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Abstract

Correcting flawed reasoning traces remains a
significant challenge for Large Language Mod-
els (LLMs), whose autoregressive generation
can propagate early mistakes into subsequent
reasoning. We introduce DCGC, a Masked
Diffusion Model (MDM) framework for global
correction that uses an imperfect solution draft
from an upstream solver as auxiliary con-
text. DCGC combines task-specific Supervised
Fine-Tuning (SFT) with a novel inference-time
mechanism called Dynamic Dual-CFG. This
mechanism separates problem-only and joint
problem-draft branches and scales the draft-
conditioned residual using a relative confidence
gap. Across math, code, and knowledge rea-
soning benchmarks, DCGC outperforms stan-
dard sampling and simpler CFG variants, with
additional results suggesting transfer to differ-
ent diffusion backbones. In test-time setting
where ground-truth failure labels are unavail-
able, DCGC improves full test set accuracy
by correcting low-consensus upstream outputs,
highlighting its utility as a verifier-free global
correction module for difficult reasoning in-
stances.

1 Introduction

While LLMs have recently demonstrated remark-
able performance on complex reasoning tasks, they
remain prone to logical fallacies and hallucinations,
particularly in multi-step reasoning settings (Wei
et al., 2023; Ji et al., 2023; Payandeh et al., 2023).
As a result, numerous studies have investigated self-
refinement, where models iteratively critique and
revise their own generations to improve solution
quality (Du et al., 2023). Prominent approaches
such as Self-Refine (Madaan et al., 2023), Reflex-
ion (Shinn et al., 2023), and LATS (Zhou et al.,
2024) have been proposed to mitigate these issues
by incorporating feedback loops or search mecha-
nisms. However, since the predominant architec-
ture of contemporary LLMs is autoregressive, most

existing self-refinement approaches are built upon
this strictly sequential, left-to-right paradigm. This
makes correction difficult, as an early mistaken step
in the revised trajectory becomes part of the prefix
that conditions subsequent tokens, which may then
continue along the same erroneous path (Zhang
et al., 2023; Lin et al., 2021). Moreover, recent
studies have shown that Autoregressive Models
(ARMs) are often poorly calibrated and exhibit
overconfidence in their own predictions (Leng et al.,
2025; Kadavath et al., 2022; Guo et al., 2017). Such
overconfidence can make tool-free self-correction
brittle, since the model may over-trust its own rea-
soning trajectory even when it contains errors (Lee
et al., 2025b; Yin et al., 2023).

This motivates considering Diffusion Language
Models (DLMs), particularly MDMs, as a struc-
turally distinct substrate for post-hoc reasoning cor-
rection (Gong et al., 2023; Li et al., 2022). Un-
like ARMs that commit to a single left-to-right
prefix, MDMs generate text through iterative de-
noising over masked positions, allowing the output
sequence to be revisited during inference. This
property makes MDMs well suited for draft condi-
tioned global correction, where the model uses an
imperfect draft as auxiliary context during global
denoising while remaining strongly conditioned on
the original problem. Despite this potential, prior
work has primarily utilized MDMs for generating
solutions from scratch, leaving their use for global
correction of long reasoning traces underexplored.

In this work, we introduce DCGC (Draft-
Conditioned Global Correction with Masked Dif-
fusion Models), a framework that uses MDMs as
draft-aware global correction modules for complex
reasoning. Given a problem and an imperfect draft
generated by an upstream solver, DCGC performs
iterative denoising under both problem-only and
joint problem-draft contexts. The draft influences
generation through the joint context, while its ad-
ditional residual contribution is controlled relative
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to the problem-only branch. Unlike methods that
rely on external tools, memory buffers, or computa-
tionally expensive tree searches (Yao et al., 2023),
DCGC operates in a tool-free setting using only
internal model signals.

To realize this, DCGC combines dual-capability
SFT with Dynamic Dual-CFG. The SFT stage
trains the MDM on both problem-only solving and
draft-conditioned correction, equipping the model
with both conditioning modes used during infer-
ence. Dynamic Dual-CFG then separates problem-
only and joint problem-draft branches, using their
relative confidence gap to modulate draft influence
during denoising. This design encourages selective
draft reuse without treating internal confidence as
a verifier of correctness.

Our contributions are summarized as follows:
• We propose DCGC, a draft-conditioned global

correction framework that repurposes MDMs as
tool-free correction modules for complex reason-
ing. DCGC treats an imperfect solution as auxil-
iary context for global denoising and correction.

• We introduce Dynamic Dual-CFG, an inference-
time guidance mechanism that separates problem-
only and draft-conditioned branches. By scaling
draft guidance with a relative confidence gap, the
method controls how strongly the joint context
contributes beyond the problem-only branch.

• We provide controlled empirical evidence across
math, code, and knowledge reasoning bench-
marks. DCGC improves initially failed solutions
on solver-failure hard sets, achieving 24.8% av-
erage accuracy over strong autoregressive and
diffusion-based baselines.

2 Related Works

Non-Autoregressive Generation and Editing.
While standard ARMs attempt iterative reasoning
refinement via prompting or tool use (Madaan et al.,
2023; Shinn et al., 2023; Zhou et al., 2024; Du
et al., 2023), they inherently suffer from sequential
error propagation and lack global editing flexibil-
ity (Lee et al., 2025b; Jiang et al., 2024; Huang
et al., 2024). Recently, DLMs have emerged as par-
allel, non-autoregressive alternatives (Austin et al.,
2023; Lou et al., 2024; Sahoo et al., 2024; Nie et al.,
2025b; Labs et al., 2025), yet they are predomi-
nantly utilized for de novo generation rather than re-
finement (Li et al., 2025; Ye et al., 2025). Bridging
this gap, our framework repurposes DLMs as spe-
cialized reasoning refiners. Inspired by visual edit-

ing techniques (Brooks et al., 2023), we leverage
CFG to steer the global denoising process, enabling
non-sequential, fine-grained correction of flawed
initial solutions while preserving valid logic.

Adaptive Scaling in CFG. To overcome the lim-
itations of static CFG, recent methods dynami-
cally modulate guidance scales across spatial re-
gions (Shen et al., 2024), temporal denoising
steps (Malarz et al., 2025), or internal model con-
fidence (Gu and Hou, 2025). However, these ap-
proaches are designed for single-condition trajecto-
ries and lack the mechanisms to filter misleading
auxiliary signals in multi-context scenarios. In con-
trast, we propose a differential confidence strategy
that modulates guidance based on the relative cer-
tainty gain from the secondary context, allowing
the refiner to selectively use auxiliary information
only when it improves confidence.

3 Preliminaries

Masked Diffusion Model. MDMs generate text
via an iterative denoising process. Let x0 =
(x10, . . . , x

L
0 ) be a sequence of clean tokens, and

xt denote the corrupted sequence at timestep t.
The forward process q(xt | x0) independently cor-
rupts each token with a mask token [M] accord-
ing to a monotonically decreasing noise schedule
αt ∈ [0, 1]:

q(xt | x0) =
L∏
i=1

(
αt δ(x

i
t, x

i
0)+(1−αt) δ(x

i
t, [M])

)
(1)

where δ(·, ·) is the Kronecker delta function.
The reverse process reconstructs x0 from the cor-

rupted state xt using a neural denoiser x̂θ(xt, t) (Sa-
hoo et al., 2024). For any 0 ≤ s < t ≤ 1, we define
the reverse transition by posterior substitution as

pθ(xs | xt) ≜ q
(
xs | xt, x0 = x̂θ(xt, t)

)
. (2)

Training objective. Following LLaDA (Nie
et al., 2025b), we train the model to minimize the
variational lower bound, which simplifies to the
cross-entropy loss on masked positions:

L(θ) ≜ −Et, x0, xt

[
1

|Mt|
∑
i∈Mt

log pθ(x
i
0 | xt)

]
,

(3)
where Mt = {i | xit = M} denotes the set of
indices masked at timestep t.
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Figure 1: Overview of DCGC. DCGC operates as an iterative denoising process (left) using three parallel
conditioning streams at each step: unconditional, problem-conditioned (Q), and joint-conditioned (Q,W ). The
core Dynamic Dual-CFG mechanism (right) dynamically modulates guidance based on token-level confidence. By
applying ReLU-based scaling (S2), DCGC modulates the influence, activating the residual amplification only when
the joint context provides a confidence gain(Cjoint > Cprob), ensuring robust selective reuse.

