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Abstract

Large Language Diffusion Models, or dLLMs, have emerged
as a significant focus in NLP research, with substantial ef-
fort directed toward understanding their scalability and down-
stream task performance. However, their long-context ca-
pabilities remain unexplored, lacking systematic analysis or
methods for context extension. In this work, we present the
first systematic investigation comparing the long-context per-
formance of diffusion LLMs and traditional auto-regressive
LLMs. We first identify a unique characteristic of dLLM:s,
unlike auto-regressive LLMs, they maintain remarkably sta-
ble perplexity during direct context extrapolation. Moreover,
where auto-regressive models fail outright during the Needle-
In-A-Haystack task with context exceeding their pretrained
length, we discover dLLMs exhibit a distinct “local percep-
tion” phenomenon, enabling successful retrieval from recent
context segments. We explain both phenomena through the
lens of Rotary Position Embedding (RoPE) scaling theory.
Building on these observations, we propose LongLLaDA, a
training-free method that integrates LLaDA with the NTK-
based RoPE extrapolation. Our results validate that estab-
lished extrapolation scaling laws remain effective for extend-
ing the context windows of dLLMs. Furthermore, we identify
long-context tasks where dLLMs outperform auto-regressive
LLMs and others where they fall short. Consequently, this
study establishes the first length extrapolation method for dif-
fusion LLMs while providing essential theoretical insights
and empirical benchmarks critical for advancing future re-
search on long-context diffusion LLMs.

Code — https://github.com/OpenMOSS/LongLLaDA
Extended version — https://arxiv.org/abs/2506.14429

Introduction

Recently, diffusion LLMs, or dLLMs, have become widely
discussed in Natural Language Processing research (Nie
et al. 2025; Ye et al. 2025). They are regarded as a poten-
tial solution to key limitations of traditional auto-regressive
LLMs (Touvron et al. 2023; Sun et al. 2024), including
the reversal curse (Berglund et al. 2023), complex reason-
ing (Dziri et al. 2023), and maintaining coherence across
extended contexts (Bachmann and Nagarajan 2024; Ye et al.
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Figure 1: Comparison of perplexity and retrieval accuracy
between the diffusion LLM and the auto-regressive LLM,
both within and beyond pre-training context length.

2024, 2025). Significant research efforts have focused on
validating their scalability (Nie et al. 2025; Ye et al. 2025),
adapting them for multimodality (Yang et al. 2025; You et al.
2025; Yu, Ma, and Wang 2025), applying them to reasoning
tasks (Zhao et al. 2025; Huang et al. 2025; Zhu et al. 2025),
and optimizing their efficiency (Ma et al. 2025; Hu et al.
2025; Wu et al. 2025). However, the long-context capabili-
ties of dLLMs, specifically their performance and potential
for length extrapolation, remain unexplored.

We Dbegin by systematically evaluating dLLM
LLaDA (Nie et al. 2025) against auto-regressive LLM
LLaMA3 (Meta 2024a) on perplexity and retrieval tasks,
both within and beyond their pretrained context lengths
(Figure 1). Notably, dLLMs maintain stable perplexity
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Figure 2: Results of Needle-In-A-Haystack tests (Gkamradt 2023) on LLaDA-8B Series (Nie et al. 2025) and LLaMA3-8B

Series (Meta 2024b) under direct extrapolation.

and exhibit localized perception during direct length
extrapolation. In stark contrast, auto-regressive LLMs
suffer catastrophic perplexity surges and performance
collapse when input length exceeds their maximum sup-
ported context window, 8k tokens. This divergence reveals
fundamental architectural differences in long-context
handling, raising critical questions: (1) What mechanisms
enable dLLMs’ extrapolation stability? (2) Can established
length-extension techniques for auto-regressive LLMs
be transferred to diffusion architectures? (3) How do
dLLMs perform on long-context benchmarks relative to
auto-regressive baselines, and what unique capabilities or
limitations emerge?

