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Abstract

Block Diffusion Language Models generate
multiple blocks of text sequentially, while to-
kens within each block are denoised in parallel,
enabling efficient parallel decoding. However,
their training suffers from low computational
utilization: each sample is duplicated into a
clean context and a masked copy, yet only the
masked portion contributes to the training loss,
resulting in merely 50% compute utilization.
In this paper, we propose Multi-Mask Train-
ing (MMT), a simple yet effective training
paradigm that significantly improves computa-
tional efficiency through context sharing. Our
key idea is to generate K different mask pat-
terns for the same clean text and process them
together in a single forward pass via a sparse
attention mechanism, where each masked seg-
ment attends to the shared clean context while
remaining isolated from other segments. In
pretraining, our proposed approach yields bet-
ter performance under matched compute, de-
spite being exposed to fewer unique training
instances. Under a matched-step protocol,
MMT maintains comparable downstream qual-
ity while improving training efficiency in AR-
to-Diffusion adaptation. This reveals a com-
pelling trade-off between data uniqueness and
training efficiency in block diffusion models,
demonstrating that the rich training signals
from diverse mask samplings can effectively
compensate for reduced exposure to unique
data.

1 Introduction

The success of Large Language Models (Brown
et al., 2020; Bommasani et al., 2021; Han et al.,
2021; OpenAl, 2023) has been largely driven by
autoregressive (AR) architectures. However, their
sequential, token-by-token generation paradigm im-
poses significant latency bottlenecks during infer-
ence. Recently, Diffusion Language Models (Nie
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Figure 1: The training pattern of Auto-Regressive Lan-
guage Models and Block Diffusion Language Models.

et al., 2025b; Khanna et al., 2025; Song et al., 2025;
Google DeepMind, 2025) have emerged as promis-
ing alternatives. By training the model to generate
tokens in parallel, these models offer a flexible
trade-off between generation quality and inference
speed.

Block Diffusion Language Models (Arriola et al.,
2025; Wu et al., 2025a; Cheng et al., 2026; Tian
et al., 2025; Bie et al., 2025) further bridge the gap
between autoregressive and diffusion paradigms.
These models decompose the generation process
into sequential blocks, where tokens within each
block are generated via diffusion while blocks
themselves are produced autoregressively. This
hybrid formulation enables variable-length gener-
ation, supports KV caching across blocks, and al-
lows parallel token sampling within each block,
making it a compelling architecture for practical
deployment.

Despite their promising inference properties,
Block Diffusion Language Models suffer from a
critical training inefficiency. As illustrated in Fig-
ure 1, each training sample is duplicated into two
copies: one serves as the clean context, while the
other is masked and used for loss computation.
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Figure 2: The training pattern of MMT compared to the original training pattern of Block Diffusion Language
Models, when the number of different mask patterns K is 3. MMT trains on fewer training instances but instead

trains on more mask patterns.

This duplication results in a mere 50% computa-
tional utilization, as half of the forward pass is
spent on the context that does not contribute to the
training signal. In contrast, autoregressive mod-
els achieve near-100% utilization since every to-
ken contributes to the training loss. Beyond the
wasted FLOPs, this inefficiency also incurs substan-
tial memory and I/O overhead: the clean context
occupies precious GPU memory during forward
and backward passes, yet contributes zero gradi-
ents to the model update.

In this paper, we propose Multi-Mask Training
with context sharing (MMT), a simple yet effec-
tive training paradigm that significantly improves
computational utilization through a carefully de-
signed attention mechanism. Our key insight is
that instead of processing one mask pattern per
sample, we can generate K different mask patterns
for the same clean text and process them together
in a single forward pass. As illustrated in Figure 2,
by concatenating the shared clean prefix with K
masked suffixes and employing a context-sharing
attention mask, each masked segment attends to
the clean context while remaining isolated from
other segments. The resulting attention mask is
highly sparse and can be efficiently implemented
with FlexAttention (Dong et al., 2024). This de-
sign amortizes the cost of the clean context across
K independently masked contexts, improving the
computational utilization from 50% to HLK Such
efficiency gain comes with a natural trade-off: un-
der a fixed training compute budget, processing K
masked views jointly means seeing fewer unique
samples, which could potentially hurt model qual-

ity due to reduced data diversity. A central question
we investigate in this paper is therefore whether the
efficiency gain brought by context sharing can out-
weigh this loss of sample diversity. Our pretraining
experiments show that MMT achieves better model
quality than the standard Block Diffusion training
paradigm under matched compute, confirming that
the efficiency gain not only compensates for but ul-
timately surpasses the cost of reduced data diversity.
Our AR-to-Diffusion adaptation experiments in-
stead follow a matched-step protocol, under which
K = 2 achieves comparable downstream perfor-
mance while requiring substantially less wall-clock
training time.

Our contributions are summarized as follows:

* We identify the low computational utilization
in Block Diffusion training, where the clean
context incurs computation but does not con-
tribute to the loss.

* We propose MMT, a multi-mask training
paradigm with context sharing that processes
multiple masked views of the same sample in
a single forward pass via a specially designed
sparse attention pattern.

* Experiments validate the effectiveness of
MMT in both pretraining and AR-to-
Diffusion adaptation scenarios. In pretraining,
our proposed method achieves consistent loss
improvements under matched training com-
pute. In AR-to-Diffusion adaptation, MMT
reaches the same generation quality with sig-
nificantly less training time.
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2 Related Work

2.1 Diffusion Language Models

Diffusion models have achieved remarkable suc-
cess in continuous domains such as image and au-
dio generation (Sohl-Dickstein et al., 2015; Ho
et al., 2020; Song et al., 2021; Peebles and Xie,
2023). Recently, there has been growing interest
in adapting diffusion-based methods to discrete
text generation. Mercury (Khanna et al., 2025),
Seed Diffusion (Song et al., 2025), and Gemini
Diffusion (Google DeepMind, 2025) are industry-
developed diffusion language models that demon-
strate ultra-fast inference capabilities. In the open-
source community, early methods (Li et al., 2022;
Lovelace et al., 2023; Gong et al., 2023; Han et al.,
2023; Strudel et al., 2022; Chen et al., 2023) apply
continuous-space diffusion directly to language,
while more recent methods (Hoogeboom et al.,
2021, 2022; He et al., 2023; Lou et al., 2024; Ou
et al., 2025; Sahoo et al., 2024) leverage discrete
diffusion to achieve better scalability and perfor-
mance. In this paper, we mainly focus on the dis-
crete version, also known as masked diffusion lan-
guage models. LLaDA (Nie et al., 2025b) trains an
8B-scale masked diffusion language model from
scratch, demonstrating competitive performance
with autoregressive counterparts. DREAM (Ye
et al., 2025) adapts pre-trained autoregressive mod-
els into diffusion language models through con-
tinued training. These methods offer a promising
alternative to autoregressive generation by enabling
parallel token sampling, but they typically generate
sequences of fixed length and lack the flexibility of
variable-length generation.

