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Abstract

Diffusion large language models (DLLMs)
have emerged as a promising alternative to
autoregressive (AR) generation, uniquely of-
fering token-level probabilities under bidirec-
tional context. However, the semantics of their
native uncertainty estimates remain underex-
plored. In this work, we uncover a calibration
paradox inherent to the bidirectional gener-
ation mechanism of state-of-the-art DLLMs.
Concretely, we demonstrate that diffusion con-
fidence is structurally distinct from AR like-
lihood. Notably, LLADA-8B is highly mis-
calibrated (31.2% ECE) on mathematical rea-
soning benchmarks, yet possesses superior dis-
criminative power (0.826 AUROC), signifi-
cantly outperforming comparable AR baselines
in single-pass settings (0.611 AUROC). We
diagnose that this paradox arises because dif-
fusion confidence functions less like a proba-
bility of correctness and more like a proxy for
structural consistency enabled by the model’s
bidirectional access to the entire solution path.
We further show that lightweight post-hoc cal-
ibration can reconcile this gap, reducing ECE
by over 60% while preserving the strong rank-
ing signal. Our findings suggest that DLLMs
offer a unique, cost-efficient uncertainty signal
for reasoning tasks that complements expensive
AR approaches.

1 Introduction

Large language models (LLMs) deployed in high-
stakes reasoning domains require not only high
accuracy but also reliable uncertainty estimates to
support downstream decision-making (Guo et al.,
2017). Alongside autoregressive (AR) generation,
diffusion large language models (DLLMs) have
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The code is available at https://github.com/
puddingyeah/confidence-paradox-dllm.

recently emerged as a compelling alternative, of-
fering parallel generation capabilities and bidirec-
tional context awareness. However, unlike the ex-
tensively studied probability landscape of AR mod-
els, the semantics of uncertainty in this emerging
model class remain largely underexplored.

In this work, we investigate semantics of uncer-
tainty in the DLLM model class under a unified,
single-pass confidence definition derived from to-
ken probabilities, thus allowing a direct compar-
ison to AR baselines. On popular mathematical
reasoning benchmarks, we uncover a striking cal-
ibration paradox phenomenon as shown in Fig-
ure 1. We observe that DLLMs are severely miscal-
ibrated as probabilistic estimators, e.g., LLADA-
8B exhibits an Expected Calibration Error (ECE)
of 31.2% compared to 11.7% for AR baselines. Yet
the same score is a strong discriminator of correct-
ness: LLADA attains 0.826 AUROC, while the
AR baseline attains 0.611 AUROC. This gap sug-
gests that diffusion confidence contains a strong
discriminative signal masked by poor scaling.

We diagnose this paradox as a result of the
unique bidirectional generation mechanism of
DLLMs. Unlike AR models that predict the next
token based solely on the prefix, DLLMs refine the
entire sequence iteratively, accessing bidirectional
context at every step. We hypothesize and provide
evidence that their confidence scores function less
like probabilities of correctness and more like prox-
ies for structural consistency—the degree to which
the generated solution path is internally coherent.
This makes the signal particularly sensitive to logi-
cal and arithmetic contradictions (common in math
reasoning) even when the surface form remains flu-
ent, explaining its superior discriminative power in
structured domains.

Crucially, we show that this paradox is resolv-
able. Since the ranking signal is intact, the poor
calibration is merely a structured scaling distor-
tion. We demonstrate that monotone post-hoc re-
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Figure 1: An example of the calibration paradox in LLADA-8B on GSMS8K (full-set diagnostic view). 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.

calibration can translate diffusion confidence into
better-calibrated probabilities without destroying
discrimination, reducing ECE by over 60% while
preserving the strong discriminative signal. This
finding positions DLLMs not just as a generation
alternative, but as a source of cost-efficient, high-
quality uncertainty estimates that can complement
expensive AR approaches without the computa-
tional overhead of multiple samples.

To summarize, our contributions are three-fold:

(i) We identify and quantify the calibration para-
dox in DLLMs, where severe probabilistic miscali-
bration coexists with superior discriminative power,
significantly outperforming single-pass autoregres-
sive baselines in reasoning tasks.

(ii) We trace this paradox to the bidirectional gen-
eration mechanism of DLLMs, showing that their
confidence acts as a proxy for structural consistency
rather than pure likelihood, leading to difficulty-
dependent scaling distortions.

(iii)) We demonstrate that lightweight post-hoc
calibration effectively resolves this gap without
extra sampling overhead, establishing DLLMs as
a source of cost-efficient uncertainty estimates that
complement expensive AR approaches.

2 Background

Problem Setting. We study sequence-level confi-
dence scores produced by reasoning models. Given
a prompt, a model generates an answer together
with a scalar confidence score. Two aspects of
this score matter here: calibration, which mea-
sures how well confidence matches correctness,
and discrimination, which measures how well the

score separates correct answers from incorrect ones.
These two properties can diverge.

Table 1 previews this divergence across bench-
marks; the rest of the paper asks where it comes
from and when it persists.

2.1 Calibration and Discrimination

A perfectly calibrated model satisfies P(y=1 |
p) = p, where p denotes the model’s confidence
and y € {0, 1} the correctness label. We quan-
tify deviations from this ideal using ECE, which
measures the average gap between confidence and
accuracy across confidence bins By:

~ 1By
ECE = Z Tb lacc(By) — conf(By)|. (1)
b=1

Calibration measures probabilistic alignment but
does not capture ranking quality. We therefore mea-
sure discrimination using the Area Under the ROC
Curve (AUROC), defined as the probability that a
randomly chosen correct example receives a higher
confidence score than a randomly chosen incorrect
one (Huang et al., 2024). A score can therefore
exhibit high AUROC even when the underlying
probabilities are poorly calibrated.

Post-hoc calibration methods such as global tem-
perature scaling (TS) rely on the fact that AUROC
is invariant to strictly monotone transformations,
so ECE can be reduced without changing discrim-
ination. We focus on TS and a difficulty-aware
extension (DATS). Because DATS is not globally
monotone, it can introduce small rank changes; we
measure these effects empirically (Appendix C.1,
Appendix B.3). See Appendix C.4 reports several
additional calibrators.
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GSMSK SVAMP

MATH-500 GSM-Hard TriviaQA

ECE| AUROCt Acc ECE| AUROCt Acc ECE| AUROCt

Model Acc ECE| AUROCt Acc ECE| AUROCT Acc
Diffusion Large Language Models (DLLMs)

LLADA-8B 629 31.2 0.826 86.2 108 0.680 15.6
Autoregressive LMs (AR)

Qwen2.5-7B  79.8 117 0.611 83.1 10.2 0.560  46.8
Llama-3.1-8B 822 9.0 0.737 843 7.1 0.790 56.8

73.5 0.836 248 682 0.690 434 56.0 0.533
49.6 0.549 524 419 0.671 57.8 303 0.850
339 0.576 321 578 0.691 735 13.1 0.839

Table 1: Overview of baseline performance. LLADA shows poor calibration but strong discrimination on several
mathematical reasoning benchmarks. The contrast is strongest relative to the matched Qwen baseline on GSM8K
and MATH-500, but it does not hold uniformly across all AR baselines or on TriviaQA.