In this work, we address these questions through com-
prehensive experiments and analysis. Besides the perplex-
ity and retrieval experiment, we also benchmark Needle-In-
A-Haystack (NIAH) performance for dLLMs (LLaDA (Nie
et al. 2025), LLaDA-1.5 (Zhu et al. 2025), Dream-v0 (Ye
et al. 2025)), quantitatively confirming their local per-
ception bias during length extrapolation. We then ana-
lyze this phenomenon through Rotary Position Embed-
ding (RoPE) theory, validating our interpretation with t-
SNE visualizations. Building on these insights, we pro-
pose Longl.LaDA, a training-free method which success-
fully extends LLaDA’s context window using NTK-based
ROPE extrapolation (bloc97 2023b), and verify preserved
scaling laws (Liu et al. 2023b). Finally, we identify task-
dependent capabilities where dLLMs surpass or lag behind
auto-regressive counterparts on long-context benchmarks.
Our contributions are summarized as follows:
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¢ First systematic analysis of dLLMs’ long-context be-
havior, revealing their unique characteristics for stable
perplexity and local perception in context extension, with
mechanistic explanation via RoPE dynamics.

Effective context extension demonstrating NTK-based
ROPE extrapolation and scaling laws transfer seamlessly
to dLLMs, achieving 6 x context expansion (24k tokens)
without further training.

Capability benchmarking revealing dLLMs match
auto-regressive models on retrieval tasks, lag in aggrega-
tion, but excel at synthetic QA. We provide foundational
insights for future long-context diffusion research.

Long-Context Phenomenology of dL.LLMs

We conduct experiments on the existing dLLM series, in-
cluding LLaDA-8B (Nie et al. 2025), LLaDA-1.5 (Zhu et al.
2025), and Dream-vO0 (Ye et al. 2025). By default, we set the
number of sampling steps in dLLM the same as the output
length and keep the sampling strategy in the official code
of LLaDA and Dream. We use OpenCompass (Contribu-
tors 2023) for downstream validation. All experiments are
performed on a single HI00 GPU with 80 GB memory, a
fixed random seed of 2025, FP16 precision for LLaDA se-
ries and BF16 precision for Dream series, and accelerated
with FlashAttention2 (Dao 2023).

We first evaluate the length extrapolation capabilities
of dLLMs, including LLaDA (Nie et al. 2025), LLaDA-
1.5 (Zhu et al. 2025), and Dream-v0O (Ye et al. 2025), com-
pared with auto-regressive LLMs such as LLaMA3 (Meta
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Figure 3: NIAH Results of LLaDA-8B-Base (Nie et al.
2025) with different sampling steps s.

2024a), via Needle-In-A-Haystack (Gkamradt 2023; Li et al.
2024), based on the experimental setup in the Appendix.
All LLMs are required to generate at most 32 tokens,
with dLLMs using a block size and sampling steps of 32.
The results are shown in Figure 2. LLaMA3-8B-Base and
LLaMA3-8B-Instruct maintain perfect retrieval accuracy
within their pretrained 8k length, but suffer catastrophic per-
formance degradation beyond this limit, failing to retrieve
information at any depth. In contrast, LLaDA-8B-Base and
LLaDA-8B-Instruct achieve 100% retrieval accuracy in 4k.
Surprisingly, when exceeding 4k, up to 24k, LLaDA still re-
trieves information from the nearest 4k window, demonstrat-
ing a local perception like a sliding window. This behavior
remarkably differs from auto-regressive LLM extrapolation.

Different from auto-regressive LLMs, dLL.Ms are influ-
enced by sampling steps and strategies. For simplicity, we
compare the impact of sampling steps on retrieval depth
in NIAH. As shown in Figure 3, using the same input-
output settings from previous experiments, we evaluate the
LLaDA-8B-Base with sampling step s = 1,4, 8, 16, 32. Re-
sults show that at 1 or 4 steps, LLaDA-8B-Base fails to re-
trieve information beyond 8k length, and increasing s to 8 or
higher can achieve retrieval depths of 25% at 16k and almost
10% at 24k context length.