2.2 Block Diffusion Language Models

Block Diffusion Language Models bridge the gap
between autoregressive and diffusion paradigms
by decomposing generation into sequential blocks.
Ma et al. (2025); Wu et al. (2025b) use approx-
imate KV caching to make a diffusion language
model generate block-by-block. BD3-LMs (Ar-
riola et al., 2025) trains a native block diffusion
language model from scratch. Fast-DLLM v2 (Wu
et al., 2025a) and SDAR (Cheng et al., 2026) adapt
pre-trained autoregressive models into block diffu-
sion models, enabling efficient conversion of exist-
ing AR checkpoints. LLaDA 2.0 (Bie et al., 2025)
scales block diffusion language models up to 100B
parameters, demonstrating the scalability of this
approach. These models support variable-length

generation, enable KV caching across blocks, and
allow parallel token sampling within each block.
However, their training suffers from low compu-
tational utilization due to the context duplication,
which our method addresses.

2.3 Data Efficiency of Diffusion Language
Models

Recent studies (Prabhudesai et al., 2025; Ni et al.,
2025a,b) have revealed that diffusion language
models are “super data learners” that can extract
more information from the same amount of training
data through diverse mask patterns. Another related
approach is complementary masking (Wu et al.,
2025a), which uses an inverted mask paired with
a standard mask to enhance data utilization. How-
ever, these methods suffer from efficiency draw-
backs. The former relies on implicit accumulation
of diversity over repeated epochs with single-mask
sampling, while the latter doubles the batch size
and processes each corrupted sequence indepen-
dently, failing to exploit the shared clean context.
In contrast, our method transforms this implicit
benefit into an explicit, efficient training strategy.
By processing multiple mask patterns simultane-
ously with context sharing, we actively enforce
diverse supervision within each step while elim-
inating the computational waste of encoding the
same context repeatedly.

3 Method

3.1 Preliminaries

Notation. Let x = (x1,...,zy) denote a se-
quence of N tokens, M the special mask token, and
0 the parameters of the language model. Autore-
gressive and diffusion language models share the
same Transformer architecture, differing only in
their input representations and training objectives.

Autoregressive Language Models. Autoregres-
sive (AR) language models are trained to minimize
the negative log-likelihood of the sequence:

N
Lar = —Ex~p Zlogpe(a:i | T<i) (H
i=1
Masked Diffusion Language Models. Masked

diffusion language models (MDLMs) (Nie et al.,
2025b) define a discrete diffusion process over to-
ken sequences. Let ¢ ~ U(0,1) denote a noise
level, and let x* denote the corrupted sequence ob-
tained by independently masking each token x;
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with probability ¢. Formally, for each position ¢:

M
xg:{
Ti

The model is trained to predict the original tokens
from the corrupted sequence:

with probability ¢,
2

otherwise.

Lypim = —Eyx ¢ [ ZH [ =M EMDLM( t)
AP (1) — g (o ).
3)

Block Diffusion Language Models. Block dif-
fusion language models (BDLMs) (Arriola et al.,
2025) extend MDLMs by partitioning the se-
quence into contiguous blocks of size B. The
sequence is divided into NN, N/B blocks,
x = (by,...,by,). During training, each block
r € {1,..., Np} is assigned an independently sam-
pled noise level ¢, ~ 1/(0,1). Tokens within b,
are then masked independently with probability ¢,.,
while the causal structure across blocks is main-
tained. For each token x;, let j = [i/B| denote its
block index in the following objective:

1fst =
LepLm = —Ey x xt Lz; tjgeB,?LM(tj)] ;
(BPLM (1) —

log pg (az b, b ) .
“4)
where b ; denotes the clean preceding blocks
in x, and b; denotes the noisy version of the j-th
block in x!. The specialized attention mask used

for BDLM training is illustrated in Figure 1.

3.2 MMT: Multi-Mask Training

Training formulation. Given a clean sequence
x, MMT shares this clean sequence as the common
context and generates K corrupted sequences for
denoising training. For each view k € {1,..., K},
we independently sample block-wise noise levels
te = (th,...,t;"), where t] ~ U(0,1) is the
noise level assigned to block j. The corresponding
corrupted sequence x'* is generated by masking
each token x; (where j = [i/B]) with probability
t7.. The training objective averages the denoising

Algorithm 1 MMT Training
Require: Model py, dataset D, number of mask
pairs K/2, block size B
1: for each training iteration do
Sample minibatch {x} from D

2

3. // Generate K/2 complementary mask pairs
4. forv=1to K/2do

5 Sample noise t,, ~ U (0,1)N/B

6 Sample m, € {0,1}", with m,; ~

Bernoulli(t},/ 1)

7: xtv ¢+~ x® (1 —my,) +MO m,
8: v xOm, +MO (1 —m,)
: end for
10:  // Construct input with shared clean context
11: X < Concat(x,xt, xt, ... xtK/2 xti/2)
12:  Construct block-wise attention mask M ac-
cording to Eq. (6)

13:  // Forward and backward pass

14:  Compute denoising loss Lyt on X
15:  Update 6 via gradient descent on Lymt

16: end for

losses over these K noised views:

K
1
Lt = By 1,35 (i} [K . Jk(x)] )
k=1

N T [mf’“

J
b

Tr(x)

i=1

(5)

where the expectation is taken over x, the block-

wise noise levels {¢; }/ , and the corresponding
corrupted sequences {x% }K_ .

Context-sharing attention mechanism. To en-
able efficient parallel training of all K noised
views while maintaining correct token visibil-
ity, we construct an attention mask M €
{0, 1} (EHDNX(KHDN gyer token indices. We
use k = 0 for the clean sequence x and k €
{1,..., K} to index the K corrupted sequences
x'. Let (k,i) denote the i-th token of the k-th

(G
M(k/ i de-

termines whether token (k, ) can attend to token

(k' d"):

sequence. The attention mask entry

1, ifk’=0and[i/B] <
if ¥ = kand [///B] =

otherwise.

[i/B1,
[i/B],

(6)
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This mask ensures that each masked context can
attend to: (1) preceding blocks from the shared
clean sequence, and (2) its own noisy block at the
current position. The efficient training mask of
MMT is illustrated in Figure 2.

| AR BDLM MMT (Ours)
Non-attn | 2PN 4PN (1+1/K)-2PN
Attn 2N2?Ld 4N?Ld (1+1/K)-2N?Ld

Table 1: Average FLOPs per corrupted sequence. For
MMT, the cost is amortized over K corrupted se-
quences, and (1 + 1/K) = 1 when K is reasonably
large.