2.2 Diffusion Large Language Models

Unlike AR models that generate tokens sequen-
tially, DLLMs such as LLADA (Nie et al., 2025)
iteratively refine a sequence over 7' steps using
bidirectional context. While the corruption sched-
ule and update rule vary across models, the final
denoising step yields per-token probabilities for the
fully specified sequence. We aggregate these prob-
abilities into a sequence-level confidence score that
is directly comparable to token-probability-based
confidence in AR baselines.

3 Experimental Setup

3.1 Models and Datasets

We center the analysis on LLADA-8B-
Instruct (Nie et al., 2025),! a state-of-the-art
DLLM. We compare it against strong AR counter-
parts of similar scale: Qwen2.5-7B-Instruct and
Llama-3.1-8B-Instruct.

We evaluate these models on a suite of bench-
marks. For mathematical reasoning, we use
GSMBS8K (Cobbe et al., 2021), SVAMP, the more
difficult GSM-Hard (Gao et al., 2023), and the
competition-level MATH-500 (Hendrycks et al.,
2021). To test domain specificity, we use the open-
domain TriviaQA (Joshi et al., 2017) and logical
reasoning tasks from BBH (Suzgun et al., 2023),
with BBH results reported in Appendix D.5.

Table 1 summarizes baseline performance across
these datasets. Unless specified otherwise, we re-
port accuracy, ECE, and AUROC on the standard
evaluation split for each benchmark (e.g., the full
GSMBSK test set). For post-hoc calibration experi-
ments, we use a held-out 30/70 calibration/test split
as described below.

'Section 6.2 also evaluates additional DLLM variants un-
der the same protocol.

3.2 Generation and Confidence Extraction

For the main comparisons (LLADA, Qwen, and
Llama), we match task-level prompting and decod-
ing settings within each benchmark. For mathemat-
ical reasoning, we use chain-of-thought prompting
with a maximum generation length of 512 tokens
(256 for the shorter SVAMP problems). For Trivi-
aQA, we use a direct-answer prompt and a 64-token
limit. All models generate outputs deterministically
(temperature O for AR models; greedy decoding
for LLADA with T'=128 diffusion steps) and run
in BFLOAT16.

We define a unified, single-pass confidence score
for both model families. Sequence-level confidence
c is the mean probability over generated output to-
kens: ¢ = % > i, pi, where p; is the softmax
probability assigned to the i-th generated output
token y;. For AR models, we decode once and take
p; as the standard next-token probability at genera-
tion step ¢. For LLADA, after decoding we run one
final forward pass at t=7" under teacher forcing on
the full generated sequence and read the probability
of y; at its position; we do not average probabilities
across the denoising trajectory. Unless stated oth-
erwise, we compute ECE with B=15 equal-width
bins; for SVAMP, we use B=10 following the offi-

cial task-specific script.

This scoring rule lets us compare token-
probability confidence across model families un-
der a shared definition. It does not assume strict
probabilistic equivalence between DLLM final-step
token probabilities and AR next-token probabili-
ties. We report robustness checks for alternative
aggregations and for path-derived diffusion scores
in the appendix (Appendix C.4, Appendix D.3).
Throughout, “single-pass” means one generated
sample plus one deterministic scoring pass, not
repeated sampling.
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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; intermediate steps illustrate partial denoising
as masked positions (M) are progressively filled in. (b) For autoregressive models, we use the same aggregation
over standard next-token probabilities to ensure a fair comparison. (c¢) Our deployable DATS implementation
uses raw confidence as a proxy, partitions examples into K equal-mass confidence buckets, and learns a separate
temperature T}, for each, mapping the raw confidence c to a calibrated score ¢.

Calibration Protocol. Unless stated otherwise,
we evaluate post-hoc calibration with a 30/70 cali-
bration/test split on each dataset (seed 0): tempera-
tures and DATS mappings are fit on the 30% cali-
bration split and evaluated on the held-out 70% test
split. When we report full-set calibration curves,
we label them as diagnostic upper bounds (Ap-
pendix B.2).

Answer Extraction and Correctness. We use
standard task-specific correctness rules. For math
benchmarks, we extract the final numeric result, pri-
oritizing marked answers such as \boxed{} when
available, and compare it against the gold answer
using a small tolerance (< 10~3). For TriviaQA,
we normalize both the prediction and the gold
aliases by lowercasing and removing punctuation
and articles, then accept a match against any alias.
These rules prevent trivial formatting differences
from distorting confidence scores.

4 The Calibration Paradox

Model confidence serves two distinct roles that are
often conflated: calibration, its alignment with the
true probability of correctness, and discrimination,
its ability to separate correct predictions from in-
correct ones. On mathematical reasoning, DLLMs
can excel at discrimination even when they are
poorly calibrated. We refer to this mismatch as the
calibration paradox.

4.1 Poor Calibration, Strong Discrimination

We start with GSMS8K, where the paradox is clear-
est. Table 2 shows that under our confidence defini-
tion, LLADA is much more overconfident than the

Model Acc. ECE| AUROCYT Gap
Qwen2.5-7B  79.8% 11.7% 0.611 +1.3%
LLADA-8B  629% 31.2% 0.826 +9.7%

Table 2: The calibration paradox on GSM8K. LLADA
is overconfident (high ECE) but more discriminative
(high AUROC). Confidence gap = mean confidence on
correct answers minus mean confidence on incorrect
answers.

AR baseline, with an ECE of 31.2% compared to
11.7% for Qwen. At the same time, its confidence
is a stronger discriminator, reaching an AUROC of
0.826 compared to 0.611. While the models dif-
fer in accuracy, AUROC still lets us compare how
well each model ranks its own correct and incorrect
predictions.

The confidence gap shows the same pattern.
LLADA assigns 9.7 percentage points more con-
fidence to its correct answers on average, whereas
the gap for Qwen is 1.3 points. Even when the
score is poorly scaled, it still carries useful rank-
ing information. Bootstrap resampling on GSM8K
confirms that both gaps are stable: the DLLM-AR
AUROC difference is 0.215 with a 95% confidence
interval of [0.170, 0.259], and the ECE difference
is 19.5 percentage points with a 95% confidence
interval of [16.2, 22.7] (Appendix C.7).

Figure 3 shows the same pattern in threshold
space: on GSMS8K, the DLLM ROC curve stays
above the AR baseline across most operating points
even though its raw confidence is much more mis-
scaled. The paradox is therefore not tied to a single
threshold or summary statistic; it reflects a broader
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Figure 3: ROC curves on GSMS8K under the shared
single-pass confidence definition. LLADA stays above
the matched Qwen2.5-7B baseline across most operat-
ing points, showing that the ranking advantage is not
tied to a single threshold.

ranking advantage of the native diffusion score on
GSMSK.

Resolving the Paradox. This tension between
poor calibration and strong discrimination moti-
vates the rest of the paper. We first examine how
the mismatch changes with difficulty (Section 5),
then ask whether post-hoc calibration reduces it
(Section 6), and finally ask what the signal is actu-
ally tracking (Section 7).

