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ABSTRACT

Discrete diffusion language models (DLMs) generate text by iteratively denoising
masked sequences, and their training objective generalizes autoregressive model-
ing beyond a predetermined generation order. Like other large language models,
however, DLMs are trained as monolithic models, whose data-parallel scaling
across GPU nodes is limited by cross-node synchronization and by diminishing
returns from larger batches. We propose Decentralized Diffusion Language Models
(D-DLM), which partition the training corpus into disjoint clusters, train one expert
DLM per cluster without cross-expert synchronization, and train a router to predict
the cluster membership of a noisy sequence. We prove that the probability velocity
of the DLM reverse process decomposes into a mixture of cluster-conditional ve-
locities weighted by the cluster posterior, and that the clean-token posterior admits
the same decomposition. Hence, in the realizable limit, D-DLM recovers the same
reverse process as centralized DLM sampling, and under masked diffusion, sam-
pling reduces to a router-weighted ensemble of expert predictions. In pre-training
at up to 1.2B parameters, D-DLM improves the average downstream accuracy
over monolithic training at every scale while driving cross-node traffic to zero, and
it improves training throughput by up to 24% when training is bottlenecked by
cross-node communication.

1 INTRODUCTION

Discrete diffusion language models (DLMs) generate text by iteratively denoising a masked se-
quence (Austin et al.| 2021} [Lou et al., [2023}; [Shi et al., [2024a; [Sahoo et al.,|2024). They achieve
quality comparable to autoregressive (AR) models of similar scale (Nie et al.,[2025; Yu et al., 2026)
and enable efficient parallel decoding, both as standalone models (Arriola et al.| |2025; [Bie et al.,
2026} |Chen et al., 2026b) and as drafters for AR models (Chen et al.| [2026a). Moreover, masked
diffusion generalizes AR modeling: its objective averages the negative log-likelihood of an any-order
AR model over all generation orders (Hoogeboom et al., [2022; |Ou et al., 2024; | Xue et al.| 2026).

Like other large language models, DLMs are trained as monolithic models. Communication-intensive
model parallelism, such as tensor and often expert parallelism, is typically confined to a single
node, where GPUs are connected by the highest-bandwidth links (e.g., NVLink) (Narayanan et al.|
2021). Once intra-node parallelism is saturated, additional nodes primarily increase the degree of
data parallelism, which requires gradient synchronization across all nodes at every step. This form of
scaling is limited in two respects. First, synchronization over the lower-bandwidth inter-node network
accounts for an increasing fraction of each training step as the node count grows (Figure [Ta)). Second,
a higher degree of data parallelism mainly enlarges the global batch, and beyond a critical batch
size, each further doubling of the batch yields a diminishing loss reduction (McCandlish et al., 2018}
Von Riitte et al., [2026) (Figure[Ib). Synchronous training further requires tightly coupled clusters and
is vulnerable to stragglers and hardware failures. This raises a simple question: can we train DLMs
without placing all model replicas in a single tightly synchronized run?

Low-communication methods synchronize less often, but their learners remain coupled through shared
parameters (Douillard et al., 2026). Expert-based methods remove synchronization altogether by
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(a) Communication share vs. number of nodes. (b) Training loss vs. batch size.

Figure 1: (a) Per-rank fraction of step wall-time spent in NCCL collectives (allreduce for DDP,
allgather/reduce-scatter for FSDP) during steady-state pre-training of four LLaDA model sizes,
measured with torch.profiler over a 80-step window after warmup. Solid lines use DDP and
the dashed line FSDP. As training scales out, cross-node IB hops stack on top of the intra-node
NVLink ring, so the communication share grows with the number of nodes for every model. (b)
Training loss of LLaDA 250M and 700M after the same number of optimizer steps, as the batch
size grows from 0.13M to 16.8M tokens per update. The labeled values are the loss reductions from
doubling the batch of LLaDA-250M, which shrink from 0.64 at the smallest batch to 0.08 at the
largest. Beyond 2.1M tokens/update (shaded), each doubling reduces the loss by less than 0.2 nats
for both models, whereas a larger batch requires more nodes and hence more communication.

training experts on separate data clusters or domains (Li et al.| 2022} |Gururangan et al., 2023} |Shi et al.
2025)). McAllister et al.| (2025) show that the velocity field of continuous diffusion decomposes across
clusters, allowing isolated experts to be combined by a router. This suggests that diffusion models
naturally support communication-free training (Jiang et al., 2025} |2026). However, this property has
been verified only on continuous data such as images, leaving its applicability to DLMs unclear.

We propose Decentralized Diffusion Language Models (D-DLM), which partition the training corpus
into disjoint clusters, train one expert DLM per cluster without cross-expert synchronization, and train
a router to predict the cluster membership of a noisy sequence. Our theoretical result establishes
that this recipe is principled. We prove that the probability velocity governing the reverse process of a
DLM decomposes into a mixture of cluster-conditional velocities, weighted by the cluster posterior,
i.e., the probability that the noisy sequence originates from each cluster (Proposition [3.1)). Since
the velocity is affine in the clean-token posterior, i.e., the distribution of clean tokens given a noisy
sequence, the clean-token posterior admits the same decomposition into cluster-conditional posteriors.
The experts learn these cluster-conditional posteriors and the router learns the cluster posterior. In
the realizable full-mixture limit, D-DLM recovers the same reverse process as centralized DLM
sampling. Under masked diffusion, both posteriors are time-independent, and sampling reduces to a
router-weighted ensemble of expert predictions that is compatible with standard DLM samplers.

We evaluate D-DLM in pre-training at up to 1.2B parameters. With no cross-node communication,
D-DLM outperforms monolithic training at every scale, lowering the perplexity upper bound and
raising the average downstream accuracy by up to 1.65 points. When training is bottlenecked by
cross-node communication, it also improves training throughput by up to 24% and achieves a higher
average downstream accuracy within the same training time. Our contributions are:

* We show that the discrete diffusion reverse process admits an exact decentralized form,
weighted by a cluster posterior that is time-independent under masked diffusion.

* Based on the decentralized form, we propose D-DLM, a decentralized training and inference
framework for masked DLMs that trains experts without synchronization and combines them
through a router-weighted ensemble, removing cross-node communication while matching
or improving monolithic pre-training at up to 1.2B parameters.

* We find k-means an effective data partitioning strategy, whose clusters yield lower expert
loss and a learnable router, unlike random partitions. We build a scalable text embedding
and hierarchical k-means pipeline to partition pre-training corpora.
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2 PRELIMINARIES

Notations. We denote the set of one-hot embeddings for K categories by £X = {&1,--- ,dx},
where §; is the j-th canonical basis vector. We define the K-simplex as A% = {m €
[0, 1] Eﬁil m; = 1}. Given m € AK | let Cat(-|m) denote the categorical distribution over £X,
where the probability of the j-th class is given by 7r;. We further denote supp(Cat(-|7r)) (or supp(7)
for shorthand) as the support of distribution Cat(:|), i.e., supp(w) = {6 € £X| Cat(d|m) # 0}.
In particular, Cat(~|6j) denotes the delta distribution concentrated on the j-th class. In this work,
we focus on language modeling. Suppose the vocabulary size is K and the sequence length is V.
A sequence of tokens can be represented as X € ENVXE where X' € £X denotes the i-th token.
We assume that the [mask] token is included in the vocabulary, and use m € £ K to denote the
corresponding one-hot vector concentrated on [mask].

