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Abstract

Despite the non-autoregressive potential of dif-
fusion language models (ALLMs), existing de-
coding strategies exhibit positional bias, failing
to fully unlock the potential of arbitrary-order
generation. In this work, we delve into the in-
herent spectral characteristics of dLLMs and
present the first frequency-domain analysis of
dLLMs, showing that low-frequency compo-
nents in hidden states primarily encode global
structural information and long-range depen-
dencies, while high-frequency components cap-
ture local details. Based on this observation,
we propose FourierSampler, which leverages
a frequency-domain sliding window mecha-
nism to dynamically guide the model to achieve
"structure-to-detail" generation. FourierSam-
pler outperforms other inference enhancement
strategies on LLaDA and SDAR, achieving rela-
tive task-specific gains up to 20.4% on LLaDA-
1.5 and 16.0% on LLaDA-8B-Instruct, as well
as average gains up to 8.6% across tasks.

1 Introduction

Diffusion Large Language Models (dLLMs) (Sa-
hoo et al., 2024; Ou et al., 2025; Shi et al., 2024)
have emerged as a notable non-autoregressive
paradigm. Unlike autoregressive models (Ope-
nAl, 2023; Grattafiori et al., 2024) constrained by
prefix history and left-to-right decoding, dLLMs
support arbitrary-order generation and can lever-
age global bidirectional context throughout gen-
eration. This flexibility brings several advantages
over AR models, including mitigating the reversal
curse (Berglund et al., 2024), supporting control-
lable generation such as text infilling, and enabling
non-sequential planning for complex problems.
Despite these advantages, dLLMs still exhibit
strong positional bias during practical genera-
tion (Huang et al., 2026). It’s also shown that
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Figure 1: Average score across GSM8K, MATH, MBPP,
HumanEval and Countdown for different decoding
strategies in LLaDA (Nie et al., 2025; Zhu et al., 2026).

enforcing a left-to-right order can outperform stan-
dard confidence-based decoding on specific tasks.
However, such a rigid order limits dLLMs’ inher-
ent arbitrary-order flexibility and their ability to
leverage global bidirectional context for holistic
planning. Recent rule-based (Huang et al., 2026)
and reward-guided methods (Gwak et al., 2025)
further show that optimizing the decoding schedule
is critical for improving dLLM generation.

Unlike the above works that calibrate the sam-
pling distribution with external priors, we intro-
duce a principled approach to mitigate positional
bias and unlock the intrinsic non-autoregressive po-
tential of dLLMs. Instead of relying on external
intervention signals, we delve into the frequency-
domain characteristics of the model’s internal repre-
sentations. Motivated by the spectral observations
in Fourier Transformer (He et al., 2023) and our
theoretical analysis of frequency-dependent wave-
length and local-variation contribution, we hypoth-
esize that low-frequency components in textual rep-
resentations primarily encode global structural in-
formation and long-range dependencies, whereas
high-frequency components capture local details.
We further support this hypothesis through case
studies and quantitatively validate it with synonym
perturbation experiments, revealing a structure-
detail semantic hierarchy in the frequency domain.

Based on this intuition, we propose FourierSam-
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Figure 2: Visualization of the correspondence between frequency-domain analysis and textual information. In the
hidden states after a forward pass, tokens dominated by low-frequency signals correspond to structural information
like if and elif, while tokens dominated by high-frequency signals correspond to detailed information like gcd.

pler, a decoding strategy that dynamically focuses
on different frequency bands at different decod-
ing steps, guiding dLLMs to first decode structural
content dominated by low-frequency signals and
subsequently complement detailed content domi-
nated by high-frequency signals. This produces a
beneficial long-range influence on the generation
trajectory, thereby enhancing the overall quality
and logical coherence of the output. As shown in
Figure 1, our method significantly outperforms the
original model and other work relying on exter-
nal signal-guided decoding on different tasks. Our
contribution can be summarized as follows.

* We present the first frequential analysis
of dLLM hidden states, showing that low-
frequency components in temporal dimension
encode structural information, while high-
frequency components capture local details,
providing internal guidance for decoding.

* We propose FourierSampler, a frequency-
guided decoding scheme that promotes
structure-to-detail generation with Translated
Fourier Score and adaptively balances it with
confidence via Adaptive Fourier Calibrator.

* We evaluate FourierSampler on LLaDA and
SDAR, achieving stable gains on code and
math tasks, with peak relative improvements
up to 20.4%, 16.0%, 45.1%, and 26.5%, and
average gains of 8.6%, 7.1%, 7.4%, and 6.5%
on LLaDA-1.5, LLaDA-8B-Instruct, SDAR-
1.7B-Chat, and SDAR-4B-Chat. FourierSam-

pler consistently outperforms other compet-
itive methods, offering deep insights into
dLLM decoding enhancement.

2 Related Work

2.1 Decoding Strategy for dLLMs

Diffusion Large Language Models (dLLMs) (Sa-
hoo et al., 2024; Shi et al., 2024) have demon-
strated remarkable scalability (Gong et al., 2025;
Ni et al., 2025), as evidenced by models like
LLaDA (Nie et al., 2025), Dream (Ye et al., 2025b)
and SDAR (Cheng et al., 2026). Although capable
of arbitrary decoding orders, their generation tra-
jectories exhibit pronounced positional bias (Gwak
et al., 2025). Recent works focus on optimizing
token unmasking orders. These approaches typi-
cally prioritize tokens via maximum probability,
entropy (Ben-Hamu et al., 2025), or confidence
gaps (Kim et al., 2025), which outperform random
sampling baselines (Austin et al., 2021a).

To mitigate positional bias and improve genera-
tion performance, advanced methods introduce ex-
ternal interventions. For example, UnCode (Huang
et al., 2026) uses rule-based biases for specific
positions and tokens, while RWS (Gwak et al.,
2025) employs reward models to enhance coher-
ence. Training-based approaches like DOT (Ye
et al., 2024), DDPD (Liu et al., 2025a), and
DCoLT (Huang et al., 2025) optimize generation
trajectories via post-training or reinforcement learn-
ing. However, these methods rely on external sig-
nals or costly training, while leaving the internal
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representations of dLL.Ms underexplored for de-
coding guidance.