Classifier-Free Guidance (CFG). To improve
the generation quality and adherence to the instruc-
tion c, we employ CFG (Ho and Salimans, 2022).
Let pθ(x0 | c, xt) denote the categorical distri-
bution over x0 predicted by the neural denoiser
x̂θ conditioned on c. While originally proposed
for continuous diffusion, we adopt the formulation
adapted for discrete masked diffusion by (Chang
et al., 2023). During training, the condition c is ran-
domly replaced with a learnable null token ∅ or an
empty sequence with a fixed probability, enabling a
single model to learn both conditional pθ(x0|c, xt)
and unconditional pθ(x0 | xt) distributions. Dur-
ing inference, the guided distribution p̃θ is obtained
by extrapolating between these two estimates:

p̃θ(x0 | c, xt) ∝
pθ(x0 | c, xt)1+w

pθ(x0 | xt)w
, (4)

where w ≥ 0 denotes the guidance scale. We apply
this guidance in the log-space to adjust the logits
before sampling:

log p̃θ(x0 | c, xt) = (1 + w) log pθ(x0 | c, xt)
− w log pθ(x0 | ∅, xt) + const.

(5)
A higher w emphasizes the condition c, reducing
diversity but improving relevance to the prompt.

4 DCGC

In this section, we introduce DCGC, a draft-
conditioned global correction framework based
on MDMs. Given a problem and an imperfect
draft, DCGC generates a corrected reasoning trace
through iterative denoising. The framework con-
sists of two components. First, we use mixed-
format supervised fine-tuning to train the model on
both problem-only solving and draft-conditioned
correction. Second, we introduce Dynamic Dual-
CFG, an inference-time guidance mechanism that
uses the problem statement and the draft as sep-
arate conditioning sources. Dynamic Dual-CFG
combines a problem-anchored guidance term with
a draft-conditioned guidance term, and modulates
their strength using token-level relative confidence.

4.1 Task Formulation
Let Q denote a problem statement, such as a math
problem, coding prompt, or multiple-choice reason-
ing question. Let W denote an imperfect draft gen-
erated by an upstream solver, and let G denote the
target solution. DCGC considers two conditional
generation modes. The first is problem-only gener-
ation, modeled as P (G | Q). The second is draft-
conditioned correction, modeled as P (G | Q,W ),
where the draft is used as auxiliary context for
generating the target solution. Our objective is to



learn the draft-conditioned correction distribution
P (G | Q,W ), where the model generates the tar-
get solution G from the problem Q and draft W .

4.2 Mixed-Format Supervised Fine-Tuning
We formulate the acquisition of dual capabilities
as a unified supervised learning problem (Brooks
et al., 2023). We first construct a consolidated
dataset by interleaving two distinct data formats,
and then fine-tune the MDM on this mixture using a
standard masked denoising objective. The training
data consists of problem-only solving pairs (Q,G),
where the model learns to generate the target so-
lution G directly from the problem Q, and draft-
conditioned correction triples (Q,W,G), where
the target solution is generated conditioned on both
Q and an imperfect draft W . The problem-only
pairs strengthen generation from Q, while the draft-
conditioned triples expose the model to W as aux-
iliary context.

4.3 Dynamic Dual-CFG
Standard classifier-free guidance uses a single con-
ditional source. In draft-conditioned correction,
however, the problem and the draft play different
roles. The problem statement Q specifies the task
and answer constraints. The draft W provides an
additional reasoning context that may or may not
be useful for the current denoising step. Using a
single concatenated condition makes it difficult to
control these two sources separately.

Dynamic Dual-CFG separates the two sources
into a problem context and a joint problem-draft
context. We define the problem context as cprob =
Q. We define the joint context as cjoint = {Q,W}.
At each denoising step, the same MDM is evaluated
under three conditioning states including the uncon-
ditional context, the problem context, and the joint
context. The resulting logits are then combined
through a dual guidance rule.

Dual-Guide Decomposition. We operate on the
predicted clean-token logits sθ(x0 | c, xt). Let
s∅, sprob, and sjoint denote the logits under the
unconditional context, the problem context, and
the joint context, respectively. The final guided
logits s̃θ are computed as follows.

s̃θ =sprob + S1 ⊙ (sprob − s∅)︸ ︷︷ ︸
Problem-Anchored Guidance

+ sjoint + S2 ⊙ (sjoint − sprob)︸ ︷︷ ︸
Relative Draft Residual

.
(6)

Here, S1 and S2 are position-wise scaling fac-
tors, and ⊙ denotes element-wise scaling over se-
quence positions with broadcasting over the vo-
cabulary dimension. The first term applies stan-
dard CFG around the problem context and anchors
the generation to Q. The remaining terms inte-
grate the draft-conditioned information using the
joint prediction sjoint alongside a relative residual
S2 ⊙ (sjoint − sprob). This residual formulation
captures how the draft context shifts the model’s
prediction trajectory compared to the problem-only
branch. Overall, this decomposition allows DCGC
to robustly combine problem anchoring with draft-
guided correction, where S2 dictates the amplifica-
tion of the draft’s influence. The detailed derivation
is provided in Appendix A.

Confidence-Modulated Scaling. Fixed guidance
scales use the same strength across all positions and
examples (Nie et al., 2025b,a). DCGC instead com-
putes token-level guidance scales from the model’s
confidence under the problem and joint contexts.
We define confidence as the maximum probability
in the predicted token distribution. For each token
i, we compute the confidence scores as follows.

C
(i)
prob = max

v
Softmax(s

(i)
prob)v,

C
(i)
joint = max

v
Softmax(s

(i)
joint)v.

(7)

Based on these scores, we define the position-
wise scaling factors.

S
(i)
1 = α · C(i)

prob,

S
(i)
2 = β · ReLU

(
C

(i)
joint − C

(i)
prob

)
,

(8)

where α and β are scalar hyperparameters. The
problem guidance scale S1 increases with problem-
context confidence, which strengthens the problem-
anchored term at positions where the model is con-
fident under Q. The draft residual scale S2 de-
pends on the relative confidence gap between the
joint and the problem-only branch. When the joint
branch has higher confidence than the problem-
only branch at position i, DCGC amplifies the resid-
ual direction s

(i)
joint − s

(i)
prob. When the joint branch

does not provide a confidence gain, the additional
residual term at that position is set to zero.

This design uses relative confidence as an inter-
nal signal for modulating guidance strength. The



joint-context prediction remains part of the com-
bined logits through sjoint, while the residual am-
plification is activated only when the joint branch
provides higher confidence than the problem-only
branch. The resulting scaling factors are applied
independently across sequence positions in Eq. 6.

5 Experimental Setups

We describe the implementation of DCGC and
the baselines used for comparison. Dataset de-
tails, inference and training hyperparameters, and
prompt templates are deferred to Appendix B and
Appendix H, respectively.

SFT Dataset Curation. To equip the model with
both problem-only and draft-conditioned genera-
tion capabilities, we construct a composite SFT
dataset across mathematics, coding, and general
reasoning domains. The training mixture contains
two types of examples. The first type consists of
standard solving pairs (Q,G), where the model
generates the gold solution from the problem alone.
The second type consists of draft-conditioned cor-
rection triples (Q,W,G), where the model gener-
ates the gold solution using both the problem and
an imperfect draft.

Since imperfect drafts W are not readily avail-
able for all domains, we use domain-specific cu-
ration strategies. For mathematics, we utilize la-
beled incorrect trajectories derived from the Math-
Sheperd dataset (Wang et al., 2024). For coding
and general reasoning, we collect model-generated
outputs or failure cases from open-source models
and use them as imperfect drafts. To improve train-
ing stability, we filter examples whose full prompt
exceeds 1,028 tokens. The final filtered dataset was
split into training and validation sets, with 5% of
the filtered examples reserved for validation.

Benchmarks and Evaluation Protocol. We eval-
uate our method on diverse benchmarks, includ-
ing GSM8K (Cobbe et al., 2021) and MATH-
500 (Hendrycks et al., 2021b) for mathemat-
ics, MBPP-test (Austin et al., 2021) and Hu-
manEval (Chen et al., 2021) for code generation,
and MMLU-STEM and MMLU-Pro (Hendrycks
et al., 2021a) for general reasoning. Our main ex-
periments use solver-failure hard sets. For each
benchmark, we run Llama-3.1-8B-Instruct on the
test set and retain only the instances where the
solver produces an incorrect answer. The generated
incorrect answer is used as the draft W . This pro-

tocol evaluates conditional correction performance
on failed reasoning attempts.

We also evaluate DCGC on full test sets in Sec-
tion 6.3, where ground-truth labels are not used
to determine whether refinement is needed. This
full-set evaluation measures the practical effect of
applying DCGC under a gold-agnostic selective
refinment strategy.

Baselines and variants. Our main compari-
son evaluates DCGC against controlled MDM
variants built on the same LLaDA-8B-Instruct
backbone (Nie et al., 2025b). We also in-
clude tool-free autoregressive self-refinement base-
lines as references to prior self-correction meth-
ods. For these baselines, we use Llama-3.1-8B-
Instruct (Grattafiori et al., 2024), its SFT-adapted
variant trained on the same dataset, and Mistral-
7B-v1 (Jiang et al., 2023), each evaluated with the
Self-Refine pipeline (Madaan et al., 2023).

