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Abstract

Diffusion Language Models (DLMs) enable
fast generation, yet training large DLMs from
scratch is costly. As a practical shortcut, adapt-
ing off-the-shelf Auto-Regressive (AR) model
weights into a DLM could quickly equip the
DLM with strong long-context generation capa-
bilies. Prior “adaptation” attempts either mod-
ify logits or randomly grow attention masks to
Full-Sequence diffusion, or simply transplant
AR weights into a Block-Diffusion recipe, leav-
ing two key questions unaddressed: where is
the final destination of adaptation, and how to
adapt better? For manifold benefits, we reframe
the whole AR-to-DLM adaptation under the
Block-Diffusion paradigm, transitioning from
block size 1 to the final Block-Diffusion state.
Concretely, the principled pathway of adapta-
tion is designed as follows: we keep a context-
causal path where causal attention is kept in
the prefix, an efficient parallel adaptation pro-
cedure where an AR guidance is maintained,
and gradual increment of the generation block
size for a smoother transition. Built on these
components, the adaptation is proved competi-
tive on various models at different scales. With
better adaptation, we propose NBDIFF-7B that
could inherit the long-context modeling and
reasoning capabilities, and achieve state-of-the-
art performance among the 7B-class DLMs.

1 Introduction

Large language models (LLMs) are rapidly per-
meating real-world applications because of their
strong generative capability. However, the domi-
nance of AutoRegressive (AR) LLMs is built on a
fundamental trade-off: powerful left-to-right causal
generation at the cost of strictly sequential, token-
by-token decoding. This trade-off creates an infer-
ence bottleneck that limits the decoding speed of
AR LLMs. In contrast, Diffusion Language Models
(DLMs) offer a promising alternative by enabling
parallel generation, reducing sequential dependen-
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Figure 1: Comparison of our model with baselines.
After adaptation an open-sourced AR LLM, our model
has good long-sequence and reasoning capabilities and
shows outstanding performance in various benchmarks.

cies and yielding substantially higher throughput
and lower wall-clock latency in practice.

Current diffusion approaches for language have
largely converged on masked diffusion, with
two dominant paradigms. Full-Sequence Diffu-
sion (Nie et al., 2025; Ye et al., 2025) starts from
a fully masked sequence and denoises to a com-
plete output where all tokens attend bidirection-
ally. Block-Diffusion (Arriola et al., 2025; Cheng
et al., 2025) decodes one block at a time: tokens
are bidirectional within the active block, while
blocks themselves follow left-to-right causal order,
yielding a semi-autoregressive workflow. Train-
ing masked diffusion is intrinsically harder than
AR pretraining because, unlike AR—where every
token contributes a next-token-prediction loss—only
masked tokens provide supervision, which slows
optimization. Yet masked diffusion and AR models
are strikingly similar in input—output format and
transformer architecture. This naturally motivates
the question: can we leverage powerful off-the-
shelf AR checkpoints and rapidly adapt them into
diffusion models, preserving their knowledge while
avoiding the cost of training a DLM from scratch?

Existing adaptation methods are lacking. Early
attempts used logit shifts and random attention



mask growth to Full-Sequence Diffusion (Gong
et al., 2025a; Ye et al., 2025). More recent block-
wise adaptations simply ’transplant’ the AR model
into a Block-Diffusion training setup "as is.” (Cheng
et al., 2025)—they do not investigate the core mis-
match between AR and Block-Diffusion. These
methods leaves a clear gap: where should be our
destination of adaptation, and how to adapt an AR
model to Diffusion for better performance?

Our approach is grounded in a key insight: for
longer-sequence training, efficient inference, and
adaptation benefits, Block-Diffusion should be ei-
ther the pathway and the destination of adaptation.
AR generation could be viewed as a special case of
Block-Diffusion with a blocksize of 1, reframing
adaptation not as a crude switch, but as a smooth
transition across a spectrum. Under this unified
view, we look for a principled and smooth transi-
tion path from AR to Block-Diffusion. Our design
consists of a context-causal attention mask that
preserves AR inductive bias in committed context,
parallel training with an auxiliary AR guidance
that regularizes the path of adaptation, and gradual
growth of block size. The design provides an ef-
ficient adaptation strategy from AR to DLM that
progressively unlocks bidirectional attention and
parallel decoding within the generating block while
maintaining strict train—inference alignment.

Our contributions are as follows:

1. After investigation, we propose to view
the whole adaptation process under Block-
Diffusion for its natural training, inference,
and adaptation benefits. The transition from
AR to DLM is then simply blocksize growth
from causal (blocksize = 1) to target size.

2. We propose the Context-Causal mechanism
tailored for this adaptation, which preserves
AR knowledge in the context while enabling
efficient bidirectional intra-block generation.
We develop an efficient parallel training strat-
egy that aligns with inference and incorporates
an auxiliary AR loss. We also develop a grad-
ual block growth approach that alleviates the
gap between AR and Block-Diffusion models.
These measures markedly improve adaptation
performance.

