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Abstract001

Diffusion large language models (DLLMs)002
have emerged as a promising alternative to au-003
toregressive (AR) generation, uniquely offer-004
ing token-level probabilities under bidirectional005
context. However, the semantics of their native006
uncertainty estimates remain underexplored. In007
this work, we uncover a calibration paradox008
inherent to the bidirectional generation mech-009
anism of diverse DLLMs. Concretely, we010
demonstrate that diffusion confidence is struc-011
turally distinct from AR likelihood. Notably,012
LLADA-8B is highly miscalibrated (31.2%013
ECE) on mathematical reasoning benchmarks,014
yet possesses superior discriminative power015
(0.826 AUROC), significantly outperforming016
comparable AR baselines in single-pass set-017
tings (0.611 AUROC). We diagnose that this018
paradox arises because diffusion confidence019
functions less as a probability of correctness020
and more as a proxy for structural consistency021
enabled by the model’s bidirectional access to022
the entire solution path. We further show that023
lightweight post-hoc calibration can reconcile024
this gap, reducing ECE by over 60% while pre-025
serving the strong ranking signal. Our find-026
ings suggest that DLLMs offer a unique, cost-027
efficient uncertainty signal for reasoning tasks028
that complements expensive AR approaches.029

1 Introduction030

Large language models (LLMs) deployed in high-031

stakes reasoning domains require not only high032

accuracy but also reliable uncertainty estimates to033

support downstream decision-making (Guo et al.,034

2017). Alongside autoregressive (AR) generation,035

diffusion large language models (DLLMs) have036

recently emerged as a compelling alternative, of-037

fering parallel generation capabilities and bidirec-038

tional context awareness. However, unlike the ex-039

tensively studied probability landscape of AR mod-040

els, the semantics of uncertainty in this emerging041

model class remain largely underexplored.042

In this work, we investigate semantics of uncer- 043

tainty in the DLLM model class under a unified, 044

single-pass confidence definition derived from to- 045

ken probabilities, thus allowing a direct comparison 046

to AR baselines. On popular mathematical reason- 047

ing benchmarks, we uncover a striking calibration 048

paradox phenomenon as shown in Figure 1. We 049

observe that DLLMs are severely miscalibrated as 050

probabilistic estimators, e.g., LLADA-8B exhibits 051

an Expected Calibration Error (ECE) of 31.2% 052

compared to 11.7% for AR baselines. Yet the 053

same score is a strong discriminator of correctness: 054

LLADA attains 0.826 AUROC, while the AR base- 055

line attains 0.611 AUROC. This gap suggests that 056

diffusion models possess a latent, high-quality dis- 057

criminative signal masked by poor scaling. 058

We diagnose this paradox as a result of the 059

unique bidirectional generation mechanism of 060

DLLMs. Unlike AR models that predict the next 061

token based solely on the prefix, DLLMs refine the 062

entire sequence iteratively, accessing bidirectional 063

context at every step. We hypothesize and provide 064

evidence that their confidence scores function less 065

as probability of correctness and more as a proxy 066

for structural consistency—the degree to which the 067

generated solution path is internally coherent. This 068

makes the signal particularly sensitive to logical 069

and arithmetic contradictions (common in math 070

reasoning) even when the surface form remains flu- 071

ent, explaining its superior discriminative power in 072

structured domains. 073

Crucially, we show that this paradox is resolv- 074

able. Since the ranking signal is intact, the poor 075

calibration is merely a structured scaling distor- 076

tion. We demonstrate that monotone post-hoc re- 077

calibration can translate diffusion confidence into 078

better-calibrated probabilities without destroying 079

discrimination, reducing ECE by over 60% while 080

preserving the strong discriminative signal. This 081

finding positions DLLMs not just as a faster gener- 082

ation alternative, but as a source of cost-efficient, 083
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Figure 1: An example of the calibration paradox in LLADA-8B on GSM8K. Under the same single-pass token-
probability confidence definition, LLADA has higher ECE than an autoregressive baseline, yet higher AUROC.
Monotone post-hoc calibration reduces ECE while preserving AUROC, suggesting that diffusion confidence can be
strongly discriminative yet mis-scaled.

high-quality uncertainty estimates that can comple-084

ment expensive AR approaches without the com-085

putational overhead of multiple samples.086

To summarize, our contributions are three-fold:087

(i) We identify and quantify the calibration para-088

dox in DLLMs, where severe probabilistic miscali-089

bration coexists with superior discriminative power,090

significantly outperforming single-pass autoregres-091

sive baselines in reasoning tasks.092

(ii) We trace this paradox to the bidirectional gen-093

eration mechanism of DLLMs, showing that their094

confidence acts as a proxy for structural consistency095

rather than pure likelihood, leading to difficulty-096

dependent scaling distortions.097

(iii) We demonstrate that lightweight post-hoc098

calibration effectively resolves this gap without099

computational overhead, establishing DLLMs as a100

source of cost-efficient uncertainty estimates that101

complement expensive AR approaches.102

2 Background103

Problem Setting. We study sequence-level con-104

fidence estimates produced by reasoning models.105

Given a prompt, a model generates an answer to-106

gether with a scalar confidence score. Two prop-107

erties of this score are central: calibration, which108

measures alignment between confidence and cor-109

rectness, and discrimination, which measures the110

ability to separate correct from incorrect answers.111

As we will show, these two properties can be in112

direct tension.113

We first present an overview of baseline accu-114

racy, ECE, and AUROC across benchmarks (Ta-115

ble 1), and then analyze the origin, structure, and116

persistence of this tension.117

2.1 Calibration and Discrimination 118

A perfectly calibrated model satisfies P(y=1 | 119

p) = p, where p denotes the model’s confidence 120

and y ∈ {0, 1} the correctness label. We quan- 121

tify deviations from this ideal using the Expected 122

Calibration Error (ECE), which measures the aver- 123

age gap between confidence and accuracy across 124

confidence bins Bb: 125

ECE =
B∑
b=1

|Bb|
n

∣∣acc(Bb)− conf(Bb)
∣∣. (1) 126

Calibration evaluates probabilistic alignment but 127

does not capture ranking quality. We therefore 128

measure discrimination using the Area Under the 129

ROC Curve (AUROC), defined as the probability 130

that a randomly chosen correct example receives 131

a higher confidence score than a randomly chosen 132

incorrect one (Huang et al., 2024). As a result, a 133

confidence score may exhibit high AUROC even 134

when it is poorly calibrated. 135

Post-hoc calibration methods such as global tem- 136

perature scaling (TS) exploit the fact that AU- 137

ROC is invariant to strictly monotone transfor- 138

mations, allowing ECE to be reduced without af- 139

fecting discrimination. We focus on TS and a 140

difficulty-aware extension (DATS); while DATS 141

is not globally monotone and may introduce small 142

rank changes, we quantify these effects empirically 143

(Appendix A21, Appendix A12). Additional cali- 144

brators are reported in Appendix A8. 145

2.2 Diffusion Large Language Models 146

Unlike AR models that generate tokens sequen- 147

tially, DLLMs such as LLADA (Nie et al., 2025) 148
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GSM8K SVAMP MATH GSM-H TriviaQA