2.2 Spectral Foundations of Transformers

The representation power of Transformers can be
deeply understood through the lens of signal pro-
cessing, particularly by analyzing their behavior in
the frequency domain. While FNet (Lee-Thorp
et al., 2022) and its successors (Zhuang et al.,
2022; Scribano et al., 2023) demonstrate the effi-
cacy of spectral token-mixing, theoretical evidence
suggests that multi-head self-attention inherently
functions as a low-pass filter (Wang et al., 2022;
Park and Kim, 2022). This is further corroborated
by Fourier Transformer (He et al., 2023), which
observes that power spectra concentrate in low-
frequency bins within deeper layers. FourierAt-
tention (Liu et al., 2025b) also exploits truncated
low-frequency Fourier representations for efficient
KV-cache modeling. While these spectral prop-
erties have been integrated into autoregressive ar-
chitectures, their potential to guide the decoding
process in dLLMs remains unexplored.

3 Method

3.1 Spectral Basis for Hierarchical
Generation

Fourier analysis offers a principled view for relat-
ing frequency components to the semantic hierar-
chy. Let H = [hq,...,hr_1] € RE*P denote a
hidden-state sequence, where L is the sequence
length and D is the hidden dimension. The uni-
tary discrete Fourier transform along the sequence
dimension is defined as

~

L—1

1 .
H,=-—> Hpe L =0, .. L—1.
=gt
(D

The Fourier basis in Eq. 1 is e , whose
angular frequency along the token dimension is
27k /L. For k > 0, its wavelength is

27 _£
- 2rk/L K

Hence, low-frequency components have long wave-
lengths and remain coherent over large token spans,
making them suitable for long-range dependen-
cies. High-frequency components have short wave-
lengths and vary locally, making them sensitive to
details such as variables.

To further connect Fourier frequency with local-
ity, we consider the first-order difference along the

—i2nkt/L

Ak

token dimension, (AH); = H; 1 — H;. Its energy
measures the aggregate adjacent-token variation:

L-1 L-1
IAH|F =Y IAH)E =Y [[Hipa — Hilf5.

t=0 t=0
(@)
Thus, the squared Frobenius norm quantifies local
fluctuations along the sequence.

Applying the transform in Eq. 1 to the differ-
enced sequence A H, and following the derivation
in Appendix B, the k-th Fourier coefficient of the
differenced signal is

AH), = (eiQW’f/L — 1) Hy. 3)

Since the transform in Eq. 1 is unitary, Parseval’s
theorem preserves energy between the sequence
domain and the frequency domain:

L-1
IAH|E = [AH|F =) | AHS.
k=0

Substituting Eq. 3 yields

L-1

IAH|E =

k=0
L-1
. 7k ~
= 4sin® (L) 1 H -
k=0

Combining Eq. 2 and Eq. 4, local token-to-token
variation can be viewed as a frequency-weighted
sum of spectral energy, where the k-th frequency
component is weighted by 4 sin?(7k/L).

Since the hidden states are real-valued, the real
FFT retains the non-redundant one-sided spectrum
k = 0,...,|L/2]. Over this range, the weight
4sin’(nk/L) increases with k. Thus, higher rFFT
bins contribute more to local variation.

In summary, low-frequency components, with
long wavelengths and small local-variation weights,
capture global layouts and can provide structural
guidance; high-frequency components, with short
wavelengths and large local-variation weights, cap-
ture local changes for detail refinement.

. 2
2L 1|

“)

3.2 Frequential Analysis on dLLM

Inspired by the spectral properties of Transformers
discussed in Section 2.2 and the theoretical support
for frequency-domain semantics in Section 3.1, we
suppose that dLLM hidden states from a forward
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pass follow the pattern that low-frequency compo-
nents encode structural information, while high-
frequency components capture local details.

To validate this, we analyze two examples with
distinct structural features: a Python script (Fig-
ure 2) and a math derivation (Figure 5). From
a single forward pass, we extract the final-layer
hidden states H € RY*P (L: sequence length,
D: hidden dimension). We compute the low-
frequency component H/_, by applying a binary
mask M € {0,1}" to retain the lower half of W/
frequency components, defining the low-frequency
ratio 70w to measure its spectral energy proportion:

H/ _Ffl .F H M _ HHI/OWH%
ow =Fr (Fr(H)©O M), 10w = HHH2 )
2
1, 0<k 2
0, otherwise.
&)

where F, denotes the real-valued Fourier trans-
form, and || - ||2 denotes the Euclidean norm along
the feature dimension. Similarly, we define the
high-frequency ratio rpjgh = 1 — 7iow.

Figures 2 and 5 highlight tokens with extreme
frequency ratios. Across both tasks, structural
skeletons (e.g., if/elif/return, guiding math text)
consistently dominate the low-frequency band,
while local details (function names, values, for-
mulas) exhibit high-frequency characteristics.

A part-of-speech analysis in Appendix G further
shows that relation-bearing structural markers, e.g.,
conjunctions, adverbs, and predicates, are more
low-frequency dominant, whereas nouns exhibit
stronger high-frequency feature, consistent with
their role in specifying concrete entities and details.

Besides, to quantitatively validate our hypothe-
sis, we conduct a synonym perturbation experiment.
On 100 LongBench documents (Bai et al., 2024),
we replace 1%, 5%, and 10% of words with syn-
onyms and compute the frequency-domain cosine
similarity of final-layer hidden states. As Table 1
shows, high-frequency similarity drops sharply un-
der stronger perturbations, indicating sensitivity
to local details, while low-frequency similarity re-
mains robust, suggesting that the invariant global
structure is preserved in low-frequency spectrum.

These analyses provide the first evidence of
frequency-domain semantic hierarchy in dLLMs.
It suggests a hierarchical generation process: prior-
itizing low-frequency structural tokens establishes
a stable global context that constrains the search

Model Ratio Similarity
Low-Freq High-Freq
1% 0.98 0.88
LLaDA-1.5 5% 0.91 0.62
10% 0.83 0.43
1% 0.98 0.88
LLaDA-8B-Instruct 5% 0.92 0.66
10% 0.86 0.49

Table 1: Similarity of low-frequency and high-frequency
components under different replacement ratios.

space for subsequent detail tokens, while decoding
details before skeleton may cause error propagation.
Such paradigm is supported by diffusion-based im-
age generation (Besnier et al., 2025; Baade et al.,
2026), where models form low-frequency global
layouts and coarse content before refining details.
Inspired by such hierarchy, we propose Fourier-
Sampler, which applies a frequency-domain slid-
ing window from low to high frequencies during
decoding to enforce structure-to-detail order.

3.3 Translated Fourier Score

The Translated Fourier Score provides a frequency-
domain criterion for ranking token positions during
decoding. At each decoding step, it retains a fixed-
width frequency band shifting uniformly from low-
frequency end toward high-frequency end of the
spectrum, and scores tokens based on their energy
within the retained band.

