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Abstract

While autoregressive models (ARMs) domi-
nate natural language processing, their strictly
left-to-right decoding inherently limits global
context utilization. Diffusion language models
(DLMs) have recently emerged as a promis-
ing paradigm shift, theoretically offering bidi-
rectional attention, parallel decoding, and the
flexibility of any-order generation. However,
the nature of this generative flexibility remains
heavily under-explored. In this work, we sys-
tematically investigate the interplay between
any-order flexibility, task performance, and in-
ference efficiency. By quantifying deviations
from autoregressive (AR) generation order us-
ing Normalized Edit Distance (NED) across
reasoning, code, and commonsense tasks, we
find that current DLMs rely heavily on near
left-to-right generation pathways to achieve
high performance. To weaken this coupling,
we demonstrate that the generation block size
acts as a key regulator of decoding order. Con-
sequently, we propose a novel mitigation strat-
egy: training the model with a large block size
to grant it a vastly expanded exploration space,
while performing inference with a compara-
tively smaller block size to minimize computa-
tional overhead. Ultimately, our methodology
increases deviation from left-to-right genera-
tion while preserving strong task accuracy and
inference efficiency.

1 Introduction

Natural language processing has long been domi-
nated by autoregressive models (ARMs) (OpenAI
et al., 2024; Grattafiori et al., 2024; Yang et al.,
2025), whose strict left-to-right generation limits
flexibility and global context utilization (Berglund
et al., 2024). Recently, diffusion language mod-
els (DLMs) (Sahoo et al., 2024; Lou et al., 2024)
have emerged as a powerful alternative, adapting
the gradual denoising processes of vision diffusion
models (Rombach et al., 2022; Brooks et al., 2024)

to text generation. By naturally incorporating bidi-
rectional attention throughout the generative pro-
cess, DLMs capture global contextual dependen-
cies and enable any-order generation (Ye et al.,
2025). Furthermore, because they iteratively refine
the entire sequence simultaneously, DLMs natively
support parallel decoding. When combined with
acceleration strategies like KV caching, they can
ultimately outpace the generation speeds of their
autoregressive counterparts (Wu et al., 2025).

Despite theoretical claims of any-order flexibil-
ity (Ye et al., 2025; Cheng et al., 2025), rigor-
ous empirical validation remains lacking, prompt-
ing our investigation into how effectively current
DLMs use this flexibility. Across reasoning, code,
and commonsense tasks, we find that the evalu-
ated DLMs achieve their strongest and most stable
performance with near-left-to-right decoding se-
quences. Specifically, our analysis reveals a strong
positive correlation between AR similarity and
model accuracy, showing that the evaluated DLMs
favor left-to-right decoding and suffer sharp perfor-
mance drops as their trajectories deviate from strict
AR patterns.

To weaken this coupling between decoding or-
der and performance, we investigate the role of
the generation block size. While small block sizes
constrain the decoding space and encourage AR-
like behavior, scaling up the block size reduces
AR similarity and permits more varied generation
orders. However, our study reveals a trade-off
between block size, task performance, and com-
putational efficiency: simply increasing the block
size during inference heavily degrades both accu-
racy and throughput. To navigate this, we pro-
pose a novel asymmetric block-scaling strategy:
explicitly training the DLM with a large block
size to expand its contextual exploration space,
while executing inference with a comparatively
smaller block size to bypass extraneous com-
putational overhead. This strategy successfully
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increases deviation from left-to-right generation
while preserving strong task performance and in-
ference efficiency.