Model Acc ECE↓ AUC↑ Acc ECE↓ AUC↑ Acc ECE↓ AUC↑ Acc ECE↓ AUC↑ Acc ECE↓ AUC↑

Diffusion Large Language Models (DLLMs)
LLADA-8B 62.9 31.2 .826 86.2 10.8 .680 15.6 73.5 .836 24.8 68.2 .690 43.4 51.0 .729

Autoregressive LMs (AR)
Qwen2.5-7B 79.8 11.7 .611 83.1 10.2 .560 46.8 49.6 .549 52.4 41.9 .671 57.8 30.3 .850
Llama-3.1-8B 82.2 9.0 .737 84.3 7.1 .790 56.8 33.9 .576 32.1 57.8 .691 73.5 13.1 .839

Table 1: Overview of baseline performance. The calibration paradox is most visible on mathematical reasoning
benchmarks (GSM8K, SVAMP, MATH-500, GSM-Hard), where LLADA has higher discrimination (AUROC)
despite poorer calibration (ECE) than AR baselines. On the TriviaQA knowledge task, this pattern does not hold.

iteratively refine a sequence over T steps using149

bidirectional context. While the corruption sched-150

ule and update rule vary across models, the final151

denoising step yields per-token probabilities for the152

fully specified sequence. We aggregate these prob-153

abilities into a sequence-level confidence score that154

is directly comparable to token-probability-based155

confidence in AR baselines.156

3 Experimental Setup157

3.1 Models and Datasets158

Our analysis centers on LLADA-8B-Instruct (Nie159

et al., 2025),1 a state-of-the-art DLLM. We com-160

pare it against strong AR counterparts of similar161

scale: Qwen2.5-7B-Instruct and Llama-3.1-8B-162

Instruct. We evaluate these models on a suite of163

benchmarks. For mathematical reasoning, we use164

GSM8K (Cobbe et al., 2021), SVAMP, the more165

difficult GSM-Hard (Gao et al., 2023), and the166

competition-level MATH-500 (Hendrycks et al.,167

2021). To test domain specificity, we use the open-168

domain TriviaQA (Joshi et al., 2017) and logical169

reasoning tasks from BBH (Suzgun et al., 2023).170

The baseline performance of all models is sum-171

marized in Table 1. These initial results provide the172

empirical foundation for our entire investigation,173

motivating the paradox, its diagnosis, and the sub-174

sequent analyses. Unless specified otherwise, we175

report accuracy, ECE, and AUROC on the standard176

evaluation split for each benchmark (e.g., the full177

GSM8K test set). For post-hoc calibration experi-178

ments, we use a held-out 30/70 calibration/test split179

as described below.180

3.2 Generation and Confidence Extraction181

For the main comparisons (LLADA, Qwen, and182

Llama), we match task-level prompting and decod-183

ing settings within each benchmark. For mathemat-184

1We will show that the finding generalizes across DLLM
variants in Section 6.2.

ical reasoning, we use chain-of-thought prompting 185

with a maximum generation length of 512 tokens 186

(256 for the shorter SVAMP problems). For Trivi- 187

aQA, we use a direct-answer prompt and a 64-token 188

limit. All models generate outputs deterministically 189

(temperature 0 for AR models; greedy decoding 190

for LLADA with T=128 diffusion steps) and run 191

in BFLOAT16. 192

We define a unified, single-pass confidence score 193

for both model families. Sequence-level confidence 194

c is the mean probability over generated output to- 195

kens: c = 1
m

∑m
i=1 pi, where pi is the softmax 196

probability assigned to the i-th generated output 197

token yi. For AR models, we decode once and 198

take pi as the standard next-token probability at 199

generation step i. For LLADA, after decoding we 200

run one final forward pass at t=T under teacher 201

forcing on the full generated sequence and read the 202

probability of yi at its position; we do not average 203

probabilities across the denoising trajectory. Un- 204

less stated otherwise, we compute ECE with B=15 205

equal-width bins; for SVAMP, we use B=10 fol- 206

lowing the dataset-specific evaluation script. 207

This scoring rule is used to probe how token- 208

probability confidence behaves across model fam- 209

ilies under a shared definition; we do not assume 210

strict probabilistic equivalence between DLLM 211

final-step token probabilities and AR next-token 212

probabilities. We additionally report robustness 213

checks for alternative aggregations and for path- 214

derived diffusion scores in the appendix (Ap- 215

pendix A8, Appendix A17). 216

Calibration Protocol. Unless stated otherwise, 217

we evaluate post-hoc calibration with a 30/70 cali- 218

bration/test split on each dataset (seed 0): tempera- 219

tures and DATS mappings are fit on the 30% cali- 220

bration split and evaluated on the held-out 70% test 221

split. When we report full-set calibration curves, 222

we label them as diagnostic upper bounds (Ap- 223

pendix A14). 224
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Figure 2: Overview of confidence extraction and calibration. (a) For DLLMs, sequence-level confidence c is
the mean of per-token probabilities from the final, fully-denoised output. (b) For autoregressive models, we use
the same aggregation over standard next-token probabilities to ensure a fair comparison. (c) Our proposed DATS
method partitions examples into K difficulty buckets and learns a separate temperature Tk for each, mapping the
raw confidence c to a calibrated score c̃.

Model Acc. ECE↓ AUROC↑ Gap

Qwen2.5-7B 79.8% 11.7% 0.611 +1.3%
LLADA-8B 62.9% 31.2% 0.826 +9.7%

Table 2: The calibration paradox on GSM8K. LLADA
is overconfident (high ECE) but more discriminative
(high AUROC). The confidence gap (the mean confi-
dence difference between correct and incorrect answers)
provides an additional view of this separation.

