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Abstract001

Masked Diffusion Models (MDMs) have002
recently emerged as a promising non-003
autoregressive paradigm for sequence004
generation. However, their performance is005
highly sensitive to the choice of decoding006
strategy. In this work, we reveal that preva-007
lent uncertainty-based decoding strategies008
induce two decoding biases in MDMs: rigid009
boundary bias and trivial token bias. These010
biases limit the model’s reasoning ability011
and ultimately degrade generation quality.012
To address these challenges, we propose013
UNmasking Calibration for DecOding014
DEbiasing (UNCODE), a decoding calibration015
framework that regularizes uncertainty-based016
decoding by incorporating two complementary017
priors to shape global decoding trajectories and018
promote content informativeness. Extensive019
experiments on three advanced MDMs across020
seven reasoning- and planning-intensive021
benchmarks demonstrate that UNCODE022
consistently outperforms existing decoding023
strategies by more than 7%, while achieving024
performance comparable to autoregressive025
models of similar parameter scales. Our code026
will be made publicly available on GitHub.027

1 Introduction028

Diffusion Large Language Models (dLLMs) have029

recently emerged as a competitive alternative to030

conventional autoregressive models (ARMs) (Li031

et al., 2025b; Zhu et al., 2025), offering non-032

autoregressive decoding that updates multiple to-033

kens per step and excel at global reasoning tasks (Li034

et al., 2023). Among dLLMs, Masked Diffu-035

sion Models (MDMs) are particularly appealing036

due to their simple masked-denoising formulation037

and strong empirical performance (inceptionlabs.ai,038

2025; Nie et al., 2025b; Ye et al., 2025b). Unlike039

autoregressive models that generate text strictly040

left-to-right, MDMs operate through iterative un-041

masking (Wu et al., 2025a; Lou et al., 2024). This042

Question: Jill earns $20/hour teaching and $30/hour 
coaching. What is her weekly salary if she works 35 
hours teaching and 15 coaching?

Ground Truth: (20 * 35) + (30 * 15) = $1150 

A: Rigid Boundary Bias

Jill makes $20 * 35 = $700 as a teacher. Then, adding 

her $ 30 coaching pay gives a  total  weekly salary of 

700 + 30 = $730. Confidence:

B: Trivial Token Bias

First , for the teacher salary , she earns $20 * 35  =

total is $3500.
Confidence:

C: Ideal Decoding

First , teaching pays $20 * 35 = $700. Next, coaching 

pays $30 * 15 = $450. In total, she makes $700 + 450

= $1150 per week.
Confidence:

Decode earlier -> later：

Decode earlier -> later：

Decode earlier -> later：

Boundary-First Decoding

$3 ,  050 . ; Then, adding the $450 coaching pay , the

Principled Reasoning 
Trajectory

Trivial Token , Force 4-digit 
Format  (Target: 700)

Figure 1: Illustration of decoding biases during reason-
ing. Uncertainty-based decoding prioritizes (A) rigid
boundaries and (B) trivial tokens, causing systematic
deviations from optimal problem-solving paths. In con-
trast, panel (C) presents the ideal unmasking pattern for
producing coherent logical chains to achieve reliable
inference.

design removes sequential constraints, permitting 043

tokens to be generated in a flexible order (Kim 044

et al., 2025). In practice, however, most existing 045

MDMs employ uncertainty-based decoding strate- 046

gies (Chang et al., 2022; Nie et al., 2025b), which 047

greedily unmask tokens at positions with the lowest 048

predictive uncertainty during each step. 049

Recent studies indicate that modern language 050

models exhibit intrinsic “reasoning trajectories,” 051

where the generation follows a logical reason-then- 052

answer sequence and model confidence in the cor- 053

rect answer progressively increases as intermediate 054

steps are generated (Wang and Zhou, 2024). In 055
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contrast, as illustrated in Figure 1, we identify two056

structural biases in uncertainty-based decoding that057

hinder MDMs from following such trajectories and058

thereby prevent the formation of effective reason-059

ing chains that are essential for complex problem-060

solving. Specifically, we observe: (1) Rigid Bound-061

ary Bias, where the decoding trajectory follows062

a rigid pattern: boundary tokens are consistently063

decoded first, with updates progressively moving064

inward toward the center. This behavior prevents065

the model from adapting its decoding order to task-066

specific structural requirements and can cause an-067

swers to be resolved prematurely without estab-068

lishing sufficient supporting rationale. (2) Trivial069

Token Bias, where high-frequency but semantically070

trivial tokens (e.g., punctuation or structural mark-071

ers) are disproportionately prioritized, hindering072

the formation of critical reasoning steps and ulti-073

mately leading to degraded performance.074

To mitigate these biases, we propose UNmasking075

Calibration for DecOding DEbiasing (UNCODE),076

a decoding calibration framework that calibrates077

uncertainty-based decoding for MDMs. Specifi-078

cally, UNCODE adjusts the raw uncertainty scores079

using two complementary priors. The first080

prior, the Positional Trajectory Prior, introduces081

a position-dependent reweighting to discourage082

a rigid boundary-first decoding pattern and allow083

the model to flexibly tailor its trajectory to diverse084

task structures. The second prior, the Semantic In-085

formativeness Prior, modulates uncertainty scores086

based on corpus-level frequency statistics, penal-087

izing high-frequency, semantically uninformative088

tokens to redirect the focus of refinement toward089

tokens that provide more informative content.090

To validate the effectiveness of UNCODE, we091

conduct extensive experiments on three representa-092

tive MDMs across seven diverse benchmarks cover-093

ing a broad range of reasoning and planning tasks.094

The results demonstrate that UNCODE consistently095

improves overall generation performance, achiev-096

ing an average gain of over 7% compared to state-097

of-the-art decoding baselines, while achieving per-098

formance comparable to autoregressive models at a099

similar scale. By mitigating decoding biases, UN-100

CODE overcomes the limitations imposed by rigid101

boundary-first decoding in existing MDMs, en-102

abling more effective construction of reasoning tra-103

jectories and reducing uncertainty in answer predic-104

tion, thereby leading to pronounced improvements.105

Furthermore, our analysis shows that the advan-106

tages of UNCODE can be kept when integrated with107

different efficient sampling frameworks, achieving 108

substantial speedups while simultaneously improv- 109

ing generation quality. 110

2 Related Work 111

Masked Diffusion Models (MDMs) have emerged 112

as a promising non-autoregressive alternative for 113

text generation (Song et al., 2025; Nie et al., 2025b). 114

Unlike autoregressive models that generate se- 115

quences in a left-to-right order, MDMs utilize an 116

iterative unmasking process, allowing tokens to be 117

revealed in a non-sequential and arbitrary manner. 118

This flexibility makes the decoding strategy pivotal 119

to MDM performance (Garg et al., 2025; Kim et al., 120

2025; Lee et al., 2025), as it directly controls the 121

generation order and the effective context available 122

at each step. As a result, numerous studies have 123

explored how to leverage this flexibility to improve 124

MDM performance (Li et al., 2025b). 125

Early implementations of MDMs adopted a 126

simple uniform sampling approach (Austin et al., 127

2021a), where tokens are randomly selected for 128

unmasking at each step. While this strategy aligns 129

with the order-agnostic training distribution (Garg 130

et al., 2025), its unguided nature often leads to 131

suboptimal generation quality (Peng et al., 2025). 132

To address this limitation, research has shifted to- 133

wards uncertainty-driven heuristics that optimize 134

the unmasking process by utilizing the model’s 135

intrinsic prediction signals (Kim et al., 2025; Ye 136

et al., 2025b; Ben-Hamu et al., 2025). Central 137

to these strategies are three key metrics: confi- 138

dence (Chang et al., 2022), which prioritizes to- 139

kens with the maximum predicted probability; mar- 140

gin (Kim et al., 2025), which measures the prob- 141

ability gap between the top two candidates; and 142

entropy (Ye et al., 2025b), which quantifies overall 143

predictive uncertainty. These approaches have been 144

shown to improve stability and performance across 145

a range of tasks (Ben-Hamu et al., 2025). 146

Building upon these foundations, a variety of 147

heuristics (Wu et al., 2025a; Li et al., 2025a; 148

Yu et al., 2025; Wei et al., 2025; Hong et al., 149

2025; Horvitz et al., 2025; Israel et al., 2025) 150

have further refined these frameworks to enable 151

adaptive unmasking, achieving notable efficiency 152

gains with minimal performance degradation. In 153

parallel, semi-autoregressive approaches (Arriola 154

et al., 2025; Nie et al., 2025b) incorporate local 155

causal dependencies into the unmasking process 156

and often improve performance on logical reason- 157
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ing tasks. Despite these advances, both lines of158

work still rely on uncertainty-based scoring to pri-159

oritize which positions to unmask. While prior160

research mainly optimizes how uncertainty is used161

during decoding, we study systematic biases in-162

duced by this uncertainty-driven prioritization in163

MDMs, and identify two decoding biases inherent164

to uncertainty-based samplers.165

3 Motivating Analysis: Decoding Biases166

in Masked Diffusion Models167

In this section, we examine two decoding biases168

that arise when uncertainty-based samplers are ap-169

plied to MDMs: Rigid Boundary Bias and Trivial170

Token Bias. Our empirical analyses reveal that171

both biases systematically shape the decoding be-172

havior of MDMs, suppressing the emergence of173

critical content and ultimately undermining the per-174

formance of MDMs across different tasks.175

Rigid Boundary Bias. Recent studies indicate176

that achieving strong performance with MDMs re-177

quires the model to use differentiated decoding178

orders tailored to each task (Kim et al., 2025). Nev-179

ertheless, we observe that uncertainty-based sam-180

plers consistently induce a boundary-first decoding181

pattern, which we refer to as Rigid Boundary Bias.182

To illustrate this phenomenon, we conduct a se-183

ries of controlled experiments, as shown in Figure 2.184

We first visualize LLaDA-8B-Instruct’s unmasking185

dynamics on the GSM8K reasoning benchmark us-186

ing the confidence-based sampler in Figure 2(a).187

Specifically, for each token position and decoding188

step, we track whether the token is unmasked (1189

if unmasked, 0 otherwise) and report the average190

unmasking probability across all instances. The191

results reveal a pronounced pattern: tokens near192

the sequence boundaries are systematically priori-193

tized early, yielding a characteristic “U-shaped” de-194

coding trajectory. Notably, we observe this pattern195

consistently across diverse datasets and uncertainty-196

based decoding strategies (Appendix A.3). As fur-197

ther analyzed in Appendix A.2, this bias stems198

from the premature unmasking of boundary tokens199

(BOS and EOS), where the attention mechanism’s200

local positional bias leads to elevated confidence201

for tokens near the sequence boundaries. This ef-202

fect subsequently causes the unmasking process to203

move from both ends toward the center, resulting204

in a rigid boundary-first decoding pattern.205

To better understand the impact of rigid bound-206

ary bias, we evaluate several decoding strategies207
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Figure 2: Visualization of the Rigid Boundary Bias and
its impact on downstream performance. (a) Unmask-
ing probability for each token position across decoding
steps on GSM8K, with both sequence length and de-
coding steps set to 256, where darker blue intensities
denote higher unmasking probabilities. (b) Accuracy
comparison of different decoding strategies on GSM8K
(reasoning) and Sudoku (planning).