Complementary masking via context sharing.
We adopt the complementary masking strategy (Wu
et al., 2025a). Instead of independently sampling
K mask patterns, we sample K/2 pairs of com-
plementary mask patterns. Crucially, unlike prior
implementations that double the context compu-
tation cost, our context-sharing paradigm allows
us to process complementary masks against a sin-
gle clean context representation. This modification
enables us to compute the paired loss jointly cov-
ering all tokens without normalization factors over
individual noise levels. We provide the detailed for-
mulation of the complementary masking objective
in Appendix A.2.

Training algorithm. We summarize the com-
plete training procedure of MMT in Algorithm 1.
By concatenating the shared clean context with K
complementary corrupted sequences and applying
our specialized attention mask M, we compute the
denoising loss for all corrupted copies simultane-
ously in a single forward pass, achieving substantial
efficiency gains.

3.3 Computational Complexity Analysis

We analyze the computational complexity of differ-
ent language modeling paradigms. Let N denote
the sequence length, P the non-embedding param-
eter count, L the number of transformer layers, and
d the hidden dimension.

Per-token training cost. Following Chen et al.
(2025), the FLOPs required to process one token
with effective context length n, defined as the num-
ber of key/value tokens visible to the query token
under the attention mask, is

Cioken(n) = 2P +4nlLd. @)
~— e
non-attn attn

Autoregressive Transformers. For causal lan-
guage models generating a sequence of length IV,
the total FLOPs is

N N
Car = Y _ Cloken(t) = 2PN + Y 4tLd
t=1 t=1

= = (®)
=2PN+2N(N +1)Ld.
~N— —
non-attn attn
Block Diffusion Language Models. Block diffu-

sion models partition the sequence into N, = N/B
blocks. At block j of the clean sequence x, the
model attends to all (j — 1)B preceding tokens
plus the current block of size B. At block j of the
noisy sequence x’, the model attends to all (—1)B
preceding clean tokens plus the current noisy block
of size B. That is, the j-th block of each sequence
attends to 7 B tokens. The total FLOPs is

N
Cepim =2 Y _ Cuoken(([i/B1)B)
=1
Ny
=2 B Cioken(jB)
j=1 )
= 2[2PN,B + 2B%N,(N,, + 1)Ld]

=2x | 2PN+2N(N + B)Ld
—— ——
non-attn attn
MMT (Ours). Our context-sharing mechanism

processes the clean context once and shares it
across K corrupted contexts. We process 1 + K
sequences in total, where the j-th block of each
sequence attends to j B tokens. The total FLOPs is

Ny

Cyvmr = (1 + K) ZB - Cioken(J B)
=1

= (1+K) x | 2PN +2N(N + B)Ld

N~

non-attn attn

The amortized cost per corrupted sequence is

Cmmr

= (141/K)x | 2PN +2N(N + B)Ld
e N——
non-attn attn

(11)

In typical training settings, the sequence length
N is at least 2048 or 4096, while the block size
B is usually set to small values such as 32 or
64 (Wu et al., 2025a). Since B < N, we have
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ID (Val)

OOD Datasets

B K Mean OOD
SlimPajama PTB WikiText LMIB  AGNews PubMed LAMBADA ArXiv
1 2.544 (aseline) 4.342 2.897 3.548 3.204 2.357 3.423 2.461 3.176 (vaseline)
16 2 2.515 (0029 4.275 2.865 3.501 3.152 2.330 3.383 2.439 3.135 (Jo.o4n)
4 2.529 (oois) 4.278 2.885 3.500 3.159 2.344 3.383 2.455 3.144 (10.032)
1 2.605 wascline) 4.198 2.897 3.550 3.258 2.414 3.431 2.498 3.178 (vascline)
64 2 2.569 (10036 4.149 2.855 3.534 3.231 2.377 3414 2.474 3.148 (10.030)
4 2.574 (oo 4.147 2.854 3.509 3.217 2.383 3.397 2.475 3.140 (j0.038)

Table 2: Performance comparison of NELBO pretraining at the 1028M scale across different block sizes B and K
values. SlimPajama serves as the In-Domain validation set, while the remaining 7 datasets evaluate Out-of-Domain
(OOD) generalization. The lowest NELBO in each column for a given block size is highlighted in bold.
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Figure 3: NELBO on SlimPajama validation set throughout pretraining of the 1028M model with block size B = 64,
measured by training FLOPs (left) and consumed unique tokens (right). MMT reaches lower NELBO under both
metrics with multiple mask patterns, demonstrating improved compute and token efficiency from context sharing.

N(N + B) ~ N?and N(N + 1) ~ N2 Ta-
ble 1 summarizes the average training FLOPs per
corrupted sequence under this approximation. As
shown, MMT significantly improves FLOPs effi-
ciency compared to block diffusion, which is a
special case of our method with i = 1.

4 Experiment

We conduct experiments in two training scenarios:
pretraining block diffusion models from scratch
and AR-to-Diffusion adaptation from a pretrained
autoregressive model.

4.1 Block Diffusion Model Pretraining

For pretraining, we build upon the codebase of
SMDM (Nie et al., 2025a) and adapt it to the block
diffusion setting. The vanilla single-mask (K=1)
configuration serves as our baseline. All pretrain-
ing comparisons use the same training-time bud-
get for each choice of K and block size B.

Models. We train masked diffusion language
models from scratch at scales up to 1028M pa-
rameters. All models are trained on the SlimPa-
jama (Soboleva et al., 2023) dataset. We use a

context length of 2048 tokens and fix the global
batch size to 256 masked copies per optimizer step;
for K > 1, this corresponds to fewer unique se-
quences because each sequence contributes multi-
ple masked views. We evaluate two block sizes,
B = 16 and B = 64, to cover both fine- and coarse-
grained diffusion blocks. Additional optimization
details are provided in Appendix B.1.

Benchmarks. We evaluate the pretrained models
by NELBO on both in-domain (ID) and out-of-
domain (OOD) corpora. For the ID evaluation,
we report NELBO on the held-out validation split
of SlimPajama, which directly reflects how well
the model fits the pretraining distribution. In par-
allel, following BD3-LMs (Arriola et al., 2025),
we assess the zero-shot likelihood generalization
of the same models on seven OOD datasets span-
ning a broad spectrum of textual genres beyond
the training distribution. The detailed corpus list
is provided in Appendix B.1. Since the NELBO
is an expectation over block-wise noise levels and
mask patterns, all NELBO numbers reported in this
paper are estimated with 10 Monte Carlo samples
per sequence.
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Figure 4: SlimPajama validation loss across five model
scales (75M, 113M, 170M, 336M, and 1028M parame-
ters) for K € {1,2,4} at B = 64. The improvement of
MMT (K > 1) over the baseline persists consistently
across all model scales.

