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Abstract

Diffusion language models (DLMs) are the-
oretically efficient but are limited by fixed-
length decoding and poor compatibility with
KV caches. Block diffusion mitigates these
issues, yet still enforces a fixed block size
and costly training. We introduce Next Se-
quence Prediction (NSP), which unifies next
token and next block prediction, enabling
the model to adaptively determine generation
length at each step. NSP reduces to stan-
dard next token prediction when the length
is one. Building on NSP, we propose the Se-
quential Diffusion Language Model (SDLM),
which retrofits pretrained autoregressive lan-
guage models (ALMs) at minimal cost. Specif-
ically, SDLM performs diffusion inference
within fixed-size mask blocks, but dynami-
cally decodes contiguous subsequences based
on model confidence, thereby preserving KV-
cache compatibility and improving robustness
to the varying uncertainty and semantics across
the sequence. SDLM matches or surpasses
strong autoregressive baselines with only 3.5M
training samples, while achieving 2.0 x ~3.4x
higher throughput than Qwen2.5 across three
model scales (3B, 7B, 32B) with confidence-
based decoding. Furthermore, when sampling
with self-speculative decoding, SDLM attains
up to 5.7x end-to-end speedup measured as
wall-clock tokens per second (TPS). Notably,
SDLM-32B achieves performance compara-
ble to Qwen2.5-32B with up to 2.5x speedup,
demonstrating the scalability of our approach.
Project page and codes: https://github.
com/OpenGVLab/SDLM

1 Introduction

In recent years, diffusion models have made rapid
progress in computer vision, showing strong empir-
ical results in areas such as image generation (Ho
et al., 2020; Rombach et al., 2022) and robot con-
trol (Chi et al., 2025; Kapelyukh et al., 2023). This
successful paradigm has recently emerged as a po-
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Figure 1: MATH-500 accuracy vs. throughput across
7B/8B-scale model families.

tential solution for language modeling, i.e., dif-
fusion language models (DLMs). Compared to
autoregressive language models (ALMs), DLMs
generate tokens in parallel through a denoising pro-
cess, offering higher theoretical parallelism. How-
ever, DLMs are also criticized for their fixed de-
coding length and limited compatibility with KV
cache (Radford et al., 2019).

To address these limitations, a natural approach
is to combine the benefits of DLMs and ALMs, sim-
ilar to existing efforts like Block Diffusion (Arriola
et al., 2025). Specifically, Block Diffusion refor-
mulates the next token prediction of ALMs as next
block prediction, where tokens in each block are
decoded in a diffusion manner. In this case, Block
Diffusion preserves the autoregressive property for
flexible prediction while leveraging diffusion-style
parallelism for efficiency.

Despite its effectiveness, Block Diffusion still
has two practical limitations. First, the block size
is fixed, meaning the model must predict a con-
stant number of tokens at each step regardless of
the varying difficulty and semantics across the se-
quence. As shown in Figure 2(c), a rigid block size
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Figure 2: Comparison of decoding paradigms. (a) ALMs: one token per step. (b) MTPs: draft multiple tokens
then verify. (c) DLMs (e.g. Block Diffusion): denoise a fixed-size block before moving to the next. (d) SDLM
(Ours): dynamically accept a variable-length prefix per block.

easily leads to inaccurate predictions for tokens
that depend heavily on preceding context. Second,
its random masking objective samples mask ratios
over a continuous range, yielding a sparser training
signal that requires far more epochs to converge
compared with full masking; it also complicates
[EOS] token handling when the sequence length
is not a multiple of the block size. Together, these
factors increase training costs and create obstacles
for scaling to larger models.

In this paper, we introduce Next Sequence Pre-
diction (NSP), a general form of next token and
next block prediction. Specifically, NSP autoregres-
sively predicts variable-length future sequences
(Figure 2(d)), where each block of tokens is de-
coded in a single diffusion step. The predicted
length adapts dynamically to local semantic diffi-
culty, ranging from a single token to a full block.
When the block size is 1, NSP becomes standard
next token prediction, enabling low-cost adaptation
from pretrained ALMs.

Based on the principle of NSP, we propose
Sequential Diffusion Language Models (SDLMs)
with training and inference strategies tailored to
variable-length prediction. As shown in Figure 3,
SDLMs are developed based on pretrained ALMs,
employing a parallel block training approach to
extend next token prediction to next sequence pre-
diction. In parallel block training, we use a custom
attention mask that makes the prefix and the current

block visible to each prediction window, enabling
parallel training over multiple future blocks. Dur-
ing inference, SDLM predicts a fixed-length block
at each step and then dynamically decodes a contin-
uous subsequence via a confidence scheme based
on threshold or verification. This dynamic decod-
ing strategy yields a favorable speed—performance
trade-off, which we illustrate on MATH-500 in Fig-
ure 1. Unlike the concurrent work of Samragh et al.
(2025), which uses gated LoRA with next token and
multi token losses, we use NTP cross-entropy for
full supervised fine-tuning and pair bidirectional
attention with confidence decoding, without extra
heads.

To validate our approach, we construct LLMs
at different scales and conduct experiments on 13
diverse benchmarks across general, math, knowl-
edge and coding tasks. Experiments show that
our SDLMs achieve comparable performance
to existing ALMs at higher inference speed.
With longest-prefix decoding, SDLMs deliver
2.0x~3.4x speedup across three model scales (3B,
7B, 32B) on code and math benchmarks. With self-
speculative decoding, the speedup further increases
to 2.1 x~5.7x (measured as end-to-end wall-clock
TPS on a matched HuggingFace .generate ()
backend), where SDLM-3B reaches 5.7x on math
and 4.3x on code. Compared to existing repre-
sentative DLMs, our SDLMs show advantages in
the evaluated settings for performance, efficiency,
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and training costs. For example, SDLM-3B out-
performs DLMs like Dream-7B (Ye et al., 2025)
and LLaDA-8B (Nie et al., 2026) across multiple
benchmarks, while requiring less training compute
and yielding higher inference speed. The scalabil-
ity of SDLMs is further evaluated on larger model
scales, i.e., Qwen-2.5-32B, requiring only 3.5M
training samples. In summary, our contributions
are threefold:

* We introduce Next Sequence Prediction (NSP)
as a general form of next token prediction and
next block prediction. NSP not only combines
the advantage of autoregressive models and
diffusion models, but also overcomes the limi-
tations in existing block diffusion models, i.e.,
the fixed block size and scalability.

* Based on NSP, we deploy Sequential Diffu-
sion Language Models (SDLMs) through a
parallel block training method. SDLMs em-
ploy a customized attention mask where each
block is visible to its prefix and itself, en-
abling parallel training and dynamic variable-
length sequence generation via threshold- or
verification-based selection.