Preliminary: RoPE Extrapolation in
Auto-regressive LLM

To understand the long-context phenomenology of dLLMs,
we need first to clarify the RoPE-based extrapolation
in auto-regressive LLMs. Rotary Position Embedding
(RoPE) (Su et al. 2021) employs trigonometric func-
tions to encode absolute positions in Q state g

[%50)7 L. 7qt(d71)} and K state k, = [kgm’ T ’k‘gdil)} By

leveraging the properties of rotation matrices, RoPE encodes
relative position in the attention matrix A,

T T
At,s = ((Ith) (k:sRs) = qthfsks
d/2—1 (qt(2n)kg2n)+q£2n+l)k§2n+1)) cos O (t—s) 5 (])
n=0 _(Qt(zn)kgszrl)_‘Z§2n+1)k_§;2n)) sin Gn(t_s)
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and demonstrates superior performance, thus being widely
adopted by many auto-regressive LLMs (Sun et al. 2024;
Dubey et al. 2024; Yang et al. 2024).

However, RoPE still faces the length extrapolation is-
sue (Press, Smith, and Lewis 2022). When RoPE-based
auto-regressive LLMs are tested beyond the pre-trained con-
text length, the perplexity rises significantly, and down-
stream performance drops sharply. The underlying causes
and corresponding solutions come from two key properties
of trigonometric functions: periodicity and monotonicity.

Rule of Periodicity According to the design of RoPE, dif-
ferent dimensions of q;, ks use different rotary angles 6,,,
with rotary base Sy = 10000 by default and the periods 75,
for sin(f,,t) and cos(6,t) increasing from low to high di-
mensions as shown in Equation 2.

—2n/d

2n/d
en = o ) 0

T, =2m- , n=0,---,d/2—1.

2
For lower dimensions, 7;, is very short, compared with
the pre-trained context length 7i.;,, while for higher ones,
T, becomes significantly longer, exceeding Ti,,. Conse-
quently, there exists a critical dimension, d.,, as shown
in Equation 3, within which sin(6,,t) or cos(,,t) complete
at least one full period within the pretrained length, whereas
those beyond do not.

d
dextra =2 ’72

3)

Therefore, dimensions beyond dexya Will encounter OOD
position embedding when processing longer inputs and
larger position indices in inference, leading to extrapolation
issues (Liu et al. 2023b).

To enable LLM to handle unseen position indices, NTK
methods (bloc97 2023b; Xiong et al. 2023) scale the rotary
base by a factor \, reducing the rotary angle to achieve posi-
tion interpolation. However, since different dimensions un-
dergo different degrees of interpolation, the position embed-
ding at the critical dimension will first become OOD. Thus,
based on the scaled period of the critical dimension, the ex-
trapolation upper bound 7y, for NTK methods can be de-
rived, as shown in Equation 4.

Toxtra = 27 - (X - Bo) /. )

Based on Equation 4, for an input length ¢, the rotary base
scaling factor A should be set as shown in Equation 5 to
ensure no OOD position embeddings occur. Notably, this
adjustment coefficient exhibits a sup-linear, power-law in-
crease with inference length (Liu et al. 2023b, 2025a).

d/dexlra
At =By . < ) .

It should be noted that while such interpolation could theo-
retically avoid extrapolation issues, it can only achieve 2 x to
6 long-context extension during inference, as longer inputs
lead to increased attention entropy, limiting further extrapo-
lation (bloc97 2023b; Han et al. 2023; Wang et al. 2024).

t
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Rule of Monotonicity Since the pre-trained position in-
formation of dimensions beyond the critical dimension
limits the extrapolation capability of RoPE-based auto-
regressive LLMs, if the rotary base is reduced, and each di-
mension can cover at least half or even a full period, the per-
plexity curve of auto-regressive LLMs will be flattened (Liu
et al. 2023b). However, this does not imply real length ex-
trapolation. Subsequent studies (Men et al. 2024; Hu et al.
2024) find that LLMs with a smaller rotary base can only
perceive local information in downstream evaluations and
fail to retrieve long-context dependencies.

Exposing LLM to periodic position information leads to
downstream degeneration, manifesting a sliding-window ef-
fect, which reveals another aspect of RoPE-based extrapola-
tion, the impact of monotonicity. Although higher dimen-
sions do not observe complete position information, they
provide a relatively complete monotonic interval, reflect-
ing partial ordering in a long context. These dimensions ex-
hibit larger activation values in long-context tasks (Jin et al.
2025), are more sensitive to modeling long-context depen-
dencies (Liu et al. 2024a), and are better suited for capturing
sequential information (Wei et al. 2025). Thus, solely opti-
mizing for periodicity at the cost of monotonicity across all
dimensions is wrong (Men et al. 2024; Liu et al. 2025a).