Discrete Flow Models. Generative diffusion models (Sohl-Dickstein et al., 2015; Song & Ermon,
2019;|Song et al.,2020;2021) and flow models (Lipman et al.,|2022; Liu et al.,2022) enable sampling
from the target distribution by constructing a probability path between a known initial distribution
and the unknown target data distribution. In the discrete-variable setting (Austin et al., 2021} |Sun
et al., 2022; Lou et al., [2023; [Sahoo et al., 2024; |Campbell et al.| [2024; |Gat et al., |2024), such
distribution paths can be constructed by defining a forward process that interpolates between a clean
data distribution py and a samplable initial distribution p; = Cat(-|7) with m € AX. Given two
independent samples x( ~ pgy and & ~ p1, a time-varying latent variable & (¢) can be generated by
the following conditional distribution [}

pe(x(t)|xo, 1) = Cat (x(t)|cwxo + (1 — ) 1), e))

where i € [0, 1] is a strictly decreasing function of ¢ € [0, 1] such that oy — 1ast — Oand oy — 0
as t — 1. Simulating x(t) from xg is straightforward: with probability oy, x(t) = x( remains
unchanged; with probability 1 — a4, (¢) transitions to a random state x; sampled from 7. This
constructed dynamics in distribution space corresponds to a reverse-time sample-space process that
transports probability mass from p; to pg:

x(t — At) ~ Cat(-|x(t) + At - w(x(t))), 2)

where At is an infinitesimal time interval and vector field u; : EX — R¥ is referred to as the discrete
velocity field, satisfying Zjil u(2); = 0and ws(z); > 0 for §; # z. The velocity field u; serves
as the core component of the discrete flow model, characterizing the transition probability from time
t to time t — Atf. As shown by|Gat et al|(2024), the probability velocity field can be expressed as:

/!

[z = poe(-2)] 3)

u(z) = o
where a; denotes the time derivative day/dt, and pop(-|2) € AKX represents the conditional prob-
ability of xo given x(¢f) = =z, induced from the path constructor p;(z|xo,x1). This analytic
formulation yields a natural parameterization and training objective for discrete flow models by
maximizing the log-likelihood of the posterior pg|; parameterized by time-dependent neural networks
fo(z,t) : EX x[0,1] — AK:

L= _Et,mo~po,m1~p1,w(t)Npt(-Imo,ml)[W(t> log (fg(ac(t), t), :L'o)], )

where t ~ U[0, 1] is typically sampled from a uniform distribution, and w(t) is a time-dependent
function reweighting the log-likelihood over time.

Diffusion Language Models. Language sequences are naturally discrete data, making discrete flow
and diffusion models a compelling foundation for generative language modeling (Shi et al.| 2024a;
Arriola et al., 2025} Nie et al., [2025; [Bie et al.| 2026} |Ye et al.,[2025). Two specializations are required
to instantiate the general discrete flow model in this setting. First, we augment the vocabulary with

"Note that we will follow the mathematical formulation of continuous-time discrete flow models in |Gat
et al.[(2024) to introduce discrete flow models and derive our results to give a clearer picture of the theoretical
foundation. The discrete-time diffusion models (Austin et al., [2021; |[Lou et al.} 2023} Sahoo et al.l[2024) share
the same core components and therefore do not affect our results.
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a [mask] token and define the source distribution p; as an i.i.d. delta distribution concentrated
on [mask] at each token position: p;(X) = vazl Cat(X?lm). Second, we define the path
constructor token-wise, randomly replacing each token with the [mask] token independently. Given
Xy ~ po and the one-hot embedding for the mask token m, the conditional path distribution is
formulated as:

pe(X (1) Xo) = H Cat (X (t)"|w X + (1 — a)m) . Q)
According to|Gat et al.|(2024), Equatlonﬁ]lnduces a token-wise velocity field
. O[/ . .
Z) = ——[Z"—po(-|12)"] .
Ut( ) 1—oy [ P0|t(| )]

This leads to a BERT-like training objective £ = — vazl Et,x,,x (1) 10g (fo(X (t), 1), X§), where
the model learns to predict the clean token X at each position ¢ from the masked sequence X (t)
And sampling can then be performed element-wise via X (t—At)* ~ Cat(-| X (£)"+At-u (X (t))").

3 OUR APPROACH

In this section, we first show that the discrete velocity field defined above can be decomposed into
disjoint domains. This decomposition enables the velocity field to be learned independently on each
subdomain while allowing joint inference by aggregating the velocity estimates computed across
domains. We then show how this theoretical insight can be incorporated into fully distributed training
for diffusion language models.

3.1 DECOMPOSING DISCRETE VELOCITY FIELD

Consider dividing the target domain into C clusters through a conditional distribution p(y|xo ), where
y € [C] denotes the cluster label associated with the data point €y ~ pg. Our key observation is
summarized in the following proposition:

Proposition 3.1. The following equation holds:
C
z) = Zpt(y = l|2)u’ (2), ©)

where ut : K — RE s called the velocity sub-field as it represents the velocity field estimated on

the distribution po(xoly = 1) of data cluster l: ug )(z) =% [z = poje(-|z,y = 1)].

1—aq

A detailed derivation is provided in Appendix Notably, the term po\t(' |z, y = 1) inside the brackets
corresponds to p|; defined on each subdomain given by po(zo|y = 1). Consequently, the full velocity
field can be expressed as a weighted average of the velocity fields estimated on these subdomains.

Training. Equation [6]indicates that fitting the full velocity field u; can be decomposed into training

each velocity sub-field ugl) independently on its data cluster, and training another classifier to

approximate p;(y = l|z). Suppose we have a training dataset po(x,y), we parameterize each u( )

with u(l)( )= o [z - f(gl)(z, t)} where f(l) x [0,1] — A is a neural network modeling

1—ay

poj¢(-|z,y = 1). We refer to fél) as an expert network, since it models the probability velocity on a
subdomain of data. The training objective is to maximize the log-likelihood on each expert separately:

l l
Ef(a:Zpert Etvzo’vpo("y:l)@lNPl7m(t)~pt('\m07m1) |: ( )10g< ()(w(t),t),$0>i| 9 VZ € [CL (7)

where w(t) is a time-dependent weighting coefficient. Note that each ,chpeTt depends on a completely
disjoint set of parameters, thus, can be minimized in parallel. In the meantime, we adopt another
neural network g4(2,t) : EX x [0,1] — A to learn the data partition. We call g4(z,t) the router
network, as it assigns the importance score for each expert. Similarly, it can be trained with a standard
maximum likelihood objective:

‘c'r'outer = _Et,(mo7y)~p0@1~p17m(t)~pt(~|mo,m1) [IOg <g¢ (.’B(t), t)a 5y>] ()
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Inference. Once experts fél) (x(t),t) and router g,(x(t), ) are obtained, the full velocity field
can be recovered via Equation[6] Specifically, at inference time, we feed the current latent variable
x(t) into each expert in parallel, while obtaining the assignment scores from g4 (x(¢), t). We then
aggregate the output of every expert using these scores to obtain u;, which is then used to sample
x(t — At) following Equation 2} Due to the highly clustered structure of the data, inference can be
further accelerated by activating only the top-k experts selected by the router. In practice, samplers
such as those of MDLM (Sahoo et al.| 2024) and LLaDA (Nie et al., [2025) decode directly from an
approximator of py|; instead of the velocity field. They also apply to our decentralized form, since u;
is affine in po|; (Equation 3).

3.2 DECENTRALIZED DIFFUSION LANGUAGE MODELS

We extend this probability velocity field decomposition to decentralized diffusion language model
training, resulting in our proposed D-DLM framework.

Expert DLM Training. We instantiate our expert models using masked diffusion language models
(MDLMs) (Shi et al.| 20244 Sahoo et al.,[2024)). As described in Section@], the initial distribution
p1 is a point mass at [m,--- ,m], where m denotes the one-hot embedding for the [mask]
token. The forward process randomly masks the tokens in the sequence, while the reverse process
reconstructs the original tokens from the masked sequence. For each data subset, the expert network
is implemented as a sequence-to-sequence unmasking predictor: fe(l) s ENXE _y ANXE We adopt
SUBS parameterization (Sahoo et al.,2024), under which the predictor enforces zero probability to the
[mask] token, and an unmasked token is not transitioned back to [mask]. Moreover, when p; is a
delta distribution on the fully masked sequence, the mask predictor becomes time-independent (Gat;
et al., 2024; [Zheng et al., [2024)), allowing us to omit variable ¢ and re-formulate it as fe(l) (X (t))

to estimate po(-| X (t),y = ). We also adopt the MDLM weighting scheme w(t) = ——

j—— in the
training objective, which boils down to optimizing the NELBO (Sahoo et al., 2024).