» Extensive experiments demonstrate the effec-
tiveness and efficiency of SDLMs against ex-
isting ALMs and DLMSs across three model
scales (3B, 7B, 32B). In particular, with only
3.5M training samples, SDLM-32B achieves
comparable performance and up to 2.5x
speedup over Qwen2.5-32B.

2 Related Work

2.1 Autoregressive LMs and Multi-Token
Prediction

Autoregressive language models (ALMs) (Radford
et al., 2018; OpenAl, 2022, 2024; Touvron et al.,
2023; Grattafiori et al., 2024; Bai et al., 2023; Yang
etal., 2024, 2025; DeepMind, 2025; xAl, 2025; An-
thropic, 2023; Liu et al., 2024) generate tokens one
at a time via next token prediction (NTP). Despite
strong task performance, this sequential decoding
requires one forward pass per token, fundamentally
limiting throughput even with a KV cache.
Multi-token prediction (MTP) (Cai et al., 2024;
Gloeckle et al., 2024; Liu et al., 2024) mitigates
this by predicting multiple future tokens via ad-
ditional output heads, combined with speculative
decoding (Xia et al., 2023; Stern et al., 2018) to

reduce forward steps. Representative systems in-
clude Medusa (Cai et al., 2024), DeepSeek-V3 (Liu
et al., 2024), and Eagle-3 (Li et al., 2025).

Unlike MTP, which attaches isolated prediction
heads to an autoregressive backbone, our method
performs blockwise sequence prediction with full
intra-block interaction.

2.2 Masked Diffusion Language Models

Recent diffusion models have shown increasing
potential in language tasks. Masked discrete dif-
fusion models (MDMs) (Zheng et al., 2023; Gong
et al., 2025; Ou et al., 2025; Nie et al., 2025)
have achieved perplexity comparable to ALMs.
LLaDA (Nie et al., 2026) further scales MDMs
to 8B parameters, matching state-of-the-art ALMs.
Dream (Ye et al., 2025) adopts shifted prediction
and autoregressive initialization, effectively reduc-
ing training costs while also delivering strong per-
formance. Block Diffusion (Arriola et al., 2025) in-
troduces block-level generation for variable-length
decoding with KV cache reuse, while Gemini Dif-
fusion (Google DeepMind, 2025) and Seed Dif-
fusion (Song et al., 2025) further improve speed
while narrowing the gap with ALMs.

Recent work has also focused on improving
DLM inference efficiency. dKV-Cache (Ma et al.,
2026), Fast-dLLM (Wu et al., 2026), and dLLM-
Cache (Liu et al., 2025) accelerate diffusion de-
coding via approximate or cache-aware parallel
decoding. Adaptive Parallel Decoding (Israel et al.,
2026) dynamically adjusts the number of tokens
decoded in parallel with the help of a small auxil-
iary autoregressive model, while D2F (Wang et al.,
2026) reformulates diffusion decoding as an AR-
diffusion hybrid with block-wise autoregressive
generation and pipelined parallel decoding.

3 Method

3.1 Preliminaries and Notation

In autoregressive large language models (OpenAl,
2024; Grattafiori et al., 2024; Yang et al., 2025;
DeepMind, 2025), text generation follows the next
token prediction paradigm, where the model mini-
mizes the cross-entropy loss:

Laim(z;0) = —E,

L
> log Py(a’ | w“d], e

=1

where the model Py (- | 2<%) maximizes the condi-
tional probability of the current token by leveraging
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Figure 3: Structured attention mask for parallel block training and sampling. (a) Reordered input produces a
causal prefix (top-left), cross-block visible prefix (bottom-left), and intra-block bidirectional region (bottom-right).
(b) Confidence-based next sequence prediction: one anchor + D—1 mask tokens predict a block; the longest

high-confidence prefix is emitted with KV reuse.

the preceding context z<* = 2!, ..., 2'~1. While
this sequential formulation ensures strong local
coherence, it imposes an inherent inference bottle-
neck: generating a sequence of length L requires
L separate forward passes, which fundamentally
limits inference throughput.

In contrast, diffusion language models (Ou et al.,
2025; Nie et al., 2026; Ye et al., 2025) generate
outputs by progressively denoising from a fully
noisy state in parallel. A specialized variant, Block
Diffusion (Arriola et al., 2025), constrains the diffu-
sion to proceed sequentially in fixed-size blocks of
length D, where each block is denoised over mul-
tiple time steps with a random masking schedule
(full objective in Appendix A).

3.2 From Token to Sequence Prediction

In DLMs, the full sequence is predicted in parallel
based on confidence scores, which can lead to pre-
mature and inaccurate predictions for later tokens.
However, predictions at lower position indices gen-
erally benefit from more reliable contextual infor-
mation and introduce less bias (Wang et al., 2024),
suggesting that a left-to-right ordering of predic-
tions is preferable. Moreover, the distribution of
certainty and semantics varies across the sequence,
calling for an adaptive decoding length rather than
a fixed block size. To this end, we introduce Next
Sequence Prediction (NSP), which dynamically ad-
justs the decoding length based on local semantic

difficulty, allowing the model to “sprint” through
predictable patterns (e.g., common phrases), while
“decelerating” at high-entropy junctions to maintain
generation quality.

To instantiate the NSP paradigm, we propose
Sequential Diffusion Language Models (SDLMs).
SDLM is built upon two key design choices that
simplify the diffusion process and enhance archi-
tectural compatibility:

Single-Step Full-Noise Denoising. From a the-
oretical perspective, SDLM can be viewed as a
special case of masked diffusion that fixes oz = 0
in the Block Diffusion objective (Equation 6 in
Appendix A), meaning all tokens in the prediction
window are always fully masked. This single-step,
full-noise simplification collapses the continuous-
time expectation to a single point, reducing the
weighted objective to a standard cross-entropy loss.
Specifically, in the training phase, SDLM applies
a masking probability of 1 to all tokens within a
prediction window of length D, supervising the
model to minimize the cross-entropy of all masked
tokens:

1 . . )
L‘(X,G) = —-Ex x, |:D Zlog Py (X” | ;13<(1,—1)’X%):|
(@)

where X = z#(HDP) Xt = [2771 [m],..., [m]],
and ¢ denotes a random index within the target se-
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quence, accommodating the non-fixed starting po-
sitions caused by dynamic-length inference. Com-
pared to random-¢ sampling, this full-noise ob-
jective of Equation 2 yields denser training sig-
nals aligned with the NTP objective of pretrained
ALMs, avoiding the exponential mask-pattern
space that random masking must cover, and ensures
[EOS] is consistently masked and predicted, elim-
inating the complex stopping criteria needed when
random masking leaves [FO.S] unmasked. To bet-
ter unify NTP and NSP, we continue to employ the
standard one-position shift prediction objective of
ALMs between input ids and labels.