on two representative datasets: GSM8K, which re- 208

quires strict step-by-step sequential reasoning, and 209

4×4 Sudoku, a logic puzzle that benefits from glob- 210

ally coordinated planning. As shown in Figure 2(b), 211

we compare three distinct strategies: the uniform 212

sampler, the greedy confidence-based sampler, 213

and the semi-autoregressive (Semi-AR) sampler. 214

The results reveal markedly different performance 215

across both tasks. On GSM8K, the uncertainty- 216

based sampler struggles, achieving only 59.1% ac- 217

curacy, substantially lower than the 77.9% attained 218

by Semi-AR decoding. Conversely, on Sudoku, the 219

uncertainty-based sampler obtains the highest ac- 220

curacy, outperforming both Semi-AR and uniform 221

decoding. This task-dependent divergence suggests 222

that while Semi-AR decoding facilitates sequen- 223

tial reasoning by introducing coarse-grained step- 224

wise structure, uncertainty-based decoding may be 225

advantageous for globally coordinated planning. 226

These findings highlight the rigidity inherent in 227

uncertainty-based decoding as a key challenge, em- 228

phasizing the need for decoding flexibility to fully 229

unleash the reasoning capability of MDMs. 230

Trivial Token Bias. We further observe that 231

uncertainty-based samplers disproportionately pri- 232

oritize semantically trivial, high-frequency tokens 233

(e.g., \n, <space>, the, ., !) throughout the de- 234

coding process. We refer to this phenomenon as 235

Trivial Token Bias (Figure 3). 236

We first quantify this bias by tracking the pro- 237

portion of trivial tokens (definition provided in Ap- 238

pendix A.4) unmasked by the standard uncertainty- 239

based (Confidence) sampler as decoding proceeds. 240

As illustrated in Figure 3(a), trivial tokens consis- 241
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Figure 3: Verification of trivial token bias and trivial-
token suppression efficacy. (a) The proportion of
trivial tokens unmasked at each decoding step under
the uncertainty-based sampler consistently exceeds the
AR baseline (Qwen-2.5-7B-Instruct, dashed line). (b)
GSM8K accuracy improves monotonically with sup-
pression probability p.

tently constitute nearly 40% of the selections in242

MDMs. This significantly exceeds the ∼20% base-243

line observed in ARMs. This striking discrepancy244

raises a key question: Is the over-selection of trivial245

tokens in MDMs necessary for effective problem-246

solving, or is it instead detrimental?247

To investigate the impact of this bias, we conduct248

an intervention experiment on GSM8K by proba-249

bilistically suppressing the unmasking of trivial250

tokens. Specifically, at each decoding step, if the251

sampler selects a trivial token to unmask, we reject252

this choice with probability p and instead re-sample253

from the subset of candidate positions whose pre-254

dictions are non-trivial. As shown in Figure 3(b),255

the performance of MDMs improves monotonically256

as trivial-token selections are suppressed more fre-257

quently, indicating that over-selecting trivial tokens258

is not always necessary and can sometimes hin-259

der reasoning. We hypothesize that trivial tokens260

are prioritized because greedy uncertainty-based261

decoding selects, at each step, the positions with262

the lowest uncertainty globally. Since trivial to-263

kens (e.g., whitespace and punctuation) are typi-264

cally easier to predict than content-bearing tokens,265

they are assigned lower uncertainty scores and are266

consequently unmasked earlier. Although such267

tokens carry little semantic information, reveal-268

ing them early can impose surface-level structural269

commitments (e.g., punctuation and line breaks),270

which may reshape the uncertainty landscape and271

subsequent position-selection dynamics. This re-272

duces flexibility in forming informative interme-273

diate states and can lead to suboptimal reasoning274

trajectories. We provide a case study in Figure 16275

(Appendix A.13) to illustrate this phenomenon.276

4 Mitigating Decoding Bias with 277

Unmasking Calibration 278

In this section, we briefly review the essential 279

background of Masked Diffusion Models (MDMs) 280

(§4.1), and then introduce UNCODE, which ad- 281

dresses both the rigid boundary bias and the trivial- 282

token bias in MDMs by calibrating the unmasking 283

schedule during decoding (§4.2). 284

4.1 Background of Masked Diffusion Models 285

This section establishes the formal training objec- 286

tive of MDMs and describes the decoding paradigm 287

that our method aims to optimize. 288

Unlike autoregressive models, which are trained 289

via next-token prediction, MDMs learn to recon- 290

struct original tokens from partially masked se- 291

quences. During training, a sequence x0 is cor- 292

rupted by independently masking tokens with a 293

masking ratio τ ∼ U(0, 1], yielding a partially 294

masked sequence xτ . The model pθ is trained to 295

reconstruct the masked tokens by minimizing cross- 296

entropy loss on the masked positions: 297

LMDM = −Eτ,x0,xτ

[
1

τ

L∑
i=1

1[xi
τ = M] log pθ(x

i
0 | xτ )

]
,

(1) 298

where xi denotes the token at the i-th position, 299

M denotes the mask token, and 1[·] is the indica- 300

tor function. By sampling τ over a wide range, 301

the model learns to handle various partial-context 302

conditions, enabling it to predict any masked to- 303

ken from an arbitrary set of revealed tokens. This 304

order-agnostic training naturally supports iterative, 305

any-order decoding strategies at inference time. 306

During inference, the decoding process is formu- 307

lated as iterative unmasking that gradually recovers 308

a sequence from a fully masked state xT to a com- 309

plete sequence x0 using a predefined unmasking 310

sampler. Specifically, letMt denote the set of po- 311

sitions that remain masked at step t. The sampler 312

first assigns an unmasking priority sit to all masked 313

tokens. A subset It ⊆ Mt is then selected for 314

unmasking by identifying the K positions within 315

Mt that possess the highest priority scores: 316

It =
{
i ∈ Mt | rank(sit) ≤ K

}
. (2) 317

For each selected position i ∈ It, the token xit−1 318

is sampled according to the corresponding condi- 319

tional probability distribution: 320

xi
t−1 ∼ pθ(· | xt, i), (3) 321
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and used to update the sequence, yielding a less-322

masked version, while the remaining positions stay323

masked. This procedure iterates until every posi-324

tion has been unmasked.325

4.2 Calibrating Decoding Biases in MDMs for326

Effective Inference327

Given the current set of remaining masked po-328

sitions Mt, existing MDMs typically use an329

uncertainty-based sampler by assigning a prior-330

ity score to each masked position and unmasking331

the positions with the highest priority scores. For-332

mally, at each step t, the sampler assigns a priority333

score sit to every masked position i ∈ Mt using334

a scoring function F(·) (e.g., confidence or nega-335

tive entropy) derived from the model’s predictive336

distribution (Chang et al., 2022; Ye et al., 2025b):337

sit = F(pθ(· | xt, i)) , ∀i ∈ Mt. (4)338

However, this uncertainty-driven heuristic induces339

two systematic biases in MDM decoding: rigid340

boundary bias and trivial token bias (Section 3).341

To mitigate these biases, we propose UNCODE,342

a lightweight calibration framework that adjusts343

the unmasking priorities by incorporating both a344

positional trajectory prior and a semantic informa-345

tiveness prior. The calibrated unmasking priority is346

defined as:347

s̃it = Pi · Si
t · F

(
pθ(· | xt, i)