4 The Calibration Paradox225

Model confidence serves two distinct roles that226

are often conflated: calibration, its alignment with227

the true probability of correctness, and discrimi-228

nation, its ability to separate correct predictions229

from incorrect ones. On mathematical reasoning,230

we find that DLLMs can excel at discrimination231

even when they are poorly calibrated. We refer to232

this mismatch as the calibration paradox.233

4.1 Poor Calibration, Strong Discrimination234

Table 2 quantifies this phenomenon on the full235

GSM8K evaluation set. LLADA is overconfident236

under our confidence definition, with an ECE of237

31.2% compared to 11.7% for the AR baseline. At238

the same time, its confidence is a stronger discrim-239

inator, achieving an AUROC of 0.826 compared240

to 0.611 for Qwen. While the models differ in ac-241

curacy, AUROC evaluates within-model ranking242

quality over each model’s own correct versus incor-243

rect predictions.244

The confidence gap further illustrates this divide:245

LLADA assigns 9.7 percentage points more con-246

fidence to its correct answers on average, whereas247

the gap for Qwen is 1.3 points. This indicates that248

diffusion confidence can be informative for ranking 249

even when it is poorly scaled. 250

Resolving the Paradox. The tension between 251

poor calibration and strong discrimination moti- 252

vates the remainder of our analysis. We proceed by 253

diagnosing the structure of this paradox (Section 5), 254

demonstrating its resolution via post-hoc calibra- 255

tion (Section 6), and finally probing the underlying 256

mechanism (Section 7). 257

5 Difficulty-Conditional Miscalibration 258

To diagnose the calibration paradox, we ask 259

whether miscalibration varies systematically with 260

problem difficulty. We find that as problems be- 261

come harder, LLADA’s overconfidence increases 262

while its discriminative signal remains present. 263

This pattern supports a scaling-distortion interpre- 264

tation: the score continues to separate correct from 265

incorrect answers, but its mapping to probabilities 266

degrades. Figure 2 summarizes our confidence ex- 267

traction and calibration pipeline. 268

5.1 Miscalibration Worsens with Difficulty 269

We first analyze how LLADA’s calibration changes 270

on GSM8K as problems become more complex. 271

Using the number of arithmetic operations in the 272

ground-truth solution as a difficulty proxy,2 we par- 273

tition the dataset into four bins. This oracle proxy 274

is used for diagnosis; in Section 6 we also eval- 275

uate confidence-binned calibration that does not 276

require ground-truth annotations. Table 3 shows 277

that ECE increases monotonically with difficulty, 278

rising from 21.8% on the easiest problems to 41.7% 279

2We count all occurrences of {+,−,×,÷} in the anno-
tated solution text. See Appendix A15 for binning details.
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Difficulty Acc. ECE Corr.

Easy (0-4 ops) 72.4% 21.8% +0.50
Medium (5-7 ops) 66.7% 28.1% +0.40
Hard (8-10 ops) 59.4% 34.1% +0.38
Hardest (11+ ops) 52.0% 41.7% +0.34

Table 3: Difficulty-conditional analysis on GSM8K. As
problem difficulty increases (by operation count), ECE
worsens while the confidence–correctness correlation
remains positive, consistent with scaling distortion.
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Figure 3: Difficulty-conditional analysis on MATH-500.
Top: Accuracy decreases with difficulty while average
confidence remains high. Bottom: ECE rises for harder
problems.

on the hardest. At the same time, the confidence–280

correctness correlation remains positive across all281

bins. This supports a scaling-distortion diagnosis:282

the confidence score retains ranking information,283

but its alignment with true probabilities degrades284

as problems become more challenging.285

5.2 Validation on Harder Benchmarks286

To ensure that this pattern is not specific to GSM8K,287

we validate it on two more challenging benchmarks:288

MATH-500 and GSM-Hard. Figure 3 shows that289

on MATH-500, accuracy decreases with difficulty290

while average confidence remains high, causing291

ECE to climb from 63.4% to 81.3%.292

Table 4 shows that across math benchmarks,293

LLADA’s ECE increases as tasks become harder,294

Dataset Model Acc. ECE↓ AUROC↑ Corr.

GSM8K LLADA 62.9% 31.2% 0.826 +0.403
MATH-500 LLADA 15.6% 73.5% 0.836 +0.221
GSM-Hard LLADA 24.8% 68.2% 0.690 +0.197

GSM-Hard Qwen2.5-7B 52.4% 41.9% 0.671 +0.303

Table 4: Validation across harder math benchmarks.
LLADA maintains strong discrimination (AUROC)
even as accuracy drops and ECE rises, while Qwen
shows better calibration but only comparable AUROC
on GSM-Hard.

while AUROC and correlation remain positive. No- 295

tably, on GSM-Hard, the AR model Qwen achieves 296

better calibration but comparable discrimination to 297

LLADA (AUROC 0.671 vs. 0.690). Overall, these 298

results indicate that the probabilistic interpretation 299

of diffusion confidence degrades with task diffi- 300

culty, even when its ranking signal remains useful. 301

6 Difficulty-Aware Temperature Scaling 302

Our diagnosis in Section 5 suggests that the cali- 303

bration paradox arises from structured mis-scaling 304

rather than lacking signal. This motivates post-hoc 305

recalibration. We evaluate lightweight calibration 306

methods that map the confidence score to a better- 307

calibrated probability while preserving discrimina- 308

tion. 309

6.1 Method: Rescaling the Signal 310

We evaluate two methods. The first is standard 311

global temperature scaling (TS) (Guo et al., 312

2017), which corrects for a consistent over- or 313

under-confidence across all examples. We adapt it 314

to scalar confidence scores p ∈ (0, 1) by rescaling 315

their log-odds: 316

pscaled = σ(logit(p)/T ). (2) 317

A single temperature T , fit on a calibration set, is 318

applied to all test examples. Since this transforma- 319

tion is strictly monotone, it preserves AUROC by 320

construction. 321

However, our diagnosis showed that miscalibra- 322

tion worsens with difficulty. This motivates our 323

second method, Difficulty-Aware Temperature 324

Scaling (DATS). Instead of learning one global 325

temperature, DATS first partitions the calibration 326

data into K buckets based on a difficulty proxy 327

and then learns a separate temperature Tk for each 328

bucket. Unless stated otherwise, our split-based re- 329

sults use confidence-bucketed DATS (a deployable 330

proxy); oracle difficulty (operation count) is used 331

only for diagnosis in Section 5 and Appendix A15. 332
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GSM8K

ECE↓ ∆ECE AUROC

LLaDA-8B (DLLM)
Original 31.0 – 0.826
Global TS 12.1 −61% 0.826
DATS 10.1 −67% 0.826

Qwen2.5-7B (AR)
Original 11.7 – 0.622
Global TS 2.3 −80% 0.622
DATS 1.6 −86% 0.626

Table 5: Calibration on GSM8K (30% calibration, 70%
test, seed 0). Both TS and DATS substantially reduce
ECE. TS leaves AUROC unchanged, while DATS in-
duces a small AUROC change for Qwen (∆=+ 0.004)
and a minimal change for LLADA (∆ < 0.0001).