Asymmetric Design with Causal Prefix. SDLM
adopts an Asymmetric Design: strict causal atten-
tion for the historical context (ensuring full KV-
cache compatibility) and a bidirectional local win-
dow within the target noise block X’. for intra-
block dependency modeling. This causal prefix
naturally handles variable-length prefixes, avoid-
ing the alignment issues of Block Diffusion’s grid
causal mask where the prefix length must be a mul-
tiple of the block size. During inference, SDLM
employs Longest Prefix Decoding (LPD) to realize
the dynamic length of NSP:

X' = Decode (Z%,7,(Z")) 3)

where Z are the D logits in the current block and
v+(Z%) € [1,D] is an adaptive accepted length.
The model commits only a high-confidence prefix
and discards the rest; details in Section 3.4.

3.3 Training

As noted in Section 3.2, setting D = 1 reduces
SDLM to the autoregressive paradigm, allowing us
to reuse pretrained ALM weights and cut training
costs. To efficiently train the model to predict multi-
ple tokens simultaneously, we design a specialized
data packing and attention masking strategy.

Appending Noise Blocks for Parallel Training.
Instead of training on a single prediction window
per sequence, we construct the training sequence
by appending multiple independent noise blocks to
the end of the original sequence. Given a standard
instruction-tuning sequence S = [X; Y] (where X
is the prompt and Y is the response), we sample
multiple starting positions {p1, p2, ..., px } within
the response Y. For each position pg, we construct
a noise block lef of length D (consisting entirely
of mask tokens). The final training sequence is

formed by concatenation:

Siwain = concat(S, Y, Y2, ..., YE). (@)

Crucially, we manipulate the position IDs of each
noise block Yq’f to align with its corresponding start-
ing position py, in the original sequence S. This
allows multiple prediction windows to be trained
in parallel within a single forward pass without
interfering with each other.

Structured Attention Mechanism. To support
this, we design an asymmetric attention mask (Fig-
ure 3(a)): causal for the prefix, bidirectional within
each noise block, and masked across blocks. The
formal definition is in Appendix B. This sparse
pattern is compatible with Magi Attention (Zewei
and Yunpeng, 2025) and data packing; despite not
using Flash Attention (Dao et al., 2022; Dao, 2024),
training cost remains comparable to standard SFT
(Appendix B.2).

3.4 Inference

At each decoding step, the model appends one
copied anchor token and D—1 mask tokens to the
current prefix, predicts a block of D candidates
in parallel, and commits only the accepted prefix
(Equation 3). Because the prefix remains causal,
accepted tokens are directly merged into the KV
cache. Pseudocode is in Appendix B.3.

Confidence-Based Longest Prefix Decoding.
For the standard LPD variant, we determine the
accepted length with a confidence threshold:

'YT(Zi) = max (AT(Zi) U {1}) ) ®)
J
A (Z') = {j € [0,D]| [ p(zF) = T} :
k=1

where Z¢ = [z}, ..., 2P] denotes the D logits in

the current decoding block, zf’ e RVl is the logit
vector at position k, p(zF) is its scalar confidence
score, and 7 is a predefined threshold. We instan-
tiate p(2¥) = softmax(zF),, i.e., the probability
assigned to the greedy token v, which is simple,
efficient, and already available from the decoding
step with no extra computation (alternative confi-
dence functions such as normalized entropy yield
similar results in our experiments). The model
then keeps the longest high-confidence prefix and
discards the remaining suffix.

"https://huggingface.co/AngelSlim/
Qwen3-4B_eagle3
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Table 1: Performance and inference efficiency of instruct models. Speedup: tokens per forward pass; TPS:
end-to-end wall-clock tokens per second (subscript = speedup over baseline). All metrics are averaged within
each benchmark group. For ALMs, HF (transformers.generate) and vLLM denote inference backends.
For DLMs and SDLM, Plain/D2F (Wang et al., 2026) and LPD/SSD denote decoding methods, respectively. All
reported speedups are relative to the matched HF baseline; vLLM numbers are shown for reference. *Scores are
from prior D2F work; full setup and data sources are in the Appendix D and E.

Model Backend/ Code Math
Decode | HumanEval MBPP HumanEval+ MBPP+ ‘ Speedup TPS GSM8K MATH | Speedup TPS
Autoregressive Language Models (ALMs)
HF 73.8 65.0 64.0 37.8 1.0 49.7 86.7 66.2 1.0 49.7
Qwen2.5-3B
vLLM 76.2 68.5 68.9 39.1 1.0 279.2 86.9 65.6 1.0 280.5
HF 82.9 75.5 73.2 47.6 1.0 63.7 91.4 754 1.0 63.9
Qwen2.5-7B
vLLM 84.2 75.5 75.0 40.7 1.0 165.2 92.4 76.2 1.0 165.9
HF . 4. 1.7 . 1. .1 2 . ily .4
Qwen2.5-32B 89.0 84.0 8 59.3 0 30. 95 83.8 0 30.
vLLM 87.8 85.6 81.1 58.2 1.0 41.6 95.8 84.0 1.0 41.7
Qwen3-4B HF 78.7 71.8 69.5 49.5 1.0 42.7 92.4 80.6 1.0 42.6
Multi-Token Prediction (MTP)
Eagle3-Qwen3-4B! - 78.0 75.5 713 47.1 1.9 82.01.92x 91.9 69.4 2.0 84.21 98x
Diffusion Language Models (DLMs)
LLaDA-8B Plain 36.0 39.0 40.2 25.9 0.6 17.8 774 23.7 0.8 19.4
D2F 40.2* 38.0* 30.5 27.8 3.0 84.7 77.3* 29.1* 35 105.1
Plain 54.3* 56.2* 54.3 46.8 0.1 2.6 75.0* 35.8* 0.7 20.3
Dream-7B
D2F 54.3* 55.2* 445 41.8 2.9 111.2 77.6* 35.4* 2.8 86.2
Sequential Diffusion Language Models (SDLM, ours)
3 5
SDLM-3B-D8 LPD 65.2 62.6 56.7 38.6 2.6 127.02 55x 83.3 56.8 3.4 169.53 41 x
SSD 64.0 65.4 59.8 40.2 4.3 215.34.33x 84.2 59.8 5.7 281.15.65x
5
SDLM-7B-DS LPD 76.8 72.8 70.7 484 2.5 159.22 50x 81.1 68.6 2.8 180.82.83x
SSD 78.0 74.3 73.2 474 3.5 220.63.46x 83.5 68.8 4.1 260.04.07x
SDLM-32B-D4 LPD 79.9 80.9 73.8 57.7 2.0 60.62.01x 92.3 73.0 24 73.62.42x
SSD 81.1 80.5 744 58.5 2.1 63.32.10x 92.6 74.2 2.5 75.42 48x

Self-Speculative Decoding. We further design
a cache-enabled Self-Speculative Decoding (SSD)
procedure. By carefully designing the attention
mask, each single forward pass simultaneously
verifies the previous draft and generates the next
one in a pipelined fashion: the accepted prefix
from draft Y~ is verified while a new draft
Vi =1[jl,...,9P] is produced. SSD accepts the
longest prefix where draft and verification agree:
Yssd(Z%) = max({j € [0, D] | 9f = gF, Vk <
j}U{1}). Since verification and drafting are fused
into one forward pass, SSD incurs no additional
forward-pass overhead compared to LPD, while re-
placing the heuristic confidence threshold with ex-
plicit self-consistency checks. Moreover, because
the bidirectional window generalizes beyond the
training block size, SSD can expand the inference
block to Dy > D (e.g., Dy=2D) for further accel-
eration at no extra training cost. The details are
provided in Appendix B.3.