Router Design. Given a noisy sequence containing [mask] tokens from an intermediate denoising
step, the router is trained to predict the association probabilities between the noisy sequence and
the data clusters. These probabilities are then used as weighting coefficients to aggregate the expert
outputs. Consequently, we formulate the router as a sequence model. We use the same backbone
architecture as experts and add a routing head, implemented as a linear-layer classifier, to predict
logits over all clusters. Specifically, we append a special register token (Dosovitskiy et al., [2020;
Darcet et al.| 2023) to the noisy sequence and map its hidden state in the final layer to the cluster
logits. The router also needs no time conditioning, owing to the following property:

Proposition 3.2 (Informal). Under masked diffusion, the cluster posterior pi(y|Z) of a noisy
sequence Z is independent of t.

We give the formal statement and its proof in Appendix [C] Accordingly, we write the router as
9o(X (t)). It is worth noting that there is no router-expert communication during training according
to our decentralized form (Equation [6).

Data Clustering. The formulation in Section [3.1] does not impose specific constraints on the
construction of disjoint data clusters. In principle, this allows for any partitioning strategy, including
random partitioning. In practice, however, the empirical optimality gaps of subset-specific experts can
introduce a performance discrepancy between decentralized and canonical monolithic training. This
concern arises from two competing effects of restricting each expert to a subset of the corpus. On the
one hand, a more focused data subset may reduce learning complexity and data redundancy, thereby
facilitating expert optimization. On the other hand, reducing the amount of training data available to
each expert may also limit data diversity, which is particularly crucial for language model training.
Following the data clustering strategy in McAllister et al.[(2025), we use hierarchical k-means to
partition the training corpus. Our ablation study in Section 4.3|shows that k-means clustering is a key
to achieving performance comparable to or better than canonical monolithic training baselines, in
contrast to random partitioning of the training corpus.
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Decentralized Sampling. We follow the reverse sampling and decoding process of LLaDA with a
low-confidence remasking strategy (Nie et al., [ 2025)), which has been commonly used and adapted
for improved text generation quality (Wu et al.| [2025; Bie et al.l 2025; [Ye et al.| [2025). Under
the MDLM parameterization, combining decentralized experts with the router yields an ensemble
form for the final decoding distribution, i.e., po(-| X (¢)) = Zlczl 9o (X () f(gl)(X(t)), following
Equation[6] Here the router weights g, (X (t)) are nearly uniform when all tokens are masked and
become confident as tokens are unmasked: the router entropy drops sharply within the first 5% of
unmasked tokens (Appendix [G). Evaluating this ensemble form requires querying all expert and
router predictors. Since the expert and router evaluations are independent, they can be deployed on
separate devices and executed in parallel, reducing the inference-time overhead introduced by expert
ensembling. With the router and each expert on its own GPU, a D-DLM forward pass takes nearly
the same latency as the monolithic model on a single GPU (Figure [2).

4 EXPERIMENTS

We mainly evaluate D-DLM in pre-training. In addition, we evaluate D-DLM in supervised fine-
tuning in Appendix [J] More results and details are in the appendix.

4.1 IMPLEMENTATION DETAILS

Expert and router models. Our expert model training follows the training recipe of MDLM (Sahoo
et al.| |2024), with the parameterization and architecture instantiated from LLaDA configurations
(Nie et al.l 2025)). Our router uses the same model parameterization and backbone architecture,
augmented with a routing head that predicts logits over data clusters from the hidden state of the
<|expert_cls|> token in the last Transformer block. We also design a router model for Block
Diffusion (Arriola et al.l |2025)), which supports flexible-length decoding and improves inference
efficiency through KV caching. See Appendix [E] for the details of the Block Diffusion router design.
Our implementation builds on the recent dLLM codebase (Zhou et al., 2026).

Data partitioning. To partition the training corpus for decentralized training, we develop a text
embedding and clustering pipeline. We use an open-weight LLM as the text encoder and obtain
document-level embeddings by pooling the final hidden states of each document’s last token. The
resulting embeddings are then clustered using k-means. To scale this procedure to large text corpora,
we design a hierarchical k-means framework for both training and assignment. Since embedding
and clustering large-scale text datasets require careful system-level design for throughput and I/O
efficiency, Appendix [D]provides additional details on the modular design of our pipeline.

4.2 PRE-TRAINING EVALUATION

We evaluate D-DLM in two controlled pre-training settings, each reproducing at our scale a regime
that limits large-scale pre-training: 1) training under the data-parallel bound, where enlarging the
global batch yields diminishing returns (Section #.2.1)), and 2) training under the communication
bound, where cross-node synchronization limits training throughput (Sectiond.2.2)). All models, from
250M to 1.2B parametersﬁ use the Transformer architecture and tokenizer adopted by LLaDA (Nie
et al.,|2025) and are pre-trained on FineWeb-Edu (Penedo et al., [2024). For decentralized training,
we partition the corpus into C' = 4 clusters with our text clustering pipeline and train one expert on
each cluster. Appendix [D.2] presents detailed configurations and evaluation of our data clustering.

4.2.1 TRAINING UNDER DATA-PARALLEL BOUND

In pre-training, communication-intensive parallelism such as expert and tensor parallelism is typically
kept within a GPU node to exploit its fast interconnect (Narayanan et al.,|2021). Once a model fits
within a node, scaling out to more nodes therefore mainly increases the degree of data parallelism and
thus the global batch. Beyond a large global batch, however, further enlarging it yields diminishing
returns (Figure [Tb), which bounds the benefit of scaling out. We refer to this as the data-parallel

’These parameter counts include only the Transformer backbone and exclude the embedding layers.
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Table 1: Pre-training under the data-parallel bound. All methods are trained on four 8 x H100 nodes
with a saturated per-node batch for 2,500 training steps. Cross-node communication is the gradient
traffic between the four LM training nodes, measured at their RDMA ports. Communication share is
the average fraction of wall-time per forward—backward pass spent on communication. The best and
second-best results for each model size are bolded and underlined, respectively.

Method WikiText-2 LAMB. | Arc-C Arc-E Hella. OBQA TQA Avg. | Cross-node Comm.

ppl 4 ppll | accnt acct acc_n? accnt me2T acct comm. | share |
250M / FineWeb-Edu 8OB
Monolithic (DDP) <54.25 <100.14 21.3 404 28.5 25.8 46.7 325 30.2TB 33.2%
DiLoCo <48.39 <92.04 21.6 43.4 29.8 24.8 45.5 33.0 0.62TB 27.0%
D-DLM <51.12 <95.93 21.8 42.1 29.7 27.4 46.8 33.6 0TB 19.5%
700M / FineWeb-Edu 80B
Monolithic (DDP) <3884 <7715 224 47.0 33.0 27.0 443 347 69.7TB 30.6%
DiLoCo <34.81 <69.57 23.6 49.1 339 26.8 441 355 1.38TB 25.4%
D-DLM <36.74 <7547 24.2 51.6 33.8 27.6 44.7 364 0TB 223%
1.2B / FineWeb-Edu 8OB
Monolithic (DDP) < 33.72 <69.47 23.6 50.2 347 28.0 448 36.2 129.1TB 23.2%
DiLoCo <3250 < 65.68 24.7 52.7 35.2 29.2 439  37.1 4.86 TB 22.1%
D-DLM <30.57 <64.95 24.3 54.8 36.5 27.0 451 375 0TB 20.1%

bound, and test whether decentralized training can improve performance beyond it under a fixed
budget of training tokens.