Protocol. For each benchmark, calibration map-333

pings are fit on a 30% split and evaluated using334

ECE and AUROC on the remaining 70%.335

6.2 Results336

We first report results on the held-out 70% test337

split of GSM8K, with all calibration mappings338

fit on the 30% calibration split. Table 5 shows339

that post-hoc calibration substantially reduces ECE.340

Global TS reduces LLADA’s ECE from 31.0% to341

12.1%, while preserving AUROC at 0.826 by con-342

struction. DATS further reduces ECE to 10.1%.343

For Qwen, DATS increases AUROC from 0.622 to344

0.626, whereas the change for LLADA is minimal345

(∆ < 0.0001). These results indicate that much346

of the initial miscalibration can be corrected by a347

monotone (or near-monotone) transformation of348

confidence.349

Rank Preservation. TS preserves AUROC ex-350

actly due to monotonicity, while DATS may induce351

small rank changes across buckets; we report AU-352

ROC variations and rank inversion statistics across353

random seeds in Appendix A21.354

Generalization Across DLLM Variants. To test355

whether the calibration paradox generalizes beyond356

a single model, we evaluate several DLLM vari-357

ants that share a common backbone but differ in358

scale and training objectives, including LLADA2.0-359

mini, its CAP-trained variant (Bie et al., 2025),360

and LLaDA-8B-Instruct-SFT. All models are eval-361

uated on GSM8K-200 under the same 30/70 cali-362

bration/test protocol (seed 0). As shown in Table 6,363

all variants exhibit strong discrimination but poor364

raw calibration. Post-hoc calibration consistently365

reduces ECE across models, with only minor AU-366

Model ECE↓ (%) AUROC↑

Orig TS DATS Orig TS DATS

LLADA2.0-mini 70.0 38.3 38.3 0.798 0.798 0.798
LLADA2.0-mini-CAP 74.8 43.8 43.8 0.824 0.824 0.824
LLaDA-8B-Instruct-SFT 48.1 28.9 29.2 0.839 0.839 0.809

Table 6: Generalization across different diffusion mod-
els on GSM8K-200. The calibration paradox persists
across model variants. Global temperature scaling (TS)
consistently reduces ECE while preserving discrimina-
tive performance (AUROC), while DATS further im-
proves calibration with minor AUROC degradation in
some cases.

ROC degradation in some cases, indicating that 367

the calibration behavior generalizes across DLLM 368

variants. 369

To visualize the effect of calibration, Figure 4 370

presents a diagnostic analysis on the full GSM8K 371

evaluation set, where calibration maps are both fit 372

and evaluated on the same data. While these full- 373

set numbers serve as an optimistic upper bound and 374

may differ slightly from the strict split results in 375

Table 5, they illustrate the mechanism. The reliabil- 376

ity diagram (middle panel) shows calibrated scores 377

are much closer to the ideal diagonal, and this im- 378

provement holds for both easy and hard problems 379

(right panel). 380

Beyond GSM8K, we observe similar trends 381

under the same 30/70 split protocol: global TS 382

reduces ECE while leaving AUROC unchanged 383

on MATH-500, GSM-Hard, and TriviaQA (Ap- 384

pendix A13). In summary, these results support the 385

view that a large component of diffusion overconfi- 386

dence is correctable mis-scaling, and that a simple 387

post-hoc map can translate the ranking signal into 388

better-calibrated probabilities. 389

7 Domain Specificity of the Signal 390

Having established the calibration paradox and 391

shown that it can be mitigated by post-hoc scaling, 392

we next ask what the diffusion confidence score 393

is sensitive to. We test the hypothesis that the dis- 394

criminative signal is domain-specific and related to 395

structural consistency rather than a generic prob- 396

ability of correctness. This section evaluates this 397

hypothesis via cross-domain comparisons and tar- 398

geted probes. 399
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Figure 4: The effect of calibration on LLADA-8B (full GSM8K set). Left: Overall ECE drops from 31.2% to below
12% with TS and DATS. Middle: The reliability diagram shows that calibrated predictions (blue/green) are much
closer to the ideal diagonal than the original overconfident scores (red). Right: Recalibration improves ECE for
both easy and hard difficulty bins, demonstrating broad effectiveness.

Task Type Dataset Corr. AUROC

Math

GSM8K +0.403 0.826
SVAMP +0.181 0.680
MATH-500 +0.221 0.836
GSM-Hard +0.197 0.690

Knowledge TriviaQA +0.290 0.729

Table 7: Domain specificity of the discriminative signal.
The strong discrimination (high AUROC and correla-
tion) is most prominent on mathematical reasoning tasks
and weaker on open-domain knowledge QA, suggesting
the signal is not a universal correctness detector.

7.1 The Signal is Strongest in Structured400

Domains401

We begin by comparing structured mathematical402

reasoning to open-domain knowledge retrieval. Ta-403

ble 7 shows that the high AUROC observed on404

GSM8K persists across other math benchmarks.405

On TriviaQA, AUROC is 0.729, which is lower406

than on the math benchmarks and lower than the407

AR baseline on this task (0.850). This pattern sug-408

gests that the diffusion confidence signal is most409

informative in domains with strong internal con-410

straints.411

7.2 Probing the Mechanism412

To probe what drives this domain dependence, we413

test whether token-probability confidence is sen-414

sitive to violations of structural consistency. In415

a math problem, an intermediate arithmetic error416

introduces a contradiction with other quantities in417

the chain, whereas a factual error can remain lo-418

cally fluent. We evaluate this hypothesis with two419

probes.420
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Figure 5: Step-wise confidence traces for representative
examples. Left: On a math problem, confidence can
dip around arithmetic steps, suggesting sensitivity to
computational consistency. Right: On a factual recall
task, confidence remains high and relatively flat.

Step-wise Denoising Analysis. We examine how 421

the discriminative signal evolves during generation. 422

Quantitatively, per-step AUROC increases from 423

early to late denoising on GSM8K (Appendix A16). 424

Figure 5 provides qualitative illustrations of step- 425

wise confidence traces for representative examples. 426

Intervention Probe. We use a controlled inter- 427

vention to isolate sensitivity to arithmetic versus 428

factual errors. We construct minimal pairs that dif- 429

fer by a single substitution, making the statement 430

arithmetically or factually incorrect, and evaluate 431

n=500 pairs for each probe (Appendix A20). Fig- 432

ure 6 shows a representative example for LLADA: 433

forcing an arithmetic error (e.g., 23 + 45 = 72) 434

causes a 28pp drop in confidence, whereas forcing 435

a factual swap (e.g., “Yale is in Boston”) causes 436

a 3.4pp drop. In contrast, the same factual-swap 437

probe yields a larger confidence gap for the AR 438

baseline (Appendix A20), indicating that this asym- 439

metry is probe- and model-dependent. Overall, 440

these results suggest that arithmetic inconsistencies 441

are strongly penalized, while factual substitutions 442

exhibit model- and scoring-dependent behavior. 443
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(a) Arithmetic Probe

correct: 23 + 45 = 68 98.8%

wrong: 23 + 45 = 72 70.6%

∆=28pp

(b) Knowledge Probe

correct: Yale in NewHaven 89.0%

wrong: Yale in Boston 85.6%

∆=3.4pp

Figure 6: Intervention probe comparison. (a) Arith-
metic Probe: Swapping a correct result for an incorrect
one causes a 28pp drop in confidence (AUROC=1.0).
(b) Knowledge Probe: Swapping a correct answer for
an incorrect one causes a 3.4pp drop (AUROC=0.6).