Mechanistic Analysis

Based on the length extrapolation theory of RoPE-based
auto-regressive LLMs, we attribute the long-context phe-
nomenology of RoPE-based dLLMs, namely stable per-
plexity and local perception, to dLLMs being trained with
richer positional information compared to auto-regressive
LLMs. Critically, the bidirectional attention in dLLMs ex-
poses them to a relative position range of [1—Tixain, Ttrain — 1]
during training, contrasting with the [0, Ti.in — 1] range typ-
ical of auto-regressive models. This difference is evident in
the RoPE mechanism. As visualized in Figure 4, for LLaDA
(Tirain = 4k) and LLaMA (Ti.in = 8K), we observe how the
positional embeddings (sine/cosine) behave within and be-
yond their maximum trained relative positions.

* High Frequencies: Both perceive complete sinusoidal
periods within their maximum trained relative distance,
yielding comparable positional information encoding.

Moderate Frequencies: LLaMA3’s auto-regressive at-
tention observes relative positions [0, 8191] when trained
on 8192-token sequences. In contrast, LLaDA’s bidi-
rectional attention observes symmetric relative positions
[—4095,4095] despite its shorter 4096-token training
length. This symmetric coverage provides a key advan-
tage by fully capturing a complete period of both the co-
sine and sine, enhancing its tolerance of direct length ex-
trapolation.

Low Frequencies: Both models exhibit limited extrap-
olation capability beyond their pretrained context win-
dows. However, as visualized in Figure 4, the out-of-
distribution (OOD) regions differ remarkably: LLaMA3
struggles to capture all negative position embeddings
(gray region), representing half of the potential embed-
ding space, while LLaDA significantly reduces the un-
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learned OOD spaces, resulting in enhanced robustness in
length extrapolation.

This results in a relatively flattened perplexity growth
curve, similar to auto-regressive RoPE-based LL.Ms with a
smaller base (Liu et al. 2023b; Men et al. 2024). However,
since the cosine function in RoPE, which primarily captures
relative distances, is even, negative relative positions do not
increase the LLM’s maximum perceivable distance in the
pre-training stage. Thus, dLLM can only retrieve key in-
formation from limited relative positions within the training
length, leading to the observed decay pattern in the NIAH
evaluation.

We validate this interpretation with the t-SNE visualiza-
tion (Van der Maaten and Hinton 2008; Zandieh et al. 2024)
of QK states from the final layer of LLaMA3-8B-Base (Meta
2024a) and LLaDA-8B-Base (Nie et al. 2025), as shown in
Figure 5. As shown in Figure 5a, for auto-regressive LLMs
such as LLaMA3-8B-Base, the QK states within and beyond
the maximum supported context length, 8k, present two dif-
ferent distribution clusters, and the manifold for QK states
with RoPE also shows a different trend when position em-
bedding becomes OOD. Comparatively, regarding the clus-
tering feature for dLLMs such as LLaDA-8B-Base, there is
no distribution shift between QK states within and beyond
4k, and a uniform manifold for QK states with RoPE. This
demonstrates that dLLM is more robust for the OOD posi-
tion embeddings in length extrapolation. Therefore, unlike
traditional auto-regressive LLMs that exhibit catastrophic
performance degradation when exceeding their maximum
supported context length, dLLMs maintain stable outputs
and demonstrate local perception in extended context.

Context Extension For dLLMs

Since the reason for the surprising phenomenon has been
clarified, we now move on to the extrapolation methods
for dLLMs. Since the retrievable depth of dLLMs re-
mains constrained by the range of cosine values encoun-
tered during pre-training, we transfer the NTK-based ex-
trapolation (bloc97 2023b) and its scaling laws (Liu et al.
2023b) to dLLMs, thus proposing the length extrapolation
method for dLLMs, Longl.LaDA. The scaling factor A in
training-free NTK scaling (bloc97 2023b) for RoPE-based
auto-regressive LLMs is decided by the extrapolation con-
text length ¢ and critical dimension dey, calculated by ro-
tary base [ and pretrained context length 7i;.in, as shown in

Equation 6.
d/dexlru
) ’ dextra =2 ’7 “ .