3. We demonstrate the effectiveness of our ap-
proach with various models. We also propose
NBDIFF-7B, which, after efficient adaptation
from its strong AR counterparts, could model
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Figure 2: The diffusion paradigm of our NBD-
IFF model. We compare popular language generation
paradigms. Diffusion LLMs adapted from AR adopt
logit shift and attention mask growth; Block-Diffusion
uses block-wise autoregressive and maintains an intra-
block bidirectional mask; Our model adopts Block-
Diffusion where bidirectional attention is used intra-
block, but features a causal context.

long contexts (up to 32K sequence lengths)
and perform reasoning. Both NBDIFF-7B-
BASE and NBDIFF-7B-INSTRUCT outper-
form strong baselines like LLaDA (Nie et al.,
2025; Zhu et al., 2025; inclusionAl, 2025),
Dream (Ye et al., 2025), and SDAR (Cheng
et al., 2025) on general, math, and code bench-
marks (Figure 1), achieving state-of-the-art
performance.

2 Rethinking DLLM Adaptation from AR:
to Where, and How?

2.1 Revisiting Previous Adaptation

Prior adaptation work (Gong et al., 2025a) mainly
focuses on adapting a Full-Sequence Diffusion
model from an AR model. The authors observe the
difference in attention mechanism, and proposes
random "annealing", or random growth, of the at-
tention mask from a lower-triangular causal atten-
tion mask to a full, bidirectional attention mask.
While the work (Gong et al., 2025a) is trying to
bridge the AR and Diffusion generation paradigms,
we hold different opinions on random growth of
attention masks: its transition is not "natural." In
practice, training sees unknown future corpora; spo-



radically granting early tokens access to a random
subset of future tokens yields incomplete and poten-
tially misleading context, thus limiting adaptation
potentials.

Hence, we try to answer two major questions
regarding this transition, i.e. to where, and how.
Firstly, what should be the destination of this transi-
tion? Secondly, is there a smoother and better way
to transition from an AR model to a DLM model?

2.2 Block-Diffusion and its Advantages

Unlike previous adaptation methods (Gong et al.,
2025a) that focuses merely on Full-Sequence Diffu-
sion models, recent diffusion LLMs (Cheng et al.,
2025; Wu et al., 2025a) increasingly adopt Block-
Diffusion (Arriola et al., 2025), which is both more
efficient and performant than Full-Sequence Diffu-
sion and conceptually sits between Full-Sequence
Diffusion and AR: generation proceeds left-to-right
across blocks while remaining bidirectional within
a block (Figure 2). Specifically, tokens within the
same block attend to each other bidirectionally,
whereas attention across blocks is strictly causal.
Decoding is performed block by block, with all
tokens in a block capable of generating in parallel.
We analyze the advantages from several aspects:
either from training, from inference, and also from
the perspective of adaptation from AR models.

Training advantages: stabler training at longer
sequences. AR models excel at long-sequence
reasoning, yet most diffusion LLMs still oper-
ate at modest context lengths (e.g., LLaDA (Nie
et al., 2025)=1K, Dream (Ye et al., 2025)=512),
raising the question of how sequence length im-
pacts DLM training. We therefore pretrain Full-
Sequence Masked Diffusion and Block-Diffusion
under identical corpora at 1K/2K/4K/8K sequence
lengths and compare their training losses (Figure 3).
For fair comparison, we adjust batchsize accord-
ingly with sequence length to ensure that each train-
ing iteration consumes the same number of tokens.
As context grows, the full-sequence model exhibits
increasingly large loss oscillations, whereas Block-
Diffusion remains consistently stable. Notably, at
long lengths the block-diffusion loss is also lower,
suggesting that longer contexts provide tangible
generation benefits when the training dynamics are
well-conditioned.

We hypothesize the instability of masked Full-
Sequence Diffusion stems from the combinatorial
explosion of the masking space: as sequence length
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Figure 3: Loss curves at different sequence lengths
(Upper: Full-Sequence; Lower: Block-Diffusion).
As sequence length increases, Full-Sequence Diffusion
suffers loss fluctuation while Block-Diffusion loss re-
mains stable. Block-Diffusion is a better choice for
long-sequence generation.

increases, (i) the number of masked tokens per step
can vary drastically, and (ii) the effective decod-
ing/denoising orders proliferate, complicating op-
timization (Kim et al., 2025). In contrast, Block-
Diffusion constrains the space by fixing a constant
block size, which regularizes the denoising sched-
ule, preserves left-to-right structure, and stabilizes
gradients, thereby enabling long-sequence advan-
tages to manifest in masked DLMs.