2 Related Work

Diffusion Language Models Diffusion language
models (DLMs), specifically masked diffusion
models (MDMs), have emerged as a compelling
alternative to the prevalent autoregressive mod-
els (ARMs). By utilizing bidirectional attention,
these models avoid the causal constraint of ARMs
and support new features such as any-order gen-
eration (Liu et al., 2025; Li et al., 2025). With
foundational works such as SEDD (Lou et al.,
2024) and MDLM (Sahoo et al., 2024) verify-
ing the efficacy of this approach on a smaller
scale, recent advancements such as LLaDA (Nie
et al., 2025) and Dream (Ye et al., 2025) have suc-
cessfully scaled these architectures to match the
sizes of mainstream ARMs with rivaling perfor-
mance. Recent research has also revitalized the
semi-autoregressive paradigm introduced by SSD-
LM (Han et al., 2023). By confining diffusion to
local windows while maintaining global AR depen-
dencies, modern approaches like BD3-LM (Arriola
et al., 2025) and SDAR (Cheng et al., 2025) rein-
troduce KV caching efficiency for MDMs. The
progress has notably extended to the commer-
cial landscape, exemplified by models such as
Mercury (Labs et al., 2025) and Gemini Diffu-
sion (Google DeepMind, 2025). However, despite
these architectural shifts, methods to reduce AR-
like generation while preserving performance and
efficiency remain largely unexplored—a gap this
work addresses.

Mechanisms of Diffusion Language Models
Recent investigations into DLMs have provided
a comprehensive understanding of their underly-
ing mechanisms. Several works have observed
that conditional independence in parallel decod-
ing leads to globally inconsistent sequences (Jin
et al., 2025) and hinder rigorous chain-of-thought
reasoning (Chen et al., 2025). Furthermore, as-
sumptions like uniform corruption and block dif-
fusion have been linked to structural challenges,
including frequency collapse, early saturation (Jin
et al., 2025), and elevated hallucination rates com-
pared to ARMs (Guo and Tan, 2026). Despite these
challenges, DLMs are also claimed to have their
own theoretical and empirical advantages. The
non-sequential nature of MDMs enables adaptive

generation speeds and continuous sequence refine-
ment (Zhong et al., 2026), achieving near-optimal
token error rates for fluency-focused tasks (Feng
et al., 2025). Beyond inference, DLMs consis-
tently outperform AR models in data-constrained
settings (Prabhudesai et al., 2025), underscoring
their potential as a highly capable alternative at
scale (von Rütte et al., 2026). Recent studies also
analyze decoding order: Huang et al. (2026) iden-
tify biases induced by uncertainty-based decoding,
while Zhong et al. (2026) compare the natural gen-
eration orders of correct and incorrect LLaDA2.0
outputs. Because these observed orders are jointly
determined by the model and its inference strategy,
they do not isolate the model’s order preference.
We instead impose controlled orders and measure
the resulting accuracy–order relationship across
four full and block DLM families, separating our
work from previous works concerning generation
orders.

3 The Illusion of Any-Order Flexibility:
The Empirical Reliance on
Autoregressive Decoding

To investigate whether DLMs genuinely achieve
the theoretical promise of any-order genera-
tion—effectively decoupling high performance
from traditional left-to-right decoding—we exam-
ine the relationship between a generation trajec-
tory’s autoregressive (AR) similarity and down-
stream accuracy. Specifically, we quantify the devi-
ation from strict AR decoding using the Normal-
ized Edit Distance (NED), derived from the stan-
dard Levenshtein distance. Formally, the metric is
defined as:

NED(a, b) =
Lev(a, b)

max(|a|, |b|) (1)

where |a| and |b| represent the lengths of sequences
a and b, respectively. The Levenshtein distance, de-
noted as Lev(a, b), measures the minimum number
of single-element insertions, deletions, or substi-
tutions required to transform sequence a into se-
quence b. In our context, a represents the sequence
of token indices ordered by their generation steps,
while b = (0, 1, . . . , |a| − 1) represents the strict
AR order. Consequently, NED provides a normal-
ized measure of how significantly the actual gener-
ation trajectory deviates from a left-to-right pattern.
Although we discuss AR similarity conceptually,
NED has the opposite direction: a higher NED in-
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Figure 1: Performance vs. Normalized Edit Distance (NED) on GSM8K. We evaluate LLaDA, Dream, SDAR,
and LLaDA2.0, comparing specific decoding methods (blue) against sampled generation orders (green).
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Figure 2: Average normalized edit distances (NEDs)
for SDAR with different block sizes. SDAR trained
with block sizes from 4 to 64 is evaluated on GSM8K,
HumanEval, and MMLU-Redux.

dicates lower similarity to AR order. We justify
this metric choice in Appendix B.