Assuming a decoding block size B and S steps
per block, let H(s) € RB*P denote the hidden
states of the current block at decoding step s. We
apply a real-valued Fourier transform along the
sequence dimension, filter the spectrum using a
step-dependent binary mask g(s), and then trans-
form back to the original space:

H'(s) = ' (F(H(9) ©9(s)),  (©)

where ® denotes element-wise multiplication. The
filtered hidden state H'(s) is the reconstructed
time-domain representation after retaining only the
frequency components selected at step s.

Let W denote the number of frequency compo-
nents. We set the width of frequency window as

w =max(1, [pW]), (7)

where p € (0, 1] controls the relative bandwidth.
The window translates uniformly along the fre-
quency axis over decoding steps. So the starting
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Figure 3: Overview of our FourierSampler. A sliding window in the frequency domain, retaining the low frequency
at the beginning and the high frequency at the end based on the decoding step s, guides the dLLM to decode
structural content first, then detailed content via Translated Fourier Score and Adaptive Fourier Calibrator.

position of the window at decoding step s is

osz{S:(W—w)J. @®)

The frequency mask g(s) € {0, 1}" is defined as

€))

1, o0s <p<os+w,
gp(s) =

0, otherwise,

for frequency index p € {0,..., W — 1}

As s increases, the retained frequency band
shifts monotonically from the beginning toward the
end of the spectrum, resulting in a step-dependent
spectral preference during decoding, favoring low-
frequency-dominated tokens in the earlier stage and
high-frequency-dominated tokens later.

For a token at position ¢ within the block (0 <
t < B—1), we compute its energy under the filtered
representation and normalize it within the block to
obtain the Translated Fourier Score /5 ;, where € is
a small constant added for numerical stability:

Mo

0, — iz (H[/t,d](s))2

| max <d§1 (Hft',d}(3)>2> ve

The score ¢, ; measures token ¢’s relative intensity
under the frequency band selected at step s, and is
used to guide decoding priority within the block.

(10)

Sl

3.4 Adaptive Fourier Calibrator

To dynamically adjust the guidance strength of the
translated Fourier score £ ; in the sampler, we in-
troduce an adaptive weight 3, based on the original

decoding confidence. At decoding step s, let the
output prediction distribution be p, ;. For the set
of masked positions, Mg, we take the maximum
probability ¢;; = max, ps+(v) in the prediction
distribution at each position ¢ € Mg, and treat its
variance over M as the ability of dLLM to distin-
guish between the decoding priorities of different
positions in the current decoding state.

o2 = Var ({qs,t}te MS) . (11)

We record the values of o2 over past decoding steps,
compute the percentile Ps of the current variance
within the history, and normalize it into w, € (0, 1),
the cumulative distribution function of the normal
distribution. The normalization process is detailed
in Appendix C. Finally, the adaptive weight is de-
fined as follows, where Buin and S,ax are the min-
imum and maximum values of the adaptive weight.
65 - ﬁmin + (1 - ws)(/gmax - /Bmin)- (12)
With the translated Fourier score and adaptive
weight, we add them to the original confidence
cs,¢ at step s for token ¢ to obtain the fusion score:
63,15 = Cst + Bsgs,t- (13)

This design ensures that when the confidence dif-
ferences between different positions are large, the
model’s own decoding intention is relatively clear,
and the frequency guidance automatically weakens.

Conversely, the frequential prior is strengthened,
thereby achieving an adaptive decoding scheduler.

39529



GSMS8k Math MBPP HE CD Avg.
Llama3.1-8B-Instruct 81.0 41.6 65.4 54.3 0.0 48.4
Owen2.5-7B-Instruct 81.7 49.2 66.9 52.4 4.3 50.9
LLaDA-1.5 79.8 41.4 42.0 40.9 30.5 46.9
+ UnCode 81.2 +1.7% 43.0 +3.9% 514 +22.2% 39.0 —4.5% 21.1 —30.8% 47.1 +0.5%
+ RWS 807 +1.1% 420 +1.4% 432 +2.8% 396 —3.0% 30] —1.3% 47] +0.4%
+ FourierSampler (OllI'S) 81.8 +2.5% 44.2 +6.8% 50.6 +20.4% 43.3 +6.0% 34.8 +14.1% 50.9 +8.6%
LLaDA-8B-Instruct 78.2 422 41.3 39.6 254 453
+ UnCode 79.0 +1.0% 40.4 —4.3% 49.8 +20.8% 39.6 0.0% 24.2 —4.6% 46.6 +2.8%
+ RWS 79.6 +1.8% 428 +1.4% 420 +1.9% 390 —1.5% 30.1 +18.5% 467 +3.0%
+ FourierSampler (Ours) 79.6 +1.8% 45.2 +7.1% 479 +16.0% 40.9 +3.1% 28.9 +13.8% 48.5 +7.1%

Table 2: Results on LLaDA-1.5 and LLaDA-8B-Instruct (best values bolded; relative improvement over vanilla
confidence decoding in subscripts). FourierSampler achieves the best average performance among different methods,
bridging the gap with similarly sized AR models such as Llama3.1-8B-Instruct and Qwen2.5-7B-Instruct, and

slightly outperforming them on average with LLaDA-1.5.

GSMS8k Math MBPP HE CD Avg.
Llama3.2-3B-Instruct 69.4 36.6 51.0 26.8 0.0 36.8
QOwen2.5-3B-Instruct 76.4 39.2 47.5 32.9 10.9 41.4
SDAR-4B-Chat 86.6 48.2 42.0 57.9 13.3 49.6
+RWS 874  41o0%m 492 4o1% 397 _s55% 604 400 160 L206% 505 y19%
+ FourierSampler (ours) 87.6 1120 50.0 379, 475 _L130% 622 1749 168 o657 52.8 _65%
SDAR-1.7B-Chat 72.9 39.6 354 37.8 15.6 40.3
+ RWS 75.6 +3.6% 41.0 +3.5% 35.8 +1.1% 31.7 —16.1% 18.0 +15.0% 40.4 +0.3%
+ FourierSampler (OLII'S) 73.8 +1.2% 40.0 +1.0% 36.6 +3.3% 43.3 +14.5% 22.7 +45.1% 43.3 +7.4%

Table 3: Results on SDAR-4B-Chat and SDAR-1.7B-Chat. FourierSampler achieves the best average performance,
outperforming other methods and some similarly sized AR models including Llama3.2-3B-Instruct and Qwen2.5-

3B-Instruct on average.