Summary of Evidence. The results are consis-444

tent with a structural-consistency interpretation of445

diffusion confidence, without establishing a causal446

mechanism, and show that the calibration para-447

dox is strongest on mathematical reasoning and448

weaker on less structured tasks such as BBH (Ap-449

pendix A9).450

8 Related Work451

Calibration of Neural Networks and LLMs.452

Post-hoc calibration, particularly temperature scal-453

ing (Guo et al., 2017), is a standard approach for454

aligning a model’s confidence with empirical cor-455

rectness probabilities (Kull et al., 2019; Minderer456

et al., 2021). Recent work extends these ideas to457

LLMs, studying self-knowledge, adaptive calibra-458

tion procedures, and harmonized uncertainty esti-459

mation (Kadavath et al., 2022; Yin et al., 2023; Xie460

et al., 2024; Kapoor et al., 2024; Li et al., 2025).461

We contribute not by proposing a new calibrator,462

but by using established calibration tools to study463

the semantics of a DLLM’s confidence signal and464

to contrast it with AR baselines under a unified465

confidence definition.466

Uncertainty Signals for Reasoning. Many ap-467

proaches to LLM uncertainty aim to construct468

stronger confidence signals, for example via multi-469

sample agreement (self-consistency) (Wang et al.,470

2023), verbalized confidence (Xiong et al., 2024),471

or semantic entropy (Kuhn et al., 2023). These472

methods often improve discrimination but incur473

additional computation or supervision. In con-474

trast, we focus on the native, single-pass token-475

probability confidence of DLLMs and study when476

this signal is informative for discrimination, when477

it fails as a probability, and how lightweight post- 478

hoc calibration can translate it into better-calibrated 479

probabilities. 480

Selective Prediction and Ranking-Based Use. 481

Confidence is frequently used for abstention and 482

selective prediction (Geifman and El-Yaniv, 2017). 483

Our emphasis on discrimination (AUROC) com- 484

plements calibration-focused analyses by explicitly 485

separating ranking utility from probabilistic accu- 486

racy. Relatedly, rank-calibration evaluates uncer- 487

tainty through ranking-based criteria and highlights 488

that ranking quality and probability calibration can 489

diverge (Huang et al., 2024). 490

Diffusion Language Models. Diffusion models 491

were adapted to discrete sequences by Austin et al. 492

(2021) and Hoogeboom et al. (2021). Recent dif- 493

fusion LMs, including LLADA (Nie et al., 2025) 494

and Dream (Ye et al., 2025), have begun to show 495

competitive performance on reasoning tasks. The 496

calibration and uncertainty behavior of these mod- 497

els is less studied than that of AR LMs. Our work 498

provides an empirical analysis of calibration versus 499

discrimination for DLLM confidence under a uni- 500

fied confidence definition, and relates the observed 501

paradox to the bidirectional, iterative generation 502

process. 503

9 Conclusion 504

In this work, we identify, diagnose, and mitigate a 505

calibration paradox in DLLMs. On mathematical 506

reasoning tasks, LLADA is poorly calibrated yet 507

highly discriminative under a unified single-pass 508

confidence definition. We show that miscalibration 509

increases with difficulty while discrimination re- 510

mains high, and provide evidence consistent with 511

a structural-consistency interpretation of the confi- 512

dence signal.Simple post-hoc calibration improves 513

ECE while largely preserving discrimination; Ap- 514

pendix A18 provides context via self-consistency 515

analysis. Practically, our findings suggest that a 516

diffusion model’s single-pass confidence can be 517

useful for ranking and selective prediction on struc- 518

tured reasoning tasks, even before it is well cal- 519

ibrated as a probability. When probabilistic out- 520

puts are required, monotone calibration offers a 521

lightweight way to translate this signal while main- 522

taining its ranking utility. Future work includes iso- 523

lating which architectural components drive this be- 524

havior and improving calibration robustness across 525

domains. 526
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Limitations527

Our analysis focuses on the emerging class of528

DLLMs using LLADA-8B as a representative vari-529

ant. Observations on less capable models suggest530

the identified paradox may be an emergent prop-531

erty tied to model scale and architectural matu-532

rity. Besides, we prioritize structured reasoning533

domains where the proposed mechanism of struc-534

tural consistency is most salient, and restrict our535

evaluation to native single-pass confidence mea-536

sures to highlight the potential for cost-efficient537

uncertainty estimation. We leave the exploration of538

unstructured tasks and computationally expensive539

sampling-based variants to future work.540
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A Appendix 724

A1 DATS Hyperparameter Stability 725

Figure A1.1 studies the stability of Difficulty- 726

Aware Temperature Scaling (DATS) as the number 727

of confidence buckets varies on GSM8K (full-set 728

diagnostic). For LLADA-8B, ECE remains stable 729

at approximately 9.5–9.8% for K ∈ {3, 5, 10}. For 730

the AR baseline (Qwen2.5-7B), DATS achieves 731

near-perfect calibration (ECE < 1%) for suffi- 732

ciently large K. Since DATS is only monotone 733

within buckets, AUROC can change slightly as K 734

varies; Appendix A21 and Appendix A12 report 735

the observed rank effects under our split protocol. 736

A2 ROC Curves 737

Figure A2.1 shows ROC curves comparing 738

LLADA-8B and Qwen2.5-7B on GSM8K. Despite 739

worse calibration, LLADA attains higher AUROC 740

(0.826 vs 0.611), indicating stronger discrimination 741

under the shared single-pass confidence definition. 742

A3 Additional Reliability Diagram 743

Figure A3.1 shows a reliability diagram com- 744

paring LLADA-8B and Qwen2.5-7B on the full 745
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Figure A2.1: ROC curves on GSM8K. LLADA
achieves higher AUROC (0.826) than Qwen2.5 (0.611)
despite worse calibration.