Setting: Our evaluation spans a broad spectrum
of models, tasks, and decoding strategies. We
benchmark LLaDA (Nie et al., 2025), Dream (Ye
et al., 2025), SDAR (Cheng et al., 2025), and
LLaDA2.0 (Bie et al., 2025) across a diverse
suite of tasks, including GSM8K (Cobbe et al.,
2021), HumanEval (Chen et al., 2021), and MMLU-
Redux (Gema et al., 2025). We assess standard
DLM techniques, such as confidence-based and
entropy-based sampling, alongside explicit posi-
tional constraints like forced AR and reverse AR
generation. Finally, to provide a granular analy-
sis of the decoding landscape, we introduce syn-
thetically sampled any-order patterns calibrated to
target NED values ranging from 0.1 to 0.9 (see
Appendix A for the exact generation orders).

As detailed in Figure 1 and 4, the tested models
exhibit a stark contrast at the extremes of decoding
strategies: confidence-based sampling achieves

4 8 16 32 64
Block Size

70

75

80

85

90

Ac
cu

ra
cy

GSM8k HumanEval MMLU-Redux

Figure 3: Impact of Block Size on SDAR Perfor-
mance. We compare the performance of SDAR across
different block sizes on GSM8K, HumanEval, and
MMLU-Redux. Configurations are consistent with Fig-
ure 5.

the highest performance but exhibits high AR
similarity, whereas forced reverse AR genera-
tion results in severely degraded accuracy. Our
synthetically sampled orders show the same em-
pirical relationship. The Pearson correlation coef-
ficients, most of which range approximately from
−0.65 to −0.9, indicate that AR similarity and
model performance are strongly positively cor-
related across the evaluated models and settings.

4 Block Size as a Regulator of Decoding
Order

Hypothesis We hypothesize that the generation
block size is a key regulator of the model’s decod-
ing order. Specifically, expanding the block size
broadens the contextual canvas available at each dif-
fusion step, thereby facilitating non-autoregressive
generation. To test this, we conduct experiments
using the SDAR (Cheng et al., 2025) framework,
analyzing its natively trained variants across vary-
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Table 1: Comparison of NED across different datasets. Results are reported as mean ± standard deviation over
three repeated evaluation runs; this protocol also applies to the subsequent result tables. A value of ±0.00
indicates variation below the displayed precision, with small residual differences arising from numerical GPU
non-determinism.

Model GSM8K MATH-500 MMLU-Redux HumanEval MBPP GPQA-Diamond Avg

SDAR-b64 0.36± 0.00 0.15± 0.00 0.25± 0.00 0.21± 0.00 0.35± 0.00 0.38± 0.00 0.28
SDAR-b64* (Train 64, Infer 64) 0.35± 0.00 0.11± 0.00 0.24± 0.00 0.22± 0.00 0.35± 0.00 0.35± 0.00 0.27
SDAR (Train 128, Infer 64) 0.34± 0.00 0.30± 0.00 0.45± 0.00 0.31± 0.00 0.48± 0.00 0.52± 0.00 0.40
SDAR (Train 128, Infer 128) 0.36± 0.00 0.32± 0.00 0.47± 0.00 0.34± 0.00 0.47± 0.00 0.54± 0.00 0.42
SDAR (Train 256, Infer 64) 0.33± 0.00 0.28± 0.00 0.39± 0.00 0.31± 0.00 0.49± 0.00 0.66± 0.00 0.41
SDAR (Train 256, Infer 128) 0.34± 0.00 0.30± 0.00 0.40± 0.00 0.32± 0.00 0.50± 0.01 0.65± 0.00 0.42
LLaDA 0.54± 0.00 0.76± 0.00 0.64± 0.00 0.37± 0.00 0.43± 0.00 0.62± 0.00 0.56
Dream 0.06± 0.00 0.06± 0.00 0.08± 0.00 0.02± 0.00 0.07± 0.00 0.11± 0.00 0.07
LLaDA2.0 0.31± 0.00 0.27± 0.00 0.36± 0.00 0.14± 0.00 0.23± 0.00 0.29± 0.00 0.27