Experimental setup. To emulate large-scale pre-training, we saturate each node with a large batch.
We train 250M, 700M, and 1.2B models on FineWeb-Edu 80B for 2,500 steps with a sequence length
of 1024, using four 8 x H100 nodes and gradient accumulation to a per-node batch of 8,192 sequences
for 250M and 700M models, 16,384 for 1.2B. The monolithic baseline runs DDP across all four
nodes. We also compare DiL.oCo (Douillard et al., 2023) as a strong baseline, which runs one worker
per node, synchronizes them every H steps, and applies their averaged outer gradient with an outer
learning rate 7. We use H = 50 and n = 0.7 for 250M and 700M DiLoCo models, and H = 25 and
n = 0.2 for 1.2B DiLoCo modeﬂ D-DLM trains one expert per node on one data cluster, and the
router on a separate node. Following prior work (Gu & Daol [2023};[Yang et al., 2023; Nie et al.| [2025}
Zheng et al.| 2026), we report perplexity upper bound on WikiText-2 and LAMBADA (LAMB.),
computed from the diffusion ELBO (Sahoo et al., 2024), and zero-shot accuracy on ARC-Challenge
(Arc-C), ARC-Easy (Arc-E), HellaSwag (Hella.), OpenBookQA (OBQA), and Truthful QA (TQA).

Results. As shown in Table[I] D-DLM improves both the perplexity upper bound and the average
downstream score over the monolithic baseline at all three scales, without any cross-node com-
munication, whereas the monolithic baseline exchanges 30 to 129 TB across nodes. DiL.oCo is
also competitive, and D-DLM performs comparably to it while achieving the best average down-
stream score at every scale and the lowest perplexity upper bound at 1.2B. Moreover, DiL.oCo still
synchronizes across nodes every H steps and exchanges 0.62 to 4.86 TB, whereas D-DLM drives
cross-node traffic to zero and has the lowest communication share (see details in Appendix [H) at
every scale, reducing it by 13—41% relative to the monolithic baseline and by 9-28% relative to
DiLoCo. We also separately measure the communication share on 16 nodes to show its trend in
practical scaled-out training. As shown in Figure 2a] scaling the number of training nodes by 4 x
raises the communication share of every method, and D-DLM still has the lowest, reducing it by
18-29% relative to the monolithic baseline and by 13—18% relative to DiLoCo. D-DLM also has the
lowest net overhead, the share of wall-time spent on communication not overlapped with computation,
reducing it by 34—40% relative to the monolithic baseline and by 25-34% relative to DiL.oCo.

4.2.2 TRAINING UNDER THE COMMUNICATION BOUND

Cross-node communication becomes a major training cost for larger models (Figure [Ta), but our
resources restrict pre-training to relatively small models rather than 100B+ parameter ones. We test
whether decentralized training can improve training throughput under a fixed budget of 24 hours.

Experimental setup. To emulate communication-bound training at small scale, we use a less
regular cluster of eight GH200 nodes, each with a single GPU, where cross-node communication is

3With a large 7 (e.g., 0.7), DiLoCo training diverges for 1.2B models.
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Table 2: Pre-training under the communication bound (Section [4.2.2). Both methods are trained on
eight single-GPU GH200 nodes with a matched budget of 24 hours.

Model WikiText-2 ArXiv LM1B LAMB. Arc-C  Arc-E Hella. SciQ OBQA Avg.
ppl | ppl | ppl | ppll | acccnT acctT acc_nT acctT acc_nt acc?
250M / FineWeb-Edu 20B / 24-hour training budget
Monolithic <85.25 <59.60 <216.70 <123.50 23.1 36.5 277 576 25.0 340
D-DLM <8214 <5861 <211.64 <11498 22.6 38.2 279 593 26.6 349
700M / FineWeb-Edu 80B / 24-hour training budget
Monolithic <68.21 <56.82 <17090 <104.89 22.6 36.2 272 574 248  33.6
D-DLM <68.92 <54.66 <177.49 <106.61 23.0 38.2 293 572 27.0 349
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Figure 2: Training and inference efficiency of D-DLM versus the baselines. (a) Communication
share under the data-parallel bound (Section @ on 16 nodes (8 xH100 per node), with the net
overhead as the darker part of each bar. (b) Training throughput under the communication bound
(Section[@l) on eight single-GPU GH200 nodes. (c) Inference latency of parallel serving, measured
as the latency of one forward pass on 8 sequences of 1,024 tokens on H100 GPUs; the monolithic
model runs on one GPU, while D-DLM runs the router and the four experts in parallel on five GPUs.

not well-optimized for large-scale LLM pre-training, so that synchronization is relatively costly even
for 250M and 700M models. The monolithic model is trained with DDP across all eight nodes, while
D-DLM trains four experts on independent 2-node groups and a lightweight router separately. The
250M and 700M models are trained on 20B- and 80B-token subsets of FineWeb-Edu, respectively,
following prior work (Shi et al., 2024a; [Yang et al.,|2024; [Zheng et al.,|2025)), with a sequence length
of 2048 and a per-GPU batch size of 64, so the monolithic baseline has a 4x larger global batch
than each expert. We use the same evaluation protocol as in Section4.2.T|and report perplexity on
WikiText-2, ArXiv, LM1B, and LAMBADA (LAMB.), and zero-shot accuracy on ARC-Challenge
(Arc-C), ARC-Easy (Arc-E), HellaSwag (Hella.), SciQ, and OpenBookQA (OBQA).

Results. As shown in Figure|[2bl D-DLM improves training throughput by 24% and 21% in tokens
per second (24% and 20% in TFLOPS) at the two scales. With the same training time, it also
outperforms the monolithic baseline on 4 out of 5 downstream tasks at both scales, improving the
average score from 34.0 to 34.9 at 250M and from 33.6 to 34.9 at 700M (Table[2).

4.3 ABLATION STUDY

Random partitioning vs. k-means. The decomposition in Section [3.1]holds for any data partition,
but the partition determines how well the experts and the router can be trained. To isolate this effect,
we train each expert with the same batch size and number of training steps as the monolithic model:
the monolithic model and each of the four experts are trained on a single 8 x H100 node for 100K
steps, with the configuration of Section[d.2.2] Figure[3|shows the 250M training curves. With k-means
clustering, the experts are better optimized than the monolithic model: two of the four experts reach
noticeably lower training loss on their clusters than the monolithic model on the full corpus, one
is slightly lower, and one is comparable (Figure [3a). With random partitioning, the experts instead
converge to higher losses than the monolithic model, since each random subset reduces the amount
of data without reducing its complexity (Figure[3b). K-means clusters also make the router learnable,
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Table 3: D-DLM with k-means experts versus the monolithic model. Each expert and the monolithic
model are trained with the same batch size for 100K steps on a single 8 xH100 node.

Model WikiText-2 ArXiv LM1B LAMB. Arc-C  Arc-E Hella. SciQ OBQA
ppll ppl | ppll ppld | acc.cnT acctT acc_n?T acctT acc_nt
250M / FineWeb-Edu 20B / 100K training steps
Monolithic <50.29 <36.17 <143.27 < 86.56 23.0 42.0 299 734 26.0
D-DLM <44.34 <31.59 <126.54 <79.00 23.9 46.6 314 753 R
700M / FineWeb-Edu 80B / 100K training steps
Monolithic <3587 <26.66 <99.76 <68.13 23.2 48.6 35.1 825 28.2
D-DLM <30.39 <24.36 <85.62 <62.59 27.3 524 38.0 82.0 28.6
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(a) Expert curves (k-means) (b) Expert curves (random) (c) Router curves

Figure 3: Visualization of training curves for the 250M experts, router, and monolithic model under
both k-means clustering and random partitioning. All models are trained with the same batch size for
100K steps. The close-up views in (a) and (b) highlight the differences in training loss between the
experts and the monolithic model near the end of training.

whereas its loss stays at the level of random chance under random partitioning (Figure 3c). These
results identify k-means partitioning as a key component of effective D-DLM training.