5 Difficulty-Conditional Miscalibration

To better understand this mismatch, we ask whether
miscalibration changes with problem difficulty.
As problems become harder, LLADA’s overconfi-
dence increases while its discriminative signal re-
mains. This pattern fits a simple scaling-distortion
view: the score still separates correct from incor-
rect answers, but its mapping to probabilities gets
worse. Figure 2 summarizes the confidence extrac-
tion and calibration pipeline used in the analysis
that follows.

5.1 Miscalibration Worsens with Difficulty

We first examine how LLADA’s calibration
changes on GSMS8K as problems become more
complex. Using the number of arithmetic opera-
tions in the ground-truth solution as a difficulty

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.

Miscalibration gap Accuracy
Confidence ECE (right axis)
X 100 4 L 100
)
Q
= 80 A - 80
[5)
= 3
= 60 - 60 &
)
N 40 40 8
Z 4 L
> [
9)
g 20 - 20
8 634 61.2 725 78.0 —8L3
< 0 T T T T T 0

L1 L2 L3 L4 L5
Difficulty Level

Figure 4: Difficulty-conditional analysis on MATH-
500. As difficulty increases, accuracy falls, confidence
remains high, and ECE rises.

proxy,? we partition the dataset into four bins. This
oracle proxy is used only for diagnosis. In Sec-
tion 6, we also evaluate confidence-binned cali-
bration that does not require ground-truth annota-
tions. Table 3 shows that ECE increases mono-
tonically with difficulty, rising from 21.8% on the
easiest problems to 41.7% on the hardest. At the
same time, the confidence—correctness correlation
remains positive across all bins. The confidence
score thus retains ranking information even as its
alignment with true probabilities degrades.

5.2 Validation on Harder Benchmarks

To check that this pattern is not specific to GSM8K,
we evaluate it on two harder benchmarks: MATH-
500 and GSM-Hard. Figure 4 shows that on
MATH-500, accuracy decreases with difficulty
while average confidence remains high, causing
ECE to climb from 63.4% to 81.3%.

Table 4 shows the same pattern on the harder
math benchmarks. As the tasks become harder,
LLADA'’s ECE increases, while AUROC and cor-
relation remain positive. On GSM-Hard, the AR

*We count all occurrences of {4, —, X, =} in the anno-

tated solution text. See Appendix A.1 for binning details and
proxy limitations.
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Dataset Model Acc. ECE| AUROCT Corr.
GSMBK LLADA 62.9% 31.2% 0.826 +0.403
MATH-500 LLADA 15.6% 73.5% 0.836 +0.221
GSM-Hard LLADA 248% 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.

model Qwen achieves better calibration but only
comparable discrimination to LLADA (AUROC
0.671 vs. 0.690). The same score therefore be-
comes harder to read as a probability even though
it still carries useful ranking information.

6 Difficulty-Aware Temperature Scaling

Section 5 suggests that this mismatch mainly re-
flects structured mis-scaling rather than a missing
signal. This makes post-hoc recalibration the nat-
ural next step. We study lightweight calibration
methods that map the raw confidence score to a
better-calibrated probability while preserving dis-
crimination.

6.1 Method: Rescaling the Signal

We evaluate two methods. The first is standard
global temperature scaling (TS) (Guo et al.,
2017), which corrects for a consistent over- or
under-confidence across all examples. We adapt it
to scalar confidence scores p € (0, 1) by rescaling
their log-odds:

Pscaled = U(logit(p)/T)- (2)

A single temperature 7' is fit by minimizing binary
negative log-likelihood on the calibration split after
clipping confidence values to [¢, 1 — ¢] before the
logit transform, and is then applied to all test exam-
ples. Since this transformation is strictly monotone,
it preserves AUROC by construction.

The difficulty analysis also showed that miscali-
bration worsens with difficulty. This motivates our
second method, Difficulty-Aware Temperature
Scaling (DATS). In our deployable setting, DATS
sorts calibration examples by raw confidence, di-
vides them into K equal-mass buckets, fits one
temperature T}, per bucket on the calibration split,
and applies the corresponding bucket-wise map to
test examples according to their raw-confidence
bucket. Unless stated otherwise, our split-based

GSMSK
ECE, AECE 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 induces only a small AUROC change for Qwen
(A= + 0.004) and a minimal change for LLADA
(A < 0.0001).

results use this confidence-bucketed DAT'S; oracle
difficulty (operation count) is used only for diagno-
sis in Section 5 and Appendix A.1. Appendix A.4
reports the exact GSM8K seed-0 bucket boundaries
and temperatures.

Protocol. For each benchmark, we fit calibration
mappings on a 30% split and evaluate ECE and
AUROC on the remaining 70%.

6.2 Results

We start with the held-out 70% test split of GSM8K,
with all calibration mappings fit on the 30% cal-
ibration split. Table 5 shows that post-hoc cali-
bration substantially reduces ECE. Global TS re-
duces LLADA’s ECE from 31.0% to 12.1%, while
leaving AUROC at 0.826 by construction. DATS
further reduces ECE to 10.1%. For Qwen, DATS
increases AUROC from 0.622 to 0.626, whereas
the change for LLADA is minimal (A < 0.0001).
The main picture is simple: much of the initial mis-
calibration can be corrected with a monotone or
near-monotone remapping of the score.

Rank Preservation. TS preserves AUROC ex-
actly because it is monotone, while DATS may
induce small rank changes across buckets; we re-
port AUROC variations and rank inversion statis-
tics across random seeds in Appendix C.1.

Generalization Across DLLM Variants. To test
whether this mismatch generalizes beyond a sin-
gle model, we evaluate several DLLM variants
that share a common backbone but differ in scale
and training objectives, including LLaDA2.0-mini,
its CAP-trained variant (Bie et al., 2025), and
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Model ECE| (%) AUROCT
Orig TS DATS Orig TS DATS
LLaDAZ2.0-mini 70.0 383 383 0.798 0.798 0.798

LLaDA2.0-mini-CAP 748 438 438 0.824 0.824 0.824
LLaDA-8B-Instruct-SFT 48.1 289 292 0.839 0.839 0.809

Table 6: Calibration generalizes across DLLM vari-
ants on GSM8K-200. All models are poorly calibrated
before post-hoc scaling; TS consistently reduces ECE
while preserving AUROC, while DATS can further re-
duce ECE in some settings but may introduce small rank
changes or fail to improve over TS.

LLaDA-8B-Instruct-SFT. All models are evalu-
ated on GSM8K-200 under the same 30/70 cali-
bration/test protocol (seed 0). As shown in Table 6,
all variants exhibit strong discrimination but poor
raw calibration. Post-hoc calibration consistently
reduces ECE across models, with only minor AU-
ROC degradation in some cases, indicating that
the calibration behavior generalizes across DLLM
variants.

Figure 5 shows the same picture on the full
GSMSK evaluation set, where the calibration map
is both fit and evaluated on the same data. These
full-set numbers are an optimistic upper bound and
may differ slightly from the strict split results in
Table 5, but they make the effect easy to see. The
left panel reports 31.2% before calibration, 11.5%
after global TS, 9.3% for oracle difficulty buckets,
and 9.4% for the deployable confidence-bucketed
DATS variant. The reliability diagram (middle
panel) shows that calibrated scores move much
closer to the ideal diagonal, and this improvement
holds for both easy and hard problems (right panel).

