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Abstract001

Diffusion Large Language Models, or dLLM,002
have become a widely discussed topic in NLP003
recently due to their arbitrary-order decoding004
feature and their potential to capture more com-005
plex semantics and achieve generation from006
structure to detail. Despite this, existing work007
finds that dLLMs demonstrate positional bias008
or fail to fully unlock the potential of non-009
autoregressive generation, which has sparked010
research on dLLM decoding strategies. Cur-011
rent decoding strategies primarily rely on ex-012
ternal signal intervention to optimize dLLM013
decoding, lacking sufficient exploration of the014
dLLM’s internal characteristics. Inspired by015
signal processing theory and its applications in016
NLP, we first introduce frequency-domain anal-017
ysis into dLLM and propose FourierSampler,018
which leverages a frequency-domain sliding019
window on hidden states to guide dLLMs to020
first decode structural content dominated by021
low-frequency signals, then decode detailed022
content dominated by high-frequency signals.023
We conduct validation experiments on LLaDA024
and SDAR, and find that FourierSampler can025
consistently achieve improvements in code and026
math tasks, surpassing existing methods as well027
as auto-regressive models of the same size.028

1 Introduction029

Diffusion Large Language Models (dLLMs) (Sa-030

hoo et al., 2024; Ou et al., 2024; Shi et al., 2024)031

have become a hot topic in NLP. Models such032

as LLaDA (Nie et al., 2025), Dream (Ye et al.,033

2025a), Mercury (Inception, 2025), Gemini Dif-034

fusion (Gemini, 2025), and SDAR (Cheng et al.,035

2025) confirm the scalability of this paradigm (Nie036

et al., 2024; Gong et al., 2024; Ni et al., 2025)037

and fuel intensive follow-up work on long-context038

modeling (Liu et al., 2025b; He et al., 2025), in-039

ference efficiency (Wu et al., 2025b,a; Song et al.,040

2025), multimodal extensions (You et al., 2025;041

Yang et al., 2025), and post-training strategies (Zhu042
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Figure 1: The average score in different tasks of Fouri-
erSampler compared with other decoding strategies in
LLaDA (Nie et al., 2025; Zhu et al., 2025a).

et al., 2025a; Zhao et al., 2025; Wang et al., 2025; 043

Zhu et al., 2025b). Unlike conventional autoregres- 044

sive LLMs (AR) decoding left-to-right (OpenAI, 045

2023; Sun et al., 2024; Cai et al., 2024; Dubey 046

et al., 2024), dLLMs take an arbitrary-order gener- 047

ation strategy, which has been verified in solving 048

the reversal curse (Berglund et al., 2023), and main- 049

taining coherence across contexts (Bachmann and 050

Nagarajan, 2024; Ye et al., 2024a; Li et al., 2022), 051

and is expected to capture richer semantics and sup- 052

port structure-to-detail generation (Li et al., 2025; 053

Yu et al., 2025). 054

Despite this, existing work finds that dLLMs 055

demonstrate a tendency toward left-to-right decod- 056

ing, and forcing left-to-right decoding can even 057

achieve results superior to the original confidence- 058

based decoding in some cases (Gwak et al., 2025), 059

which has also sparked exploration into the de- 060

coding planning or sampling strategies of dLLMs. 061

Existing work primarily focuses on the design of 062

external intervention signals, such as rule-based bi- 063

ases for specific positions or tokens in the vocabu- 064

lary (Huang et al., 2025a), or model-based external 065

reward weighting (Gwak et al., 2025). None of 066

these approaches delves deeply into the inherent 067
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def gcd(a, b):

    if b == 0:

        return a

    elif a == 0:

        return b

    else:

        return 

gcd(b, a % b)

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.