4 Experiment

4.1 Setup

We conduct experiments on widely used dLLMs, in-
cluding LLaDA-1.5 (Zhu et al., 2026) and LLaDA-
8B-Instruct (Nie et al., 2025). To further demon-
strate that our method applies to other dLLM
architectures, which adopt block-wise causal at-
tention, we also evaluate our FourierSampler
on SDAR-4B-Chat and SDAR-1.7B-Chat (Cheng
et al., 2026). The evaluation benchmarks in-
clude GSMS8K (4-shot) (Cobbe et al., 2021),
MATH (4-shot) (Hendrycks et al., 2021), MBPP
(3-shot) (Austin et al., 2021b), HumanEval (0-
shot) (Chen et al., 2021), and Countdown(0-
shot) (Ye et al., 2025a,c). During evaluation, we
set the default block size to 64 for all dLLMs and
adopt OpenCompass (Contributors, 2023) as the
evaluation framework. We use 512 generation steps
for GSM8K, MATH, HumanEval, and MBPP, and
128 steps for Countdown.

For LLaDA Series, we use UnCode (Huang et al.,
2026) and RWS (Gwak et al., 2025) as baselines.

For SDAR Series, since UnCode lacks the token
frequency distribution, we use RWS as the primary
baseline. UnCode coefficients follow the original
paper. For RWS, we use GRM-Llama3.2-3B (Yang
et al., 2024b) as its reward model, recommended
by its paper. We also compare against similar-sized
AR models from the Llama and Qwen series un-
der the same evaluation settings (Grattafiori et al.,
2024; Meta, 2024; Yang et al., 2024a).

4.2 Main Results

For LLaDA-1.5 and LLaDA-8B-Instruct, dLLMs
with full bidirectional attention, the results in Ta-
ble 2 demonstrate that our method consistently and
significantly outperforms the baseline across differ-
ent tasks. We observe improvements up to 7.1%
on MATH, 20.4% on MBPP, and 14.1% on Count-
down. Moreover, our approach achieves the highest
average performance, surpassing other methods.
Notably, FourierSampler enables LLaDA-1.5 to
surpass some similarly sized autoregressive mod-
els on average, such as Llama3.1-8B-Instruct and
Qwen2.5-7B-Instruct, which the original model
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and other methods fail to achieve. This high-
lights its effectiveness in unlocking the non-
autoregressive potential of dLLMs.

For dLLMs with block-wise causal attention,
including SDAR-4B-Chat and SDAR-1.7B-Chat,
our method consistently outperforms the baseline
across all benchmarks in Table 3. Specifically, it
achieves relative improvements of 3.7% on MATH,
14.5% on HumanEval, and 45.1% on Countdown,
surpassing competing methods on average. The
above results further show that our method gener-
alizes well across different dLLLM architectures.

For broader NLP generation tasks, we fur-
ther evaluate FourierSampler on LongBench sum-
marization (GovReport, QMSum, and Multi-
News) (Bai et al., 2024), MuSR multi-step rea-
soning (Sprague et al., 2024), and LongBench-
Write (Bai et al., 2025) creative writing. As shown
in Table 11, FourierSampler consistently improves
performance across these diverse tasks; for exam-
ple, on LongBench-Write, it improves LLaDA-8B-
Instruct from 55.7 to 65.9, while achieving an over-
all relative improvement of 9.4% across all evalu-
ated tasks. These results also show its generaliza-
tion across different linguistic domains.

4.3 Ablation Study

We conduct component-wise ablations to isolate
the effects of the Translated Fourier Score and
Adaptive Fourier Calibrator. Fixing S removes
adaptive calibration while preserving the Trans-
lated Fourier Score. As shown in Table 4, all fixed-
[ variants still substantially outperform vanilla
decoding, e.g., by up to 19.4% on MBPP, show-
ing that the main gains come from frequency-
domain guidance. Meanwhile, fixed weights con-
sistently underperform the adaptive weighting strat-
egy, showing that the adaptive calibrator further
improves performance by adjusting the guidance
strength under different decoding states.

We further study the effect of the frequency-
window ratio p, which controls the bandwidth of
the sliding window in frequency domain. Table 5
shows that overly large windows may blur the dis-
tinction between low- and high-frequency bands,
weakening the intended low-to-high frequency-
guiding preference. Based on the overall perfor-
mance, we use p = 0.2 for LLaDA-1.5 and 0.4 for
LLaDA-8B-Instruct. Besides, the detailed selection
process for 5 range can be found in Appendix D.

GSM8k MBPP Avg.

LLaDA-1.5 79.8 42.0 60.9
+ Fixed 8 = 0.4 81.1 49.8 65.5
+ Fixed 8 = 0.5 81.1 47.9 64.5
+ Fixed 8 = 0.6 81.2 50.2  65.7
+ Adaptive 8 € (0.4,0.6) 81.8 50.6 66.2
LLaDA-8B-Instruct 78.2 41.3 59.8
+ Fixed 8 = 0.4 78.9 448 61.8
+ Fixed 8 = 0.5 79.4 46.7 63.0
+ Fixed 8 = 0.6 79.2 47.1 63.2
+ Adaptive 8 € (0.4,0.6) 79.6 47.9 63.7

Table 4: Component ablation study. Primary improve-
ment comes from frequency-domain guidance while
adaptive calibration provides additional gains.

GSM8k MBPP Avg.

LLaDA-1.5 79.8 42.0 60.9
+p=0.2 81.8 50.6 66.2
+p=04 81.4 42.8 62.1
+p=0.6 81.1 430 62.0
LLaDA-8B-Instruct 78.2 41.3 59.8
+p=0.2 80.2 46.7 63.5
+p=04 79.6 479  63.7
+p=0.6 80.4 459  63.1

Table 5: Ablation of the frequency-window ratio p.

5 Discussion

5.1 Analysis of Decoding Block Size

To evaluate FourierSampler under different decod-
ing block sizes, we report results in Table 6. Fouri-
erSampler achieves larger gains as block size in-
creases, since larger blocks provide more complete
and continuous signals for frequency-domain analy-
sis, enabling the Fourier transform to better capture
low-frequency global semantics and structural in-
formation. In contrast, small blocks fragment the
sequence and obscure such patterns. Thus, larger
blocks enable early extraction of global structure
to guide subsequent fine-grained generation, mak-
ing the advantages of FourierSampler more evident.
Notably, FourierSampler at block size 64 outper-
forms the baseline at block sizes 32 or 16 on both
tasks, suggesting that it mitigates, and sometimes
avoids, the degradation caused by larger blocks.