4 Experiments

4.1 Setting

All models are fine-tuned on the same 3.5M-sample
instruction corpus and evaluated with OpenCom-
pass. We compare SDLM against same-scale au-
toregressive, diffusion, and MTP-style baselines;
full training and evaluation details are in Ap-
pendix C and Appendix D.

4.2 Main Results

Long-Form Code and Math Benchmarks. Ta-
ble 1 reports accuracy and efficiency on code
(HumanEval/+, MBPP/+) and math (GSMS8K,
MATH) benchmarks. With LPD, SDLM-7B
(D=8) achieves 159.2 TPS on code and 180.8 TPS
on math (2.50x and 2.83x the Qwen2.5-7B HF
baseline) while retaining strong accuracy (e.g., 76.8
on HumanEval, 81.1 on GSM8K). We note that the
accuracy gap to the AR baseline is somewhat larger
on code than on math, which we attribute in part to
the low proportion of coding data in our SFT mix-
ture (Appendix C). Scaling to 32B (D=4), SDLM
retains over 95% of the Qwen2.5-32B scores at
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Figure 4: Quality—speed trade-off under varying 7. x-axis: speedup; left y-axis (blue): score; right y-axis (red):
TPS. Avg = macro-average over 8 benchmarks. Per-benchmark curves in Figure 9.

2.0-2.4x speedup. Compared with existing DLMs,
SDLM-7B achieves higher accuracy than LLaDA-
8B and Dream-7B (e.g., 76.8 vs. 36.0/54.3 on Hu-
manEval). Although D2F decoding greatly im-
proves DLM throughput over plain decoding (e.g.,
Dream-7B: 111.2 vs. 2.6 TPS), SDLM-7B LPD
still surpasses D2F-accelerated DLMs in both ac-
curacy and speed.

Further Acceleration with SSD. As described
in Section 3.4, SSD expands the inference-time
generation block size to Dy=2D at no extra train-
ing cost. SSD consistently boosts throughput with
small accuracy changes: SDLM-7B SSD reaches
220.6 TPS on code (3.46x) and 260.0 TPS on math
(4.07x); using a single-GPU HF backend, SDLM-
3B SSD achieves 281.1 TPS on math, even surpass-
ing the vLLM-served Qwen2.5-3B (279.2 TPS).

Comparison with Speculative and MTP-style
Baselines. Compared with Eagle3-Qwen3-
4B (Li et al., 2025), a representative MTP-style
method (~1.9x speedup, 82-84 TPS), SDLM-3B
SSD achieves a higher relative speedup on code
(2.6x) and math (3.3x). Since Eagle3 uses a
different backbone and inference backend, absolute
TPS is not directly comparable; we therefore
focus on relative speedup here. This advantage
comes from SDLM’s bidirectional local window,
which captures intra-block dependencies beyond
independent MTP heads.

Other Benchmarks. Table 2 shows that SDLM
largely preserves general abilities across MMLU,
commonsense reasoning, GPQA, and IFEval,
closely tracking SFT baselines while outperform-
ing LLaDA-8B and Dream-7B at the 7B scale on
MMLU and IFEval. Detailed per-benchmark re-
sults are provided in Appendix E.

Table 2: Performance of instruct models across gen-
eral benchmarks.

Model ‘ MMLU Winogrande Hellaswag ARC-C ARC-E ‘ GPQA IFEval
Autoregressive Language Models (ALMs)
Qwen2.5-3B-SFT 67.6 60.8 75.3 83.1 91.4 27.8 61.5
Qwen2.5-7B-SFT 73.8 65.0 85.2 90.2 96.5 33.8 69.1
Qwen2.5-32B-SFT | 83.7 78.0 92.4 94.2 99.1 33.8 76.7
Diffusion Language Models (DLMs)
LLaDA-8B 65.5 - 74.6 88.5 - 31.8 59.9
Dream-7B 67.0 - - - - 33.0 62.5

Sequential Diffusion Language Models (SDLM, ours)

SDLM-3B 64.1 55.6 723 79.7 90.8 29.8 58.6
SDLM-7B 72.1 62.4 81.1 89.2 95.9 323 65.1
SDLM-32B 82.8 792 92.0 94.9 98.9 36.9 78.0
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Figure 5: Training dynamics. Top: 7B model over
13k steps. Bottom: 3B model across stages. Score and
speedup improve throughout training.
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Table 3: Comparison with BD3LM. 3B models trained for one epoch on the same data. Cell: score / (TPS).
BD3LM uses random masking + bidirectional prefix; SDLM uses full masking + causal prefix with LPD (7=0.96).

Model | D Mask  Prefix |GSMS8K MATH HumanEval+ MBPP+ IFEval| Avg | Specdup  TPS
sfTER) | - - ~ 860 604 61.0 426 615 |623| |, S0
(50.9) (50.9) (51.0) (50.9) (51.4) (51.0)
SFT(WLLM) | — - ~ 862 610 616 426 632|629 | | ooeq
(280.6) (280.9) (278.8) (269.6) (280.2) (278.0)
BD3LM ‘ 8 Random Bidirectional ‘ 75'_7 52.8 390 336 4,4'7 ‘ 492 ‘ 1.0 49.60.97x
(49.5) (49.6) (49.9) (49.0) (50.0) (49.6)
SDLM 4 Ful Causal ot B S 407 364 16021 55 97.2; 910
(109.6) (111.6) (90.3) (92.7) (81.9) 97.2)
SDLM 8  Full Causal 836 382 58.5 39.7 573 | 5951 95 11640 26x
(130.4) (130.2) (103.6) (117.0) (100.7) (116.4)
SDLM 16 Full Causal £ iy ST SEH 4L0 588 13981 56 1199540,
(131.9) (135.3) (132.1) (111.2) (85.4) (119.2)
User: What fraction of 2 feet is 3 inches? Express your answer as a common fraction.
SDLM: To find the fraction of 2 feet that is 3 inches , we need to convert the feet to inches and then divide the
by the total number. \n 1 foot=1 2inches \n 2 feet=2 *12 =24 inches \n Now, we can the 3
inches by the fraction of 2 4 inches: \n \[ Mfrac{3 }{24} =\frac{ 1}{8} \] \n So, the answeris 1/8. \n
\[ \boxed{\frac {1}{8 }} \I<lim_end|> 38 step with 113 tokens
User: Write a Fibonacci function in Python.
SDLM: def fibonacci(n): \n ifn== 0: \n return 0 \n elifn== 1: \n return 1 \n else: \n
return fibonacci(n- 1) + fibonacci (n-2) <lim_endI> 12 step with 44 tokens

Figure 6: Sampling visualization. Each block represents one forward pass; darker blue = later step, showing

SDLM’s left-to-right block decoding.