For MDM variants, we consider the base LLaDA
backbone and its SFT-adapted variant, LLaDASFT,
trained on our mixed-format SFT dataset. We
first include Standard Sampling, which performs
masked diffusion decoding without classifier-free
guidance. We evaluate this setting for both the
base LLaDA backbone and LLaDASFT to measure
the effect of dual-capability SFT. We also apply
Dynamic Dual-CFG to the base backbone to exam-
ine how much the guidance mechanism contributes
before task-specific adaptation.

For the SFT-adapted backbone, we compare
DCGC with several guidance variants. Single-
CFG (Problem) applies CFG using only the prob-
lem statement Q. Single-CFG (Joint) applies
CFG using the joint problem-draft context (Q,W ).
Dual-CFG (Static) separates the problem-only and
problem-draft branches but uses constant scaling.
Dual-CFG (Independent) uses a linear scaling rule
based on the confidence of the joint branch. Finally,
DCGC (Relative) uses the proposed relative ReLU
scaling based on the confidence gap between the
joint branch and the problem-only branch.

Implementation Details. We implement DCGC
using the LLaDA-8B-Instruct backbone. To ensure
parameter efficiency, we employ low-rank adapa-
tion (LoRA) (Hu et al., 2021) for fine-tuning. The
model is trained for 3 epochs on 2 NVIDIA A100
GPUs. For inference, we set the generation length
to 256 tokens (512 for MMLU). All MDM variants
are evaluated under the same hard-set protocol and
use the same block diffusion setting with block size



Table 1: Overall Performance. Performance comparison across reasoning benchmarks. DCGC combines mixed-
format SFT with Dynamic Dual-CFG and achieves the highest average accuracy, with the best score on five of the
six benchmarks. Bold and underlined indicate the best and second-best scores, respectively.

Method Model Math Code Knowledge & Reasoning Avg.
GSM8K MATH MBPP HumanEval MMLU-STEM MMLU-Pro

LLM Baselines
Self-Refine LLaMA 17.1 0.4 11.1 11.6 11.3 5.8 10.1
Self-Refine LLaMASFT 26.4 11.0 8.3 10.1 26.3 15.9 16.3
Self-Refine Mistral 5.6 0.7 1.4 8.7 4.2 3.0 3.9

MDM variants
Standard Sampling LLaDA 7.4 9.9 0.0 0.0 5.7 5.1 4.7
Dynamic Dual-CFG LLaDA 16.7 9.9 3.2 4.4 19.7 13.4 11.2
Standard Sampling LLaDASFT 32.4 17.4 5.1 8.7 30.9 19.2 18.9

Ours
DCGC LLaDASFT 44.9 22.3 10.7 13.1 35.7 22.5 24.8

Table 2: Impact of guidance scaling strategies. DCGC (Relative) utilizes a dynamic ReLU-based scaling
to selectively leverage dual conditions, consistently outperforming static and independent variants across all
benchmarks. Bold and underlined values indicate the best and second-best scores, respectively.

Method Guidance Branch Scaling Scores Avg.
Q (Q, W) GSM8K MATH MBPP HEval STEM Pro

Standard Sampling - - - 32.4 17.4 5.1 8.7 30.9 19.2 18.9

Single-Condition
Single-CFG (Problem) ✓ - Constant 43.9 17.4 6.9 10.1 34.9 20.8 22.4
Single-CFG (Joint) - ✓ Constant 36.6 15.6 5.6 8.7 32.9 21.4 20.1

Dual-Condition
Dual-CFG (Static) ✓ ✓ Constant 37.9 15.9 5.6 7.3 33.5 20.9 20.2
Dual-CFG (Independent) ✓ ✓ Linear 38.4 18.4 9.3 8.7 33.7 20.6 21.5
DCGC (Relative) ✓ ✓ ReLU 44.9 22.3 10.7 13.1 35.7 22.5 24.8

32 (Arriola et al., 2025). Crucially, the guidance
hyperparameters for our dynamic dual-CFG mech-
anism are strictly fixed to α = 0.5 and β = 1.0,
calibrated solely on the GSM8K validation split
and held constant across all benchmarks. In con-
trast, for the constant-scaling baselines, we sweep
the guidance weights from 0.5 to 2.0 with a step
size of 0.5 and report the maximum score achieved.
This evaluation protocol intentionally frames the
baseline performance at its empirical upper limit,
ensuring a highly conservative assessment of out
proposed method. Additional training and infer-
ence details are provided in Appendix B.

6 Results

6.1 Main Results
Overall performance. Table 1 and Table 2 sum-
marize the overall results, showing that DCGC
achieves the strongest overall performance across
the evaluated benchmarks. The largest gains appear
in mathematical reasoning. On GSM8K, DCGC at-

tains 44.9%, compared to 26.4% from the strongest
autoregressive Self-Refine baseline and 43.9% from
the strongest non-DCGC LLaDA variant. Similarly
on MATH, DCGC reaches 22.3%, surpassing the
strongest autoregressive baseline at 11.0% and the
best non-DCGC LLaDA variant at 18.4%.

This advantage extends to code and knowledge-
heavy tasks, where DCGC obtains 13.1% on Hu-
manEval and achieves top scores of 35.7% on
MMLU-STEM and 22.5% on MMLU-Pro. While
MBPP performance is comparable to the strongest
baseline (10.7% vs. 11.1%), we attribute the larger
gains on HumanEval to its richer problem specifica-
tion. HumanEval includes function signatures and
docstring-style instructions that provide more ex-
plicit constraints for correction than MBPP’s brief
natural-language prompts.

Overall, these results indicate that DCGC is an
effective draft-conditioned global correction mod-
ule when combined with dual-capability SFT and
relative dual guidance. We provide a representative



step-by-step example in Table 12, and present qual-
itative comparisons between baselines and DCGC
in Appendix I.

Effect of SFT. We first examine the role of SFT
by comparing standard sampling using the base
LLaDA-8B-Instruct model to the SFT-adapted vari-
ant. Without SFT, the pre-trained diffusion model
performs poorly, achieving only 4.7 average accu-
racy and 7.4% on GSM8K. In contrast, SFT sub-
stantially improves performance across tasks. With
standard sampling, LLaDASFT reaches 18.9 aver-
age accuracy, including 32.4% on GSM8K, 30.9%
on MMLU-STEM, and 19.2% on MMLU-Pro.
These results support the view that dual-capability
SFT equips the model with both problem-only solv-
ing ability and draft-conditioned generation ability.
This training stage is therefore an important foun-
dation for DCGC, since the model must remain
grounded in the problem statement while still be-
ing able to use draft-derived cues when they are
informative.

Limits of Single-Condition Guidance. Beyond
training, we examine the role of Dynamic Dual-
CFG by comparing standard sampling against
single-condition CFG and dual-branch CFG vari-
ants. This allows us to separate the effect of
inference-time guidance from the effect of con-
ditioning design. Applying Dynamic Dual-CFG
to the base LLaDA model improves the average
accuracy from 4.7 to 11.2, with GSM8K increasing
from 7.4% to 16.7%. This shows that inference-
time guidance can provide a useful correction sig-
nal even before task-specific adaptation.

On the SFT-adapted backbone, Single-CFG
(Problem) improves over standard sampling from
18.9 to 22.4, showing that strong problem con-
ditioning can recover many failed cases. This
problem-only branch provides a useful problem-
conditioned reference for generation. However,
problem-only guidance is not sufficient to obtain
the best performance. DCGC improves over Single-
CFG (Problem) on all six benchmarks, with es-
pecially clear gains on MATH, MBPP, and Hu-
manEval. This shows that draft-conditioned infor-
mation can complement problem-only guidance
when its residual contribution is properly con-
trolled.

This benefit does not come from simply adding
the draft. Although the joint condition contains
more information, Single-CFG (Joint), which uses
the concatenated problem-draft context, drops to

20.1 average accuracy. This indicates that imper-
fect drafts can introduce distracting context when
their contribution is not separated from the prob-
lem statement. Therefore, effective use of the draft
requires separating the problem-conditioned and
draft-conditioned signals, which motivates the dual-
guide design of DCGC.

Task Draft Condition Acc. ↑ FRR ↓

GSM8K Original 44.9 27.3
Shuffled 38.0 90.3
Domain-shifted 40.7 98.6

MATH Original 22.3 66.0
Shuffled 10.3 96.8
Domain-shifted 11.0 96.8

MBPP Original 10.7 3.2
Shuffled 10.6 17.6
Domain-shifted 7.4 100.0

MMLU-STEM Original 35.7 36.5
Shuffled 32.1 89.0
Domain-shifted 30.0 88.8

Table 3: Draft relevance perturbation. We keep the
problem fixed and perturb only the draft condition. Orig-
inal uses the draft generated for the same problem, Shuf-
fled uses an unrelated draft from the same task, and
Domain-shifted uses a draft from a different task. FRR
(Full Regeneration Rate) denotes the fraction of samples
where the generated output has low token overlap with
the draft, retaining fewer original draft tokens.