Outside GSM8K, we see the same pattern under
the same 30/70 split protocol: global TS reduces
ECE while leaving AUROC unchanged on MATH-
500, GSM-Hard, and TriviaQA (Appendix B.1).
Appendix C.2 further shows that under difficulty
shift, calibration remains direction-dependent and
DATS can induce small AUROC changes in some
transfer settings. The broader takeaway is that a
large part of diffusion overconfidence is correctable
mis-scaling, but the calibration map should still
be treated as domain- and shift-aware rather than
universal.

7 Domain Specificity of the Signal

Section 6 shows that post-hoc scaling can correct
much of the mis-scaling. We next ask what the
raw diffusion score is actually tracking. Our work-
ing hypothesis is that the discriminative signal is

Task Type  Dataset Corr. AUROC
GSMS8K +0.403 0.826
Math SVAMP +0.181 0.680
a MATH-500 +0.221  0.836
GSM-Hard  +0.197 0.690
Knowledge  TriviaQA +0.064 0.533

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 signal.

domain-specific and tied to structural consistency
rather than to a generic probability of correctness.
This section asks where the single-pass signal is
strongest, and therefore where post-hoc calibration
is most likely to work cleanly.

7.1 The Signal is Strongest in Structured
Domains

We begin by comparing structured mathematical
reasoning to open-domain knowledge retrieval. Ta-
ble 7 shows that the high AUROC observed on
GSMSK persists across other math benchmarks.
On TriviaQA, AUROC drops to 0.533, close to
random and well below both the math benchmarks
and the AR baseline on this task (0.850). This pat-
tern suggests that the diffusion confidence signal is
most informative in domains where answers must
satisfy strong internal constraints.

7.2 Probing the Mechanism

To probe what drives this domain dependence, we
test whether token-probability confidence is sensi-
tive to violations of structural consistency. We use
this term operationally to mean sensitivity to con-
tradictions in a generated reasoning trace relative
to surrounding quantities or steps. In a math prob-
lem, an intermediate arithmetic error introduces
such a contradiction with other quantities in the
chain, whereas a factual error can remain locally
fluent. We evaluate this hypothesis with two simple
probes.

Step-wise Denoising Analysis. We examine how
the discriminative signal evolves during generation.
Quantitatively, per-step AUROC increases from
early to late denoising on GSMS8K (Appendix A.2).
Figure 6 complements this trend with representa-
tive step-wise confidence traces.
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Figure 5: The effect of calibration on LLADA-8B (full GSM8K set; full-set diagnostic). Left: Overall ECE
drops from 31.2% to 11.5% with global TS, 9.3% with oracle difficulty buckets, and 9.4% with the deployable
confidence-bucketed DATS variant. Middle: The reliability diagram shows that the calibrated confidence mappings
move predictions much closer to the ideal diagonal than the original overconfident scores. Right: Recalibration
improves ECE for both easy and hard difficulty bins, demonstrating broad effectiveness.
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Figure 6: Step-wise confidence traces for representative 0.50 7
examples. Left: On a math problem, confidence can ' ] ' 0.990
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dip around arithmetic steps, suggesting sensitivity to (0-41)  (42-84) (85-127)

computational consistency. Right: On a factual QA
task, confidence remains high and relatively flat.

Intervention Probe. We use a controlled inter-
vention to isolate sensitivity to arithmetic versus
factual errors. We construct minimal pairs that dif-
fer by a single substitution, making the statement
arithmetically or factually incorrect, and evaluate
n=>500 pairs for each probe (Appendix D.2). Fig-
ure 8 shows a representative example for LLADA:
forcing an arithmetic error (e.g., 23 + 45 = 72)
causes a 28pp drop in confidence, whereas forcing
a factual swap (e.g., “Yale is in Boston™) causes a
3.4pp drop. This suggests that arithmetic inconsis-
tencies are penalized more strongly.

The same factual-swap probe yields a larger con-
fidence gap for the AR baseline (Appendix D.2),
indicating that the size of this asymmetry depends
on both the probe and the scoring model. The
overall pattern, however, remains the same: the dif-
fusion score responds more sharply to arithmetic
inconsistency than to a factual substitution.

Summary of Evidence. The probe results and
cross-domain comparisons point in the same direc-
tion. On math, confidence drops sharply when a re-

Denoising Phase

Figure 7: Quantitative step-wise discrimination on
GSMSK. Mean per-step AUROC rises from 0.519 in
early denoising to 0.593 in late denoising, while av-
erage confidence remains near saturation throughout
(Appendix A.2).

sponse violates arithmetic constraints, and the same
score separates correct from incorrect answers well
across GSM8K, MATH-500, SVAMP, and GSM-
Hard. On TriviaQA and BBH (Appendix D.5),
where local fluency can survive a wrong answer,
the same single-pass score is much less informative.
We treat structural consistency as a useful descrip-
tion of what the score tracks in structured settings,
while stopping short of a causal claim about the
denoising dynamics themselves.

Implication for Calibration. This interpretation
also sharpens the results in Section 6. Post-hoc cal-
ibration does not create the ranking signal from
scratch. On mathematical reasoning tasks, the
native DLLM score already orders examples in
a useful way, and monotone recalibration mainly
rescales that ordering into a better probability esti-
mate. On TriviaQA, by contrast, the weak AUROC
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(a) Arithmetic Probe

23 “p 45 = 68 98.8 %
A=28pp

23 < 45 = 72 70.6%

(b) Knowledge Probe
Yale in New Haven 89.0%

A=3.4pp

Yale in Boston 85.6%

Figure 8: Intervention probe comparison. Each row
shows one representative pair; the AUROC values sum-
marize the full probe set in Appendix D.2. (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=0.603).

leaves much less structure that post-hoc calibration
can preserve.

This gives a clearer reading of the paradox. The
problem is not simply that diffusion confidence is
noisy everywhere. Rather, the same score behaves
differently across domains: it is informative when
correctness is tied to internal consistency, and much
less informative when an incorrect answer can re-
main locally fluent. This helps explain both where
the paradox appears and why calibration works best
when the native diffusion score is sensitive to this
kind of structural signal.

8 Related Work

Calibration of Confidence Scores. One line of
work asks how to map model confidence to better-
calibrated probabilities. In neural networks, this in-
cludes post-hoc methods such as temperature scal-
ing and Dirichlet calibration (Guo et al., 2017; Kull
et al., 2019; Minderer et al., 2021). Recent LLM
work extends this line by studying self-knowledge,
adaptive temperature scaling, calibration-oriented
tuning, and harmonized uncertainty estimation
(Kadavath et al., 2022; Yin et al., 2023; Xie et al.,
2024; Kapoor et al., 2024; Li et al., 2025). These
papers primarily aim to produce better-calibrated
confidence estimates. We instead use standard cal-
ibration tools to ask what a native DLLM confi-
dence score measures, and whether poor probabilis-
tic behavior reflects missing signal or mis-scaling.