)︸ ︷︷ ︸
Raw Uncertainty Score

, (5)348

where P i and Sit are positive scalars that rescale349

the raw uncertainty score. Specifically, P i is a po-350

sitional trajectory prior designed to mitigate rigid351

boundary-first decoding, while Sit is a semantic352

informativeness prior aiming to reduce the domi-353

nance of trivial tokens during inference.354

Positional Trajectory Prior (P i). To mit-355

igate the rigid boundary-first bias observed in356

uncertainty-based decoding, we introduce a posi-357

tional trajectory prior P i to modulate the spatial358

distribution of unmasking priorities, enabling con-359

sistent improvements across diverse tasks. This360

prior adjusts the unmasking priority of each po-361

sition based on its absolute position, effectively362

reshaping the unmasking order. We instantiate P i363

as a simple position-dependent decay function:364

Pi = e−λ·i, (6)365

where i denotes the token index and λ controls366

the strength of positional regularization. When367

λ → 0, the prior becomes uniform, recovering 368

uncertainty-driven unmasking and permitting arbi- 369

trary generation trajectories. Conversely, larger val- 370

ues of λ impose a stronger sequential bias, encour- 371

aging more left-to-right decoding. In this way, UN- 372

CODE provides explicit control over the trade-off 373

between non-autoregressive flexibility and causal 374

dependency across diverse tasks. 375

Semantic Informativeness Prior (Sit ). The 376

uncertainty-based decoding strategy usually pri- 377

oritises high-frequency and semantically trivial to- 378

kens, thereby squandering valuable reasoning steps. 379

To alleviate this effect, we introduce a semantic in- 380

formativeness prior that reweights unmasking prior- 381

ities based on token-level self-information (Cover, 382

1999). Specifically, for each masked position i at 383

decoding step t, we consider the model’s greedy 384

predicted x̂it = argmaxv∈V pθ(v | xt, i), where v 385

represents a candidate token from the vocabulary 386

V . We then assign an informativeness weight based 387

on the token’s prior frequency, estimated from a 388

large-scale general corpus D′: 389

Si
t = − log pD′(x̂i

t). (7) 390

This prior downweights frequent, low-information 391

tokens and correspondingly increases the relative 392

priority of semantically informative content, en- 393

couraging such tokens to be resolved earlier during 394

decoding. To prevent excessively large weights for 395

rare tokens, we follow Zhang et al. (2024) and clip 396

the informativeness scores at a threshold α, i.e., 397

Sit ← min(Sit , α). 398

5 Experimental Methodology 399

This section describes datasets, baselines, and im- 400

plementation details used in our experiments. 401

Datasets. We evaluate UNCODE on seven bench- 402

marks across four domains, selected to represent di- 403

verse structural dependencies: (1) Mathematical 404

reasoning. To assess step-by-step logical de- 405

duction, we use GSM8K (Cobbe et al., 2021) 406

and MATH500 (Lightman et al., 2024). (2) 407

Code generation. Focusing on strict syntac- 408

tic and causal dependencies, we evaluate on Hu- 409

manEval (Chen et al., 2021) and MBPP (Austin 410

et al., 2021b). (3) Scientific reasoning. To 411

test knowledge-intensive reasoning that combines 412

parametric knowledge with logical deduction, we 413

use GPQA (Rein et al., 2023). (4) Planning. For 414

tasks prioritizing global constraint satisfaction, we 415

include 4×4 Sudoku (Ye et al., 2025a) and Count- 416

down (Nolte et al., 2024). We report pass@1 for 417
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code generation and accuracy for all other tasks.418

Detailed dataset descriptions and statistics are pro-419

vided in Appendix A.5.420

Baselines. We compare UNCODE against strong421

baselines from two families: (i) autoregressive422

models of comparable parameter scale, and (ii)423

representative decoding strategies for MDMs. To424

ensure a fair comparison, all MDM baselines are425

evaluated on the same backbone model under a426

matched decoding budget. Additional details about427

the baselines are provided in Appendix A.7.428

Autoregressive baselines. We include three429

instruction-tuned ARMs of similar size: LLaMA-430

3.1-8B-Instruct (Dubey et al., 2024), Mistral-7B-431

Instruct (Jiang et al., 2023), and Qwen-2.5-7B-432

Instruct (Yang et al., 2024).433

MDM decoding baselines. We further compare434

with several representative MDM decoding strate-435

gies: (1) Uniform (Austin et al., 2021a), which436

selects masked positions uniformly at random.437

(2) Uncertainty-based methods, which greedily438

rank masked positions by predicted uncertainty.439

We evaluate three representative proxies: maxi-440

mum confidence (Chang et al., 2022), negative en-441

tropy (Ye et al., 2025b), and margin (Kim et al.,442

2025). (3) Semi-autoregressive (Semi-AR) de-443

coding (Nie et al., 2025b), which generates the444

sequence block by block. It enforces a global au-445

toregressive order across blocks, while determin-446

ing the unmasking positions within each block ac-447

cording to the MDM’s prediction confidence. (4)448

Adaptive multi-token samplers, which unmask449

multiple tokens per step using uncertainty thresh-450

olds to improve decoding efficiency without signifi-451

cantly compromising generation quality. We evalu-452

ate two representative methods: Entropy-Bounded453

(EB) Sampler (Ben-Hamu et al., 2025) and Fast-454

dLLM (Wu et al., 2025a).455

Implementation Details. We conduct experi-456

ments on three state-of-the-art masked diffusion457

language models: LLaDA-8B-Instruct (Nie et al.,458

2025b), LLaDA-1.5-8B (Zhu et al., 2025), and459

Dream-7B (Ye et al., 2025b). During inference, we460

adopt the same generation length settings as in Nie461

et al. (2025b) and set the number of denoising steps462

to be equal to the sequence length. We use predic-463

tion confidence as the base uncertainty proxy for464

calibration. For the semantic-informativeness prior,465

we estimate token-frequency statistics by fitting466

pD′(·) on a 16GB subset of the C4 corpus (Raf-467

fel et al., 2020), following the protocol of Zhang468

et al. (2024) (see Appendix A.11 for an analysis469

of the calibration-corpus choice). We fix the clip- 470

ping threshold to α = 10 across all experiments. 471

Regarding the positional-regularization coefficient 472

λ, we set λ = 0 for Sudoku to favor globally co- 473

ordinated planning, λ = 0.25 for the remaining 474

tasks to encourage more progressive decoding, and 475

λ = 0.5 for Countdown. More implementation 476

details are provided in Appendix A.6. 477

6 Experiment Results 478

In this section, we first present the overall perfor- 479

mance of UNCODE, followed by ablation results. 480

Subsequently, we analyze the decoding dynamics 481

of UNCODE and assess its compatibility with effi- 482

cient decoding strategies. 483

6.1 Overall Performance 484

We present the main results of UNCODE across all 485

benchmarks in Table 1. 486

Overall, UNCODE consistently outperforms all 487

baseline decoding strategies, achieving over a 7% 488

average performance improvement. Notably, this 489

advantage generalizes well across different back- 490

bone models and task categories, with UNCODE 491

achieving near-best performance among all base- 492

lines across the seven benchmarks. In contrast, 493

existing decoding methods exhibit pronounced task 494

specialization. For example, uncertainty-based 495

samplers perform well on planning tasks such as 496

Sudoku, outperforming the vanilla uniform decod- 497

ing strategy by over 20%, but tend to underper- 498

form on reasoning-intensive tasks, including code 499

generation and mathematical reasoning. Semi-AR 500

methods, which introduce a degree of left-to-right 501

constraint on top of confidence-based sampling, 502

substantially improve reasoning performance; for 503

instance, achieving over 10% average gains on Hu- 504

manEval and GSM8K compared to the confidence 505

sampler. However, these gains do not transfer to 506

planning tasks, where the imposed sequential bias 507

becomes restrictive. 508

By explicitly controlling the generation order 509

and suppressing trivial token selections, UNCODE 510

enables MDMs to achieve strong and stable perfor- 511

mance across both reasoning and planning tasks. 512

On LLaDA-1.5-8B, it even achieves compara- 513

ble overall performance to Qwen-2.5-7B-Instruct. 514

These results suggest that decoding-side improve- 515

ments alone can better unlock the potential of 516

MDMs, enabling performance that is comparable 517

to that of autoregressive models. 518
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Methods & LLMs HumanEval MBPP GSM8K MATH500 GPQA Countdown Sudoku Avg.

Autoregressive LLMs
LLaMA-3.1-8B 53.1 56.7 83.9 23.8 31.0 27.0 0.0 39.4
Mistral-7B 43.9 37.0 49.4 7.2 28.1 22.7 0.0 26.9
Qwen-2.5-7B 78.1 62.8 71.9 64.2 32.8 7.7 0.0 45.3

LLaDA-8B-Instruct
Uniform (2021a) 15.2 24.6 48.8 15.0 29.0 14.4 2.2 21.3
Confidence (2022) 27.4 42.4 59.1 20.8 27.9 34.0 23.8 33.6
Entropy (2025b) 28.1 42.2 60.9 11.2 28.4 33.8 1.6 29.4
Margin (2025) 32.3 42.4 58.3 19.8 28.4 33.9 26.6 34.5
EB-Sampler (2025) 26.8 43.3 61.2 11.6 29.5 34.1 24.2 33.0
Semi-AR† (2025b) 39.0 45.2 77.9 27.6 27.7 32.6 0.0 35.7
Fast-dLLM† (2025a) 35.4 44.7 78.2 28.4 28.6 23.6 0.0 34.1
UNCODE 42.1 47.8 79.2 34.8 29.2 36.3 29.8 42.7

LLaDA-1.5-8B
Uniform (2021a) 17.7 23.0 52.7 20.0 28.1 15.8 3.4 23.0
Confidence (2022) 28.1 43.3 60.7 22.8 28.7 33.8 24.8 34.6
Entropy (2025b) 32.9 44.0 60.3 11.2 26.6 34.7 0.2 30.0
Margin (2025) 25.0 43.3 57.5 23.2 28.4 31.8 33.6 34.7
EB-Sampler (2025) 32.9 43.6 61.1 13.4 26.6 34.6 0.2 30.3
Semi-AR† (2025b) 39.6 46.8 80.7 34.2 26.1 32.4 0.0 37.1
Fast-dLLM† (2025a) 37.2 46.1 80.8 31.2 27.9 23.6 0.0 36.7
UNCODE 46.3 49.9 82.2 37.4 28.8 35.0 33.4 44.7

Table 1: Experimental results on seven different benchmarks. The best score is highlighted in bold, and the second-
best is underlined. Following prior practices (Nie et al., 2025b), we use 4-shot settings for GSM8K and MATH500,
5-shot for GPQA and Sudoku, 0-shot for HumanEval and MBPP, and 3-shot for Countdown. Methods marked with
† denote samplers using the Semi-AR strategy. Results on Dream-7B are provided in Table 5 (Appendix A.12).
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Figure 4: Ablation results of individual modules on
LLaDA-8B-Instruct and LLaDA-1.5-8B, reporting the
average performance across all evaluation benchmarks.