Results. As shown in Table 2, across both block
sizes, every K > 1 configuration of MMT im-
proves over the baseline on the in-domain valida-
tion set as well as on the average OOD NELBO,
confirming that context sharing brings consistent
gains. On OOD generalization, the best mean
NELBO is attained by K = 2 at B = 16 and
by K =4 at B = 64. We attribute this trend to the
fact that a larger block size leaves more positions
per sequence to be corrupted, providing more room
for diverse mask patterns and thus benefiting more
from a larger K.

To further examine the training dynamics, we
uniformly sample 32 checkpoints along the training
trajectory and evaluate their NELBO on the SlimPa-
jama validation set. Figure 3 plots the B = 64 tra-
jectories against training FLOPs and unique tokens
consumed (see Appendix B.2 for B = 16). The
FLOPs comparison directly reflects real training
cost, since equal FLOPs translate to equal wall-
clock training time. Under this matched-compute
view, MMT attains a lower NELBO thanthe K = 1
baseline across all mask patterns, confirming that
the efficiency gain from context sharing substan-
tially outweighs the reduction in unique data expo-
sure. The unique-token view further shows that a
single mask sample per sequence under-utilizes the
supervisory signal in each sequence, and that draw-
ing additional mask patterns yields substantially
greater gains from the same unique data.

Scaling Across Model Sizes. As shown in Fig-
ure 4, across model sizes from 75M to 1028M,
K = 2/4 consistently outperform the baseline,
and the gap does not shrink as the model grows.
This indicates that the benefit of context sharing is

not tied to a particular scale but is a robust property
of the multi-mask training paradigm.

Complementary Masking Ablation. We ablate
complementary masking at the 336M scale by com-
paring independently sampled masks with comple-
mentary mask pairs for the same K. As shown in
Table 3, complementary masking yields lower vali-
dation NELBO. This motivates our use of even K
values in the main experiments, so that all mask pat-
terns can be organized into complementary pairs.

Maetric K=2 K=4
woCM w/CM woCM wCM

SlimPajama  2.935 2.921 2.937 2.928

Mean OOD 3.510 3.508 3.509 3.498

Table 3: Ablation of complementary masking (CM) at
the 336M scale with block size B = 64. Detailed per-
dataset OOD results are provided in Appendix B.4.

Training Objective Ablation. We compare our
default objective against the original block dif-
fusion NELBO at the 336M scale with B=64
and K=1 in Table 4. Original Block Diffusion
NELBO is the SMDM-style per-token NELBO
estimator (Nie et al., 2025a), which importance-
weights each masked token by 1/pmask. Although
this estimator is unbiased, the weight becomes very
large when ¢ is small, leading to high-variance gra-
dients and less stable optimization. Our actual
training objective is Equal-weight CE, the same
objective as Fast-dLLM v2 (Wu et al., 2025a): it
removes the 1/pm,sk importance weight and opti-
mizes an equal-weight token-level cross-entropy
over masked tokens. As shown in Table 4, this
surrogate objective is more stable and achieves bet-
ter NELBO, so we use Equal-weight CE as the
default training objective in all main experiments.
Additional variants that stabilize or modify the orig-
inal block diffusion NELBO are discussed in Ap-
pendix A.3.

Method DNV pean 0OD
SlimPajama

Equal-weight CE 2.964 00000  3.533 0.000)

Original Block Diffusion NELBO  3.032 +0.068)  3.601 (+0.068)

Table 4: Comparison between our training objective and
the original block diffusion NELBO at the 336M scale
(B=64, K=1). We report NELBO on the in-domain
validation set and average across 7 OOD datasets. De-
tailed OOD results are provided in Appendix A.3.
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Method ‘ GSMSK MATH MMLU GPQA IFEval MBPP HumanEval ‘ Avg. Time (h)
Fast-dLLM v2 | 62.0 38.1 55.1 277 47.0 50.0 439 | 463 -
MMT, K=1 69.96i0,34 41 ~4310.36 51.80i0.14 260010.81 61.17i1425 48.82i1,22 41 A08i2.44 48.6110.13 29.67
MMT, K=2 | 70004058 41281042 51.79:086 26.15:950 60.331079 49.094107 43.0ligg9 | 48811016 2242
MMT, K=4 | 69441081 40731014 51.19:040 26954107 59.8ligs0 46331103 42155092 | 48.09:014  18.80

Table 5: Performance of MMT under different numbers of mask patterns K in the 1.5B AR-to-Diffusion setting.
All MMT variants use a matched-step protocol of 6,000 optimizer steps. Mean and standard deviation are computed
across three seeds, after averaging the final 10 checkpoints of each run. Per-seed results are in Appendix D.2.
Fast-dLLM v2 results are cited from Wu et al. (2025a), retaining their reported single-decimal precision.

4.2 Speedup Analysis

Setup. We benchmark our largest pretraining
setup, a 1028 M-parameter model with B = 64,
on 8 A800-80GB GPUs with FSDP ZeRO-3 and
bfloat16. Each optimizer step processes a global
batch of 256 masked copies, with the per-device
batch of 32 split via gradient accumulation into
32/p micro-batches of size p (also in masked
copies). We report 1 = 8, the largest value that
fits the K = 1 baseline within 80 GB, and addi-
tionally u = 16 for K € {4,8}, where context
sharing saves enough activation memory. Step time
is averaged over steps 100-2500 to capture steady-
state throughput, excluding FSDP initialization and
external logger startup overhead.

Training Speedup. As reported in Table 6, at
fixed 4 = 8, increasing K simultaneously reduces
step time and memory, yielding speedups from
1.30x at K = 2to 1.72x at K = 8, consistent
with the theoretical limit 2/(1 + 1/K). The saved
memory can optionally be reinvested in a larger
micro-batch: u = 16 reaches up to 1.75x speedup.
Appendix C.2 provides the complete memory and
feasibility analysis.

K pu ‘ Step time (s) Speedup Mem (GiB)
1 8 5.23 1.00x 66.0

2 8 4.02 1.30x 53.7

4 8 3.40 1.54x 46.4

8 8 3.04 1.72x 433

4 16 3.26 1.60x 79.2

8 16 2.99 1.75x 73.4

Table 6: Training efficiency of MMT at the 1028M scale.
The micro-batch size p is measured in masked copies.
Full results at longer contexts are in Appendix C.2.

4.3 AR-to-Diffusion Adaptation

We further validate MMT in the AR-to-Diffusion
setting, where a pretrained autoregressive model is
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Figure 5: Training efficiency: Time vs. Performance.
Our method establishes a superior Pareto frontier by
achieving comparable performance with less training
time.

adapted into a block diffusion language model.