characteristics of dLLMs to unlock the arbitrary-068

order decoding potential of dLLMs. This raises a069

question: can the dLLM itself have the ability to070

plan better decoding strategies before generation?071

Inspired by frequency-domain signal processing072

theory (Cooley and Tukey, 1965; Sorensen et al.,073

2003) and its applications in NLP (Lee-Thorp et al.,074

2022; He et al., 2023; Liu et al., 2025a), we pro-075

pose FourierSampler which leverages frequency-076

domain filtering of the hidden states to guide the077

model to first decode structural content dominated078

by low-frequency signals, then decode detailed con-079

tent dominated by high-frequency signals through080

the signal strength of different frequencies of to-081

kens. Specifically, we apply the Fourier Trans-082

form to tokens within decoding blocks along the se-083

quence dimension, design the Translated Fourier084

Score, examining different frequency bands at dif-085

ferent decoding steps for each token, and imple-086

ment an Adaptive Fourier Calibrator, dynami-087

cally adjusting guidance strength based on the fluc-088

tuations of decoding confidence. As shown in Fig-089

ure 1, our method can statistically outperform the090

original model and other work relying on exter-091

nal signal-guided decoding on various math and092

code tasks. Our contribution can be summarized as093

follows.094

• We conduct the first frequency analysis in095

dLLMs that the low-frequency components of096

hidden states in the temporal dimension corre-097

spond to structural information in the output,098

while the high-frequency components corre- 099

spond to detailed information, which provides 100

internal guidance for dLLM decoding. 101

• We propose FourierSampler, our dLLM de- 102

coding sampling scheme, which guides the 103

model to achieve a structure-to-detail decod- 104

ing with the Translated Fourier Score, and 105

balances the guidance with the original confi- 106

dence by an Adaptive Fourier Calibrator. 107

• We conduct validation experiments on two 108

types of dLLMs, LLaDA and SDAR, and 109

find that we can stably achieve improvements 110

in code and math tasks, surpassing exist- 111

ing decoding strategies as well as autoregres- 112

sive models with similar sizes and providing 113

new insights for an in-depth understanding of 114

dLLM decoding enhancement. 115

2 Related Work 116

2.1 Decoding Strategy for dLLMs 117

Non-autoregressive dLLMs can exhibit a tendency 118

towards autoregressive-like decoding behavior for 119

positional bias (Gwak et al., 2025). Consequently, 120

recent work focuses on optimizing token unmask- 121

ing orders to enhance generation planning. Main- 122

stream models like LLaDA (Nie et al., 2025) and 123

SDAR (Cheng et al., 2025) adopt confidence-based 124

unmasking. Variants prioritize unmasking based on 125

maximum probability, entropy (Ben-Hamu et al., 126
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2025), or confidence gaps (Kim et al., 2025), with127