5.2 Decoding Trajectory Comparison with
Vanilla Decoding

Case study of decoding trajectory. To verify
whether FourierSampler’s generation trajectory ex-
hibits the expected semantically hierarchical de-
coding pattern, we visualize LLaDA-8B-Instruct’s
step-wise decoding in Figure 4. For two decod-
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Figure 4: Step-wise generation trajectory for a structured-function prompt on LLaDA-8B-Instruct. The heatmap
shows the Translated Fourier Score(€ (0, 1)), with red stars marking decoded steps. Early-decoded structure words
(blue) and late-filled details (red) validate FourierSampler’s “structure-to-detail” pattern.

GSMSK MBPP
Vanilla Ours A(%) Vanilla Ours A(%)
B =16 80.8 81.1 4o3% 490 483 _i6%
B =32 80.1 804 o359 498 514 319
B = 64 798 818 +2.5% 420 506 +20.4%
B =128 682 726 L95% 377 448 _L1s6%

Table 6: Results with different block sizes on LLaDA-
1.5. A(%) denotes relative improvement.

ing blocks, the heatmap displays the Translated
Fourier Score ¢, ; at each token position under the
frequency band selected for each generation step.
Red stars indicate when each token is finalized.

We use a structured-function prompt with con-
ditional branches, as shown in Appendix E. In
Block 1, structural keywords such as def (pos. 0),
if (pos. 7), and return (pos. 15) are finalized early
within the first ten steps, while details such as the
function name check_number (pos. 1-2), variable
num (pos. 3,9, and 21), and values (e.g., pos. 24)
are finalized near the end of the block. Block 2
shows the same trend: elif (pos. 2) and return
(pos. 12 and 21) appear early, whereas concrete
values such as pos. 23 are determined later.

It’s also shown that tokens are typically final-
ized with high /,; values. This indicates that
the frequency-domain guidance actively shapes
the generation trajectory, leading to the observed

structure-to-detail decoding pattern.

Quantitative trajectory analysis. Beyond the
qualitative visualization above, we further quantify
the trajectory shift induced by FourierSampler on
MBPP. Specifically, we record the finalized step of
each token under vanilla confidence decoding and
FourierSampler, and identify core structural tokens,
including def, if, elif, for, return, etc. Across
all decoding blocks, FourierSampler advances the
first core structural token by 7.6 decoding steps
on average, while the average finalization step of
all core structural tokens is advanced by 6.4 steps.
The shift is more pronounced on wrong-to-correct
samples, where vanilla decoding fails but Fouri-
erSampler succeeds: the first structural token is
advanced by 12.2 steps on average.

We further define late-structure failures as incor-
rect baseline samples whose first core structural
token is finalized after step 40. They account for
56.3% of baseline errors and 66.7% of wrong-to-
correct samples; in these repaired cases, the first
structural token is advanced by 14.8 steps on av-
erage, and all structural tokens by 10.0 steps. To
characterize the relative ordering between structure

and detail, we define the structure—detail gap as
G= Rdetail - Rstructu (14)

where Rgiruct and Rgetai) denote the average final-
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ized ranks of structural and detail tokens, respec-
tively. FourierSampler consistently enlarges this
gap, with the increase in G on wrong-to-correct
samples being approximately 1.7 x the overall in-
crease, and reaching 2.1 on repaired late-structure
failures. These results quantitatively confirm that
FourierSampler systematically shifts decoding to-
ward a stronger structure-to-detail order, and that
this trajectory shift is particularly pronounced in
samples where decoding correctness is improved.

5.3 Compatibility with Parallel Decoding

To further investigate FourierSampler’s compatibil-
ity with dynamic parallel decoding strategies, we
combine it with Fast-dLLM (Wu et al., 2025b), an
efficient dLLM inference framework that enables
KV caching and decodes multiple masked tokens
simultaneously based on a confidence criterion.

In detail, at each decoding step, we rank masked
positions in current block by the fusion score ¢, ; in
descending order and decode them sequentially un-
til encountering a position whose initial confidence
cs,t falls below the default confidence threshold
adopted in the official Fast-dLLM implementation.
This ensures that parallel unmasking remains gov-
erned by the structure-to-detail trajectory.

GSMSK MBPP
Score TPS Score TPS
LLaDA-1.5 798 135 420 219
145.9 4635
+FastdLLM 798 (030 414 )1a%
+ Fast-dLLM 139.7 481.6
+ Ours 8L4  jo4x) 4 200y
LLaDA-8B- ¢, o5 413 218
Instruct
2148 4264
+ Fast-dLLM 77.2 (11.8%) 38.5 (19.6x)
+ Fast-dLLM 2125 458.2
+ Ours B 17y 3 210

Table 7: Comparison between parallel decoding and its
FourierSampler-enhanced variant on LLaDA-1.5 and
LLaDA-8B-Instruct.

Table 7 shows that when combined with paral-
lel decoding, our method achieves 10x to 22x
speedups compared with vanilla static decoding,
while entirely mitigating Fast-dLLM’s typical per-
formance degradation caused by parallel decoding,
still outperforming the static baseline.

Notably, on MBPP, it yields higher throughput
than Fast-dLLM alone (481.6 vs. 463.5 tokens/s).
This additional efficiency gain comes from further

reducing the average decoding steps from 35.5 to
32.5, highlighting its potential to accelerate conver-
gence without sacrificing logical coherence.

Similarly, FourierSampler is also compatible
with other uncertainty-based dLLM samplers like
EB-Sampler (Ben-Hamu et al., 2025), improving
both generation quality and decoding throughput;
detailed results are provided in Appendix I.

We further apply FourierSampler to Fast-dLLM
v2 (Wu et al., 2025a), a 7B block-diffusion lan-
guage model natively designed for efficient parallel
decoding. As shown in Table 8, FourierSampler
consistently improves generation quality on rep-
resentative tasks, including GSM8K and MBPP,
while maintaining comparable decoding through-
put. These results demonstrate that our frequency-
guided scheduling remains effective on a natively
parallel-decoding model without sacrificing its effi-
ciency advantage.

GSMSK MBPP
Score TPS Score TPS
Fast-dLLM v2 794 188.4  59.5 191.8
+ Ours 81.3 188.6 623 196.5

Table 8: Compatibility of FourierSampler with Fast-
dLLM v2. FourierSampler improves generation quality
while preserving the high throughput of the original
parallel decoding model.

6 Conclusion

We present the first internal frequency-domain anal-
ysis of dLLMs, showing that low-frequency compo-
nents of their hidden representations primarily cap-
ture global structure, while high-frequency compo-
nents encode local details. Building on this, Fouri-
erSampler uses the Translated Fourier Score and
Adaptive Fourier Calibrator to dynamically guide
structure-to-detail generation.