GSM8K evaluation set. The autoregressive base-746

line lies closer to the diagonal (lower ECE 11.7%747

vs 31.2%).748

A4 Additional Arithmetic Consistency Results749

We report arithmetic consistency results for the au-750

toregressive baseline on the same synthetic probe751

used in Section 7. For each randomly sampled752

equation a+b, we construct two prompts differing753

only in the final result c vs. d̸=c and measure the754

mean probability assigned to the result tokens un-755

der Qwen2.5-7B-Instruct. Across 100 such pairs,756

Qwen assigns 97.1% average probability to cor-757

rect results and 56.8% to incorrect ones, yield-758

ing a gap of 40.3 percentage points and AUROC759

= 1.0 when using these scores to distinguish cor-760

rect from wrong chains. This mirrors the DLLM761

probe (LLaDA: 98.8% vs 70.6%, gap ≈28pp, AU-762

ROC = 1.0) and indicates that local arithmetic763

consistency is captured by both model families; the764

main text focuses on how this signal manifests in765
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Reliability Diagram: DLLM vs AR on GSM8K
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Overconfidence Region
AR (Qwen2.5-7B)
DLLM (LLaDA-8B)

Figure A3.1: Reliability diagram on GSM8K. Qwen2.5
is better calibrated while LLADA exhibits overconfi-
dence.

sequence-level discrimination on real benchmarks. 766

A5 Additional Metric Definitions 767

We summarize the definitions of auxiliary metrics 768

used in the paper. Let s ∈ [0, 1] denote a confi- 769

dence score and y ∈ {0, 1} the correctness label. 770

Expected Calibration Error (ECE). Given con- 771

fidence bins Bb, ECE is 772

ECE =
B∑
b=1

|Bb|
n

∣∣acc(Bb)− conf(Bb)
∣∣. (3) 773

Discrimination (AUROC). The Area Under the 774

ROC Curve is 775

AUROC = P
(
s+ > s−

)
, (4) 776

the probability that a randomly chosen correct pre- 777

diction (s+) receives higher confidence than a ran- 778

domly chosen incorrect one (s−). 779

Correlation and Confidence Gap. The 780

confidence–correctness correlation is the Pearson 781

correlation 782

Corr. = corr(s, y), (5) 783

and the confidence gap is the difference between 784

mean confidence on correct and incorrect predic- 785

tions 786

Gap = E[s | y = 1]− E[s | y = 0]. (6) 787
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Brier Score. The Brier score is a proper scoring788

rule that combines calibration and discrimination:789

Brier = E
[
(s− y)2

]
. (7)790

These quantities are used as supporting diagnostics;791

the main conclusions in the paper are based on ECE792

and AUROC.793

A6 Selective Prediction and Risk–Coverage794

We report selective prediction performance on795

GSM8K using risk–coverage curves (Geifman and796

El-Yaniv, 2017). Following standard practice, we797

sort examples by confidence and vary a threshold to798

obtain coverage (fraction of examples we answer)799

and risk (error rate among answered examples).800

The Area Under the Risk–Coverage curve (AURC;801

lower is better) summarizes this trade-off.802

Figure A6.1 shows risk–coverage curves for803

LLADA-8B and Qwen2.5-7B using original and804

calibrated confidences. Qwen achieves a lower805

AURC (0.144 vs. 0.176), reflecting its higher over-806

all accuracy, while temperature scaling (and DATS807

where evaluated) leaves AURC essentially un-808

changed. In this setting, selective prediction is809

therefore dominated by accuracy, whereas the diffu-810

sion advantage primarily appears in AUROC-based811

discrimination at full coverage.812
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GSM8K Risk-Coverage Curves

LLaDA Original (AURC=0.176)
LLaDA TS (AURC=0.176)
LLaDA DATS (AURC=0.176)
Qwen Original (AURC=0.144)
Qwen TS (AURC=0.144)

Figure A6.1: Risk–coverage curves on GSM8K.
Qwen2.5-7B attains a lower AURC than LLADA, con-
sistent with its higher accuracy, while calibration has
little effect on AURC. In contrast, LLADA maintains
higher AUROC at full coverage in the main results.

A7 Cross-Task Calibration for AR Baselines813

Table A7.1 reports the effect of transferring814

GSM8K calibration parameters to other math815

benchmarks for the autoregressive baseline816

Qwen2.5-7B. We use the same protocol as for dif-817

fusion: a single temperature and confidence-based818

DATS mapping learned on GSM8K are applied 819

without retraining. 820

Target ECEorig ECETS ECEDATS AUROC

GSM-Hard 41.9 29.9 32.7 0.671
SVAMP 10.2 5.1 3.8 0.560

Table A7.1: Cross-task calibration transfer for Qwen2.5-
7B. Temperatures and DATS buckets are learned on
GSM8K and applied to other math benchmarks without
re-fitting. Global temperature scaling reduces ECE (15-
bin ECE) on GSM-Hard and SVAMP while preserving
AUROC, suggesting a transferable scaling component
within the math domain.

A8 Additional Calibration Baselines and 821

Aggregators 822

Non-parametric post-hoc calibration. We fit 823

histogram binning and isotonic regression cali- 824

brators (Kull et al., 2019; Vaicenavicius et al., 825

2019; Zadrozny and Elkan, 2002; Pakdaman Naeini 826

et al., 2015; Niculescu-Mizil and Caruana, 2005) 827

on GSM8K confidences. Both methods drive ECE 828

to (near) zero for LLADA and Qwen (0.31→0.00 829

and 0.12→0.00, respectively) while leaving AU- 830

ROC essentially unchanged (0.826→0.825/0.833 831

for LLADA, 0.611→0.623/0.626 for Qwen). This 832

supports the interpretation that the dominant error 833

is global mis-scaling, which can be corrected post- 834

hoc without materially changing the underlying 835

ranking signal. 836

Aggregation ablations. We probe the robustness 837

of sequence-level confidence to the choice of ag- 838

gregation over token probabilities. For the autore- 839

gressive baseline on GSM8K, using the same per- 840

token probabilities, we compare mean aggregation 841

(default), minimum token probability, geometric 842

mean over all tokens, and an answer-region proxy 843

given by the geometric mean over the last K=8 844

tokens. Mean and full-sequence geometric mean 845

yield similar ECE and AUROC (0.12 vs 0.10 ECE, 846

0.611 vs 0.614 AUROC). In contrast, the minimum 847

aggregator substantially worsens ECE (0.52) de- 848

spite slightly higher AUROC (0.663), and the tail- 849

based answer proxy performs worse (ECE≈0.14, 850

AUROC≈0.49). For LLADA-8B, a GSM8K sub- 851

sample with token-level confidences shows a sim- 852

ilar ordering: mean aggregation attains the high- 853

est AUROC (≈0.855), geometric mean is slightly 854

worse (≈0.84), and minimum aggregation degrades 855

AUROC substantially (≈0.72). These ablations 856
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indicate that the main qualitative conclusions do857

not hinge on a particular reasonable aggregation858

choice; we therefore adopt mean pooling for both859

model families.860

A9 BBH Validation on Logical Reasoning861

To probe the generality of the diffusion confidence862

signal beyond math and factual QA, we evalu-863

ate LLADA-8B-Instruct on three Big-Bench Hard864

(BBH) subtasks: logical_deduction_three_objects,865

boolean_expressions, and date_understanding, us-866

ing the same confidence extraction protocol as in867

the main text. Table A9.1 reports accuracy, mean868

confidence, correlation, and confidence gap on the869

held-out test sets.870

Subtask Acc Conf. Corr. Gap

logical_deduction_3obj 86.8 98.7 +0.04 +0.08
boolean_expressions 0.0 97.8 +0.00 −97.79
date_understanding 68.4 97.1 +0.02 +0.07

Table A9.1: BBH validation results for LLADA-8B-
Instruct. The model is extremely overconfident across
all subtasks (confidence ≈97–99%), with weak or even
degenerate discrimination on boolean_expressions. We
therefore use BBH as a stress test and focus our main
analysis on math word problems and factual QA, where
the discriminative signal is more stable.