random sampling baselines (Austin et al., 2021a).128

To enhance generation performance, advanced129

methods introduce external interventions. For ex-130

ample, PC-Sampler (Huang et al., 2025a) uses131

rules-based biases for specific positions, while132

RWS (Gwak et al., 2025) employs reward mod-133

els to enhance coherence. Alternatively, training-134

based approaches like DOT (Ye et al., 2024b),135

DDPD (Liu et al., 2024a), and DCoLT (Huang136

et al., 2025b) optimize generation trajectories via137

post-training or reinforcement learning. However,138

these methods rely on complex external signals139

or costly training. They overlook the potential of140

mining dLLM internal representations for effective141

decoding guidance.142

2.2 Frequency Analysis in Transformers143

Frequency analysis, originated from signal process-144

ing (Cooley and Tukey, 1965; Brigham, 1988),145

is pivotal for understanding and optimizing neu-146

ral networks. The theoretical spectral bias (Ra-147

haman et al., 2019) manifests in Transformers,148

where frequency transforms effectively substitute149

self-attention. FNet (Lee-Thorp et al., 2022) and150

its successors (Zhuang et al., 2022; Scribano et al.,151

2023) demonstrate the efficacy of such frequency152

representations. Physically, this aligns with multi-153

head self-attention acting as a low-pass filter (Wang154

et al., 2022; Park and Kim, 2022). Corroborating155

this, FourierTransformer (He et al., 2023) observes156

that hidden state power spectra concentrate in low-157

frequency bins in deeper layers. While these stud-158

ies incorporate frequency transforms into AR ar-159

chitectures, leveraging this spectral property to ac-160

tively guide dLLM decoding remains unexplored.161

3 Method162

3.1 Frequential Analysis on dLLM163

164

Leveraging established insights from signal pro-165

cessing (Cooley and Tukey, 1965; Sorensen et al.,166

2003; Brigham, 1988) and their increasing adoption167

in NLP (Lee-Thorp et al., 2022; He et al., 2023; Liu168

et al., 2025a), we observe that low-frequency com-169

ponents of signals typically carry global trends and170

coarse-grained information, while high-frequency171

components encode detailed information. Based on172

this, we hypothesize that in dLLMs, the frequency173

spectrum of hidden states in decoding exhibits a174

similar semantic stratification.175

To validate this, we select two text samples pos- 176

sessing distinct structural features for analysis, a 177

Python script for calculating the Greatest Common 178

Divisor shown in Figure 2, and a mathematical 179

derivation of the difference of squares formula in 180

Figure 6. After a single forward in dLLMs, we 181

extract the final-layer hidden states H ∈ RL×D 182

where L is the sequence length and D is the hidden 183

dimension, and compute the low-frequency compo- 184

nent Hlow by applying a binary mask M that only 185

retains the lower 50% spectral energy. 186

Hlow = F−1
r (Fr(H)⊙M) , (1) 187

where Fr denotes the real-valued Fourier trans- 188

form, since H is real-valued (Sorensen et al., 2003). 189

We then define the low-frequency ratio rlow as: 190

rlow =
∥Hlow∥22
∥H∥22

, (2) 191

where ∥ · ∥2 denotes the Euclidean norm along the 192

feature dimension D. Similarly, we also define the 193

high-frequency ratio rhigh as 1− rlow 194

Based on this metric, we highlight the Top-14 195

tokens with the highest low-frequency and high- 196

frequency ratios in Figure 2 and Figure 6. Ob- 197

servations indicate that in the code task, reserved 198

keywords constituting the logical skeleton of the 199

program (if, elif, return) exhibit energy signif- 200

icantly concentrated in the low-frequency band. 201

Conversely, specific function names and numer- 202

ical values display distinct high-frequency charac- 203

teristics. Similarly, in the math task, natural lan- 204

guage text guiding the derivation logic is domi- 205

nated by low-frequency signals, whereas specific 206

mathematical formulas account for the majority of 207

the high-frequency energy. This analysis confirms, 208

for the first time in dLLMs, the correspondence 209

where low-frequency implies structure, and high- 210

frequency implies detail. Based on these observa- 211

tions, we implement a dynamic spectral filtering 212

method called FourierSampler with a frequency- 213

domain sliding window that gradually transitions 214

the passband from low to high frequencies. This al- 215

lows the model to generate from structure to detail. 216

3.2 Translated Filtering Score 217

Our FourierSampler consists of two parts, the 218

Translated Fourier Score, which adjusts the dLLMs’ 219

decoding based on energy in the frequency domain, 220

and the Adaptive Fourier Calibrator, which con- 221

trols the adjustment strength based on the original 222

decoding confidence, as shown in Figure 3. 223
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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.

Assuming the decoding block size of the dLLM224

is B, and the number of decoding steps per block225

is S, let H(s) ∈ RL×D represent the hidden state226

at decoding step s. For the token interval [b, e)227

corresponding to the current decoding block, we228

perform real-valued Fourier transform Fr, sliding229

window filtering g, and inverse real-valued Fourier230

transform F−1
r along the token dimension on the231

hidden state of the current block.232

H ′(s) = F−1
r

(
Fr

(
H[b:e,:](s)

)
⊙ g(s)

)
. (3)233

When the FT is applied for real-valued input, the234

negative frequency terms of the output are exact the235

complex conjugates of the corresponding positive-236

frequency terms, so the length of Fr-transformed237

axis W equals to B/2 + 1. Furthermore, the filter238

g(s) ∈ {0, 1}W retains only the low-frequency239

parts at the beginning and only the high-frequency240

parts at the end based on the decoding step s. The241

starting position os and size of retained frequency242

band are determined by window ratio ρ, with the243

specified formula as follows.244

gp(s) =

{
1 os ≤ p ≤ os + ρW

0 otherwise
,

os =

⌊
W − ρW

S

⌋
s.