Uncertainty Estimation for Reasoning and De-
cision Making. Another line of work seeks
stronger uncertainty signals than a single forward

pass, including self-consistency over sampled so-
lutions, verbalized confidence, and semantic en-
tropy over meaning-equivalent responses (Wang
et al., 2023; Xiong et al., 2024; Kuhn et al., 2023).
Related work on selective prediction studies con-
fidence for abstention and ranking, while rank-
calibration makes explicit that ranking quality and
probability calibration need not coincide (Geifman
and El-Yaniv, 2017; Huang et al., 2024). Our paper
instead studies native confidence: when a single-
pass DLLM score helps ranking, when it fails as a
probability, and how far lightweight post-hoc cali-
bration goes without extra sampling.

Diffusion Language Models. Discrete diffu-
sion models were first adapted to text generation
by modeling sequences through iterative denois-
ing (Austin et al., 2021; Hoogeboom et al., 2021).
Recent diffusion LMs, including LLADA (Nie
et al., 2025) and Dream (Ye et al., 2025), show
that this family can be competitive on reasoning
tasks. What remains much less studied is how
their confidence scores should be interpreted. Our
work addresses this gap by comparing calibration
and discrimination for DLLM confidence under a
shared token-probability definition and by relating
the resulting paradox to the bidirectional, iterative
generation process. The paper asks what reliability
signal diffusion decoding already contains, rather
than offering another generation-quality compari-
son.

9 Conclusion

We studied single-pass confidence in DLLMs un-
der a unified token-probability score. On mathemat-
ical reasoning tasks, LLADA is poorly calibrated
but highly discriminative; calibration worsens with
difficulty while ranking quality remains strong, and
the signal is most informative under explicit in-
ternal constraints. Simple post-hoc calibration re-
duces ECE while largely preserving discrimination;
Appendix E.2 provides context with a higher-cost
self-consistency baseline.

Practically, native diffusion confidence can sup-
port ranking and selective prediction in structured
settings, but it should be recalibrated before use as
a probability. Future work should isolate the source
of this behavior and test it in broader domains.

Limitations

We focus on DLLMs, using LLADA-8B as the
main representative, so the effect may depend on
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model scale and training quality. We study struc-
tured reasoning and native single-pass confidence,
not broader settings such as code reasoning or
multi-hop QA. Post-hoc calibration also assumes
a small held-out split and remains shift-dependent
(Appendix C.2). We also evaluate mainly LLADA
and a small set of closely related variants, so
broader coverage of newer DLLM families re-
mains open. We therefore view the current results
as evidence for a useful ranking signal in structured
settings, not as a universal uncertainty estimator.
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A Appendix

Organization. The appendix has five parts. Ap-
pendix A gives setup details and metric definitions.
Appendix B reports additional calibration results.
Appendix C collects robustness checks and visual
diagnostics. Appendix D reports additional analy-
ses and probes. Appendix E summarizes sampling-
based AR baselines.

A Experimental Setup and Metric Definitions

This part gives the setup details that are used in the
main text.

A.1 Difficulty Bin Operationalization

For the difficulty-conditional analysis in Section 5,
we use a simple operation-count proxy computed
from the GSMS8K ground-truth solution annota-
tion. For each example, we count occurrences of
arithmetic symbols (+, —, X, +) appearing in the
annotated solution text. This proxy is determinis-
tic, requires no model-generated reasoning, and is
reproducible from the public GSM8K annotations.
It is only a coarse diagnostic proxy: it can miss op-
erations expressed verbally or through annotation
formats that do not expose an explicit arithmetic
symbol.

43189


https://aclanthology.org/2025.acl-long.1118/
https://proceedings.neurips.cc/paper/2021/hash/8420d359404024567b5aefda1231af24-Abstract.html
https://proceedings.neurips.cc/paper/2021/hash/8420d359404024567b5aefda1231af24-Abstract.html
https://doi.org/10.1145/1102351.1102430
https://doi.org/10.1145/1102351.1102430
https://arxiv.org/abs/2502.09992
https://arxiv.org/abs/2502.09992
https://doi.org/10.1609/aaai.v29i1.9602
https://doi.org/10.1609/aaai.v29i1.9602
https://doi.org/10.18653/V1/2023.FINDINGS-ACL.824
https://doi.org/10.18653/V1/2023.FINDINGS-ACL.824
https://doi.org/10.18653/V1/2023.FINDINGS-ACL.824
http://proceedings.mlr.press/v89/vaicenavicius19a.html
http://proceedings.mlr.press/v89/vaicenavicius19a.html
https://openreview.net/forum?id=1PL1NIMMrw
https://openreview.net/forum?id=1PL1NIMMrw
https://openreview.net/forum?id=1PL1NIMMrw
https://doi.org/10.18653/V1/2024.EMNLP-MAIN.1007
https://doi.org/10.18653/V1/2024.EMNLP-MAIN.1007
https://openreview.net/forum?id=gjeQKFxFpZ
https://openreview.net/forum?id=gjeQKFxFpZ
https://openreview.net/forum?id=gjeQKFxFpZ
https://doi.org/10.48550/ARXIV.2508.15487
https://doi.org/10.18653/V1/2023.FINDINGS-ACL.551
https://doi.org/10.18653/V1/2023.FINDINGS-ACL.551
https://doi.org/10.1145/775047.775151
https://doi.org/10.1145/775047.775151
https://doi.org/10.1145/775047.775151

Using this proxy, we partition the 1,319 GSMSK
examples into four bins: Easy (0—4 ops, n=279),
Medium (5-7 ops, n=414), Hard (8-10 ops,
n=355), and Hardest (11+ ops, n=271). We pro-
vide the exact implementation used to compute
these counts.

A.2 Step-Wise Discrimination Protocol

For the step-wise diffusion analysis in Section 7,
we compute per-step AUROC as follows. At each
diffusion step t € {0, 1,...,T—1}, we record the
mean token probability over currently unmasked
positions. We then compute AUROC by treating
this per-step confidence as the score and the final
correctness label as the binary target. On GSMS8K,
early steps (0—41) yield mean AUROC 0.519 (near
random), middle steps (42—-84) yield 0.566, and late
steps (85-127) yield 0.593, despite average con-
fidence remaining saturated (> 0.99) throughout.
This indicates that discriminative signal emerges
gradually and concentrates in the final denoising
phase when the model must commit to globally
consistent token sequences.

A.3 Additional Metric Definitions

We summarize the definitions of auxiliary metrics
used in the paper. Let s € [0, 1] denote a confi-
dence score and y € {0, 1} the correctness label.

Expected Calibration Error (ECE).
fidence bins By, ECE is

Given con-

B
ECE = Z i”' lace(By) — conf(By)|.  (3)
b=1

Discrimination (AUROC). The Area Under the
ROC Curve is
AUROC =P(s* > 57), 4)

the probability that a randomly chosen correct pre-
diction (s™) receives higher confidence than a ran-
domly chosen incorrect one (s™).

Correlation and Confidence Gap. The
confidence—correctness correlation is the Pearson
correlation

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

and the confidence gap is the difference between
mean confidence on correct and incorrect predic-
tions

Gap =E[s |y =1]-E[s[y=0].  (6)

Brier Score. The Brier score is a proper scoring
rule that combines calibration and discrimination:

Brier = E[(s — y)Q}. 7

These quantities are used as supporting diagnostics;
the main conclusions in the paper are based on ECE
and AUROC.