4.3 Trade-off Between Speedup and
Performance

Existing DLMs (Nie et al., 2026; Ye et al., 2025)
support parallel token generation but face a quality-
speed trade-off: accepting more tokens per step
often degrades quality, while fixed-length noise se-
quences limit flexibility and practical efficiency
gains over ALMs. SDLM mitigates this trade-
off: even when accepting only one token per step,
SDLM-7B (D=_8) reaches 58.0 TPS, merely ~7%
below the AR baseline (63.8 TPS) despite an 8%
longer query window. Moreover, TPS scales nearly
linearly with speedup, suggesting that the addi-
tional KV-cache recomputation from longer ac-
cepted prefixes incurs limited overhead.

Figure 4 shows the trade-off under varying con-
fidence threshold 7. As 7 decreases, SDLM gen-
erates more tokens per step, achieving up to 3 x
speedup with limited score degradation; noticeable
drops only appear at aggressive thresholds. Math
benchmarks such as GSM8K and MATH exhibit a
particularly favorable trade-off region, while code
and instruction-following tasks are slightly more
sensitive but still maintain strong performance at
moderate speedup. Per-benchmark trade-off curves

are provided in Appendix E.

4.4 Ablation Studies

Comparison with Block Diffusion. Table 3 com-
pares SDLM with BD3LM (Arriola et al., 2025)
and the SFT baseline under the same 3B, one-epoch
setting. BD3LM uses its quality-oriented config-
uration, with the number of intra-block forward
steps equal to the block size, yielding about one
accepted token per step. Even so, SDLM outper-
forms BD3LM in this setting (59.5 vs. 49.2 Avg),
benefiting from full masking and the causal-prefix
prior used by LPD. Compared with SFT (62.3 Avg),
SDLM (D=4) stays within 2.1 points while reach-
ing 1.9x speedup; D=8 and D=16 trade small
accuracy drops for higher throughput (2.3 x).

Longer Training Steps and Stages. We evalu-
ate intermediate checkpoints of the 7B model and
the progressive training stages of the 3B model.
As shown in Figure 5, both score and speedup
improve with training: the 7B model improves
steadily over 13k steps, and the 3B model gains
additional speedup when moving from D=8 to
D=16. This confirms that longer training produces
more confident block-level predictions, which di-
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rectly translates to higher acceleration.

Case Study. Figure 6 shows SDLM’s flexible de-
coding: it emits longer spans in structured regions
and shorter ones under uncertainty.

5 Conclusion

We present Next Sequence Prediction (NSP), a
unified framework that subsumes next token and
next block prediction and build on it to develop
Sequential Diffusion Language Models (SDLMs).
SDLMs retrofits pretrained ALMs with minimal
cost, largely preserving SFT-level accuracy while
achieving up to 3.4 x (LPD) and 5.7 x (SSD) end-
to-end wall-clock TPS gains across model scales
(3B, 7B, 32B). We hope this work encourages fur-
ther exploration of bridging autoregressive and dif-
fusion paradigms.

Limitations

Our training recipe is fully open-source and mainly
uses instruction-tuning, code, and math data. This
data scale and composition may limit the final
model quality, especially compared with larger or
proprietary training corpora. On the systems side,
SDLM training relies on Magi Attention (Zewei
and Yunpeng, 2025) for sparse masks, and its in-
ference attention kernels are not yet as optimized
as vLLM (Kwon et al., 2023), leaving room for
further speedup. Because SDLM improves infer-
ence efficiency, it may also lower the cost of gen-
erating undesirable or harmful text when applied
to unsafe base models; deployment should there-
fore follow the safety practices of the underlying
model. Our experiments use publicly available
instruction-tuning corpora and benchmarks, and
we rely on their documented collection and filter-
ing procedures without performing an additional
PII or offensive-content audit. Released artifacts
are intended for research use and should respect
the licenses and terms of the underlying models,
datasets, and software.
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A Block Diffusion Objective

Block Diffusion (Arriola et al., 2025) constrains
the diffusion operation to proceed sequentially in
blocks of length D. At each time step ¢, the model
receives a noisy block Xi = g/ 1P
dicts all masked tokens within the block:

and pre-

L/D

Lep(X:0) == Eyjo1Eq
=1

log Pp(X' | X<, X}),  (6)

/
ay

1—&,5

where X denotes the ground truth, g is the forward
masking process, a; € [0, 1] is the probability of
keeping a token at time ¢, and « is the instanta-
neous rate of change of oy in continuous time.

B Implementation Details

B.1 Training

To efficiently implement the appended sequence
structure and the asymmetric attention mask de-
scribed in the main text, we adopt a streamlined
approach based on position ID manipulation.

Formally, for a noise block lef corresponding
to prefix length py, the attention mask A for query
index u and key index v is:

y o V< u < p,
, UEYj@,v<pk,
, uElef,vqulf,

, otherwise.

Auv =

e S SO

The three active cases correspond to the global
causal prefix, visible prefix projection, and local
bidirectional block, respectively.

The detailed procedures for data packing and
mask construction are presented in Algorithm 1
and Algorithm 2, respectively.

B.2 Training Efficiency

We measure training efficiency on 8 xH100 80GB
GPUs with a 3B model, a maximum sequence
length of 16k, and stream packing. Standard AR
SFT uses a regular causal mask and thus can di-
rectly leverage FlashAttention. In contrast, SDLM
concatenates additional target blocks to each in-
stance and employs a custom sparse attention mask,
which prevents using FlashAttention. We instead
use Magi Attention (Zewei and Yunpeng, 2025),
which supports such sparse masks and works seam-
lessly with packing; the extra cost compared to SFT
is dominated by the backward pass.
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Algorithm 1 Data Packing for Parallel Training

1: Input: Base sequence S of length Lg, block size D, number of blocks K, sampled target positions

{p17p27 <o 7PK}
Output: Concatenated zj, and PE;,

Tin < S
PEi, «+ [0,1,...,Lg — 1]
for £ < 1to K do
VE  [m]*P
Tip < fElnHYVj]“c
Pk [pk,pk—l-l,...
PEi, < PE;||P*
end for
. return z;,, PE;,

R A A S

—_ =
_ O

// initialize with base sequence

// create noise block with D mask tokens

// rollback position IDs to align with prefix boundary

Algorithm 2 Vectorized Mask Construction

1: Input: Position IDs PE;;, of length Ly, block size D

2: Output: Boolean attention mask A of shape Lo X Liotal

3: Lg < min({i | PEiy[i] < PEin[i — 1]}) // detect base sequence boundary
4 u+[0,1,..., Lo — 1] // query indices, shape: [Lya1, 1]
5: v+ [0,1,..., Liota — 1] // key indices, shape: [1, Lipal]
6: upix < (u— Lg)// D // compute block indices for noise blocks
7: Ublk%(U—LS)//D

8: Plen < PEin[Ls + upk X D] // retrieve prefix length for each query token
9: is_base, +— u < Lg // construct the three functional regions
10: is_base, <+ v < Lg

11: Acagsal < is_base, A is_base, A (u > v) // global causal prefix
12: Aprefix <— —is_base, A is_base, A (v < pien) // visible prefix projection
13: Amuwal < —is_base, A —is_base, A (uplk == Vpik) // local bidirectional synergy
14: A < Acausal V Aprefix V Amutual // combine regions
15: return A

The detailed training efficiency comparison is
summarized in Table 4.