(4)245

This design forms a sliding window with fixed246

bandwidth and translated over decoding steps in247

the frequency domain. When the decoding step248

s is small, the window concentrates on the low-249

frequency region, emphasizing structural informa-250

tion. As s increases, the window gradually shifts251

toward high frequencies, making the model focus 252

more on detailed content (He et al., 2023). 253

For token t in block [b, e), namely 0 ≤ t ≤ 254

B− 1, we calculate the energy of each token in the 255

filtered frequency band and perform maximum nor- 256

malization on the energy within the block, to elim- 257

inate scale differences between different samples 258

and decoding block size, with ϵ to avoid division- 259

by-zero exceptions. Then we obtain the Translated 260

Fourier Score ℓs,t: 261

ℓs,t =

∑D
d=1

(
H ′

[b+t,d](s)
)2

maxt′
∑D

d=1

(
H ′

[b+t′,d](s)
)2

+ ϵ
. (5) 262

This score can be understood as the intensity of 263

the token position under the retained frequency 264

band. A larger ℓs,t indicates that the hidden states 265

at position t in step s has a stronger intensity in the 266

currently emphasized frequency band, thus better 267

matching the frequential preference in current step. 268

3.3 Adaptive Fourier Calibrator 269

To dynamically adjust the guidance strength of the 270

translated filtering score ℓt in the sampler, we intro- 271

duce an adaptive weight βs based on the original 272

decoding confidence. At decoding step s, let the 273

output prediction distribution be ps,t. For the set 274

of masked positions, Ms, we take the maximum 275

probability qs,t = maxv ps,t(v) in the prediction 276

distribution at each position t ∈ Ms, and treat its 277

variance over Ms as the ability of dLLM to dis- 278

tinguish between the writing priorities of different 279
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positions in the current decoding state.280