Experiments on full-bidirectional-attention
(LLaDA Series) and block-wise causal-attention
(SDAR Series) architectures show consistent gains
across various NLP tasks. Further analyses of
block size and generation trajectory comparison
support FourierSampler’s rationale, while its
compatibility with parallel decoding enables a
favorable quality-efficiency trade-off. Overall,
FourierSampler offers an endogenous and effec-
tive path to unlocking dLLMs’ arbitrary-order
generation potential.
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Limitations

Although FourierSampler achieves larger improve-
ments with larger decoding block sizes, its gains
become relatively limited when the block size is
very small (e.g., 4 or 8). This is consistent with
our analysis in Section 5.1: reliable spectral signals
require sufficient continuity along the sequence di-
mension to capture structural information. When
the block size is small, hidden states become frag-
mented into short segments, making it harder to dis-
tinguish structural tokens from detailed ones during
decoding. In addition, our spectral guidance is de-
rived from the final-layer hidden states. While this
choice is computationally efficient and effective, it
does not exploit potential complementary signals
across multiple layers. Exploring multi-layer fre-
quency fusion may provide richer structural cues
for decoding, which we leave for future work.
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A Parameter Settings and Robustness
Analysis

FourierSampler mainly involves two hyperparame-
ters: the window ratio p, which controls the band-
width of the translated frequency window, and the
adaptive weight range (Smin, Smax ), Which deter-
mines the dynamic strength of frequency guidance.
In our experiments, for the LLaDA series, we
set the adaptive weight range to (0.4,0.6), with
p = 0.2 for LLaDA-1.5 and p = 0.4 for LLaDA-
8B-Instruct, while for SDAR-4B-Chat, we set the
adaptive weight range to (0,0.2) and use p = 0.5.

These hyperparameters are selected through a
lightweight calibration process. In practice, we
evaluate a small set of candidate values on a few
representative tasks and choose the range that
yields better overall performance. This process is
not intended to perform an exhaustive grid search,
but rather to identify a reasonable operating range
for each model. The detailed hyperparameter se-
lection process is provided in Section 4.3 and Ap-
pendix D.

Importantly, FourierSampler remains consis-
tently better than vanilla decoding under different
parameter choices, as shown in Tables 5, 9 and 10.
This suggests that the performance gain primarily
comes from frequency-guided structure-to-detail
decoding, rather than from complex hyperparam-
eter tuning. Nevertheless, different models may
exhibit different confidence distributions, decod-
ing dynamics, and spectral energy profiles. There-
fore, a small amount of model-specific calibration
can further improve performance and better unlock
the non-autoregressive generation potential of each
model.

B Additional Theoretical Analysis:
Derivation of Eq. 3

Let wy, = 2wk /L. Applying the same DFT as Eq. 1
to the differenced sequence AH, we have

L

1
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I
—

AH), = (AH e nt,
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=)

Since (AH); = Hyy1 — Hy, this becomes
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By linearity of the summation,
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The second term is exactly H k. For the first term,
letw =¢t4 1,50t =u— 1. Then
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Rearranging the exponential term gives
1 & 1 &
- H efiwk(ufl) — eiwki H efiwku.

Under the standard periodic convention of the DFT,
H; = Hy, and since ewnl — g—i2mk — 1 e

have
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Therefore,
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Substituting the two terms back, we obtain
ﬁ{k = eiw’“ﬁk — ﬁk = (ei“’k — 1) f[k
Finally, substituting wy = 27k /L yields
E—Ik = (eiQﬂk/L — 1) ﬁk
C Details of Method

As we have presented in Section 3, we introduce
an adaptive weight 55 based on the original de-
coding confidence. At the decoding step s, it is
calculated based on the variance o2 over the maxi-
mum probability gs ; in the prediction distribution
at each masked position ¢ € M . We record the
o2 over the past 20 decoding steps, compute the
percentile Ps of the current variance within the his-
tory, and linearly map it to the effective support
interval [—3, 3] of the standard normal distribution,
then obtain a smooth value ws € (0,1) through
the cumulative distribution function of the normal
distribution, F(z) =  * <1 + erf (%)) The
pseudocode of the whole process is shown in Alg 1.
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Algorithm 1 Compute Adaptive Weight (3

1: procedure COMPUTEADAPTIVEWEIGHT
2 if not M .any() then

3 return S,in

4 02 = Var ({q&t}teMS)

5: V_list.append(ag)

6 if len(v_list) > 20 then

7 v_list.pop(0)

8

v_list_ =[_for _inv_listif _ < 03]
~ len (v_list_)

9: P=—==
® " len (v_list)
10 zg=(Ps—3) %6
11: wS:%>a<<1—i—erf(\Z/s§
12: Bs = Bmin + (1 - ws) * (Bmax - Bmin)
13: return [, v_list

D Selection of the Adaptive Weight Range

In this section, we provide additional experiments
to justify the selection of the adaptive weight range
Bmin and PBmax used in the Adaptive Fourier Cali-
brator.

In our method, the weight s dynamically ad-
justs the influence of the Translated Fourier Score
during decoding and varies within the interval
[Bmin, Smax] (Eq.13). Therefore, determining ap-
propriate values for Sy and Bnax requires first
identifying a reasonable fluctuation range for (3.

To this end, we first conduct experiments using
fixed [ values during decoding. Since different
models may exhibit different intrinsic confidence
distributions, we expect the appropriate guidance
strength to be primarily model-specific while re-
maining transferable across tasks. To verify this,
we perform lightweight offline tuning on a held-out
dataset and evaluate the selected setting on other
downstream tasks. Specifically, for LLaDA-1.5, we
use Countdown, which emphasizes global reason-
ing and planning, as the tuning set, evaluate three
representative fixed weights 5 € {0.2,0.5,0.8},
and then evaluate the same settings on GSMS8K and
MATH. As shown in Table 9, 5 = 0.5 achieves the
best performance on Countdown, suggesting that a
suitable central value for this model is around 0.5.

We then directly evaluate the same fixed weights
on GSM8K and MATH without further tuning. As
shown in Table 10, 8 = 0.5, selected on the held-
out tuning set, also achieves the best average per-
formance across the two downstream tasks. This
confirms that lightweight held-out tuning can iden-

Countdown
LLaDA-1.5 30.5
+ FourierSampler (Fixed 8 = 0.2) 31.6
+ FourierSampler (Fixed 5 = 0.5) 33.2
+ FourierSampler (Fixed 8 = 0.8) 32.8

Table 9: Performance comparison under different fixed
B values on Countdown using LLaDA-1.5.

tify a suitable 5 range that transfers well across
tasks. Based on these results, we set Sy = 0.4
and Pyax = 0.6, forming a symmetric range cen-
tered at 0.5.