6.2 Ablation Studies519

We conduct ablation studies to verify the effective-520

ness of UNCODE; the results are shown in Figure 4.521

To understand the significance of the positional522

trajectory prior (Pos. Prior), we compare UNCODE523

with models that are solely calibrated with the Se-524

mantic Informativeness Prior. As shown in Fig-525

ure 4, omitting the positional trajectory prior leads526

to a substantial decrease in performance (42.7%527

→ 34.9% for LLaDA and 44.7% → 35.5% for528

LLaDA-1.5, respectively). This demonstrates the529

critical role of flexibly regulating the decoding or-530

der in breaking rigid boundary-first trajectory and531

fully harnessing the potential of MDMs in vari-532

ous practical scenarios. Complementing the posi-533

tional adjustment, we evaluate the importance of534

the Semantic Informativeness Prior (Sem. Prior) 535

by comparing UNCODE with a model calibrated 536

exclusively by the positional prior. As shown in 537

Figure 4, introducing the Sem. Prior further im- 538

proves average performance by 2.3% and 2.7% in 539

LLaDA and LLaDA-1.5, respectively. This demon- 540

strates that the semantic informativeness prior, by 541

mitigating the over-selection of trivial tokens, more 542

effectively enhances MDM performance. 543

6.3 Further Analysis: Decoding Dynamics 544

and Efficiency of UNCODE 545

In this section, we first delve into the internal mech- 546

anisms driving the superior performance of UN- 547

CODE, and subsequently demonstrate its compati- 548

bility with efficient decoding strategies. 549

Decoding Dynamics of UNCODE. As illustrated 550

in Figure 5, we conduct experiments to investigate 551

the effectiveness of UNCODE in regulating the gen- 552

eration dynamics of MDMs. 553

To assess whether the model adheres to a logical 554

“reasoning-then-answer” generation order, we ex- 555

amine answer token dynamics by tracking their un- 556

masking steps and predictive entropies. As shown 557

in Figure 5(a), the confidence sampler exhibits a 558

distinct pattern of premature unmasking, where 559

answer tokens appear at early steps despite hav- 560

ing high entropy. This suggests the model is at- 561
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Methods HumanEval MBPP GSM8K MATH500 GPQA Countdown Sudoku Avg.

τ -leaping (2023) 17.7 38.9 55.2 16.2 28.9 32.1 3.2 27.5 (2.14x)
+ UNCODE 22.6 40.5 75.4 30.8 29.5 28.4 25.4 36.1 (1.99x)

EB-sampler (2025) 26.8 43.3 61.2 11.6 29.5 34.1 24.2 33.0 (2.32x)
+ UNCODE 41.5 46.6 79.3 35.2 28.4 36.2 25.6 41.8 (2.28x)

Fast-dLLM (2025a) 35.0 45.9 77.4 25.2 27.8 24.4 0.0 33.9 (4.21x)
+ UNCODE 36.0 48.2 77.8 29.2 28.4 36.3 0.6 36.7 (3.99x)

Table 2: Performance and efficiency analysis of UNCODE with integrated efficient decoding strategies. The last
column reports the average performance, with the speedup factor relative to vanilla decoding shown in parentheses.
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Figure 5: Analysis of uncertainty dynamics during de-
coding. (a) Answer Entropy vs. Decoding Step. While
the baseline (Confidence, blue) often prematurely un-
masks answer tokens with high uncertainty, UNCODE
(red) delays these answer tokens to later steps (bottom-
right cluster), ensuring they are generated with high
confidence. (b) UNCODE achieves faster global uncer-
tainty reduction than the baseline.

tempting to “guess” the answer without sufficient562

context. This phenomenon is driven by a rigid563

boundary bias, which compels the model to follow564

a “U-shaped” trajectory that forces answer predic-565

tion before the reasoning chain is fully constructed.566

Conversely, UNCODE leverages the positional tra-567

jectory prior to break this constraint, effectively568

deferring answer revelation until the global context569

is established, yielding high-confidence predictions570

grounded in sufficient reasoning.571

We further evaluate the efficiency of global con-572

text construction by tracking the average predictive573

entropy of all remaining masked tokens. As shown574

in Figure 5(b), the confidence sampler maintains575

a consistently higher level of entropy throughout576

the process. This suggests that its tendency to over-577

select trivial tokens causes the model to remain578

uncertain about the global context throughout the579

decoding process. In contrast, UNCODE consis-580

tently achieves lower predictive entropy, validating581

the effectiveness of our Semantic Informativeness582

Prior. By redirecting focus toward semantically583

rich tokens, UNCODE allows the model to rapidly584

establish a robust context, guiding effective reason-585

ing for the subsequent generation. 586

Integrating UNCODE with Efficient Decod- 587

ing Strategies. Furthermore, we evaluate the po- 588

tential of UNCODE to serve as a plug-and-play 589

unmasking policy within existing efficient decod- 590

ing frameworks, as inference efficiency is a crit- 591

ical prerequisite for the practical deployment of 592

MDMs (Israel et al., 2025). Our evaluation encom- 593

passes three representative paradigms: the deter- 594

ministic τ -leaping (Chen et al., 2023), the adaptive 595

EB-Sampler (Ben-Hamu et al., 2025), and Fast- 596

dLLM (Wu et al., 2025a) (with KV cache optimiza- 597

tion). Detailed implementations are provided in 598

Appendix A.8. As demonstrated in Table 2, UN- 599

CODE seamlessly integrates with these efficient 600

decoding frameworks, consistently outperforming 601

their native policies across most benchmarks, yield- 602

ing an average performance improvement of over 603

3%. Crucially, the integrated variants preserve the 604

efficiency benefits, achieving inference speeds ex- 605

ceeding 2× that of vanilla decoding. 606

7 Conclusion 607

In this work, we identify two decoding biases that 608

arise when uncertainty-based samplers are applied 609

to Masked Diffusion Models (MDMs): rigid bound- 610

ary bias and trivial token bias, both of which limit 611

the performance potential of MDMs. To address 612

these challenges, we propose UNCODE, a decoding 613

framework that incorporates a Positional Trajec- 614

tory Prior and a Semantic Informativeness Prior 615

to mitigate these biases. Extensive experiments 616

on three advanced MDMs across diverse bench- 617

marks demonstrate that UNCODE consistently out- 618

performs existing methods, achieving significant 619

improvements in generation quality and compara- 620

ble performance to autoregressive models of sim- 621

ilar size. Additionally, we demonstrate that UN- 622

CODE is compatible with current efficient decoding 623

frameworks, enabling high-quality, accelerated in- 624

ference without the need for additional training. 625
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Limitations626

While UNCODE achieves promising results, it intro-627

duces a weight λ for the Positional Trajectory Prior.628

Although a lightweight search over a small set of629

candidates (e.g., four values) proves effective, it630

requires ground-truth labels for validation, which631

limits its applicability in fully unsupervised set-632

tings. To address this, we introduce an automated,633

adaptive strategy in Appendix A.10, eliminating the634

dependency on annotated data. Future work may635

further replace this heuristic with a learned con-636

troller. Next, although UNCODE integrates seam-637

lessly with efficient decoding strategies, computing638

the Positional Trajectory and Semantic Informative-639

ness priors adds a small per-step overhead. While640

our empirical results indicate that this cost is neg-641

ligible relative to the model’s forward pass, the642

overall inference efficiency remains comparable to643

standard decoding baselines.644
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A Appendix881

A.1 License882

The licenses for the datasets used in this study883

are as follows: HumanEval, MBPP, GSM8K, and884

MATH500 are released under the MIT License;885

GPQA is released under the CC BY 4.0 License;886

and Countdown and Sudoku are released under the887

Apache License 2.0.888

A.2 In-Depth Examination of the Rigid889

Boundary Bias Phenomenon890

In Section 3, we observe that uncertainty-based891

samplers induce a rigid boundary bias in the decod-892

ing behavior of MDMs. Building on this empiri-893

cal observation, we now examine why uncertainty-894

based decoding, when applied to MDMs, so con-895

sistently gives rise to a boundary-first trajectory.896

Our analysis identifies two interacting factors that897

jointly contribute to this phenomenon: the high pre-898

dictability of boundary tokens and inherent local899

positional biases in the model.900

The first factor arises from the use of fixed train-901

ing templates in MDMs. Training sequences are902

typically augmented with explicit boundary tokens903

such as <bos> and <eos>, which appear at highly904

regular positions and with high frequency through-905

out the training corpus. This strong positional906

regularity makes boundary tokens structurally pre-907

dictable, leading the model to assign them high908

confidence during inference. Under uncertainty-909

based decoding, these high-confidence boundary910

positions are therefore selected for unmasking at911

the earliest decoding steps, causing both ends of912

the sequence to be fixed first and resulting in a913

boundary-first decoding pattern.914

Second, once boundary tokens are fixed, inher-915

ent local positional biases in the model’s attention916

mechanism (Wu et al., 2025b; Jiang et al., 2025)917

make it easier for the model to assign higher confi-918

dence to positions near already revealed tokens than919

on those farther away. As a result, the decoding pro-920

cess tends to propagate inward from the confirmed921

boundaries toward the center of the sequence, pro-922

ducing a characteristic “U-shaped” decoding tra-923

jectory. To test this hypothesis, we conduct a con-924

trolled intervention experiment on 100 GSM8K ex-925

amples using confidence-based decoding. Before926

decoding begins, we manually unmask a single to-927

ken at a specified relative position (25% or 75% of928

the sequence length), initializing it as a trivial token929

(e.g., a space). We then run the standard decoding930
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(a) “<space>” inserted at
25% of the sequence length.

0 64 128 192 256
Token Index

0

64

128

192

256

De
co

di
ng

 S
te

p

0

1

Un
m

as
ki

ng
 Fr

eq
.

(b) “<space>” inserted at
75% of the sequence length.
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(c) “the” inserted at 25% of
the sequence length.
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(d) “the” inserted at 75% of
the sequence length.
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(e) “.” inserted at 25% of the
sequence length.
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(f) “.” inserted at 75% of the
sequence length.