σ2
s = Var

(
{qs,t}t∈Ms

)
. (6)281

We record the values of this method over the past282

20 decoding steps, compute the percentile Ps of the283

current variance within the history, and normalize284

it into ws ∈ (0, 1) interval the cumulative distri-285

bution function of the normal distribution. The286

process of normalization is detailed in Appendix A,287

and, finally, the adaptive weight is defined as fol-288

lows, where βmin and βmax are the minimum and289

maximum values of adaptive weight, respectively.290

βs = βmin + (1− ws)
(
βmax − βmin

)
. (7)291

Based on the above translated filtering score and292

adaptive weight calculation, we add it to the orig-293

inal confidence cs,t as step s for token t to obtain294

the fusion score, shown as follows.295

c̃s,t = cs,t + βsℓs,t. (8)296

This design ensures that when the confidence dif-297

ferences between different positions are large, the298

model’s own decoding intention is relatively clear,299

and the frequency guidance automatically weakens.300

Conversely, the frequential prior is strengthened,301

thereby achieving an adaptive decoding scheduler.302

4 Experiment303

4.1 Setup304

We conduct experiments on widely used diffusion-305

based dLLMs, including LLaDA1.5-8B (Zhu et al.,306

2025a) and LLaDA-8B-Instruct (Nie et al., 2025).307

In addition, to demonstrate that our method ap-308

plies to models with other dLLM architectures,309

namely dLLMs with block-wise causal atten-310

tion, we also evaluate our FourierSampler on311

SDAR-4B-Chat and SDAR-1.7B-Chat (Cheng312

et al., 2025). The evaluation benchmarks in-313

clude GSM8K (4-shot) (Cobbe et al., 2021),314

MATH (4-shot) (Hendrycks et al., 2021), MBPP315

(3-shot) (Austin et al., 2021b), HumanEval (0-316

shot) (Chen et al., 2021), and Countdown(0-317

shot) (Ye et al., 2024a, 2025b). During evaluation,318

we set the default block size to 64 for all dLLMs319

and adopt OpenCompass (Contributors, 2023) as320

the evaluation framework. We use 512 generation321

steps for GSM8K, MATH, HumanEval, and MBPP,322

and 128 generation steps for Countdown. All ex-323

periments are conducted on NVIDIA H200 GPUs.324

For LLaDA Series, we use PC-Sampler (Huang 325

et al., 2025a) and RWS (Gwak et al., 2025) as 326

the main baselines. For the SDAR Series, since 327

PC-Sampler does not provide the token frequency 328

distribution for SDAR, we use RWS as the primary 329

baseline. The relevant coefficients in PC-Sampler 330

follow the settings in its original paper. For RWS, 331

we adopt GRM-Llama3.2-3B (Yang et al., 2024) as 332

its reward model, recommended by its paper. We 333

also compare dLLMs enhanced via different decod- 334

ing strategies with similarly sized autoregressive 335

models from Llama and Qwen Seires (Dubey et al., 336

2024; Meta, 2024; Qwen et al., 2024). 337

4.2 Main Results 338

For LLaDA1.5-8B and LLaDA-8B-Instruct, which 339

are dLLMs based on full bidirectional attention, the 340

experimental results in Table 1 demonstrate that 341

our method consistently and significantly outper- 342

forms the baseline across different math and code 343

tasks. In particular, we observe substantial rela- 344

tive improvements of up to 7.2% on MATH, 20.4% 345

on MBPP, and 14.1% on Countdown compared 346

to the baseline. Moreover, our approach achieves 347

the highest average performance across all bench- 348

marks, surpassing other competitive methods. 349

Notably, our FourierSampler further enables 350

LLaDA1.5-8B to bridge and exceed the perfor- 351

mance gap with similarly sized autoregressive mod- 352

els, such as Llama3.1-8B-Instruct and Qwen2.5- 353

7B-Instruct, where LLaDA1.5-8B originally under- 354

performed on average, and other decoding strate- 355

gies fail to achieve it. This result highlights that our 356

method can more effectively unlock the potential 357

of non-autoregressive generation in dLLMs. 358

For dLLMs with block-wise causal attention, in- 359

cluding SDAR-4B-Chat and SDAR-1.7B-Chat, our 360

method also consistently outperforms the baseline 361

across all evaluated benchmarks in Table 2. Specif- 362

ically, we achieve relative improvements of 3.7% 363

on MATH, 14.5% on HumanEval, and 45.1% on 364

Countdown. In addition, the average performance 365

across tasks is superior to that of other competing 366

approaches. These results further demonstrate that 367

our method generalizes well across different dLLM 368

designs, including both full-bidirectional-attention 369

and block-wise causal attention. 370

4.3 Ablation Study 371

To verify the rationality of the Adaptive Fourier 372

Calibrator module design in our method, we con- 373

duct ablation studies by fixing the parameter β to 374
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GSM8k Math MBPP HE CD Avg.

Llama3.1-8B-Instruct 80.97 41.60 65.37 54.27 0.00 48.44
Qwen2.5-7B-Instruct 81.65 49.20 66.93 52.44 4.30 50.90

LLaDA1.5-8B 79.83 41.40 42.02 40.85 30.47 46.91
+ PC-Sampler 81.20 +1.7% 43.00 +3.9% 51.36 +22.2% 39.02 −4.5% 21.09 −30.8% 47.13 +0.5%

+ RWS 80.67 +1.1% 42.00 +1.4% 43.19 +2.8% 39.63 −3.0% 30.08 −1.3% 47.11 +0.4%

+ FourierSampler (ours) 81.80 +2.5% 44.20 +6.8% 50.58 +20.4% 43.29 +6.0% 34.77 +14.1% 50.93 +8.6%

LLaDA-8B-Instruct 78.24 42.20 41.25 39.63 25.39 45.34
+ PC-Sampler 79.00 +1.0% 40.40 −4.3% 49.81 +20.8% 39.63 0.0% 24.22 −4.6% 46.61 +2.8%

+ RWS 79.61 +1.8% 42.80 +1.4% 42.02 +1.9% 39.02 −1.5% 30.08 +18.5% 46.71 +3.0%

+ FourierSampler (ours) 79.61 +1.8% 45.20 +6.8% 47.86 +16.0% 40.85 +3.1% 28.90 +13.8% 48.48 +7.1%

Table 1: Results on LLaDA Series including LLaDA1.5-8B (Zhu et al., 2025a) and LLaDA-8B-Instruct (Nie et al.,
2025) with best values in bold and relative improvement over vanilla decoding based on confidence in subscripts.
Our FourierSampler achieves the best average performance, surpassing other competitive methods and even similarly
sized AR models including Llama3.1-8B-Instruct (Dubey et al., 2024) and Qwen2.5-7B-Instruct (Qwen et al., 2024).

GSM8k Math MBPP HE CD Avg.

Llama3.2-3B-Instruct 69.37 36.60 50.97 26.83 0.00 36.75
Qwen2.5-3B-Instruct 76.42 39.20 47.47 32.93 10.94 41.39

SDAR-4B-Chat 86.58 48.20 42.02 57.93 13.28 49.60
+ RWS 87.41 +1.0% 49.20 +2.1% 39.69 −5.5% 60.37 +4.2% 16.02 +20.6% 50.54 +1.9%

+ FourierSampler (ours) 87.64 +1.2% 50.00 +3.7% 47.47 +13.0% 62.20 +7.4% 16.80 +26.5% 52.82 +6.5%

SDAR-1.7B-Chat 72.93 39.60 35.41 37.80 15.62 40.27
+ RWS 75.59 +3.6% 41.00 +3.5% 35.80 +1.1% 31.71 −16.1% 17.97 +15.0% 40.41 +0.3%