(6)
Similarly, in LongLLLaDA, based on Nie et al. (2025), the
pretrained rotary base 5y = 500000, and the pre-training
context length T}, is 4k. This yields a critical dimension
dextra = 64. Accordingly, the required scaling factor \ for
extrapolation to 8k, 16k, 24k, and 32k is calculated as 4,
14, 31, and 55, respectively. The extrapolation results are
illustrated in Figure 6.
When A = 4, 14, LongLLaDA can effectively extrapolate
dLLMs to the corresponding context lengths, achieving near
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Figure 5: Visualization of the QK states from the final layer of LLaMA3-8B-Base and LLaDA-8B-Base for sample from the
GovReport subsets in LongBench (Bai et al. 2023). The visualization uses a 2D t-SNE projection (Van der Maaten and Hinton
2008), with each token represented as a point and the position index shown via color changing.

100% recall across all depths within these ranges. As the
context length increases beyond the extrapolation limit, the
retrievable depth proportionally expands while maintaining
the local-perception effect. The average depth score curves
exhibit a right shift across different context lengths. When
A = 31, a lost-in-the-middle phenomenon (Liu et al. 2023a)
similar to auto-regressive models emerges in intermediate
depths, indicating that LongLLaDA approaches its practi-
cal extrapolation limit (bloc97 2023b). When A\ = 55, fur-
ther extrapolation is unachievable. Consequently, for RoPE-
based dLLMs, NTK extrapolation and its scaling law re-
main applicable during inference.
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Task-Driven Long-Context Capability
Analysis

Regarding the downstream long-context performance of
dLLMs and their difference from traditional auto-regressive
LLMs, apart from the NIAH retrieval evaluation, we con-
duct comparative analyses across more benchmarks using
LLaDA and LLaMA as examples. We first evaluate LLaDA-
8B (Nie et al. 2025), LLaDA-1.5 (Zhu et al. 2025), and
LLaMA3-8B (Meta 2024a), including pre-trained models
and those employing NTK-based extrapolation during in-
ference, with LongBench (Bai et al. 2023), in 4k and 8k
context length, with the exceeding part being truncated from



1=
S
L

3
S
L

=
=)
L

—O— LLaDA-8B-Base
|1 —0— A=4
A=14
| —o— A=31
-0- A=55

Retrieval Accuracy
B
=1

[¥)
S

8000 16000 24000 32000

Context Length

2000 4000

(a) LLaDA-8B-Base

=
S
L

S
L

=
<}
L

LLaDA-8B-Instruct
A=4

A=14

A=31

A=55

Retrieval Accuracy
B
=1
:

[
=)
L

8000 16000
Context Length

4000

(b) LLaDA-8B-Instruct

Figure 6: NIAH Results of LLaDA-8B Series (Nie et al. 2025) with different RoPE scaling factor.

4k 8k

SD MD Sum ICL Syn Code Avg SD MD Sum ICL Syn Code Avg
LLaDA-8B-Base 15.1 18.4 32.0 42.0 54.7 59.6 34.1 139 13.1 30.8 40.7 56.0 57.4 324
+A=4 14.7 19.1 31.5 409 52.4 63.0 34.0 152 18.6 31.0 41.4 53.8 59.2 33.6
LLaDA-8B-Instruct  25.1 19.4 30.6 36.4 62.8 62.7 37.2 22.7 14.0 33.4 33.2 66.7 66.4 36.8
+A=14 22.1 19.8 33.0 38.0 63.3 65.0 37.8 234 19.8 35.3 39.8 72.9 67.3 40.6
LLaDA-1.5 244 194 31.6 335 63.6 66.7 37.6 22.6 145 33.4 33.0 67.6 67.6 37.1
+A=4 21.8 19.7 33.1 353 63.4 67.3 37.8 23.0 20.6 34.9 393 729 679 40.7
LLaMA3-8B-Base 17.2 18.7 25.0 41.7 47.6 66.5 33.6 18.2 18.3 26.1 44.5 49.6 694 35.1
LLaMA3-8B-Instruct 31.9 26.1 33.6 39.6 46.6 559 37.0 37.5 28.3 34.7 40.7 62.8 56.1 41.9