The next question is whether aggregating the better-optimized k-means experts through the router
weights outperforms the monolithic model, that is, whether the per-cluster gains of the experts boost
rather than conflict with each other. As shown in Table[3] D-DLM achieves lower perplexity on all
four evaluation corpora at both scales, and improves the average downstream score from 38.9 to 40.9
at 250M and from 43.5 to 45.7 at 700M. This shows that the router combines the experts without
cancelling their gains, so that the better optimization of each expert on its own cluster carries over
to the aggregated model. In addition, we report per-cluster perplexity in Appendix [[Jand ablate the
embedding model for clustering in Appendix[D.3]

Impacts of router schemes. The D-DLM sampling combines predictions from all experts using
the router outputs as weights, requiring the router and all experts to be queried at each sampling
step. This full-expert evaluation can introduce inference-time overhead in practical applications.
To reduce this cost, we consider two alternative routing schemes: Top-k routing and Monte Carlo
expert selection. Top-k routing selects the k£ experts with the highest router-predicted probabilities,
while Monte Carlo routing (MC-k) samples k experts according to the router-predicted distribution.
Appendix [F] details how each scheme combines the expert predictions. Another strategy for reducing
inference cost is to use a smaller router. Figure d]compares the performance and inference cost of
different routing schemes and router sizes. The 250M expert models pre-trained for 100K steps
are used in this study. Full routing achieves the best evaluation PPL, but incurs more than 4x
inference FLOPs. Top-1 routing reduces FLOPs by approximately 60%, at the cost of degraded
model performance. We also find that replacing the router with a smaller 7SM model leads to only
a minor performance drop while reducing inference cost. When Top-1 routing is combined with
the 75M router, decentralized sampling still achieves competitive performance, outperforming the
monolithic baseline with a comparable level of FLOPs.
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Figure 4: Ablation study of different routing schemes, including full (weighted combination of all
experts’ predictions), Top-k, Monte Carlo (MC-k, with sample size k), and average (simply average
predictions of all experts). We test these schemes using 75M and 250M routers for 250M experts.

5 CONCLUSION

We introduce Decentralized Diffusion Language Models (D-DLM), a framework that trains expert
DLM:s independently on disjoint data clusters and combines their predictions with a router at inference
time. D-DLM builds on a decentralized form of discrete diffusion: the clean-token posterior, and
hence the probability velocity, decomposes into a mixture of cluster-conditional posteriors weighted
by the cluster posterior of the noisy sequence. Each expert therefore only needs to model its own
cluster, and the router only needs to infer which cluster a noisy sequence belongs to. Although this
decomposition holds for any data partition, the partition determines how well the experts and the
router can be learned. We find that text k-means clustering, unlike random partitioning, allows each
expert to be better optimized on its own cluster and makes the cluster membership learnable by
the router. In our experiments, D-DLM achieves competitive or improved performance compared
with monolithic baselines on multiple evaluation tasks while reducing the communication burden of
multi-node optimization.
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A  RELATED WORK

Diffusion models for language modeling. D3PM (Austin et al., [2021) established a general
CTMC-based formulation of discrete diffusion models, covering corruption processes such as mask
absorbing (masked diffusion) and uniform token replacement (uniform-state diffusion). Subsequent
work, including MD4 (Shi et al.,[2024a)) and MDLM (Sahoo et al.,[2024), improved masked diffusion
through refined parameterizations and noise schedules, while LLaDA (Nie et al.| 2025} Bie et al.,
2026)) scaled masked diffusion language models and achieved autoregressive-like performance.
Recent hybrid approaches further combine masked diffusion with autoregressive modeling, such as
block diffusion with block-causal attention (Arriola et al.,|2025), whose autoregressive—diffusion
hybrid structure also appears in interleaved multimodal generation (Zhou et al.,[2025; Deng et al.,
2025} Zhang et al., 2026a; |Tang et al., 2026)), and I-DLM, which moves diffusion language modeling
toward causal autoregressive generation through causal attention and introspective verification (Yu
et al., [2026). Unlike these methods, which typically couple training-time attention-mask design with
specialized inference procedures, our method is agnostic to the corruption process and attention
pattern. Instead, it provides a scalable training infrastructure for a broad class of discrete diffusion
language models, including both masked and uniform-state diffusion.

Data clustering for large-scale model training. Semantic clustering has been used to organize
large-scale pre-training data across vision and language modeling: Decentralized Diffusion Mod-
els (McAllister et al., [2025) and subsequent extensions (Jiang et al.| 2025} |2026) partition image
data into clusters for independent diffusion experts, while Balanced Data Sampling (Shao et al.|
2024) and Nemotron-CLIMB (Diao et al., 2025)) use text clusters to rebalance or search training-data
mixtures for a single language model, and |Shi et al.| (2024b) groups related documents into the same
pre-training context. Unlike these single-model methods, and similar to Gururangan et al.| (2023)),
which trains one autoregressive expert per k-means cluster, we use clusters to partition training data
across independently trained experts, reusing the cluster id as router supervision; partitioning is done
with Flash-KMeans (Yang et al., 2026), a fast exact GPU k-means.

Decentralized training. Large-scale language model training combines data parallelism with
model parallelism (Shoeybi et al.| [2019; [Narayanan et al., 2021)), which synchronizes devices at
every step, so stragglers, failures, and limited bandwidth stall the global step (Douillard et al., 2026).
Low-communication methods such as DiLoCo (Douillard et al.|[2023)), Decoupled DiLLoCo (Douillard
et al.,[2026), and HALoS (Kim et al., [2025) synchronize less often, but their learners still exchange
parameters to train a single model. Full gradient isolation removes this coupling; previously ex-
plored for image diffusion (McAllister et al.| [2025} Jiang et al., [2025; 2026), we establish it for
diffusion language models, where experts and the associated routers are trained with no cross-model
communication.

Multi-capability mastery via expert routing. Multi-capability mastery in a single model is
constrained by catastrophic forgetting (Kirkpatrick et al., 2017; [Mukhoti et al.| |2023; [Luo et al.|
2025)), manifesting in industrial LLMs as the “see-saw effect” documented by the MiMo-V2-Flash
technical report (Xiao et al.| |2026), where improving one skill regresses another. This motivates
distribution across specialists, as such mastery underpins general intelligence and long-horizon, self-
evolving agents (Yao et al.|, 2023} |Wang et al.,|2024; Xie et al.| 2024} Zhang et al., [2026bj} |Lu et al.,
2026). In autoregressive LLMs, Knowledge Card (Feng et al.| 2024) augments a general model with
plug-in specialized LMs; query-level routers (Ong et al., 2024; |Feng et al.,[2025) commit each prompt
to a single specialist; finer-grained token-level routers (Xiong et al., 2026} [Chai et al., 2024) switch
experts per decoding step for compound tasks where different segments need different specialists;
and Shu et al.| (2025)) routes the visual and auditory inputs of a multimodal LLM to modality-specific
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encoders. Our work instead takes a more fundamental training perspective, exploiting a decomposition
of diffusion language models to train experts independently on partitioned data and aggregate them at
each decoding step.

Mixture-of-experts and decentralized expert architectures. Most Transformer mixture-of-
experts (MoE) architectures (Shazeer et al.,[2017; Jiang et al.,[2024} [Yang et al., 2025} DeepSeek-All
2026) couple experts through a shared backbone and joint training. Read-ME (Cai et al.| [2024))
decouples the router from the MoE backbone to enable pre-computed routing, but its experts are still
extracted from a single pre-trained dense model. Our framework departs from this paradigm on every
architectural axis: there is no shared backbone, each expert is a full DLM rather than a sub-module
(and may itself adopt an MoE architecture), and the router is trained post hoc on cluster identities
with no signal exchange between experts. As a byproduct, the no-data-sharing property pursued by
decentralized MoE designs such as FlexOLMo (Shi et al.,[2025)) is naturally achievable here.