Inference advantages: KV-Cache reuse. Differ-
ent from Full-Sequence Diffusion where the whole
sequence has to pass through the model together
for each inference step, Block-Diffusion keeps pre-
vious tokens fixed while only performs decoding
in the last block of the generated tokens. Thus it
could re-use the KV-Cache from previous block
generations and only the last block to be gener-
ated needs to be passed into the model, reducing
significant inference costs. Besides, though Block-
Diffusion has designated the causal (left-to-right)
block generation sequence, the use of bidirectional
attention within the last generating block still en-
ables parallel token-decoding. In practice, we use
the blocksize of 32 tokens (larger than previous
same-scale DLMs (Cheng et al., 2025)) to tap the
speed potential of the proposed model to the full.

Adaptation advantages: analogous paradigms
and easier adaptation from AR. Apart from the
performance advantages, Block-Diffusion helps
easy adaptation from AR. Instead of forcing a
global jump from causal to full-sequence bidirec-
tional attention, we treat Block-Diffusion as the



destination. By preserving left-to-right semantics
at the block level and relaxing bidirectionality in-
side the active block, we try to partially align with
the AR inductive bias for better adaptation, which
greatly reduces the difficulty for alignment. In ad-
dition, the blockwise semi-AR manner could also
enable parallel training, improving data utility and
model convergence.

In the next section, we will stick to the paradigm
of Block-Diffusion and seek a way for fast transi-
tion from AR model.

3 Designing Transition Paradigms

3.1 How Should the Unmasked Context
Attend?

Comparing the attention mechanisms of Block-
Diffusion and AR (which could be roughly viewed
as Block-Diffusion of blocksize = 1, as intro-
duced in Sec. 1), the key difference that requires
our adaptation efforts lies in the bidirectional at-
tention within the last active block; namely, we
have to grow the attention mask at the end of the
generating sequence from blocksize = 1 to tar-
get block size. However, apart from the attention
within the active block region, different transition
solutions arises from the decoded context: how
tokens in the unmasked context (x«, ) should at-
tend to each other? Here we analyze two possible
attention pathways of Block-Diffusion as follows:

* Block-Causal (widely used in Block-
Diffusion (Arriola et al., 2025) / D2F (Wang
et al., 2025¢) / SDAR (Cheng et al., 2025)).
Tokens have bidirectional attention within ev-
ery block (both past/committed blocks and
the active block), and causal flow across
blocks (each token can see all tokens in earlier
blocks). This maximizes intra-block interac-
tion everywhere, not only in the active block.

* Context-Causal (our preferred setting).
The context (prompt + already generated/-
committed blocks) remains strictly causal:
each token only attends to itself and prede-
cessors. Only the last (active) block is given
bidirectional attention to support diffusion-
style refinement; future blocks are hidden.

To examine the two schemes, we adapt two
Block-Diffusion models from an AR model (based
on Block-Causal and Context-Causal, respectively)

by training 2000 iterations, and examine their per-
formance on popular math and coding benchmarks.
The results are shown in Table 1.

Table 1: Comparison of Block-Causal and Context-
Causal attention schemes. Context-Causal gains a
clear advantage in adaptation from AR.

Scheme GSM8K MATH HumanEval MBPP Avg
Block-Causal 60.1 1.6 24.4 394 314
Context-Causal 68.8  36.8 41.5 474 48.6

Empirical takeaway and intuition. In these pre-
liminary adaptation experiments, Context-Causal
consistently outperforms Block-Causal by large
margins: the accuracy is significantly higher when
the context keeps strict causality and only the active
block is bidirectional.

We attribute this to: (i) Inductive-bias align-
ment with AR pretraining, which reduces the
gap between AR and Block-Diffusion by preserv-
ing causal self-attention in the context; and (ii)
Generation-paradigm consistency: although the ac-
tive block is refined bidirectionally (no fixed order
inside the block), the overall decoding remains left-
to-right across blocks. Keeping the context causal
does not reduce the visibility required for the block
being generated and avoids introducing spurious,
partially bidirectional signals into earlier (already
“finalized”) content.

3.2 Training Parallelism

The naive block-diffusion recipe is data-inefficient:
random cropping wastes the remaining tokens of
each sequence, and only a small subset of masked
tokens inside the last block contributes to the loss.
Unlike AR pretraining—where every token can
supervise next-token prediction—switching to next-
block prediction sharply reduces token utilization.
We therefore restructure training so that all blocks
provide learning signal in a single forward pass.
To reach this goal, the clean (unmasked) se-
quence is concatenated after the noised sequence
and enforce a structured attention mask that lets
the clean side provide context to the noised side.
The mask (shown in Figure 4) has four quadrants:
(upper-left, Mpp) block-diagonal self-attention
within the noised view (bidirectional inside each
noised block); (upper-right, M opc) attention from
noised tokens to earlier clean blocks, so denois-
ing conditions on stable context; (lower-left) ze-
ros, preventing the clean sequence from reading
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Figure 4: Our Parallel Training Diagram. The diagram shows the parallel training form of our Context-Causal
setting (we use blocksize = 4 as an example; the actual blocksize is 32). We concatenate a clean, unmasked token
sequence to the noised sequence. The attention mask M,y is designed (shown in the right) such that strictly-causal
attention is applied in the unmasked input; for the masked input, each token has bidirectional attention intra-block,
but causal attention to past inter-block tokens that are unmasked. AR loss Lag is introduced in addition to the

canonical masked loss Lypy for faster adaptation.