Figure 6: Unmasking dynamics under anchor insertion.
A trivial high-frequency token (e.g., space, “the”, or
“.”) is manually unmasked before decoding at an inter-
mediate position (25% or 75% of the sequence length).
The resulting unmasking patterns reveal a strong local
positional bias, with decoding trajectories propagating
outward from the inserted anchor.

procedure and visualize the resulting unmasking 931

dynamics. As shown in Figure 6, the artificially in- 932

serted token consistently acts as a new anchor in the 933

decoding trajectory. During the earliest decoding 934

steps, unmasking probabilities peak at anchor po- 935

sitions, including the sequence boundaries and the 936

inserted token, and subsequently spread to neigh- 937

boring positions. The same qualitative behavior is 938

observed when other frequent tokens, such as “the” 939

or “.”, are used as anchors. 940

A.3 Unmasking Dynamics of 941

Uncertainty-Based Samplers Across 942

Datasets 943

Following our observation of the rigid boundary 944

bias on GSM8K using the confidence-based sam- 945

pler in Section 3, we now systematically assess 946

its pervasiveness across uncertainty-based decod- 947

ing in MDMs. Specifically, we extend our vi- 948
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(a) Confidence-based Sam-
pling
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(b) Entropy-based Sampling
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(c) Margin-based Sampling
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(d) Performance Comparison

Figure 7: Consistent boundary-first unmasking patterns
across various uncertainty metrics. (a-c) Visualization
of unmasking probability for Confidence, Entropy, and
Margin samplers on GSM8K. (d) Corresponding perfor-
mance comparison.

sualization of unmasking dynamics to all bench-949

marks employed in our main experiments, exam-950

ining three common uncertainty-based sampling951

criteria: confidence-based, entropy-based, and952

margin-based samplers. The resulting heatmaps for953

GSM8K (Figure 7), MBPP (Figure 8), HumanEval954

(Figure 9), GPQA (Figure 10), Countdown (Fig-955

ure 11), and Sudoku (Figure 12) consistently ex-956

hibit a boundary-first decoding pattern, regardless957

of the specific uncertainty metric or task domain.958

Furthermore, this uniformity suggests that the959

bias is not an artifact of a specific calculation960

method (e.g., confidence vs. entropy) but rather961

stems from the underlying probability landscape of962

the model itself. Since MDMs are typically trained963

to predict tokens in any order, they tend to exhibit964

high confidence (low entropy/ large margin) for965

syntactically deterministic tokens, such as punc-966

tuation or structural boundaries, while remaining967

uncertain about the semantically dense tokens re-968

quired for reasoning. Consequently, all uncertainty-969

based metrics inevitably prioritize these “easy” to-970

kens, leading to the observed premature unmasking971

of boundary and other easy tokens.972

Beyond the decoding dynamics themselves,973

this bias also has clear performance implications.974

Across reasoning-intensive tasks such as code975

generation and mathematical problem solving,976

uncertainty-based samplers underperform semi-977
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(a) Confidence-based Sam-
pling
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(b) Entropy-based Sampling
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(c) Margin-based Sampling
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(d) Performance Comparison

Figure 8: Consistent boundary-first unmasking patterns
across various uncertainty metrics. (a-c) Visualization
of unmasking probability for Confidence, Entropy, and
Margin samplers on MBPP. (d) Corresponding perfor-
mance comparison.
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(a) Confidence-based Sam-
pling
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(b) Entropy-based Sampling
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(c) Margin-based Sampling
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(d) Performance Comparison

Figure 9: Consistent boundary-first unmasking patterns
across various uncertainty metrics. (a-c) Visualization
of unmasking probability for Confidence, Entropy, and
Margin samplers on HumanEval. (d) Corresponding
performance comparison.

autoregressive methods by over 5 points on average. 978

In contrast, on globally constrained planning tasks 979

such as Countdown and Sudoku, uncertainty-based 980

samplers outperform semi-autoregressive decoding, 981

where strict left-to-right constraints prove limiting. 982

These contrasting behaviors further highlight the 983

central role of decoding order in determining MDM 984
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(a) Confidence-based Sam-
pling
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(b) Entropy-based Sampling
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(c) Margin-based Sampling
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(d) Performance Comparison

Figure 10: Consistent boundary-first unmasking pat-
terns across various uncertainty metrics. (a-c) Visualiza-
tion of unmasking probability for Confidence, Entropy,
and Margin samplers on GPQA. (d) Corresponding per-
formance comparison.
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(a) Confidence-based Sam-
pling

0 32 64 96 128
Token Index

0

32

64

96

128

De
co

di
ng

 S
te

p

0

1

Un
m

as
ki

ng
 Fr

eq
.

(b) Entropy-based Sampling
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(c) Margin-based Sampling
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(d) Performance Comparison

Figure 11: Consistent boundary-first unmasking pat-
terns across various uncertainty metrics. (a-c) Visualiza-
tion of unmasking probability for Confidence, Entropy,
and Margin samplers on Countdown. (d) Corresponding
performance comparison.

performance. At the same time, they reveal a key985

limitation of existing approaches: both uncertainty-986

based samplers and semi-autoregressive methods987

impose a single, fixed decoding trajectory, which988

restricts the ability of MDMs to adapt their gener-989

ation order to the structural demands of different990

tasks.991
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(a) Confidence-based Sam-
pling
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(b) Entropy-based Sampling
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(c) Margin-based Sampling
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(d) Performance Comparison

Figure 12: Consistent boundary-first unmasking pat-
terns across various uncertainty metrics. (a-c) Visualiza-
tion of unmasking probability for Confidence, Entropy,
and Margin samplers on Sudoku. (d) Corresponding
performance comparison.

A.4 Definition of Trivial Tokens 992

For our analysis, we define trivial tokens as seman- 993

tically uninformative, high-frequency tokens that 994

appear frequently in the corpus but contribute lit- 995

tle meaningful content, following the protocol in 996

Martinez et al. (2024); sto (2023). These tokens 997

primarily consist of common structural symbols, 998

punctuation marks, and a small set of function or 999

filler words. Notably, although <|endoftext|> ap- 1000

pears frequently in model outputs, we exclude it 1001

from this definition, as MDMs typically utilize it 1002

as a functional padding token during instruction 1003

tuning (Nie et al., 2025b). We intentionally adopt 1004

a conservative definition, restricting our scope to 1005

tokens that are unambiguously structural or unin- 1006

formative, to avoid conflating triviality with task- 1007

relevant function words. The complete list of trivial 1008

tokens used in our study is provided below. 1009

List of Trivial Tokens

<SPACE> \n \t . , ? ! : ; \

" ’ $ is the of a an
1010

A.5 Dataset Descriptions and Statistics 1011

We evaluate UNCODE on a diverse set of bench- 1012

marks covering code generation, mathematical rea- 1013

soning, scientific question answering, and planning 1014

14



tasks. Dataset statistics are summarized in Table 3.1015

Code Generation. HumanEval (Chen et al.,1016

2021) is a widely used benchmark for Python code1017

generation, where models are required to complete1018

function implementations from natural language1019

descriptions and are evaluated using pass@1 based1020

on unit tests. MBPP (Mostly Basic Programming1021

Problems) (Austin et al., 2021b) evaluates code1022

generation on a diverse collection of entry-level1023

programming tasks, also assessed using pass@1.1024

Mathematical Reasoning. GSM8K (Cobbe1025

et al., 2021) consists of grade-school-level math1026

word problems that require multi-step numer-1027

ical reasoning, and performance is measured1028

by exact-match accuracy on the final answer.1029

MATH500 (Lightman et al., 2024) is a curated1030

subset of the MATH dataset containing challenging1031

competition-level problems, evaluating advanced1032

mathematical reasoning via accuracy.1033

Scientific Question Answering. GPQA (Rein1034

et al., 2023) is a scientific QA benchmark covering1035

biology, physics, and chemistry, designed to test1036

domain knowledge and multi-step reasoning, with1037

accuracy as the evaluation metric.1038

Planning Tasks. Countdown (Nolte et al., 2024)1039

is a planning-oriented task where models must con-1040

struct a sequence of arithmetic operations to reach1041

a target number from a given set of numbers. Su-1042

doku (Ye et al., 2025a) evaluates global constraint1043

satisfaction by requiring models to complete par-1044

tially filled Sudoku grids. Performance on both1045

planning tasks is measured by accuracy.1046

A.6 Details of Implementation1047

In this subsection, we provide a detailed description1048

of our experimental setup (§5) and the implementa-1049

tion specifics of our proposed UNCODE.1050

All experiments were conducted on four1051

NVIDIA A100 GPUs with 80GB of memory.1052

To ensure reproducibility, we use a fixed ran-1053

dom seed of 42. During inference, the temper-1054

ature is set to 0.0 to ensure deterministic gener-1055

ation. Following Nie et al. (2025b), we set the1056

maximum response length to 256 tokens for Hu-1057

manEval, GSM8K, and GPQA; 128 tokens for1058

MBPP, Countdown, and Sudoku; and 1024 tokens1059

for MATH500. For the positional regularization co-1060

efficient λ, we consider a small set of fixed values1061

{0, 0.25, 0.5, 1.0} to control the degree of sequen-1062

tial bias in decoding. When λ = 0, no positional1063

trajectory prior is applied, resulting in fully order-1064

agnostic decoding. Empirically, setting λ = 1.01065

Dataset Task Type #Test Metric

HumanEval Code Generation 164 Pass@1
MBPP Code Generation 427 Pass@1
GSM8K Math Reasoning 1,319 Acc.
MATH500 Math Reasoning 500 Acc.
GPQA Science QA 448 Acc.
Countdown Planning 1,000 Acc.
Sudoku Planning 501 Acc.