A.4 Concrete DATS Configuration on

GSMSK

For the confidence-bucketed DATS results on
GSMS8K (30/70 split, seed 0), we sort calibra-
tion examples by raw confidence, divide them into
K =5 equal-mass buckets, fit one temperature per
bucket on the calibration split, and apply the bucket-
specific temperature to test examples according to
the bucket implied by their raw confidence. The
lower bucket boundary is 0 for both models. The re-
sulting upper bucket boundaries and temperatures
are:

bPEEM = [0.9567,0.9714,0.9785,0.9846, 1.0000],

[
TPM = [10.0000, 7.6495, 3.1982, 2.4457, 2.4507),
bR = [0.8840, 0.9085, 0.9233, 0.9434, 1.0000],
TA™ = [2.2590, 1.6528, 2.0746, 1.8044, 1.5191].

We include these values to make the split-based
DATS configuration exactly reproducible.

B Additional Calibration Results

This part reports the main supplementary calibra-
tion results under the same evaluation protocol.

B.1 Additional Split Calibration Results

For non-GSM8K benchmarks we use the same
30/70 calibration protocol as on GSMS8K: tem-
peratures are fit on a 30% calibration split and
evaluated on the remaining 70% test split (seed
0). Table B.1 reports results for LLADA-8B on
MATH-500, GSM-Hard, and TriviaQA. In all three
cases, TS substantially reduces ECE while leaving
AUROC unchanged, suggesting that the calibra-
tion gains observed on GSMS8K carry over to other
tasks.

Dataset ECE,i;s ECErs AUROC,i; AUROCrs
MATH-500  73.7 425 0.848 0.848
GSM-Hard  67.6 332 0.684 0.684
TriviaQA 56.0 389 0.534 0.534

Table B.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 GSMS8K generalize to other tasks.
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B.2 Full-Set Calibration Diagnostics

Table B.2 reports calibration results when tempera-
tures are fit and evaluated on the full evaluation sets.
These numbers provide optimistic upper bounds on
achievable ECE reductions and are useful for com-
parison with prior work that does not use a held-out
calibration split. In this table, DATS refers to the
deployable confidence-bucketed variant; Figure 5
additionally shows the oracle difficulty-bucket di-
agnostic. Our main claims in the paper are based
on the 30/70 split protocol (Tables 5 and B.1).

Dataset ECEmig ECETS ECEDATS AUROC
GSMSK 31.2 11.5 9.4 0.826
MATH-500 73.5 41.7 41.7 0.836
GSM-Hard  68.2 33.6 33.6 0.690
TriviaQA 56.0 39.0 39.0 0.533

Table B.2: Full-set calibration diagnostics for LLADA-
8B. Temperatures and confidence-bucketed DATS 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.

B.3 AUROC Under Calibration

Global temperature scaling is strictly monotone
and therefore preserves AUROC exactly. DATS is
monotone within each bucket but can violate global
monotonicity across bucket boundaries; AUROC
invariance is therefore not guaranteed. Table B.3
reports AUROC before and after calibration on
GSMBS8K under the 30/70 split protocol (seed 0).
We observe no AUROC change for global tempera-
ture scaling, and only a small AUROC change for
DATS.

Dataset Model

GSM8K LLADA-8B
GSMBK  Qwen2.5-7B

AUROC,i; AUROCts AUROCpars AAUROC

0.8260 0.8260 0.8260 +0.0000
0.6224 0.6224 0.6261 -+0.0037

Table B.3: AUROC before and after calibration on
GSMBS8K (30% calibration, 70% test, seed 0). Global
temperature scaling preserves AUROC exactly, while
DATS induces a small AUROC change due to cross-
bucket effects.

C Robustness and Visual Diagnostics

This part collects robustness checks, transfer re-
sults, and supporting visual diagnostics for the cali-
bration analysis.

C.1 DATS Monotonicity Across Seeds

DATS is monotone within each bucket but not nec-
essarily globally monotone across bucket bound-

aries. We therefore quantify the induced rank in-
versions and AUROC changes under the 30/70
split protocol across five random seeds (0—4). Ta-
ble C.1 shows that for LLADA with K=5, DATS
is nearly globally monotone on the test split (in-
version fraction ~ 10~%) and AUROC changes are
negligible. For larger K, and for Qwen, global
non-monotonicity becomes more pronounced and
AUROC can change accordingly. These results
motivate reporting AUROC deltas explicitly and
using global temperature scaling when strict rank
preservation is required.

Model

LLADA 5
LLADA 10
Qwen2.5-7B 5

K AAUROC (meanz+tstd) Inversion frac. (mean)

+0.0000 + 0.0000
—0.0080 £ 0.0054
—0.0160 4 0.0160

2.8 x 107
6.3 x 1072
1.2x 107!

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

C.2 Difficulty-Shift Robustness

To test whether DATS is overly tied to
the calibration-set difficulty prior, we evaluate
difficulty-shift transfer on GSM8K in two direc-
tions: calibrating on easier examples and testing
on harder ones, and the reverse. Table C.2 re-
ports the mean and standard deviation over seeds
0—4. For DLLMs, both TS and DATS improve
ECE under shift, but DATS can exhibit direction-
dependent AUROC changes, especially from hard
to easy transfer. AR shows the same qualitative
point: calibration under shift is not universally be-
nign. Together with the K-stability analysis in
Appendix C.9, this supports a shift-aware interpre-
tation of post-hoc calibration rather than a universal
one.

Model Shift ECE.i; ECErs  ECEpars AUROC.i; AUROCpars

LLADA easy—hard  37.4 17.5£0.6 13.5+£0.7 0.777 0.777 £ 0.000
LLADA hard—easy 256 18.0+2.2 158 +1.1 0.862 0.842 +0.012
Qwen2.5-7B easy—hard 18.7 14.0+04 14.1+0.4 0.617 0.616 £ 0.003

Qwen2.5-7B hard—easy 5.5 122+£1.1 138+ 1.3 0.651 0.650 £ 0.002

Table C.2: Difficulty-shift transfer on GSM8K, aggre-
gated over seeds 0—4. Temperatures and DATS maps
are learned on one difficulty slice and applied to the
opposite slice without re-fitting. ECE is reported in %.

C.3 Cross-Task Calibration for AR Baselines

Table C.3 reports the effect of transferring GSM8SK
calibration parameters to other math benchmarks
for the autoregressive baseline Qwen2.5-7B. We

43191



use the same protocol as for diffusion: a single
temperature and confidence-based DATS mapping
learned on GSM8K are applied without retraining.

Target ECEorig ECETS ECEDATS AUROC
GSM-Hard 41.9 31.6 32.5 0.671
SVAMP 10.2 2.9 5.2 0.560

Table C.3: Cross-task calibration transfer for Qwen?2.5-
7B. Temperatures and DATS buckets are learned on
GSMSK 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; DATS yields mixed ECE changes and may
induce small AUROC shifts, consistent with non-global
monotonicity across buckets.