the noised view (matching inference); and (lower-
right, M) strictly causal self-attention within the
clean sequence. Relative to prior block-diffusion
training masks (Arriola et al., 2025), we replace
block-causal with fully causal (context-causal) in
this lower-right quadrant, preserving the AR induc-
tive bias in the context while still enabling intra-
block bidirectionality only where generation hap-
pens. The detailed formulation of training and
the structured attention mask in enclosed in Ap-
pendix A. This design optimizes per-step token
utilization, and empirically stabilizes training.

3.3 AR Loss Guidance

While our one-pass parallel recipe enables effi-
cient Block-Diffusion training, the diffusion loss is
only applied to logits on the noised (active) blocks;
logits on the clean-context branch of the concate-
nated sequence mainly serve as conditioning sig-
nals. Meanwhile, our adaptation follows a path
from Block-Diffusion with blocksize = 1 (i.e.,
AR) to a target block size, and we would like this
path to remain anchored to the AR behavior rather
than drifting too far away. To this end, we intro-
duce an auxiliary AR objective as a lightweight
constraint, which is naturally attached to the clean-
context branch because it already follows strictly
causal self-attention. This turns otherwise unused
context predictions into supervised next-token tar-
gets, improving token utilization without changing
diffusion-side conditioning.

Let C index tokens on the clean context, x; be the
ground-truth token at position %, and M ¢ denote
the context-causal mask; we attach a standard LM
head and define an autoregressive objective over

the context as

Lar(0) =E| — Zlogpe(wiﬂ | z<;; Mcc) |-

1eC
(1)
Let Lypm(6) be the masked/block-diffusion de-
noising loss computed on the noised view under
M. (as in Eq. (5)); we then train with an affine
combination controlled by A >0:

Liotal(0) = Lypm(0) + A Lar(0). (2)

In practice, we set A = 0.5 so that the number of
tokens participating in the MDM and AR losses
is kept at a comparable scale throughout adapta-
tion. Overall, LR provides a simple yet effective
guidance signal along the AR—Block-Diffusion
path, while being “free” to compute from the clean-
context branch in our parallel training formulation.

3.4 Gradual Block Growth

After determining the path for transition and guid-
ance, we pursue a smoother adaptation by grow-
ing blocks in Block-Diffusion (Figure 5). As
noted, AR could be viewed as Block-Diffusion
of blocksize = 1; hence, the transition could be
viewed under the Block-Diffusion paradigm, where
we start from block size of 1 and end at the target
block size. Naturally, we gradually increase the
generation block size from AR’s single-token steps
toward larger blocks, so that the model transitions
continuously from next-token prediction to next-
block refinement. This monotonic growth retains
left-to-right causality while progressively introduc-
ing intra-block bidirectionality, narrowing the pro-
cedural gap and easing optimization.
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Figure 5: The Diagram for Gradual Block Growth.
Starting from an AR model (which could be viewed as a
Block-Diffusion model of blocksize = 1), we gradually
double the blocksize during training until reaching the
target size, mitigating the adaptation gap between AR
and Block-Diffusion.

Starting from blocksize b=1 (AR), we interpo-
late to larger bidirectional blocks by growing b in in-
teger powers of a user-chosen base € {2,4,...}
(on a normal basis the power of 2 is adopted) at
fixed training intervals. Let s be the global train-
ing step, A the interval (in steps) between growth
events, so an optional warmup before the first
growth, byp=1 the starting size, and b,y the in-
ference target. The schedule is as follows.

max(0, s—s0)
b(S) = min{ bmax, bo - T L A . J }7 3

which holds b constant on plateaus [sg + kA, s +
(k-+1)A) and multiplies it by » whenever s crosses
a multiple of A (e.g., 1 — r — 72 — ...) un-
til capped by byax. This integer-power curricu-
lum reduces the AR — diffusion adaptation gap by
aligning early optimization with the AR inductive
bias (small b) and gradually unlocking intra-block
bidirectionality and parallel supervision as b in-
creases. In practice, we keep train-inference seman-
tics matched at each plateau via the same context-
causal mask family, optionally co-schedule com-
pute by shrinking the refinement steps per block
T(s) x 1/b(s) to maintain a roughly stable token-
update budget, and anneal the AR-loss weight A as
blocks grow to reallocate gradient capacity toward
the diffusion objective.