B DERIVATIONS

We present a detailed version of derivations in Sec. [3.1]
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where T = supp(pg) and S = supp(p1) denote the supports of the target and source distributions,
respectively. The second equality follows from Bayes’ rule. The third uses the conditional indepen-
dence of z and y. In the fourth, we introduce p;(z | y = [) in both the numerator and the denominator.
The fifth simply regroups the terms, and the final equality applies Bayes’ rule once more.

Moving forward to velocity field u;(z), we use the result above to show Equation @
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C TIME-INDEPENDENCE OF THE CLUSTER POSTERIOR

Proposition C.1 (Formal version of Proposition (3.2). Suppose p; is the delta distribution on the fully
masked sequence and X (t) follows Equation|5| Then for any Z € EN*X and | € [C), the cluster
posterior py(y = | Z) is independent of t over all t € [0, 1] with p,(Z) > 0.

Let 7 = supp(po), U(Z) = {i € [N]|Z" # m} be the unmasked positions of Z, and A(Z) =
{XoeT|X,=2Z"Viel(Z)}. Since clean tokens are never [mask], Equationgives, for any
Xp € T,

p(Z1X0)= [] eul[Z'=X{] [ (1—a)=c(2)1[X, € A(Z)],
i€U(Z) igU(Z)

where ¢,(Z) = [[,cyy(z) @t [i¢u(z) (1 — c) does not depend on Xo. Moreover, ¢¢(Z) > 0 since
pi(Z) = ci(Z) X x, e a(z) Po(Xo) > 0. Therefore,
> pe(Z] X0,y = )p(y = 1| Xo)po(Xo)
pely =112) = =X
> x,e7 Pt(Z]|X0)po(Xo)
_ ZxoeTpt(Z|Xo)p(y = l|X0)P0(X0)
ZxoeTpt(Z|Xo)po(Xo)
_ Zxpeaz Py = UXo)po(Xo)
ZXUGA(Z) po(Xo)

where the first equality follows from Bayes’ rule, the second uses the conditional independence of Z
and y given X, and the third substitutes p;(Z|X) and cancels ¢;(Z). The final expression does
not depend on .

)

D TEXT DATASET CLUSTERING

In this section, we describe our text embedding and hierarchical clustering pipeline used to construct
data partitions. The pipeline consists of two stages: first, dense document embeddings are produced
with a Qwen3-embedding model (Zhang et al.|[2025); second, a hierarchical k-means model is trained
over the resulting embedding corpus. Both stages are designed for large-scale document collections
and are evaluated on H100 GPUs.

D.1 TEXT EMBEDDING GENERATION

We generate document-level embeddings using Qwen3-embedding 8B (Zhang et al.,|2025). Each
input document is independently encoded, so the embedding stage is naturally parallel over input
shards and does not require inter-device collective communication. In our large-scale setting, each
GPU processes a disjoint subset of input documents with an independent model replica.

The embedding representation is obtained from the pooled final-token hidden state. We store the
resulting vectors as 4096-dimensional embeddings. For processing a large pre-training corpus with
a considerable throughput, we use a vLLM (Kwon et al.,2023) pooling backend. The embedding-
generation stage uses Qwen3-embedding 8B with 4096-dimensional output embeddings. Model
inference is performed in bfloat16 precision. The maximum sequence length is set to 8192 tokens,
and the per-GPU text batch size is set to 32. For large-scale runs, we use the vLLM pooling backend
with GPU memory utilization set to 85%.

To support embedding generation at pre-training data scale, we develop an efficient text embedding
pipeline with particular efforts for data loading and model-inference throughput. We next describe
the key system-level design choices that make large-scale embedding practical.

Storage format and data loading. The embedding vectors are stored using a fixed-size vector
representation rather than a variable-length list representation. This choice is important for down-
stream clustering because the k-means stage must repeatedly read and construct large embedding
data matrices. A fixed-size vector layout allows the embedding column to be loaded as a contiguous
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Table 4: Single-GPU embedding throughput on H100 across different embedder batch sizes.

Batch size HF Transformers vLLM vLLM speedup
texts/s  texts/s

1 14.08 24.61 1.75%
4 7.94 28.28 3.56%
8 5.43 28.80 5.30%
16 3.72 30.07 8.08 x
32 OOM 30.29 -

Table 5: Hierarchical k-means configurations for FineWeb-Edu 20B and 80B clustering.

Component FineWeb-Edu 20B  FineWeb-Edu 80B
Embedding dimension 64 64

Distance metric cosine cosine

Vector normalization {2 normalization £ normalization
Number of hierarchy levels 3 3

Centroids per layer, C' = 4 80,000 — 800 — 4 400,000 — 4,000 — 4
Centroids per layer, C' = 8 80,000 — 800 — 8 400,000 — 4,000 — 8

Sample size 8,000,000 40,000,000
Number of k-means iterations 100 100
Tolerance of kmeans le-4 le-4

two-dimensional array, avoiding per-row Python object conversion and reducing I/O overhead. In
empirical measurements, the fixed-size float32 representation is substantially faster than an older
variable-list double-precision schema, which was observed to incur a 2—4 x I/O slowdown.

Embedder backend throughput. In Table[d] we compare the Hugging Face Transformers (Wolf]
et al.,|2019) and the vLLM pooling backend on 2048 SlimPajama-6B (Soboleva et al.| 2023) docu-
ments using a single HI00 GPU, with maximum sequence length 8192 and bfloat16 inference. The
Hugging Face backend becomes slower as the caller batch size increases, mainly because sequence
padding is determined by the longest sequence in each batch. In contrast, vVLLM maintains stable
throughput once the batch size is sufficiently large, benefiting from continuous batching and its
scheduling mechanism. The vLLM backend reaches approximately 30 texts/s on a single H100
GPU. In contrast, the Hugging Face backend achieves its highest throughput at batch size 1, with
approximately 14 texts/s, and runs out of memory at larger batch sizes.

D.2 HIERARCHICAL K-MEANS CLUSTERING

After embedding generation, we train a hierarchical k-means model over the document embeddings.
The hierarchy reduces the number of representatives across successive levels. At the first level, a large
sample of document embeddings is clustered into many centroids. Each subsequent level clusters the
centroids from the previous level, and the final level produces the desired number of leaf clusters.

The clustering stage uses cosine distance with ¢o-normalized vectors. To reduce memory and
compute cost, clustering is performed on the first 64 dimensions of the 4096-dimensional Qwen3
embeddings. This dimensional truncation is supported by the Matryoshka representation learning
property (Kusupati et al.| 2022) adopted in the Qwen3-embedding model. The text embedding
clustering hierarchy uses three levels. For FineWeb-Edu 20B, we use 80,000 — 800 — C, where
C is the final number of leaf clusters. For FineWeb-Edu 80B, we use 400,000 — 4,000 — C.
This keeps the layer-wise reduction ratio approximately constant across corpus sizes. We choose
Flash-Kmeans (Yang et al.,[2026)), a Triton-accelerated k-means implementation, as our clustering
backend. Table [5|presents the k-means configurations for text clustering in our experiments on the
FineWeb-Edu dataset.

Compute scaling and memory usage. We evaluate k-means compute scaling using pseudo-random
64-dimensional vectors on a single HI00 GPU. Table [6] shows the k-means runtime and memory
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Table 6: K-means compute scaling on a single HI00 GPU.

Samples Centroids Wall-clock Peak GPU memory K-means sec. / iter.