+ FourierSampler (ours) 73.84 +1.2% 40.00 +1.0% 36.58 +3.3% 43.29 +14.5% 22.66 +45.1% 43.27 +7.4%

Table 2: Results on SDAR Series including SDAR-4B-Chat and SDAR-1.7B-Chat (Zhu et al., 2025a) with best
values in bold and relative improvement over vanilla decoding based on confidence in subscripts. Our FourierSampler
achieves the best average performance, surpassing other competitive methods and even similarly sized AR models
including Llama3.2-3B-Instruct (Meta, 2024) and Qwen2.5-3B-Instruct (Qwen et al., 2024).

the maximum, minimum, and mean values of the375

adaptive weights, respectively, and evaluate the376

performance on GSM8K and MBPP. The results in377

Table 3 show that different tasks on the same model378

may prefer different weight values. However, us-379

ing fixed weights consistently underperforms the380

adaptive weighting strategy. These observations381

further validate the effectiveness of our method.382

We also conduct ablation studies regarding the383

choice of the sliding window size in the frequency384

domain, denoted as the window ratio ρ, for each385

model. Table 3 presents the experimental results386

for LLaDA-1.5B and LLaDA-8B-Instruct under dif-387

ferent settings. Based on the overall performance388

across downstream tasks, we selected 0.2 and 0.4 as389

the window ratios for the two models, respectively.390

5 Discussion391

5.1 Analysis of Decoding Block Size392

To verify the effectiveness of FourierSampler under393

different decoding block sizes for dLLMs, we fur-394

ther conduct an experiment shown in Table 4 and395

GSM8k MBPP Avg.

LLaDA1.5-8B 79.83 42.02 60.97
+ FourierSampler 81.80 50.58 66.19

+ Fixed β = 0.4 81.12 49.81 65.47
+ Fixed β = 0.5 81.12 47.86 64.49
+ Fixed β = 0.6 81.20 50.19 65.70

+ ρ = 0.4 81.35 42.80 62.08
+ ρ = 0.6 81.05 43.00 62.03

LLaDA-8B-Instruct 78.24 41.25 59.75
+ FourierSampler 79.61 47.86 63.74

+ Fixed β = 0.4 78.85 44.75 61.80
+ Fixed β = 0.5 79.38 46.69 63.04
+ Fixed β = 0.6 79.23 47.08 63.16

+ ρ = 0.6 80.36 45.91 63.14

Table 3: Results on LLaDA Series (Nie et al., 2025; Zhu
et al., 2025a) for the ablation study of FourierSampler.

observe that as the block size increases, applying 396

FourierSampler to downstream tasks leads to more 397

pronounced performance gains. This is because 398

larger blocks provide a more complete and contin- 399

uous signal for frequency-domain analysis, allow- 400
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GSM8K MBPP

Vanilla Ours ∆(%) Vanilla Ours ∆(%)

B = 16 80.82 81.05 +0.3% 49.03 48.25 −1.6%

B = 32 80.06 80.36 +0.3% 49.81 51.36 +3.1%

B = 64 79.83 81.80 +2.5% 42.02 50.58 +20.4%

B = 128 68.16 72.55 +9.5% 37.74 44.75 +18.6%

Table 4: Results with different block sizes. Here we use
LLaDA1.5-8B as the base model. B denotes the block
size and ∆(%) denotes the relative improvement over
vanilla decoding based on confidence.