ing block sizes. We also consider LLaDA2.0 as a
baseline for comparison.

As Figure 2 illustrates, increasing the block size
directly correlates with a higher normalized edit
distance. This shows that larger block sizes enable
generation trajectories that deviate further from
AR order.

Performance-Efficiency Trade-off in Block Scal-
ing While larger block sizes effectively mitigate
autoregressive bias, they may degrade task per-
formance and inference efficiency. To evaluate
this trade-off, we test SDAR (Cheng et al., 2025)
and LLaDA2.0 (Bie et al., 2025) on established
tasks using their default confidence sampling meth-
ods, tracking task accuracy, tokens per forward
pass (TPF), and tokens per second (throughput).
From Figure 3, we find that simply increasing the
block size during inference gradually degrades
task performance. Also, efficiency experiences a
slight drop as block size increases, even for mod-
els natively trained at that scale. This trade-off
is expected: larger block sizes incur computational
overhead by forcing the model to generate extrane-
ous padding or stop tokens for shorter tasks (e.g.,
using a 128-token block for a 40-token task).

Our Method Based on the above observations,
we propose our strategy: training with a large
block size while inferring with a comparatively
smaller block size. On the one hand, training with
a large block size (e.g., 256) makes the model learn
to unmask tokens across a broader context space,
encouraging generation orders that deviate further
from left-to-right. On the other hand, executing
inference with a comparatively smaller block size
(e.g., 64 or 128) allows the model to avoid unnec-
essary computation while preserving the increased
deviation enabled by large-block training. In the

following section, we verify our strategy’s effec-
tiveness and compare it against other diffusion lan-
guage models.

5 Experiments

Setting We fine-tune our base model, SDAR-
8B-Chat with block size 64 (SDAR-b64), using
training block sizes of 128 and 256 on a 5B-token
instruction dataset (1 epoch, learning rate 5e-5),
and evaluate both at inference block sizes 64 and
128. Baselines include LLaDA, LLaDA2.0-mini,
Dream, SDAR-b64, and SDAR-b64* (SDAR-b64
fine-tuned on the same 5B-token instruction dataset
with block size 64 to serve as an ablation base-
line). We omit evaluating the untrained SDAR-
b64 at block size 128 due to severe performance
degradation. Benchmarks include GSM8K (Cobbe
et al., 2021), MATH-500 (Lightman et al., 2023),
GPQA (Rein et al., 2023), MMLU-Redux (Gema
et al., 2025), HumanEval (Chen et al., 2021), and
MBPP (Austin et al., 2021) (dataset and inference
details are in Appendix D).

Results Across the full training/inference block-
size comparison in Tables 1, 6, and 7, larger train-
ing blocks consistently increase deviation from left-
to-right generation. At the same inference block
size of 64, increasing the training block size from
64 to 256 raises average NED from 0.270 to 0.408
and average accuracy from 67.5% to 70.0%, while
maintaining throughput (45.3 vs. 46.6 tokens/s).
Changing only the inference block size produces
much smaller NED differences: 0.402 to 0.415 for
the model trained at 128, and 0.408 to 0.418 for
the model trained at 256. The train-256/infer-128
configuration also surpasses SDAR-b64, LLaDA,
Dream, and SDAR-b64* in task accuracy across all
six benchmarks, trailing only the much larger 16B-
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parameter LLaDA2.0, while maintaining slightly
higher throughput. Thus, large-block training
weakens the observed coupling between decod-
ing order and performance while preserving
strong task performance and efficiency.