A10 Brier Score Summary on GSM8K871

Table A10.1 summarizes Brier scores on GSM8K872

before and after global temperature scaling. For873

LLADA-8B, Brier improves from 0.299 to 0.212874

(a reduction of 0.087); for Qwen2.5-7B, Brier im-875

proves from 0.172 to 0.158. These trends mirror876

the ECE reductions reported in the main text under877

a proper scoring rule.878

Model Brierorig BrierTS AUROC

LLADA-8B (DLLM) 0.299 0.212 0.826
Qwen2.5-7B (AR) 0.172 0.158 0.611

Table A10.1: Brier scores on GSM8K before and after
temperature scaling. Lower is better; both models bene-
fit from TS while preserving AUROC.

A11 ECE Estimator Robustness on GSM8K879

ECE depends on the choice of binning scheme.880

To test whether our conclusions are artifacts of a881

particular estimator, we recompute GSM8K ECE882

using equal-width bins with B ∈ {10, 15, 30} as883

well as equal-mass (quantile) bins with B=15. Ta- 884

ble A11.1 shows that the reported ECE values are 885

unchanged under these variants for both LLADA 886

and Qwen, consistent with the fact that miscalibra- 887

tion is dominated by a large, global mis-scaling. 888

Model EW-B=10 EW-B=15 EW-B=30 EM-B=15

LLADA-8B (DLLM) 31.2 31.2 31.2 31.2
Qwen2.5-7B (AR) 11.7 11.7 11.7 11.7

Table A11.1: ECE robustness on GSM8K (full set). EW
denotes equal-width bins and EM denotes equal-mass
(quantile) bins. ECE is reported in %.

A12 AUROC Under Calibration 889

Global temperature scaling is strictly monotone 890

and therefore preserves AUROC exactly. DATS is 891

monotone within each bucket but can violate global 892

monotonicity across bucket boundaries; AUROC 893

invariance is therefore not guaranteed. Table A12.1 894

reports AUROC before and after calibration on 895

GSM8K under the 30/70 split protocol (seed 0). 896

We observe no AUROC change for global tempera- 897

ture scaling, and only a small AUROC change for 898

DATS. 899

Dataset Model AUROCorig AUROCTS AUROCDATS ∆AUROC

GSM8K LLADA-8B 0.8260 0.8260 0.8260 +0.0000
GSM8K Qwen2.5-7B 0.6224 0.6224 0.6261 +0.0037

Table A12.1: AUROC before and after calibration on
GSM8K (30% calibration, 70% test, seed 0). Global
temperature scaling preserves AUROC exactly, while
DATS induces a small AUROC change due to cross-
bucket effects.

A13 Additional Split Calibration Results 900

For non-GSM8K benchmarks we use the same 901

30/70 calibration protocol as on GSM8K: tem- 902

peratures are fit on a 30% calibration split and 903

evaluated on the remaining 70% test split (seed 904

0). Table A13.1 reports results for LLADA-8B 905

on MATH-500, GSM-Hard, and TriviaQA. In all 906

three cases, TS substantially reduces ECE while 907

leaving AUROC unchanged, suggesting that the 908

calibration gains observed on GSM8K carry over 909

to other tasks. 910

A14 Full-Set Calibration Diagnostics 911

Table A14.1 reports calibration results when tem- 912

peratures are fit and evaluated on the full evalua- 913

tion sets. These numbers provide optimistic upper 914

bounds on achievable ECE reductions and are use- 915

ful for comparison with prior work that does not 916

13



Dataset ECEorig ECETS AUROCorig AUROCTS

MATH-500 73.7 42.5 0.848 0.848
GSM-Hard 67.6 33.2 0.684 0.684
TriviaQA 51.0 17.6 0.727 0.727

Table A13.1: Additional split calibration results for
LLADA-8B (DLLM). Temperatures are fit on 30% of
the data and ECE/AUROC are reported on the held-out
70% test split. TS reduces ECE substantially while leav-
ing AUROC unchanged, confirming that the calibration
gains observed on GSM8K generalize to other tasks.

use a held-out calibration split. Our main claims917

in the paper are based on the 30/70 split protocol918

(Tables 5 and A13.1).919

Dataset ECEorig ECETS ECEDATS AUROC

GSM8K 31.2 11.5 9.6 0.826
MATH-500 73.5 41.7 41.7 0.836
GSM-Hard 68.2 33.6 33.6 0.690
TriviaQA 51.0 17.2 17.7 0.729

Table A14.1: Full-set calibration diagnostics for
LLADA-8B. Temperatures and DATS buckets are fit on
the full evaluation sets and evaluated on the same data.
These are diagnostic upper bounds; our main claims use
the 30/70 split protocol.

A15 Difficulty Bin Operationalization920

For the difficulty-conditional analysis in Section 5,921

we use a simple operation-count proxy computed922

from the GSM8K ground-truth solution annota-923

tion. For each example, we count occurrences of924

arithmetic symbols (+, −, ×, ÷) appearing in the925

annotated solution text. This proxy is determinis-926

tic, requires no model-generated reasoning, and is927

reproducible from the public GSM8K annotations.928

Using this proxy, we partition the 1,319 GSM8K929

examples into four bins: Easy (0–4 ops, n=279),930

Medium (5–7 ops, n=414), Hard (8–10 ops,931

n=355), and Hardest (11+ ops, n=271). We re-932

lease the exact implementation and the derived per-933

example counts with the code.934

A16 Step-Wise Discrimination Protocol935

For the step-wise diffusion analysis in Section 7,936

we compute per-step AUROC as follows. At each937

diffusion step t ∈ {0, 1, . . . , T−1}, we record the938

mean token probability over currently unmasked939

positions. We then compute AUROC by treating940

this per-step confidence as the score and the final941

correctness label as the binary target. On GSM8K,942

early steps (0–41) yield mean AUROC 0.519 (near943

random), middle steps (42–84) yield 0.566, and late 944

steps (85–127) yield 0.593, despite average con- 945

fidence remaining saturated (> 0.99) throughout. 946

This indicates that discriminative signal emerges 947

gradually and concentrates in the final denoising 948

phase when the model must commit to globally 949

consistent token sequences. 950

A17 DLLM Scoring-Choice Sensitivity 951

Our main DLLM confidence is computed from 952

a final teacher-forced forward pass on the fully 953

denoised sequence (Section 3). Since diffusion 954

sampling also records a per-step confidence trace, 955

we evaluate simple path-derived alternatives that 956

aggregate this trace. Table A17.1 shows that step- 957

aggregated path scores are highly saturated (mean 958

≈ 0.999) and yield substantially lower AUROC 959

than the final forward score. This motivates re- 960

porting step-wise AUROC as a diagnostic of when 961

discrimination emerges, while using the final for- 962

ward score as the primary single-pass confidence 963

for downstream ranking and calibration. 964

DLLM score (GSM8K) AUROC ECE (%)

Final forward (paper default) 0.826 31.2
Path: last step 0.547 37.1
Path: mean over all steps 0.724 37.0
Path: mean over last 8 steps 0.731 37.0

Table A17.1: Sensitivity to DLLM scoring choice on
GSM8K (full set). “Path” scores are computed from
the per-step confidence trace recorded during diffusion
sampling.