Table 3: Statistics of evaluation datasets.

yields behavior that closely resembles strictly left- 1066

to-right decoding. Based on these observations, we 1067

set λ = 0 for Sudoku to favor globally coordinated 1068

planning, λ = 0.25 for the remaining tasks to en- 1069

courage more progressive decoding, and λ = 0.5 1070

for Countdown. All λ values are fixed across back- 1071

bone models. 1072

Evaluation Framework. To ensure a fair and 1073

rigorous comparison, all baseline methods were 1074

evaluated using the same evaluation procedures. 1075

For GSM8K and GPQA, we employed the lm- 1076

evaluation-harness framework (Gao et al., 2024). 1077

For other tasks requiring specialized metrics or for- 1078

mats, we adopted publicly available or officially 1079

recommended evaluation scripts, following (Nie 1080

et al., 2025b; Zhao et al., 2025; Wang et al., 2025). 1081

Prompting Strategies. For GSM8K, GPQA, 1082

and MATH500, we follow Nie et al. (2025b) 1083

and use the standard prompts provided in the lm- 1084

evaluation-harness framework. For Sudoku, we 1085

follow the evaluation protocol of Zhao et al. (2025) 1086

and use their corresponding prompt. For Hu- 1087

manEval and MBPP, since Nie et al. (2025b) does 1088

not release the corresponding prompt templates, we 1089

adopt the prompt format from Wang et al. (2025). 1090

The prompt is shown below: 1091

Prompt for HumanEval and MBPP

Role: You are a professional Python coding
assistant
Task: Complete the following function im-
plementation strictly and clearly without
any additional comments or explanations.

1092

For the Countdown task, we follow Wang et al. 1093

(2025) and adopt a prompt that explicitly instructs 1094

the model to construct a sequence of arithmetic 1095

operations leading to the target number, as shown 1096

below. 1097
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Prompt for Countdown Task

For the given numbers, find a sequence of
arithmetic operations that results in the tar-
get number. Show your reasoning and con-
clude with "The answer is: "

1098

A.7 Implementation Details of Baselines1099

This subsection describes the implementation de-1100

tails of the baseline decoding strategies evaluated1101

in our experiments.1102

Uniform Sampler. This strategy serves as the1103

most basic decoding baseline for MDMs. At each1104

decoding step, a fixed number of masked positions1105

are selected uniformly at random and unmasked.1106

Confidence-Based Sampler. Confidence-based1107

decoding is one of the most widely used sampling1108

strategies for MDMs and is adopted by models1109

such as LLaDA (Nie et al., 2025b). At each de-1110

coding step t, it assigns an unmasking priority to1111

every masked position based on the model’s predic-1112

tive confidence, and then selects the positions with1113

the highest confidence to unmask. Formally, let1114

xt denote the partially revealed sequence at step t.1115

For a masked position i, the confidence score is de-1116

fined as the maximum probability of the most likely1117

token under the model’s predictive distribution:1118

siconf,t = max
v∈V

pθ(v | xt, i), (8)1119

where V denotes the vocabulary. The sampler then1120

unmasks the position with the largest score. Unless1121

otherwise specified, we unmask one position per1122

decoding step for this sampler.1123

Entropy-Based Sampler. This strategy evalu-1124

ates the uncertainty of the entire predictive distribu-1125

tion by using entropy as a proxy (Ben-Hamu et al.,1126

2025) at each position. A lower entropy indicates a1127

more peaked and confident distribution. The score1128

is given by the negative entropy of the predictive1129

distribution after applying the softmax function:1130

sient,t =
∑
v∈V

pθ(v|xt, i) log pθ(v|xt, i). (9)1131

Margin-Based Sampler. This alternative mea-1132

sures the model’s uncertainty by computing the1133

probability margin between the two most confident1134

candidate tokens at each position (Kim et al., 2025).1135

A larger margin indicates a more decisive predic-1136

tion. The score is defined as:1137

simargin,t = pθ(v1|xt, i)− pθ(v2|xt, i), (10)1138

where v1 and v2 denote the two most likely tokens 1139

for position i according to the model’s predictive 1140

distribution pθ(· | xt, i). 1141

EB-Sampler. The Entropy-Bounded Sampler 1142

(EB-Sampler) (Ben-Hamu et al., 2025) accelerates 1143

generation by unmasking a variable number of to- 1144

kens at each step. The number of tokens unmasked 1145

is controlled by an error-tolerance hyperparameter 1146

γ, which constrains the total uncertainty to pre- 1147

serve generation quality. At each iteration, masked 1148

positions inMt are ranked by their entropy, and 1149

the largest subset is selected such that the cumula- 1150

tive entropy, used as a proxy for joint uncertainty, 1151

remains bounded as follows: 1152∑
i∈Mt

H(pθ(·|xt, i))−maxH(pθ(·|xt)) ≤ γ, (11) 1153

where H(·) denotes the token entropy. This strat- 1154

egy enables more aggressive parallel decoding 1155

when predictions are confident. Following Ben- 1156

Hamu et al. (2025), we set γ = 0.01 for all datasets 1157

in our experiments. 1158

Semi-Autoregressive Sampler. The semi- 1159

autoregressive sampler extends the confidence- 1160

based sampler by introducing a partial left-to-right 1161

constraint. Specifically, the response is divided into 1162

multiple contiguous blocks of equal size. Within 1163

each block, unmasking follows the confidence- 1164

based sampling strategy, allowing tokens to be re- 1165

vealed in an order-agnostic manner. Across blocks, 1166

decoding proceeds sequentially from left to right, 1167

so that each block is generated conditioned on all 1168

previously completed blocks. In our experiments, 1169

we set the number of blocks to 8 for all tasks. 1170

Fast-dLLM. Fast-dLLM (Wu et al., 2025a) 1171

builds upon the semi-autoregressive decoding 1172

paradigm and further introduces a confidence- 1173

aware parallel decoding scheme together with a 1174

KV-cache design tailored for MDMs to accelerate 1175

inference. Unlike samplers that unmask a fixed 1176

number of tokens at each step, Fast-dLLM dynami- 1177

cally unmasks all positions whose predictive confi- 1178

dence exceeds a predefined threshold ϵ. As a result, 1179

the number of tokens revealed at each decoding 1180

step is adaptive and varies with the model’s con- 1181

fidence distribution. Formally, at decoding step 1182

t, all masked positions i satisfying the following 1183

condition are selected for unmasking: 1184

max
v∈V

pθ(v | xt, i) > ϵ, (12) 1185

are unmasked in parallel. Following Wu et al. 1186

(2025a), we set the confidence threshold to ϵ = 0.9 1187

in all experiments. 1188
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Figure 13: Analysis of decoding behavior under differ-
ent λ and α settings. We find that λ substantially affects
the induced decoding trajectory, whereas performance
remains largely stable across a broad range of α, sug-
gesting that UNCODE is not sensitive to the clipping
threshold. To examine task-specific effects, we report
average results across non-Sudoku datasets (blue) and
separately for Sudoku (red).

A.8 Details on Integrating with Efficient1189

Decoding Strategies1190

In this subsection, we provide implementation de-1191

tails for integrating UNCODE with three efficient1192

decoding strategies, as discussed in Section 6.3.1193

For τ -leaping (Chen et al., 2023), we follow the1194

original protocol and unmask a fixed number of to-1195

kens (τ ) at each decoding step. In our experiments,1196

we set τ = 2. The specific positions to unmask are1197

selected according to the calibrated score used by1198

UNCODE. For the EB-Sampler (Ben-Hamu et al.,1199

2025), we replace the entropy-based priority with1200

our calibrated score for ranking masked positions1201

(Eq. 5), while retaining the original cumulative bud-1202

get constraint defined by the error tolerance. We1203

set the error tolerance parameter to γ = 0.01 in all1204

experiments. For Fast-dLLM (Wu et al., 2025a),1205

we apply the unmasking threshold to the calibrated1206

score used in our main experiments, rather than to1207

the raw predictive confidence, enabling positions1208

with high calibrated scores to be unmasked in par-1209

allel. We set the threshold to ϵ = 0.6. To further1210

accelerate decoding, we adopt the prefix KV cache1211

mechanism proposed in Fast-dLLM.1212

A.9 Decoding Behavior under Different1213

Positional and Clipping Settings1214

In this subsection, we analyze the effect of two1215

key hyperparameters in UNCODE on decoding be-1216

havior, namely the positional coefficient λ and the1217

clipping threshold α. Rather than identifying a1218

single optimal setting, this analysis aims to charac-1219

terize the decoding behaviors induced by different1220

parameter choices. The results are summarized in1221

Figure 13. 1222

Figure 13(a) illustrates that the positional coeffi- 1223

cient λ governs the degree of sequential inductive 1224

bias in decoding. For most tasks except Sudoku, 1225

moderate values (e.g., λ = 0.25) strike a balance 1226

between order-agnostic generation and progressive 1227

decoding, leading to strong overall performance. 1228

In contrast, larger values impose a stronger left-to- 1229

right constraint, which reduces decoding flexibility 1230

and can degrade performance on tasks that bene- 1231

fit from parallel or non-sequential reasoning. For 1232

globally constrained planning tasks such as Su- 1233

doku, smaller values of λ are preferable, as they 1234

avoid prematurely enforcing a sequential decoding 1235

order. These results suggest that different tasks 1236

naturally align with different decoding trajectories, 1237

underscoring the importance of decoding order in 1238

MDMs, consistent with observations in Kim et al. 1239

(2025). 1240

Figure 13(b) examines the effect of the clipping 1241

threshold α. Performance remains stable across a 1242

broad range of values, except for extreme settings 1243

(e.g., α = 100), indicating that UNCODE is robust 1244

to the choice of α. In our experiments, we fix α to 1245

10 for simplicity and consistency across tasks. 1246

A.10 Adaptive λ Selection via Mean 1247

Predictive Entropy Minimization 1248

In this subsection, we propose an adaptive strategy 1249

for selecting the positional coefficient λ. We first 1250

define the mean predictive entropy and show that 1251

it correlates well with generation quality across 1252

different λ settings. We then leverage entropy min- 1253

imization to select λ automatically, without requir- 1254

ing manual tuning or ground-truth labels. 1255

Definition of Mean Predictive Entropy. For an 1256

individual data instance, we define the sequence- 1257

level predictive entropy as the average entropy of 1258

the predictive distributions over all masked tokens 1259

at each decoding step. Specifically, for each de- 1260

coding step t, we compute the entropy Ht(i) for 1261

each masked token i ∈Mt, whereMt is the set of 1262

masked positions at step t, and Ht(i) denotes the 1263

entropy of the predictive distribution for token i at 1264

step t. The sequence-level predictive entropy for a 1265

given instance is then computed by averaging the 1266

entropies across all decoding steps t: 1267

Hseq =
1

T

T∑
t=1

1

|Mt|
∑

i∈Mt

Ht(i), (13) 1268

where T is the total number of decoding steps, and 1269

|Mt| is the number of masked positions at step t. 1270
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Calibration Corpus HumanEval MBPP GSM8K MATH500 GPQA Countdown Sudoku Avg.↑