Effect of relative scaling. As illustrated in Ta-
ble 2, after separating the problem and joint
problem-draft branches, we evaluate how the draft-
conditioned residual should be scaled. Dual-CFG
(Static) uses constant scaling for the separated
branches, but reaches only 20.2 average accuracy,
remaining below the problem-only baseline at 22.4.
This shows that uniformly enforcing the draft’s in-
fluence across the entire problem is insufficient.

Dual-CFG (Independent) improves over static
dual guidance on nearly all benchmarks, reaching
21.5 average accuracy, but it still underperforms
DCGC. This variant scales the draft-conditioned
branch based on the confidence of the joint context
alone. However, joint confidence is not always
a reliable signal for amplifying draft-conditioned
information, since an imperfect draft can still make
the joint branch confident.

In contrast, DCGC compares the joint problem-
draft branch against the problem-only branch and
uses a relative ReLU confidence gap to scale



the residual direction between them. When the
joint branch provides a confidence gain over the
problem-only branch, DCGC increases the draft-
conditioned residual. When it provides little addi-
tional support, the extra residual amplification is
reduced. As a result, DCGC achieves 24.8 average
accuracy and obtains the best scores among LLaDA
variants across all benchmarks. These results show
that relative scaling is important for balancing prob-
lem conditioning with draft-conditioned residual
guidance. We report additional results with alterna-
tive scaling functions in Appendix D.

6.2 Draft Relevance and Selective Reuse
While our main results demonstrate that DCGC ef-
fectively improves reasoning accuracy, it is impor-
tant to verify whether the model genuinely utilizes
the provided draft or merely ignores it and re-solves
the problem from scratch. To address this, Table 3
evaluates whether DCGC is sensitive to the rele-
vance of the draft condition. To isolate the effect
of the draft, we keep the problem fixed and replace
only the draft input. The Original setting uses the
draft generated for the same problem, while Shuf-
fled and Domain-shifted replace it with irrelevant
drafts from the same task or a different task. Across
all evaluated tasks, the original draft achieves the
highest accuracy and draft reuse ratio (FRR). For
example, on MATH, accuracy drops from 22.3 with
the original draft to 10.3 and 11.0 under shuffled
and domain-shifted drafts, respectively. Similar
patterns are observed on other benchmarks, with
particularly large changes on the MBPP code gen-
eration task.

Overall, these perturbation results show that
DCGC does not treat all drafts equally. Instead, it
reuses aligned and informative draft content while
suppressing reuse when the draft becomes irrele-
vant or mismatched. Together with Table ??, this
supports the role of relative dual guidance in us-
ing draft-derived information beyond problem-only
guidance.

6.3 Evaluation in Gold-Agnostic Settings
We further evaluate DCGC in a gold-agnostic set-
ting where ground-truth answers are unavailable
at test time. We use Llama-3.1-8B with self-
consistency (Wang et al., 2023) over five samples
as the upstream generator. If no answer receives at
least three votes among the five samples, the query
is marked as low-consensus and sent to a correction
module. Otherwise, the self-consistency answer is

Method Full Set Correction Set
Acc. ∆ Acc. ∆

MATH (Correction Ratio ∼64%, Maj≥3@5 21.00)

Llama-3-8B (Maj@5) 41.19 - 20.4 -
+ Self-Refine 41.20 (+0.01) 20.4 (+0.0)
+ LLaDA (Standard) 40.40 (-0.79) 19.1 (-1.3)
+ LLaDASFT (Standard) 42.60 (+1.41) 22.6 (+2.2)
+ LLaDASFT (Single-CFG Q) 40.80 (-0.39) 19.7 (-0.6)
+ DCGC 43.20 (+2.01) 23.5 (+3.1)

GSM8K (Correction Ratio ∼9%, Maj≥3@5 78.47)

Llama-3-8B (Maj@5) 86.80 - 38.1 -
+ Self-Refine 85.97 (-0.83) 28.8 (-9.3)
+ LLaDA (Standard) 85.37 (-1.43) 22.0 (-16.1)
+ LLaDASFT (Standard) 85.75 (-1.05) 26.3 (-11.9)
+ LLaDASFT (Single-CFG Q) 86.20 (-0.60) 31.4 (-6.8)
+ DCGC 86.96 (+0.16) 39.8 (+1.7)

MMLU-STEM (Correction Ratio ∼7%, Maj≥3@5 64.13)

Llama-3-8B (Maj@5) 68.66 - 26.4 -
+ Self-Refine 68.79 (+0.13) 28.2 (+1.9)
+ LLaDA (Standard) 68.47 (-0.19) 23.6 (-2.8)
+ LLaDASFT (Standard) 68.89 (+0.23) 29.6 (+3.2)
+ LLaDASFT (Single-CFG Q) 68.82 (+0.16) 28.7 (+2.3)
+ DCGC 69.17 (+0.51) 33.8 (+7.4)

Table 4: Gold-agnostic selective correction on full
test sets. Only low-consensus examples are selected
for correction. Headers indicate the correction ratio
and high-consensus (Maj≥3@5) accuracy. Parentheses
denote ∆ relative to the no-correction Maj@5 baseline.

accepted. For these correction cases, we use the
first generated reasoning path as the draft W .

To rigorously evaluate the benefit of correction,
we employ Majority Voting (Maj@5) as a strong
baseline that inherently aggregates the model’s
best possible predictions. We additionally report
Maj≥3@5, which counts a prediction as correct
only when the selected answer appears at least three
times and matches the gold answer. This diag-
nostic characterizes the strength of the upstream
consensus. Surpassing Maj@5 implies correcting
instances where the generator’s internal consensus
is either scattered or fundamentally incorrect. This
is a task significantly harder than improving upon
a single sample (pass@1).

Table 4 reports the full-set accuracy as the pri-
mary metric. Overall, DCGC consistently im-
proves the final accuracy across all three bench-
marks, GSM8K, MATH, and MMLU-STEM. No-
tably, the results highlight that correction under
low consensus is highly unstable for conventional
baselines. For instance, on GSM8K, standard meth-
ods like Self-Refine actually degrade the correction-
subset accuracy by 9.3% compared to the Maj@5
baseline. This performance drop underscores the
inherent difficulty of reliably revising uncertain



Method Easy Hard

GSM8K (Easy: 45, Hard: 73)

DCGC 53.33 31.51
LLaDA Standard 42.22 9.59
LLaDASFT Standard 44.44 15.07
LLaDASFT cond Q 40.00 26.03
LLaMA-8B-Instruct 46.67 17.81

MATH (Easy: 65, Hard: 254)

DCGC 44.62 18.11
LLaDA Standard 43.08 12.99
LLaDASFT Standard 47.69 16.14
LLaDASFT cond Q 41.54 14.17
LLaMA-8B-Instruct 50.77 12.20

MMLU-STEM (Easy: 57, Hard: 159)

DCGC 40.35 31.45
LLaDA Standard 49.12 14.47
LLaDASFT Standard 40.35 25.79
LLaDASFT cond Q 31.58 27.67
LLaMA-8B-Instruct 42.11 23.27

Table 5: Post-hoc breakdown of accuracy on the low-
consensus correction subset. Easy and hard denote
instances for which the initial upstream solution is cor-
rect and incorrect, respectively.

drafts without ground-truth feedback. In contrast,
DCGC consistently improves correction-subset ac-
curacy over the Maj@5 baseline, even though the
corresponding full-set gains are modest on GSM8K
and MMLU-STEM due to their small correction
ratios.

To further characterize performance on the low-
consensus correction subset, we divide it according
to whether the initial upstream solution is correct.
We refer to instances with a correct initial solution
as easy and those with an incorrect initial solu-
tion as hard; these labels are used only for post-
hoc analysis and are not available to the correction
methods at test time. Table 5 reports the resulting
breakdown.

DCGC achieves the highest accuracy on the hard
subset for all three benchmarks, reaching 31.51 on
GSM8K, 18.11 on MATH, and 31.45 on MMLU-
STEM. These results show that its gains in the gold-
agnostic setting arise from more reliable correction
of initially incorrect, low-consensus outputs. Mean-
while, DCGC remains competitive on the easy sub-
set (53.33, 44.62, and 40.35 on GSM8K, MATH,
and MMLU-STEM, respectively), indicating that
its hard-case improvements are not explained solely
by an indiscriminate trade-off against initially cor-
rect cases.