For SDLM-3B (D=8), the mask contains more
contiguous block structure and is therefore more
regular, leading to improved efficiency compared
to D=4. Although target block concatenation in-
creases sequence length and may require more opti-
mization steps under a “samples seen” accounting,
the overall training overhead relative to standard
SFT remains modest and practical.

B.3 Inference

Self-Speculative Decoding. A first forward pass
produces a draft block YV = (93, ..., 9P]. A sec-
ond pipelined pass simultaneously updates the KV
cache, verifies the draft, and generates the next
speculative continuation. Let Y denote the veri-

fied predictions; SSD accepts the longest matching

prefix:
Yosd(Z") = max (Awa(Z") U{1}), ©)
Asa(2) = {j € [0.D) | = 5, vk < 5.

This forms a chained draft—verify pipeline with
cache reuse.

We provide pseudocode for SDLM sampling, in-
cluding confidence-based decoding (Algorithm 3)
and self-speculative decoding (Algorithm 4). The
corresponding input IDs, position IDs, and atten-
tion masks are shown in Figure 7. For confidence-
based decoding, the relevant mask is the bold upper-
left block in Figure 7.

During inference, we use two attention patterns.
Within each decoding window, tokens attend to
one another using bidirectional attention. For the
subsequence accepted from the previous decoding
step, we apply causal attention to recompute the
KV cache in a manner consistent with training.
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Table 4: Training efficiency comparison on 8 xH100 80GB GPUs (3B model, 16k max sequence length). Time is

measured per step and for a total of 5k steps.

Time per Step (s)
Method Backend Fwd Bwd Total S5k Steps (hr)
Qwen2.5-3B SFT Flash Attention ~0.7 ~14 ~2.1 ~3.0
SDLM-3B (D=4) Magi Attention ~0.9 ~2.6 ~3.6 ~5.0
SDLM-3B (D=8) Magi Attention ~0.6 ~1.9 ~2.8 ~3.8

/

(a) Attention Mask for

Conf. Based Generate

\

l:l Empty Attention

i:l Cached Queries

i:l Causal Attention

i:l Bidirectional Attention

Inputs x; Xz X yy M m m y; y m m m y; Yy, y3 M m m y; Y, Y3 Y4 m m m

Position

011 2 3 4 5 2 3 4 5 6 2 3 45 6 7 2 3 4 5 6 7 8

Figure 7: Structured attention mask for sampling. (a) The bold upper-left block shows the mask used during
confidence-based generation; the full mask shows the mask used in self-speculative decoding.

In particular, the last token of the previous win-
dow serves two roles and is therefore duplicated: it
participates in causal attention for KV recomputa-
tion, during which it is masked from the subsequent
decoding window, and it also acts as the first to-
ken (anchor) of the next decoding window. The
attention mask is illustrated in Figure 7(a).

C Training Details

Table 5 summarizes the training hyperparam-
eters.  The training corpus comprises Tulu-
3-SFT-Mixture (Lambert et al., 2024), Table-
GPT (Li et al., 2023), SciRIFF (Wadden et al.,
2025), SmolTalk (Allal et al., 2025), OPC-SFT-
Stage2 (Huang et al., 2025), and ScaleQuest-
Math (Ding et al., 2024), with a combined total

of 3.5 million samples (~2.3 billion tokens). The
detailed composition is shown in Table 6.

As shown in Table 6, math-related data (Scale-
Quest, ~1.0M samples) constitutes a larger portion
of the training set than code-related data (OPC-
SFT-S2, ~436K samples). This imbalance in data
composition likely explains the performance gap
observed in our main results: SDLM achieves rela-
tively stronger performance on math benchmarks
(GSMS8K, MATH), while showing a larger gap to
the autoregressive baseline on code benchmarks
(HumanEval, MBPP).

D Evaluation Setup

Hardware and Inference Backends. All mod-
els are evaluated on 8xNVIDIA H100 80GB
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Algorithm 3 Confidence-Based Decoding

1: Input: Model M, prompt z, block size D

2: Output: Generated sequence y

3: Initialize KV-cache.

4 y<+x; L+ |x]

5: while not EOS do

6 i ¢ [y, yo1, m]*PY]

7. p < range(0, L)||[L—1]

8: PEi, < pljrange(L—1, L+D—2)

9:  (logits, KVpew) < M (Zin, KVcache, PEin)
10: KViache ¢ truncate KV ey to 0:L
11: chz p < last D-token predictions
122k« max{j € [1, D] | confidence(d;.;) > 7}
13: y(A—yHcil:k; L+ L+k

14:  if dy.;, contains EOS then
15: break

16:  end if

17: end while

18: return y

Table 5: Training hyperparameters.

Parameter 3B/7B 32B
Block size D 8 4
Max sequence length 5,632
Epochs 1

Batch size (global) 256 464
Training steps 13,699 7,558
Learning rate 5 x 1075 (constant)
ZeRO stage 1 3

GPUs with batch size 1. Benchmark accu-
racy is measured using OpenCompass (Con-
tributors, 2023). For Qwen2.5 models, we
use transformers (v4.37.2) as the HF back-
end and VLLM (v0.14.0) as the optimized en-
gine. For Qwen3-4B and Eagle3-Qwen3-4B,
we use transformers (v4.57.1); Eagle3 draft

weights are from https://huggingface.

co/AngelSlim/Qwen3-4B_eagle3.

Benchmarks. We evaluate across a diverse set of

benchmarks:

* General Tasks: MMLU (Hendrycks et al.,
2020) (5-shot), Winogrande (Sakaguchi et al.,
2021) (O-shot), Hellaswag (Zellers et al.,
2019) (10-shot), ARC-C/E (Clark et al., 2018)
(0-shot), IFEval (Zhou et al., 2023) (0-shot).

* Math & Science: GSMS8K (Cobbe et al., 2021)

Table 6: Training data composition.