A18 Self-Consistency Baseline for AR Models 965

To address the concern that logit-based AR confi- 966

dence may underestimate the discriminative po- 967

tential of autoregressive models, we evaluate a 968

self-consistency baseline (Wang et al., 2023) on 969

GSM8K using Qwen2.5-7B-Instruct. For each 970

question, we sample K=5 chains of thought with 971

temperature 0.7, extract the final numeric answer 972

from each sample, and define self-consistency con- 973

fidence as the fraction of samples agreeing with the 974

majority-vote answer. Correctness is determined by 975

whether the majority answer matches the ground 976

truth. 977

Table A18.1 shows that self-consistency 978

strengthens AR discrimination (AUROC 0.863) but 979

requires 5× sampling. In contrast, LLADA attains 980

AUROC 0.826 in a single pass, highlighting a cost– 981

discrimination trade-off between multi-sample AR 982
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Method AUROC Accuracy Cost

AR logit-based (Qwen) 0.611 79.8% 1×
DLLM (LLADA) 0.826 62.9% 1×
AR self-consistency (K=5) 0.863 89.4% 5×

Table A18.1: Self-consistency baseline on GSM8K.
With K=5 samples, AR self-consistency achieves AU-
ROC 0.863 at 5× decoding cost. For reference, single-
pass token-probability confidence yields AUROC 0.611
for Qwen and 0.826 for LLADA at 1× cost.

confidence and single-pass diffusion confidence.983

A19 Alternative Self-Consistency Scores984

Self-consistency produces a distribution over K985

sampled answers. Beyond the majority-agreement986

ratio pmax, one can derive confidence from pre-987

dictive entropy or from the margin between the988

most frequent and second-most frequent answers.989

Table A19.1 reports these variants on GSM8K for990

Qwen2.5-7B-Instruct using the same K=5 samples991

and majority-vote correctness labels. All variants992

yield similar AUROC (0.863–0.865), suggesting993

that the gain is driven primarily by multi-sample994

agreement rather than a specific functional form.995

Score AUROC

pmax (agreement ratio) 0.863
1−H/ logK (entropy confidence) 0.864
pmax − p2 (margin) 0.865

Table A19.1: Alternative self-consistency confidence
scores on GSM8K (Qwen2.5-7B, K=5). All agreement-
derived scores yield similar AUROC.

A20 Probe Scaling: n=100 vs. n=500996

To address concerns that our intervention probes997

use small sample sizes, we repeat the arithmetic998

and TriviaQA swap probes with n=500 pairs. Ta-999

ble A20.1 shows that the qualitative contrast per-1000

sists: arithmetic swaps induce a large confidence1001

drop, while TriviaQA answer swaps induce a much1002

smaller drop and weaker discrimination.1003

A21 DATS Monotonicity Across Seeds1004

DATS is monotone within each bucket but not nec-1005

essarily globally monotone across bucket bound-1006

aries. We therefore quantify the induced rank in-1007

versions and AUROC changes under the 30/701008

split protocol across five random seeds (0–4). Ta-1009

ble A21.1 shows that for LLADA with K=5,1010

DATS is nearly globally monotone on the test split1011

Probe Model n pcorrect pwrong Gap AUROC

Arithmetic LLADA 100 98.8 70.6 28.2 1.000
Arithmetic LLADA 500 98.7 73.1 25.6 0.996

TriviaQA swap LLADA 100 89.0 85.6 3.4 0.603
TriviaQA swap LLADA 500 88.8 86.6 2.2 0.571
TriviaQA swap Qwen2.5-7B 100 30.3 14.1 16.2 0.702
TriviaQA swap Qwen2.5-7B 500 31.3 13.5 17.9 0.734

Arithmetic Qwen2.5-7B 100 97.1 56.8 40.3 1.000
Arithmetic Qwen2.5-7B 500 97.8 57.3 40.5 1.000

Table A20.1: Scaled intervention probes. Probabilities
are means over answer/result tokens (in %).

(inversion fraction ≈ 10−6) and AUROC changes 1012

are negligible. For larger K, and for Qwen, global 1013

non-monotonicity becomes more pronounced and 1014

AUROC can change accordingly. These results 1015

motivate reporting AUROC deltas explicitly and 1016

using global temperature scaling when strict rank 1017

preservation is required. 1018

Model K ∆AUROC (mean±std) Inversion frac. (mean)

LLADA 5 +0.0000± 0.0000 2.8× 10−6

LLADA 10 −0.0080± 0.0054 6.3× 10−2

Qwen2.5-7B 5 −0.0160± 0.0160 1.2× 10−1

Table A21.1: DATS rank effects on GSM8K under
the 30/70 split protocol, aggregated over seeds 0–4.
∆AUROC is measured relative to the uncalibrated con-
fidence on the same test split.

A22 Length-Stratified GSM8K Analysis 1019

To test whether the observed discrimination differ- 1020

ences are driven by output length, we bin GSM8K 1021

examples by the generated output length (word- 1022

count proxy) and recompute AUROC and ECE 1023

within each bin. Table A22.1 shows that LLADA 1024

retains strong discrimination across bins, while 1025

Qwen’s AUROC decreases on the longest traces as 1026

accuracy drops and calibration degrades. 1027

Model Length bin n Mean len. Acc (%) ECE (%) AUROC

LLADA 9–155 440 116.5 68.9 24.1 0.852
LLADA 155–224 440 187.4 69.8 26.9 0.762
LLADA 224–510 439 293.4 50.1 42.6 0.811

Qwen2.5-7B 61–155 440 124.9 91.4 0.8 0.665
Qwen2.5-7B 155–216 440 182.1 85.2 6.9 0.647
Qwen2.5-7B 216–410 439 286.6 62.9 28.4 0.585

Table A22.1: Length-stratified GSM8K results using a
word-count proxy for generated output length.
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