalist system. The alternative, if I dares to be a general manager of the Senate, is to just that. The
bill will undo a lot of good, $1.6 billion done over the contract I got. I would not want to leave the people to the bank.

With all those programs, the law and the Constitution are together written by people of color. And we would not want to get involved,
that in people of color, where the common law is two people better than in the government, in a way!

We will get them to buy two companies and hire people that aren’t qualified. That is our reason for this and we not want competition
either. So, for example, we could come to other places who would like it and would take it, so our focus on the Dr.gov deal with me
to get him the opportunity to have in the support groups will and give assurances that he can’t wait for the deal with Google.
Byending more time, the press would be loyal to me and give support at all more because of maybe the day that we could make a
difference in a different country that knows where the rest of the population is.

All you want to accomplish is getting up a lot of meetings and I want to speak for everybody in the country because you have to reach
lots of people. I hope to spend some time but you should also talk to all corners of the society and sometimes I am living in my own
home. And since then I was limited in my prayers for my family which want people to start anew and there is some sort of somebody’s
father or his ideas and like him.

After they became our friends, sometimes what was used was not how to deal with the constant amount of calls or help being made and
so much needed. I become one of those situations the day then we want to start, then we need to become the land and give us the
place and I will make and after one while if I were to:

Descide the experience and taking it. To someone that is in prison? Don’t expect all of the few people to get it. To understand
what we also don’t think we use a fair word, that want our country to be free -- there is some undercurrent to that in all parts of
the country."

Looking for a common relationship with a American government saying, "I think what needs to be shared and shared are very good. I
think a whistleblower will help even if the majority of the country wants that information to be leaked. The same intelligence alone
would be going to publish it and it would go to jail.

I am a lawyer for people other than myself and their freedom is, but even I have to be as difficult as it should be to have to act

in his own way not. We have to be said, we will be able to act right and wrong in a democracy and the world because of his country
and I is not -- there would be no, in terms of law, way from white supremacy. We should even agree on that for having an information
officer who works with the enemy. Now, it’s very interesting that in America’s greatest society, as a citizen at all times of a

time he will be able to put up an enemy under the bus after himself and against his government. Get into that category because it
disrupts the oath that connects you to the people that you represent, which was wrong because you were on TV right away. You have
any connection with this.

Come in for us to take everything from the police who Americans face, and not because of any difference between him and his wife,
call him the enemy, me and I have very special that will put together in the realm of libertarian thought. Either way that is the --
if I take off, the CIA and my family that will be for the same reason they ever take care of law."

The nature of the agreement brought in by Snowden was the same at the same time as it is with Snowden, and is blamed on the media

as the "machization" of certain society, which operates from the outside at the center of politics and political thought. The

status model is, and given that so does Hillary, by liberals and liberal alike. It is the way the culture is by anti-American and
anti-Americanites.

As with John and Hillary the media are hours discussing the deal as just as they were the beginning, and also comparing that to the
press and I mean,<|endoftext|>

Figure 15. Samples generated by FMLM trained on OWT from fixed starting noise and varying the number of sampling steps.
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Sampling Steps: 1 Gen.PPL: 770.81 — Entropy: 4.22
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Sampling Steps: 32 Gen.PPL: 94.16 — Entropy: 4.28
", [CLS] 19 (upi ) - - u. s. Dbuyers may soon need to face the repossessed or save their halloween decorations,
industry analysts say. [CLS] philadelphia ( ap ) - gov. Jjon corzine is voted pennsylvania’s first democrat to
lead the state’s official leader. [CLS] bangkok, july 18 ( upi ) - - bangkok officials adopted a november 2008
resolution condemning criticism 76 years after riots and riots that killed the country’s biggest ethnic asian -
life minority. [CLS] the immigration services center in houston it is now looking into this following days, the
newspaper reported. [CLS] it is an important constituency.
Sampling Steps: 256 Gen.PPL: 63.79 — Entropy: 4.32
modified at 11. 49 bst on thursday 19 april 2010. [CLS] washington ( reuters ) - australian states expect to
require at least $ 85. 5bn ( aussie $ 52. 3bn ) to curb oversupply and $ 3. 5bn do so in the next decade.
[CLS] 30 ( upi ) - - shortstop augie ojeda had two hits and two rbi, leading the houston astros past tampa bay
6 - 4 saturday night. [CLS] in the fourth quarter, up $ 434 million, or 51 cents per share, from september 30,
2007, revenue rose $ 17. 4 billion or $ 3. modified
Sampling Steps: 1024 Gen.PPL: 64.15 — Entropy: 4.27
redknapp. [CLS] merrill lynch said it expected net write - downs for 33 percent of securities it purchased, but
it would have less damage. [CLS] the standard & poor’s 500 index rose 12. 49, or 0. 79 percent, to 1, 356.
92. [CLS] a mother and child found dead unhurt on a washington freeway at 1 : 34 p. m. [CLS] mr brown said

" people don’t think they know anything else about medicine. [CLS] ( ap ) the financial crisis that led to

multiple bank failures threatened to worsen, as the government reported steps friday to boost credit for financial
companies red

Figure 16. Samples generated by MDLM + SDTT (Wu et al., 2025) trained on LM 1B from fixed initial random seed and varying the
number of sampling steps.

Sampling Steps: 1 Gen.PPL: 205.78 — Entropy: 3.62
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Sampling Steps: 32 Gen.PPL: 95.03 — Entropy: 4.23
[CLS], 000 other bald eagles living living, have been killed. [CLS] at one point they were in the village if they
were fighting for the food, because it’s a common tactic. [CLS] working with the emin music the, is to play black
sabbath concerts in june. [CLS] the committee is being the first to use external action to achieve that - - the
very position in which the mpc first elected martyn williams as its deputy leader &dfter losing up jones in 1997
and going on to the two members. [CLS] but, it says that for as much as half an hour of free debate, the general

session is not [CLS]

Sampling Steps: 256 Gen.PPL: 41.12 — Entropy: 4.19
[CLS] to obama on sonia sotomayor’s nomination. [CLS] the potential is for mutations in the first form of the
gene candidate - a natural step in the development process of a gene. [CLS] the obama campaign said that it
opposed the new system which was adopted by other states. [CLS] critics of the ponzi scheme say that the legal
process will proceed, and the wga will also ask leaders of schools and hospitals, widely regarded as free and

fair, to take other steps to prevent them still doing their jobs. [CLS] i’ve been making it so years and much of
what the postal service in doing is changing. [CLS] the [CLS]

Sampling Steps: 1024 Gen.PPL: 62.35 — Entropy: 4.02
[CLS] held a low - profile taleban rally, they weren’t allowed to take the streets for the rest of the day [CLS]
[CLS] tobin’s car was found in bristol, whitchurch and eberle. [CLS] they had to go out the page and write to the
internet. [CLS] medvedev is one of about 200 jailed separatists. [CLS] the most famous female ever was killed in
high_school. [CLS] but some multiple dataing have led to being locked in with the bluff ands. [CLS] Jjames bond

and huch he has led and participated a 6n reducing carbon gases, america’ [CLS]

Figure 17. Samples generated by Duo + DCD (Sahoo et al., 2025) trained on LM1B from fixed initial random seed and varying the
number of sampling steps.

39