7 Conclusion

In this paper, we presented DCGC, a masked-
diffusion framework for draft-conditioned global
correction of complex reasoning traces. DCGC
leverages the synergy between Supervised Fine-
Tuning and Dynamic Dual-CFG, enabling the
model to generate under both problem-only and
joint problem-draft contexts while adaptively mod-
ulating the draft-conditioned residual signal. Ex-
tensive experiments across diverse benchmarks
demonstrate that DCGC significantly outperforms
strong baselines on reasoning tasks, and remains ef-
fective in realistic settings without oracle feedback.
DCGC’s ability to extract constructive draft infor-
mation via relative dual guidance highlights the
promising paradigm of combining autoregressive
models for initial generation with masked diffu-
sion models for global correction to build reliable,
self-correcting reasoning systems.

Limitations

Due to computational resource constraints during
supervised fine-tuning, we applied a strict length
filter and discarded samples exceeding 1,028 to-
kens. While this length is sufficient for the rea-
soning benchmarks evaluated in this work, such
as GSM8K, MATH, and standard MMLU tasks,
the current instantiation of DCGC may be lim-
ited in extremely long-context scenarios. Addi-
tionally, our gold-agnostic correction strategy uses
self-consistency as a simple uncertainty signal, and
more sophisticated triggering criteria may further
improve efficiency and reliability.
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A Derivation of Dual-Guide CFG

In this section, we provide the mathematical deriva-
tion of the Dual-Guide Decomposition objective
presented in Eq. 6. We show how the logit-space
manipulation corresponds to composing a target
distribution from multiple guidance signals.

Relationship between Logits and Probabilities.
In diffusion language models, the network output
sθ(x0 | c, xt) represents the unnormalized logits.
The probability distribution is obtained via the soft-
max function:

pθ(x0 | c, xt) =
exp(sθ(x0 | c, xt))

Z(c, xt)
, (9)

where Z(c, xt) is the normalization constant. In
the log-space, this implies:

log pθ(x0 | c, xt) = sθ(x0 | c, xt)− logZ(c, xt).
(10)

Since the normalization term is constant with re-
spect to the token vocabulary x0, we can directly
manipulate the logits to approximate the operations
on log-probabilities: log pθ ∝ sθ.

Decomposition as Product of Experts. Our goal
is to construct a final guided distribution p̃θ that si-
multaneously satisfies two objectives: (1) adhering
to the problem constraints and (2) incorporating
constructive refinements from the draft. We formu-
late this as the product of two distinct classifier-free
guidance distributions:

p̃θ(x0) ∝ p̃problem(x0)︸ ︷︷ ︸
Problem Adherence

· p̃refine(x0)︸ ︷︷ ︸
Refinement Direction

. (11)

The first component, p̃problem, applies standard
CFG (Ho and Salimans, 2022) to ensure the gen-
eration anchors to the problem statement Q (sprob)
relative to the unconditional baseline ∅ (s∅):

p̃problem(x0) ∝
pθ(x0 | Q)1+S1

pθ(x0 | ∅)S1
. (12)

The second component, p̃refine, guides the gener-
ation toward the corrected logic found in the joint
context (Q,W ) (sjoint) relative to the problem-
only context (sprob). This extracts the marginal
improvement provided by the draft:

p̃refine(x0) ∝
pθ(x0 | Q,W )1+S2

pθ(x0 | Q)S2
. (13)

Deriving the Logit Arithmetic. By substituting
these definitions into the product formulation and
taking the logarithm, we derive the additive logit
update rule:

log p̃θ(x0) = log p̃prob(x0) + log p̃ref(x0) + C

=
[
(1 + S1) log p(Q)− S1 log p(∅)

]
+
[
(1 + S2) log p(Q,W )− S2 log p(Q)

]
.

(14)
Rearranging the terms, we finally obtain:

log p̃θ(x0) =
[
log p(Q) + S1(log p(Q)− log p(∅))

]
+
[
log p(Q,W )

+ S2(log p(Q,W )− log p(Q))
]
.

(15)
Replacing the log-probabilities with their corre-
sponding logits (sprob, s∅, sjoint), we can recover
Eq. (6):

s̃θ = sprob + S1(sprob − s∅)︸ ︷︷ ︸
Problem Guidance

+ sjoint + S2(sjoint − sprob)︸ ︷︷ ︸
Refinement Guidance

.
(16)

This derivation confirms that our linear combina-
tion of logits is theoretically grounded in the inter-
section of two guided probability distributions.

B Experimental Details

In this section, we provide comprehensive details
regarding the training configurations, model hyper-
parameters, and computational infrastructure used
in our experiments.

B.1 SFT Dataset Construction Details
We curated a unified dataset balanced across three
domains including Mathematics, Coding, and Gen-
eral Reasoning. To align the dataset size across
domains, we targeted approximately 10,000 unique
problems per domain which were then expanded
into standard pairs (Q,G) and refinement triplets
(Q,W,G). The final dataset contains 55,440 train-
ing samples and 2,913 validation samples. The
detailed curation process for each domain is de-
scribed below.

Mathematics (GSM8K, MATH). We utilized
the Math-Shepherd dataset (Wang et al., 2024) as
it contains explicit labels for incorrect reasoning
steps. For each problem, we selected one incorrect
solution to form the draft W and paired it with the
ground truth G. This process resulted in valid train-
ing pairs after length filtering with approximately



5,100 samples for GSM8K and 14,600 samples for
MATH.

Coding (MBPP, Magicoder). We sourced prob-
lems from the MBPP training set and Magicoder.
Since identifying incorrect code solutions requires
computationally expensive execution-based test-
ing, we employed a heuristic supervision strategy
where we treated Llama-3.1-8B-Instruct generated
solutions as potential drafts (W ) without explicit
execution verification. From the large-scale Magi-
coder dataset, we sampled 20,000 Python instances
to match the volume of the mathematics domain.
Combined with 474 MBPP problems, this yielded
approximately 21,000 training samples in total.

General Reasoning (MMLU). We used the
MMLU-Auxiliary training set which contains
99.8k samples. To obtain hard negatives, we uti-
lized Qwen3-8B to solve the training set and se-
lectively collected failure cases where the model
produced incorrect answers. These 12,055 failure
instances served as the source for W . We sampled
10,000 unique problems from this subset and ex-
panded them into pairs and triplets to create 20,000
training samples.

Preprocessing. We applied a strict length filter
to ensure training stability. Any sample where the
combined prompt including the template and inputs
exceeded 1,028 tokens was discarded. The final
filtered dataset was split into training and validation
sets using a stratified 19 to 1 ratio.

B.2 Hard Set Construction Details

To rigorously evaluate the refinement capability
of our model, we constructed a Hard Set consist-
ing exclusively of problems that the initial solver,
Llama-3.1-8B-Instruct, failed to solve correctly.
Specifically, we performed zero-shot inference on
the training set of each benchmark and filtered out
instances where the model’s output matched the
ground truth. The retained incorrect generations
serve as the flawed solutions (W ) for our refine-
ment task.

The resulting Hard Set comprises the following
number of samples: GSM8K (216), MATH (282),
MBPP (216), HumanEval (69), MMLU-STEM
(956), and MMLU-Pro (6,675). By focusing on
these failure cases, we ensure that the evaluation
strictly measures the model’s ability to correct er-
rors rather than its ability to solve easy problems
from scratch.

B.3 Baseline Details

We implement the Self-Refine baseline following
Madaan et al. (2023), using the four prompt tem-
plates provided in Appendix H.1. To ensure repro-
ducibility, we detail the configuration for autore-
gressive baselines. For inference, we use nucleus
sampling with p = 0.9. The temperature is set
to 0.6 for standard generation, while for the Self-
Refine pipeline, we lower it to 0.3 during the feed-
back and refinement phases to encourage precise
critique. The refinement process is limited to a sin-
gle iteration to ensure fair comparison with DCGC,
which does not rely on iterative refinement. We
adjust the maximum token limits for the initial gen-
eration, feedback, and refinement stages based on
domain complexity: 512, 384, and 512 tokens for
mathematics and reasoning tasks (GSM8K, MATH,
MMLU), and 800, 512, and 800 tokens for cod-
ing benchmarks (MBPP, HumanEval), respectively.
For the fine-tuned Llama-3.1 baseline, we employ
Low-Rank Adaptation (LoRA) with rank r = 16
and α = 32. The model is trained for 3 epochs
with a maximum sequence length of 2,048. We use
a learning rate of 2× 10−5 with a cosine scheduler
and a warmup ratio of 0.03.

B.4 Training Configuration

We fine-tuned the LLaDA-8B-Instruct backbone
using Supervised Fine-Tuning (SFT) with Low-
Rank Adaptation (LoRA). To ensure parameter ef-
ficiency, LoRA was applied to all linear layers with
a rank r = 32, alpha α = 64, and a dropout rate
of 0.05. The model was trained using the AdamW
optimizer with a learning rate of 2× 10−5, employ-
ing a cosine learning rate scheduler with a warmup
ratio of 0.1. The training process spanned 3 epochs
with evaluations performed every 0.25 epochs. We
set the maximum sequence length to 1,028 tokens
and utilized bfloat16 precision. All experiments
were conducted on 2 × NVIDIA A100 (80GB)
GPUs, accelerated by DeepSpeed (ZeRO-2 stage)
for memory optimization.