4 Experiments

In this section, we empirically demonstrate the suc-
cess of our proposed adaptation methods via mani-
fold experiments. We test our method on various
off-the-shelf model weights of different sizes, in-
cluding Qwen3-4B-Base, Qwen3-8B-Base (Yang

et al., 2025), and openPangu-Embedded-7B (Chen
et al., 2025).

Experiment setup. For all experiments, we
use sequence length /=8k and global batch size
B=1024; Ir is set as 1le — 5 with the Adam opti-
mizer. we train for 4000 iterations that consumes
approximately 30B of the training data. Adaptation
iteration for gradual growth is set as 2500. For the
Qwen3 series, we use the FineWeb-100B (Penedo
et al., 2024) dataset. For openPangu, we use a large,
high-quality 700B internal dataset.

Comparison with existing baselines. On the ba-
sis of logit shift introduced in DiffuLLaMA (Gong
et al., 2025a), we adopt two methods as baselines.
"Annealed Attention Mask" (Gong et al., 2025a)
proposes random growth from the auto-regressive
causal attention mask to the targeted Diffusion
attention mask. In our setting, since we are us-
ing structured attention masks for parallel train-
ing, "Annealed Attention Mask" is applied as the
random interpolation between structured attention
masks for blocksize = 1 and blocksize = 32. We
are aware that Mpp and Mg are closely depen-
dent; hence, we "chain" the randomness of Mgp
and Mg such that each token will not view each
position twice in attention. "Plain Finetuning" di-
rectly uses the targeted attention mask for training.

As shown in Table 2, our method consistently
outperforms both baselines across model scales
and evaluation benchmarks. Compared to an-
nealed attention masks and plain finetuning, our
approach achieves the highest average performance
on Qwen3-4B, Qwen3-8B, and openPangu-7B with
particularly notable gains on GSM8K, MATH, and
MBPP. These results indicate that a structured and
progressive adaptation strategy is more effective
than either random interpolation or directly apply-
ing the target attention mask, leading to more stable
and reliable performance improvements across di-
verse tasks and model sizes.

Contribution of adaptation. In Table 2, we also
ablate our two adaptation components: AR loss
and gradual block-size growth—starting from a
plain fine-tuning baseline. Adding AR loss lifts
the overall Avg from 48.95 to 52.97 (+4%), with
the largest gains on math and MBPP and modest
improvements elsewhere. Stacking gradual block-
size growth further raises Avg to 54.94, indicating
that smoother progression from next-token to next-
block generation improves stability and yields con-



Table 2: Comparison of Adaptation Methods. We demonstrate the effectiveness of our method across different

models and settings.We also show the contribution of each component in our adaptation methods.

Method GSM8K MATH HumanEval MBPP Avg
QOwen3-4B-Base

Annealed Attention Mask (Gong et al., 2025a) 76.57 28.66 25.61 5940 47.56
Plain Finetuning 72.18 24.84 31.10 56.80 46.23
Ours 79.83 32.26 27.44 61.60 50.28
Owen3-8B-Base

Annealed Attention Mask (Gong et al., 2025a) 80.67 25.76 39.02 49.80 48.81
Plain Finetuning 78.32 24.22 42.68 58.20 50.85
Ours 82.26 34.68 31.71 64.40 53.26
openPangu-7B

Annealed Attention Mask (Gong et al., 2025a) 70.05 35.46 26.83 45.00 44.34
Plain Finetuning 72.63 36.14 39.63 47.40 48.95
+ AR loss 75.13 43.30 40.24 53.20 52.97
+ AR loss & Gradual Growth (Ours) 76.57 44.06 44.51 54.60 54.94

sistent, additional benefits—especially for coding
and multi-step reasoning.

S NBDIff-7B

We further demonstrate the effectiveness of our
adaptation method via intensive data scaling. We
start from the openPangu-Embedded-7B (Chen
et al., 2025) base checkpoint and adapt it into a
diffusion language model (DLM) using the train-
ing dataset in that release. With these efforts, we
launch NBDIFF-7B, a State-of-the-Art diffusion
model.

5.1 Setup

Training. The pretraining adaptation stage uses
a two-phase learning-rate schedule: we keep the
learning rate constant for the first 24,000 iterations
and then apply a learning-rate cooldown over the
final 60,000 iterations, for a total of 84,000 iter-
ations. We train with sequence length =8k and
global batch size B=1024. The effective tokens
processed per iteration are 8M tokens, so across
84,000 iterations the total token volume is approxi-
mately 700B tokens. NBDIFF-7B-BASE, the State-
of-the-Art base model with 8K context, is com-
pleted after this stage. Then, to equip the model
with long-sequence generative capabilities, we ex-
tend the pretraining sequence length =32k and
train for 23,800 iterations (approximately 100B
tokens), equipping the model with long-sequence
modeling capabilities. Finally, we use 10B-token
SFT data of sequence length /=32k to finetune
the model for 10 epochs (approximately 17,000
iterations) and equip it with reasoning capabilities.