LLaDA-Instruct-8B
Book & Code (2015; 2025) 42.1 47.3 79.2 35.0 27.9 36.3 24.4 41.7
SlimPajama (2023) 40.9 47.1 79.1 35.2 28.4 36.3 30.8 42.5
C4 (16 GB) (2020) 42.1 47.8 79.2 34.8 29.2 36.3 29.8 42.7
C4 (50 GB) (2020) 42.2 47.8 79.2 36.0 29.0 36.3 30.0 42.9
C4 (200 GB) (2020) 42.9 47.8 79.2 36.2 29.0 36.3 30.0 43.1
C4 (400 GB) (2020) 42.9 47.8 79.2 36.2 29.0 36.3 30.0 43.1

Table 4: Evaluation of UNCODE across various calibration corpora. ‘Book & Code’ refers to a combination of
BookCorpusOpen and OpenR1-Math-220K datasets. C4 (x GB) denotes a sampled subset of the C4 dataset, where
x represents the size of the subset in gigabytes.
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Figure 14: Correlation analysis between Mean Predic-
tive Entropy and task performance across varying λ
values. The blue curve denotes mean predictive entropy
(left axis), while the red curve indicates performance
(right axis) on (a) GSM8K and (b) HumanEval. The
strong negative correlation (r ≈ −0.99) empirically val-
idates that lower mean predictive entropy serves as a
reliable indicator of higher reasoning quality.

Next, to compute the mean predictive entropy1271

at the dataset level, we extend this definition to1272

the entire dataset. Let Dcal = {x1, . . . ,xN} be1273

the calibration subset of N instances. The mean1274

predictive entropy is then defined as the average of1275

the sequence-level predictive entropies across all1276

instances in the calibration set:1277

H̄ =
1

N

N∑
j=1

H(j)
seq, (14)1278

whereH(j)
seq is the sequence-level predictive entropy1279

for the j-th instance. The resulting H̄ serves as1280

a proxy for the overall generation quality, which1281

is used for selecting the guidance weight λ in the1282

subsequent strategy.1283

Empirical Validation of the Minimum En-1284

tropy Principle. To assess whether mean predic-1285

tive entropy is a reliable proxy for output quality,1286

we perform a correlation analysis on a calibration1287

subset of 100 instances randomly sampled from1288

GSM8K and HumanEval, as shown in Figure 14.1289

For each candidate λ ∈ Λ = {λ1, . . . , λK}, we1290

decode the entire subset and compute: (i) the mean1291

predictive entropy H̄(λ), and (ii) the correspond- 1292

ing task metric (Accuracy for GSM8K, pass@1 1293

for HumanEval). We then compute the Pearson 1294

correlation coefficient (r) between the mean pre- 1295

dictive entropy and task performance across the 1296

K candidate λ values. As shown in Figure 14(a) 1297

for GSM8K and Figure 14(b) for HumanEval, we 1298

observe a strong negative correlation, indicating 1299

that lower mean entropy corresponds to better task 1300

performance. This finding motivates entropy mini- 1301

mization as a label-free criterion for selecting λ. 1302

Adaptive Selection via Entropy Minimization. 1303

Based on the observation above, we select the 1304

guidance weight λ by minimizing the mean pre- 1305

dictive entropy on a small calibration set. Let 1306

Dcal = {x1, . . . ,xN} denote a small subset of 1307

validation inputs and Λ = {λ1, . . . , λK} be the 1308

candidate set. For each λ ∈ Λ, we decode Dcal 1309

to obtain outputs {y(j)
λ }

N
j=1. We then compute the 1310

mean predictive entropy: 1311

H̄(λ) =
1

N

N∑
j=1

Hseq(y
(j)
λ ), (15) 1312

whereHseq(y) denotes the average predictive en- 1313

tropy of a decoded sequence. Finally, we select the 1314

entropy-minimizing weight: 1315

λ∗ = argmin
λ∈Λ

H̄(λ). (16) 1316

By selecting λ via entropy minimization on a small 1317

calibration subset, this strategy avoids manual tun- 1318

ing and does not require ground-truth labels during 1319

selection. 1320

A.11 Impact of Calibration Corpus 1321

In this subsection, we investigate the impact of 1322

the calibration corpus D′ on UNCODE through a 1323

series of controlled ablation studies. Specifically, 1324

we examine two key dimensions: (1) the source of 1325

the calibration corpus, and (2) the corpus size. The 1326

results are summarized in Table 4. 1327
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Methods & LLMs HumanEval MBPP GSM8K MATH500 GPQA Countdown Sudoku Avg.

Autoregressive LLMs
LLaMA-3.1-8B-Instruct 53.1 56.7 83.9 23.8 31.0 27.0 0.0 39.4
Mistral-7B-Instruct 43.9 37.0 49.4 7.2 28.1 22.7 0.0 26.9
Qwen-2.5-7B-Instruct 78.1 62.8 71.9 64.2 32.8 0.0 0.0 44.2

LLaDA-8B-Instruct
Uniform (2021a) 15.2 24.6 48.8 15.0 29.0 14.4 2.2 21.3
Confidence (2022) 27.4 42.4 59.1 20.8 27.9 34.0 23.8 33.6
Entropy (2025b) 28.1 42.2 60.9 11.2 28.4 33.8 1.6 29.4
Margin (2025) 32.3 42.4 58.3 19.8 28.4 33.9 26.6 34.5
EB-Sampler (2025) 26.8 43.3 61.2 11.6 29.5 34.1 24.2 33.0
Semi-AR† (2025b) 39.0 45.2 77.9 27.6 27.7 32.6 0.0 35.7
Fast-dLLM† (2025a) 35.4 44.7 78.2 28.4 28.6 23.6 0.0 34.1
UNCODE 42.1 47.8 79.2 34.8 29.2 36.3 29.8 42.7

LLaDA-1.5-8B
Uniform (2021a) 17.7 23.0 52.7 20.0 28.1 15.8 3.4 23.0
Confidence (2022) 28.1 43.3 60.7 22.8 28.7 33.8 24.8 34.6
Entropy (2025b) 32.9 44.0 60.3 11.2 26.6 34.7 0.2 30.0
Margin (2025) 25.0 43.3 57.5 23.2 28.4 31.8 33.6 34.7
EB-Sampler (2025) 32.9 43.6 61.1 13.4 26.6 34.6 0.2 30.3
Semi-AR† (2025b) 39.6 46.8 80.7 34.2 26.1 32.4 0.0 37.1
Fast-dLLM† (2025a) 37.2 46.1 80.8 31.2 27.9 23.6 0.0 36.7
UNCODE 46.3 49.9 82.2 37.4 28.8 35.0 33.4 44.7

Dream-v0-Instruct-7B
Uniform (2021a) 17.7 31.9 31.5 17.0 32.8 4.1 0.2 19.3
Confidence (2022) 27.4 41.5 45.4 20.8 35.3 19.8 0.0 27.2
Entropy (2025b) 26.2 42.4 36.8 17.0 33.5 19.0 0.0 25.0
Margin (2025) 28.1 41.7 48.3 22.0 35.7 19.0 0.0 27.8
EB-Sampler (2025) 26.8 43.6 37.5 17.4 33.3 18.6 0.0 25.3
Fast-dLLM (2025a) 12.8 23.9 46.1 19.2 34.4 11.6 0.0 21.1
UNCODE 57.9 56.4 76.4 37.8 33.9 18.4 0.0 40.1

Table 5: Experimental results on seven different benchmarks. The best score is highlighted in bold, and the
second-best is underlined. Following prior practices (Nie et al., 2025b), we use 4-shot settings for GSM8K and
MATH500, 5-shot for GPQA and Sudoku, 0-shot for HumanEval and MBPP, and 3-shot for Countdown. Methods
marked with † denote samplers using the Semi-AR strategy. All settings follow prior works (Nie et al., 2025b; Zhao
et al., 2025; Wang et al., 2025) for fair comparison.