6 Conclusion

In this work, we demonstrate that the current DLMs
evaluated here achieve their best performance with
near-left-to-right decoding and degrade as their tra-
jectories deviate from that order. We identify block
size as a key regulator of decoding order and intro-
duce an asymmetric block-scaling strategy: train-
ing on expansive block sizes to broaden exploration
while performing inference on smaller ones. Our
evaluations confirm that this approach significantly
enhances the any-order flexibility of block diffu-
sion language models like SDAR while keeping its
performance.
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Limitations

Our findings are primarily validated on models up
to 8 billion parameters; scalability to massive foun-
dation models remains an open question. Addi-
tionally, our evaluation focuses on reasoning and
objective tasks, leaving the effects of forced any-
order generation on open-ended creative writing
unexplored. Our training strategy is evaluated only
on SDAR and directly applies to block DLMs; vali-
dation on other block-DLM families remains future
work.

A Sampled Generation Order

For the experiments in Figures 1 and 4, we employ
sampled generation orders with NED values span-
ning from approximately 0.1 to 0.9. The specific
permutations used for these evaluations are detailed
in Table 2.
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Table 2: Sampled block generation orders. This table details the specific permutations used in our evaluations,
covering normalized edit distances (NEDs) approximately evenly spaced between 0.1 and 0.9.

NED Sampled Order

0.0938 0, 1, 9, 3, 4, 5, 2, 7, 8, 6, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31
0.1875 0, 1, 2, 3, 4, 25, 8, 21, 6, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 7, 22, 23, 24, 5, 26, 27, 28, 29, 30, 31
0.2813 0, 1, 21, 7, 4, 5, 6, 11, 2, 9, 29, 3, 12, 13, 14, 15, 16, 17, 18, 19, 20, 8, 10, 23, 24, 25, 26, 27, 28, 22, 30, 31
0.4063 0, 1, 2, 3, 4, 5, 8, 7, 17, 9, 15, 13, 20, 11, 14, 10, 16, 6, 26, 30, 12, 21, 22, 23, 24, 25, 18, 27, 28, 29, 19, 31
0.5000 0, 21, 15, 4, 3, 29, 6, 7, 8, 11, 10, 9, 26, 13, 14, 2, 16, 17, 20, 19, 28, 1, 22, 23, 24, 25, 12, 27, 30, 5, 18, 31
0.5938 15, 14, 2, 3, 0, 5, 10, 7, 16, 4, 6, 30, 12, 13, 21, 9, 19, 17, 27, 8, 20, 1, 22, 18, 26, 25, 24, 11, 28, 29, 23, 31
0.6875 5, 1, 23, 6, 4, 27, 31, 7, 28, 10, 9, 11, 13, 12, 8, 15, 16, 22, 14, 21, 20, 3, 0, 2, 26, 25, 17, 19, 18, 29, 30, 24
0.7813 4, 1, 5, 24, 9, 26, 21, 30, 27, 17, 14, 15, 12, 13, 0, 20, 16, 25, 8, 19, 28, 18, 22, 6, 31, 2, 10, 23, 3, 29, 7, 11
0.9063 22, 2, 1, 23, 19, 17, 10, 9, 29, 15, 13, 8, 31, 6, 21, 18, 16, 27, 11, 5, 14, 20, 7, 28, 24, 3, 12, 0, 25, 4, 30, 26
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Figure 4: Performance vs. Normalized Edit Distance (NED) on HumanEval and MMLU-Redux. Following
the same experimental setup as in Figure 1, these results further demonstrate that lower edit distances consistently
correlate with improved overall accuracy across different benchmarks.

B Comparison of Generation-Order
Metrics

We compare NED with Kendall’s τ and Spearman’s
ρ, two natural rank-based alternatives. For each
block size, Table 3 reports the metric span between
strict AR order and reverse-AR order within each
block, the largest deviation permitted by the block
constraint. NED retains a substantially wider us-
able range, particularly at small block sizes.