Table 1: Results of LLaDA-8B (Nie et al. 2025),

LLaDA-1.5 (Zhu et al. 2025) and LLaMA3-8B (Meta 2024b) on Long-

Bench (Bai et al. 2023) in 4k and 8k context length. SD, MD, Sum, and Syn stand for Single-Doc QA, Multi-Doc QA, Sum-
marization, and Synthetic tasks, while Avg is the average score of all subtasks weighted by the evaluation data number.

the middle. For the summary tasks, the output length is 512,
while for the others, the output length is 64. We still keep
the sampling steps the same as the output length, and the
block size to 64 for dLLMs. The results are shown in Ta-
ble 1. Still, LLaDA can give a stable output and get a de-
cent performance beyond the maximum supported context
length. Moreover, we find that in all task domains besides
synthetic tasks, the difference between LLaDA Series and
LLaMA3 Series is relatively limited compared with the dif-
ference within LLaMA3 Series. Only in the synthetic do-
main does LLaDA Series outperform LLaMA3 Series con-
sistently. This inspires us to conduct an in-depth discussion
of dLLMs on the performance of the synthesis tasks.

We further the discussion with RULER benchmark (Hsieh
et al. 2024), we compare LLaDA-8B (Nie et al. 2025),
LLaDA-1.5 (Zhu et al. 2025), and LLaMA3-8B (Meta
2024a), at context lengths of 4k, 8k, and 16k. We set the
block size and sampling steps to 64 for dLLMs. The results
are shown in Table 2. First, consistent with the NIAH re-
sults, dLLMs can still produce valid outputs beyond their
effective context length, while auto-regressive LLMs fails.
Regarding task types, dLLMs achieve comparable results
to auto-regressive LLMs on NIAH tasks, including Single-
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Key and its variants. However, dLLMs show significantly
inferior performance in aggregation tasks, including Vari-
able Tracing and Frequent or Common Word Extraction,
where auto-regressive LLMs typically perform well. Sur-
prisingly, on QA tasks, SQuAD and Hotpot, that challenge
auto-regressive LLMs (Hsieh et al. 2024), dLLMs demon-
strate superior capability. These observations reveal the dis-
tinctive characteristics of dLLMs in long-context tasks, that
current dLLMs, like LLaDA, show comparable performance
to the auto-regressive LLMs, like LLaMA3, in most task
types, but underperform in aggregation tasks, and outper-
Jorm in synthetic QA tasks consistently.

Related Work

Large Language Diffusion Models Recently, Large Lan-
guage Diffusion Models, or dLLMs, have become a widely
discussed topic in NLP research. After the theoretical sim-
plification (Sahoo et al. 2024; Ou et al. 2024; Shi et al.
2024) and empirical verification (He et al. 2022; Gong
et al. 2024), researchers scale the size of dLLMs to bil-
lions of parameters (Nie et al. 2024, 2025; Ye et al. 2025)
and demonstrate that dLLMs can achieve comparable re-
sults with more promising performance in the reversal