B.5 Inference and Sampling

For inference, we generate solutions using a
masked diffusion process with 128 sampling steps
(T = 128). We adopted this sufficient number of
steps to prioritize the precision of reasoning cor-
rection and to ensure robust denoising against the
negative signals from wrong solutions. The max-
imum generation length is set to 256 tokens for



Benchmark
LLM MDM Baselines (8B) Ours

Self-refine Self-refine Standard Dual-CFG Standard DCGC
Source(7B/32B) LLaMA-8B LLaDA- LLaDA SFT LLaDA SFT LLaDA

Source: Mistral-7B-v1

GSM8K 2.7 29.5 35.3 30.4 6.7 42.0
MATH 2.1 1.7 11.0 16.4 19.5 20.9
MBPP 25.9 34.8 0.0 11.9 42.2 43.8

Source: Qwen-2.5-32B

GSM8K 12.1 22.7 3.0 16.7 19.7 28.8
MATH 0.6 0.0 12.8 10.3 14.1 18.6
MBPP 29.4 1.8 0.0 1.8 1.8 8.3

Table 6: Generalizability across different source models. Comparison of refinement performance on hard sets
constructed by Mistral-7B-v1 and Qwen-2.5-32B. SR denotes Self-Refine.

GSM8K, MATH, and Coding tasks, and extended
to 512 tokens for MMLU benchmarks.

Hyperparameter Search and Robustness. To
evaluate the robustness of our framework and pre-
vent overfitting to specific datasets, we determined
the hyperparameters α (structural scale) and β (re-
finement scale) using only the GSM8K as a vali-
dation proxy. We performed a coarse grid search
over {0.5, 1.0, 1.5} and selected the configuration
that yielded the best performance. These selected
values (α = 0.5, β = 1.0) were then kept fixed
across all other benchmarks without further tuning.
This "train-once, apply-everywhere" strategy for
hyperparameters demonstrates the generalization
capability of our Dynamic Dual-CFG mechanism.

C Generalizability to Diverse Initial
Solvers

The primary objective of this experiment is
to demonstrate that DCGC possesses a model-
agnostic refinement capability and is not overfitted
to the specific error patterns of the Llama-3 archi-
tecture used in training. Since our main evaluation
relied exclusively on flawed solutions generated
by Llama-3.1-8B-Instruct, there is a valid concern
that the refinement performance might be biased
toward the linguistic distinctiveness or specific fail-
ure modes of that particular generator. To address
this and verify robustness, we extended our eval-
uation by constructing additional hard sets using
two distinct LLMs including Mistral-7B-v1 and
Qwen2.5-32B.

These models were selected to represent a di-
verse range of reasoning capabilities and architec-
tures. Mistral-7B serves as a representative of high-

performance dense models in the 7B parameter
class while Qwen2.5-32B represents a significantly
larger and more capable model. We constructed the
hard sets by collecting failure cases where these
models generated incorrect solutions. The resulting
datasets consist of 224 GSM8K, 292 MATH, and
495 MBPP samples for Mistral, and 66 GSM8K,
156 MATH, and 109 MBPP samples for Qwen.
Note that the significantly smaller size of the Qwen-
based hard set reflects its superior baseline reason-
ing capability.

Table 6 presents the performance of DCGC
and baseline methods on these unseen error dis-
tributions. The results provide compelling evi-
dence that the editing capabilities of DCGC are
not confined to the specific error patterns of its
training source. On the hard set constructed from
Mistral-7B-v1, DCGC consistently outperforms all
baselines across three benchmarks. Notably on
GSM8K, DCGC achieves an accuracy of 42.0%
and markedly surpasses both the autoregressive
Self-Refine baseline using LLaMA-8B and the stan-
dard SFT LLaDA baseline. This trend holds for
the MATH and MBPP benchmarks as well where
DCGC maintains its superiority and demonstrates
its ability to effectively correct reasoning flaws gen-
erated by a different dense model architecture.

Furthermore, the results on the Qwen-2.5-32B
hard set highlight the robustness of our framework
even when applied to a significantly larger and
more capable model. Despite the high difficulty
of improving upon the 32B-scale drafts using an
8B refiner, DCGC successfully identifies and cor-
rects errors that the original model failed to resolve.
Specifically, DCGC achieves 28.8% on GSM8K



Function Math Code Know. Avg.
GSM8K MATH MBPP HEval STEM

Tanh 44.9 19.1 10.7 10.1 35.4 24.0
Sigmoid 38.0 19.9 11.6 8.7 34.7 22.6
Gated Tanh 42.1 19.2 10.7 13.0 34.7 23.9
Gated Sigmoid 39.8 17.7 11.1 14.5 33.3 23.3
ReLU (DCGC) 44.9 22.3 10.7 13.1 35.7 25.3

Table 7: Ablation on Scaling Functions. Comparison of different activation functions for the refinement scaling
factor (S2). ReLU (Ours) achieves the highest average accuracy, effectively filtering out noise through its hard-
gating mechanism, whereas Tanh and Sigmoid suffer from noise leakage on complex reasoning tasks.

SFT Guidance Scaling GSM8K MATH MBPP MMLU-STEM Avg.

– Standard Sampling – 3.2 7.1 1.9 6.5 4.7
– Dynamic Dual-CFG ReLU 19.4 13.8 9.7 17.2 15.0

✓ Standard Sampling – 27.8 15.3 7.4 19.1 17.4
✓ DCGC (Relative) ReLU 42.6 18.1 13.4 31.4 26.4

Table 8: Additional results on the DREAM backbone. We evaluate DCGC on DREAM, another masked diffusion
backbone, using the same solver-failure hard-set protocol as in Table ??. The results show that the same trend
observed with LLaDA also holds for DREAM: dual-capability SFT improves the base model, and DCGC further
improves over the matched SFT backbone with standard sampling. These results are intended as supporting evidence
for backbone transfer, while the primary controlled comparison remains Table ??.

and 18.6% on MATH. These results are particularly
striking as they outperform the self-refinement ca-
pability of the much larger Qwen-32B model itself
which only attained 12.1% and 0.6% on the re-
spective tasks. These findings confirm that DCGC
learns a generalized refinement prior rather than
merely overfitting to the linguistic or logical id-
iosyncrasies of Llama-3 and thereby validates its
potential as a universal refiner for diverse open-
source LLMs.

D Impact of Different Scaling Functions

To validate our choice of the scaling function for
the refinement term S2, we compare our ReLU-
based strategy against standard non-linear func-
tions (Tanh, Sigmoid) and their gated variants de-
signed to enforce non-negativity. Specifically, we
define Gated Tanh as ReLU(tanh(x)) and Gated
Sigmoid as 2 · ReLU(σ(x)− 0.5), where the shift
and scaling ensure the output is exactly zero when
the confidence gap is zero. Table 7 shows that
while the framework is generally effective across
different functions, DCGC (ReLU) yields the most
robust performance, particularly on logic-intensive
benchmarks like MATH (22.3) and GSM8K (44.9).
We observe that standard Sigmoid underperforms

on GSM8K (38.0), likely due to its "soft gating"
behavior, which may allow minor noise from the
flawed solution to affect the generation. Further-
more, Tanh-based variants, despite incorporating
hard gating, lag behind ReLU in complex reason-
ing tasks. This suggests that the saturation prop-
erty of Tanh may limit the guidance strength when
the confidence gap is large, whereas the linear na-
ture of ReLU allows for stronger signal injection
proportional to the model’s certainty. Based on
these empirical observations, we adopt ReLU for
its simplicity and effectiveness in balancing noise
filtration and signal amplification.

E Generalization to the DREAM
Backbone

Our main experiments use LLaDA-8B-Instruct
as the masked diffusion backbone. To examine
whether the observed gains are specific to this back-
bone, we additionally evaluate DCGC on DREAM,
another masked diffusion model, under the same
solver-failure hard-set protocol used in Table ??.
This experiment is intended as a supporting gen-
eralization check rather than the primary evidence
for the method; the main controlled comparison re-
mains the matched LLaDA experiment in Table ??.



Table 8 shows that the overall trend trans-
fers to DREAM. Without SFT, standard sampling
achieves only 4.7 average accuracy, while applying
Dynamic Dual-CFG to the base DREAM back-
bone improves the average to 15.0. After dual-
capability SFT, standard sampling reaches 17.4 av-
erage accuracy, indicating that task-specific adap-
tation is also important for DREAM. Finally, com-
bining SFT with relative dual guidance yields the
strongest performance, with DCGC achieving 42.6
on GSM8K, 18.1 on MATH, 13.4 on MBPP, and
31.4 on MMLU-STEM.