ing the Fourier transform to more accurately cap-401

ture low-frequency components that correspond to402

global semantics and structural information. When403

the block size is too small, the sequence is fre-404

quently segmented, which can fragment frequency-405

domain representations across blocks and make406

low-frequency information difficult to localize reli-407

ably. In contrast, larger blocks allow frame-level in-408

formation to be fully distilled and well modeled at409

early stages, and to consistently guide subsequent410

fine-grained generation. As a result, the advan-411

tages of the FourierSampler become more evident412

in downstream task performance. It can be fur-413

ther observed that after applying FourierSampler,414

the scores on MBPP and GSM8K at block size415

B = 64 are both higher than the baseline at block416

size 32 or 16, suggesting that our method effec-417

tively mitigates, and in some cases even avoids the418

severe performance degradation when block size419

increases.420

5.2 Analysis of Generation Order421

To investigate whether the generation trajectory422

under FourierSampler aligns with the spectral char-423

acteristics observed in the static forward pass dis-424

cussed in Section 3.1 and truly activates the non-425

autoregressive potential of dLLMs, we visualize426

the step-by-step decoding process of LLaDA-8B-427

Instruct (Nie et al., 2025) on a code generation task.428

The heatmap visualizes, for two decoding blocks429

(Block 1 and Block 2), the Translated Fourier Score430

ℓs,t computed at each token position under the fre-431

quency band selected for each generation step. Red432

stars indicate the generation step at which each to-433

ken is ultimately finalized. A structure-to-detail434

generation pattern can be observed in Figure 4.435

From the spectrum of Block 1, it is evident that436

keywords representing the logical skeleton of the437

program—such as if (position 9), and return (posi-438

tions 17 and 28)—achieve high scores and are deter-439

mined at very early decoding stages (Steps 0–10). 440

This indicates that the model prioritizes construct- 441

ing the overall structural framework of the code. In 442

contrast, specific variable names (e.g., fib, n) and 443

numerical values (e.g., 0, 1) are generally gener- 444

ated at later decoding stages (Steps 15–30). For 445

instance, in Block 2, although else (position 33) and 446

return (position 37) appear relatively early, the sub- 447

sequent concrete computation logic involving fib 448

(position 45) and n (position 47) does not emerge 449

until around Step 20. 450

This structure-to-detail generation trajectory pro- 451

vides intuitive evidence that our Translated Fourier 452

Score successfully maps low-frequency energy in 453

the frequency domain to structural information in 454

text. As a result, dLLM can plan global logic first 455

and subsequently fill in local details. 456

5.3 Analysis of Part-of-Speech 457

To investigate which words in natural language 458

likely correspond to high-frequency components 459

and which favor low-frequency ones, we conducted 460

a detailed statistical analysis on the WikiText-103 461

dataset (Merity et al., 2016). For each paragraph, 462

we extract the final-layer hidden state sequence 463

H ∈ RL×D, apply the spectral filtering mech- 464

anism defined in Equation 1, and calculate the 465

low-frequency ratio rlow as defined in Equation 2. 466

Based on this, tokens with rlow > 0.5 (indicating 467

low-frequency dominance) are classified into the 468

low group, while others are assigned to the high 469

group. Figure 5 illustrates the distribution ratios of 470

different parts of speech across these two groups. 471

Function words and connectives, which are pri- 472

marily responsible for constructing sentence logic 473

and structural scaffolding (Carnap, 1937; Ru et al., 474

2023; Liu et al., 2024b), occupy a larger proportion 475

of low-frequency group. In particular, conjunctions 476

(e.g., but, if, because), prepositions (e.g., in, for), 477

and adverbs (e.g., firstly) exhibit the highest ratios 478

of low-frequency dominance. In addition, verbs, as 479

the core predicates of sentences, also show a strong 480

low-frequency tendency. This observation explains 481

why control-flow tokens such as def and return 482

are preferentially generated in the code-generation 483

heatmap presented in the previous section. 484

In contrast, nouns exhibit the strongest high- 485

frequency characteristics among all part-of-speech 486

categories. Nouns typically refer to concrete enti- 487

ties, variables, or values (e.g., fib, n, 0), serving as 488

the specific content that fills the syntactic skeleton. 489

These results are consistent with our distinction be- 490
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Figure 4: Visualization of step-wise generation trajectory for the prompt “Write a python function to compute
Fibonacci sequence” on LLaDA-8B-Instruct (Nie et al., 2025). The heatmap displays the Translated Fourier Score
ℓs,t at each step, with red stars marking the precise step where each token is decoded. We highlight blue boxes that
correspond to structure words and are decoded in the early stages, and red boxes that correspond to detail words and
are filled in later stages, which validates the “structure-to-detail” decoding pattern of FourierSampler.
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Figure 5: 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. Observations indicate that functional words
responsible for syntactic structure, like conjunctions,
exhibit dominant low-frequency features. In contrast,
nouns, which typically serve as specific content fillers,
show the strongest high-frequency tendency. This distri-
bution corroborates our hypothesis that low-frequency
components encode the structural skeleton, while high-
frequency components correspond to detailed entities.