Models. We initialize our model from Qwen?2.5-
1.5B-Instruct (Yang et al., 2024) and fine-tune it
into a block diffusion language model following the
training recipe of Fast-dLLM v2 (Wu et al., 2025a).
The fine-tuning data is sampled from the LLaMA-
Nemotron post-training dataset (Bercovich et al.,
2025) and the IFEval dataset (Zhou et al., 2023).
All models are trained for 6000 optimizer steps.
Detailed data mixture, token budgets, and op-
timization hyperparameters are provided in Ap-
pendix D.1.

Benchmarks. We evaluate general ability
on MMLU (Hendrycks et al.,, 202la) and
GPQA (Rein et al., 2024), mathematical rea-
soning on GSMS8K (Cobbe et al., 2021) and
MATH (Hendrycks et al., 2021b), and code
generation on MBPP (Austin et al., 2021) and
HumanEval (Chen et al., 2021). All benchmarks
are evaluated in the zero-shot setting, except
MMLU which uses the 5-shot setting.

Results. Table 5 reports the AR-to-Diffusion re-
sults. K=2 achieves comparable downstream qual-
ity to the K'=1 baseline while using only about
75.6% of its wall-clock training time. Pushing fur-
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ther to =4 reduces the training time to roughly
63.4% of the baseline, with a modest decrease
in the average score. As visualized in Figure 5,
MMT thus establishes a strictly better performance—
efficiency Pareto frontier.

5 Conclusion

We presented MMT, a simple training paradigm
for Block Diffusion Language Models that miti-
gates their low computational utilization. Specif-
ically, MMT processes K masked views of the
same sequence in a single forward pass through
context-sharing sparse attention, lifting utilization
from 50% to K /(1 + K). Across both pretrain-
ing and AR-to-Diffusion adaptation, MMT consis-
tently improves training efficiency for Block Dif-
fusion Language Models. In pretraining, under
matched compute, the efficiency gain from context-
shared multi-mask training decisively outweighs
the cost of reduced unique-data exposure. Our AR-
to-Diffusion adaptation experiments instead com-
pare models under matched optimizer steps and
report the corresponding wall-clock training time.
Together, these findings establish mask diversity
as a more compute-efficient axis for scaling Block
Diffusion Language Models.

Limitations

While MMT delivers substantial efficiency gains
for Block Diffusion Language Models, our study
has several limitations that we leave for future in-
vestigation.

Integration with Reinforcement Learning for
Language Models. In this work, we focus on
the pretraining and supervised fine-tuning stages,
and do not extend MMT to reinforcement learning
(RL). Nevertheless, our context-sharing attention
mask is naturally suited to accelerating diffusion-
based RL: estimating the likelihood of a generated
response requires Monte-Carlo sampling over mul-
tiple mask patterns, which is computationally ex-
pensive under the standard training pattern. By
packing these mask patterns into a single forward
pass with our sparse attention mechanism, the cost
of likelihood estimation during policy optimization
could in principle be substantially reduced. We
have not empirically validated this hypothesis, and
leave a thorough study of MMT for diffusion-based
language RL to future work.

Extension to Continuous Modalities. Our ex-
periments are restricted to discrete language mod-
eling, and we do not evaluate MMT on continuous
modalities. A growing line of work, including con-
tinuous diffusion language models and block-wise
autoregressive visual generators that synthesize im-
age or video patches in sequential blocks, mod-
els data in a continuous space and has recently
attracted considerable attention. Conceptually, the
core idea of MMT, which amortizes the cost of a
shared clean context across multiple masked views,
does not depend on whether the modeled tokens
or patches are discrete or continuous, and could in
principle accelerate the training of such models as
well. We have not empirically verified its effective-
ness or scalability in continuous-valued settings,
and view this as another promising direction for
future research.
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A Training Objectives and Theoretical
Analysis

A.1 Unbiasedness of the Idealized MMT
Estimator

We prove that the idealized MMT objective of
Eq. (5), in which the K mask patterns are sam-
pled independently and every noised view is scored
with the original importance-weighted objective,
is an unbiased estimator of the BDLM objective.
Recall that the BDLM loss for a single sample x
is:

Leprm(x)
al H[xf:M} BDLM
= —Eyxt [ e )] 12
=1 J
BDLM t;
Ly (tj) = logpa <$z b<j7bjj>

where j = [i/B] is the block index for token 4,
and the expectation is over the block-wise noise
levels t = (t1,...,tn,) with t; ~ U(0,1) and the
stochastic masking process.

Theorem A.1 (Unbiasedness of the idealized esti-
mator). Assume that (i) the K block-wise noise lev-
els {t, YI< | arei.id. samples from U(0,1)No and
the corresponding corrupted sequences {xt }szl
are obtained by independent Bernoulli masking;
and (ii) every noised view is scored with the
importance-weighted objective of Eq. (4), i.e., each
masked token is weighted by the inverse of the noise
level of its own block. Then:

1 s~ ]I[a:f’“ :M] BDLM (,j
“Epry ey }Z ] g (ty)
k=11i=1 k
= LppLMm(X).
(13)
Proof. Define the loss per noised view:
A - H[mf’“ - M} BDLM (,j
MOEEDY ). a4
i=1 k
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By linearity of expectation:

K

! KE _ 1 E[¢
K; k() _EZ [0k (x)].

k=1

E 15)

Since each (t, x%) is sampled from the same dis-
tribution as (¢, x?) in BDLM:

E[fr(x)] = Eg¢ xe [((x)]

= LppLm(x), Vke{l,...,K}.
(16)
Therefore:
1 & 1
E | — V4 =— - K- L
% ; k(X)] % BDLM (X) a7
= Leprm(x).

O

Remark A.2 (Variance and compute). Under the
assumptions of Theorem A.1, MMT introduces no
bias—it simply uses K Monte Carlo samples to
estimate the same expected loss as BDLM, with
each mask pattern sampled independently while
sharing the same clean context x. Crucially, while
a naive K-sample Monte Carlo estimate would re-
quire K independent BDLM forward passes (with
a total cost of 2K context-length sequences), MMT
obtains the same estimate in a single forward pass
over only 14+ K sequences via context sharing (see
Sec. 3.3), thereby reducing mask-sampling vari-
ance at substantially lower compute than naive K-
sample BDLM.

Remark A.3 (Scope of the unbiasedness result).
Theorem A.1 applies to the idealized objective of
Eq. (5). The main experiments instead use comple-
mentary masking (Appendix A.2) and equal-weight
cross-entropy (Appendix A.3), which do not satisfy
assumptions (i) and (ii). This practical recipe is
biased relative to the BDLM objective; we adopt
it for lower gradient variance and better empirical
NELBO.