M 400,000 910s 1.92GB ~I1.1s
10M 400,000 1817 s 332GB ~2.2s
20M 400,000 3636 s 6.12 GB ~4.4s
40M 400,000 7279 s 11.96 GB ~8.8s
60M 400,000 10,922 s 17.88 GB ~13.2s
80M 400,000 14,585 s 23.80 GB ~17.6 s

Table 7: Clustering quality on FineWeb-Edu 20B and FineWeb-Edu 80B.

Dataset C  Silhouette T Davies—Bouldin | Calinski-Harabasz{ Mean dist. | Dist. std. |
FineWeb-Edu 20B 4 0.033 4.361 1.54 x 10* 1.037 0.012
FineWeb-Edu 20B 8 0.018 4.516 9.38 x 103 1.006 0.031
FineWeb-Edu 80B 4 0.034 4.300 1.59 x 10* 1.034 0.015
FineWeb-Edu 80B 8 0.025 4.429 1.02 x 10* 1.002 0.017

profiling across different numbers of input vectors. The wall-clock time scales approximately linearly
with the number of input vectors once the number of centroids and embedding dimension are fixed,
consistent with the dominant distance-computation cost. The clustering stage is not memory-bound
on a 96 GB H100. The configuration with 40M samples, 400K centroids, and 64 dimensions peaks at
approximately 12 GB of GPU memory, leaving substantial headroom. The dominant cost is therefore
compute and autotuning time rather than device memory.

Clustering evaluation. In Table[/} we evaluate clustering quality using three standard internal
validity indices that do not require ground-truth labels. The silhouette coefficient (Rousseeuw, |1987)
measures how much closer each sample is to its assigned cluster than to the nearest alternative cluster,
with larger values indicating better separation. The Davies—Bouldin index (Davies & Bouldin,|1979)
averages the worst-case similarity between each cluster and another cluster, where lower values
indicate more compact and better separated clusters. The Calinski—Harabasz index (Calinski &
Harabasz, [1974) compares between-cluster dispersion with within-cluster dispersion, with larger
values indicating stronger cluster separation. We also report the mean cosine distance to the assigned
centroid as a direct measure of local compactness in Table[§]

D.3 EFFECT OF SMALL EMBEDDING MODELS

In our main experiments, we embed documents with the large Qwen3-embedding 8B model (Zhang
et al.,|2025), which incurs non-negligible data preprocessing time. A much smaller embedding model
reduces this cost, but its weaker embeddings may yield a partition closer to random partitioning, under
which the experts and the router are harder to train (Section[d.3)), and thus diminish the gain from
decentralized training. To examine this, we replace Qwen3-embedding 8B with Qwen3-embedding
0.6B, keep the rest of the clustering pipeline unchanged (Table[5)), and train a 250M D-DLM on the
resulting C' = 4 clusters of FineWeb-Edu 80B with the same training settings as in Section[#.2.1] In
our experiments, the two partitions agree on 83.6% of the documents. Figure [5|compares this D-DLM
with its counterpart built on Qwen3-embedding 8B after 6,250 training steps, and the two achieve
nearly identical improvements over the monolithic baseline. Moreover, based on our throughput
benchmark, embedding the corpus with Qwen3-embedding 0.6B takes about 7.6 x fewer GPU-hours
than with Qwen3-embedding 8B. Hence, a small embedding model suffices for constructing effective
data partitions while substantially reducing the data preprocessing time.

E ROUTER DESIGN OF DECENTRALIZED BLOCK DIFFUSION

In this section, we describe how we implement router models for Block Diffusion. We use the same
transformer architecture as Block Diffusion with a routing head, predicting the logits for different
experts. To realize inference-time routing based on decoded clean tokens and the current denoising
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Table 8: Per-cluster mean cosine distance for the evaluated hierarchical k-means configurations.

C =4 C=4
FineWeb-Edu 20B FineWeb-Edu 80B
Cluster Mean dist. Cluster Mean dist.
0 1.058 0 1.060
1 1.030 1 1.034
2 1.037 2 1.020
3 1.025 3 1.024
C =28 Cc=8
FineWeb-Edu 20B FineWeb-Edu 80B
Cluster Mean dist. Cluster Mean dist.
0 1.032 0 1.006
1 0.979 1 1.011
2 1.023 2 0.999
3 1.037 3 1.014
4 1.006 4 0.997
5 1.017 5 0.999
6 1.017 6 1.029
7 0.937 7 0.965
10 1 D-DLM, k-means on
I Qwen3-embedding 8B
- 8 - Qwen3-embedding 0.6B
o
5 § +6.9
o ¢
o
EE
£ €
2 -
0 |
WikiText-2 ArXiv HeIIaSwag OBQA
(ppl) (ppl) (acc) (acc)

Figure 5: Improvement of D-DLM (250M, C' = 4) over the monolithic baseline, with k-means
clusters built on embeddings from Qwen3-embedding 8B or 0.6B. The improvement is the perplexity
reduction or accuracy gain relative to the monolithic baseline, in percent.

block, we slightly modify the training attention maps to align the training scheme with the attention
for inference-time decoding.

Training-time routing tokens. Block Diffusion (Arriola et al.|[2025) splits a sequence X € ENV*K
into M = N/B blocks of B tokens. We write Z,, = {(b—1)B+1,...,bB} for the token positions of
block b € [M] and X for its tokens. To learn a block-wise routing policy on top of Block Diffusion,
we augment the noised half of the input with one special token ¢ =< |expert_cls|> per block
while leaving the clean half unchanged. For each noised block, we prepend one such token. The
resulting training input has layout [c, X (1), ¢, X (t)%2,..., ¢, X ()™ || XI*, X22, ..., XM ],
where X (t)7% and X OI ® denote the noisy and clean versions of block b, respectively. Since each noised
block contains B regular tokens plus one routing token, the full input length becomes M (2B + 1).
The routing token for block b is assigned the same positional index as the first regular token of that
block, namely (b — 1)B + 1. Figure El (left) presents the attention map for router training. The
block-wise attention mask extends naturally to the routing-token setting. The routing token of each
block is placed in the noised half and inherits the attention pattern of its corresponding noised block.
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It can attend to the regular tokens in its own noised block through the block-diagonal attention
component (in blue) and to all preceding clean blocks through the offset block-causal component (in
orange and pink). Importantly, routing tokens are isolated from one another: the routing token of a
block neither attends to nor is attended by the routing token of any other block. Clean tokens also do
not attend to routing tokens.

Decoding with block-wise routing. At inference time, text generation via decentralized Block
Diffusion proceeds block by block. The decoding procedure preserves the conditioning pattern
used to train the routing token. We maintain C' expert KV caches and one router KV cache, each
corresponding to the committed prefix, including the prompt and previously generated blocks. When
generation enters a new block, the committed prefix is processed once by each expert and once by
the router using the standard block-causal attention mask. The resulting prefix KV caches are then
fixed for the current block denoising. During the decoding for the active block, only the active block
tokens are re-evaluated. Each expert processes the current noised block conditioned on its cached
prefix. In parallel, the router processes the short sequence [ c, X ()2t ], where b is the current block
and X (¢)%* is still partially masked. FigureEl (right) illustrates the step-by-step decoding process for
a router and experts.

Block diffusion router training attention mask Decentralized block diffusion decoding with KV cache

B noisy & noisy [ noisy - clean involves <|expert_cls|> [ inKV cache [O tobecached [ <|mask|> @l <|expert_cls|>
3 clean e clean [@ clean - clean

noisy clean
(w/ <|expert_cls|>) (w/o <|expert_cls|>)

Prefil KV cache o vor

awpz oo EIEIE EEE
et e EE EEEE

s oo BEEEEE HEE
e e BIEEEEE HEEE

noisy

clean
(w/o <|expert_cls|>) query (w/ <|expert_cls|>)

key -

Figure 6: Illustration of the proposed router design for block-diffusion language modeling. Left: the
training-time attention mask for the router model, where one routing token is inserted for each noised
block while preserving the block-aware attention structure of Block Diffusion. Right: the decoding
procedure for decentralized Block Diffusion.