Dataset # Samples Domain
ScaleQuest 1,000K Math
OPC-SFT-S2 436K Code
SmolTalk 1,100K  General
Tulu-3-SFT 939K  General
SciRIFF 79K  Science
Table-GPT 13K Table
Total 3,506K =

(0-shot), MATH-500 (Hendrycks et al., 2021)
(0-shot), GPQA (Rein et al., 2024) (0-shot).

* Coding: HumanEval (Chen et al., 2021) (0-
shot), HumanEval+ (Liu et al., 2023) (0-
shot), MBPP (Austin et al., 2021) (3-shot),
MBPP+ (Liu et al., 2023) (3-shot).

Speedup. Speedup is defined as the average num-
ber of tokens generated per forward pass:

number of generated tokens
Speedup = . (8
peectp number of forward steps ®)

By definition, autoregressive decoding has a
speedup of 1. For masked diffusion models (e.g.,
Dream, LLaDA), the generation length is fixed and
post-EOS tokens are truncated, so speedup can fall
below 1.
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https://huggingface.co/datasets/dyyyyyyyy/ScaleQuest-Math
https://huggingface.co/datasets/OpenCoder-LLM/opc-sft-stage2
https://huggingface.co/datasets/HuggingFaceTB/smoltalk
https://huggingface.co/datasets/allenai/tulu-3-sft-mixture
https://huggingface.co/datasets/allenai/SciRIFF
https://huggingface.co/datasets/LipengCS/Table-GPT
https://huggingface.co/AngelSlim/Qwen3-4B_eagle3
https://huggingface.co/AngelSlim/Qwen3-4B_eagle3

Algorithm 4 Self-Speculative Decoding

Output: Generated sequence y
Initialize K'V-cache.

y<+x; L+ |z

pad_len <— D(D—1) + M
Prefill: obtain initial draft block y<raft
Zin < [y, y-1, [m]* P

p < range(0, L)||[L—1]

PE;i, < p|lrange(L—1, L+D—2)
(logits, KV) <= M(xin, PEjp, KV)

: KV < truncate to positions 0:L

. ydaft « Jast-D predictions from logits
: Decode: draft & verify loop

: while not EOS do

R A A i e

I e T S S

Tin [y, y—1, pad(ydalt)]

p < range(0, L)||[L—1]

PE;i, < p|lpad(PE)

(logits, KVneW) — ./\/l(xin, PEin, KV)
KV « truncate KV, to 0:L

ST ST YN
M T 29 e I3

(4@, y)) « reshape(yraft, yveritv)

N
>

y <yl L L+k

if y{7#t contains EOS then
break

end if

ydraft — ynew-draft

: end while

return y

W NN NN
IS e AN

yveify « last-pad_len predictions from logits

(yrewdraft By o AcceptCount(y(©), 3(1))

Input: Draft/Verify model M, prompt x, block size D

// keep only causal cache

(pad(y¥a®), pad(PE)) < PadInputs(y¥af L)

TPS. Tokens Per Second (TPS) measures wall-
clock throughput for a single request:

TPS — number of generated tokens

(&)

wall-clock inference time

Both metrics are averaged over all test samples
within each benchmark group.

LLaDA and Dream Evaluation. We evaluate
LLaDA-8B (Nie et al., 2026) and Dream-7B (Ye
et al., 2025) with both their original (plain) de-
coding and D2F (Wang et al., 2026) on the same
8xH100 platform. In Table 1, D2F scores marked
with * are from Wang et al. (2026); all other results
(including Table 8) are independently evaluated by
us using OpenCompass. Per-benchmark generation
hyperparameters are listed in Table 7.

E Detailed Results

Per-Model Breakdown. Table 8 reports per-
benchmark scores (top of each cell) and through-
put in tokens per second (green, bottom) for every
model and inference backend. Models are grouped
by parameter size (3B, 4B, 7B, 32B) and by model
family (DLM). Within each group, thin rules sepa-
rate three categories: (i) official pretrained check-
points with HF and vLLM backends, (ii) our SFT
baselines trained on the same data with the stan-
dard autoregressive loss, and (iii) SDLM variants
decoded with self-speculative decoding.

Inference Efficiency on Long Sequences. As
shown in Figure 8, grouping 7B evaluation sam-
ples by generation length reveals a strong positive
correlation between length and efficiency: short
responses (0-64 tokens) achieve 3.88x speedup,
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Table 7: DLM generation hyperparameters per benchmark. Each cell shows gen length / forward steps for plain
decoding and max out len / block size for D2F. Plain decoding runs exactly gen length forward steps regardless of
output content; D2F forward steps are adaptive.

Model Decoding ‘ GSMSK MATH GPQA HumanEval(/+) MBPP(/+) IFEval
LLabAgs  Plain 512/512 512/512  64/64 512/512 256/256 5127512
ADAOE T ok 512/64  512/32  512/32 512/32 512/32 512/32
Dreamp 1A 512/512 512/512 128/128 768/768 102471024  1280/1280
ream- D2F 256/32  256/64 256/32 256/32 256/48 256/32

Table 8: Detailed Evaluation Results. Each cell shows the benchmark score on top and throughput (TPS) in
green parentheses below. “HF” = Hugging Face t ransformers; “vLLM” = VLLM engine. “SFT” models are
fine-tuned on the same data as SDLM with autoregressive loss. SDLM results use self-speculative decoding (SSD)
with Dy=2D. Speedup and TPS are averaged over all 8 benchmarks.