We first assess the robustness of UNCODE across1328

varied calibration corpora. Specifically, we com-1329

pare the default C4 (16GB) against two alterna-1330

tives: (i) a domain-specific mixture of BookCorpu-1331

sOpen and OpenR1-Math-220K (denoted as Book1332

& Code), and (ii) SlimPajama (Soboleva et al.,1333

2023). Across these settings, we observe compa-1334

rable average performance. These results indicate1335

that UNCODE is generally robust to the selection1336

of calibration sources.1337

Next, we investigate the impact of corpus size1338

on performance stability. We sample three larger1339

subsets from C4, sized 50GB, 200GB, and 400GB.1340

We observe that while increasing the corpus size1341

initially improves accuracy, the performance gains1342

saturate beyond the 200GB scale. We hypothesize1343

that the estimated token distribution converges once1344

the corpus reaches a sufficient size; consequently,1345

further enlarging the dataset provides marginal ben-1346

efit for the calibration signal. Overall, we observe1347

that UNCODE benefits from improved calibration, 1348

but does not exhibit strong sensitivity to the specific 1349

calibration corpus used. 1350

A.12 Results on Dream 1351

To further evaluate the generalization capability of 1352

our approach, we apply UNCODE to Dream-v0- 1353

Instruct-7B (Ye et al., 2025b), a state-of-the-art 1354

MDM developed independently of the LLaDA se- 1355

ries (Nie et al., 2025a). As shown in Table 5, UN- 1356

CODE consistently achieves the best performance 1357

across all evaluated tasks, with an average score 1358

of 40.1%. This represents a substantial improve- 1359

ment over the strongest uncertainty-based base- 1360

line, margin-based sampling, which reaches 27.8%. 1361

In particular, UNCODE achieves 57.9% on Hu- 1362

manEval and 76.4% on GSM8K, demonstrating 1363

strong performance in both code generation and 1364

mathematical reasoning tasks. 1365

These results indicate that UNCODE is not lim- 1366
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Case1: Mathematical Reasoning (GSM8K)

Judy teaches 5 dance classes, every day, on the weekdays and 8 classes on Saturday. If each class has 15
students and she charges $15.00 per student, how much money does she make in 1 week?

Question 

Ground 
Truth 

7,425

Judy teaches 5 dance classes every day on weekdays, so in one week, she teaches 5 * 5 = 25 classes . 
Each class has 15 students, so in one week, she teaches 25 * 15 = 375 students . She teaches 5 dance 
classes every day, so in one week, she teaches 5 * 15 = 75 students . Additionally, she teaches 8 classes on 
Saturday. Each class has 15 students , so on Saturday, she teaches 8 * 15 = 120 students . In total, in one 
week, she teaches 75 + 120 = 195 students . Since she charges $15.00 per student, she makes 195 * 15 = 
$2975.00 in 1 week. #### 2,975   <|eot_id|> <|endoftext|>

Judy teaches 5 dance classes every day on weekdays, for a total of 5 days * 5 classes/day = 25 classes . On 
Saturday, she teaches 8 classes . So in one week, she teaches a total of 25 + 8 = 33 classes . Each class has 
15 students, so she teaches 33 * 15 = 495 students . She charges $15 per student, so she makes 495 * 15 = 
$7425.00 in one week. #### 7,425   <|eot_id|> <|endoftext|>

Figure 15: A case study on the GSM8K dataset illustrating how the generation order impacts mathematical reasoning.
The baseline’s premature commitment to an incorrect answer highlights a critical failure mode, whereas UNCODE’s
coherent process leads to the correct solution. The generation timing is color-coded as follows: Early Stage ,

Middle Stage , and Late Stage .

ited to a specific model family, but instead ad-1367

dresses a broader limitation inherent to masked1368

diffusion models. Across different architectures,1369

we consistently observe a tendency for uncertainty-1370

based decoding to prioritize boundary tokens early1371

in the decoding process and to favor semantically1372

trivial tokens. This behavior suggests a system-1373

atic bias in how unmasking priorities are assigned,1374

rather than an artifact of a particular model or im-1375

plementation. By incorporating both positional1376

awareness and semantic awareness into the sam-1377

pling process, UNCODE mitigates these biases and1378

enables the model to allocate its generation capac-1379

ity more effectively. As a result, the decoding pro-1380

cess is better aligned with the underlying reasoning1381

or planning structure of the task, leading to more1382

coherent and logically ordered outputs.1383

A.13 Case Study1384

In this subsection, we present three case studies, as1385

shown in Table 15, Table 16, and Table 17, drawn1386

from the GSM8K (mathematical reasoning) and1387

HumanEval (code generation) benchmarks. The1388

first two cases are from GSM8K, and the third is1389

from HumanEval. These case studies compare the1390

baseline confidence-based sampling strategy with1391

our proposed UNCODE approach.1392

As shown in Table 15, due to rigid boundary1393

bias, the confidence sampler prematurely commits1394

to a final answer of 2975 at an early stage, before1395

computing the correct total number of classes and 1396

students. Once this premature decision is made, 1397

subsequent tokens are forced to justify the incor- 1398

rect conclusion rather than revising it, resulting in 1399

a fluent yet numerically incorrect solution. In con- 1400

trast, UNCODE incorporates the Positional Trajec- 1401

tory Prior, which delays emitting the final answer 1402

and first completes the intermediate computations 1403

(e.g., 25 weekday classes, 8 Saturday classes, 33 1404

total classes, 495 students, and the resulting rev- 1405

enue). The decoding trajectory allocates more steps 1406

to these intermediate reasoning tokens, allowing 1407

for a coherent, step-by-step derivation that leads to 1408

the correct answer of 7425. 1409

As illustrated in Table 16, due to the trivial token 1410

bias, the confidence sampler decodes trivial tokens 1411

at critical steps (e.g., the comma is decoded at step 1412

121, at position 76, instead of the 7 at position 75), 1413

thereby locking the reasoning space. This leads to 1414

errors, such as the comma being used as a thou- 1415

sand separator, causing invalid representations like 1416

0,700. Consequently, the model fails to predict 700, 1417

ultimately resulting in a calculation error. In con- 1418

trast, UNCODE effectively suppresses the selection 1419

of trivial tokens, enabling the model to arrive at the 1420

correct solution. 1421

For the HumanEval benchmark, as shown in Ta- 1422

ble 17, the baseline’s rigid boundary bias often 1423

leads to premature sequence termination and in- 1424
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Case 2: Mathematical Reasoning (GSM8K)

Jill gets paid $20 per hour to teach and $30 to be a cheerleading coach. If she works 50 weeks a year, 35 
hours a week as a teacher and 15 hours a week as a coach, what's her annual salary?

Question 

Ground 
Truth 

57,500

To calculate Jill’s annual salary, we need to break down her earnings into two parts: her earnings as a 
teacher and her earnings as a cheerleading coach.
1. Earnings as a teacher:
    - Hourly rate: $20
    - Hours per week: 35
    - Weekly earnings as a teacher: $20/hour * 35 hours/week = $700/week
2. Earnings as a cheerleading coach:
    - Hourly rate: $30
    - Hours per week: 15
    - Weekly earnings as a cheerleading coach: $30/hour * 15 hours/week = \$450/week
3. Total weekly earnings:
    - Total weekly earnings: $700/week + $450/week = $1,150/week
4. Total annual earnings:
    - Number of weeks per year: 50
    - Total annual earnings: $1,150/week * 50 weeks/year = $57,500/year
Therefore, Jill’s annual salary is $57,500.

Step  Pos.  Token    Confidence   
Cur token   121    76         ,              0.79   
Candidate   121    74        $              0.63
Candidate   121    75        7              0.42

1. Weekly earnings from teaching:
    - Jill earns $20 per hour and works 35 hours a week.
    - Weekly earnings from teaching = $20/hour * 35 hours/week = $ 3 , 050
2. Weekly earnings from coaching:
    - Jill earns $30 per hour and works 15 hours a week.
    - Weekly earnings from coaching = $30/hour * 15 hours/week = $450
3. Total weekly earnings:
    - Total weekly earnings = Teaching earnings + Coaching earnings
    - Total weekly earnings = $3,050 + $450 = $3,500
4. Annual earnings:
    - There are 50 weeks in a year.
    - Annual earnings = $3,500/week * 50 weeks/year = $175,000
Therefore, Jill's annual salary is $175,000.

Figure 16: A case study on the GSM8K dataset illustrating how the trivial token bias impacts mathematical reasoning.
The baseline decodes trivial tokens at critical steps (e.g., the comma is decoded at step 121, at position 76, instead
of the 7 at position 75), locking the reasoning space (e.g., the comma, used as a thousand separator, causes failure as
0,700 is invalid), and leading to incorrect predictions. In contrast, UNCODE suppresses the selection of trivial tokens,
resulting in the correct solution. The generation timing is color-coded as follows: Early Stage and Middle Stage .

complete code, resulting in a significant waste of1425

the generation budget. In contrast, UNCODE mit-1426

igates this issue by incorporating position-aware1427

weighting and content-aware confidence calibra-1428

tion, which introduce an inductive bias toward se-1429

quential reasoning. As a result, UNCODE ensures1430

that complete and correct code is generated before1431

sequence termination.1432

These case studies demonstrate that explicit tra-1433

jectory control and trivial token suppression are1434

critical for complex problem solving. By mitigat-1435

ing both the rigid boundary bias and the trivial1436

token bias, UNCODE enables the model to produce 1437

outputs that are more coherent, accurate, and com- 1438

plete. 1439
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Case 3: Code Generation (HumanEval)

Implement the body of the Python function ‘has_close_elements’. The function should take a list of floats 
and a threshold, and return ‘True’ if any two distinct elements in the list are closer than the threshold, and 
‘False’ otherwise.

Task 

Confidence
(Baseline)

Uɴᴄᴏᴅᴇ
(Ours)

Token Allocation: Code (~52 tokens) vs. Prematurely Generated EOS (~204 tokens)

Token Allocation: Code (~178 tokens) vs. EOS Generated After Reasoning (~78 tokens)

  

```python
def has_close_elements(numbers: List[float], threshold: float) -> bool:
      for num in numbers:
           for other in numbers:
                 if abs(num - other)  <  threshold:
                       return True
      return False
```    <|endoftext|> <|endoftext|> ... (many EOS tokens)

```python
from typing import List
def has_close_elements(numbers: List[float], threshold: float) -> bool:
      """ (A rigorous docstring with examples is generated here) """
      for i in range(len(numbers)):
            for j in range(i + 1, len(numbers)):
                  if abs(numbers[i] - numbers[j])  <  threshold:
                        return True
      return False
```     <|endoftext|> <|endoftext|>

Figure 17: Case study on the HumanEval dataset for code generation. The baseline method exhibits catastrophic
failure due to the premature generation of trivial tokens, whereas UNCODE, through explicit trajectory control,
produces robust and complete code. The generation timing is color-coded as follows: Early Stage , Middle Stage ,

and Late Stage .
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