C.4 Additional Calibration Baselines and
Aggregators

Non-parametric post-hoc calibration. We fit
histogram binning and isotonic regression cali-
brators (Kull et al., 2019; Vaicenavicius et al.,
2019; Zadrozny and Elkan, 2002; Pakdaman Naeini
et al., 2015; Niculescu-Mizil and Caruana, 2005)
on GSMB8K confidences. Both methods drive ECE
to (near) zero for LLADA and Qwen (0.31—0.00
and 0.12—0.00, respectively) while leaving AU-
ROC essentially unchanged (0.826—0.825/0.833
for LLADA, 0.611—0.623/0.626 for Qwen). This
supports the interpretation that the dominant error
is global mis-scaling, which can be corrected post-
hoc without materially changing the underlying
ranking signal.

Aggregation ablations. We probe the robustness
of sequence-level confidence to the choice of ag-
gregation over token probabilities. For the autore-
gressive baseline on GSM8K, using the same per-
token probabilities, we compare mean aggregation
(default), minimum token probability, geometric
mean over all tokens, and an answer-region proxy
given by the geometric mean over the last K=8
tokens. Mean and full-sequence geometric mean
yield similar ECE and AUROC (0.12 vs 0.10 ECE,
0.611 vs 0.614 AUROC). In contrast, the minimum
aggregator substantially worsens ECE (0.52) de-
spite slightly higher AUROC (0.663), and the tail-
based answer proxy performs worse (ECE~0.14,
AUROC=0.49). For LLADA-8B, a GSM8K sub-
sample with token-level confidences shows a sim-
ilar ordering: mean aggregation attains the high-
est AUROC (=0.855), geometric mean is slightly
worse (/0.84), and minimum aggregation degrades

AUROC substantially (=0.72). These ablations
indicate that the main qualitative conclusions do
not hinge on a particular reasonable aggregation
choice; we therefore adopt mean pooling for both
model families.

C.5 Selective Prediction and Risk—Coverage

We report selective prediction performance on
GSMSK using risk—coverage curves (Geifman and
El-Yaniv, 2017). Following standard practice, we
sort examples by confidence and vary a threshold to
obtain coverage (fraction of examples we answer)
and risk (error rate among answered examples).
The Area Under the Risk—Coverage curve (AURC;
lower is better) summarizes this trade-off.

Figure C.1 shows risk—coverage curves for
LLADA-8B and Qwen2.5-7B using original and
calibrated confidences. Qwen achieves a lower
AURC (0.144 vs. 0.176), reflecting its higher over-
all accuracy, while temperature scaling (and DATS
where evaluated) leaves AURC essentially un-
changed. In this setting, selective prediction is
therefore dominated by accuracy, whereas the diffu-
sion advantage primarily appears in AUROC-based
discrimination at full coverage.

GSM8K Risk-Coverage Curves

Risk (Error Rate)
o
W

________

—— LLaDA Original (AURC=0.176)

01] A\ procas — = LLaDA TS (AURC=0.176)
S -+ LLaDA DATS (AURC=0.176)
" v Qwen Original (AURC=0.144)
i == Qwen TS (AURC=0.144)
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0
Coverage
Figure C.1: Risk—coverage curves on GSMSK.

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.

C.6 Brier Score Summary on GSMS8K

Table C.4 summarizes Brier scores on GSM8K
before and after global temperature scaling. For
LLADA-8B, Brier improves from 0.299 to 0.212
(a reduction of 0.087); for Qwen2.5-7B, Brier im-
proves from 0.172 to 0.158. These trends mirror
the ECE reductions reported in the main text under
a proper scoring rule.
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Model Brier,i; Brierrs AUROC
LLADA-8B (DLLM) 0.299 0.212 0.826
Qwen2.5-7B (AR) 0.172 0.158 0.611

Table C.4: Brier scores on GSM8K before and after tem-
perature scaling. Lower is better; both models benefit
from TS while preserving AUROC.

C.7 Bootstrap Confidence Intervals for the
Main GSM8K Gap

To quantify the stability of the main GSMS8K para-
dox gap, we perform 2,000 bootstrap resamples of
the evaluation set and recompute the DLLM-AR
difference in AUROC and ECE. Table C.5 shows
that both gaps remain well separated from zero.

Metric DLLM AR A 95% CI
AUROC 0826 0.611 0215 [0.170,0.259]
ECE (%) 312 117 195  [162,22.7]

Table C.5: Bootstrap confidence intervals for the main
GSMBS8K gap between LLADA-8B and Qwen2.5-7B
(2,000 resamples).

C.8 ECE Estimator Robustness on GSMSK

ECE depends on the choice of binning scheme. To
test whether our conclusions are artifacts of a partic-
ular estimator, we recompute GSM8K ECE using
equal-width bins with B € {10, 15,30} as well as
equal-mass (quantile) bins with B=15. Table C.6
shows that the reported ECE values are unchanged
under these variants for both LLADA and Qwen,
consistent with the fact that miscalibration is domi-
nated by a large, global mis-scaling.

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 C.6: ECE robustness on GSM8K (full set). EW
denotes equal-width bins and EM denotes equal-mass
(quantile) bins. ECE is reported in %.

C.9 DATS Hyperparameter Stability

Figure C.2 studies the stability of Difficulty-Aware
Temperature Scaling (DATS) as the number of con-
fidence buckets varies on GSM8K (full-set diag-
nostic). For LLADA-8B, ECE remains stable at ap-
proximately 9.5-9.8% for K € {3,5,10}. For the
AR baseline (Qwen2.5-7B), DATS achieves near-
perfect calibration (ECE < 1%) for sufficiently
large K. Since DATS is only monotone within

buckets, AUROC can change slightly as K varies;
Appendix C.1 and Appendix B.3 report the ob-
served rank effects under our split protocol.

LLaDA-8B

DATS stability
1e—e——— o

—8— LLaDA-8B
Qwen2.5-7B

2 6 8 10
Number of buckets K

Figure C.2: DATS stability across different numbers of
buckets K (full-set diagnostic). Left: ECE comparison
across calibration methods. Right: ECE as a function
of K for DATS, showing stable calibration for LLADA
and rapidly improving calibration for Qwen as K in-
creases.

C.10 Additional Reliability Diagram

Figure C.3 shows a reliability diagram compar-
ing LLADA-8B and Qwen2.5-7B on the full
GSMBSK evaluation set. The autoregressive base-
line lies closer to the diagonal (lower ECE 11.7%
vs 31.2%).

Reliability Diagram: DLLM vs AR on GSM8K

Perfect Calibration
Overconfidence Region
AR (Qwen2.5-7B)
DLLM (LLaDA-8B)

1.0

on

0.8

Accuracy
o
Y

o©
S

ECE:
DLLM: 31.2%
AR: 11.7%

0.21

0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Confidence

Figure C.3: Reliability diagram on GSM8K. Qwen2.5 is
better calibrated while LLADA exhibits overconfidence.

C.11 ROC Curves Across Benchmarks

Figure C.4 places the main GSM8K ROC result
next to the corresponding curves for MATH-500
and TriviaQA. The math benchmarks remain well
separated, while the TriviaQA curve stays much
closer to chance. This matches the boundary anal-
ysis in Section 7: the same native score is most
useful when errors create clear structural inconsis-
tencies in the generated trace.
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Figure C.4: ROC curves across benchmarks. LLADA
stays strongly discriminative on GSM8K and MATH-
500, while the TriviaQA curve is much closer to chance.
The GSMS8K Qwen2.5-7B curve is shown for reference.