GSMSK MATH Avg.

LLaDA-1.5 79.9 414 60.7
+ Ours (Fixed g = 0.2) 80.9 42.0 61.5
+ Ours (Fixed 8 = 0.5) 81.1 44.6 62.9
+ Ours (Fixed 8 = 0.8) 80.7 43.2 62.0

Table 10: Performance comparison under different fixed
B values on GSM8K and MATH using LLaDA-1.5.

We further verify the effectiveness of the adap-
tive mechanism. Dynamically adjusting /3 within
[0.4,0.6] according to the model’s positional cer-
tainty yields better performance than using a fixed
B, as also shown in Table 4. This result demon-
strates that adaptive weighting better balances
frequency-domain guidance with the model’s in-
trinsic decoding confidence.

E Details of Sample Analysis

Beyond code generation tasks, we also conducted
a frequency-domain analysis on a mathematical
derivation passage concerning the difference of
squares formula. As shown in Figure 5, narrative
text appears as low-frequency components, while
specific formulas and variables emerge as high fre-
quency. This observation further corroborates our
experimental findings in Section 3.2.

For the generation-order analysis in Section 5.2,
we use the following structured Python-function
prompt: Write a python function that returns -2
when a number is below 0, -1 when it is below 10, 0
when it is below 100, and I otherwise. The prompt
contains multiple conditional branches, making it
suitable for visualizing the structure-to-detail gen-
eration trajectory.

F Evaluation on Additional NLP Tasks

While the distinction between structure and detail
is most explicit in formal languages such as code
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Figure 5: Visualization of the correspondence between frequency-domain analysis and textual information.

and mathematics, we hypothesize that long-form
natural language generation also exhibits a hier-
archical organization. In many NLP generation
tasks, high-level discourse structure—such as nar-
rative flow, reasoning chains, or document orga-
nization—forms the global scaffold of the output,
while specific entities, descriptions, and stylistic
expressions correspond to finer-grained details.

Based on this observation, we further evaluate
FourierSampler on several long-form NLP gen-
eration tasks. Specifically, we evaluate on three
benchmarks: LongBench summarization tasks (Bai
et al., 2024), including GovReport, QMSum, and
Multi-News; MuSR (Sprague et al., 2024), which
contains murder mysteries, object placement, and
team allocation subtasks for multi-hop deductive
reasoning; and LongBench-Write (Bai et al., 2025),
an open-ended creative writing benchmark where
we sample prompts with generation lengths under
500 tokens and use GPT-40 (Hurst et al., 2024) as
an automatic evaluator.

Results in Table 11 show that FourierSampler
achieves the best average performance across both
models. Compared with the vanilla decoding
strategy, our method yields relative improvements
of 9.4% for LLaDA-8B-Instruct and 6.7% for
LLaDA-1.5 across these open-domain tasks.

These results provide additional evidence that
the structure-to-detail generation pattern is not lim-
ited to highly structured domains such as code or
mathematics. Instead, it appears to be a more gen-
eral characteristic of how diffusion language mod-
els represent hierarchical information across di-

verse linguistic tasks, allowing FourierSampler to
adaptively optimize generation trajectories across
different scenarios.

G Analysis of Part-of-Speech

To investigate which words in natural language
likely correspond to high-frequency components
and which favor low-frequency ones, we conducted
a detailed statistical analysis on the WikiText-103
dataset (Merity et al., 2016). For each paragraph,
we extract the final-layer hidden state sequence
H ¢ RY*Papply the spectral filtering mecha-
nism, and calculate the low-frequency ratio 7oy, as
defined in Equation 5. Based on this, tokens with
Tlow > 0.5 (indicating low-frequency dominance)
are classified into the low group, while others are
assigned to the high group. Figure 6 illustrates
the distribution ratios of different parts of speech
across these two groups.

Function words and connectives, which are pri-
marily responsible for constructing sentence logic
and structural scaffolding (Ru et al., 2023; Liu et al.,
2024), occupy a larger proportion of low-frequency
group. In particular, conjunctions, prepositions,
and adverbs (e.g., firstly) exhibit the highest ratios
of low-frequency dominance. In addition, verbs, as
the core predicates of sentences, also show a strong
low-frequency tendency. This observation explains
why control-flow tokens such as def and return
are preferentially generated in the code-generation
heatmap presented in Figure 4.

In contrast, nouns exhibit the strongest high-
frequency characteristics. Typically referring to
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Model Summary MuSR LongBench-Write  Avg.
gov gm multi murder object team
LLaDA-8B-Instruct 320 52 264 63.6 53.5 56.0 55.7 41.8
+ UnCode 324 53 27.0 62.0 539 4438 61.1 40.9
+RWS 323 94 272 64.0 54.7 53.6 64.2 43.6
+ FourierSampler (Ours) 324 105 273 68.8 57.8 57.2 65.9 45.7
LLaDA-1.5 332 9.1 27.1 63.6 559 560 70.4 45.1
+ UnCode 32.8 20.7 268 66.0 52.7 51.2 71.0 459
+RWS 327 142 272 67.2 57.0 536 64.5 452
+ FourierSampler (Ours) 33.6 144 274 70.8 57.8 60.8 71.9 48.1

Table 11: Evaluation results on extensive NLP generation benchmarks including LongBench summarization, MuSR

reasoning tasks, and LongBench-Write creative writing.

GSMS8k Math MBPP HE CDh Avg.
Dream-7B-Chat 76.7 422 63.4 57.3 242 52.8
+ RWS 76.4 ~0.3% 41.6 —1.4% 63.0 —0.6% 56.7 —1.1% 23.8 ~1.6% 52.3 —0.8%
+ UnCode 78.8 +2.8% 44.6 +5.7% 65.8 +3.7% 53.1 —7.4% 26.2 +8.1% 53.7 +1.7%
+ FourierSampler (OUTS) 78.8 +2.8% 432 +2.4% 67.3 +6.1% 59.2 +3.2% 32.0 +32.2% 56.1 +6.3%

Table 12: Results on Dream-7B-Chat. Best values are bolded, and relative improvements over vanilla confidence
decoding are shown in subscripts. FourierSampler achieves the best average performance, demonstrating its

extensibility to other dLLM families.
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Figure 6: Low and high-frequency features of different
parts of speech in the frequency domain. The blue bars
represent the proportion of tokens classified into the low
group, while the orange bars represent the high group.

concrete entities and values (e.g., fib, 0), they fill
the syntactic skeleton. This aligns with our distinc-
tion between framework and detail words. Fouri-
erSampler leverages this property to transform im-
plicit hierarchies into explicit generation planning.