4k 8k 16k

NIAH AGG QA Avg NIAH AGG QA Avg NIAH AGG QA Avg
LLaDA-8B-Base 99.7 652 825 89.1 53.8 452 41.0 498 220 19 360 195
+A=4 99.5 823 805 92.6 964 610 73.0 84.7 51.8 17.1 535 44.1
+A=14 99.8 835 77.0 925 993 689 64.0 86.8 854 48.1 54.0 72.0
+A=31 100.0 83.8 77.0 927 97.8 752 625 87.1 972 51.8 41.0 78.0
LLaDA-8B-Instruct  99.3 57.8 90.5 88.4 523 443 48.0 498 189 120 470 21.6
+A=4 99.8 655 895 903 959 56.6 89.0 85.8 41.6 31.0 73.0 44.0
+A=14 100.0 764 89.0 929 973 662 89.5 889 67.1 53.8 845 66.7
+A=31 100.0 77.7 86.5 92.8 98.8 73.5 885 91.3 88.0 62.2 82.0 8I.1
LLaDA-1.5 98.7 660 90.0 89.8 539 451 485 51.0 19.0 142 46.0 22.1
+A=4 99.8 739 91.0 925 963 59.3 88.0 86.5 433 322 73.0 453
+A=14 100.0 79.8 88.5 936 999 67.8 89.0 90.8 674 51.6 84.0 66.3
+A=31 100.0 81.6 87.5 93.8 989 751 86.5 915 858 582 815 78.7
LLaMA3-8B-Base 99.8 98.1 675 944 99.6 935 63.0 925 00 0.0 0.0 00
+A=4 99.9 98.7 650 942 99.8 941 59.0 922 97.0 86.6 54.5 88.1
+A=13 99.5 98.6 66.0 941 99.1 94.0 59.0 91.8 93.8 90.3 56.0 87.2
LLaMA3-8B-Instruct 99.6 972 685 943 982 926 540 90.1 00 0.0 0.0 00
+A=4 99.8 969 72.0 949 99.6 935 650 928 950 89.5 63.0 88.8
+A=13 99.5 96.7 68.0 940 993 924 635 922 953 78.6 625 864

Table 2: Results of LLaDA-8B, LLaDA-1.5 and LLaMA3-8B on RULER (Hsieh et al. 2024) in 4k, 8k and 16k context length.

curse (Berglund et al. 2023). These immediately attract the
attention of many more researchers. Significant research ef-
forts have focused on adapting dLLMs for multimodality,
such as MMaDA (Yang et al. 2025), LLaDA-V (You et al.
2025), and LaViDa (Li et al. 2025), applying them to rea-
soning tasks, such as d1 (Zhao et al. 2025), DCoLTHuang
et al. (2025), and LLaDA-1.5 (Zhu et al. 2025), and op-
timizing their efficiency (Ma et al. 2025; Hu et al. 2025;
Wu et al. 2025), including dKV-Cache (Ma et al. 2025),
Dimple (Yu, Ma, and Wang 2025), dLLM-Cache (Liu et al.
2025b), FreeCache (Hu et al. 2025), Fast-dLLM (Wu et al.
2025), and so on. However, there is still no discussion on the
long-context capability of diffusion LLMs.

Length Extrapolation in LLM Length extrapolation, or
length generalization, or context extension, is an impor-
tant issue for LLMs (Press, Smith, and Lewis 2022; Liu
et al. 2025a). The mainstream extrapolation research mainly
focuses on adjusting position embedding, especially the
widely used RoPE (Su et al. 2021). For example, Linear
PI (Chen et al. 2023) first achieves LLMs’ length extrapo-
lation by scaling position indices to the pre-training range
with little fine-tuning. The NTK method (bloc97 2023b,a;
Peng et al. 2023) then scales the rotary base in RoPE (Su
et al. 2021) to achieve plug-and-play length extrapolation.
Subsequently, amplifying the rotary base and training on
longer lengths has become the dominant approach for length
extrapolation (Roziere et al. 2023; Xiong et al. 2023; Liu
et al. 2023b; Ding et al. 2024). In addition, ReRoPE (Su
2023), ReAttention (Liu et al. 2024b), and DCA (An et al.
2024a,b) also achieve plug-and-play extrapolation by lim-
iting the relative position. In this paper, we still focus on
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the length extrapolation via NTK scaling (bloc97 2023b; Liu
et al. 2023b) in the inference stage, and try to reveal and ex-
plain the similarities and differences in length extrapolation
between diffusion-based and auto-regressive LLM.

Conclusion

In this work, we provide the first systematic analysis of long-
context capabilities in diffusion LLMs. We demonstrate and
analyze their characteristics for stable perplexity and local
perception in direct context extrapolation from the perspec-
tive of the RoPE dynamic. Then, we propose LongLLaDA,
which extends the context length in NTK scaling effectively
without further training, and validate that the scaling laws
still work for diffusion LLMs. Besides, we also show that
diffusion LLMs match auto-regressive models on the aver-
age score of LongBench as well as the retrieval tasks, lag
in aggregation tasks, but excel at QA in RULER evaluation.
We hope our work can pave the foundation for future long-
context research in diffusion LLMs.
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