F INFERENCE-TIME ROUTING SCHEMES

Table@details the routing schemes compared in Figure@ At each sampling step, let g = g,(X (¢)) €

A€ denote the router output and f) = fe(,l) (X (t)) the prediction of expert . Each scheme forms
the decoding distribution py(-| X (¢)) used by the sampler. Full routing is the ensemble form in
Section 3.2} and Monte Carlo routing is an unbiased estimate of it. Since Monte Carlo routing draws
experts with replacement, k¥ may exceed C.

G ROUTER ENTROPY DECREASES OVER UNMASKING PROCESS

Figure shows the entropy change of the router output g4 (X (t)) as tokens are unmasked through
the denoising process. A heavily masked sequence reveals little about which cluster it belongs to, so
the router is uncertain, and with all tokens masked its output is nearly uniform. As more tokens are
unmasked, the cluster membership of the sequence becomes clearer and the router becomes more
confident: its entropy drops sharply within the first 5% of unmasked tokens and keeps decreasing.
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Table 9: Routing schemes compared in Figure

Scheme Experts queried Decoding distribution 5o (| X (¢))
Full all C experts S ar®
Average all C experts ZlC:l F/C
Top-k A: the k experts with the largest g; >, 4 af®/ dieadl
MC-k  Ii,...,l; drawni.i.d. from g Sy fU Jk
L e e
Uniform (In 4)
7 12
®
£ 101
>
g. 08 =e= 250M router
5 =m=700M router
§ 06 \ == 1.2B router
(]
§ 0.4 - =§:\
@ — s
0.2 4 -
0.0 T T T T
100% 75% 50% 25% 0%

Masked fraction

Figure 7: Mean router entropy on WikiText-2 versus the masked fraction. The dashed line marks the
uniform distribution over the four experts (In 4).

H COMMUNICATION SHARE

For a training job on R GPUs, let T' be the wall-time of 250 steady-state training steps, each
consisting of one forward—backward pass and its gradient synchronization, and 7). the time the
r-th GPU spends in NCCL collectives during these steps, measured with torch.profiler. The
average communication share per forward—backward pass is

R
1 T,

The net overhead is computed in the same way, but 7,. counts only communication not overlapped
with computation, i.e., the additional time that communication imposes on training.

I PERPLEXITY EVALUATION ON DATA CLUSTERS

Figure [8|reports the perplexity upper bound of each expert, the monolithic baseline, and D-DLM on
validation sets of each data cluster and the full dataset, for the pretrained 250M and 1.2B models.
Each expert outperforms the monolithic baseline on its own cluster, whereas the monolithic baseline
outperforms every expert on the full dataset. However, D-DLM, which aggregates the experts with the
router, achieves the lowest validation perplexity on every cluster and on the full dataset, outperforming
even the expert trained on each cluster. This indicates a boosting effect of the aggregation.

J SUPERVISED FINE-TUNING EVALUATION

A compelling application scenario is supervised fine-tuning of DLMs from a pretrained language
model for downstream tasks, such as math and coding. This setting raises a natural practical question
for D-DLM: whether fine-tuning pretrained models on different SFT data subsets to obtain specialized
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250M 1.2B

Expert 1 [FEEEl 70.38 59.34 46.20 56.01 22.67 40.23 33.72 26.03 31.95
Expert2 65.62 44.89 64.13 65.85 58.48 37.03 26.12 36.69 35.66 33.20
Expert 3 59.20 64.39 41.03 48.12 58155 34.03 37.57 24.32 27.20 31.16
I Best
I Second best
Expert4 5954 8288  61.89 [l 59.40 34.08  47.69 3561 | kUM 3438

Monolithic  40.16 45.55 41.75 31.63 40.77 24.30 27.67 25.68 19.33 25.04

C1 Cc2 C3 C4 C1 Cc2 C3 Cc4

Full Full

Figure 8: Validation perplexity upper bound on each data cluster (C1-C4) and on the full dataset for
the pretrained 250M and 1.2B models. Expert [ is trained on data cluster Cl. The best and second-best
results in each column are highlighted.

Table 10: SFT evaluation results of D-DLM. We compare the monolithic baseline with D-DLM using
domain-based and k-means partitioning. The best non-expert-biased result for each task is bolded.

Model GSMS8K BBH MMLU Hella. HumanEval MBPP MMLUPro MATH
Baseline Monolithic 32.15 26.20 40.61  37.03 30.49 25.8 13.28 9.96
math expert 49.28 23.36 39.75  37.56 19.51 19.60 10.50 11.740
via domain  code expert 32.83  19.67 39.36  37.56 25.00 19.80 12.40 10.98
D-DLM 4359 23.14 40.82 3844 25.61 20.6 12.01 11.58
kmeans expert 0 4594  26.69 39.15  32.65 31.10  25.20 12.08 12.04
via kmeans kmeans expert 1 44.05 27.77 41.28 37.48 31.10 25.2 14.28 10.14
D-DLM 44.96 28.18 41.69 37.42 34.76 25.8 13.77 10.6

experts, and aggregating their predictions at inference time, can improve downstream performance. To
evaluate D-DLM in this setting, we follow the setup of Tiny-A2D 2026)), which converts
an AR model into a Block Diffusion model (Arriola et al [2025) through post-training. We use

Qwen3-0.6B as the pretrained base model and fine-tune it on Tulu3-SFT
[2024), opc-sft stage 1&2 (Huang et al., [2024), and SmolTalk [2025)). Similar to our

pre-training setup, we cluster the SFT data via our k-means pipeline into two disjoint clusters. In
addition to k-means clustering, we consider a domain-based partitioning strategy for the SFT setting.
This is a natural choice when the SFT corpus contains subsets with clear domain annotations. For
example, Tulu 3 Persona MATH and GSM are designed for mathematical reasoning, while the opc-sft
series targets coding tasks. In our experiments, we construct two domains, math and coding, and
curate the corresponding SFT corpora by mixing in general instruction-following data while ensuring
that the two domain-specific subsets remain disjoint. The monolithic baseline and the two types of
D-DLMs are both fine-tuned for 4K iterations using a single 8 H100 node.

Results. Table[I0]compares the SFT results of the two D-DLM variants with the monolithic baseline.
Overall, D-DLM with k-means achieves the best performance. Compared with domain-based experts,
k-means experts are less biased to specific task domains, whereas domain experts tend to perform
better on tasks aligned with their own fine-tuning domain than on the complementary domain. We
also observe that expert aggregation can yield a performance gain beyond a simple interpolation of
individual expert performance, indicating that the router can boost the predictions by combining
experts effectively.

K LIMITATION

Our approach requires querying multiple expert models, which introduces additional serving chal-
lenges. First, although running the router and experts in parallel keeps the latency close to that of a
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monolithic model (Figure [2c), it requires C' 4 1 devices, and full routing costs more than C'x the
inference compute of a monolithic model. Top-1 routing with a smaller router reduces the inference
compute to about 1.1x that of a monolithic model; its perplexity is higher than with full routing but
still lower than the monolithic model’s (Section @ Second, the total storage cost scales with the
number of experts: a D-DLM with C' experts requires approximately C'x the storage of a monolithic
model of the same size. Third, the current decentralized sampling procedure is not directly aligned
with existing LLM serving systems, such as SGLang and vLLM, which are primarily designed for
single-model or standard batched inference.

Our experiments are also limited by available compute resources. In this work, we train models up
to the 1.2B scale, as larger-scale training is beyond our current compute budget. As a result, the
scalability of D-DLM and its behavior under larger model and data scales remain open questions.

Overall, D-DLM is still an exploratory framework. While our results provide initial evidence for the
feasibility of decentralized DLLM training, additional work is needed to improve serving efficiency,
reduce storage overhead, and validate the approach at larger scales before it can be considered for
practical deployment.
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