A.2 Complementary Masking Formulation

As introduced in Section 3.2, we adopt the com-
plementary masking strategy (Wu et al., 2025a)
within our context-sharing paradigm. Instead of in-
dependently sampling K mask patterns, we sample
K /2 pairs of complementary mask patterns. The
training objective of MMT becomes:

| K

_ (v)

»CMMT - _E{tv}vK:/f7x7{xtv}vK:/f [K vz_l ['Pair] :
(18)

Each pair of complementary masks consists of an
original mask pattern m and its inverse m = 1 —m,
generating two noisy sequences x'v and X%, where

; ifalv =M
j? _ Jmi if = (19)
M  otherwise.
The paired loss is then defined as
N
Lo =Y [} =Mlogpy(a; | bej, bI)
i=1 (20)

N
+> 7 =M logpy(z; | b<j, bL),
i=1

where B;v is the j-th noisy block of %*v (with
J = [i/B]). We eliminate the normalization factor
1/t), following Wu et al. (2025a), as the comple-
mentary masks jointly cover all IV tokens.

A.3 Detailed Training Objective Ablation

Table 7 provides the full training objective abla-
tion at the 336M scale with B=64 and K=1. In
addition to the comparison between our default
Equal-weight CE objective and the Original Block
Diffusion NELBO in Table 4, we evaluate two re-
lated variants. We organize all four objectives be-
low as successive modifications of the Original
Block Diffusion NELBO, the SMDM-style per-
token NELBO estimator (Nie et al., 2025a) that
importance-weights each masked token by 1/pmask-

Stabilized NELBQO. This objective formalizes a
variance-reduction modification on top of the Origi-
nal Block Diffusion NELBO. Let M; := [z} = V]
denote the token-level mask indicator, and let

m; = Z MZ‘,

1€block

1)

denote the empirical number of masked tokens
in block j, with Eyy;[m;] = B - t; under
i.i.d. Bernoulli masking. We further abbrevi-
ate the BDLM log-likelihood in Eq. (4) as ¢; :=
HE?LM (tj) for token ¢ in block j. In our imple-
mentation, the Original Block Diffusion NELBO
is normalized by the total noisy-token count N
per sample, following the per-token form used in
SMDM (Nie et al., 2025a). Using N = N} - B, this
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objective admits a block-wise regrouping:

r N

1 M; ¥;
‘Cori:_IE 72 .

N b
-1 N X (22)
%L B 2

7 i€block

=—FE

i.e., the block-internal weight 1/(Bt;) is the in-
verse expected mask count 1/E[m; | t;]. Stabi-
lized NELBO substitutes this expected count B ;
with the empirically sampled count m;:

1 o ]I[m]' > O}

Lstap = —E | — I M; t; |,
JZ; mj iebzlo;kj

(23)
with the convention that blocks containing no
masked tokens (m; = 0) contribute zero. Since
Enre,[m;] = Bt;, the substitution preserves the
first moment. It also keeps the variance bounded
because 1 /mj < 1 whenever m; > 1, whereas
1/(Bt;) diverges as t; — 0. Under i.i.d. Bernoulli
masking, however, this estimator is biased in the
small-t regime, since blocks with m; = 0 con-
tribute zero yet still occupy a slot in the constant
block-count denominator Ny, leading to a small-¢
underestimation of the true NELBO.

Shared-t CE. This variant starts from Stabilized
NELBO and changes how ¢ is sampled: instead of
drawing an independent ¢; for each block, we fol-
low SDAR (Cheng et al., 2026) and share a single
noise level ¢ across all blocks within a sequence.
Under this per-sample ¢, all blocks in a sequence
share the same pmask, S0 the block-level heterogene-
ity that the 1/m; normalization in Eq. (23) was
designed to absorb disappears, and the per-block
normalization naturally collapses to a sequence-
level one. The loss objective consequently reduces
to an equal-weight cross-entropy over masked to-
kens, normalized by the total masked-token count
Z;V:bl m; in each sequence.

Equal-weight CE. This variant restores the per-
block ¢; schedule of Stabilized NELBO while keep-
ing the sequence-level CE form that Shared-t CE
arrived at: each masked token contributes equally
to the cross-entropy, and the loss is normalized by
the sample-level mask count Z;V:bl m; rather than
the block-level m;. This is the same objective as
Fast-dLLM v2 (Wu et al., 2025a) and serves as our

default in the main experiments.

As shown in Table 7, both Stabilized NELBO
and Equal-weight CE substantially improve over
Original Block Diffusion NELBO, confirming that
replacing the high-variance 1/pmasx weight with
empirical mask counts is beneficial. Comparing
Equal-weight CE against Shared-¢ CE, which dif-
fer only in whether ¢ is sampled per block or per
sample, the per-block schedule yields a clear addi-
tional improvement, suggesting that the diversity
of block-level noise levels provides useful training
signal. Equal-weight CE combines both improve-
ments and attains the best NELBO on both the
in-domain validation set and the OOD average.

B Pretraining Details and Additional
Results

B.1 Experimental Details

Model configurations. All models adopt
the LLaMA-style Transformer architecture of
SMDM (Nie et al., 2025a), with rotary position
embeddings, RMSNorm, SwiGLU feed-forward
layers, and a 32,000-entry vocabulary. Following
Nie et al. (2025a), model scales are named by
non-embedding parameter count (Table 8).

Optimization. For all pretraining runs, we use
the AdamW optimizer (Loshchilov and Hutter,
2019) with a peak learning rate of 2e — 4. The
learning rate is warmed up for the first 1% of the
total training steps and then decayed with a cosine
schedule.

Evaluation Corpora. For in-domain evaluation,
we report NELBO on the held-out validation split
of SlimPajama (Soboleva et al., 2023). For out-
of-domain evaluation, following BD3-LMs (Ar-
riola et al., 2025), we evaluate zero-shot likelihood
generalization on Penn Treebank (PTB) (Marcus
et al., 1993), WikiText-103 (Merity et al., 2017),
the One Billion Word Benchmark (LM1B) (Chelba
et al., 2014), LAMBADA (Paperno et al., 2016),
AG News (Zhang et al., 2015), and the PubMed and
ArXiv subsets of the Scientific Papers corpus (Co-
han et al., 2018).