Size Model GSMS8K MATH GPQA | HumanEval HumanEval+ MBPP MBPP+ ‘ IFEval ‘ Speedup (x) Avg TPS
Qwen2.5 3B (HF) 86.7 662 359 738 64.0 65.0 378 57.7 1.0 497
(49.7) (49.8) (49.1) (49.0) (50.4) (49.3) (50.1) (50.1)
Qwen2.5 3B (YLLM) 86.9 656 359 76.2 68.9 68.5 39.1 58.6 1.0 279.6
(280.4) (280.6) (278.7) (279.3) (280.4) (278.8) (278.3) (279.9)
3B
SFT 3B (HF) 86.0 604 278 732 61.0 68.5 426 61.5 1.0 500
(50.9) (50.9) (49.9) (50.4) (51.0) (50.2) (50.9) (51.4)
SFT 3B (vLLM) 86.2 610 263 72.6 61.6 69.7 42.6 63.2 1.0 2735
(280.6) (280.9) (258.0) (274.0) (278.8) (266.2) (269.6) (280.2)
SDLM-3B-D8 ‘ 84.2 59.8  29.8 ‘ 64.0 598 65.4 402 ‘ 58.6 ‘ 6.0 2996
(290.3) (271.9) (181.2) (174.8) (242.8) (186.3) (257.2) (176.4)
Qwen3-4B (HF) ‘ 92.4 806 429 ‘ 78.7 69.5 778 49.5 ‘ 78.9 ‘ 1.0 ol
4B (42.4) (42.8) (43.0) (42.5) (42.9) (42.6) 42.7) (43.0)
Eagle3-Qwen3-4B ‘ 91.9 694 384 ‘ 78.0 71.3 75.5 47.1 ‘ 784 ‘ il 791
(87.7) (80.7) (74.4) (82.8) (83.7) (81.0) (80.5) (62.3)
Qwen2.5 7B (HF) 91.4 754 364 82.9 732 755 476 712 10 63.8
(63.8) (63.9) (63.6) (63.1) (64.0) (63.7) (64.0) (64.5)
Qwen2.5 7B (VLLM) 92.4 762 364 84.2 75.0 75.5 407 723 1.0 165.5
(165.8) (166.1) (165.3) (165.1) (165.8) (164.9) (165.2) (165.9)
SFT 7B (HF) 89.1 094 338 76.2 72.6 73.9 524 69.1 10 61.8
(62.6) (62.5) (60.7) (61.0) (62.8) (60.4) (61.7) (63.1)
SFT 7B (vLLM) 89.3 71.0 343 77.4 72.0 73.9 51.9 69.7 10 1626
7B (165.6) (166.2) (156.6) (163.1) (164.7) (158.6) (159.8) (165.9)
LLaDA-8B (Plain) 74.8 300 308 433 40.2 42.0 259 60.3 07 182
(8.7) (30.2) (14.2) (30.2) (30.7) (4.8) (5.4) (21.8)
LLaDA-8B (D2F) 79.5 334 328 40.2 305 48.2 27.8 464 28 795
(117.5) (92.7) (49.0) (99.4) (94.5) (65.0) (70.0) (48.3)
Dream-7B (Plain) 46.2 456 308 57.9 54.3 67.3 46.8 56.8 03 69
(L1 (20.3) (5.8) (4.2) (7.2) 0.9) (1.0) (5.0)
Dream-7B (D2F) 81.8 428 298 56.1 4.5 46.3 41.8 268 26 932
(66.0) (106.5) (72.2) (61.1) (68.8) (163.7) (151.2) (56.2)
SDLM.7B-D8 83.5 688 323 78.0 73.2 74.3 474 ‘ 65.1 ‘ 5.9 215.8
(227.5) (292.5) (190.2) (282.1) (259.5) (178.9) (161.9) (133.8)
Qwen2.5 32B (HF) 95.2 838 470 89.0 81.7 84.0 59.3 9.7 1.0 30.2
(30.4) (30.4) (30.2) (30.3) (30.4) (29.9) (29.9) (30.5)
Qwen2.532B (LLM) | 958 84.0 465 87.8 81.1 85.6 58.2 79.5 1.0 417
(41.7) (41.8) (41.7) (41.5) (41.8) (41.5) (41.6) (41.7)
32B
SFT 32B (HF) 93.0 754 338 82.9 76.8 82.1 59.3 76.7 1.0 281
(28.8) (28.4) (27.5) (28.2) (28.6) (27.2) (27.3) (28.6)
SFT 32B (vLLM) 93.6 732 338 84.2 76.8 82.1 59.3 76.3 1.0 179
(39.1) (39.2) (34.2) (37.9) (38.6) (37.6) (37.7) (39.2)
SDLM-32B-D4 92.6 742 369 81.1 744 80.5 58.5 78.0 36 637
(76.4) (74.4) (57.3) (69.9) (73.2) (54.7) (55.5) (48.4)
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Inference Efficiency vs. Generated Sequence Length (SDLM 7B)

10 {[=="SpeedUp (9
mss Throughput (TPS)
350

Average SpeedUp

S
5
Average Throughput (TPS)

64-128 128-256 256-512
(N=927) (N=738) (N=479)

Generated Sequence Length

512-1024 >1024
(N=218) (N=90)

0-64
(N=1069)

Figure 8: Efficiency vs. sequence length (SDLM-7B).
Speedup and TPS grow with longer outputs.

while sequences exceeding 1024 tokens reach
8.46x speedup and 328.4 TPS.

Per-Benchmark Trade-off Analysis. Figure 9
presents the complete quality—speed trade-off
curves for all 8 individual benchmarks under logit-
based confidence decoding. Each curve is ob-
tained by sweeping the confidence threshold 7 from
strict (7=0.96) to aggressive (7=0.34); the left-
most point on each curve corresponds to the greedy
baseline that accepts exactly one token per step
(7=1). Across all benchmarks, we observe a con-
sistent pattern: relaxing 7 steadily increases both
speedup and TPS, while the performance score de-
grades gracefully. Notably, math and code bench-
marks (GSM8K, MATH, HumanEval, MBPP) ex-
hibit a favorable trade-off region where a 2—-3x
speedup is achievable with only marginal score
loss, whereas instruction-following (IFEval) and
knowledge-intensive tasks (GPQA) are more sensi-
tive to aggressive thresholds.

F Additional Ablation Studies

We conduct ablation studies on the model design
of SDLM, examining the effects of shift predic-
tion and bidirectional attention. All variants are
retrained under the same settings to evaluate their
impact on performance and efficiency.

No Shift Prediction. To verify the effectiveness
of shift prediction, we adopt a variant similar to
LLaDA that directly predicts the original tokens
at the masked positions. As shown in Figure 10,
under the same training cost, this variant leads to
a noticeable decline in model performance, with
HumanEval+ scores dropping by approximately 14
points. Log analysis further reveals that this variant
produces more repeated outputs. This indicates
that the shift prediction strategy exploits the strong

ability of ALMs to predict the first token, providing
a stable starting point for diffusion decoding.

Causal Attention. As shown in Figure 10, we re-
place the bidirectional attention inside each block
with a causal (unidirectional) mask. With a block
size D = 4, the two variants obtain almost identi-
cal scores on some benchmarks and exhibit com-
parable training difficulty. However, the average
number of tokens generated per step drops from
1.88 to 1.82, indicating that bidirectional attention
enlarges the local receptive field during decoding
and improves parallel generation efficiency.
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Figure 9: Per-benchmark quality—speed trade-off under varying confidence threshold 7. Each panel shows one
of the 8 evaluation benchmarks. x-axis: speedup (tokens per forward pass); left y-axis (blue): score; right y-axis
(red): TPS.

No Shift Causal Attention SDLM-3B (D=4) No Shift Causal Attention SDLM-3B (D=4)
Performance Speedup
90 2.2 2.18
215714215
85.8 - 213
84.284.2 2.12
80
2.0
70 68 1.83
65.4
64.6 1.8 76 - 1.78
60 608 59.859.8 172 :
60 58.8 1.66
1.62 1.64
1.6 1.57
50
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40.5 1.4
40 38.4 38.6
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Figure 10: Ablation on attention mask type and prediction shift strategy. (1) No shift: predicting z; instead
of z;11; (2) Causal-only: using a causal mask instead of bidirectional attention within each block. The left panel
shows benchmark performance, while the right panel shows the acceleration ratio.
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