Table 3: Usable metric range under different SDAR
block-size constraints.

Block size NED Kendall’s τ Spearman’s ρ

4 0.7538 0.0365 0.0013
8 0.8784 0.0861 0.0054

16 0.9410 0.1952 0.0239
32 0.9720 0.3781 0.0849
64 0.9876 0.7583 0.3352

Table 4 further compares the metrics on actual
SDAR generations for GSM8K. While NED dis-
tinguishes the block-size settings, Kendall’s τ and
Spearman’s ρ remain close to their AR-similarity
ceiling of 1, making them less discriminative in
this setting.

Table 4: Generation-order metric values on GSM8K
across SDAR block sizes.

Model Block size NED Kendall’s τ Spearman’s ρ

SDAR-b4 4 0.1590 0.9965 0.9999
SDAR-b8 8 0.2161 0.9919 0.9996
SDAR-b16 16 0.2889 0.9824 0.9984
SDAR-b32 32 0.3239 0.9749 0.9967
SDAR-b64 64 0.3547 0.9616 0.9917
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C Influence of Block Size on SDAR and
LLaDA2.0-mini Performance

We demonstrate how block size influences the per-
formance and efficiency of SDAR in Figures 3 and
5 and LLaDA2.0-mini in Figures 6 and 7.

D Benchmark and Model Inference
Details

We list the details about the 6 used datasets in Ta-
ble 5.

Inference For LLaDA and Dream,
we follow the inference code of the
Dream model to generate the responses
(https://github.com/DreamLM/Dream). The
number of sampling steps is set equal to the
generation length, which is 64 for GPQA and
512 for all other datasets. LLaDA employs a low-
confidence remasking strategy, whereas Dream
remasks high-entropy tokens. For SDAR and
LLaDA2.0, we use block diffusion with dynamic
low-confidence remasking for both, with threshold
set as 0.95, and a maximum generation length of
2048. Furthermore, their block sizes are configured
to 64 for SDAR and 32 for LLaDA2.0. For SDAR,
we use its source code https://github.com/
JetAstra/SDAR/blob/main/generate.py. For
LLaDA2.0-mini, we use its original modeling
code https://huggingface.co/inclusionAI/
LLaDA2.0-mini/blob/main/modeling_llada2_
moe.py#L1233. In the whole paper, the inference
batch size is set as 1 for fair comparison.

E Task Performance and Efficiency
Results

We list the accuracy results in Table 6 and through-
put results in Table 7.

F Computational Budget

Training SDAR with our method takes 20 hours
on 100 NVIDIA H20 GPUs. Our training is con-
ducted with a total batch size of 400, sequence
length 2048, and the training framework is built
with DeepSpeed.
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Table 5: Overview of Evaluated Benchmarks. A summary of the six datasets utilized in our experiments, detailing
their primary domains, evaluated test set sizes, and performance metrics.

Dataset Domain Test Size Metric

GSM8K Grade School Mathematics 1,319 Accuracy
MATH-500 Advanced Mathematics 500 Accuracy
GPQA Diamond Graduate-Level Science 198 Accuracy
MMLU-Redux Multidisciplinary QA 5,700 Accuracy
HumanEval Python Code Generation 164 Pass@1
MBPP Basic Python Programming 257 Pass@1

Table 6: Comparison of Accuracy (%) across different datasets.