B.2 Additional Pretraining Curves

Here, we present the pretraining curves of the
1028M model for block size B = 16. Fig-
ure 6 plots the Negative Evidence Lower Bound
(NELBO) on the SlimPajama validation set against
both training FLOPs and the number of consumed
unique tokens. Consistent with the observations
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ID (Val)

Out-of-Domain (OOD)

Method Mean OOD
SlimPajama PTB  WikiText LMIB AG News PubMed LAMBADA ArXiv

Original Block Diffusion NELBO ~ 3.032 wasciine)  4.549  3.326 3.906 3.857 2.892 3.758 2917  3.601 wascline)

Stabilized NELBO 2.996 o003  4.487 3.301 3.868 3.810 2.856 3.736 2.883  3.563 (0038

Shared-t CE 3.034 (r0002) 4.560  3.337 3.903 3.848 2.899 3.748 2916 3.602 (to.001)

Equal-weight CE 2.964 o0s) 4.465  3.264 3.857 3.774 2.809 3.723 2.837  3.533 (o068

Table 7: Full training objective ablation at the 336M scale (B=64, K=1). We report NELBO on the in-domain
validation set (SlimPajama), per-dataset NELBO on 7 OOD datasets, and the average across them.

Scale L d dgg  Heads Non-emb. Total
75M 16 640 1600 10 754M  116.3M
113M 12 768 3072 12 113.3M 162.4M
170M 18 768 3072 12 169.9M 219.1M
336M 20 1024 4096 16 335.6M  401.1M
1028M 20 1792 7168 14 1027.7M  1142.4M

Table 8: Architectural hyperparameters of the five pre-
training scales. L is the number of Transformer layers,
d the hidden dimension, and dg the feed-forward dimen-
sion.

Model Size FLOPs(10'%) K=1 K=2 K=4
75M 3.03 3593 3.530  3.535
113M 6.84 3413 3355 3.366
170M 15 3253 3204 3.207
336M 60 2964 2921 2928
1028M 540 2605 2569 2574

Table 9: Training FLOPs budgets and raw SlimPa-
jama validation losses across five model scales for
K € {1,2,4} at block size B = 64.

at B = 64, MMT with multiple mask patterns
(K > 1) consistently achieves a lower NELBO
than the single-mask baseline (K = 1) under both
matched-compute and matched-data comparisons.

B.3 Parameter Scaling Raw Results

Table 9 reports the SlimPajama validation losses
used in the parameter scaling study shown in Fig-
ure 4. We allocate training FLOPs across model
sizes following Chinchilla (Hoffmann et al., 2022)
(C x N?).

B.4 Detailed Complementary Masking
Results

Table 10 reports the per-dataset NELBO underly-
ing the complementary masking ablation summa-
rized in Table 3. For both K = 2 and K = 4,
complementary masking (w/ CM) improves over
independently sampled masks (w/o CM) on the
SlimPajama validation set and on the mean OOD
NELBO, and the gain is consistent across the ma-
jority of OOD corpora.

C Efficiency and Practical Selection of K

C.1 Trade-off and Practical Selection of K

Increasing K amortizes the shared clean-context
computation over more corrupted views, but under
a fixed compute budget it also reduces the number
of unique clean sequences seen during training. Let
Cy be the cost of processing one sequence copy.
An MMT bundle costs (K + 1)Cy and provides K
denoising views. Relative to the K = 1 baseline,
the denoising-view throughput and unique-data ex-
posure under the same theoretical FLOPs budget
are

2K 2
= Runique(K) = ———.
) K+1’ aue(K) K+1

(24)
These quantities evolve differently as K increases.
Moving from K = 1 to K = 2 raises denoising-
view throughput to 1.333 %, while retaining 66.7%
of the baseline unique-token exposure. In contrast,
moving from K = 4 to K = 8 raises view through-
put only from 1.600x to 1.778x, while reducing
unique-token exposure from 40.0% to 22.2%.

Rview (K

The measured wall-clock results exhibit the
same diminishing-return pattern. At fixed y = 8,
the measured speedups S(K) over K = 1 are
1.30x%, 1.54x,and 1.72x for K = 2, 4, and 8, re-
spectively (Table 12). Because each step sees only
1/K as many unique sequences, the corresponding
relative unique-token throughput under a fixed wall-
clock budget is S(K')/ K, namely 0.650x, 0.385x,
and 0.215x. Thus, larger K continues to improve
systems throughput, but each increment brings a
smaller speed gain while sacrificing a substantial
fraction of unique training data.

Table 11 confirms the consequence for model
quality. K = 2 achieves the best in-domain
NELBO and K = 4 the best mean OOD NELBO,
while increasing K to 6 or 8 weakens the benefit
of MMT. These results support K = 2 as a default,
with K = 4 preferable when OOD NELBO is the
primary target.
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Figure 6: NELBO on SlimPajama validation set throughout pretraining of the 1028M model with block size B = 16,
measured by training FLOPs (left) and consumed unique tokens (right). MMT reaches lower NELBO under both
metrics with multiple mask patterns, demonstrating improved compute and token efficiency from context sharing.

Method ID (Val) Out-of-Domain (OOD) Mean OOD
SlimPajama PTB  WikiText LMIB AG News PubMed LAMBADA ArXiv

K =2,w/oCM 2.935 4.456 3.246 3.836 3.725 2.775 3.716 2.814 3.510

K =2,w/CM 2.921 4515 3.232 3.837 3.713 2.759 3.698 2.799 3.508

K =4,w/oCM 2.937 4.470 3.239 3.831 3.735 2.778 3.691 2.816 3.509

K =4,w/CM 2.928 4.450 3.235 3.811 3.715 2.763 3.698 2.813 3.498

Table 10: Full complementary masking (CM) ablation at the 336M scale with block size B = 64. We report
NELBO on the in-domain validation set (SlimPajama), per-dataset NELBO on 7 OOD datasets, and the average

across them.

C.2 Detailed Memory Scalability

We measure the micro-batch size p in masked
copies. At fixed u, the K = 1 baseline pro-
cesses approximately 24N token representations
per micro-batch, whereas MMT shares each clean
sequence among K corrupted copies and processes
approximately p(1 + 1/K)N. Consequently, in-
creasing K reduces activation memory at the same
w; the saved memory can instead be used to in-
crease 4 and reduce gradient-accumulation over-
head.

Table 12 separates the effect of K from that of .
At the controlled ;¢ = 8, memory decreases mono-
tonically from 66.0 GiB at K = 1 to 43.3 GiB
at K = 8. Doubling to ;x = 16 is infeasible
for K € {1,2} on the same hardware but be-
comes feasible once sufficient memory is saved
at K € {4,8}.

The same pattern persists at longer contexts (Ta-
ble 13). At 4k, doubling u from 4 to 8 exceeds
the A800 memory limit for K € {1,2} but fits at
K = 4. At 8k on B200 GPUs, i1 = 8 is infeasible
for K = 1 but fits for K € {2,4}. Across all
tested context lengths, increasing K consistently
lowers memory at fixed ¢ and can make larger
micro-batches feasible.