These results suggest that the benefit of DCGC
is not tied to a single diffusion backbone. In partic-
ular, DCGC improves over the matched DREAM-
SFT standard sampling baseline by 14.8 points
on GSM8K, 2.8 points on MATH, 6.0 points on
MBPP, and 12.3 points on MMLU-STEM. The
pattern is consistent with the LLaDA results: SFT
strengthens the model’s problem-only and draft-
conditioned generation capabilities, while relative
dual guidance further improves performance by
modulating the draft-conditioned signal during
global denoising.

We emphasize that this experiment does not
claim universal transfer across all MDMs. Rather,
it provides additional evidence that the proposed
draft-conditioned global correction framework can
be instantiated on more than one masked diffusion
backbone.

F Additional Baselines

We further compare DCGC against recent tool-free
critique-and-revise methods in the same regime:
RCI (Kim et al., 2023) and ReVISE (Lee et al.,
2025a), both evaluated under our hard-set protocol.

Table 9: Comparison with tool-free, verifier-free revise
methods under our hard-set protocol.

Method Tool-free Verifier-free GSM8K MATH MMLU-STEM

Self-Refine ✓ ✓ 26.4 11.0 26.3
RCI (Kim et al., 2023) ✓ ✓ 19.4 0.7 29.9
ReVISE (Lee et al., 2025a) ✓ ✓ 4.2 0.0 4.8
DCGC ✓ ✓ 44.9 22.3 35.7

As shown in Table 9, consistent with prior
findings that unaided self-critique yields limited
and inconsistent gains on reasoning tasks, RCI
and ReVISE provide only modest improvements
on failed instances. In contrast, DCGC’s draft-
conditioned global correction achieves substan-
tially stronger performance across all three reason-
ing benchmarks.

Branch relation Mean gap Draft reuse

Disagreement 0.214 0.321
Agreement 0.026 0.192

Table 10: Token-level relationship between branch
disagreement, confidence gap, and draft reuse on
MATH. Disagreement indicates positions at which
the problem-only and joint branches predict different
argmax tokens. Draft reuse is measured by 8-gram over-
lap at gate-open positions.

G Empirical Analysis of
Confidence-Guided Draft Reuse

We further analyze whether the relative confidence
gap in DCGC serves its intended role of control-
ling draft reuse. Importantly, DCGC does not treat
either absolute confidence or the relative gap as a
verifier of logical correctness. At each position i, it
computes the relative confidence gap

g(i) = C
(i)
joint − C

(i)
prob

and uses it to determine the residual scale

S
(i)
2 = β · ReLU

(
g(i)

)
.

Thus, additional draft-conditioned residual amplifi-
cation is activated only when conditioning jointly
on the problem and draft increases confidence rel-
ative to conditioning on the problem alone. The
joint-conditioned logits remain part of the com-
bined logits regardless of the gate; S2 controls only
the additional amplification of the residual direc-
tion. This differs from relying on absolute joint
confidence, as in the independent-scaling variant
in Table 2.

We evaluate the relationship between the confi-
dence gap and draft reuse on MATH at both the
token and example levels. Draft reuse is measured
using 8-gram overlap between the generated so-
lution and the input draft. For token-level reuse
statistics, we consider gate-open positions, i.e., po-
sitions where S2 > 0.

Token-level analysis. We first divide token posi-
tions according to whether the problem-only and
joint branches predict the same argmax token. A
position is labeled as disagreement when their
argmax predictions differ and as agreement oth-
erwise. Table 10 reports the mean confidence gap
and draft-reuse rate for the two groups.

The mean confidence gap is approximately eight
times larger at disagreement positions than at agree-
ment positions (0.214 vs. 0.026). Draft reuse



Draft ρ 95% CI ρ (length-controlled)

Original +0.195 [+0.070,+0.314] +0.247
Shuffled +0.078 [−0.051,+0.204] +0.077

Table 11: Example-level correlation between the
mean confidence gap and draft reuse on MATH. The
shuffled condition pairs each problem with a draft from
an unrelated example. The final column reports the
partial Spearman correlation after controlling for gener-
ation length.

is also substantially higher at disagreement po-
sitions (0.321 vs. 0.192). Moreover, the gate
scale S2 increases monotonically with branch-
disagreement probability, with a Spearman corre-
lation of ρ = 0.167 and a 95% confidence interval
of [0.150, 0.182]. These results indicate that the
relative gap concentrates additional residual am-
plification at positions where the two condition-
ing branches provide competing predictions. At
agreement positions, the gap and corresponding
amplification are considerably smaller, although
not necessarily zero.

Example-level analysis. We next test whether
confidence-guided reuse reflects the relevance of
the draft to the current problem rather than superfi-
cial factors such as generation length or the mere
presence of draft context. For each example, we
compute the mean confidence gap and its draft-
reuse rate. We then measure their Spearman cor-
relation under two conditions: the original draft
paired with its corresponding problem and a shuf-
fled control in which the problem is paired with a
draft from an unrelated MATH example. We addi-
tionally report partial correlations controlling for
generation length.

With the original drafts, the confidence gap is sig-
nificantly correlated with draft reuse (ρ = 0.195),
and the correlation remains positive after control-
ling for generation length (ρ = 0.247). In con-
trast, the correlation is substantially weaker under
the shuffled control, and its confidence interval in-
cludes zero. Shuffling preserves the presence of a
draft while removing its semantic correspondence
with the problem. The resulting difference there-
fore suggests that the confidence gap responds to
problem–draft alignment rather than merely to draft
availability or output length.

Together, the token- and example-level analyses
support the intended mechanistic role of the rel-
ative confidence gap: it controls where and how
strongly draft-derived information is reused. These

results do not imply that the gap verifies logical
correctness or that a larger gap necessarily guaran-
tees successful correction. Instead, they show that
the gap functions as a selective draft-reuse signal
rather than an indiscriminate confidence heuristic.

H Prompts

H.1 Self-Refine Prompt Format
We provide the four prompt templates used in the
Self-Refine pipeline, which respectively guide ini-
tial solution generation, self-critique, refinement,
and final response selection.

Generation Prompt

You are a careful math tutor. Solve the prob-
lem step by step. Follow below final answer
format strictly! Keep each step short and
factual. At the very end, output exactly one
line: The answer is: <number>

Problem: [Problem here]

Solution:

Feedback Prompt

You are a strict reviewer. Given the math
problem and the current solution, write spe-
cific, actionable feedback listing concrete
fixes. Point out wrong arithmetic, missing
constraints, or invalid reasoning. If the so-
lution is already fully correct and clearly
presented, say so.

Problem: [Problem here]

Current solution: [Draft Solution here]

Feedback (bulleted list of fixes and checks):
Finally, output exactly one line as ’Stop:
yes’ if no further refinement is needed, oth-
erwise ’Stop: no’. Do not output anything
after this line. Stop:

Refinement Prompt

You are an expert math editor. Improve the
solution based on the feedback. Fix every
pointed issue. Keep the reasoning concise
and correct. At the very end, output exactly
one line: The answer is: <number>
Problem: [Problem here]
Previous solution: [Draft Solution here]
Feedback: [Feedback here]



Improved solution:

System Prompt / Instruction Header (Op-
tional)

You are a helpful assistant. Follow the in-
structions precisely and output only what is
requested.

H.2 DCGC Prompt Template

Standard Solving prompts for Problem
Context

Mathematics (GSM8K, MATH)
You are an expert mathematician. Solve the
problem step-by-step, showing your rigor-
ous reasoning and calculations. End with
"The answer is: X" where X is your final
solution.

Question: [Problem here]

Coding (MBPP, HumanEval)
You are an expert programming assistant.
Write a correct and efficient solution to the
following coding problem. Provide your
reasoning if necessary, and output the code
inside a markdown block.

Problem: [Problem here]

General Knowledge (MMLU)
Solve the following multiple-choice ques-
tion step-by-step. Think through the prob-
lem logically, show your reasoning chain,
and justify your choice with specific evi-
dence or calculations. Ensure your reason-
ing leads directly to the correct option. End
your response with: "The answer is: (X)"
where X is the correct choice (A, B, C, or
D).

Question: [Question here]

Refinement prompts for Joint Context

You are an expert mathematician. Solve the
problem step-by-step, showing your rigor-
ous reasoning and calculations. End with
"The answer is: X" where X is your final
solution.

Question: [Problem here]

[Draft Solution here]
Using the provided solution above as a refer-
ence, derive a rigorous, correct step-by-step
solution. Verify the logic and calculations
within the reference, correcting any inaccu-
racies only when necessary to ensure the
final answer is precise.

I Qualitative Analysis

I.1 Step-by-step Refinement
Table 12 provides a step-by-step visualization of
the DCGC generation process across diffusion
timesteps. Rather than indiscriminately following
the flawed initial draft, DCGC dynamically mod-
ulates its guidance based on the refinement confi-
dence. For instance, at early stages (e.g., t = 7),
the model effectively filters out the draft’s incor-
rect logic by adhering to the problem-conditioned
structure (Cprob). Conversely, at t = 20 and
t = 33, when the joint-conditioned confidence
is sufficiently high (Cjoint > Cprob), DCGC se-
lectively injects constructive math hints to correct
the reasoning trajectory. Through this token-level
adaptation, the framework successfully rectifies the
wrong draft into the correct final answer.