We use a uniform masking strategy over the
diffusion step ¢t ~ Uniform[0,1] (sampled and
mapped to the discrete step index), and keep the
inference/training mask families matched at each
curriculum plateau. All other optimizer and system-
level settings follow the default configuration of the
openPangu-Embedded-7B (Chen et al., 2025) re-
lease.

Inference. For sampling during inference, we
build on Fast-DLLM-v2 (Wu et al., 2025b), i.e.,
a Block-Diffusion (Arriola et al., 2025) instanti-
ation of Fast-DLLM (Wu et al., 2025b): at the
macro level the sequence is generated left-to-right
by blocks (causal across blocks), while inside each
block we permit bidirectional attention to refine
tokens jointly. For speed, the inner refinement can
follow the v2 “small-block™ schedule or be col-
lapsed into a single full-block bidirectional pass
when latency matters. Compared with the vanilla
recipe, we replace confidence-based scheduling
with an entropy-based parallel decoding rule. For
code benchmarks, we enable sampling and set
top_p = 0.9 and T' = 0 for better performance.
To balance train-inference consistency and through-
put, we set the macro block size to 32, which aligns
masking between training and decoding and yields
substantial parallelism, and follow Fast-DLLM-
v2 (Wu et al., 2025a) for the small block size of
8 during intra-block refinement. The experiment
results are all single-run outcomes.

5.2 Evaluation

We primarily evaluate NBDIFF-7B across three
capability areas—code, math, and general knowl-



Table 3: Comparison between NBDIFF-7B-INSTRUCT and the latest SFT (Instruct) version diffusion language
models. Our model demonstrates strong performance on general, math, and coding tasks, and outcompetes latest
diffusion baselines by large margins. * indicates non-official replications.

LLaDA-MoE LLaDA2.0-mini Dream-v0 SDAR Ours-7B
Benchmark 7B-A1B preview 16BA1B Instruct-7B 8B Instruct
General
MMLU 67.2 72.5 67.0 78.6 82.1
MMLU-Pro 44.6 49.2 433 56.9 73.6
CMMLU 64.3 67.5 58.8 75.7 77.1
CEval 63.9 66.5 58.0 72.7* 74.3
IFEval 59.3 62.5 62.5 61.4 60.6
Math
GSM8K 82.4 89.0 81.0 91.3 91.0
MATH 58.7 73.5 39.2 78.6 84.0
Coding
MBPP 70.0 77.8 58.8 72.0 87.6
HumanEval 61.6 80.5 55.5 78.7 89.0
Avg 61.1 71.0 58.2 74.0 79.9

edge—and compare its performance against several
baseline models to understand relative strengths
and trade-offs. We evaluate general capabilities
on MMLU (Hendrycks et al., 2021), MMLU-
Pro (Wang et al., 2024), CEVAL, CMMLU (Li
et al., 2023), and IFEval (Zhou et al., 2023); mathe-
matical reasoning on GSMS8K (Cobbe et al., 2021)
and MATH (Lewkowycz et al., 2022); and coding
performance on MBPP (Austin et al., 2021b) and
HumanEval (Chen et al., 2021).

We present the SFT (Instruct) results (i.e.
NBDIFF-7B-INSTRUCT) in Table 3. Due to page
limits, the Base version, NBDIFF-7B-BASE, is
presented in Appendix B. NBDIFF-7B-INSTRUCT
delivers the highest macro average (79.9) among
SFT baselines, substantially outperforming SDAR-
8B (Cheng et al., 2025) and LLaDA (Nie et al.,
2025) variants (Zhu et al., 2025; inclusionAl, 2025).
On general knowledge, it sets the pace on MMLU
(82.1), MMLU-Pro (73.6), and CMMLU (77.1),
and ranks second on CEval (74.3) while remaining
competitive on IFEval (60.6) despite ties among
baselines. For math, NBDIFF-7B-INSTRUCT
achieves good GSM8K performance (91.0) and
State-of-the-Art MATH performance (84.0), indi-
cating strong multi-step and competition-style rea-
soning under instruction following. In coding, it
tops both MBPP (87.6) and HumanEval (89.0), nar-
rowing and in most cases reversing the AR-favoring
gap seen in some base models. Taken together,
these results show that instruction tuning on a dif-

fusion LLM not only preserves the Base model’s
breadth, but amplifies performance across general,
math, and coding by large margins, establishing
NBDIFF-7B-INSTRUCT as a strong, balanced SFT
model in the 7B class.