D AR-to-Diffusion Details and Results

D.1 Training Setup and Data Mixture

Training setup. For AR-to-Diffusion adaptation,
we use block size B = 32, context length 2048,
and a global batch size of 512 masked copies.
All runs are trained for 6000 optimizer steps with
AdamW (Loshchilov and Hutter, 2019). The learn-
ing rate is warmed up for the first 500 steps and
then decayed with a cosine schedule, with a peak
learning rate of 4e — 5. Under this fixed masked-
copy budget, the K=1 run consumes approxi-
mately 6.29B unique tokens, while K =2 and K =4
consume approximately 3.15B and 1.57B unique
tokens, respectively.

Data mixture. We sample fine-tuning examples
from the SFT portion of the LLaMA-Nemotron
post-training dataset (Bercovich et al., 2025). Ta-
ble 14 reports the normalized sampling mixture
used in our AR-to-Diffusion runs.

D.2 Multi-seed Evaluation

We train the Qwen2.5-1.5B-Instruct variants with
three independent random seeds for each K. For
each seed, we first average the evaluations over the
final 10 checkpoints and then compute the mean
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ID (Val)

Out-of-Domain (OOD)

K Rview Runique Mean OOD
SlimPajama PTB  WikiText LMIB AG News PubMed LAMBADA ArXiv
I 1.000x  1.000x 2.964 4.465 3.264 3.857 3.774 2.809 3.723 2.837 3.533
2 1.333x  0.667x 2.921 4.515 3.232 3.837 3.713 2.759 3.698 2.799 3.508
4 1.600x  0.400x 2.928 4.450 3.235 3.811 3.715 2.763 3.698 2.813 3.498
6 1.714x  0.286x 2.941 4.470 3.247 3.842 3.739 2.785 3.707 2.828 3.517
8 1.778x  0.222x 2.965 4.517 3.264 3.853 3.762 2.806 3.711 2.847 3.537

Table 11: Quality—efficiency trade-off across K at the 336M scale with B = 64 under matched compute. Ry ey, and

Runique are defined relative to K = 1.

K Step(s) Speedup Mem. Step(s) Speedup Mem.
1 5.23 1.00x 66.0 OOM - OOM
2 4.02 1.30x 53.7 OOM - OOM
4 3.40 1.54% 46.4 3.26 1.60x 79.2
8 3.04 1.72x 433 2.99 1.75% 73.4

Table 12: Complete speed and memory results for the
1028M model at context length 2k on A800-80GB
GPUs. Memory is reported in GiB.

Context K Mem. (x =4) Mem. (1 = 8)
1 64.5 OOM
4k 2 52.4 OOM
4 46.1 79.0
1 118.3 OOM
8k 2 91.8 168.2
4 81.5 145.7

Table 13: Memory usage (GiB) at longer context lengths.
4k is measured on A800-80GB GPUs and 8k on B200-
180GB GPUs.

and standard deviation across the three seeds. We
also report a six-task average that excludes GPQA,
which is close to chance at this scale. The complete
per-seed results are reported in Table 15.

The independent runs show that K = 2 provides
comparable downstream quality to K = 1.

D.3 Extended K = 1 Training

To assess whether 6,000 optimizer steps are suf-
ficient for the X' = 1 baseline to converge, we
extend the original AR-to-Diffusion run to 10,000
steps. The endpoint of the cosine learning-rate
schedule is extended accordingly, while all other
training settings remain unchanged. For each train-
ing horizon, we report the mean and standard de-
viation across its final 10 consecutive checkpoints:
steps 5,991-6,000 and 9,991-10,000, respectively.
Because only one training seed is extended, the
reported standard deviations characterize variation
across adjacent checkpoints rather than run-to-run
uncertainty.

Category Proportion

chat 4.00%
code 40.00%
math 54.00%
ifeval 2.00%

Table 14: Normalized sampling mixture of the SFT data
used for AR-to-Diffusion fine-tuning.

Extending training from 6,000 to 10,000 steps
leaves the seven-task average essentially un-
changed, from 48.72 to 48.62. These results
suggest that the X' = 1 baseline has largely
plateaued under the evaluated AR-to-Diffusion
training recipe.

E Artifact Licenses and Terms

We use publicly available datasets, model check-
points, codebases, and benchmarks listed through-
out the main paper and in Appendix B.1 and D.1
solely for academic research, training, and eval-
uation purposes. Our use is consistent with the
intended use specified by each artifact’s original
providers, and we follow their corresponding li-
censes and terms of use. We do not redistribute any
of the original artifacts. Code and model check-
points released by this work will be made available
under a license compatible with all upstream arti-
facts used during their creation.
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K Seed GSMSK MATH MMLU GPQA IFEval MBPP HumanEval Avg. Avg. w/o GPQA

32 70.34 41.70 51.96 25.96 59.87 49.73 40.93 48.64 52.42
1 37 69.83 41.58 51.74 26.83 61.28 49.30 38.72 48.47 52.08
42 69.70 41.02 51.69 25.22 62.36 47.43 43.60 48.72 52.63

Mean + Std. | 69.961034 41431036 S51.801014 26.002081 61.174125 48821102  41.081244 | 48.6140.13 52.3840.28
32 70.20 41.50 51.00 28.57 60.98 46.85 42.80 48.84 52.22
2 37 69.35 40.80 51.66 26.47 59.45 50.54 42.13 48.63 52.32
42 70.46 41.54 52.70 23.41 60.56 49.88 44.08 48.95 53.20

Mean + Std. 70-0010.58 4142810.42 51-7910.86 26.15i2.5g 60.33:&0,79 4940911,97 4340110,99 48.8110,16 52.58:&0,54
32 68.51 40.60 51.31 27.66 59.30 46.61 42.06 48.01 51.40
4 37 69.95 40.72 50.65 25.72 60.29 47.39 41.28 48.00 51.71
42 69.87 40.87 51.61 27.46 59.85 4498 43.11 48.25 51.72

Mean + Std. | 69445081 40732004 51194049 26951107 59811050 46331195 42152000 | 48094014  51.61401s

Table 15: Three-seed downstream results for AR-to-Diffusion adaptation initialized from Qwen2.5-1.5B-Instruct.
Each seed-level entry is averaged over the final 10 checkpoints; the “Mean + Std.” rows report the mean and
standard deviation across seeds.

Steps ‘ GSMSK MATH MMLU GPQA IFEval MBPP HumanEval ‘ Avg.

6,000 | 69.704+0.42 41.024027 51.694012 25.224043 62.361076 47.431067 43.601077 | 48.72
10,000 | 70931048 42241020 50.6710.06 26.724040 060.141097 45991070 43.664072 | 48.62

Table 16: Downstream performance of the K = 1 AR-to-Diffusion baseline at 6,000 and 10,000 optimizer steps.
Each entry reports the mean and checkpoint-wise standard deviation over the final 10 consecutive checkpoints.
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