H Extension to Other dLLM Families

We further adapt FourierSampler to other dLLM
families beyond LLaDA and SDAR, such as
Dream-7B-Chat. As shown in Table 12, Fourier-
Sampler consistently outperforms vanilla decoding
across different tasks and achieves the best aver-
age performance among all compared methods. In
particular, it obtains relative improvements of 6.1%

on MBPP and 32.2% on Countdown, with an av-
erage improvement of 6.3%. These results show
that FourierSampler can be effectively extended to
different dLLLM families, demonstrating its good
adaptability and generality across different dLLM
architectures.

I Compatibility with Other
Uncertainty-Based Samplers

We further investigate whether FourierSampler can
be combined with other uncertainty-based paral-
lel decoding strategies such as EB-Sampler (Ben-
Hamu et al., 2025), which dynamically determines
the number of tokens to unmask at each decod-
ing step by bounding the approximate error with
an entropy tolerance . Following the experimen-
tal settings explored in the original paper, we set
~v = 0.01 and incorporate our frequency-domain
guidance into its token selection process, using the
same integration strategy as in Section 5.3.

As shown in Table 13, incorporating Fourier-
Sampler into EB-Sampler yields consistent gains
across different tasks. Overall, the combined
method improves the average score by 10.0% rel-
ative to vanilla decoding and by 9.6% relative to
EB-Sampler alone, showing that frequency-domain
trajectory guidance provides complementary infor-
mation beyond such parallel decoding strategies.

We additionally report decoding throughput in
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Method GSMSK MATH MBPP HE CD Avg.
LLaDA-1.5 79.8 414 420 409 30.5 469
+ EB-Sampler 80.8 43.8 432 36.6 309 47.1
+ EB-Sampler + FourierSampler 82.2 44.0 50.6 415 398 516

Table 13: Compatibility with EB-Sampler on LLaDA-1.5. FourierSampler provides complementary frequency-

domain guidance to uncertainty-based parallel decoding.

Table 14. While EB-Sampler substantially acceler-
ates generation through dynamic parallel unmask-
ing, incorporating FourierSampler preserves and
even further improves its throughput. These re-
sults suggest that FourierSampler is largely orthog-
onal to efficient uncertainty-based parallel decod-
ing and can be naturally integrated with it, not only
improving downstream task performance but also
showing the potential to further enhance inference
efficiency.

Method GSMSK TPS MBPP TPS
LLaDA-1.5 13.5 21.9
+ EB-Sampler 55.4 169.8
+ EB-Sampler + Ours 72.9 237.5

Table 14: Decoding throughput when combining Fouri-
erSampler with EB-Sampler on LLaDA-1.5.

J Impact on Decoding Throughput

To evaluate the computational overhead introduced
by our method, we measure the decoding through-
put of different sampling strategies. Using LLaDA-
1.5 as the test model, we conduct experiments on
GSMSK with 512 decoding steps and a block size
of 64, and report the average generation throughput
in tokens per second. All these experiments are
conducted on NVIDIA H200 GPU.

Method Throughput (tokens/s)
LLaDA-1.5 13.5
+ FourierSampler 13.3
+ RWS 9.5
+ UnCode 134

Table 15: Decoding throughput comparison on GSM8K
with 512 decoding steps and block size 64.

As shown in Table 15, although FourierSampler
introduces additional computational overhead due
to the Fourier transform required at each decod-
ing step, the decoding efficiency is only slightly
lower than that of the original model (a decrease
of merely 0.2 tokens/s). This is largely because
these Fourier operations are implemented with

highly optimized cuFFT kernels on GPU, making
the additional spectral computation lightweight in
practice. Besides, FourierSampler achieves signifi-
cantly higher throughput than RWS and maintains
decoding efficiency comparable to UnCode. Mean-
while, FourierSampler achieves notably higher av-
erage performance across tasks than both the origi-
nal model and other methods. These results demon-
strate that our method achieves a favorable trade-off
between efficiency and effectiveness.

K Analysis of Layer Selection for
Frequency-Domain Guidance

In the main text, FourierSampler is applied exclu-
sively to the final-layer hidden states. This design
choice is grounded in the premise that the final
layer provides the most mature semantic space, as
it is directly coupled with the model’s output distri-
bution. Existing inference-time intervention meth-
ods in AR, such as DoLa (Chuang et al., 2023),
Representation Engineering (Zou et al., 2025) and
Active Layer-Contrastive Decoding (Zhang et al.,
2025), similarly utilize the final layer as the pri-
mary anchor for behavioral intervention. Further-
more, extracting frequency signals from a single
layer maintains high computational efficiency by
avoiding the overhead of cross-layer propagation.

To empirically validate the effectiveness of the fi-
nal layer and explore the potential utility of interme-
diate representations, we conduct an ablation study
regarding layer selection. Specifically, the inputs
to the frequency-domain sliding-window filtering
and the Translated Fourier Score computation are
replaced with the input hidden states of specified
intermediate Transformer blocks. Table 16 presents
the evaluation results on LLaDA-1.5 across layers
0, 8, 16, 24, 31, and the final layer (Layer 32) on
GSMS8K and MBPP.

As shown in Table 16, utilizing the final-layer
hidden state achieves the best average generation
performance across metrics, aligning with the theo-
retical intuition of its direct mapping to the output
space. Consequently, the final layer serves as a
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Layer Index GSM8K MBPP Avg.

32 (Ours) 81.8 50.6 66.2
31 80.2 49.8 65.0
24 81.4 45.9 63.6
16 82.2 46.3 64.2
8 82.0 471 64.5
0 81.0 48.6 64.8

Table 16: Performance comparison of FourierSampler
applied to different hidden state layers on LLaDA-1.5.

simple yet robust foundation for structure-to-detail
decoding.

The results also demonstrate that applying
frequency-domain guidance to shallower or inter-
mediate layers (e.g., layers 16) still yields perfor-
mance gains compared to the baseline. This ob-
servation is consistent with representation prob-
ing literature (Skean et al., 2025), which indicates
that intermediate layers capture a rich hierarchy
of linguistic and structural abstractions. There-
fore, exploring multi-layer frequency-domain fu-
sion—such as cross-layer band consistency or adap-
tive layer-weighted aggregation—represents a vi-
able direction for future work.
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