6 Conclusion

In this work, we propose a principled adaptation
framework that bridges the gap between Autore-
gressive (AR) and Block-Diffusion models. By
reframing adaptation as a continuous interpolation—
viewing AR as a Block-Diffusion model with a
block size of one—we introduce the context-causal
attention mechanism and an efficient parallel train-
ing recipe with auxiliary AR supervision, which
maximally preserves the pre-trained knowledge of
the source model. We also propose a block-size
growth curriculum that smoothly transitions the
model from sequential to parallel generation.

Our resulting model, NBDIFF-7B, has achieves
state-of-the-art performance among 7B-parameter
diffusion models, outperforming strong baselines
on math, code, and general reasoning bench-
marks. These results demonstrate that expensive
pre-training from scratch is not necessary to build
high-quality diffusion LLMs. Instead, our method
offers a compute-efficient pathway to unlock paral-
lel generation capabilities in existing open-source
AR checkpoints, potentially accelerating the de-
ployment of faster and more flexible generative
models.



Limitations

Our study is constrained by compute: we did
not scale beyond the 7-8B regime. We also
focused deliberately on adaptation; we did not
explore reinforcement-learning—based objectives
(e.g., policy optimization for reasoning/code) or
more advanced decoding policies beyond our
entropy-guided block refinement. Extending the
approach to larger model scales, integrating RL
pipelines, and systematically evaluating richer de-
coding and routing strategies (e.g., adaptive block
sizing, uncertainty-aware early exit) are promising
directions. Risks: The NBDIFF model may occa-
sionally generate offensive or harmful content (e.g.,
toxic language, stereotypes, or culturally insensi-
tive statements). We recommend deploying with
content filtering, user feedback loops, and contin-
ual safety fine-tuning to mitigate residual risks. AI
Usage: Al is used to polish academic papers and
assist with formatting.
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A Methodology Details

Attention mask for parallel training. The naive
block-diffusion recipe is data-inefficient: random
cropping wastes the remaining tokens of each se-
quence, and only a small subset of masked tokens
inside the last block contributes to the loss. Unlike
AR pretraining—where every token can supervise
next-token prediction—switching to next-block pre-
diction sharply reduces token utilization. We there-
fore restructure training so that all blocks provide
learning signal in a single forward pass.

We seek to model all blockwise conditionals in
parallel using a single transformer call. Instead of
invoking the denoiser B times, we concatenate a
noised view x; (partitioned into blocks) with the
clean sequence x:

Tl = ¢ D x  (length 2L).

A structured attention mask M,y € {0,1}25%2L
updates all token representations in one shot:

Mgp Mogc
0 MCC )

Within the noised view x;, attention is restricted
to be block-wise (block-diagonal):

M = { “4)

L,
0,

¢ and j are in the same block,

otherwise.

[Mgpli; = {

From noised tokens to the clean context, we allow
only earlier clean blocks as conditioning (offset
block-causal):

1, clean position j lies in a block
[Mogclij = strictly before the block of 7,
0, otherwise.

Inside the clean context, we keep strict left-to-right
causality (context-causal):

[Mecclij = {

The lower-left tile is zero so the clean context never
reads from the noised view, matching inference-
time semantics.

Let B index all blocks and M; be the step-
dependent visibility inside the noised view. Under
Eq. (4), one forward pass supplies gradients for all
masked tokens across all blocks:

Eparallel(e) =E|—- Z Z

BEBieB: My (i)=0
log o (zi | @4, x; Man)] -

Log<i

0, j>i.

&)
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Processing z; and x jointly amortizes KV-cache
construction, maximizes per-step token utilization,
and empirically stabilizes training compared with
randomly growing global masks. An example for
L=16 and block size b=4 is illustrated in Fig. 4;
but in reality, we use b=32.

B Other Experiments

NBDiff-7B-Base. We also measure the perfor-
mance of NBDIFF-7B-BASE. The comparative
results for our NBDIFF-7B-BASE against strong
7B baselines is summarized in Table 4. Apart from
the introduced benchmarks, we also include BBH
(BIG-Bench Hard) (Suzgun et al., 2022), which
is a curated set of particularly difficult tasks tar-
geting abstraction, compositionality, and complex
reasoning. Overall, NBDIFF-7B-BASE attains the
highest macro average, surpassing Dream-v0-Base-
7B and both LLaDA bases. On general knowledge,
it leads on MMLU-Pro (52.7), CMMLU (76.9),
CEval (75.9), and BBH (69.4), and remains com-
petitive on MMLU (69.1, second only to Dream’s
69.5). In math, NBDIFF-7B-BASE ranks first on
both GSMSK (79.6) and MATH (46.0), indicating
strong multi-step and competition-style reasoning.
In coding, it is consistently runner-up, slightly be-
hind Dream-vO (Ye et al., 2025) but ahead of the
LLaDA (Nie et al., 2025) baselines. Taken together,
these results show that a diffusion-style LLM can
match or outperform autoregressive bases across
diverse evaluations, with particularly clear gains on
harder general-reasoning and Chinese benchmarks.