I.2 Case Studies: Error Correction across
Benchmarks

We provide concrete qualitative examples to il-
lustrate how DCGC successfully rectifies flawed
initial solutions compared to baseline refinement
methods, as shown in Figure 2 (GSM8K) and
Figure 3 (MATH). A critical limitation of ARM-
based refinement methods is error propagation. In
contrast, the parallel decoding mechanism of our
MDM-based DCGC framework evaluates and up-
dates the entire sequence simultaneously. This
global context awareness enables DCGC to safely
filter out logical noise from the draft while inject-
ing necessary corrections at the precise locations
required.



Q: Claire makes a 3 egg omelet every morning for breakfast. How many dozens of eggs will she eat in 4 weeks?
W: ...4 weeks * 7 days/week = 28 days...3 omelets/day * 28 days = 84 ...84 omelets * 3 eggs/omelet = 252 eggs... The
answer is: 21

Step Unconditional Problem-Conditioned Joint-Conditioned DCGC Action
t =
7

...3 eggs ... for 5 days ...
3*5

... 3 eggs ... for 7 days...
3*7

... 3 eggs ... for 7 days ...
3*3

Follow Structure
(Cprob)

t =
19

...so she eats 3*7 = 21
eggs...

...so she eats 3*7 = 21
eggs...

...so she eats 3*7 = 21
eggs...

Consensus

t =
20

Over 4 weeks ... 2 * 4... Over 4 weeks ... 1 * 4... Over 4 weeks ... 21 * 4 =
84...

Inject Hint (Cjoint >
Cprob)

t =
29

...will eats 21 * 4 = 84 eggs ...will eat 21 * 4 = 84 eggs ...will eat 21 * 4 = 84 eggs Consensus

t =
33

A dozen is 12 eggs so she
needs 84///8...

A dozen is 12 eggs so she
will 84//1...

A dozen is 12 eggs so she
eats 84/12...

Inject Hint (Cjoint >
Cprob)

t =
38

...so she eats 84/12 = 7
dozens

...so she eats 84/12 = 7
dozens

...so she eats 84/12 = 7
dozens

Consensus

t =
47

The answer is 7 The answer is: 7 The answer is: 7

Table 12: Step-by-step visualization of the DCGC generation process on a GSM8K example. The table
illustrates how dynamic dual-CFG adapts at the token level. DCGC effectively filters out incorrect signals from
the wrong solution (e.g., t = 7) while selectively injecting constructive hints (e.g., t = 20, 33) only when the
refinement context provides higher confidence (C2 > C1). Red and blue text indicate incorrect and corrected tokens,
respectively.



Qualitative Comparison on GSM8K

Question: The amount of water passing through a river at one point in time is 4000 gallons. After a day of heavy rain, the
amount of water passing through the river doubles at the same point. If the volume of water passing through the river at that
point increases by 6000 gallons on the third day, calculate the total amount of water passing through the river at that point.

Wrong Solution (Draft W )
Step 1: The initial amount of water passing through the river is 4000 gallons.
Step 2: After a day of heavy rain, the amount of water doubles, so it becomes 4000 ∗ 2 = 8000 gallons.
Step 3: On the third day, the volume of water increases by 6000 gallons, so the new amount is 8000 + 6000 = 14000
gallons.
Step 4: To find the total amount of water passing through the river at that point, we need to add the initial amount to the
amount on the third day, which is 4000 + 14000 = 16000 gallons.
The answer is: 16000

Self-Refine (Baseline)
Step 1: The initial amount of water passing through the river is 4000 gallons.
Step 2: After a day of heavy rain, the amount of water doubles, so it becomes 4000 ∗ 2 = 8000 gallons.
Step 3: On the second day, the amount of water remains 8000 gallons.
Step 4: On the third day, the volume of water increases by 6000 gallons, so the new amount is 8000 + 6000 = 14000
gallons.
Step 5: To find the total amount of water passing through the river at that point, we need to add the initial amount, the
amount on the second day, and the amount on the third day, which is 4000 + 8000 + 14000 = 24000 gallons.
The answer is: 24000

LLaDASFT Standard Sampling (Baseline)
Step 1: The initial amount of water passing through the river is 4000 gallons.
Step 2: After a day of heavy rain, the amount of water doubles, so it becomes 4000 ∗ 2 = 8000 gallons.
Step 3: On the third day, the volume of water increases by 6000 gallons, so the new amount is 8000 + 6000 = 14000
gallons.
Step 4: To find the total amount of water passing through the river at that point, we need to add the initial amount to the
amount on the third day, which is 4000 + 14000 = 18000 gallons.
The answer is: 18000

DCGC (Ours)
After a day of heavy rain, the amount of water passing through the river doubled to 4000 ∗ 2 = 8000 gallons.
On the third day, the volume of water passing through the river increased by 6000 gallons to totaling 8000+6000 = 14000
gallons.
The answer is: 14000

Figure 2: Qualitative Example on GSM8K. The phrase "total amount" misleads the Draft into incorrectly summing
past states (4000 + 14000). Self-Refine exacerbates this by summing all days. Standard Sampling copies the
Draft’s flawed logic verbatim (Step 4) but corrects the arithmetic error (16000 → 18000). In contrast, DCGC
correctly interprets the final state volume, filtering out the logical noise.



Qualitative Comparison on MATH

Question: For how many positive integers n > 1 is it true that 224 is a perfect nth power?

Wrong Solution (Draft W )
Step 1: To solve this problem, we need to find the positive integers n > 1 for which 224 is a perfect nth power.
Step 2: We start by expressing 224 as a product of its prime factors. Since 224 = (24)6, we can rewrite it as 166.
Step 3: This means that 224 can be expressed as a perfect 6th power, as 16 = 24.
Step 4: Now, we need to find other possible values of n for which 224 is a perfect nth power.
Step 5: We can express 224 as (22)12, which equals 412. This implies that 224 is also a perfect 12th power.
Step 6: Additionally, we can express 224 as (23)8, which equals 88. This shows that 224 is also a perfect 8th power.
Step 7: However, we cannot express 224 as a perfect nth power for any other value of n greater than 8, as the prime
factorization of 224 is 224 itself, and no other perfect power of n can have a prime factorization with only 2s.
Step 8: Therefore, the positive integers n > 1 for which 224 is a perfect nth power are 6, 8, and 12.
The answer is: 3

Self-Refine (Baseline)
Step 1: To solve this problem, we need to find the positive integers n > 1 for which 224 is a perfect nth power.
Step 2: We start by expressing 224 as a product of its prime factors. Since 224 = (24)6, we can rewrite it as 166. This is
because 16 = 24, and therefore, 166 = (24)6 = 224.
Step 3: This means that 224 can be expressed as a perfect 6th power, as 166 = 224.
Step 4: Now, we need to find other possible values of n for which 224 is a perfect nth power.
Step 5: We can express 224 as (22)12, which equals 412. This is because 4 = 22, and therefore, 412 = (22)12 = 224.
Step 6: Additionally, we can express 224 as (23)8, which equals 88. This is because 8 = 23, and therefore, 88 = (23)8 =
224.
Step 7: However, we cannot express 224 as a perfect nth power for any other value of n greater than 8, as the prime
factorization of 224 is 224 itself, and no other perfect power of n can have a prime factorization with only 2s.
Step 8: Therefore, the positive integers n > 1 for which 224 is a perfect nth power are 6, 8, and 12.
The answer is: 3

LLaDASFT Standard Sampling (Baseline)
If 224 is a perfect nth power, then 224 = an for some integer a. Since 224 = (23)8, 224 = (24)6, and 224 = (22)12, the
values of n are 6, 8, and 12. Thus are only 3 such integers.
The answer is: 3

DCGC (Ours)
If 224 is a perfect nth power, then 224 = kn for some integer k. Since 224 = (24)6 = (23)8 = (22)12, we see that n must
be a divisor of 24. The divisors of 24 are 1, 2, 3, 4, 6, 8, 12, and 24. However, we are only interested in the divisors greater
than 1, so we have 2, 3, 4, 6, 8, 12, and 24. Thus, there are 7 such integers.
The answer is: 7

Figure 3: Qualitative Example on MATH. The Draft finds specific instances (n = 6, 8, 12) but incorrectly
concludes these are the only solutions (Step 7). Self-Refine repeats this limited reasoning verbatim. Standard
Sampling also exhibits tunnel vision. In contrast, DCGC generalizes from the specific examples to identify the
underlying rule (n is a divisor of 24), successfully finding all 7 solutions.
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