D Additional Analyses and Probes

This part groups supplementary analyses on inter-
ventions, scoring choices, and out-of-domain stress
tests.

D.1 Additional Arithmetic Consistency
Results

We report arithmetic consistency results for the au-
toregressive baseline on the same synthetic probe
used in Section 7. For each randomly sampled
equation a+b, we construct two prompts differing
only in the final result ¢ vs. d#c and measure the
mean probability assigned to the result tokens un-
der Qwen2.5-7B-Instruct. Across 100 such pairs,
Qwen assigns 97.1% average probability to cor-
rect results and 56.8% to incorrect ones, yield-
ing a gap of 40.3 percentage points and AUROC
= 1.0 when using these scores to distinguish cor-
rect from wrong chains. This mirrors the DLLM
probe (LLaDA: 98.8% vs 70.6%, gap ~28pp, AU-
ROC = 1.0) and indicates that local arithmetic
consistency is captured by both model families; the
main text focuses on how this signal appears in
sequence-level discrimination on real tasks.

D.2 Probe Scaling: n=100 vs. n=500

To address concerns that our intervention probes
use small sample sizes, we repeat the arithmetic
and TriviaQA swap probes with n=500 pairs. Ta-
ble D.1 shows that the qualitative contrast per-
sists: arithmetic swaps induce a large confidence
drop, while TriviaQA answer swaps induce a much
smaller drop and weaker discrimination.

Probe Model N Peomet Pwrong Gap AUROC
Arithmetic LLADA 100 98.8 70.6 28.2 1.000
Arithmetic LLADA 500 987 73.1 256 0.996
Arithmetic Qwen2.5-7B 100 97.1 56.8 40.3  1.000
Arithmetic Qwen2.5-7B 500 97.8 573 405 1.000
TriviaQA swap LLADA 100 89.0 856 34 0.603
TriviaQA swap LLADA 500 88.8 86.6 22 0.571
TriviaQA swap Qwen2.5-7B 100 30.3 14.1 162 0.702
TriviaQA swap Qwen2.5-7B 500 313 13,5 179 0.734

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

D.3 DLLM Scoring-Choice Sensitivity

Our main DLLM confidence is computed from
a final teacher-forced forward pass on the fully
denoised sequence (Section 3). Since diffusion
sampling also records a per-step confidence trace,
we evaluate simple path-derived alternatives that
aggregate this trace. Table D.2 shows that step-
aggregated path scores are highly saturated (mean
~ 0.999) and yield substantially lower AUROC
than the final forward score. This motivates report-
ing step-wise AUROC as a diagnostic of when dis-
crimination emerges, while using the final forward
score as the primary single-pass confidence for
downstream ranking and calibration. Among the
simple trajectory features we tested, the strongest
was the mean over the late denoising window (steps
97-128), which reaches AUROC 0.761 but still re-
mains below the final-forward score (0.826).

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 D.2: Sensitivity to DLLM scoring choice on
GSMB8K (full set). “Path” scores are computed from
the per-step confidence trace recorded during diffusion
sampling.

D.4 Length-Stratified GSM8K Analysis

To test whether the observed discrimination differ-
ences are driven by output length, we bin GSM8K
examples by the generated output length (word-
count proxy) and recompute AUROC and ECE
within each bin. Table D.3 shows that LLADA
retains strong discrimination across bins, while
Qwen’s AUROC decreases on the longest traces as
accuracy drops and calibration degrades.
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Model Lengthbin n Meanlen. 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 216410 439 286.6 62.9 28.4 0.585

Table D.3: Length-stratified GSM8K results using a
word-count proxy for generated output length.

D.5 BBH Validation on Logical Reasoning

To probe the generality of the diffusion confidence
signal beyond math and factual QA, we evalu-
ate LLADA-8B-Instruct on three Big-Bench Hard
(BBH) subtasks: logical_deduction_three_objects,
boolean_expressions, and date_understanding, us-
ing the same confidence extraction protocol as in
the main text. Table D.4 reports accuracy, mean
confidence, correlation, and confidence gap on the
held-out test sets.

Subtask Acc Conf. Corr. Gap
logical_deduction_30bj 86.8 98.7 +0.04 +0.08
boolean_expressions 00 978 +0.00 —97.79
date_understanding 68.4 97.1 +0.02 +0.07

Table D.4: 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.

E Sampling-Based AR Baselines

This part puts the single-pass comparison next to a
stronger but more expensive AR baseline based on
sampling.

E.1 Wall-Clock Cost Context

To make the cost discussion concrete, Table E.1
reports end-to-end wall-clock latency from ex-
isting run logs under a matched token cap
(max_new_tokens=>512). Single-pass DLLM and
single-pass AR are in the same latency range,
whereas multi-sample AR uncertainty extraction is
substantially more expensive.

E.2 Self-Consistency Baseline for AR Models

To test how much multi-sample AR decoding
can recover, we evaluate a self-consistency base-
line (Wang et al., 2023) on GSM8K using Qwen2.5-
7B-Instruct. For each question, we sample K=5

Setting Model sec/sample Rel. cost
Single-pass LLADA-8B 797 1.26x
Single-pass Qwen2.5-7B 6.35 1.00x
Self-consistency (K=5) Qwen2.5-7B 39.17 6.17x

Table E.1: Wall-clock cost context from existing run
logs under matched output length caps. Relative cost is
measured against single-pass Qwen2.5-7B.

chains of thought (temperature 0.7), extract the fi-
nal numeric answer from each sample, and use the
majority-agreement ratio as confidence. Correct-
ness is determined by whether the majority answer
matches the ground truth.

Method AUROC Accuracy Cost
AR logit-based (Qwen) 0.611 79.8% 1x
DLLM single-pass (LLADA, ref.)  0.826 62.9% Ix
AR self-consistency (K =5) 0.863 89.4% 5%

Table E.2: Self-consistency baseline on GSM8K. AR
self-consistency reaches AUROC 0.863 at 5x sample
cost (Table E.1).

E.3 Alternative Self-Consistency Scores

Self-consistency yields a distribution over K sam-
pled answers. We compare three agreement-
derived scores on the same GSM8K samples: agree-
ment ratio py,ax, entropy-based confidence, and the
top-two margin. Their AUROC: are nearly identi-
cal (0.863-0.865), indicating that the gain comes
mainly from multi-sample agreement.

Score AUROC
Pmax (agreement ratio) 0.863
1 — H/log K (entropy confidence) 0.864
Pmax — p2 (margin) 0.865

Table E.3: Alternative self-consistency scores on
GSMSK (Qwen2.5-7B, K=5).

E.4 Interpretation of the Self-Consistency
Results

Tables E.2 and E.3 show that the self-consistency
gain comes from answer-level agreement across
multiple stochastic samples rather than from a par-
ticular agreement-derived score. Once K=5 sam-
ples are available, agreement ratio, normalized en-
tropy, and top-two margin induce nearly identical
rankings.

Self-consistency is therefore a stronger but more
expensive AR reference point, not a replacement
for the single-pass scores studied in Sections 4-7.
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It changes both the inference regime and the uncer-
tainty target: confidence is derived from agreement
across sampled answers rather than from one gener-
ated sequence. The main comparison in the paper
remains single-pass AR versus single-pass DLLM
confidence.
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