Base vs. SFT AR weight initialization. We
attempted adapting both a pretrained Base AR
checkpoint and an instruction-tuned (SFT) check-
point into our DLM, with the comparison sum-
marized in Table 5. Somewhat surprisingly, the
Base-initialized model achieves the stronger over-
all balance (Though Avg 53.26 vs. 54.39 for SFT,
SFT’s edge is driven largely by HumanEval’s small-
set volatility; for other benchmarks, the Base model
performs slightly better). We hypothesize two
causes: 1. Objective alignment: the Base model
is trained purely on next-token prediction, which
better complements our masked-diffusion objective
and auxiliary AR-loss, whereas SFT shifts the like-
lihood landscape toward instruction formats and re-
sponse conventions; 2. Format priors: SFT injects
stylistic and safety priors (headings, disclaimers,
verbosity) that are beneficial for chat but act as
spurious targets for diffusion.



Table 4: Comparison between NBDIFF-7B-BASE and latest base-version diffusion language models. Our base
model shows strong performance on general, math, and coding benchmarks.

LLaDA-8B LLaDA-MoE-7B Dream-v0 Ours-7B

Benchmark Base A1B-Base Base-7B Base
General

MMLU 65.9 64.6 69.5 70.1
MMLU-Pro 41.8 39.2 48.2 59.1
CMMLU 69.9 65.7 60.9 77.3
CEval 70.5 65.6 59.2 73.0
BBH 49.8 52.7 57.9 77.3
Math

GSMSK 70.7 66.4 77.8 78.8
MATH 27.3 36.1 39.6 46.0
Coding

MBPP 38.2 52.4 56.2 55.8
HumanEval 33.5 45.7 579 50.0
Avg 52.0 54.3 60.1 65.3

Table 5: Comparing DLMs adapted from Base and
SFT version of loaded weights. Context-Causal gains
a clear advantage in adaptation from AR.

Scheme GSM8K MATH HumanEval MBPP Avg
Qwen3-8B-Base 82.26 34.68 31.71 64.40 53.26
Qwen3-8B 81.05 32.24 42.68 61.60 54.39

C Related Work

Discrete diffusion language models. Diffusion
has been extended to categorical spaces, showing
that discrete denoising objectives can effectively
model text and clarifying connections to classical
LM training, including transition design and ab-
sorbing states (Austin et al., 2021a). Two domi-
nant paradigms have since emerged. Masked dif-
fusion iteratively reveals tokens, enabling control-
lable generation with competitive likelihoods with-
out left-to-right decoding (Li et al., 2022), while
recent MDLM variants substantially close the per-
plexity gap to AR LMs using simplified training
recipes (Sahoo et al., 2024). Absorbing-state diffu-
sion instead corrupts tokens toward a sink symbol;
recent analyses relate its objective to conditional
modeling, calibration, and sampling behavior (Ou
etal., 2024). At scale, systems trained from scratch
such as LLaDA demonstrate that masked-diffusion-
style pretraining can rival strong AR baselines and
extend naturally to multimodal instruction tuning
(Nie et al., 2025; You et al., 2025), establishing the
viability of DLMs at billion-parameter scale.
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Recent trend: Block-Diffusion, adaptation from
AR, and test-time scaling. While Full-Sequence
Diffusion provides fully bidirectional context, it
is computationally inefficient for long texts and
misaligned with left-to-right inductive biases. At-
tempts to amortize this cost via intermediate-state
caching improve efficiency but do not fundamen-
tally resolve the issue (Liu et al., 2025; Ma et al.,
2025; Wu et al., 2025b). Block-Diffusion addresses
this by fixing past context while denoising the cur-
rent block bidirectionally, enabling parallel token
updates and unbounded-length generation with tun-
able quality—efficiency trade-offs (Han et al., 2023;
Arriola et al., 2025). Beyond training from scratch,
several works adapt pretrained AR models into
diffusion-style decoders, often at the block level,
reporting objective connections, practical conver-
sion recipes, and hybrid AR—diffusion paradigms
that preserve AR quality while enabling parallel
generation (Gong et al., 2025a; Cheng et al., 2025;
Wu et al., 2025b,a). In parallel, diffusion-based
reasoning systems explore inference-time scaling
or reinforcement learning to improve multi-step
reasoning, particularly for math and code, but re-
main limited by short contexts or underutilized AR
priors (Ye et al., 2024; Wang et al., 2025a; Jin
et al., 2025; Gong et al., 2025b; Zhao et al., 2025;
Tang et al., 2025; Wang et al., 2025b). In contrast,
our approach adapts strong AR models into block-
diffusion generators via a smooth way, enabling
longer context and better performance.
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