tween framework words and detail words in natural491

language. FourierSampler leverages this property492

to transform implicit linguistic hierarchies into ex-493

plicit generation planning.494

6 Conclusion 495

In this work, we investigate the internal decoding 496

mechanisms of dLLMs from the perspective of sig- 497

nal processing. We conduct the first frequency anal- 498

ysis in dLLMs, showing that low-frequency implies 499

structure, and high-frequency implies detail. Then, 500

we propose FourierSampler. By leveraging the 501

Translated Fourier Score and Adaptive Fourier Cal- 502

ibrator, our method dynamically guides the dLLMs 503

to achieve a structure-to-detail generation. 504

Extensive experiments across full-bidirectional- 505

attention (LLaDA Series) and block-wise causal 506

attention (SDAR Series) architectures demonstrate 507

that FourierSampler achieves consistent perfor- 508

mance improvements in different tasks, such as 509

math and code. Furthermore, our analyses regard- 510

ing different decoding block sizes, generation order 511

and part-of-speech distributions further corrobo- 512

rate the rationality of FourierSampler. This study 513

not only experimentally surpasses similarly sized 514

auto-regressive models but also paves an endoge- 515

nous way for future research to unlock the arbitrary- 516

order generation potential of dLLMs. 517
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Limitation518

Although our FourierSampler exhibits pronounced519

improvements with larger block sizes, the gains520

become relatively limited under small block sizes521

(e.g., block size 4 or 8). This behavior is consis-522

tent with our analysis in Section 5.1 that spectral523

signals require a certain level of continuity along524

the sequence dimension to reliably capture struc-525

tural information. When the block size is small, the526

hidden states are fragmented into short segments,527

which constrains the ability to prioritize generating528

structural tokens before generating details.529

Besides, our spectral analysis and decoding guid-530

ance are applied to the final-layer hidden states.531

While this design choice is simple and effective, we532

have not further investigated the frequency feature533

of intermediate layers. Different layers may encode534

structural and semantic information at varying lev-535

els of abstraction, and incorporating multi-layer536

frequency signals could potentially provide richer537

guidance for decoding. We leave a further analysis538

of intermediate layers to future work.539
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To factor a^2-b^2 , we 

rewrite it as: a^2+ab-

ab-b^2.

Group the terms and 

factor each pair: 

=a(a+b)-b(a+b).

Factor out the common 

term: a^2-

b^2=(a+b)(a-b).

Figure 6: Visualization of the correspondence between frequency-domain analysis and textual information.

A Details of Method839

The key hyperparameters of our FourierSampler840

for different dLLMs are shown in Table 5.841

ϵ ρ βmin βmax

LLaDA1.5-8B 1e-5 0.2 0.4 0.6
LLaDA-8B-Instruct 1e-5 0.4 0.4 0.6

Table 5: Hyper-parameters.

As we have presented in Section 3, we intro-842

duce an adaptive weight βs based on the original843

decoding confidence. At the decoding step s, it is844

calculated based on the variance σ2
s over the maxi-845

mum probability qs,t in the prediction distribution846

at each masked position t ∈ Ms. We record the847

σ2
s over the past 20 decoding steps, compute the848

percentile ps of the current variance within the his-849

tory, and linearly map it to the effective support850

interval [−3, 3] of the standard normal distribution,851

then obtain a smooth value ws ∈ (0, 1) through852

the cumulative distribution function of the normal853

distribution, F (x) = 1
2 ∗

(
1 + erf

(
x√
2

))
. The854

pseudocode of the whole process is shown in Alg 1.855

B Details of analysis856

Beyond code generation tasks, we also conducted857

a frequency-domain analysis on a mathematical858

derivation passage concerning the difference of859

squares formula. As shown in Figure 6, narrative860

text appears as low-frequency components, while861

specific formulas and variables emerge as high fre-862

quency. This observation further corroborates our863

Algorithm 1 Compute Adaptive Weight βs
1: procedure COMPUTEADAPTIVEWEIGHT

2: if not Ms.any() then
3: return βmin

4: σ2
s = Var

(
{qs,t}t∈Ms

)
5: v_list.append

(
σ2

)
6: if len(v_list) > 20 then
7: v_list.pop(0)
8: if len(v_list) == 0 then
9: ps =

1
2

10: else
11: v_list_ = [_ for _ in v_list if _ < σ2

s )]

12: ps =
len (v_list_)
len (v_list)

13: zs =
(
ps − 1

2

)
∗ 3

14: ws =
1
2 ∗

(
1 + erf

(
zs√
2

))
15: βs = βmin + (1− ws) ∗ (βmax − βmin)
16: return βs, v_list

experimental findings in Section 3.1. 864
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