Model GSM8K MATH-500 MMLU-Redux HumanEval MBPP GPQA-Diamond Avg

SDAR-b64 88.6± 0.2 68.1± 0.8 73.9± 0.4 66.1± 2.1 49.8± 1.0 34.1± 1.1 63.4
SDAR-b64* (Train 64, Infer 64) 89.1± 0.1 70.5± 0.2 75.1± 0.1 70.1± 0.1 65.2± 1.3 35.2± 0.3 67.5
SDAR (Train 128, Infer 64) 90.5± 0.0 69.9± 0.0 64.0± 0.0 70.5± 0.0 67.7± 0.0 35.2± 0.0 66.3
SDAR (Train 128, Infer 128) 89.9± 0.0 70.2± 0.0 63.6± 0.0 69.9± 0.0 67.1± 0.0 35.4± 0.0 66.0
SDAR (Train 256, Infer 64) 91.3± 0.0 71.3± 0.0 77.0± 0.0 74.8± 0.0 69.3± 0.0 36.4± 0.0 70.0
SDAR (Train 256, Infer 128) 90.3± 0.2 71.6± 1.2 75.2± 0.4 73.6± 0.9 68.9± 1.8 35.9± 0.5 69.3
LLaDA 71.0± 0.0 27.6± 0.0 62.1± 0.0 42.1± 0.0 42.0± 0.0 31.8± 0.0 46.1
Dream 81.2± 0.0 49.2± 0.0 67.7± 0.0 59.2± 0.0 63.4± 0.0 34.3± 0.0 59.2
LLaDA2.0 92.3± 0.0 76.6± 0.0 77.6± 0.0 88.4± 0.0 78.2± 0.0 38.9± 0.0 75.3

Table 7: Throughput of different models and SDAR configurations across tasks.

Model GSM8K MATH-500 MMLU-Redux HumanEval MBPP GPQA-Diamond Avg

SDAR-b64 57.2± 0.5 82.6± 0.7 31.5± 0.1 44.1± 0.5 19.2± 0.1 20.7± 0.1 42.6
SDAR-b64* (Train 64, Infer 64) 47.7± 0.5 60.3± 0.2 32.2± 0.3 67.5± 1.3 48.4± 2.7 15.4± 0.1 45.3
SDAR (Train 128, Infer 64) 50.2± 0.5 62.4± 0.7 34.7± 0.4 68.3± 0.1 40.7± 2.2 15.9± 0.0 45.4
SDAR (Train 128, Infer 128) 49.9± 0.3 63.7± 0.2 33.0± 0.1 65.9± 0.9 40.8± 2.6 15.7± 0.1 44.8
SDAR (Train 256, Infer 64) 47.6± 0.5 59.1± 0.3 33.9± 0.4 62.9± 0.5 51.9± 2.3 24.1± 0.1 46.6
SDAR (Train 256, Infer 128) 50.8± 0.4 62.6± 0.6 33.7± 0.3 69.0± 1.9 44.4± 1.5 20.9± 4.6 46.9
LLaDA 16.2± 0.0 15.8± 0.0 15.1± 0.0 9.8± 0.0 11.6± 0.0 9.1± 0.0 12.9
Dream 14.2± 0.0 13.8± 0.0 13.1± 0.0 12.3± 0.0 14.1± 0.0 5.5± 0.0 12.2
LLaDA2.0 39.9± 0.3 47.4± 0.2 29.4± 0.1 71.2± 0.0 38.1± 0.0 28.7± 0.0 42.5
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Figure 5: Impact of Block Size on SDAR Efficiency. We compare the efficiency of SDAR by measuring throughput
(blue) and TPF (red) across different block sizes on GSM8K, HumanEval, and MMLU-Redux. Note that SDAR
evaluations utilize models trained on their corresponding block sizes.
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Figure 6: Impact of Block Size on LLaDA2.0-mini Efficiency. We compare the efficiency of LLaDA2.0-mini by
measuring throughput (blue) and TPF (red) across different block sizes on GSM8K, HumanEval, and MMLU-Redux.
Different from Figure 5, we use the same model throughout all evaluations, for LLaDA2.0-mini is trained with
block size 32 and doesn’t have alternate versions trained with other block sizes.
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Figure 7: Impact of Block Size on LLaDA2.0-
mini Performance. We compare the performance of
LLaDA2.0-mini across different block sizes on GSM8K,
HumanEval, and MMLU-Redux. Other configurations
are consistent with Figure 6.
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